
 
 

 

Determinants of Safety Outcomes in Organizations: 

Exploring O*NET Data to Predict Occupational Accident Rates 

by 

Lavanya Shravan Kumar 

A thesis submitted to the School of Psychology at  

Florida Institute of Technology 

in partial fulfillment of the requirements  

for the degree of 

Master of Science 

in 

Industrial-Organizational Psychology 

Melbourne, Florida 

May, 2020 

 

 



 
 

 

We the undersigned committee hereby approve the attached thesis,  

“Determinants of Safety Outcomes in Organizations:  

Exploring O*NET Data to Predict Occupational Accident Rates” 

by  

Lavanya Shravan Kumar  

 

 

 

 

____________________________________ 

Gary Burns, Ph.D. 

I-O Program Chair and Professor 

School of Psychology 

Major Advisor 

 

 

 

 

____________________________________ 

Patrick Converse, Ph.D. 

Professor 

School of Psychology 

 

 

 

 

____________________________________ 

Debasis Mitra, Ph.D. 

Professor 

Computer Engineering and Sciences 

 

 

 

 

____________________________________ 

Lisa Steelman, Ph.D. 

Dean and Professor 

College of Psychology and Liberal Arts



 

iii 
 

Abstract 
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Workplace safety is of utmost importance given the regular occurrence of both fatal 

and nonfatal occupational injuries all around the world. Although research in this 

area is hugely prevalent, it is focused mainly on safety climate and lacks an 

integrated approach when examining predictors of safety outcomes. The 

development of an occupational risk factor that predicts safety outcomes will aid in 

understanding the relative importance of different factors that contribute to safety 

and help organizations target their safety programs and interventions efficiently. 

The present study is an exploratory analysis utilizing publicly available O*NET 

data (work activities, work context features, and worker characteristics) to predict 

annual occupational injury and illness incident rates (nonfatal) published by the 

U.S. Bureau of Labor Statistics. The use of statistical learning methods (LASSO, 

random forest, and gradient boosting) for analysis using Python also helped 

compare results to those obtained by past research utilizing traditional statistical 

methods. 
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Findings indicate that the O*NET descriptors related to work, work context, 

and to a lesser extent worker characteristics were indeed significant in predicting 

nonfatal occupational injury/incident rates. The amount of variance explained in the 

outcome by the predictors varied from 27.8% (gradient boosting) to 33.1% (random 

forest) with 19 unique predictors across the three machine learning methods. This 

study adds to the literature surrounding person and situation-based antecedents to 

workplace safety, presents a huge step toward the development of a cross-

occupational risk factor, and has several other implications for research and 

practice. 

Keywords: safety, risk, occupation, accidents, injury, illness, O*NET, 

machine learning 
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Introduction 

Accidents at the workplace injure employees and consume thousands of 

lives all over the world annually; in the United States alone, there were 5,250 fatal 

occupational injuries and about 3.5 million nonfatal occupational injuries and 

illnesses in 2018 (Bureau of Labor Statistics, U.S. Department of Labor, 2019). In 

view of this reality and the criticality of safety to individual and organizational 

outcomes, substantial amount of effort has been dedicated toward workplace safety 

research (e.g., Burke et al., 2011; Christian, Bradley, Wallace, & Burke, 2009). 

However, literature in this area is scattered, results are often debated (see 

Cornelissen, Van Hoof, & Jong, 2017), and studies lack integrated approaches, 

especially in relation to the association of occupational risk to safety outcomes. 

Further, several studies examine relationships using cross-sectional designs in 

different occupational contexts and there is a dearth of research identifying 

predictors of safety outcomes across occupations. 

Occupational databases contain comprehensive job analysis information and 

provide rich occupation-level data that researchers can leverage. One such platform 

is the Occupational Information Network (O*NET) that contains ratings from job 

incumbents and analysts on several content domains that include worker 

characteristics and occupational requirements for around 1,000 occupations across 

the United States. Prior studies have successfully utilized publicly available data on 

these descriptors to inform research in the areas of career guidance, occupational 
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literacy, worker health, etc. (Levine & Oswald, 2012). Past research has also found 

that antecedents show stronger associations to objective measures of occupational 

safety outcomes (Christian et al., 2009) such as accident and injury records. 

Therefore, the present study aims to utilize job descriptor data from O*NET to 

determine features that contribute to occupational risk and to predict injury and 

illness incident rates as recorded by the Bureau of Labor Statistics (BLS), U.S. 

Department of Labor. Identifying relevant features can help understand the factors 

underlying occupational risk and their relative importance, aid in categorization of 

occupations by risk quotient, and provide a measure of occupational risk for future 

cross-organizational research. Additionally, it can inform practitioners on the 

importance of certain work design features, the development of safety assessments 

for selection and performance, the identification of effective training interventions 

for specific occupations, and evaluate the effectiveness of ongoing safety practices. 

A unique application derived from the use of O*NET data in the current study is 

the establishment of job component validity study of safety assessments. 

Several conceptual approaches have dominated safety research, the most 

prominent being Neal and Griffin’s (2000) framework on safety climate and safety 

behavior (described in later sections). Others have used models derived from theory 

related to occupational stressors and occupational strain (e.g., Clarke, 2012; 

Nahrgang, Morgeson, & Hofmann, 2011). However, most of the research focuses 

on safety climate as the policies and procedures around safety in an organization 
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with little emphasis on an objective risk factor. In addition, support for these 

different types of models established through quantitative reviews fails to identify 

specific work characteristics and work context determinants of safety outcomes 

across occupations. Although there are exceptions to this trend (e.g., Bauerle & 

Magley, 2012; Nahrgang et al., 2011), it is anticipated that adopting an exploratory 

approach to assess occupational risk will provide a fresh perspective, help evaluate 

the value of understudied variables such as worker characteristics (Neal & Griffin, 

2004; Cornelissen et al., 2017), and perhaps clear up some of the inconsistencies 

from prior research results.  

There have been several calls for the use of statistical learning methods in 

industrial-organizational psychology (I-O) science and practice. However, I-O 

research is not gathering momentum in this area as most of our research is based on 

deductive methods and data modeling based on traditional statistical models. 

Sometimes, reliance on these can lead to limitations such as failing to identify key 

drivers of outcomes, decreasing the overall quality of prediction, and less flexibility 

in addressing various issues in modeling (Putka & Oswald, 2015). By adopting 

newer, multidisciplinary approaches such as machine learning algorithms to the 

current research problem, it is hoped that the study will contribute to the scant 

literature in I-O using statistical learning methods, present an alternative approach 

to exploring other areas of safety research, and help compare safety research results 

from traditional statistical methods. Utilizing such methods can also bring to the 
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forefront previously undiscovered variables and uncover important insights to help 

understand their effects on safety outcomes. 

In sum, the present research aims to serve three purposes: 1) to recognize 

the work, worker, and work context characteristics that predict safety outcomes 

across occupations through the use of a nation-wide occupational database through 

exploratory analysis, 2) to identify the critical characteristics that help assess safety 

risk and predict accident rates across occupations, and 3) to compare past research 

related to these characteristics and outcomes through the use of statistical learning 

techniques. Several machine learning techniques shall be applied to O*NET job 

descriptors and BLS injury and illness incident rates (nonfatal) through Python to 

develop predictive models. Specific features and combinations of features 

maximizing the predictive validity of the models shall be identified and results 

shall be compared to past research findings. By contributing to a better 

understanding of what features do or do not contribute to workplace safety across 

occupations or the lack thereof, it is hoped that this research will provide external 

validity information to safety researchers, aid cross-organizational research, and 

inform organizational practices such as selection and safety interventions. Further, 

the use of statistical learning techniques will demonstrate its utility in safety 

research and provide a basis for comparison to results from research using 

traditional methods. 
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Theoretical Background 

Review of Safety Research 

Griffin and Neal’s (2000) framework for measuring perceptions of safety at 

work forms the foundational basis for much of the current research in workplace 

safety. Although prior research had identified the importance of factors such as 

safety climate and work pressure on safety performance (e.g., Hofmann & Stetzer, 

1996), the combination of theories of individual performance with theories of 

organizational climate in their framework was novel and paved the way for a 

clearer understanding of the mechanisms through which organizational factors 

influence safety. Deriving from the model of work performance, Griffin and Neal 

identified safety climate as an antecedent of safety performance and safety 

knowledge, skill, and motivation as more proximal determinants of safety 

performance. They coined the terms safety compliance and safety participation to 

represent distinct components of safety performance (task and contextual) and 

found empirical support for their mediation model through two separate studies. In 

this model, management values, safety communication, safety practices, safety 

training, and safety equipment comprised the higher-order construct of safety 

climate. 

Neal and Griffin (2004) expanded this framework to provide a theoretical 

foundation for integrating research from diverse literatures. Adding to the 

antecedents of safety performance, they identified other organizational factors (e.g., 
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work design) and individual factors (e.g., attitudes, personality) as determining the 

level of safety knowledge and motivation in employees. They also differentiated 

between safety performance and safety outcomes, the former relates to behaviors 

and the latter comprises of accidents and injuries. They stated that safety 

performance is negatively related to safety outcomes in organizations, a proposition 

widely supported by research (e.g., Christian et al., 2009; Cornelissen et al., 2017). 

Christian et al. (2009) further expanded on Neal and Griffin’s (2004) model 

of workplace safety with an interactionist perspective and examined specific 

person-based (personality, attitudes) and situation-based antecedents (safety 

climate, leadership) of safety performance and outcomes within the model. They 

established support for their theoretical model by testing a meta-analytic path 

model with conscientiousness and safety climate as distal antecedents to safety 

performance and outcomes. Ford and Tetrick (2008) narrowed their focus to the 

mechanism of safety motivation, reviewed related literature, and described three 

approaches—operant theory, self-regulation, and safety climate—to understand 

how safety motivation predicts safety performance. They highlighted different 

interventions related to these perspectives and suggested motivation-related 

constructs such as social loafing and persistence as having value in future research.  

More recently, Nahrgang and colleagues (2011) developed and meta-

analytically tested a model based on job demands, job resources, burnout, 

engagement, and safety outcomes. This model was derived from Bakker and 
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Demerouti’s (2007) job demand–resources (JD–R) model focusing on a health-

impairment mechanism, and treats accidents, injuries, and unsafe behaviors as 

safety outcomes. Job demands (risks and hazards, physical demands, complexity) 

and job resources (knowledge, autonomy, and supportive environment) predict 

employee burnout and engagement which in turn influence safety outcomes. Key 

differences from Neal and Griffin’s model are that safety compliance is treated as a 

form of engagement, and unsafe behaviors as a safety outcome. Findings from 

Nahrgang et al.’s study suggest that compliance is an important mediator of the 

relationship between job characteristics and safety outcomes, and that reducing 

risks and establishing a supportive environment are the best ways to improve 

safety. Following the above study, Clarke (2012) meta-analytically tested the 

effects of occupational stressors (challenge and hindrance) on safety behaviors 

(compliance, participation) and safety outcomes (Neal & Griffin, 2004). She found 

full support for the mediation model with hindrance stressors but very limited 

support with challenge stressors as determinants of safety behaviors. 

Occupational Risk Factor. Research studies often incorporate some 

conceptualization of risk to predict unsafe behaviors and safety outcomes such as 

incidents, injuries, and fatalities. Zohar (1980) identified perceived level of risk at 

the workplace as one of the eight dimensions of safety climate. His seminal work 

on development and validation of a 40-item measure of safety climate forms the 

basis for many of the measures existing today (e.g., Bauerle & Magley, 2012; 
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Vinodkumar & Bhasi, 2010). Brown and Holmes (1986) examined a shorter 

version of Zohar’s (1980) scale in a U.S. context and identified physical risk as one 

of the three factors underlying safety climate. Hofmann and Stetzer (1996), in their 

investigation of individual and group-level factors influencing safety in a chemical 

processing plant, also used Zohar’s (1980) scale to measure perceptions of safety 

climate. Further, they classified unsafe behaviors into six broad categories 

pertaining to improper tool use, failure to wear personal protection equipment, 

improper storage of tools and other materials, and improper work strategies with 

risk to self and others–all closely related to environmental risk factors. However, 

Griffin and Neal (2000) refuted this position and stated that perceived risk is 

conceptually distinct from safety climate—which is the perception of values, 

policies, and procedures related to safety within the organization—but 

acknowledge that the two could be related. In Neal and Griffin’s (2004) model, 

perceived risk is incorporated into group and organizational level safety climate.  

In their meta-analysis examining the moderating effect of hazardous 

event/exposure severity on the relationship between training engagement and 

training effectiveness, Burke and colleagues (2011) operationalized the moderator 

as low or high by dichotomizing the seven categories of hazard occurrences (by 

source of injury or illness) as detailed in the BLS’ Occupational Injury and Illness 

Classification System (OIICS). They found the said relation to be stronger when 

the dread (risk) factor was high. The authors argued for the use of similar methods 
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to incorporate objective risk into workplace safety research. In a similar manner, 

Nahrgang et al. (2011) include risks and hazards under job demands and as an 

antecedent to burnout and engagement influencing safety outcomes. In a meta-

analytic investigation of their model, they include perceived risk, level of risk, and 

number of hazards under the risks and hazards category. Ford and Tetrick (2011) 

developed an occupational hazard composite combining incumbent work context 

ratings and individual-level data to predict employee attitudes and safety 

performance. Huang, Chen, DeArmond, Cigularov, and Chen (2017) used a 1-item 

measure of perceived risk in their study on the effects of company level safety 

climate and injury frequency on the association between work shifts and perceived 

injury risk.  

As observed from the studies detailed above, the conceptualization of 

occupational risk and its relation to safety outcomes is both inconsistent and 

unclear with the exception of a handful of studies that have looked at occupational 

risk as a focal construct (e.g., Bauerle, 2012; Bauerle & Magley, 2012); these are 

presented in the subsequent sections.  

Determinants of Safety Outcomes. Majority of the research on safety 

outcomes has examined its relation to safety climate and several qualitative and 

quantitative reviews have attempted to integrate the findings. Clarke (2006) meta-

analytically examined safety climate, safety performance, and accident 

involvement. Although she found moderate relations between safety climate and 
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performance, subsequent links to accident involvement were weak, offering limited 

support for the mediated model. Results suggest that there might be other pathways 

linking safety climate and accident involvement (e.g., attitudes) and also possible 

moderating influences (e.g., work routinization, employee autonomy). Beus, Payne, 

Bergman, and Arthur Jr. (2010) distinguished between safety climate-injury and 

injury-safety climate relations (safety climate as a postdictive criterion in the latter) 

and examined both for organizational and psychological safety climates. Injuries 

were more predictive of safety climate than vice-versa and the relation was found 

to be stronger for organizational climate than for psychological climate. 

Huang et al. (2007) studied the effects of company level safety climate and 

injury frequency on the association between work shifts and perceived injury risk. 

They found that night shift workers perceived a higher level of injury risk 

compared to day shift workers. This perception was lower under high safety 

climate as compared to low safety climate for night shift workers. In Christian et 

al.’s (2009) study, safety climate (including a dimension of risk) showed weak to 

moderate relations to safety outcomes; however, this relation was stronger for 

objective records of safety outcomes such as medical records and OSHA records 

than for self-reports. In addition, organizational safety climate was more salient 

than individual psychological climate in predicting outcomes. 

Other research suggests that individual differences such as neuroticism, 

Type A behavior, extremely high levels of extraversion, etc., may decrease the 
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motivation for compliance and play a significant role in risk taking and accident 

involvement (Neal & Griffin, 2004). In their meta-analysis, Christian et al. (2009) 

found support for conscientiousness, neuroticism, locus of control, and job attitudes 

in predicting accidents and injuries. Beus, Dhanani, and McCord (2015) conducted 

a meta-analysis of personality variables (factor-level and facet-level traits) in 

relation to safe and unsafe behaviors (performance), and accidents (outcomes). 

Agreeableness and conscientiousness were negatively related, and extraversion and 

neuroticism were positively related to unsafe behaviors. In addition, facet-level 

traits of sensation seeking, altruism, anger, and impulsiveness were significantly 

related to unsafe behaviors in the expected directions with only sensation seeking 

showing a stronger relation than its parent trait (extraversion). In relation to 

accidents, results do not support a full mediation model indicating that certain 

personalities may be predisposed to accidents without involvement in unsafe 

behaviors. Overall, relatively little research has examined personality in relation to 

safety outcomes. 

Occupational Information Network (O*NET) 

O*NET is a source of occupational information in the U.S., originally 

developed as a replacement for the Dictionary of Occupational Titles (DOT) by the 

U.S. Department of Labor, Employment and Training Administration in 1998. It is 

a comprehensive system designed to classify occupations and provide information 

on the nature of jobs and work. This information is collected via job descriptor 
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ratings incorporating person-based and task-based approaches to job analysis from 

job incumbents and analysts, and the web-based application, O*NET OnLine, is 

updated regularly to reflect the latest input from these sources. Occupations are 

arranged in a hierarchical taxonomy in a standardized manner for ease of usage by 

various government stakeholders. The current taxonomy is a variation of the 

Standard Occupational Classification (SOC) system prescribed by the U.S. federal 

government and is detailed in the Method section. Apart from serving as a 

comprehensive source of occupational information, O*NET OnLine also provides 

vocational guidance through career-oriented assessments, online courses and 

training sessions. Resources from the nationwide data collection program are 

available for free online and include several databases, toolkits, guidebooks, 

research reports, and job analysis questionnaires which assist scientific research 

efforts as well as human resource applications in businesses (Levine & Oswald, 

2012). 

O*NET descriptors were developed within a structural model with six 

broad categories to enable a “multiple windows” approach and present job 

information from various viewpoints (O*NET Content Model, 2019). The 

descriptors are also arranged hierarchically within each category to describe jobs 

with varying levels of specificity. In order to provide a common language across 

jobs, cross-occupational descriptors are also used (Peterson et al., 2001). The six 

broad domains within the O*NET Content Model are worker characteristics, 
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worker requirements, experience requirements, occupational requirements, 

workforce characteristics, and occupation-specific information. The data collection 

program is carried out via administration of questionnaires pertaining to 

subdomains within these domains, and ratings are collected on scales of level, 

importance, frequency and other characteristics depending on the descriptor. 

Through the years since it was first introduced, the applications of O*NET 

have been wide-ranging. From informing on the current nature of jobs to assisting 

individuals, businesses, researchers, and the government with their efforts, O*NET 

has proven to be an extremely valuable tool, particularly in view of the 

comprehensiveness of information it provides and ease of accessibility to its 

databases, tools, and resources. In the past, research studies have utilized O*NET 

data to answer questions in several areas including career guidance, job evaluation, 

employee well-being, and occupational literacy (Levine & Oswald, 2012). Others 

have studied the factor structure underlying the descriptors from different domains 

of the O*NET Content Model. In early studies, Hanson, Borman, Kubisiak, and 

Sager (1999) conducted a cross-domain analysis of higher-order factors within nine 

subdomains of the O*NET Content Model. They found support for expected 

relationships between descriptors from different content domains thus supporting 

the construct validity of the O*NET descriptors. A factor analysis of these cross-

domain higher-order composites revealed a four-factor structure: management and 

achievement, manual and physical, general office, and technical versus 
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interpersonal. Similarly, Hadden, Kravetz, and Muntaner (2004) identified a fourth 

factor of bureaucracy, adding to the three factors of substantive complexity, people 

versus things, and physical demands previously identified by analysts working with 

editions of the DOT. More recently, Scott and Mantegna (2009) found support for a 

four-factor structure within descriptors from three key content domains of worker 

characteristics, worker requirements, and occupational requirements. 

A handful of studies have also used O*NET data in safety research. Ford 

and Tetrick (2011) created an occupational hazard composite combining O*NET 

work context ratings with individual-level data for 21 occupations and used it to 

predict employee attitudes and safety performance. Bauerle and Magley (2012) 

developed an occupational level unidimensional construct of risk by drawing from 

O*NET work context ratings. The developed scale was also used by Bauerle (2012) 

to examine the relation between occupational risk and perceived job risk within a 

broader framework studying the effects of masculinity on safety motivation, and by 

Bauerle, McGonagle, and Magley (2016) to understand men’s risk for workplace 

fatalities.  

Research Questions 

The inspiration for the present study stemmed from Bauerle and Magley’s 

(2012) work on development of an occupational level unidimensional construct of 

risk. The authors used physical work conditions (work context) and certain work 

output features (generalized work activities) under the occupational requirements 
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domain from O*NET to first divide 974 occupations into three categories of safety 

saliency through k-means clustering: safe jobs, elevated risk jobs, and high risk 

jobs. A discriminant function analysis was then conducted on these three derived 

groups to arrive at a linear combination of critical variables that predicted the 

maximum variance in group membership. The key indicators from their analyses 

are wearing common protective or safety equipment; exposure to hazardous 

equipment; performing general physical activities; handling and moving objects; 

operating vehicles, mechanized devices, or equipment; and exposure to hazardous 

conditions. They also established the convergent validity of this objective risk 

measure with perceived risk and work safety tension measures, concurrent validity 

with work environment safety, and criterion-related validity with safety 

performance in a sample of 550 employed workers. The scope and goals of the 

present study expand on those of Bauerle and Magley (2012) in that the author a) 

hopes to study a wider range of work, worker, and contextual features from O*NET 

data in an exploratory fashion, b) intends to examine the validity of the said 

characteristics in predicting safety outcomes (BLS injury and illness incident rates), 

and c) aims to apply machine learning techniques to the data and compare results to 

those derived via traditional statistical methods such as discriminant function 

analysis. The following sections present some research questions guided by 

existing research to aid the exploratory analysis. 
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Although relatively limited, prior research findings on worker 

characteristics that contribute to occupational injuries show much promise. Strong 

support for four of the five factors in the five-factor model has been found in 

predicting safety outcomes (e.g., Beus et al., 2015; Christian et al., 2009). Locus of 

control and Type A behavior are also known to influence accident involvement 

(Neal & Griffin, 2004). Psychophysical states have also been shown to affect safety 

outcomes. In addition, Christian et al. (2009) argued in favor of adopting a person-

situation interaction approach to studying safety. Therefore, it is anticipated that 

including worker characteristics in the present study will reveal the dynamics 

between worker characteristics and other work and work context features and help 

understand them in relation to predicting accident rates. Work values and work 

styles, under the worker characteristics domain of the O*NET Content Model, are 

proposed as person-based antecedents to accident rates. These add value above and 

beyond personality traits in that work styles are personal characteristics that are 

work- and job-related (Borman, Kubisiak, & Schneider, 1999) and work values are 

occupational reinforcer patterns (Sager, 1999) that can aid in further understanding 

of the mechanism through which safety motivation affects outcomes. Also, in a 

recent systematic review, responsibility and connection with co-workers have been 

identified as having strong potential for future research (Cornelissen et al., 2017).  

Research Question 1: What are the worker characteristics that are most 

important in predicting safety outcomes? 
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Cornelissen and colleagues (2017) also found that physical work 

environment as described by workplace hazards, safety equipment, and workplace 

design accounted for a significant number of relationships with negative safety 

outcomes. Physical demands and job hazards have received much attention in 

safety research (e.g., Bauerle & Magley, 2012; Ford & Tetrick, 2011). Past 

research has also highlighted the importance of certain contextual features in 

predicting safety outcomes. Hofmann and Stetzer (1996) argued for a broad and 

systematic organizational diagnosis that would provide insight into cross-level 

influences (e.g., work pressure, coordination, communication) on safety outcomes. 

Mullen (2004) also discussed the social factors that influence safety behaviors and 

Nahrgang et al. (2011) found that autonomy and a supportive environment play a 

significant role in avoiding negative safety outcomes. Therefore, it is proposed to 

include work context features (interpersonal relationships, physical work 

conditions, and structural job characteristics) under the occupational requirements 

domain of the O*NET Content Model as key determinants of accident rates. 

Research Question 2: What are the work context characteristics that are 

most important in predicting safety outcomes? 

Work activities are a relatively understudied area in safety research. 

However, some elements have been studied indirectly through dimensions such as 

supervisor communication and internal group processes under safety climate and at 

least one study has found support for complexity and cognitive demands in 
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predicting safety outcomes (Nahrgang et al., 2011). Further, work characteristics 

are promoted as one of the most promising areas for future research (Cornelissen et 

al., 2017). Therefore, it is proposed to include generalized work activities (GWA; 

information input, mental processes, work output, and interacting with others) 

under the occupational requirements domain of the O*NET Content Model as key 

determinants of accident rates. 

Research Question 3: What are the work features that are most important in 

predicting safety outcomes? 

To summarize, work context descriptors and GWA descriptors under the 

occupational requirements domain, and work styles and work values descriptors 

under the worker characteristics domain of the O*NET Content Model shall be 

used in the exploratory analysis. In addition, as described earlier, most of the 

research has been examined at an individual or organizational level. This study is 

one of the few to examine safety at an occupational level. By answering the above 

research questions, the author hopes to contribute to the development of a cross-

occupational risk factor that predicts objective safety outcomes. Although some 

redundancy is expected and unavoidable while using such a large number of 

descriptors (e.g., Alterman et al., 2008; Hadden, Kravetz, & Muntaner, 2004), in 

exploring a broader range of characteristics that previous research has found to be 

linked to safety performance and outcomes, the author hopes to find support for the 

notion that certain work, worker, and work context characteristics and 
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combinations thereof are more prone to accidents than others. Maintaining an 

exploratory approach toward these characteristics will also help recognize the 

unexplored elements of safety research and guide further studies. Additionally, the 

availability of O*NET data on different rating scales such as level, importance, 

frequency, etc. will provide some flexibility in exploring the research questions. 

Research Question 4: What are the relative contributions of work features, 

worker characteristics, and work context characteristics in predicting safety 

outcomes? 

Method 

BLS nonfatal occupational injury and illness incident rates for the year 

2018, available at the SOC level, were matched across the occupational information 

from the O*NET 24.1 database at the O*NET-SOC level (see below). This yielded 

376 data points which were used in the analysis. 

O*NET-SOC System and Descriptors 

The O*NET-SOC system is a variation of the SOC system, prescribed by 

the U.S. federal government. The extension of the SOC code for a particular 

occupation by an additional two digits forms the O*NET-SOC code for more 

specific job positions under that occupation. Specifically, the O*NET-SOC 2010 

taxonomy, used in the O*NET 24.1 database, classifies 840 detailed SOC 

occupations into 1110 O*NET-SOC occupations (O*NET Taxonomy, 2019). 

These 840 detailed SOC occupations are themselves arranged under 461 broad 
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occupations, 97 minor groups, and 23 major groups. Data, under the O*NET-SOC 

2010 taxonomy, is available for at most 974 O*NET-SOC level occupations. 

120 descriptors from four subdomain areas of the O*NET Content Model 

were used as predictors in the analysis (see Table 1 through Table 4).Work values 

and work styles from the worker characteristics domain were used; generalized 

work activities and work context from the occupational requirements domain were 

used. For the generalized work activities (41 descriptors; described below), both 

importance and level ratings were included taking the total number of predictors to 

161. 

Work values. Work values under the worker characteristics domain of the 

O*NET Content Model are modifications of the Minnesota Job Description 

Questionnaire (MJDQ; Sager, 1999) which was originally designed to describe 

occupations in terms of their occupational reinforcer patterns (ORPs). Analyst 

ratings on 21 ORPs (7-point Likert scale; 1 = very small extent to 7 = great extent) 

indicate the extent to which a particular work value is likely to be satisfied by the 

occupation. 21 ORPs are arranged under six work values and current O*NET data 

is available only for these six values. Work value ratings are currently available for 

974 occupations at the O*NET-SOC level. A sample item is shown below: 

Rate the occupation on the work value of ACHIEVEMENT using the 

following seven-point scale. Ask yourself, “To what extent does this 

occupation satisfy this work value?” 
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Work styles. Work styles are arranged hierarchically under the worker 

characteristics domain of the O*NET Content Model and consist of seven first-

order constructs and 15 second-order constructs. Importance ratings are collected 

from job incumbents or occupational experts on all the second-order constructs and 

one first-order construct (Independence) for which there is no second-order 

construct, on a 5-point Likert scale (Borman et al., 1999; 1 = not important to 5 = 

extremely important). Work style ratings are currently available for 967 

occupations at the O*NET-SOC level. A sample item is shown below: 

How important is stress tolerance to the performance of the occupation? 

(Item is presented along with a definition of stress tolerance) 

Generalized work activities. The taxonomy of GWAs under the 

occupational requirements domain of the O*NET Content Model comprises of four 

first-order factors of information input, mental processes, work output, and 

interaction with others.  Nine second-order factors, arranged under these four 

higher-order factors, comprise of 41 GWA descriptors (Jeanneret, Borman, 

Kubisiak, & Hanson, 1999). Ratings are collected from job incumbents, legacy 

analysts, or occupational experts on importance (5-point Likert; 1 = not important 

to 5 = extremely important) and level (1 to 7-point, also see sample item; level-

point description varies according to activity with 1 corresponding to least and 7 

corresponding to highest level of occupational requirement) scales for each of these 

41 descriptors. GWA ratings are currently available for 968 occupations at the 
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O*NET-SOC level; both level and importance ratings were used in the analysis. A 

sample item is shown below: 

How important is GETTING INFORMATION to the performance of the 

occupation? (Item is presented along with a definition of getting 

information) 

* If you marked not important, skip level below and go on to the next 

activity (Corresponding level rating in this case is recorded as 0) 

What level of GETTING INFORMATION is needed to perform the 

occupation? 

Work context. Three higher-order dimensions of interpersonal 

relationships, physical work conditions, and structural job characteristics represent 

the work context features in the occupational requirements domain of the O*NET 

Content Model (Strong, Jeanneret, McPhail, Blakley, & D’Egidio, 1999). Data is 

currently collected from job incumbents, legacy analysts, or occupational experts 

on 57 work context descriptors that represent 13 second-order dimensions under the 

three first-order dimensions. Depending on the descriptor, ratings are collected on 

scales of either level, importance, frequency, or other relevant categories; however, 

all ratings obtained are on a 5-point scale except Work schedules and Duration of 

typical work week for which ratings obtained are on a 3-point scale. Work context 

ratings are currently available for 968 occupations at the O*NET-SOC level. A 

sample item is shown below: 
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How often is dealing with violent or physically aggressive people a part of 

your current job? (5-point scale for this item varies from 1 = never to 5 = everyday) 

BLS Injury and Illness Incidence Rates 

The BLS publishes results from the Survey of Occupational Injuries and 

Illnesses (SOII), nonfatal occupational injuries and illnesses incident rates, 

annually. Incidence rates represent the number of illnesses and injuries for a 

specified number of full-time workers, working 40 hours per week for 50 weeks 

per year, and are published in three categories: cases with days away from work, 

cases with days of job transfer or restriction, and other recordable cases. 

Primarily, injury and illness statistics are available by industry, i.e., industries 

classified by the North American Industry Classification System (NAICS). 

However, occupational injury and illness incidence rates are available only for 

cases with days away from work and hence, only these were used for analysis. 

Incidence rates by occupation represent the number of illnesses and injuries per   

10, 000 full-time workers (calculated as (I / EH) X 20,000,000 where, I = number 

of injuries and illnesses, EH = total hours worked by all employees during the 

calendar year, and 20,000,000 = base for 10,000 full-time equivalent workers 

working 40 hours per week, 50 weeks per year) and are available for occupations at 

the SOC level. For the year 2018, incidence rates pertaining to industries of all 

types of ownerships (private, state government, and local government) across all 
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areas of the United States were available for 376 occupations at the SOC level 

(Occupational Injuries/Illnesses Profiles, 2019). 

Analyses 

Data Preparation 

O*NET descriptor data. Data for the O*NET descriptors was available 

online and was downloaded as individual MS Excel files (O*NET Database, 2019). 

Data from the four subdomains of work values, work styles, work activities, and 

work context were stored into separate sheets of a single MS Excel file and read 

into the Python application for data cleaning. Irrespective of the category of 

predictors, the following was the process followed for data cleaning. All columns 

irrelevant for analysis such as scale ID and name, date and source for data 

collection, occupation title, descriptor ID, etc. were deleted and only occupation 

code (O*NET-SOC code), descriptor name, and data value were retained. For the 

GWA descriptors, scale name was retained before separating the work activities 

ratings into separate files for GWA importance ratings and GWA level ratings. All 

the individual descriptor names were then replaced by easily readable descriptor 

IDs corresponding to each category of predictors (e.g., GWAI_1 through 41 for 

GWA importance ratings; see Table 1 through Table 4) with the description 

corresponding to each ID recorded into a separate reference file. Each cleaned 

predictor file contained the O*NET-SOC code, descriptor ID, and data value. 
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BLS injury and illness incidence rate data. Occupational incidence rates 

as described earlier were available online as part of detailed illness and injury 

statistics, within a data profiles tool provided by the BLS (Occupational 

Injuries/Illnesses Profiles, 2019). Since this tool required selection of relevant 

options on drop-down lists in consecutive web pages to download the data for a 

single occupation, a Python code was written to enable web crawling and 

simultaneous downloading of occupational illness and injury statistics for all 

occupations into a combined data file. Data was then arranged into a usable format 

using Python and checked for missing values of incidence rates. All entries with 

missing values were deleted; this yielded non-zero incidence rates for 376 

occupations at the SOC level. Apart from total incidence rates for cases with days 

away from work for each of the 376 occupations with corresponding SOC code, the 

information obtained included median days away from work due to injuries for all 

376 occupations, incidence rates with musculoskeletal disorders, incidence rates by 

event or exposure, incidence rates by nature of injury or illness, incidence rates by 

part of body affected, and incidence rates by source of injury or illness (OIICS) for 

some of the occupations. The data for total incidence rates was extracted into a 

separate data file and formed the only outcome variable for analysis. The relevant 

Python code is as shown is Appendix A. 

Combined data. The individual predictor data was matched on the 

O*NET-SOC code and combined into a single predictor file with 161 predictors for 
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967 occupations: 41 GWA importance ratings, 41 GWA level ratings, 6 work value 

ratings, 16 work style ratings, and 57 work context ratings. Then, the SOC code of 

the outcome data for 376 occupations was modified by adding a suffix of .00 to 

enable matching with the O*NET-SOC code of the predictor data. In this manner, 

predictor and outcome data were able to be matched for 345 occupations at the 

SOC level (code format XX-XXXX.00; O*NET Taxonomy, 2019). For the 

remaining 31 occupations in the outcome file, it was observed that predictor data 

existed but at the O*NET-SOC level (code format XX-XXXX.XX; O*NET 

Taxonomy, 2019). Since the O*NET-SOC occupations are more specific job 

positions related to the corresponding SOC occupation (e.g., SOC occupation 11-

3071.00 Transportation, storage, and distribution managers relates to O*NET-SOC 

occupations: 11-3071.01 Transportation managers, 11-3071.02 Storage and 

distribution managers, and 11-3071.03 Logistics managers), the predictor data 

related to O*NET-SOC occupations for each of these 31 SOC occupations was 

aggregated to the SOC level (mean rating) to yield 376 usable data points. 

Therefore, the final combined dataset consisted of data from 376 occupations and 

data analysis was carried out at the SOC level to answer the research questions. 

Machine Learning Methods 

The following statistical learning techniques were applied to the final 

combined dataset to assess the predictive ability on occupational injury and illness 

incidence rates. 
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 Least absolute shrinkage and selection operator (LASSO). LASSO is an 

extension to least squares regression that yields better predictive accuracy and 

enhances model interpretability. Least squares regression involves minimizing the 

sum of squares of residuals; the LASSO extension involves shrinking the sum of 

absolute values of the regression coefficients toward zero to minimize variance and 

avoid overfitting. This additional shrinkage penalty involves a tuning parameter 

that is chosen during the cross-validation; the value of the tuning parameter that 

yields minimum cross-validation error is usually chosen. In this study, LASSO was 

used with k-fold cross-validation which involves separating the dataset into k folds 

or groups, using data from (k-1) groups as training data and the leftover group as 

test data for analysis and averaging results from the corresponding k analyses. 5 

folds or groups were used as per best practices. LASSO can also be used when the 

number of predictors exceeds the sample size and has the advantage of 

automatically identifying unimportant features in large predictor subsets and setting 

their coefficients to zero, thus performing variable selection (James, Witten, Hastie, 

& Tibshirani, 2013). 

 Random forest. Random forest is an ensemble method that is based on 

decision trees. Decision trees divide the predictor space into subspaces based on a 

top-down greedy approach called recursive binary splitting which involves 

identifying the best predictor and the best cut-point at every split until a stopping 

criterion is reached. Based on the location of the data point in each predictor 



 

28 
 

subspace, the mean of observed criterion data in that predictor subspace is 

computed as the predicted outcome. However, single decision trees have low 

predictive accuracy and multiple decision trees are typically used to improve 

accuracy. Bootstrap aggregation (bagging) involves repeated sampling with 

replacement on a single training dataset, and averaging the predictor function over 

the resulting decision trees. Random forest method is an improvement over bagging 

as it incorporates a small tweak that de-correlates the trees from the repeated 

samples. At each split, a random subset of predictors is chosen (without 

replacement) as potential split candidates instead of the full set of predictors. Thus, 

it helps fight multicollinearity and averaging among the bootstrap samples reduces 

variance and improves predictive accuracy. 5000 bootstrapped samples were used 

although increased number of bootstrapped samples does not result in overfitting 

(James et al., 2013). Feature importance, defined as the average impurity decreases 

from all the decision trees in the forest, was computed after model evaluation to aid 

feature selection (Raschka & Mirjalili, 2017). 

 Gradient boosting. Boosting is a slow learning method when compared to 

bagging and random forests; on average, slower learning methods tend to have less 

potential for overfitting. In boosting, trees are grown sequentially, i.e., each tree 

uses information from the previous tree and fit on a modified version of the original 

dataset; no bootstrap sampling is carried out. Instead of large decision trees, smaller 

trees are fit to residuals from the model instead of the outcome. At each fit, the 
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residuals and predictor functions are updated. A shrinkage parameter (.01, .001, 

etc.) is used while updating the model each time which slows down the process 

further and allows the predictor function to improve in poor areas. The number of 

splits in each tree called interaction depth is another critical parameter that controls 

the interaction order of the boosted model. Unlike bagging and random forests, 

boosting is dependent on the number of trees and can overfit if a large value is 

chosen (James et al., 2013). 10-fold cross-validation was used to select appropriate 

values of the described parameters and feature importance values were computed 

after model evaluation to aid feature selection (Géron, 2017; Raschka & Mirjalili, 

2017). 

Analysis 

The scikit-learn package (version 0.20.3) within Python version 3.7 was 

used for data analysis carried at the SOC level. The combined dataset was divided 

into a training set (263 points; approximately 70%) and a validation set (113 points; 

approximately 30%). The same training and validation sets were specified for 

analysis with all the three methods detailed above. Model building and parameter 

tuning were carried out on the training set and only validation was carried out on 

the test set. The cost function was mean-squared residual error (MSE) for all 

methods.  

LASSO. LASSO requires the predictor data to be standardized before 

analysis. Therefore, both the predictor training subset and predictor validation 
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subset were standardized (z-scores) by using StandardScaler class. LassoCV 

estimator was used from the family of models in scikit-learn package to fit the 

model on the training data. 5-fold cross validation was specified with rest of the 

parameters carrying default values. This yielded an optimal tuning parameter value 

of 7.69. 

Random forest. Random forest does not require the predictor data to be 

standardized and hence, raw data was used for analysis. RandomForestRegressor, 

from the family of models in scikit-learn package, was used to fit the model on the 

training data. Minimum number of data points for a split to occur at an internal 

node and a leaf node were specified as 5 and 3 respectively with number of 

bootstrapped samples as 5000 and rest of the parameters carrying default values. 

MSE was specified as the function to measure quality of the split. 

Gradient boosting. Similar to random forest, gradient boosting does not 

require the predictor data to be standardized and hence, raw data was used for 

analysis. GradientBoostingRegressor, from the family of models in scikit-learn 

package, was used to fit the model on the training data. The exhaustive search 

option, GridSearchCV, with 10-fold cross-validation was used for parameter 

tuning. Based on study of the initial learning curves for each of the parameters 

(Fraj, 2017)— number of trees, learning rate, and maximum depth of tree—6 

equally-spaced values from 25 through 150, 5 equally-spaced values from 0.1 

through 0.5, and 2, 3 respectively were chosen as the inputs for the grid search. 
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This yielded the optimal values of 25, 0.3, and 2 for number of trees, learning rate, 

and maximum depth of tree respectively. The rest of the parameters were default 

values including Friedman MSE as the function to measure quality of the split. 

Feature selection. LASSO is a supervised feature selection technique, i.e., 

as explained earlier, it has the ability to select sparse predictors based on the 

regularization strength causing some predictor coefficients to be reduced to zero 

during model fit. After the optimal tuning parameter is chosen, the model is 

analyzed for the corresponding regularization strength and gives the sparse subset 

of predictors in the analysis output. For random forest and gradient boosting, the 

feature selection was carried out post-analysis. After fitting the optimized models, 

feature importance values were computed using built-in methods and 

SelectFromModel estimator was used to select all predictors with an importance of 

greater than 2.0%. 

Results 

Table 1 through Table 4 show the descriptive statistics for the predictors 

and their correlation with the outcome variable, occupational illness/injury 

incidence rates. Incidence rates here represent the cases with days away from work 

per 10,000 full-time workers and ranged from 0.40 to 964.10, with a mean of 85.42 

and a standard deviation of 110.32 for the 376 occupations. Results from individual 

machine learning models are presented in the subsequent sections.  
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Table 1. Descriptive Statistics for Work Values ratings and Zero-Order 

Correlations with Illness/Injury Incidence Rates (N = 376) 

Variable Descriptor name    M     SD Min. Max.     r 

WV_1 Achievement 4.03 1.27 1.00 7.00 -0.28 

WV_2 Independence 4.37 1.13 1.67 7.00 -0.20 

WV_3 Recognition 3.54 1.19 1.00 7.00 -0.32 

WV_4 Relationships 4.72 1.15 2.00 7.00 -0.06 

WV_5 Support 4.51 0.83 2.00 6.67 0.14 

WV_6 Working conditions 4.02 1.08 1.50 6.50 -0.29 

Note. M and SD represent mean and standard deviation, respectively;  

-.10 < r > .10, p < .05; -.14 < r > .14, p < .01 

 

Table 2. Descriptive Statistics for Work Styles ratings and Zero-Order Correlations 

with Illness/Injury Incidence Rates (N = 376) 

Variable Descriptor name    M     SD Min. Max.     r 

WS_1 Achievement/Effort 3.83 0.36 2.49 4.73 -0.26 

WS_2 Adaptability/Flexibility 4.06 0.35 2.61 4.80 -0.12 

WS_3 Analytical Thinking 3.81 0.52 2.32 5.00 -0.29 

WS_4 Attention to Detail 4.42 0.27 3.46 4.97 -0.26 

WS_5 Concern for Others 3.90 0.51 2.55 4.96 0.09 

WS_6 Cooperation 4.22 0.32 3.19 5.00 -0.12 

WS_7 Dependability 4.46 0.24 3.58 4.94 -0.09 

WS_8 Independence 3.94 0.33 2.61 4.70 -0.15 

WS_9 Initiative 4.03 0.35 2.74 4.86 -0.24 

WS_10 Innovation 3.50 0.44 1.88 4.64 -0.16 

WS_11 Integrity 4.39 0.38 3.05 5.00 -0.15 

WS_12 Leadership 3.68 0.54 1.82 4.97 -0.04 

WS_13 Persistence 3.90 0.37 2.55 4.90 -0.18 

WS_14 Self Control 4.14 0.38 3.18 4.84 0.12 

WS_15 Social Orientation 3.53 0.54 1.86 4.79 0.04 

WS_16 Stress Tolerance 4.08 0.39 2.46 4.93 0.04 

Note. M and SD represent mean and standard deviation, respectively;  

-.10 < r > .10, p < .05; -.14 < r > .14, p < .01
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Table 3. Descriptive Statistics for Generalized Work Activities ratings and Zero-Order Correlations with 

Illness/Injury Incidence Rates (N = 376) 

Variable Descriptor name 
Importance ratings 

 
Level ratings 

M SD Min. Max. r  M SD Min. Max. r 

GWA_1 Analyzing Data or Information 3.33 0.64 1.23 4.85 -0.29  3.52 1.09 0.44 6.55 -0.29 

GWA_2 Assisting and Caring for 

Others 

3.04 0.85 1.40 4.96 0.24  3.13 1.24 0.66 6.84 0.22 

GWA_3 Coaching and Developing 

Others 

3.02 0.58 1.41 4.74 0.00  3.35 0.94 0.92 5.67 -0.13 

GWA_4 Communicating with Persons 

Outside Organization 

3.35 0.66 1.61 4.87 -0.19  3.55 1.11 0.92 6.62 -0.22 

GWA_5 Communicating with 

Supervisors, Peers, or 

Subordinates 

4.05 0.39 2.67 4.83 -0.10  4.33 0.76 2.03 6.17 -0.21 

GWA_6 Controlling Machines and 

Processes 

2.61 0.90 1.10 4.60 0.26  2.57 1.40 0.25 5.92 0.25 

GWA_7 Coordinating the Work and 

Activities of Others 

3.12 0.55 1.34 4.56 0.01  3.42 0.93 0.71 5.80 -0.09 

GWA_8 Developing Objectives and 

Strategies 

3.04 0.60 1.41 4.50 -0.15  3.03 0.95 0.66 5.68 -0.19 

GWA_9 Developing and Building 

Teams 

3.07 0.59 1.39 4.57 -0.04  2.89 0.92 0.56 5.23 -0.10 

GWA_10 Documenting/Recording 

Information 

3.64 0.66 1.40 4.80 -0.13  3.49 0.94 0.67 5.41 -0.14 

GWA_11 Drafting, Laying Out, and 

Specifying Technical Devices, 

Parts, and Equipment 

1.96 0.72 1.00 4.58 0.07  1.59 1.16 0.00 5.50 0.05 
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Table 3 (Continued). 

Variable Descriptor name 
Importance ratings 

 
Level ratings 

M SD Min. Max. r  M SD Min. Max. r 

GWA_12 Establishing and Maintaining 

Interpersonal Relationships 

3.76 0.50 2.57 4.88 -0.23  4.57 0.73 2.57 6.27 -0.25 

GWA_13 Estimating the Quantifiable 

Characteristics of Products, 

Events, or Information 

2.98 0.51 1.30 4.27 -0.01  2.81 0.79 0.52 4.95 -0.02 

GWA_14 Evaluating Information to 

Determine Compliance with 

Standards 

3.54 0.55 1.53 4.71 0.00  3.58 0.91 0.84 5.86 -0.13 

GWA_15 Getting Information 4.23 0.35 2.89 4.90 -0.21  4.08 0.82 1.87 6.11 -0.26 

GWA_16 Guiding, Directing, and 

Motivating Subordinates 

2.86 0.65 1.22 4.61 0.00  2.89 1.14 0.23 5.89 -0.07 

GWA_17 Handling and Moving Objects 2.86 0.92 1.00 4.60 0.40  3.55 1.56 0.00 6.56 0.37 

GWA_18 Identifying Objects, Actions, 

and Events 

3.83 0.39 2.52 4.75 0.07  4.07 0.82 2.11 6.10 -0.03 

GWA_19 Inspecting Equipment, 

Structures, or Material 

3.14 0.87 1.14 4.75 0.38  2.92 1.12 0.29 5.61 0.28 

GWA_20 Interacting With Computers 3.61 0.95 1.17 5.00 -0.40  3.12 1.06 0.19 6.32 -0.34 

GWA_21 Interpreting the Meaning of 

Information for Others 

3.29 0.58 1.71 4.73 -0.19  3.11 0.93 0.97 6.05 -0.25 

GWA_22 Judging the Qualities of 

Things, Services, or People 

3.26 0.45 1.99 4.44 0.09  3.44 0.75 1.49 5.45 -0.06 

GWA_23 Making Decisions and Solving 

Problems 

3.94 0.47 2.18 4.87 -0.09  4.22 0.84 1.72 6.23 -0.16 

GWA_24 Monitor Processes, Materials, 

or Surroundings 

3.56 0.47 2.16 4.66 0.19  4.04 0.83 1.32 6.08 0.14 
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Table 3 (Continued). 

Variable Descriptor name 
Importance ratings 

 
Level ratings 

M SD Min. Max. r  M SD Min. Max. r 

GWA_25 Monitoring and Controlling 

Resources 

2.62 0.58 1.24 4.43 -0.03  2.73 0.97 0.39 6.01 -0.10 

GWA_26 Operating Vehicles, 

Mechanized Devices, or 

Equipment 

2.37 1.02 1.00 4.78 0.43  1.82 1.31 0.00 6.49 0.42 

GWA_27 Organizing, Planning, and 

Prioritizing Work 

3.73 0.46 2.24 4.75 -0.25  4.49 0.86 1.81 6.11 -0.29 

GWA_28 Performing Administrative 

Activities 

2.87 0.62 1.42 4.55 -0.23  2.79 0.90 0.65 4.88 -0.28 

GWA_29 Performing General Physical 

Activities 

2.91 0.89 1.06 4.60 0.50  3.03 1.44 0.06 6.10 0.47 

GWA_30 Performing for or Working 

Directly with the Public 

3.07 0.88 1.07 4.74 0.14  3.17 1.24 0.10 5.64 0.10 

GWA_31 Processing Information 3.57 0.54 1.49 4.67 -0.26  3.92 0.99 0.90 6.32 -0.29 

GWA_32 Provide Consultation and 

Advice to Others 

2.87 0.59 1.30 4.85 -0.21  3.13 1.14 0.55 6.69 -0.25 

GWA_33 Repairing and Maintaining 

Electronic Equipment 

2.09 0.77 1.01 4.71 0.15  1.76 1.25 0.03 6.04 0.13 

GWA_34 Repairing and Maintaining 

Mechanical Equipment 

2.13 0.94 1.00 4.74 0.30  1.90 1.45 0.00 6.00 0.27 

GWA_35 Resolving Conflicts and 

Negotiating with Others 

3.14 0.62 1.61 4.71 0.06  3.51 1.03 1.19 6.65 -0.06 

GWA_36 Scheduling Work and 

Activities 

3.17 0.55 1.67 4.42 -0.10  3.41 0.94 0.53 5.56 -0.19 

GWA_37 Selling or Influencing Others 2.50 0.69 1.06 4.94 -0.10  2.38 1.09 0.12 5.94 -0.16 
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Table 3 (Continued). 

Variable Descriptor name 
Importance ratings 

 
Level ratings 

M SD Min. Max. r  M SD Min. Max. r 

GWA_38 Staffing Organizational Units 2.14 0.61 1.03 4.71 -0.02  1.92 1.06 0.01 5.75 -0.10 

GWA_39 Thinking Creatively 3.31 0.58 1.70 4.86 -0.18  3.72 0.96 1.22 6.15 -0.25 

GWA_40 Training and Teaching Others 3.23 0.58 1.67 4.94 0.07  3.34 0.88 1.12 6.31 -0.07 

GWA_41 Updating and Using Relevant 

Knowledge 

3.75 0.50 2.07 4.73 -0.24   4.46 0.92 1.47 6.22 -0.24 

Note. M and SD represent mean and standard deviation, respectively; -.10 < r > .10, p < .05; -.14 < r > .14, p < .01 
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Table 4. Descriptive Statistics for Work Context ratings and Zero-Order Correlations with Illness/Injury Incidence 

Rates (N = 376) 

Variable Descriptor name    M     SD Min. Max.     r 

WC_1 Consequence of Error 3.04 0.69 1.30 4.78 0.23 

WC_2 Contact With Others 4.47 0.39 2.83 5.00 -0.04 

WC_3 Coordinate or Lead Others 3.60 0.51 1.79 4.69 -0.09 

WC_4 Cramped Work Space, Awkward Positions 2.01 0.82 1.00 4.49 0.38 

WC_5 Deal With External Customers 3.60 0.72 1.48 4.97 0.05 

WC_6 Deal With Physically Aggressive People 1.65 0.61 1.00 4.56 0.38 

WC_7 Deal With Unpleasant or Angry People 3.08 0.62 1.58 4.95 0.23 

WC_8 Degree of Automation 2.15 0.48 1.12 3.63 -0.15 

WC_9 Duration of Typical Work Week 2.22 0.41 1.00 2.94 -0.14 

WC_10 Electronic Mail 3.93 1.17 1.00 5.00 -0.40 

WC_11 Exposed to Contaminants 2.67 1.06 1.03 4.99 0.41 

WC_12 Exposed to Disease or Infections 2.00 1.13 1.00 5.00 0.28 

WC_13 Exposed to Hazardous Conditions 1.93 0.94 1.00 4.93 0.28 

WC_14 Exposed to Hazardous Equipment 2.03 1.12 1.00 4.79 0.32 

WC_15 Exposed to High Places 1.60 0.83 1.00 4.98 0.25 

WC_16 Exposed to Minor Burns, Cuts, Bites, or Stings 2.11 0.93 1.00 4.42 0.44 

WC_17 Exposed to Radiation 1.27 0.57 1.00 5.00 0.04 

WC_18 Exposed to Whole Body Vibration 1.32 0.61 1.00 4.39 0.21 

WC_19 Extremely Bright or Inadequate Lighting 2.04 0.82 1.01 4.46 0.34 

WC_20 Face-to-Face Discussions 4.60 0.29 3.18 5.00 -0.18 
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Table 4 (Continued). 

Variable Descriptor name    M     SD Min. Max.     r 

WC_21 Freedom to Make Decisions 4.09 0.42 2.53 4.95 -0.09 

WC_22 Frequency of Conflict Situations 3.05 0.54 1.82 4.53 0.11 

WC_23 Frequency of Decision Making 3.89 0.52 2.18 4.91 0.14 

WC_24 Impact of Decisions on Co-workers or Company 

Results 

3.87 0.43 2.56 4.87 0.04 

WC_25 Importance of Being Exact or Accurate 4.19 0.41 2.90 5.00 -0.10 

WC_26 Importance of Repeating Same Tasks 3.33 0.66 1.62 4.92 0.01 

WC_27 In an Enclosed Vehicle or Equipment 2.30 1.10 1.00 4.98 0.33 

WC_28 In an Open Vehicle or Equipment 1.52 0.77 1.00 4.39 0.25 

WC_29 Indoors, Environmentally Controlled 4.00 0.88 1.08 5.00 -0.33 

WC_30 Indoors, Not Environmentally Controlled 2.18 0.98 1.00 4.65 0.26 

WC_31 Letters and Memos 3.20 0.73 1.22 4.92 -0.22 

WC_32 Level of Competition 3.01 0.56 1.26 4.85 -0.18 

WC_33 Outdoors, Exposed to Weather 2.38 1.24 1.00 5.00 0.40 

WC_34 Outdoors, Under Cover 1.76 0.72 1.00 3.98 0.27 

WC_35 Pace Determined by Speed of Equipment 1.82 0.80 1.00 4.39 0.19 

WC_36 Physical Proximity 3.50 0.66 2.14 4.99 0.26 

WC_37 Public Speaking 2.19 0.68 1.03 4.54 -0.16 

WC_38 Responsibility for Outcomes and Results 3.29 0.62 1.60 4.79 0.04 

WC_39 Responsible for Others' Health and Safety 3.24 0.84 1.28 4.86 0.37 

WC_40 Sounds, Noise Levels Are Distracting or 

Uncomfortable 

3.10 0.79 1.57 4.96 0.33 

WC_41 Spend Time Bending or Twisting the Body 2.33 0.86 1.00 4.67 0.45 
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Table 4 (Continued). 

Variable Descriptor name    M     SD Min. Max.     r 

WC_42 Spend Time Climbing Ladders, Scaffolds, or Poles 1.41 0.58 1.00 4.15 0.23 

WC_43 Spend Time Keeping or Regaining Balance 1.59 0.50 1.00 3.46 0.45 

WC_44 Spend Time Kneeling, Crouching, Stooping, or 

Crawling 

1.88 0.65 1.00 4.23 0.40 

WC_45 Spend Time Making Repetitive Motions 3.07 0.72 1.41 4.74 0.17 

WC_46 Spend Time Sitting 3.13 1.06 1.05 4.99 -0.35 

WC_47 Spend Time Standing 3.07 0.96 1.35 5.00 0.35 

WC_48 Spend Time Using Your Hands to Handle, Control, or 

Feel Objects, Tools, or Controls 

3.27 0.95 1.30 5.00 0.31 

WC_49 Spend Time Walking and Running 2.58 0.78 1.08 4.62 0.43 

WC_50 Structured versus Unstructured Work 4.02 0.42 2.07 4.98 -0.22 

WC_51 Telephone 4.29 0.73 1.60 5.00 -0.22 

WC_52 Time Pressure 3.87 0.46 2.13 5.00 -0.01 

WC_53 Very Hot or Cold Temperatures 2.25 1.06 1.00 4.93 0.40 

WC_54 Wear Common Protective or Safety Equipment such 

as Safety Shoes, Glasses, Gloves, Hearing Protection, 

Hard Hats, or Life Jackets 

2.81 1.42 1.00 5.00 0.38 

WC_55 Wear Specialized Protective or Safety Equipment 

such as Breathing Apparatus, Safety Harness, Full 

Protection Suits, or Radiation Protection 

1.65 0.80 1.00 4.63 0.28 

WC_56 Work Schedules 1.29 0.25 1.00 2.44 0.16 

WC_57 Work With Work Group or Team 4.25 0.41 2.47 5.00 -0.09 

Note. M and SD represent mean and standard deviation, respectively; -.10 < r > .10, p < .05; -.14 < r > .14, p < .01 



 

 

40 
 

LASSO 

The LASSO regression yielded 11 sparse predictors; the results are 

presented in Table 5. MSE was 6555.47 for the training set and was 9156.45 for the 

test set. The 11 predictors together explained 44.1% of the variance in incidence 

rates within the training set and 29.3% within the test set. This implies that the 

model trained on the training dataset does not perform as well with the test dataset. 

Together, these two indices indicated slight overfitting. Work context feature of 

dealing with physically aggressive people had the strongest positive effect on 

incidence rates (frequency, = 38.47) while holding all other predictors constant, 

followed by the GWA performing general physical activities (importance,  

Table 5. LASSO Regression Results and Sparse Predictors 

Variable Descriptor name 

Intercept - 81.250 

WC_6 Deal With Physically Aggressive People 38.472 

GWA_I29 Performing General Physical Activities-Importance 16.286 

WC_43 Spend Time Keeping or Regaining Balance 8.424 

WC_16 Exposed to Minor Burns, Cuts, Bites, or Stings 7.822 

GWA_L26 Operating Vehicles, Mechanized Devices, or 

Equipment-Level 

7.494 

WC_27 In an Enclosed Vehicle or Equipment 4.432 

WC_49 Spend Time Walking and Running 0.247 

WC_20 Face-to-Face Discussions -9.234 

WV_6 Working Conditions -3.696 

WC_10 Electronic Mail -1.895 

WC_50 Structured versus Unstructured Work -1.508 

MSE Training set: 6555.473 Test set: 9156.445 

R
2
 .441 .293 

Note. MSE and R
2
 represent overall mean squared residual error and total variance 

explained in outcome, respectively;  is standardized regression coefficient. 
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 = 16.29). Work context feature of face-to-face discussions had the strongest 

negative relation to incidence rates (frequency,  = -9.23), followed by the work 

value, working conditions (extent or reinforcement,  = -3.70). 

Random Forest 

The random forest model from 5000 bootstrapped samples yielded 8 

predictors with feature importance greater than 2.0%; the results are presented in 

Table 6. MSE was 2025.86 for the training set and was 8664.56 for the test set. The 

8 predictors together explained a variance of 82.7% in the incidence rates within 

the training set and 33.1% within the test set. Together these values indicated 

considerable overfitting. The top five predictors with the highest feature importance 

values were the work context feature of dealing with physically aggressive people 

(frequency, 30.97%), GWA of performing general physical activities– 

Table 6. Random Forest Results and Predictors with Feature Importance > 2.0% 

Variable Descriptor name      FI (%)            

WC_6 Deal With Physically Aggressive People 30.969 

GWA_I29 Performing General Physical Activities-Importance 13.650 

GWA_L29 Performing General Physical Activities-Level 4.658 

WC_27 In an Enclosed Vehicle or Equipment 2.970 

GWA_I35 Resolving Conflicts and Negotiating with Others-

Importance 

2.284 

WC_49 Spend Time Walking and Running 2.279 

WC_43 Spend Time Keeping or Regaining Balance 2.207 

WC_39 Responsible for Others' Health and Safety 2.153 

MSE Training set: 2025.862 Test set: 8664.557 

R
2
 .827 .331 

Note. MSE and R
2
 represent mean squared residual error and variance explained in 

outcome, respectively; FI represents feature importance. 
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importance (13.66%) and level (4.66%)–work context feature of working in an 

enclosed vehicle or equipment (frequency, 2.97%), and GWA of resolving conflicts 

and negotiating with others (importance, 2.28%). 

Gradient Boosting 

The gradient boosting model from specified parameters yielded 11 

predictors with feature importance greater than 2.0%; the results are presented in 

Table 7. MSE was 745.54 for the training set and was 9351.84 for the test set. The 

11 predictors together explained a variance of 93.6% in the incidence rates within 

the training set and 27.8%. Together, these values indicated considerable 

overfitting. The top five predictors with the highest feature importance values were 

the work context feature of dealing with physically aggressive people (frequency, 

33.85%), GWA of performing general physical activities (importance, 14.25%), 

work context feature of working in very hot or cold temperatures (frequency, 

5.61%), GWA of resolving conflicts and negotiating with others (importance, 

5.50%), and GWA of monitoring processes, materials, or surroundings 

(importance, 5.03%). 

Refer to Appendix B for detailed descriptions of the predictors (O*NET 

Content Model, 2019) obtained from the above methods. 
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Table 7. Gradient Boosting Results and Predictors with Feature Importance > 2.0% 

Variable Descriptor name      FI (%)            

WC_6 Deal With Physically Aggressive People 33.854 

GWA_I29 Performing General Physical Activities-Importance 14.248 

WC_53 Very Hot or Cold Temperatures 5.606 

GWA_I35 Resolving Conflicts and Negotiating with Others-

Importance 

5.498 

GWA_L24 Monitor Processes, Materials, or Surroundings-

Level 

5.033 

WC_39 Responsible for Others’ Health and Safety 5.026 

WC_21 Freedom to Make Decisions 3.457 

WC_27 In an Enclosed Vehicle or Equipment 2.711 

GWA_I26 Operating Vehicles, Mechanized Devices, or 

Equipment-Importance 

2.488 

WC_49 Spend Time Walking and Running 2.185 

WC_51 Telephone 2.184 

MSE Training set: 745.544 Test set: 9351.841 

R
2
 .936 .278 

Note. MSE and R
2
 represent mean squared residual error and variance explained in 

outcome, respectively; FI represents feature importance. 

Discussion 

Findings indicate that the O*NET descriptors related to work, work context, 

and to a lesser extent worker characteristics were indeed significant in predicting 

nonfatal occupational injury/incident rates. The amount of variance explained in the 

outcome by all the predictors varied from 27.8% (gradient boosting) to 33.1% 

(random forest). The number of major predictors from the exploratory analyses 

varied from 8 (random forest) to 11 (LASSO, gradient boosting) with 19 unique 

predictors across the three machine learning methods (see Table 8). Within these 19 

unique predictors, inter-item (predictor) correlations ranged from -.61 to .97 with 

mean inter-item correlation as .18. Frequency of dealing with physically aggressive 
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people and the importance of performing general physical were two major features 

that predicted incident rates across all the methods used. Therefore, the use of 

O*NET predictors and machine learning models present a fruitful avenue for the 

advancement of safety research. 

Research questions 1 through 3 sought to identify the worker 

characteristics, work context features, and work features that are most important in 

predicting safety outcomes. Research question 4 sought to assess the relative 

contributions of these three categories of predictors in predicting safety outcomes. 

In line with prior research (e.g., Bauerle & Magley, 2012), work context 

characteristics comprised majority of the predictors that impacted the outcome. 

Frequency of dealing with physically aggressive people was found to be the most 

important predictor from all three methods, both overall as well as among the work 

context features. Frequency of working in an enclosed vehicle or equipment, 

frequency of working in very hot or cold temperatures, amount of time spent 

walking and running, amount of time spent keeping and regaining balance, extent 

of responsibility for others’ health and safety, frequency of face-to-face 

discussions, and frequency of exposure to minor burns, cuts, bites, or stings were 

other key predictors whereas frequency of emailing and of telephone conversations 

and the extent of freedom to make decisions without supervision and to determine 

work tasks, priorities, and goals (structured versus unstructured work) were less 

important predictors of occupational incident rates. 
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Several GWAs were also instrumental in predicting the outcome. 

Importance of performing general physical activities that require considerable use 

of arms and legs and moving the whole body was the most notable GWA predictor 

and the second most important predictor overall. GWAs with high importance of 

resolving conflicts and negotiating with others, high level of monitoring processes, 

materials, or surroundings, and high level and importance of operating vehicles, 

mechanized devices, or equipment also influenced occupational incident rates. On 

the other hand, a single work value of working conditions that indicates the extent 

to which the occupation satisfies the need for job security and good working 

conditions was important in predicting occupational injury rates (negative relation; 

only from one method). No other work values or work styles were instrumental in 

predicting the outcome. Thus, it is inferred that work context features were most 

important in predicting nonfatal occupational injury rates, followed immediately by 

work activities, and lastly by worker characteristics. 

Table 8 shows a comparison of results from all three machine learning 

methods. Apart from the frequency of dealing with physically aggressive people 

and the importance of performing general physical activities which were the top 

two predictors across all three methods, frequency of working in an enclosed 

vehicle or equipment and amount of time spent walking and running were common 

predictors of incident rates amongst all three methods and present greater risk for 

accidents in occupations high on these factors. Amount of time spent keeping or 



 

 

46 
 

regaining balance, frequency of face-to-face discussions, and frequency of 

exposure to minor burns, cuts, bites, or stings were three of the top five predictors 

from LASSO regression results but assumed less importance in the other methods. 

The level of performing general physical activities was one of the top five 

predictors in the random forest model but assumed less importance in the other 

methods. The level of monitoring processes, materials, or surroundings and 

frequency of working in very hot or cold temperatures were amongst the top five 

predictors in the gradient boosting model but assumed less importance in the other 

methods. Importance of resolving conflicts and negotiating with others and extent 

of responsibility for others’ health and safety in the occupation were important 

predictors common to both random forest and gradient boosting methods. 

In relation to comparison with Bauerle and Magley’s (2012) results from 

traditional linear discriminant analysis, results from the current study showed some 

notable differences. Wearing common protective and safety equipment which was 

their top O*NET predictor of safety saliency did not come up in results from either 

or the three methods used here. The same goes for the predictors–exposure to 

hazardous equipment, exposure to hazardous conditions, and work activity of 

handling and moving objects. Performing general physical activities and operating 

vehicles, mechanized devices, or equipment were key O*NET predictors across 

both studies. However, it should be noted that importance and level ratings of both 

handling and moving objects and performing general physical activities were  
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Table 8. Comparison of Results and Predictors from All Three Methods 

Variable Descriptor name 
LASSO 

() 

RF  

(FI%) 

GB 

 (FI%) 

GWA_L24 Monitor Processes, Materials, or 

Surroundings-Level 

- - 5.03 

GWA_I26 Operating Vehicles, Mechanized 

Devices, or Equipment-

Importance 

 - 2.49 

GWA_L26 Operating Vehicles, Mechanized 

Devices, or Equipment-Level 

7.49 - - 

GWA_I29 Performing General Physical 

Activities-Importance 

16.29 13.65 14.25 

GWA_L29 Performing General Physical 

Activities-Level 

- 4.66 - 

GWA_I35 Resolving Conflicts and 

Negotiating with Others-

Importance 

- 2.28 5.5 

WC_6 Deal With Physically Aggressive 

People 

38.47 30.97 33.85 

WC_10 Electronic Mail -1.89 - - 

WC_16 Exposed to Minor Burns, Cuts, 

Bites, or Stings 

7.82 - - 

WC_20 Face-to-Face Discussions -9.23 - - 

WC_21 Freedom to Make Decisions - - 3.46 

WC_27 In an Enclosed Vehicle or 

Equipment 

4.43 2.97 2.71 

WC_39 Responsible for Others' Health 

and Safety 

- 2.15 5.03 

WC_43 Spend Time Keeping or 

Regaining Balance 

8.42 2.21 - 

WC_49 Spend Time Walking and 

Running 

0.25 2.28 2.19 

WC_50 Structured versus Unstructured 

Work 

-1.51 - - 

WC_51 Telephone - - 2.18 

WC_53 Very Hot or Cold Temperatures - - 5.61 

WV_6 Working Conditions -3.70 - - 

Note. RF and GB represent random forest and gradient boosting respectively;  

 is standardized regression coefficient and FI represents feature importance. 
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highly correlated with each other (r > .80). Similar patterns of correlations were 

observed between exposure to hazardous equipment, exposure to hazardous 

conditions, and exposure to minor burns, cuts, bites, or stings; the latter was a top 

predictor in the current study. Similarly, wearing common protective and safety 

equipment also correlated strongly with other top predictors in the current study. 

The current study adds specifically to Bauerle and Magley’s (2012) work and to 

safety research using traditional statistical analysis in general in that in uncovers 

other predictors that are useful in predicting safety outcomes as detailed above. In 

total, there were 19 unique predictors derived from the analysis results (see 

Appendix B). Further, the specificity of GWA predictors (importance or level 

ratings) adds an additional level of detail which will aid in developing a more 

accurate occupational risk factor. 

Although the above findings might indicate that there is no further value in 

exploring worker characteristics such as values and styles, it should be noted that 

the feature selection through computation of feature importance values in both 

random forest and gradient boosting models come with an important caveat. When 

two or more features are highly correlated in these models, one feature may be 

ranked highly while the information of the other feature(s) may not be captured 

fully negatively impacting interpretability (Raschka & Mirjalili, 2017). Thus, it is 

possible that correlation of worker characteristic features with work or work 
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context features could have masked some worker characteristics critical to 

predicting outcomes.  

Additionally, LASSO results indicated slight overfitting while the other two 

methods showed considerable amounts of overfitting. This could be due to the 

small sample size (N = 376) and addressing the issue of overfitting with best 

practices that require relatively larger datasets for analysis could bring forth worker 

features key to predicting outcomes. For example, analysis data is usually divided 

into three sets: training, validation, and test set; the model is trained on the training 

set, parameter tuning is carried out on the validation set before refitting the model 

on combined data pertaining to training and validation set, and evaluation is carried 

out on the test set. However, due to the limited sample size in the current study, the 

data was divided into two sets. The model was trained, parameter tuning was 

carried out, and model was refit on the training set whereas evaluation was carried 

out on the validation/test set. 

Another limitation of the current study is the level of specificity of the 

occupation. Since the outcome data is currently available at a higher level (SOC) 

than the predictor data (O*NET-SOC), some predictor data points were aggregated 

to the higher SOC level. Conversely, it would be interesting to see if the results will 

differ significantly when the higher level SOC data is disaggregated to the predictor 

O*NET-SOC level. This would also increase the sample size for analysis and 

presents an opportunity for future research. In sum, addressing both the above 
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limitations would also provide more leeway to eliminate outliers without worrying 

about reducing the number of data points for analysis; outliers were not eliminated 

in this study. 

Implications 

Research Implications 

This study contributes to the safety literature in several ways. First, it 

presents a huge step toward the development of a cross-occupational risk factor. 

The identification of 19 variables related to work activities, work context, and 

worker characteristics and their relevance to predicting more than 27% of the 

variance in occupational accident rates adds considerably to the research on 

determinants of safety outcomes at an occupational level. Results on the predictors 

most useful in assessing injury risk across occupations help understand their 

relative importance, provide a robust measure for use in future safety research 

across organizations, and serve as external validity findings for prior safety studies. 

Development of an occupational risk index can also help classify occupations into 

categories of risk levels to inform future trends in accident occurrence and safety 

improvements. Further, this study can also be examined at the O*NET-SOC level 

of analysis to examine any other outstanding features. Also, other safety outcomes 

(also available online) can be examined such as median days away from work due 

to injuries, incidence rates with musculoskeletal disorders, incidence rates by event 

or exposure, incidence rates by nature of injury or illness, incidence rates by part of 
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body affected, and/or incidence rates by source of injury or illness. This will help 

inform more specific research findings. 

Second, the reiteration of work context features as most critical 

determinants of safety outcomes supports recent findings by Cornelissen and 

colleagues (2017). While some of the work context features have already been 

studied previously, the aspect of dealing with physically aggressive people in the 

work context as the topmost predictor was a particularly interesting finding. This 

suggests that nonfatal occupational injuries may be more so due to interpersonal 

dynamics within occupations than due to other factors. Future work could examine 

this predictor in relation to the existing research on organizational safety climate 

and individual psychological climate (e.g., Beus et al., 2010) to uncover important 

relationships. Also, occupations where people are given more freedom to make 

decisions, are responsible for others’ health and safety, and have reasonable liberty 

to structure their work are also prone to less incidents. This preliminary finding 

may suggest that managerial-level positions are not as susceptible to injuries as 

frontline worker positions; future research could examine this issue even within the 

O*NET context. 

Third, it was expected that within the understudied work activities category, 

inclusion of a broad array of descriptors might lead to interesting inferences 

previously unexplored in research. In line with expectations, several work activities 

were uncovered as significant predictors of occupational injuries. Jobs where there 
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is higher level of and greater importance to performing general physical activities 

such as climbing lifting, balancing, walking, stooping, and handling of materials 

are susceptible to injuries. In addition, jobs where incumbents operate vehicles and 

mechanized equipment are also at risk (e.g., construction jobs, manufacturing 

industry jobs). The activities of resolving conflicts with others and monitoring 

processes, materials, and environment, were also found to predict injuries to a 

lesser extent. These findings underscore the role of work activities in predicting 

safety outcomes present opportunities for findings to be replicated to advance 

further research in this area. 

Fourth, although quite minimal, it adds to the scant literature on personality 

antecedents of safety outcomes. It also emphasizes the role of person-situation 

interactions by highlighting that people pay attention to the extent to which jobs 

satisfy their need for job security and good working conditions. If the occupation 

provides a fine working environment, people tend to have fewer injuries. This is in 

line with previous findings that worker motivation plays a huge role in determining 

safety behaviors (Ford & Tetrick, 2008). Future research should explore the role of 

other worker motivations and values which are important in predicting safety 

outcomes. In addition, this study also illustrates the use of job descriptor ratings to 

study these characteristics.  

Fifth, it was proposed that the use of statistical learning techniques will 

present an alternative approach to safety research and provide a basis for 
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comparison to results from research using traditional methods. The current findings 

have huge value for safety research at the occupational level. All three methods 

showed consistent results in terms of predictors, i.e., the most important predictors 

were the same in all three models. Comparison to existing findings by Bauerle and 

Magley (2012) also looks promising in that commonalities in predictors were found 

even when the particular safety outcome was different. Therefore, the current study 

demonstrates the application of machine learning methods to existing job analysis 

ratings to derive meaningful insights. Further research in this area can use bigger 

datasets, use principal component analysis to derive orthogonal predictors and 

reduce the number of features before analysis, use ensemble methods (e.g., 

combine LASSO and random forest), and/or adopt best practices for choosing 

optimal machine learning models and parameter tuning. This will help arrive at 

more concrete results, aid further understanding, and will be particularly 

instrumental when multiple outcomes are studied (as described earlier). 

Sixth, a unique contribution derived from the use of O*NET data in the 

current study, the establishment of job component validity of safety assessments, is 

described in the following section. 

Job Component Validity. Job Component Validity (JCV) is a type of 

synthetic validation technique used to infer the validity of selection procedures in 

situations where conducting traditional validation studies are not feasible such as 

small sample sizes and other practical constraints. A key assumption of the JCV 
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approach is based on the gravitational hypothesis that states that people tend to 

move toward and remain in jobs which require levels of abilities similar to their 

own, and which are in line with their personal characteristics. This method 

establishes the relation between tests and performance constructs indirectly by 

using standardized job analysis information that reflects attributes measured by the 

test to predict mean scores of job incumbents or test validity coefficients across 

jobs (Johnson, 2007; McCormick, DeNisi, & Shaw, 1979). 

Until recently, studies on JCV have mainly used the Position Analysis 

Questionnaire (PAQ) as the job analysis instrument (e.g., McCormick, Jeanneret, & 

Mecham,1972; McCormick et al., 1979). Jeanneret and Strong (2003) were the first 

to suggest the application of the JCV model through the use of O*NET job analysis 

data to determine job requirements and aid the development of selection tools. 

Since then, several others have probed the application of O*NET data to establish 

predictive validity on incumbent test scores through job component validation (e.g., 

D’Egidio, 2001; LaPolice et al., 2008) with positive results. Therefore, the use of 

O*NET variables in job component validation holds much promise (Levine & 

Oswald, 2012). Identifying the O*NET descriptors that predict accident rates 

across jobs in the current study will allow researchers to further explore its use in 

job component validation and aid the development of safety-related assessments 

across industries. This will not only reduce negative safety outcomes in 

organizations but also contribute to the fast growing field of synthetic validation 
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research in general, and more specifically toward the use of O*NET data in such 

studies. 

Practical Implications 

Findings suggest that many accidents occur in driving-related occupations 

(more time in an enclosed vehicle or equipment), in jobs where people spend a lot 

of time walking, running, and regaining balance (e.g., restaurant servers/food 

runners), jobs with extremely hot or cold temperatures (e.g., furnace workers, cold 

storage personnel), and occupations where employees are exposed to minor burns, 

cuts, or stings (e.g., manufacturing). Jobs with more frequency of face-to-face 

discussions and where emails and telephone are largely used for communication 

tend to have fewer injuries (e.g. desk jobs). This information can be used in the 

development of safety assessments and screening tools in personnel selection to 

help prevent accidents.  

Understanding the impact of structured work, working conditions, and 

extent of physical activity on safety outcomes can help organizations redesign work 

and the work environment accordingly. Psychosocial factors important to safety 

outcomes can be addressed by adopting developmental initiatives. In addition, this 

will allow safety training and related initiatives and programs to be targeted toward 

specific areas. Further efforts toward developing an occupational risk index can 

also inform the type of safety training to be adopted (Burke et al., 2011). Such a 

measure beyond perceptions of risk can assist organizations strategically plan 
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initiatives and aid in resource allocation and decision-making, especially in high-

risk industries such as those identified above. Results from this study can also 

inform workplace safety practices in a broader global context. 
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Conclusion 

This study demonstrates how using advanced exploratory techniques to 

analyze predictor information from three areas—work activities, work context 

features, and worker characteristics—can uncover new insights to assess 

occupational risk and in turn predict safety outcomes. In addition, while majority of 

our understanding of safety has been from an individual or organizational 

perspective, this study helps identify determinants of accidents across jobs by 

adopting occupations as the unit of analysis. This information can be used to 

develop safety assessments and screening tools in personnel selection and 

development to aid accident prevention, allow for targeted safety training 

initiatives, and assist strategic planning in organizations. These findings are more 

important in high-risk industries and can also assist in saving lives across the globe. 
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Appendix A 

BLS Data Preparation: Python Code 

In /BLS data.py 

import numpy as np 

import pandas as pd 

from selenium import webdriver 

from selenium.webdriver.support.select import Select 

from bs4 import BeautifulSoup 

import time 

import re 

import os 

 

# Starting browser, accessing webpage 

url = 'https://data.bls.gov/gqt/InitialPage' 

chromedriver = r"C:\Users\Lavanya\Downloads\chromedriver" 

browser = webdriver.Chrome(chromedriver) 

browser.get(url) 

browser.maximize_window() 

time.sleep(2) 

browser.find_element_by_xpath('//*[@type="radio" and 

@value="2"]').click() 

time.sleep(2) 

browser.find_element_by_name('Continue').click() 

Select(browser.find_element_by_name('year')).select_by_value("2018"

) 

time.sleep(2) 

browser.find_element_by_name('Continue').click() 

Select(browser.find_element_by_name('stateCode')).select_by_value("

00") 

Select(browser.find_element_by_name('multipleYears')).select_by_val

ue("2018") 

time.sleep(2) 

browser.find_element_by_name('Continue').click() 

Select(browser.find_element_by_name('characteristic')).select_by_va

lue("OCC") 

Select(browser.find_element_by_name('order')).select_by_value("1") 

time.sleep(2) 

browser.find_element_by_name('Continue').click() 

 

# Find number of entries in the occupation list 

subchar = browser.find_element_by_name("subcharacteristic") 

subchar_opt = [x for x in 

subchar.find_elements_by_tag_name("option")] 

list = [] 

for element in subchar_opt: 

    list.append(element.get_attribute("value")) 

print(len(list)) 
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# Initialization with first two columns 

Select(browser.find_element_by_name('ownership')).select_by_value("

0") 

Select(browser.find_element_by_name('subcharacteristic')).select_by

_value(list[5]) 

# 5 is the first data point for Occ #111011 

time.sleep(2) 

browser.find_element_by_name('Continue').click() 

browser.find_element_by_xpath('//input[@type="submit" and 

@value="Generate HTML table"]').click() 

html_source = browser.page_source 

soup = BeautifulSoup(html_source, 'lxml') 

table = soup.find_all('table')[1] 

init = pd.read_html(str(table),header=0) 

browser.back() 

browser.back() 

idf = init[0].drop(init[0].columns[2],axis=1) 

datalist = [] 

datalist.append(idf) 

 

#Iteration and download 

for i in range(0,len(list)): 

    if list[i][len(list[i])-1] != 'X' and list[i][len(list[i])-1] 

!= '0': 

        

Select(browser.find_element_by_name('ownership')).select_by_value("

0") 

        

Select(browser.find_element_by_name('subcharacteristic')).select_by

_value(list[i]) 

        time.sleep(2) 

        browser.find_element_by_name('Continue').click() 

        browser.find_element_by_xpath('//input[@type="submit" and 

@value="Generate HTML table"]').click() 

        html_source = browser.page_source 

        soup = BeautifulSoup(html_source, 'lxml') 

        table = soup.find_all('table')[1] 

        df = pd.read_html(str(table),header=0) 

        

df[0].drop([df[0].columns[0],df[0].columns[1]],axis=1,inplace=True) 

        datalist.append(df[0]) 

        browser.back() 

        browser.back() 

result = pd.concat([pd.DataFrame(datalist[i]) for i in 

range(len(datalist))],axis=1) 

browser.quit() 

result 

 

# Storing in MS excel file 
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result.to_excel('BLS_Raw_data.xlsx', sheet_name='downloaded', 

index=False) 

 

# Data cleaning 

res=pd.read_excel('BLS_Raw_data.xlsx', sheet_name='downloaded') 

res 

 

# Preserving actual data in res dataframe 

trun=res.copy(deep=True) 

trun.drop('All occupations', axis=1, inplace=True) 

trun.head() 

 

# Deleting unnecessary rows by index 

indexes_to_drop = 

[0,1,3,4,5,6,7,8,9,10,11,12,13,14,15,16,17,18,19,20,21,22,23,24,25,

26,28,29,30,31,32,33,34,35,36,37,38,39,40,41,42,43,44,45,46,47,48,4

9,50,51,52,53,54,55,56,57,58,59,60,62,63,84,85,102,103,122,123,140,

141,142,143,144,145,146,147,148,149,150,151,152] 

trun.drop(trun.index[indexes_to_drop],inplace=True) 

trun.info() 

 

# Resetting the index from 0 

trun.reset_index(drop=True,inplace=True) 

trun.head() 

 

# Changing index to occupation name/code 

trun.set_index('Characteristic',inplace=True) 

trun.head() 

 

# Arranging criterion in columns 

new=trun.transpose() 

new.head() 

 

# Renaming columns with same name 

cols = [] 

count = 1 

for column in new.columns: 

    if column == 'All other': 

        cols.append(f'All other_{count}') 

        count+=1 

        continue 

    cols.append(column) 

new.columns = cols 

new.rename(columns={'Total:':'Incidence rate','Median days away 

from work(3)':'Median','All other_1':'All other events','All 

other_2':'All other injuries','All other_3':'All other parts','All 

other_4':'All other sources'},inplace=True) 

new.head() 

 

# Adding new index column and changing occ name/code to separate 

column 
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new.reset_index(inplace=True) 

new.rename(columns={'index':'Occupation code'}, inplace=True) 

new.head() 

 

# Dropping rows/occupations with no data for incidence rates 

new.drop(new[new['Incidence rate']=='-'].index, inplace=True) 

new.reset_index(drop=True, inplace=True) 

new.info() 

new 

 

# Splitting occupation code column into name & code columns and 

rearranging columns 

temp = new['Occupation code'].str.split("(", n=1, expand=True) 

x = temp[1].str.split(" ", n=1, expand=True) 

y = x[1].str.split(")", n=1, expand=True) 

temp[1] = y[0] 

new['Occupation name'] = temp[0] 

new['SOC code'] = temp[1] 

new.drop(columns='Occupation code', inplace=True) 

cols_to_move =['Occupation name', 'SOC code'] 

full_crit = new[cols_to_move + [col for col in new.columns if col 

not in cols_to_move]] 

full_crit.head() 

 

# Storing clean data in MS excel file 

full_crit.to_excel('BLS_Cleaned_data.xlsx', sheet_name='All', 

index=False) 

 

# Separating data for incidence rates and storing in separate MS 

excel file 

idx = np.r_[-72:0] 

incidence = full_crit.drop(full_crit.columns[idx], axis=1) 

incidence.to_excel('Incidence_rate.xlsx', 

sheet_name='Incidence_rate', index=False) 

incidence.head() 
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Appendix B 

O*NET Detailed Descriptors from Analysis Results 

Variable O*NET Descriptor  Detailed description O*NET Dimension 

GWA_L24 Monitor Processes, 

Materials, or 

Surroundings-Level 

Monitoring and reviewing information from 

materials, events, or the environment, to detect or 

assess problems. 

Generalized Work 

Activities-

Information Input 

GWA_I26 Operating Vehicles, 

Mechanized Devices, or 

Equipment-Importance 

Running, maneuvering, navigating, or driving 

vehicles or mechanized equipment, such as 

forklifts, passenger vehicles, aircraft, or water 

craft. 

Generalized Work 

Activities-Work 

Output 

GWA_L26 Operating Vehicles, 

Mechanized Devices, or 

Equipment-Level 

Running, maneuvering, navigating, or driving 

vehicles or mechanized equipment, such as 

forklifts, passenger vehicles, aircraft, or water 

craft. 

Generalized Work 

Activities-Work 

Output 

GWA_I29 Performing General 

Physical Activities-

Importance 

Performing physical activities that require 

considerable use of your arms and legs and 

moving your whole body, such as climbing, 

lifting, balancing, walking, stooping, and 

handling of materials. 

Generalized Work 

Activities-Work 

Output 

GWA_L29 Performing General 

Physical Activities-

Level 

Performing physical activities that require 

considerable use of your arms and legs and 

moving your whole body, such as climbing, 

lifting, balancing, walking, stooping, and 

handling of materials. 

Generalized Work 

Activities-Work 

Output 
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Variable O*NET Descriptor  Detailed description O*NET Dimension 

GWA_I35 Resolving Conflicts and 

Negotiating with Others-

Importance 

Handling complaints, settling disputes, and 

resolving grievances and conflicts, or otherwise 

negotiating with others. 

Generalized Work 

Activities-

Interacting With 

Others 

WC_6 Deal With Physically 

Aggressive People 

How frequently does this job require the worker 

to deal with physical aggression of violent 

individuals? 

Work Context-

Interpersonal 

Relationships 

WC_10 Electronic Mail How often do you use electronic mail in this job? Work Context-

Interpersonal 

Relationships 

WC_16 Exposed to Minor 

Burns, Cuts, Bites, or 

Stings 

How often does this job require exposure to minor 

burns, cuts, bites, or stings? 

Work Context-

Physical Work 

Conditions 

WC_20 Face-to-Face 

Discussions 

How often do you have to have face-to-face 

discussions with individuals or teams in this job? 

Work Context-

Interpersonal 

Relationships 

WC_21 Freedom to Make 

Decisions 

How much decision making freedom, without 

supervision, does the job offer? 

Work Context-

Structural Job 

Characteristics 

WC_27 In an Enclosed Vehicle 

or Equipment 

How often does this job require working in a 

closed vehicle or equipment (e.g., car)? 

Work Context-

Physical Work 

Conditions 

WC_39 Responsible for Others' 

Health and Safety 

How much responsibility is there for the health 

and safety of others in this job? 

Work Context-

Interpersonal 

Relationships 

WC_43 Spend Time Keeping or 

Regaining Balance 

How much does this job require keeping or 

regaining your balance? 

Work Context-

Physical Work 

Conditions 
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Variable O*NET Descriptor  Detailed description O*NET Dimension 

WC_49 Spend Time Walking 

and Running 

How much does this job require walking and 

running? 

Work Context-

Physical Work 

Conditions 

WC_50 Structured versus 

Unstructured Work 

To what extent is this job structured for the 

worker, rather than allowing the worker to 

determine tasks, priorities, and goals? 

Work Context-

Structural Job 

Characteristics 

WC_51 Telephone How often do you have telephone conversations 

in this job? 

Work Context-

Interpersonal 

Relationships 

WC_53 Very Hot or Cold 

Temperatures 

How often does this job require working in very 

hot (above 90 F degrees) or very cold (below 32 F 

degrees) temperatures? 

Work Context-

Physical Work 

Conditions 

WV_6 Working Conditions Occupations that satisfy this work value offer job 

security and good working conditions. 

Corresponding needs are Activity, Compensation, 

Independence, Security, Variety and Working 

Conditions. 

Work Values 

 


