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1 | INTRODUCTION

Trevor K. Peckham MS, MPA, PhD'2

Abstract

Objective: To characterize the burden and social distribution of occupational
psychosocial exposures in the United States (US).

Methods: We merged 2022 US employment and demographic data from the
Current Population Survey (CPS) with occupational characteristic data from the
Occupational Information Network (O*NET), wage data from the Occupational
Employment and Wage Statistics Survey, and hours worked from the CPS, to
estimate the number and proportion of US workers at risk of exposure to 19
psychosocial hazards. We additionally estimated the number and proportion of US
workers over- or underrepresented in exposure burden.

Results: Of the exposures examined, US workers were most commonly employed in
occupations with high time pressure (67.5 million US workers exposed; 43.2% US
workers exposed), high emotional labor (57.1 million; 36.6%), and low wages (47.8
million; 30.6%). The burden of exposures was uneven across sociodemographic
strata, attributable to occupational segregation. The full data set is available online at
https://deohs.washington.edu/us-exposure-burden.

Conclusions: Work-related psychosocial exposures are ubiquitous and should be
considered in occupational and public health research, policy, and interventions to

reduce the burden of disease and health inequities in the United States.

KEYWORDS

exposure burden, occupational justice, occupational surveillance, O*NET, psychosocial
exposures

additional evidence of racial and ethnic, socioeconomic, and sex

differences in the prevalence of and wvulnerability to certain

Mental health and substance use disorders, musculoskeletal dis-
orders, and cardiovascular disease are among the leading causes of
death and disability in the United States (US).* Marked disparities in
the morbidity and mortality from these conditions have been
consistently identified across sociodemographic strata.>® There is
substantial evidence that work-related exposures, including certain
organizational factors and other psychosocial hazards, are important

contributors to these and other adverse health conditions.*~® There is

psychosocial exposures, possibly contributing to the observed health
disparities.®™®

Psychosocial hazards are aspects of work related to its
organization and management, social context, and environment that
can increase the risk of work-related stress and contribute to
decreased well-being.””*° Examples include low job control, high job
demands, high job strain, long work hours, interpersonal conflict,

bullying, poor working conditions, and low wages.”'° Psychosocial
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exposures have been associated with various negative mental (e.g.,
depression), physical (e.g., cardiovascular disease), and behavioral
(e.g., smoking) health outcomes, as well as higher rates of absentee-
ism, presenteeism, and mortality.*° In Europe, 7.88% of cardiovas-
cular disease and 25.95% of depression in the working population
was found to be attributable to five psychosocial exposures.'? In the
United States, 120,000 deaths per year and 5%-8% of annual
healthcare costs may be attributable to certain psychosocial
exposures.'? It was also estimated that the societal cost of work-
related stress is $200-$300 billion per year in the United States.*

Changes in the nature and organization of work resulting from
technological advances, globalization, and other economic, political,
and social forces in recent decades have led to increased job
insecurity, competitive pressure, and other work-related psychosocial
exposures.®101314 While occupational health has historically focused
on chemical, physical, and biological exposures, the nature of modern
work has led to increased attention on psychosocial exposures.**3
However, psychosocial exposures are still largely unrecognized for
their contributions to workers' mental and physical health in the
United States, which is reflected in the absence of practices and
policies targeted toward prevention of such exposures.*

An important component of prevention is occupational exposure
surveillance, identified as an important area for development in a
2018 report by the National Academies of Sciences, Engineering, and
Medicine.*® Surveillance of occupational exposures is advantageous
over surveillance of health outcomes to identify opportunities for
intervention before the onset of illness or injury.'® This is especially
important for the prevention of diseases that may be latent, chronic,
or multicausal in nature, such as those related to stress, and which are
largely underreported in occupational health-outcome-based surveil-
lance systems.'® Exposures may be easier to identify and occur more
frequently than diseases, allowing for greater opportunity for
detection and reduction of health risks.'” Characterizing the
distribution of exposures across different working populations can
also help identify who is most at-risk, which is important for shaping
priorities, developing effective interventions, and improving our
understanding of how work-related exposures contribute to health
inequities. Occupational exposure surveillance efforts have typically
focused on chemical exposures, with an emphasis on the psycho-
social aspects of the workplace being historically underemphasized.*®

However, population-level exposure surveillance is challenging
due to the resources required to conduct such a large-scale
operation, as well as the lack of exposure information spanning the
wide variety of occupations in the United States. While there is no
comprehensive occupational exposure surveillance system in the
United States, in particular for psychosocial exposures, piecemeal
information on work organization and other psychosocial exposures
can be found in various existing data sources, such as the
Occupational Information Network (O*NET)Y” and the National
Health Interview Survey (NHIS) Occupational Health Supplements
(OHSs).?° Recent studies utilized these sources to estimate the
burden of psychosocial exposures among US workers, but they were
limited in scope of exposures, geographical area, or demographics

investigated.”?2"2% NIOSH has also published prevalence estimates
from the 2010 and 2015 NHIS OHSs online for a limited set of
psychosocial hazards by various sociodemographic categories.?®
However, a lack of empirical information on the burden of work-
related psychosocial exposures among US workers, as well as the
social distribution of these exposures, still remains.

In this study, we attempt to address this gap by characterizing
the burden and sociodemographic distribution of 19 psychosocial
exposures among the US workforce. Information from this analysis
can help identify prevalent exposures and high-risk working
populations, vital for improving worker health and reducing health
inequities.

2 | METHODS
2.1 | Data sources
2.1.1 | Current Population Survey (CPS)

The US Census Bureau and the US Bureau of Labor Statistics (BLS)
CPS provides labor force statistics for the United States.?* We
obtained 2022 employment estimates from the National Institute for
Occupational Safety and Health (NIOSH) Employed Labor Force (ELF)
query system, which generates worker estimates using the CPS by
2018 Census occupation codes and sociodemographic character-
istics.”?* We obtained worker estimates by race and ethnicity, sex,
education, nativity and citizenship, and age. We additionally obtained
data on hours worked by occupation code and sociodemographic
group.

We aggregated American Indian/Alaska Native, Asian, Black/
African American, multiracial, Native Hawaiian/Pacific Islander, and
Hispanic/Latino workers into an additional category consisting of all
racial and ethnic minoritized (REM) groups. Within the ELF query
system, employment estimates less than 1000 are considered
unstable. We have still included these in stand-alone groups to
include small populations often omitted or aggregated in occupa-

tional health research.

2.1.2 | The Occupational Information Network

We obtained occupation-level exposure information for select
psychosocial hazards from O*NET, a public-use database of job
characteristics developed under the US Department of Labor/
Employment and Training Administration.*” O*NET contains detailed
occupational characteristics for over 900 occupations described
using Occupational Information Network-Standard Occupational
Classification (O*NET-SOC) 2019 taxonomy. O*NET obtains data
from job analysts, workers, and occupational experts and updates
about a hundred occupations every year.?®

We downloaded files from the O*NET 27.2 Database for 33
elements representing psychosocial work exposures.?® O*NET
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respondents rate elements (i.e., psychosocial exposures) on a
numerical scale representing importance, level, frequency, or other
context of exposure, depending on the element. Different O*NET
elements are assessed in different ways. For skill-based elements,
both importance of the skill and level of the skill are assessed in the
O*NET survey, with “importance” being a measure of how necessary
a particular skill is to the occupation, and “level” attempting to assess
the physical or cognitive level needed to undertake the skill
successfully at work. Other O*NET elements ask about “context”
which is a single Likert-scale question assessing how often someone
does something or is exposed to something at their job, how much
time they spend doing particular tasks, how responsible they are for a
particular task, and so forth. The survey questions and response
scales used in our analysis are detailed in Supporting Information S1:
Appendix A. Previous research has found importance and level scores
to be highly positively correlated, and concerns have been raised
about the applicability and appropriateness of anchors used on the
Likert scales for the “level” questions.?” For this reason, our analysis
used context and importance measures, but did not use level
measures.

For most elements, a higher score indicated increased exposure.
Responses were weighted and averaged by BLS for all respondents
within the same occupation before data being publicly available for
download. The scales/interpretation for each element varied, so we
standardized the provided score for each occupation to a 0-100 scale
and reverse coded some elements, so a higher score indicated greater
exposure for all elements. Some O*NET elements were examined as
individual measures, while others were combined into aggregate
measures, the latter operationalized by averaging the score of
multiple elements as informed by prior studies.?2° For each
measure, we defined a threshold to represent a high level of
exposure. Additional details, including exposure descriptions, thresh-
olds, and related health outcomes are described in Supporting
Information S1: Appendix A. Further information on O*NET's
methodology and data collection strategy can be found in the
O*NET Resource Center (https://www.onetcenter.org/).

2.1.3 | O*NET informed aggregate psychosocial
exposures

As detailed in Supporting Information S1: Appendix A (Table B), we
aggregated several individual O*NET elements to create five
additional measures of psychosocial exposure, informed by multi-
dimensional constructs that have been previously operationalized
from O*NET elements and utilized in prior studies.?®?° We
developed an aggregate measure of Job Control, which refers to a
worker's ability to have influence and decision authority over their
work tasks, by averaging three individual O*NET elements as
proposed by Fujishiro and Koessler.?® We developed a measure of
Psychological Job Demands, which refers to aspects of a job that
require sustained cognitive or emotional efforts, by averaging four

O*NET elements as proposed by Cifuentes et al.?’

We operationalized a measure of Job Strain as a function of our
Job Control and Psychological Job Demands measures, with
occupations in the highest quartile of both Job Demand and Job
Control coded as high Job Strain occupations. We developed a
measure of Emotional Labor, which refers to the labor undertaken to
maintain relationships and regulate emotions, by averaging eight
O*NET elements as informed by Cifuentes et al.?° Our final
aggregate exposure variable was for Substantive Complexity of the
occupation, a measure of the independent critical thinking and
judgment required for the work.%° As informed by Fujishiro et al.*
and Meyer et al.,>° we constructed Substantive Complexity by
averaging 10 O*NET elements. As noted above, for any skill-based
O*NET element, we only used importance scores and did not
incorporate level scores, since the latter is more difficult to interpret
as a proxy of occupational exposure and is highly correlated with the
importance score anyway. This approach differs from the prior
studies that informed our aggregate measures, which first averaged
importance and level scores at the element level before combining

into aggregate measures.

2.1.4 | Occupational Employment and Wage
Statistics (OEWS) Survey

The US BLS Occupational Employment and Wage Statistics (OEWS)
survey produces employment and wage statistics for over 800
occupations in the United States.®? We utilized May 2022 estimates,
based on six panels of data collected over the previous 3 years, to
identify low-wage occupations, and assign employment estimates for
O*NET weighting purposes.®2 We defined occupations as having low
wages if their median hourly wage was ranked <25th percentile
(equivalent to $18.08). This ranked approach takes into consideration
differences in minimum wage laws and cost of living across the
United States, with the assumption that while median wages could
geographically vary, the same set of occupations are likely to remain
in the lower quartile throughout the United States.

2.2 | Data linkage and analysis

We utilized R (v4.3.0) for all data processing and analysis.%3 The three
data sources utilized different occupational classification systems,
requiring a multistep process to make the data compatible. Informed
by Hopson,®* we linked O*NET data with CPS data using crosswalk
and definition files®2353¢ to translate O*NET-SOC codes into 6-digit
SOC codes, then into Census codes. We imputed data for residual
SOC occupations (i.e., codes ending in -X9 and -99 covering “other”
categories) utilizing data from related occupations. In cases when one
Census code corresponded to multiple SOC codes, we used OEWS
employment data to weight the SOC codes. The final data set was
organized using 2018 Census occupation codes. Additional details of
our data linkage processes is provided in Supporting Information S2:
Appendix B.
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2.2.1 | Estimates of exposure burden

All workers within an occupation were considered exposed if the
average score for that occupation was at or above the predefined
exposure threshold. If the score was below the exposure threshold,
no workers within that occupation were considered exposed. We
summed the number of workers employed across all exposed
occupations to obtain the total number of exposed workers. For
long work hours, we obtained the number of workers working for
>48 h for each occupation, rather than a binary yes/no exposure
determination. For all exposures, we then divided the total number of
exposed workers by the total workforce to obtain the percent of
workforce exposed. Burden estimates were calculated for all workers

and separately by sociodemographic group.

2.2.2 | Estimates of over- and underrepresentation

We calculated the estimated number and percent of workers over- or
underrepresented in exposure by finding the absolute and relative
difference between the estimated number of exposed workers in a
particular sociodemographic group and the number of workers
expected to be exposed based on that group's overall proportion in
the total workforce. A group is overrepresented if the estimated
number of exposed workers in the sociodemographic group

exceeded the expected value.

3 | RESULTS

In 2022, the CPS estimated 156.1 million employed persons aged 18
and older in the United States. Average employment estimates by
sociodemographic group and major Census occupation are presented
inTable 1. O*NET data were available for 510 of 525 (97.1%) Census
codes in the CPS, representing 150.6 million workers (96.5% of the
workforce). Wage data were available for all but one Census code,

and work hours were available for all Census codes.

3.1 | Distribution of exposures by
sociodemographic group

Table 2 shows the percent of US workers with estimated exposure to
each psychosocial hazard by sociodemographic group. Of the
exposures examined, those with the greatest burden were high time
pressure (43.2% of workers exposed), high emotional labor (36.6%),
and low wages (30.6%). Nearly half of the US workforce (49.4%) were
employed in occupations with at least three psychosocial exposures,
per the O*NET occupation-level estimates. Additionally, 12.7% of
employees reported working >48 h/week (long work hours) as
gleaned from the CPS.

Employment in occupations with high job strain, low substantive

complexity, and many job control-related hazards tended be higher

891

TABLE 1 Average employment estimates of US workers 18
years and older in 2022, stratified by sociodemographic
characteristics and major Census occupation codes: 2022 Current

Population Survey.

Category
Sociodemographic group
Race and ethnicity®

American Indian or Alaska
Native

Asian
Black or African American
Multiracial

Native Hawaiian or Other
Pacific Islander

White

White, non-Hispanic
White, Hispanic

Any race

Hispanic or Latino
Not Hispanic or Latino

Racial and ethnic
minoritized groups®

Sex

Female

Male
Education level

Less than high school
diploma

High school diploma or
equivalent

Some college or associate
degree

Bachelor's or other
advanced degree

Nativity and citizenship status
Foreign-born, noncitizen
Foreign-born, citizen
Native-born

Age
18-24
25-44
45-64
65+

Occupation group®

White-collar

Employee count

1,681,000

10,547,000
19,712,000
3,285,000
701,000

94,504,000
25,685,000

28,923,000
127,192,000
61,611,000

72,937,000

83,178,000

10,036,000

41,037,000

40,759,000

64,283,000

14,507,000
14,124,000

127,483,000

17,201,000
69,924,000
58,407,000
10,582,000

Percent of
workforce, %

11

6.8
12.6
21
0.4

60.5
16.5

18.5
81.5
39.5

46.7

53.3

6.4

26.3

26.1

41.2

9.3
9.0
81.7

11.0
448
37.4

658

(Continues)
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TABLE 1 (Continued)

Percent of
Category Employee count workforce, %
Management, business, 29,298,000 18.8
and financial occupations
Professional and related 38,598,000 24.7
occupations
Sales and related 13,885,000 8.9
occupations
Office and administrative 15,922,000 10.2
support occupations
Service
Service occupations 24,413,000 15.6
Blue-collar
Farming, fishing, and 938,000 0.6
forestry occupations
Construction and 8,387,000 54
extraction occupations
Installation, maintenance, 4,826,000 3.1
and repair occupations
Production occupations 8,211,000 53
Transportation and 11,637,000 7.5
material moving
occupations
Total 156,114,000 100.0%

Note: Employee counts are rounded to the nearest thousand.

2Ethnicity groups (Hispanic/Latino and non-Hispanic) include persons
identifying as any race, and race groups include persons identifying as any
ethnicity, except for persons identifying as White which has been
disaggregated by ethnicity.

PRacial and ethnic minoritized groups include persons identifying as
American Indian/Alaska Native, Asian, Black/African American,
multiracial, Native Hawaiian/Pacific Islander, or Hispanic/Latino.

“Occupations are based on 2018 major Census occupation groups.

among workers with lower education, workers from certain REM
groups, and foreign-born workers (especially noncitizens) compared
with the overall workforce. One exception was repetitive tasks;
compared with the overall workforce, workers with some college-
level education were more likely to be exposed, and the exposure
prevalence was not notably higher for any nativity group. Comparing
results by age to the overall workforce, 18-24-year-olds were more
likely to be exposed to low job control, low/moderate decision-
making impact, little decision-making freedom, highly structured
work, and low substantive complexity. Workers 65-years and older
were more likely to be exposed to low/moderate decision-making
impact and high job strain, and 45-64-year-olds were more likely to
be exposed to machine pacing. There was little difference in
exposure between age groups and the overall workforce for low
decision-making frequency and repetitive tasks. Comparing results by
sex, men were more likely to be exposed to machine pacing and high

job strain, but women were more likely to be exposed to low/

moderate decision-making impact, repetitive tasks, and highly
structured work. There was little difference between sexes in
exposure to low job control, low decision-making frequency, little
decision-making freedom, and low substantive complexity.

For job demand-related hazards, exposures were not notably
more likely for any racial, ethnic, nativity, or age group compared with
the overall workforce. Men were more likely than women to be
exposed to job demand-related hazards. Compared with the overall
workforce, workers with high school-level education were slightly
more likely to be exposed to high time pressure, but exposures to
high psychological demands were not notably more likely for any
education group.

Employment in occupations with social environment exposures
was higher for workers with greater educational attainment
compared with the overall workforce. Comparing results by race
and ethnicity to the overall workforce, Black/African American
workers were more likely to be exposed to unpleasant/angry people,
Black/African American and REM groups as a whole were more likely
to be exposed to physically aggressive people, and non-Hispanic
White workers were more likely to be exposed to high emotional
labor, frequent conflict situations, and high competition. Whereas
women were more likely to be exposed to high emotional labor,
unpleasant/angry people, and physically aggressive people, men were
more likely to be exposed to high competition. There was little
difference between sexes in exposure to frequent conflict situations.
As for age, compared with the overall workforce, 25-44-year-olds
were more likely to be exposed to physically aggressive people,
workers 45-years and older were more likely to be exposed to
frequent conflict situations and high competition, and exposures to
high emotional labor and unpleasant/angry people were not notably
more likely for any age group. As for nativity and citizenship, there
was little difference between each group and the overall workforce in
exposure to the social environment hazards.

Employment in occupations with low wages and irregular work
schedules was higher for workers from certain REM groups, foreign-
born noncitizens, workers with lower education, and 18-24-year-
olds compared with the overall workforce. Whereas men had higher
employment occupations with irregular work schedules, women had
higher employment in low-wage occupations. Compared with the
overall workforce, non-Hispanic White workers, men, 45-64-year-
olds, and workers with a bachelor's degree or higher were more likely
to be exposed to long hours, but no nativity group had a notably

higher exposure prevalence.

3.2 | Distribution of exposures by occupation

Table 3 shows the percent of US workers with estimated
exposure to each psychosocial hazard by major occupation group.
The estimated proportions of workers exposed to most job
demand- and control-related exposures were highest in blue-
collar occupations. Social environment exposures were highest,

and occurred almost exclusively, in white-collar and service
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Transportation,
material moving

Production

maintenance,

Installation,
repair

Construction,
extraction

Farming, fishing,

Blue-collar
forestry

Service
Service

Office,
administrative
support

Sales

Professional

White-collar
Management,
business, financial

Percent of workers, %
All

All

(Continued)
Work schedule and wage exposures
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FIGURE 1 Magnitude of US workers estimated to be overrepresented in exposure by psychosocial hazard and sociodemographic group,
2022. A positive sign indicates overrepresentation, a negative sign indicates underrepresentation, and a blank cell indicates neither
overrepresentation or underrepresentation. Darker shades of gray indicate greater percentages of overrepresentation. For all psychosocial
exposures except long work hours, the estimates reflect the percent of workers employed in occupations characterized by exposure to the
respective hazards. For long work hours, the estimates reflect the percent of employees exposed to this hazard. With the exception of the non-
Hispanic White group, race includes persons identifying as non-Hispanic or Hispanic/Latino, and the Hispanic/Latino group includes persons
identifying as any race. Racial and ethnic minoritized groups include persons identifying as American Indian/Alaska Native, Asian, Black/African
American, multiracial, Native Hawaiian/Pacific Islander, or Hispanic/Latino. AIAN, American Indian/Alaska Native; 2bachelor's, bachelor's or
advanced degree; Black, Black/African American; FBC, foreign-born, citizen; FBNC, foreign-born, noncitizen; high school, high school diploma or
equivalent; Hispanic, Hispanic/Latino; NHPI, Native Hawaiian/Pacific Islander; REM, racial and ethnic minoritized; some college, some college or
associate degree; White, non-Hispanic White. *Exposure is constructed from multiple Occupational Information Network (O*NET) elements.

Prior research has demonstrated differential vulnerabilities
between groups defined by socioeconomic position (SEP), that is,
differential effects of certain psychosocial exposures on health
outcomes by SEP.®® Most studies found psychosocial exposures

associated with worse outcomes in lower SEP workers compared
with higher SEP workers, though a few found the opposite.>® These
differential vulnerabilities suggest that while certain exposures may
be higher among relatively privileged working populations, working
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populations with less power and resources likely experience greater
health impacts from these exposures.

Our study's prevalence estimates are largely consistent with those
reported by Doubleday et al.,>* who applied a subset of O*NET data to
workers in Federal Region 10 in 2019 using similar methods. Our results
are less consistent with reported prevalence estimates for comparable
psychosocial exposures from the 2010 and 2015 NHIS OHSs,”-?22337
though the overall social patterns of exposure are generally similar.
Trends observed in our study are mostly consistent with Landsbergis
et al.® who conducted a review of work organization hazards and
occupational health disparities. One difference is the review's finding of
high psychological job demands more common among higher SEP
workers than lower SEP workers, whereas we did not find a clear trend
across education for this exposure. We also found workers in blue-collar
occupations were more likely to be exposed to high job demands than
workers in white-collar occupations. We expect some variability in
findings to be due to differences in methods used to define and
operationalize the exposures, as well as calculate the proportion of
exposed workers. These differences highlight the need to develop
greater consistency across researchers in how psychosocial exposures
are defined and operationalized.

There are limitations to note. Our O*NET-informed exposures
were based on analyst, occupational expert, and job incumbent
responses to subjective questionnaires and are therefore subject to
bias. Our analysis did not cover the entire US working population as
the CPS excludes military personnel and institutionalized workers
from its survey, populations that should also be considered for
intervention as applicable. Our analysis also only covered a subset of
all relevant psychosocial exposures. Our analysis also did not examine
intersecting identities, and sociodemographic characteristics explored
were limited to those capture in the CPS.

Misclassification is another important limitation. With the availabil-
ity of exposure information only at the occupation-level, we assumed
the same exposure for all individuals within a single occupation and
were unable to account for exposure variability across individuals or
groups within the same occupation. Consequently, exposure disparities
estimated in this study can only be attributed to occupational
segregation, that is, the uneven distribution of working populations
across occupations, and not differential exposure within an occupation.
Misclassification could have also been introduced from using crosswalks
to merge the datasets. It should be noted that our estimates for long
hours were not subject to these limitations, since they were based on
worker-level data and no crosswalks were needed.

O*NET's primary purpose is to understand worker and job
requirements of different occupations for use by job seekers, employers,
and others, and its validity as a source of exposure assessment
information is not clear.’”® Several studies have demonstrated the
predictive validity of certain O*NET elements, but only a few have
evaluated their convergent validity.223% One such study found that
O*NET may more accurately capture the job experience of non-
Hispanic White workers than workers from REM groups.?® This
suggests exposures of other working populations may also be
differentially captured in O*NET. Although there are still some questions

to be explored regarding O*NET's validity as an exposure assessment
tool, its availability, comprehensive coverage, and annual update still
make it a valuable tool for exposure surveillance.

Specific limitations of our aggregate exposure variables must also be
noted. Our aggregate measures are informed by existing survey-based
psychosocial constructs such as the Karasek job control-demand-strain
model, typically assessed via the Job Content Questionnaire (JCQ) which
has been rigorously validated.>? As such, the questions asked in O*NET
do not necessarily align with the validated questions in the JCQ; rather,
elements chosen from O*NET to operationalize constructs such as job
demand, job control, or job strain have been based on expert judgment. In
addition, many validated psychosocial constructs and surveys such as the
JCQ were developed in the 1960s and 1970s, when the US workforce
and conditions of work were much different than experienced in the
2020s. In the 1960s and 70s, for example, the US economy was
dominated by goods-producing jobs, as opposed to services-providing
jobs. Unionization was more common, there were fewer women in the
workforce, and the standard employment relationship (a full-time,
permanent contract between a single employer and employee, often
with benefits including a pension) was more common.*® As such, even
validated, the JCQ may not accurately reflect the experiences of workers
in the US workforce in the 2020s. While our aggregate measures were
informed by previous researchers who had used O*NET to operationalize
these constructs, the aggregate exposure measures included in our
analysis have been not been tested against the gold standard measures
and cannot be considered to be generalizable or valid, making their utility
for population surveillance unknown. However, despite limitations in how
the aggregate measures were operationalized in this analysis, job demand,
job control, job strain, emotional labor, and substantive complexity are all
considered to be important metrics for assessing the psychosocial work
environment and, in our view, warrant inclusion in this study. As research
continues into these factors, as well as the use of O*NET data to proxy
occupational exposure, our approach to characterizing the burden and
distribution of these exposures can be amended.

This work represents the largest comprehensive assessment of
the US burden of psychosocial exposures by sociodemographic
characteristics to date. While Hawkins and Alené Hernandez”
characterized a smaller subset of psychosocial hazards by race and
ethnicity, our study expands that effort by focusing on a larger
number of hazards and sociodemographic factors. There are several
other strengths to this study, including that our exposure surveillance
approach is highly efficient and low cost. Additionally, our exposure
information sources are frequently updated, unlike most job-
exposure matrices, which limits potential misclassification associated
with changes in exposures over time. Lastly, with availability of
exposure information at the specific-occupation level, we were able
to capture more variability in exposures than if we only had
information at the detailed- or major-occupation level. Future work
should consider expanding coverage of the working population and
psychosocial exposures investigated, utilizing an intersectional
approach, finding ways to minimize misclassification, and continuing
to study the use and validity of O*NET for exposure surveillance
purposes.
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4.1 | Use in public health practice, policy, and
research

Characterizing the burden and distribution of work-related psychosocial
exposures is an important and pressing need given the high societal cost
of work-related stress, the changing nature of work which has resulted in
an increase in psychosocial exposures, and the high burden of
cardiovascular disease and depression partially attributable to work-
related psychosocial exposures.** Until a national comprehensive
exposure surveillance system can be established, analyses such as the
one detailed here can help our understanding of the contribution of work
to population health and health inequities, as well as inform equitable
occupational and public health research, policy, and interventions to
reduce the burden of disease and health inequities in the United States. In
particular, the database developed by this project will have utility to
practitioners, researchers, and policymakers in occupational health. For
practitioners, this database could be used by occupational health nurses
or physicians to understand different occupations and the potential
stressors and hazards faced by workers in those occupations, allowing
them to better link physical and mental health ailments to workplace
factors. For those working in industrial hygiene or safety roles, under-
standing the psychosocial hazards present in given occupations can help
to provide a more well-rounded approach to health and safety programs.
More generally, this database can be used to educate practitioners about
the reality of occupational segregation, its potential role in contributing to
inequities in occupational exposures across working populations, and
therefore provide a rationale for incorporating equity considerations into
occupational health and safety practice. For researchers, this database
could inform exposure assessments for occupational epidemiological
studies (and allow the inclusion of multiple psychosocial exposures, and
investigation of differences by sociodemographic factors), or help
researchers to identify understudied occupational populations for more
targeted research. This database will also have utility for policymakers,
who can use the findings to prioritize populations or outcomes for
additional investigation and potential policy efforts, while ensuring that
policy efforts are not contributing to occupational injustices. Under-
standing which hazards are shared across many occupations, and which
occupations or groups of workers tend to experience the highest burden
of exposure will also enable targeted outreach and educational efforts to

equitably protect workers.
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