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Abstract: Agribusiness industries are among the most hazardous workplaces for non-fatal occupational
injuries. The term “post-incident state” is used to describe the health status of an injured person when
a non-fatal occupational injury has occurred, in the post-incident period when the worker returns
to work, either immediately with zero days away from work (medical state) or after a disability
period (disability state). An analysis of nearly 14,000 occupational incidents in agribusiness operations
allowed for the classification of the post-incident state as medical or disability (77% and 23% of the
cases, respectively). Due to substantial impacts of occupational incidents on labor-market outcomes,
identifying factors that influence the severity of such incidents plays a significant role in improving
workplace safety, protecting workers, and reducing costs of the post-incident state of an injury.
In addition, the average costs of a disability state are significantly higher than those of a medical state.
Therefore, this study aimed to identify the contributory factors to such post-incident states with logistic
regression using information from workers” compensation claims recorded between 2008 and 2016 in
the Midwest region of the United States. The logistic regression equation was derived to calculate
the odds of disability post-incident state. Results indicated that factors influencing the post-incident
state included the injured body parts, injury nature, and worker’s age, experience, and occupation,
as well as the industry, and were statistically significant predictors of post-incident states. Specific
incidents predicting disability outcomes included being caught in/between/under, fall/slip/trip injury,
and strain/injury by. The methodology and estimation results provide insightful understanding of
the factors influencing medical/disability injuries, in addition to beneficial references for developing
effective countermeasures for prevention of occupational incidents.

Keywords: occupational incident analysis; logistic regression; safety practices

1. Introduction

Occupational safety incidents are among the leading challenges that most industries encounter [1].
Workplace injuries have direct impact on labor-market outcomes, including income reduction, job loss,
and health of the injured workers [2]. Workplace incidents include medical and indemnity costs as
well as indirect costs. The indirect costs are equipment damage and repair, incident investigation time,
training new personnel for replacement of the injured ones, an increase in insurance premiums for
the year following the incidents, a slowdown of production schedule, and damage to the company’s
reputation, as well as lowering the workers” motivation to return to work [3,4]. Workers’ compensation
data are an important and valuable information source for understanding the extent of occupational
injuries and deploying necessary interventions to protect workers. Workers’ compensation claims
data sets often include information on the cause and nature of the injury, disability type, and costs for
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medical care, rehabilitation, and partial wage replacement. They also include demographic information
(age, sex, job tenure, occupation) on the injured workers as well as their employer (industry, employee
payroll, prior claim history) and a narrative description of the injury [5]. Analyses of injury statistics
are useful in defining characteristics of occupational incidents [6-8]. The main purpose of incident
analysis is the derivation and development of preventative measures from injury data. To meet that
goal, analysis of injury reports can significantly improve the information about incidents [9]. Applying
proper analytical tools aimed at discovering the causes of occupational incidents is essential to gain
useful information that contributes to preventing these incidents in future [10].

Many studies have used descriptive statistical methods and regression analysis for classification
of occupational injuries and extracting information for the improvement of occupational safety
in various fields. Various studies applied descriptive statistical analysis to describe occupational
injury distributions based on injured workers” demographics and workplace conditions to identify
high-risk industries and occupations [8,11-17]. Douphrate et al. [18] applied descriptive statistics
methods to identify and describe tractor-related injuries, assess medical and indemnity costs associated
with tractor-related injuries, and to determine contributing factors associated with those injuries.
Chang and Tsai [19] extracted injury patterns (including severity, accident type, and source of injury)
based on occupational injury records in manufacturing industries. Altunkaynak [1] identified the
factors contributing to occupational incidents in manufacturing sector by examining the relationship
between lost work days, post-accident state, and type of accident using descriptive analysis and
chi-squared (x?) test.

The choice of statistical analysis for any research primarily depends on the type of the dependent
variable. The dependent variable (outcome) in most incident-related analyses is binary. Considering the
binary classification of most injury outcomes, logistic regression (LR) is widely used in incident analysis
research due to its capability in estimating and quantifying meaningful results in terms of odds ratio
values [20]. Studies in occupational safety use LR to evaluate the relationship between the injury and
predictor variables to make a meaningful interpretation about the measure of such effects (using odds
ratios) and to identify statistically significant predictors of injury (using p-values). Wang et al. [21]
determined the significance of the post-intervention reductions in risk of musculoskeletal and
non-musculoskeletal disorders in a hospital setting using LR. Chen et al. [22] applied a hierarchical LR
model to examine the significant factors at crash and vehicle/driver levels and their heterogeneous
impacts on driver injury severity in rural interstate highway crashes. Rezapour et al. [20] applied LR
for classification and prediction of occupational injury risk in the shipbuilding industry and proved its
efficiency in estimating risk probability from working conditions predictors of incident type, situation,
and condition involved in the incident.

Understanding injury patterns and the underlying mechanisms of incidents with respect to
a specific industry may produce effective insights to boost policymaking, training, and incident/injury
intervention and prevention efforts [19]. Agriculture-related industries are routinely among the
most hazardous work environments [23] despite growing improvement in technology, coordinated
prevention measures, improved training, and higher education of the workforce [9].

The focus of this study was to perform an injury analysis on agribusiness industries with the highest
frequency of occupational incidents. The study specifically looked at occupational injury analysis in
agribusiness industries, including grain elevator operations, refined fuels, feed milling for livestock,
food distribution operations, fertilizer blending/distributions, poultry hatchery/grower/processor,
and grain milling operations. Every year, thousands of occupational incidents occur in agribusiness
industries [24]. Agribusiness is defined as the operations involved in manufacturing and distribution
of farm supplies, production operations on the farm, and the storage, processing, and distribution of
farm commodities [25]. Agribusiness industries refer to the organizations, business administrations,
and industries engaged in agriculture and agriculture-related products and services [26]. In agribusiness
industries, similar to other occupational factors, incidents happen through a combination of activities,
causes, different machines, and equipment in diverse scenarios in which workers suffer injuries with
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various severity levels [9]. Despite the benefits of using workers” compensation claims data to analyze
and predict injuries, little research has effectively utilized such data to provide detailed information
for the predictors of work-related injuries in agribusiness industries with high rates of occupational
incidents. Using the records of occupational incidents between 2008 and 2016 in selected agribusiness
industries, the objectives of this study were to:

L Evaluate the effectiveness of LR in identifying significant predictors of the post-incident state
of occupational injuries.

II. Determine the contribution of occupational incident factors to the likelihood of medical versus
disability post-incident states.

L Discuss the application of results in reducing the incidence of injury in the agribusiness industry.

2. Material and Methods

This research utilized a data set with workers’ compensation claims between 2008 and 2016
from a leading insurance company in the Midwest of the United States. Among all occupational
records, the agribusinesses with the highest frequencies of occupational incidents were extracted
(13,867 claims). Statistical analysis was completed with JMP Pro statistical software (JMP®, Version 13.2,
SAS Institute Inc., Cary, NC, USA, 1989-2007). Frequency distributions were used to categorize the
variables. The descriptive analysis of the data showed that out of 13,867 incident records, 50% had
occurred in grain elevator operations, 18% in refined fuel, 11% in feed mills for livestock operation,
8% in food distributors, 8% in fertilizer blending/distribution, 3% in poultry hatchery/grower/processor,
and 2% in grain milling operations. Considering the injury nature group, 98% involved a specific
injury and only 2% were occupational disease and multiple injuries. Table 1 shows the frequency and
percentage of total cases of injured body group, type of incident (main cause of incident), and the
injured occupations. The injured body part group refers to the main classification of an injury afflicting
a specific part of the body and has seven levels. Each level has some detailed information. For example,
the upper extremities body group includes elbow(s), lower arm, finger(s), shoulder(s), etc. Cause of injury
group has ten categories, each including some specific cause. For example, the struck or injured by
group includes specific causes of hand tool or machine in use, falling or flying objects, object being lifted
or handled, etc. The nature of injury group has three levels, each consisting of a specific detail of the
injury. For example, the specific injuries include a detailed nature of the injury, such as laceration, fracture,
amputation, concussion, etc.

Table 1. Distribution of individual predictors.

Predictor Freq. % Total Predictor Freq. % Total
Injured body group Occupation
Upper extremities 4778 344 Grain elevator operations 2474 17.8
Trunk 3096 22.3 Farm machinery operations 2077 14.9
Lower extremities 3079 222 Grain milling 1751 12.6
Head 1878 13.5 Chauffeurs and helpers 1470 10.6
Multiple 529 3.81 Hay grain or feed dealers 1450 10.4
Body 321 231 Gas and oil dealers 1272 9.17
Neck 186 1.34 Grocery store—retail 1014 7.31
Auto service repair 438 3.16
Cause of injury group Store wholesale 397 2.85
Strain or injury by 3883 28.0 Clerical officer 367 2.64
Fall, slip, or trip injury 3585 25.8 Salespersons 316 2.28
Struck or injured by 1602 11.5 Store: meat, fish, poultry 275 1.98
miscellaneous 1349 9.72 Fertilizer dry mixing 194 1.40
Cut, puncture, or scrape 1235 8.90 Food sundries manufacturing 184 1.32
Vehicle 585 421 Poultry/egg producer 178 1.28
Heat or cold exposure 512 3.69

Caught in, under, or between 452 3.26 Industry
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Table 1. Cont.

Predictor Freq. % Total Predictor Freq. % Total
Striking against/stepping on 436 3.14 Grain elevators 6966 50.2
lifting or handling 228 1.64 Refined fuels 2460 17.7
Feed mills for livestock/pet foods 1490 10.7
Nature of injury group Food distributors 1156 8.33
Specific injury 13,655 984 Fertilizer blending and distribution =~ 1154 8.32
Occupational disease 158 1.13 Poultry hatchery/grower/processor 402 2.89
Multiple injuries 54 0.389 Grain milling plants 239 1.72

There are two numerical values in the data: age and experience. The average age of the injured at
the incident date was 43 years old (min = 15, max = 84.5), and the average years of experience was
6 years (min = 0, max = 48).

Logistic Regression Model

Logistic regression is popular with data analysis dealing with describing the relationship
between various explanatory input variables and a discrete outcome with two or more levels [27,28].
What distinguishes LR from linear regression models is that the output variable is binary [29]. LR is
a powerful statistical method for analyzing categorical data and is used to predict the probability of
a nominal response [30]. Nominal responses are analyzed with a straightforward extension of the
logit model.

A linear regression model assumes that the expected value of Y for a given x is expressed as
E(Y|x) = Bg + B1x, for which the specific form of the LR model for calculating the probability of
an outcome of interest was:

eBOJ"BlX

7(Y = outcome of interest|X = x) = (1+ ePotBix)
e

Extending the logic of simple regression to multiple input variables (x1, x3,..., Xn), and with
anominal binary response, the logit function of the multiple LR was defined as a linear combination of
input variables as in Equation (1) [28], and the LR model was used as in Equation (2).

Equation (1): Linear combination of individual predictors.

z = B+ B1x1 + Baxz + -+ + BpXn 1)

Equation (1): Probability of outcome of interest.

VA

(Y = outcome of interest|X = z) = are
e

@)

In this study, multiple LR was used to estimate the odd ratios of the post-incident state of
a non-fatal occupational injury. The input variables used were injured body part group (x;), cause of
injury group (x;), nature of injury group (x3), injured worker’s occupation (x4), agribusiness industry
(x5), age of the injured worker (x¢), and years of experience of the injured worker (x7). The binary
output variable was post-incident state (medical vs disability). The outcome of interest is disability
post-incident state. Therefore, the probability of post-incident state of disability is

s 1
P(dlsablhty) = m
and the probability of medical post-incident state is
1

P (medical) = m
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To evaluate the effectiveness of the LR model formula in estimation and prediction of the outcome
of interest, researchers should consider overall model evaluation statistics, statistical significance of the
individual predictors, and validation of the predicted probabilities of the outcome of interest versus
the actual outcomes from the data set using a classification table [28].

To examine the effects of the individual predictors on the probability of a disability versus medical
post-incident state, the Wald chi-squared values and their correspondent observed significance (p)
values are determined. The Wald chi-squared values are the Wald tests for the hypotheses that each
of the parameters is zero and is computed as (estimate per independent variable/SE of estimate)?.
If the p-value is less than 0.05 (« = 0.05 at the 95% confidence interval), the independent variable is
statistically significant in the model and is likely to affect the probability of the target binary outcome.

Since each of the model individual predictors has several subcategories, the extent of each
subcategory impact on the disability post-incident state should be measured to evaluate its effect
on increasing or decreasing the probability of disability post-incident state. To meet that goal, the
coefficient is used as the typical designation for the extent of effect, with the odds ratio for each
subcategory of each individual predictor. The value of the 3 coefficient determines the direction of
the relationship between input variables and the logit function [28]. The odds ratio is an effect size
measurement [31]. It is a measure of association between an individual predictor and an outcome [32].
For binary output variables, the odds ratio is equal to the natural logarithm raised to the exponent of
the slope (Exp (B)) [28]. An odds ratio of 1 indicates no effect. An odds ratio greater than 1 indicates
that the specific predictor increases the odds of the output, while an odds ratio less than 1 indicates the
predictor decreases the odds of the outcome [33]. The 95% confidence interval (CI) around a coefficient
(B) is used to estimate the precision of the odd ratio. A larger CI indicates a lower precision of the odd
ratio, while a small CI indicates a higher precision. The 95% CI, unlike the p-value, does not report the
statistical significance of the predictor. In practice, it is used as a proxy for the existence of statistical
significance, if it does not overlap the null value (odd ratio of one indicating no effect). Considering the
Exp (95% CI), if the odds ratio of a specific variable is greater than 1 with the odds ratio of the lower
bound confidence interval not below 1, the variable in question is likely a significant risk in incident
occurrence [32].

3. Results

The workers’ compensation claims data set was evaluated using nominal LR analysis for a detailed
investigation of the factors that contribute to increasing or decreasing the probability of an occupational
injury post-incident state of disability. This section includes a discussion of the results and their
interpretations as per the research objective defined in Section 1.

3.1. Objective 1

Using the independent variables from Table 1 as the individual predictors and the post-incident
state binary levels of disability and medical state as the dependent (output) variable, a nominal
LR model was fit to the data. In order to evaluate the effectiveness of the LR model in estimating
the probability of a disability post-incident state, the overall model evaluation (Table 2), statistical
significance of individual independent variables (Table 3), and predicted probabilities” validation
(Table 4) were extracted from the model outputs. A logistic model provides a better fit to the data if
it demonstrates an improvement over the intercept-only model (reduced model). The whole model
tests the difference between the complete model that includes the intercepts and all effects versus the
reduced model, and is used to measure the significance of the repressors as a whole to the fit [34].
The whole model test chi-squared value of 1168.84 showed the significance of the LR model versus
the intercept only model (p-value < 0.05). The likelihood ratio test also yielded the same result as the
whole model test regarding the effectiveness of the LR model.
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Table 2. Model performance chi-squared values.

Test x> p-Value

Whole model test 1168.84  <0.0001 *
Likelihood ratio test 27.61 <0.0001 *

* Statistically significant at « = 0.05.

Table 3. Estimates from the logistic regression (LR) model.

No. of

Term Parameters DCF  Wald x>  p-Value

Cause of injury group 9 9 321.25 <0.0001 *
Body part group 6 6 196.03  <0.0001 *
Age at accident date 1 1 138.67  <0.0001 *
Occupation 14 14 103.92  <0.0001 *
Industry 6 6 35.76 <0.0001 *

Years of experience 1 1 32.11 <0.0001 *
Nature of injury group 1 1 10.36 <0.0056 *

* Statistically significant at « = 0.05.

Table 4. Classification table for the LR model.

Predicted Post-Incident State
Actual Post-Incident State

Disability Medical % Correct
Disability 65 3123 2.04% [65/(65 + 3123)]
Medical 90 10,579 99.08% [10,579/(90 + 10,579)]
Overall % correct (n = 13,867) 76.75% [(10,579 + 65)/n]

The LR model is helpful in demonstrating the relationship between the input and output variables.
To examine the effects of the independent variables on the probability of disability post-incident state
versus medical, the Wald chi-squared and their corresponding p-values were measured. For a p-value
less than 0.05 («x = 0.05 at 95% confidence interval), the independent variables were considered
statistically significant in the model, which meant it was likely to affect the probability of the binary
outcome [35]. Table 3 shows the Wald chi-squared values and their corresponding p-values for
individual predictors in the model. It indicates that all model input variables are statistically significant
on estimating the probability of post-incident state.

Using the LR model formula, the probability of disability vs medical post-incident state was
calculated per case. Comparing the probability of medical vs disability post-incident state, the one with
higher probability was labeled as the predicted class. The predicted post-incident states were compared
with the actual post-incident states from the data. The degree to which the predicted probabilities agree
with the observed outcomes from the original data is expressed as a classification table [28]. Using the
LR output classifications, the frequency of actual versus predicted outcomes are given in Table 4.
According to the percentage of correct predictions, the prediction of the medical post-incident state was
more accurate than that of the disability state. This observation was also supported by the magnitude
of sensitivity (2.04%) compared to that of specificity (99.08%). Sensitivity measures the proportion of
correctly classified events (disability post-incident state in this study), whereas specificity measures the
proportion of correctly specified nonevents (medical post-incident state in this study) [28]. The LR
model could predict the post-incident state of similar occupational injuries with an accuracy rate of
77% (gained by dividing the total number of accurately classified outcomes over the total number of
cases). The overall correct prediction of 77% is an improvement over the chance level [27].
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3.2. Objective 11

To evaluate the extent of the effect of each subcategory on increasing or decreasing the probability
of a disability post-incident state (the target level), 3 coefficients and their 95% confidence interval were
calculated, as shown in Table 5. In order to interpret the effect, the odd ratio values were calculated by
transforming the coefficients and their 95% CI using the exponential function.

Table 5. Detailed estimates from the LR model.

Term B SE Waldx?> p-Value 95%LCI*** 95% UCI*** Exp (B)
Intercept -221 015 22918  <0.0001* —2.50 -1.92 0.11
BPG [upper extremities]
BPG [body] -040 0.15 7.59 0.0059 * -0.70 -0.12 0.67
BPG [head] -0.75 0.09 71.96 <0.0001* -0.92 —-0.58 0.47
BPG [lower extremities] 049 0.06 7894 <0.0001 * 0.39 ** 0.60 1.63
BPG [multiple] 010 010 1.10 0.2949 -0.09 0.29 1.11
BPG [neck] 009 016 030 0.5869 —-0.23 0.39 1.09
BPG [trunk] 007 0.06 148 0.2235 —0.04 0.19 1.07
CG [vehicle]
CG [caught in, under, or between] 045 0.10 19.42 <0.0001 * 0.25 ** 0.65 1.57
CG [cut, puncture, or scrape] -115 011 11297  <0.0001 * -1.37 -0.94 0.32
CG [fall, slip, or trip injury] 062 0.05 157.89  <0.0001* 0.53 ** 0.72 1.86
CG [heat or cold exposure] -0.02 0.12 0.04 0.8358 -0.26 0.20 0.98
CG [lifting or handling] -0.19 0.16 1.37 0.2416 —-0.52 0.12 0.83
CG [miscellaneous] -0.17 0.09 3.86 0.0493 * -0.35 0.00 0.84
CG [strain or injury by] 040 0.05 6155 <0.0001 * 0.30 ** 0.50 1.49
CG [striking against/stepping on] -040 014 845 0.0037 * —-0.68 -0.14 0.67
CG [struck or injured by] -0.08 007 137 0.2413 -0.22 0.06 0.92
NG [specific injuries]
NG [multiple injuries] 021 021 1.01 0.3156 -0.21 0.61 1.23
NG [occupational disease] 0.15 0.16 0.83 0.3615 -0.17 0.46 1.16
Occupation [store: meat, fish, poultry]
Occupation [auto service repair] -0.04 0.13 0.08 0.7798 -0.30 0.22 0.96
Occupation [chauffeurs and helpers] 0.08 0.08 1.16 0.2818 —-0.07 0.23 1.08
Occupation [clerical officer] -0.37 014 729 0.0069 * -0.65 -0.11 0.69
Occupation [farm machinery operations] 0.04 0.07 028 0.5983 —-0.11 0.18 1.04
Occupation [fertilizer dry mixing] 0.08 0.19 0.18 0.671 -0.31 0.45 1.08
Occupation [food sundries mfg.] -040 020 412 0.0425 * -0.79 -0.03 0.67
Occupation [gas and oil dealers] 041 0.08 2495 <0.0001 * 0.25 ** 0.57 151
Occupation [grain elevator operations] 032 0.07 2053 <0.0001 * 0.18 ** 0.46 1.38
Occupation [grain milling] -0.05 0.08 0.36 0.5483 -0.20 0.11 0.95
Occupation [grocery store—retail] -0.15 0.0 2.09 0.1478 —-0.35 0.05 0.86
Occupation [hay grain or feed dealers] 014 008 331 0.0687 —-0.01 0.29 1.15
Occupation [poultry/egg producer] 048 024 3.90 0.0484 * -0.01 0.95 1.62
Occupation [salespersons] -0.60 0.5 15.05 0.0001 * -0.91 -0.30 0.55
Occupation [store wholesale] -0.39 0.15 6.79 0.0092 * -0.69 -0.10 0.68
Industry [fuel refining]
Industry [livestock/pet foods feed mill] 027 0.07 1393 0.0002 * 0.13 ** 0.42 1.31
Industry [fertilizer blending/distribution] -0.07 0.09 0.57 0.451 -0.25 0.11 0.93
Industry [food distributors] 033 010 1217 0.0005 * 0.15** 0.52 1.39
Industry [grain elevators] -0.05 0.06 070 0.4026 —-0.18 0.07 0.95
Industry [grain milling plants] 018 015 142 0.2337 -0.13 0.48 1.20
Industry [poultry hatchery/grower/processor]  -0.60 024  6.10 0.0135* -1.08 -0.12 0.55
Years of experience -0.02 0.00 3211 <0.0001 * -0.02 -0.01 0.98
Age at accident day 0.02 0.00 138.67  <0.0001* 0.02 0.02 1.02

* Statistically significant individual predictors at « = 0.05 (considering p-value < ). ** Statistically significant in
increasing incident risk (considering odds ratio and 95% CI). *** LCI: lower confidence interval. **** UCI: upper
confidence interval.

Considering the Exp (3), an odds ratio equal to 1 shows no effect; an odds ratio greater than
1 shows the variable in question increases the odds of the outcome target level; and an odds ratio
less than 1 indicates the variable in question decreases the odds of the outcome target level [33].
From the odds ratio evaluation, the probability of a disability post-incident state for injuries in lower
extremities, multiple parts, neck, and trunk are 1.63, 1.11, 1.09, and 1.07 times more likely compared
to injuries in upper body parts, while injuries of the head and in the whole body group are less
likely to lead to a disability when compared with injuries of the upper extremities. The groups of
both the nature of multiple injuries and occupational disease are 1.23 and 1.16 times more likely than
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specific injuries to turn into disability. Among occupations, poultry/egg producers (1.62), gas/oil dealers
(1.55), and grain elevator operations (1.38) have the highest likeliness of incidents leading to disability
compared to occupations in stores (meat, fish, and poultry). Looking at the odds ratios for occupations,
those incidents in sales are all less likely to end as disability and have a higher probability of having
a medical state only. Industry-wise, food distributors, livestock feed mills, and grain milling plants are
between 1.02 and 1.39 times more likely to cause a disability outcome.

Considering the Exp (95% CI), if the odds ratio of a specific variable is greater than 1 with the odds
ratio of the lower bound confidence interval not being below 1, the variable in question is likely to pose
a significant risk in incident occurrence. Among all incident causes, the highest risks of occupational
incidents were found for the fall, slip, or trip injury category, with an odds ratio of 1.86 and a 95% CI of
(1.70, 2.50), followed by “caught in/under/between” (odds ratio of 1.57 and 95% CI: (1.28, 1.92)) and
the “strain or injury by” group (odds ratio of 1.49 and 95% CI: (1.35, 1.65)), respectively. These three
categories could be identified as the most important risk indicators of incident cause. The highest risk
occupations were gas/oil dealers and grain elevator operations (with odds ratio of 1.51 and 0.38 and
95% lower confidence interval of 1.28, and 1.20, respectively).

Considering the cause of incident group, Figure 1 shows that when an incident occurred due to
a vehicle, strain or injury by, and slip, trip, or fall injury categories, the probability of the disability
post-incident state increased. The lowest disability probability belonged to those incidents caused by
a cut, puncture, or scrape. All other causes of incident showed an average probability of disability
between 0.10 and 0.30. As shown in Figure 2, among all levels of the injured body part group,
the highest probability of disability post-incident state belonged to lower and upper extremities,
followed by multiple body parts, trunk, neck, and the whole body group. Injuries to the head had the
lowest probability of turning into disability (less than 10% on average). Figure 3 revealed the average
probability of disability with respect to the nature of incidents. The multiple injury category had the
highest probability of turning into disability (>40%), followed by occupational disease and specific
injuries. However, for some specific cases, the specific injuries had a disability probability of over
0.50 (50% chance).
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Figure 1. Boxplot of disability post-incident state for each cause group. (* shows the outlier data points).
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Figure 2. Boxplot of disability post-incident state for each body part group. (* shows the outlier data points).
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Figure 3. Boxplot of disability post-incident state for each nature of injury group. (* shows the outlier
data points).

Figures 4 and 5 show the boxplots for the probability of a disability post-incident state with
respect to industry and occupation. All industries showed similar probabilities for disability (less than
50%), with some injuries having over a 50% chance of turning into a disability for occupations in grain
elevators, fuel refining, and feed mill for livestock and pet foods. The probability of disability varied
among occupations from 10% to 20%.

Looking at the effect of age and years of experience at the accident date on the post-incident
state of the injured, the former showed an upward trend, while the latter showed a weak linear trend.
The analysis showed that higher age of workers affects the probability of disability (corresponding with
the positive coefficient 3 = 0.02 from the model). The trend in this study agreed with previous literature
on the effect of older ages on higher frequency and severity level of incidents, specifically when the
occupation includes manufacturing operations, due to the effect of age on the physical activity and
attention of the workers [1,36-39]. Although the experience showed no specific upward or downward
trend, workers with fewer years of experience were prone to higher frequencies (yet, with a lower
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probability 3 = —0.02) of a disability post-incident state. Lack of experience and overconfidence in
younger employees could be reasons for the higher rate of incidents [40,41].
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Figure 5. Boxplot of disability post-incident state with respect to occupation. (* shows the outlier data
points; NOC: not otherwise classified).

3.3. Objective 111

The last objective of this study was to identify how various levels of individual predictors of
an occupational injury can be used as an input to estimate the post-incident state, which elaborates the
application of the LR model formula. Numerical values from Table 5 show that those specific variables
that increased or decreased the odds of a disability post-incident state could be extracted. Considering
all individual predictors and their levels, the ones that increased the odds of a disability post-incident
state (i.e., these variables had positive coefficients) included:

e Injured body part groups of lower extremities, multiple, neck, and trunk;

e Cause of injury groups of caught in, under, or between; fall, slip, or trip injury; and strain or
injury by;

e  Nature of injury groups of occupational disease and multiple injuries;
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e  Occupations including chauffeurs and helpers, farm machinery operations, fertilizer dry mixing,
gas and oil dealers, hay grain or feed dealers, grain elevator operations, and poultry/egg production;
e Industries of grain milling plants, feed mills for livestock/pet foods, and food distributors.

The formula for the LR model was written using the linear combination as in Equation (1) and the
numerical values for coefficients 3 (Table 5) for all levels of individual factors.

z=-212-0.40 =Body - 0.74*head + 0.49 *lower extremities + --- + 0.18
+ grain milling plants — 0.060 * poulty — 0.02  experience +- 0.02 (©)]
+age

This z value can be turned into a logit function using Equation (2) to estimate the probability
of a disability post-incident state. For instance, for a 50-year-old injured worker with 5 years of
experience working in fertilizer blending and distribution under the job category of fertilizer dry
mixing operations, an occupational injury in lower extremities caused by a fall or trip and classified as
multiple injuries will have a z value of:

z = =212+ 0.49 + 0.62 + 0.21 + 0.08 — 0.07 — 0.02(5) + 0.02(50) = 0.11 )

The z-value of 0.11 and e™* = 0.89 generated the probability of 1/(1 + 0.89) = 0.53. This injury
was predicted to have a 53% chance of turning into a disability rather than a medical state. The same
demographics with a head injury instead of an injury to lower extremities was predicted to have a 25%
chance (z = -1.12, e™* = 3.06, and 1/(1 + 3.06) = 0.25) of a disability post-incident state. The reason was
that the coefficient of the head (3 = —0.74) had a decreasing effect on the odds of the disability outcome.
Similarly, the LR formula can be used to develop other incident conditions for the estimation and
prediction of post-incident states. For example, an occupational incident in the grain elevator industry
for a 65-year-old worker with 15 years of experience, whose injury was caused by the “strain or
injury by” category and multiple injuries and occupational disease nature of injury groups, had an
almost equal chance of turning into a medical (54%) or disability (46%) state, while specific injuries
showed a lower probability of ending as a disability (32%). Considering the effect of body part group,
the same worker showed a medical post-incident state (67-82%) if injured in upper extremities, trunk,
neck, multiple body parts, whole body group, and head, respectively. However, the same injury had
a 40% and 42% chance of turning into a disability if it occurred in the upper or lower extremities,
respectively. When changing the age while keeping all other factors fixed, the model showed that the
younger the injured worker, the lower the probabilities of a disability post-incident state. The years of
experience showed an inverse relation to the post-incident state, meaning that fewer years showed
a disability—medical state ratio of 0.29 to 0.71, compared to more years of experience, with the ratio
ranging from 0.17 to 0.83.

The management of occupational safety risks is a significant component of any business [42].
Analysis of the incidents helps occupational risk managers identify which hazards have contributed
and led to the most frequent occupational accidents, and thus determine appropriate preventative
actions [43]. Understanding the relationships between individual predictors of occupational incidents
contributes to the development of focused mitigation strategies to prevent workers’ injuries [39].
Analyzing empirical data to extract risk indicators adds predictivity to risk scenarios and helps to
efficiently plan and modify loss approaches in the agribusiness industries [44].

The LR analysis approach of this study can assist safety practitioners for the purpose of identifying
interactions between incident factors and estimating the probabilities of future potential post-incident
states of occupational injuries in order to plan relevant strategies to remove the source risks of incidents.
Relying on insights from empirical data analysis along with safety management knowledge contributes
to informed decision-making regarding reduction of occupational incidents in the occupations and
industries studied in this research. Integrating the analysis of empirical data with the knowledge of
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safety practitioners in safety regulations and the training and education of employees is expected to
decrease the rate and alleviate the outcomes of severe injuries.

4. Conclusions

Approximately 14,000 instances of occupational incidents recorded in agribusiness operations
between 2008 and 2016 in the Midwest of the United States were analyzed to identify the main
factors influencing the odds of disability or medical post-incident states of the injured workers.
This study identified injured body parts, nature of the injury, industry, and the age, years of experience,
and occupations of the injured worker as statistically significant predictors of post-incident states of
an occupational injury in agribusiness operations, based on workers’ compensation data recorded
during this period. In addition, the results indicated that specific incidents predicting disability
outcomes included being caught in/between/under, fall/slip/trip injury, and strain/injury by. Injuries to
the lower extremities, trunk, and neck with the nature of occupational diseases or multiple injuries had
a higher chance of turning into a disability for workers involved in occupations such as poultry/egg
production, grain elevator operations, fertilizer dry mixing, farm machinery operations, and hay,
grain or feed dealing. The results revealed that occupations involved in manufacturing/production
operations had a higher likelihood of injuries leading to disability compared to in-store occupations.
Furthermore, even though all industries in the study showed an almost equal likelihood of an incident
turning into disability, specific incidents in grain elevators, fuel refining, and feed mills for livestock
and pet foods as well as food distributors had a higher likelihood of leading to disability compared to
other agribusiness operations.

Within the scope of this study, logistic regression was used due to its flexibility and suitability
for statistical analysis of data that can be grouped categorically. Therefore, changing the factors
will change the formula of the logistic regression model, and thus provide valuable information
regarding the odds of the outcomes of interest. Such information may contribute to safety measures
and provide information to enhance injury prevention policies to make them more effective. The main
limitation of this study was that the data set did not include any variables to determine whether the
incident was caused by human error or poor safety conditions. The other limitation was the lack of
variables concerning physical conditions of the workplace and injured workers, which would provide
a more thorough analysis of the injury sources and patterns. This study covered specific agribusiness
operations with the highest frequencies of occupational incidents in the United States. Similar studies
with the methodology followed in this study could be performed in other countries and sectors, such
as manufacturing operations, to compare and validate the predictors of injury incidence. Although this
study identified the factors that influenced the post-incident state of non-fatal occupational injuries,
many other issues related to injury patterns remain to be explored and discussed in the research
literature. Future studies can focus on comparing the post-incident state of injuries based on the
diversity of operational activities with respect to sector/occupation.
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