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Background: Workers are often exposed to hazardous heat due to their work environment, leading to
various injuries. As a result of climate change, heat-related injuries (HRIs) are becoming more prob-
lematic. This study aims to identify critical contributing factors to the severity of occupational HRIs.
Methods: This study analyzed historical injury reports from the Occupational Safety and Health
Administration (OSHA). Contributing factors to the severity of HRIs were identified using text mining and
model-free machine learning methods. The Multinomial Logit Model (MNL) was applied to explore the
relationship between impact factors and the severity of HRIs.
Results: The results indicated a higher risk of fatal HRIs among middle-aged, older, and male workers,
particularly in the construction, service, manufacturing, and agriculture industries. In addition, a higher
heat index, collapses, heart attacks, and fall accidents increased the severity of HRIs, while symptoms
such as dehydration, dizziness, cramps, faintness, and vomiting reduced the likelihood of fatal HRIs.
Conclusions: The severity of HRIs was significantly influenced by factors like workers’ age, gender, in-
dustry type, heat index , symptoms, and secondary injuries. The findings underscore the need for tailored
preventive strategies and training across different worker groups to mitigate HRIs risks.

� 2024 Occupational Safety and Health Research Institute. Published by Elsevier B.V. on behalf of
Institute, Occupational Safety and Health Research Institute, Korea Occupational Safety and Health

Agency. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/
licenses/by-nc-nd/4.0/).
1. Introduction

Occupational heat-related injuries (HRIs) are a crucial societal
concern since they adversely affect the health and productivity of
workers. Outdoor and indoor workers in various industries, such as
construction, agriculture, manufacturing, public safety service, and
transportation, are at risk of dangerous heat exposure and are more
likely to suffer from HRIs [1]. According to the U.S. Bureau of Labor
Statistics, heat stress caused 943 fatalities among U.S. employees
between 1992 and 2021 [2]. Also, HRIs have shown an increasing
trend over the last three decades, with a significant increase in
recent years [3]. In addition, HRIs have adverse effects on produc-
tivity and socioeconomic factors by lowering the size of the labor
force, reducing work hours, and raising healthcare costs [4].
Furthermore, the morbidity and mortality of HRIs are expected to
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rise as average daily temperatures and extreme heat events rise due
to climate change [5].

Workers experience heat stress due to frequent exposure to hot
environments or heavy job-related activities, which can result in
various injuries or fatalities without appropriate actions. Occupa-
tional Safety and Health Administration (OSHA) categorizes the
severity of occupational injuries into three levels: non-hospitalized,
hospitalized, and fatality. Attempting to reduce the occurrence and
severity of HRIs, studies have focused on identifying contributing
factors and understanding their complex relationships. General risk
factors for HRIs have been identified and categorized as de-
mographic, environmental, behavioral, and physical factors. De-
mographic attributes of worker age, gender, and occupation
correlate closely with HRIs [6,7]. Environmental factors such as hot
and humid conditions can increase the occurrence of HRIs [8].
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Behavioral factors are also critical contributing factors, where
wearing PPE, insufficient rest, inadequate hydration, and poor
nutrition can promote the probability of HRIs [9]. Other contrib-
uting factors include physical factors, medical conditions, heat
acclimatization, and so on [10]. Furthermore, researchers believe
that identifying key risk factors and taking appropriate improve-
ment actions can be effective countermeasures for safety im-
provements in HRIs. For instance, being aware of the level of
physical exhaustion that workers experience in the morning can
help prevent HRIs [11]. Workers who obtain adequate rest are more
productive and have a lower risk of experiencing HRIs [12]. How-
ever, the influence of more process impact factors on the severity of
HRIs has not been further investigated, such as heat illness symp-
toms and workers’ actions. Therefore, further research is needed to
explore the correlates of the severity of occupational HRIs.

The objective of this study is to analyze the relationships be-
tween the severity of HRIs and associated impact factors. This study
considers impact factors on the severity of injury, including worker,
industries, environmental, symptomatic, and behavioral factors.
The methods of text mining, model-free machine learning, and
Multinomial Logit Model (MNL) are integrated to explore more
specific and essential HRIs impact factors from OSHA historical
accident report data. The findings of this study can promote
administrative control methods for minimizing andmitigating heat
hazards in the workplace. The results can also provide additional
information to improve heat stress training materials.

2. Materials and methods

2.1. Research framework

This study combined OSHA accident data with weather infor-
mation to provide comprehensive information and a detailed
description of each accident. Initial HRIs data were extracted based
on keywords. Subsequently, data cleaning, text mining, feature
engineering, and MNL were used to uncover more impact factors.
Fig. 1 summarizes the overall research framework. Fundamental
accident factors were collated from the combined dataset of OSHA
enforcement data, including demographic features, industries, and
environmental attributes. In order to discover high-frequency
keywords from complex descriptive data, text mining was first
performed on the descriptive data. Furthermore, based on these
high-frequency keywords, multiple machine learning methods
were used simultaneously to explore the influence factors with
high correlation with the severity of HRIs. Finally, the MNL was
utilized to quantify the effect of each relevant risk factor on HRIs
severity.

2.2. Data acquisition and cleaning

The U.S. Department of Labor provides a range of OSHA
enforcement datasets, including accident abstract, injury data, and
inspection details [13]. Injury data, serving as the foundational
dataset for this study, contains summary number, inspection
number, age, gender, and the source of injury. To get more
comprehensive information such as date, time, state, city, industry
code, and description report of injuries, this study merged accident
abstract and inspection data into injury data based on the summary
number and inspection number. Subsequently, depending on the
source of injury and descriptive keywords, a total of 1,698 HRIs
records were identified between 1984 and 2022. After that, the
historical timestamped weather data was obtained utilizing
weather Application Programming Interface (API) calls based on
injuries’ time and location [14]. The weather data included vari-
ables such as air temperature, humidity, and wind speed.
The final data include injury degrees, demographic variables,
industry types, environmental variables, and a complete textual
accident description. These descriptions typically detail the events’
process and their causative factors. The severity of HRIs has three
levels: non-hospitalized, hospitalized, and fatal. Demographic var-
iables cover the age and gender of workers and environmental
variables include date, time, and weather conditions. Specifically,
for assessing weather factors, the study utilized heat index (HI) to
measure ambient heat in workplaces. To improve estimation effi-
ciency, avoid mistakes in interpretation, and preserve the popula-
tion size of available HRIs, error checking and data cleaning were
applied to improve the data.

2.3. Variables extraction and selection

Textual reports involve ambiguous and vague natural language
descriptions. Text mining and model-free machine learning
methods were applied to process text and extract critical factors
from reports. Before beginning to mine text data, it was required to
correct or remove spelling errors and superfluous characters. In
addition, the number of potential keywords was reduced by
merging words of varying tenses with similar meanings. In this
analysis, features and essential variables of HRIs were extracted
from investigation summaries using text mining.

It is impractical to include all available variables in modeling.
Therefore, various model-free machine learning methods were
utilized to find more essential variables after text mining,
including Classification and Regression Trees, Bagging, Random
Forest, and Bayesian Additive Regression Trees. Model-free so-
lutions generate nonparametric representations utilizing ma-
chine learning algorithms or ensembles of many base learners
without first simplifying the problem [15]. Subsequently,
possible variables with the top 200 frequencies in text mining
results were examined by four selected model-free machine
learning methods. According to the results, these four ap-
proaches maintained the most important variables. In addition,
to prevent errors brought on by one model, variables with high
frequencies that occur in all machine learning models were
chosen here as their focus.

2.4. Multinomial logit model

The severity of occupational HRIs in this paper consists of three
outcome categories and is assumed to be the dependent variable.
Independent variables, assumed to be not reliant on other vari-
ables, encompass all impact factors that impact the severity of HRIs.
The MNL explains the relationship between the potential outcomes
of the dependent variable and each independent variable. The MNL
works by choosing one outcome category as the reference category
for other categories. This study decided on non-hospitalized as the
reference group because it was the mildest outcome of the severity
of HRIs.

In the context of HRIs severity, assume a worker n experiencing
HRIs severity level of j. The severity propensity function for the
outcome is:

Ynj ¼ bXnj þ εnj (1)

Where Ynj is a function of covariates that determines the severity, b
is a vector of estimable coefficients for HRIs accident severity level
of j, Xnj is a vector of coefficients to be estimated for severity level j,
and εnj is a random error term that accounts for unobserved factors
influencing HRIs’ severity level. The errors are assumed to be
independently and identically distributed with identical type 1
extreme value distribution.
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Based on the above specification, let Pi as the probability of
worker n experiencing an HRIs severity level of j, and then the MNL
probability is expressed as:

Pi ¼ ebXnj

,
1þ

Xj
n¼1

ebXnj (2)

Marginal effects provide the change in response values associ-
ated with one unit change in explanatory variables. For ordinary
least squares models, parameters are marginal effects. However, for
the MNL, estimated coefficients are the log of odds ratio [16]. In
order to interpret modeling results and obtain the effects of vari-
ables, marginal effects for the MNL model can be calculated as
follows:

vpi
vXj

¼ ebXnjb
0
, 

1þ
XN�1

n¼1

ebXnj

!2
(3)

In the MNL model, the signs of marginal effects are not always
consistent with the sign of coefficients (b), while in some logit re-
gressions (e.g., binary logit), they are consistent. This inconsistency
is because the marginal effect depends on the values and levels of
other variables. As the values of other variables and variables in the
equation change, the signs of marginal effect can also change. The
marginal effects show the probability of change in one outcome
compared with the base level of HRIs [17].
Fig. 1. Research
3. Results

3.1. Descriptive analysis

Table 1 shows a summary of HRIs characteristics after data
imputation. The import data were error-checked, correcting prob-
lems such as misclassifying accident classes or imprecise occupa-
tions in the original data. Workers’ age, time of year, time of day,
and heat index were classified to examine whether a non-linear
relationship exists between them and HRIs’ degree. Further, the
classification of factors helped to highlight sample groups of in-
terest, such as firefighters. Among the 1698 HRIs, the degree dis-
tribution showed that only 18.37% of HRIs resulted in non-
hospitalized, and 38.75% caused workers to suffer from hospital-
ized injuries. Of sampled accidents, 42.87% resulted in worker
fatalities.

Basic information on the data includes demographic character-
istics, industries, and environmental factors. Regarding the age of
workers, the Bureau of Labor Statistics categorized ages into three
groups: “youth” (age 16 to 24), “middle-aged” (age 25 to 54), and
“older” (age 55 and older) [18]. Most workers with HRIs were
middle-aged, and the highest fatality rate was among older
workers. Male workers sustained injuries more than female
workers, and male workers had significantly higher fatality rates
than female workers. In addition, this study extracted several
hazardous industries. Industries with a higher frequency of HRIs
reports included agriculture, construction, manufacturing, services,
framework.



Table 1
Descriptive statistics for HRIs

Variable (Total n ¼ 1,698) Frequency Percent Non-hospitalized Hospitalized Fatal

Degree Non-hospitalized 312 18.37% d d d

Hospitalized 658 38.75% d d d

Fatal 728 42.87% d d d

Demographics Worker age Youth 225 13.25% 54
24.00%

96
42.67%

75
33.33%

Middle-aged 1176 69.26% 221
18.79%

450
38.27%

505
42.94%

Older 271 15.96% 32
11.81%

106
39.11%

133
49.08%

Unknown 26 1.53% d d d
Worker gender Male 1533 90.28% 240

15.66%
595

38.81%
698

45.53%
Female 141 8.30% 67

47.52%
58

41.13%
16

11.34%
Unknown 24 1.41% d d d

Industry Construction 434 25.56% 48
11.06%

132
30.41%

254
58.53%

Agriculture 328 19.32% 76
23.17%

128
39.02%

124
37.81

Manufacturing 189 11.13% 18
9.52%

91
48.15%

80
42.33%

Service 189 11.13% 30
15.87%

62
32.81%

97
51.32%

Fire protection 186 10.95% 72
38.71%

96
51.61%

18
9.68%

Transportation 107 6.30% 12
11.21%

61
57.01%

34
31.78%

Others 265 15.61% 56
21.13%

88
33.21%

121
45.66%

Environment factors Time of year Spring (Mar, Apr, May) 204 12.01% 50
24.51%

76
37.25%

78
38.24%

Summer (Jun, Jul, Aug) 1290 75.97% 228
17.67%

487
37.75%

575
44.57%

Fall (Sep, Oct, Nov) 188 11.07% 32
17.02%

86
45.74%

70
37.23%

Winter (Dec, Jan, Feb) 16 0.94% 2
12.50%

9
56.25%

5
31.25%

Time of day Morning 292 17.20% 65
22.26%

121
40.88%

106
36.30%

Afternoon 1034 60.90% 168
16.25%

406
39.26%

460
44.49%

Night 278 16.37% 62
22.30%

106
38.13%

110
39.57%

Unknown 94 5.53% d d d
Heat index <80 296 17.43% 73

24.66%
124

41.89%
99

33.45%
80e90 473 27.86% 118

24.95%
194

41.01%
161

34.04%
90e100 508 29.92% 75

14.76%
189

37.20%
244

48.03%
�100 327 19.26% 29

8.87%
126

38.53%
172

52.60%
Unknown 94 5.54% d d d
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fire protection, and transportation. The construction industry had
the highest number of HRIs and fatality rates, whereas fire pro-
tection had a notably lower fatality rate than other industries.
Among the environment-related factors, there were more HRIs
during the summer months of the year, and the peak of HRIs
occurred in the afternoon of the day. Regarding the HI, an increase
in its value corresponded to a heightened risk of severe HRIs.

Following text mining, variables with a high correlation with
HRIs severity degree were obtained from the top 200 keywords
using multiple machine learning methods. The correlates were
obtained from four machine learning models, and these variables
were arranged from highest to lowest in terms of feature impor-
tance. Among the main symptoms shown in Table 2, “dehydration”,
“dizziness”, “cramps”, “vomiting”, and “faintness” were mainly
associated with hospitalized accidents and fatal accidents mainly
caused by “collapse” and “heart attack”. Also, “fall accident” was a
frequent secondary injury associated with HRIs, occurring in about
7.54% of all HRIs. And about 52% of the fall accidents related to heat
resulted in fatalities. Moreover, the results of machine learning
models showed that “back to work” was an essential factor in the
severity of HRIs. “Back to work” refers to workers who had heat
illness symptoms but continued towork after a short break because
they failed to recognize heat illness or take heat illness seriously
enough. The statistical results showed that around 43% of “back to
work” resulted in fatalities.

3.2. MNL modeling results and discussion

Table 3 presents correlates of HRIs degree tested by the MNL
model, including coefficients, standard errors, P values, and mar-
ginal effects developed at different severity levels. Many variables
from the row dataset and text mining and machine learning results
were selected. Three HRIs severity levels were considered as
dependent variables, and non-hospitalized was the base category.



Table 2
Variables selection results

Variable (Total n ¼ 1,698) Frequency Percent Non-hospitalized Hospitalized Fatal

Collapse 1 ¼ Yes,
0 ¼ Otherwise

255 15.02% 12
4.71%

43
16.86%

200
78.43%

Dehydration 1 ¼ Yes,
0 ¼ Otherwise

226 13.31% 69
30.53%

142
62.83%

15
6.64%

Dizziness 1 ¼ Yes,
0 ¼ Otherwise

162 9.54% 57
35.18%

71
43.83%

34
20.99%

Cramps 1 ¼ Yes,
0 ¼ Otherwise

153 9.01% 33
21.57%

106
69.28%

14
9.15%

Vomiting 1 ¼ Yes,
0 ¼ Otherwise

111 6.54% 24
21.62%

58
52.25%

29
26.13%

Faintness 1 ¼ Yes,
0 ¼ Otherwise

80 4.71% 22
27.50%

43
53.75%

15
18.75%

Heart attack 1 ¼ Yes,
0 ¼ Otherwise

96 5.65% 3
3.13%

13
13.54%

80
83.33%

Fall accident 1 ¼ Yes,
0 ¼ Otherwise

128 7.54% 13
10.16%

49
38.28%

66
51.56%

Back to work 1 ¼ Yes,
0 ¼ Otherwise

68 4.00% 12
17.65%

27
39.70%

29
42.65%
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Therefore, all estimated coefficients and marginal effects for
selected variables indicated the influence of variables on specific
injury levels compared with the non-hospitalized group. Since the
dependent variable has a reference group in the MNL model, the
use of coefficient interpretation to analyze MNL results has
apparent shortcomings. Therefore, this study focused on explaining
the effects of the variables in terms of marginal effect results.

The final MNL model specification was selected based on theo-
retical considerations and empirical properties of the model. All
variables from descriptive statistics were considered and used in
the model development. However, some of the variables had p
values higher than 0.05 were taken off the list of essential variables.
In addition, the model only kept variables with a number greater
than 20. To enhance the robustness and comprehensiveness of the
model, data augmentation techniques were employed to enrich the
dataset, mitigating the potential effects of overfitting and
improving the model’s ability to generalize new, unseen data.
Following tests for multicollinearity, variables with a variance
inflation factor less than five were retained. Moreover, categorical
variables were changed into dummy variables before performing
the MNL model. The base levels of dummy variables were selected
based on the principles of the highest value, lowest value, or precise
definition. In this study, the base categories of independent vari-
ables were “youth worker”, “male”, “construction”, “spring”, and
“HI (<80)”. With application of dummy variables, 23 variables were
found to be significant in predicting the severity of HRIs in the MNL
model. The variables’ goodness of fit for the final model was
reasonable, and parameter signs were as expected. The selected
model contained some statistically insignificant variables because
they were part of a group of variables. These data were imported
into statistical analysis software R [19].

3.2.1. Demographic attributes
In view of demographic attributes, middle-aged, older, and fe-

male workers showed significant impacts on the severity of HRIs.
As shown in Table 3, HRIs that happened to middle-aged workers
faced about a 3.3% decrease in the chance of hospitalized HRIs and a
7.5% increase in the chance of fatal HRIs compared to youth
workers. Older workers were 2.1% and 9.8% more likely to be
involved in hospitalized HRIs and fatal HRIs compared to youth
workers, respectively. Similar findings were found in the literature,
which indicated that older people are at higher risk of HRIs [20]. In
addition, females were associated with a 1.6% higher chance of
hospitalized HRIs, but a 22.4% lower chance of fatal HRIs compared
to male workers. Similar results were shown in an existing litera-
ture, Gifford et al [21] found that the rate of HRIs was significantly
increased in men compared with women, and the mortality rate of
HRIs was higher in men than in women.

3.2.2. Industry attributes
Compared to the construction industry, the likelihood of hos-

pitalized HRIs in the agriculture, manufacturing, fire protection,
and transportation industries increased by 4.9%, 17.4%, 22.8%, and
19.4%, respectively. Also, the likelihood of hospitalized injury in
service and other industries decreased by 3.1% and 2.94%, respec-
tively. In addition, the construction industry had the highest fatal
HRIs likelihood. Agriculture, manufacturing, service, fire protection,
and transportation were less likely to suffer fatal injuries. Studies
also found that the construction industry had a higher rate of fa-
tality due to HRIs than other industries [22,23]. Interestingly, HRIs
severity decreased significantly in the fire protection industry.
Firefighters were less likely to suffer fatal injuries, with a 38.3%
reduction compared to construction workers. This might be
because firefighters are often exposed to heat environments and
have better heat acclimatization. Moreover, during the statistical
data analysis, this study also found that firefighters were severely
exposed to extreme heat hazards, not only in their firefighting ac-
tions but also during their daily physical training. The injury reports
showed that around 30% of firefighters’ HRIs occurred during reg-
ular exercise, and there were cases of fatality. Therefore, more
scientific training methods and effective preventive measures are
crucial for firefighters.

3.2.3. Environmental attributes
In terms of time of year, there were more hospitalized HRIs

during fall and winter compared to spring. Fatal injuries were more
likely to increase during summer and fall. Seasonal variations in
HRIs may arise from differing levels of preparedness and aware-
ness. Inadequate acclimatization during fall and winter contrasted
with heightened precaution in summer. However, prolonged
exposure to high temperatures, especially during sporadic fall
heatwaves, may result in severe or fatal outcomes. This underscores
the necessity of adaptive risk mitigation across seasons.

The injury severity increased when HI increased. Marginal effect
results showed that as HI increased, there were declines in hospi-
talized HRIs. Specifically, reductions of 0.4% and 0.5% observed for
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HI ranges of 80e90 and 90e100, respectively, compared to cases
with HI below 80. In contrast, the prevalence of fatal injuries
showed proportional increases of 5.3% and 5.6% for the HI ranges of
90e100 and more than 100, respectively. The previous study has
also found that a 1�C augmentation in temperature corresponded
to an average increment of 18% in heat illness morbidity, alongside
a 35% escalation in mortality [24].

3.2.4. Symptom attributes
According to model results, the possibility of hospitalized HRIs

decreased by 12.8% and the possibility of fatal HRIs increased by
27.6% when the worker had collapse symptoms. Furthermore,
when the workers had the symptoms of dehydration, dizziness,
cramps, faintness, or vomiting, hospitalized HRIs probability was
increased. Meanwhile, when the workers have the symptoms of
dehydration, dizziness, cramps, faintness, or vomiting, the proba-
bility of resulting in fatal HRIs decreased by 38.3 %, 15.9%, 28.7%,
18.3%, and 3.9%, respectively. Moreover, with heart attack, workers
experienced a significant increase in HRIs fatality. Heart attacks
caused by heat resulted in a 26.3% increase in the probability of
fatality among workers. In addition, the results showed that there
was a 0.9% higher possibility of hospitalized and a 6.9% higher
possibility of fatal injuries with a fall accident caused by heat.
Therefore, appropriate actions shall be taken to prevent more se-
vere HRIs, such as stopping working immediately, taking sufficient
rest, or receiving appropriate medical attention.
4. Conclusion

This research effort explored the impact factors of the severity of
HRIs based on the injury data collected by the OSHA. More impact
factors were explored from descriptive summary reports using text
mining and machine learning. The MNL model was applied to
explore the impact of a variety of demographics, industry, envi-
ronment, and symptom factors on HRIs severity. The results indi-
cated that middle-aged and older workers were more likely to die
in HRIs than youthworkers. Males weremore likely to get fatal HRIs
than females. Among the different industries, constructionworkers
faced the most dangerous HRIs, followed by service workers,
manufacturing workers, and farmers. Moreover, firefighters had
the lowest HRIs fatality rate. In addition, the likelihood of fatal HRIs
increased as the heat index rose. Among the symptoms and sec-
ondary injury associated with HRIs severity, the presence of
collapse, heart attack, and fall accidents resulted in more severe
HRIs. In contrast, the presence of dehydration, dizziness, cramps,
faintness, and vomiting symptoms resulted in a lower probability of
fatal HRIs.

This study provides new insights into the contributing factors to
the severity of occupational HRIs. By integrating text mining,
model-free machine learning, and MNL methods, it innovatively
explores the multifaceted impact factors contributing to the
severity of HRIs. This methodology leverages OSHA’s historical ac-
cident reports to uncover nuanced insights into HRIs’ contributing
factors. In particular, considering the variation in the impacts across
observations will lead to better estimation and a more efficient
design of safety countermeasures. Recommendations may include
specific educational programs like applying different prevention
measures for different industries, taking different measures after
the appearance of different symptoms, and so on. Another novel
aspect of our study is that most of the existing studies on occupa-
tional HRIs are on the influencing factors of HRIs themselves. This
study can offer plausible suggestions on prevention of HRIs to
legislatures and employers for different workers and time of year.
Moreover, the findings can be used to provide practical, specific
suggestions on how heat stress training regimens could be
improved. For instance, training programs can include guidance on
identifying early symptoms of heat stress and implementing im-
mediate, symptom-specific interventions to prevent escalation.

This study has several limitations and could be further improved
through future work. As the data covers a relatively long period
(1984e2021), temporal instability could be associated with the
data, which may affect the model’s reliability. The finding of
random parameters may capture temporal variations and not het-
erogeneity. Future work could benefit from addressing temporal
instability. Besides, due to the imbalanced nature of HRIs data,
future work may also benefit from applying the data-driven
method to address this issue and thereby improve model
performance.
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