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ABSTRACT

Objective: Although the value of collecting occupational data is well-established, these data are not systemati-

cally collected in clinical practice. We assessed the availability of electronic health record (EHR)-based occupa-

tion data within a large integrated health care system to determine the feasibility of its use in research.

Materials and Methods: We used a mixed-methods approach to extract EHR data and define employment sta-

tus, employer, and employment industry of 1107 colorectal cancer survivors. This was a secondary analysis of

a subset of the Patient Outcomes Research to Advance Learning (PORTAL) colorectal cancer cohort.

Results: We categorized the employment industry for 46% of the cohort. Employment status was available for

58% of the cohort. The employer was missing for over 95% of the cohort.

Conclusion: By combining data from structured and free-text EHR fields, we identified employment status and

industry for approximately half of our sample. Findings demonstrate limitations of EHR data and underscore

the need for systematic collection of occupation data in clinical practice.
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LAY SUMMARY

Our study assessed whether employment information taken from an electronic health record (EHR) could be used in re-

search. We examined the health records of 1107 colorectal cancer survivors receiving care from an integrated health system.

We combined data from different parts of the health record, including insurance sources and free-text notes from providers.

For the vast majority of patients, (95%), no specific employer was documented. However, we identified employment status

for 58% and type of industry for 46% of this group. Our findings suggest that information about occupation and employment

in the EHR is limited. To improve data collection, hospitals could integrate questions about patients’ occupation and employ-

ment into existing procedures using national standards.
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INTRODUCTION

Cancer treatment modalities have steadily improved over the last sev-

eral decades, resulting in a growing number of individuals who are

living as cancer survivors.1 By 2026, it is estimated that there will be

over 20 million cancer survivors living in the United States.2 Thus, the

American health system must help survivors manage the long-term

medical and nonmedical effects of cancer and its treatment, including

the long-term effects of cancer on employment.3–5 Cancer survivors

often take time off from work or leave their jobs, and the process of

re-entering the labor force can be complex, especially when the effects

of cancer and its treatment persist.6 To address the employment needs

of survivors, we need a better understanding of how cancer diagnosis

affects employment trajectories, and how employment change affects

long-term economic, socio-emotional, and health outcomes in this

population. It is also important to better understand how occupa-

tional environments relate to health outcomes, including cancer pro-

gression and recurrence.

Systematically collecting and documenting occupational data in

the electronic health record (EHR) can facilitate our understanding

of the relationship between employment and health outcomes, facili-

tate care coordination, and help physicians and patients establish a

return to work plan, ultimately improving care and population

health.7,8 Although the value of collecting occupational data is well-

established, data that contain information on employment status or

occupation are not routinely or systematically collected by health

care providers.9,10 In some health systems, EHR platforms include

fields for employment status and occupation, but these fields are

typically not mandatory for health care personnel to fill out. Previ-

ous studies have assessed costs and feasibility of translating and col-

lecting occupational data, including through the development of

coding systems have achieved mixed results.11–14 However, no pre-

vious research has examined EHR data and established how fre-

quently employment and occupation fields are used or whether

other EHR fields can be used to identify employment status and in-

dustry for research purposes.

In this study, a secondary analysis of a larger study using data

from a subset of the Patient Outcomes Research to Advance Learning

(PORTAL) colorectal cancer (CRC) cohort, we assessed the availabil-

ity of EHR-based employment and occupation data within a large in-

tegrated health care system to determine the feasibility of use in

research and clinical care. Our focus on CRC survivors was moti-

vated by the rising incidence of CRC diagnosis in individuals who are

of working age (25–64 years of age). Using a mixed-methods ap-

proach, we evaluated data from several Epic-based EHR fields,1 in-

cluding free text fields, coded employment data, and occupation data

for patients identified as survivors of CRC. We also developed a strat-

egy for transforming this data into a usable research format to charac-

terize employment status and occupation. Our assessment can inform

future data collection and serve as a first step in investigating the rela-

tionship between employment and health and survivorship outcomes,

which currently relies on primary data collection.

METHODS

Study setting
EHR data were collected from 2 Kaiser Permanente regions: Kaiser

Permanente Northwest (KPNW) and Kaiser Permanente Colorado

(KPCO). KPNW serves over 620 000 members in Oregon and

Southwest Washington; KPCO serves over 630 000 members in

communities in Colorado. Both regions were members of the POR-

TAL Network, funded by the Patient-Centered Outcomes Research

Institute (PCORI), and are represented in the PORTAL CRC cohort,

a cohort of over 16 000 patients from 6 health care systems diag-

nosed with CRC between 2010 and 2014,15 identified through med-

ical records. The PORTAL CRC project aim was to use this cohort’s

EHR data to gain insight into the lifestyles and health concerns of

CRC survivors and to identify risk factors for health outcomes

within this population. PORTAL cohort data were extracted using

shared programming modules. Additional EHR data from these par-

ticipants was later extracted from each site’s EHR. This study was

approved by the KPNW Institutional Review Board.

Population
Our study population comprised all PORTAL CRC cohort members

who were members of KPNW and KPCO and met inclusion criteria

(n¼1107). Members were included if they were between the ages of

18 and 70 at the time of a CRC diagnosis between January 1, 2010

and December 31, 2014, and were enrolled in the health plan at the

time of diagnosis; those who had opted out of research participation

were excluded. The data included both primary subscribers (insur-

ance policyholders) and dependents, who were covered on the insur-

ance of a primary subscriber.

EHR data fields
We accessed EHR data from several sources. First, we retrieved

PORTAL CRC cohort data from data sets that had been used in pre-

vious research and stored at each site, which included patient char-

acteristics, tumor characteristics, and treatment details. We then

extracted the additional employment and occupation data from

each site’s EHR. These data included both patient-based data tables

(tables that contain information about the patient such as demo-

graphics, marital status, etc.) based on data collected in clinical set-

tings and insurance-based tables that contained information about

patients’ insurance plans.

For all patients, we attempted to extract employer through a

structured variable, employer id, on a patient-based table, and to

link it to the employer name in a data table in the EHR that contains

information on employers associated with patients and contracts

with the health system. However, at one site, the employer id field

was missing in 97% of the records. The other site had a combination

of missing and a value of Other with no additional information in

95% of records. As data were available of less than 5% of the co-

hort, we opted not to further explore these data.

To determine employment status and occupation for as many

patients as possible, we examined structured employment status

data and 3 open-text occupation fields from the patient-based tables

(employer ID, occupation, and occupation comment), as well as

health plan subscriber status and group. To health care providers,

the structured employment and open-text employer and occupation

fields appear in a pop-up box if a link is clicked in the demographics

section at patient registration or check-in. These are not required

fields for registration or check-in. Figures 1 and 2 provide an over-

view of how each of these data fields was used in our analysis.

Employment status

Employment status was available as a structured categorical variable

in a patient-based table at both sites. This field contained the

1 Epic is a provider of health information technology including an EHR

software application system.
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following options: full-time, part-time, self-employed, not

employed, full-time student, part-time student, retired, on active

military duty, and unknown. We collapsed the full-time, part-time,

and self-employed categories into a single Employed category, and

the not employed, full-time student, and part-time student categories

into a single Not Employed category; the remaining 3 categories

were unchanged (see Figure 1). The employment status categories

are mutually exclusive; only one value may be endorsed.

Industry

For primary subscribers, we used insurance-based data to gather em-

ployment industry information. These data were not available for

dependents, or for subscribers to state-funded or federally funded in-

surance programs, or for subscribers to Consolidated Omnibus Bud-

get Reconciliation Act (COBRA) health insurance. For dependents,

we extracted information about the employment industry from

open-text EHR fields.

For primary subscribers, we obtained health plan group (ie, the

employer or organization providing the health coverage) from

insurance-based tables and linked this to its associated North Ameri-

can Industry Classification System (NAICS) code using the common

membership group table (containing information for each insurance

group contract) in the EHR. NAICS codes are standard codes, devel-

oped by federal agencies in North America (Office of Management

and Budget), which are organized in a hierarchical structure for clas-

sification purposes. We categorized the NAICS codes into 20 eco-

nomic sectors as defined by the United States Census Bureau; these

sectors are defined using the first 2 digits of the NAICS codes. At

KPCO, the insurance table included Standard Industrial Classifica-

tion (SIC) codes (the predecessor of NAICS codes), which we con-

verted to NAICS codes using a crosswalk from the US census

website.16,17

For dependents of primary subscribers, we used 3 open-text

EHR fields with information on employment and occupation history

to classify the employment industry. The first field, “occupation his-

tory,” prompts providers to list a patient’s specific occupation. The

second field is for any comments regarding the patient’s occupation.

The third field is a free-text comment field that can be used to spec-

ify an employer when the value of the employer ID field is set to

“Other.” These fields included a variety of information and com-

ments about occupation (eg, truck driver, professor, waitress), em-

ployment status (eg, retired, unemployed, self-employed), type of

work, industry, employer (eg, “US treasury,” “Warner Pacific”),

and length of employment. Each field allowed for up to 250 charac-

ters (approximately 40–60 words). For each record, we

concatenated all available free text into a single variable. The result-

ing variable ranged from 1 to 22 words; however, most records had

fewer than 5 words. A qualitative analyst manually assessed and cat-

egorized the open-text data using the 20 NAICS-based industry sec-

tors described above. If employer names were listed, the analyst

used publicly available information to categorize the organization

according to the NAICS-based industry sectors. While these fields

were populated for some of the primary subscribers, we opted to

Figure 1. Flow diagram for categorization of employment status.

Figure 2. Flow diagram for categorization of employment industry.
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maintain consistency by defining employment based on the health

plan group for all primary subscribers. Figure 2 presents a graphical

representation of the data flow.

Evaluating feasibility of using EHR data for research
We assessed the number and proportion of primary subscribers and

dependents whose employment status and industry category could

be determined using the methods described above. For dependents

of primary subscribers, we also determined the number of patients

who had information in the occupation open-text field for whom we

were not able to assign an industry category. We compared rates of

data capture between the methods used for subscribers and depend-

ents.

RESULTS

Sample characteristics
Characteristics of the 1107 CRC survivors in our study sample are

presented in Table 1. 78.3% of survivors were primary subscribers

(N¼867) and 21.7% were dependents (N¼240). There were 356

(32.2%) survivors over the age of 64: 309 primary subscribers

(35.6%) and 47 dependents (19.6%). More than three-fourths of

both primary subscribers and dependents were identified as non-

Hispanic White. Almost all (90.8%) of the group received surgery

for their cancer. Almost half of the group underwent chemotherapy

(43.7%) and 15.4% underwent radiation therapy.

Employment status
Table 2 reports employment status and industry category for all par-

ticipants and for the subgroups of primary subscribers and depend-

ents. Overall, 58% of patients in the sample (55.8% of primary

subscribers and 65.8% of dependents) had an employment status en-

tered in the structured EHR field. Of those, 53% were listed as

employed, 4% as unemployed, 35% as retired, and 3% as un-

known.

Industry
Using NAICS codes from insurance-based tables, we identified the

occupational industry for 435 (50.2%) of primary subscribers. The

most commonly identified industries for subscribers were public ad-

ministration (14.4%), finance and insurance (6.1%), other services

except public administration (4.5%), and educational services

(5.0%).

Employment data were available in one or more of the 3 free-

text fields for 113 (47.1%) of dependents; however, we were only

able to categorize 74 of those records (65%) into the 20 occupa-

tional categories, resulting in industry data for 30.8% of the total

dependent sample. The most common industries for dependents

were educational services (3.8%) and construction, health care and

social assistance, and public administration (each accounting for ap-

proximately 3% of the dependent sample).

Availability of data sources
Figure 3 reports the availability of each data source across subscrib-

ers and dependents. Across all patients in the cohort, 58% had a

Table 1. Characteristics by subscriber status

Dependent Primary subscriber All

(N¼ 240) (N¼ 867) (N¼ 1107)

N (%) N (%) N (%)

Age, mean (SD) 56.62 (8.1) 59.29 (8.6) 58.71 (8.5)

Age

18–39 9 (3.8) 22 (2.5) 31 (2.8)

40–54 86 (35.8) 221 (25.5) 307 (27.7)

55–64 98 (40.8) 315 (36.3) 413 (37.3)

65–70 47 (19.6) 309 (35.6) 356 (32.2)

Female 120 (50.0) 408 (47.1) 528 (47.7)

Race

Asian 8 (3.3) 20 (2.3) 28 (2.5)

Black 7 (2.9) 33 (3.8) 40 (3.6)

Mixed race/other 5 (2.1) 24 (2.8) 29 (2.6)

Hispanic 17 (7.1) 80 (9.2) 97 (8.8)

Unknown 7 (2.9) 32 (3.7) 39 (3.5)

Non-Hispanic White 196 (81.7) 678 (78.2) 874 (79.0)

Insurance

Commercial 177 (73.75) 476 (54.90) 653 (58.99)

Medicaid/Medicare 0 (0) 8 (0.92) 8 (0.72)

Medicaid 2 (0.83) 21 (2.42) 23 (2.08)

Medicare 55 (22.92) 326 (37.60) 381 (34.42)

CRC treatmenta

Surgery 220 (91.7) 785 (90.5) 1005 (90.8)

Radiation 29 (12.1) 141 (16.3) 170 (15.4)

Chemotherapy 109 (45.4) 375 (43.3) 484 (43.7)

Hormone treatment 2 (0.8) 4 (0.5) 6 (0.5)

Immunotherapy 5 (2.1) 19 (2.2) 24 (2.2)

aTreatment categories are not mutually exclusive; a patient may have multiple therapies.
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value in the employment status field, and 39.3% (50.2% of sub-

scribers; NAICS were relevant for subscribers only) had NAICS

codes in insurance-based tables. Overall, 46% of patients had infor-

mation in an occupational text field; these rates were comparable

between primary subscribers (45.7%) and dependents (47.1%). Our

analysis of data for the sample of dependent subscribers suggests

that information from these free-text fields was sufficient to identify

an industry category in 65.5% of the records that had free-text data.

Thus, using analysis of the free-text fields, we identified the industry

for 30.8% of dependents, and using NAICS codes from the

insurance-based table, we identified industry for 50.2% of

subscribers. Taken together, we identified industry category for

46% of patients in the cohort.

DISCUSSION

Using a comprehensive data capture method that combined input

from structured and free-text EHR fields with subscriber data across

2 health systems, we captured the employment status of 58% of the

CRC survivors in our sample. We were also able to capture the em-

ployment industry for 46% of survivors in the sample. While we

had a priori decided to only categorize free text for the dependent

sample, there was free-text data available on 201 of the primary

subscribers who did not have NAICS data. Assuming the same rate

as the dependents (65%), we would have been able to classify ap-

proximately 130 more primary subscribers who had no other em-

ployment data available, bringing the total up to 639 or about 58%

of all patients. Even with the possibility of categorizing additional

patients, these findings suggest that EHR data may be useful as a

foundation or supplement for primary data collection approaches

used in past research on employment in cancer survivors,18–21 but

not as the principal or only source for such data. EHR data may

serve as a useful supplementary source of data to enhance occupa-

tional data capture, although we note that the high rates of missing

data limit the utility of these data source and highlight the potential

research benefit of standardized collection of employment data in

health care settings. Having more rigorous surveillance data would

enable us to identify risk factors (eg, occupation) on which we can

plan in-depth research through more enhanced methods.

Table 2. Employment status and employment industry by subscriber status

Dependent Primary subscriber All

(N¼ 240) (N¼ 867) (N¼ 1107)

N (%) N (%) N (%)

Employment status

Missing 82 (34.2) 383 (44.2) 465 (42.0)

Employed 82 (34.2) 257 (29.6) 339 (30.6)

Not employed 30 (12.5) 28 (3.2) 58 (5.2)

Retired 37 (15.4) 186 (21.5) 223 (20.1)

Unknown 9 (3.8) 13 (1.5) 22 (2.0)

Industry category

Missing 166 (69.2) 432 (49.8) 598 (54.0)

Accommodation and food services 4 (1.7) 2 (0.2) 6 (0.5)

Administrative and support and waste management services 2 (0.8) 9 (1.0) 11 (1.0)

Agriculture, forestry, fishing, and hunting 1 (0.4) 1 (0.1) 2 (0.2)

Arts, entertainment, and recreation 2 (0.8) 4 (0.5) 6 (0.5)

Construction 7 (2.9) 4 (0.5) 11 (1.0)

Educational services 9 (3.8) 43 (5.0) 52 (4.7)

Finance and insurance 3 (1.3) 53 (6.1) 56 (5.1)

Health care and social assistance 7 (2.9) 31 (3.6) 38 (3.4)

Information 0 (0.0) 6 (0.7) 6 (0.5)

Management of companies and enterprises 1 (0.4) 0 (0.0) 1 (0.1)

Manufacturing 5 (2.1) 41 (4.7) 46 (4.2)

Other services, except public administration 6 (2.5) 44 (5.1) 50 (4.5)

Professional, scientific, and technical services 4 (1.7) 16 (1.8) 20 (1.8)

Public administration 7 (2.9) 125 (14.4) 132 (11.9)

Real estate and rental and leasing 0 (0.0) 6 (0.7) 6 (0.5)

Retail trade 6 (2.5) 32 (3.7) 38 (3.4)

Transportation and warehousing 4 (1.7) 12 (1.4) 16 (1.4)

Utilities 4 (1.7) 2 (0.2) 6 (0.5)

Wholesale trade 2 (0.8) 4 (0.5) 6 (0.5)

Figure 3. Employment data availability by subscriber status.
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To improve data collection about occupation and employment,

hospitals could integrate more structured questions about occupation

and employment with clear answer options into existing hospital pro-

cedures, making use of current federal coding practices (NAICS and

SOC codes), as recommended by the Institute of Medicine8 to do so.

Health systems have implemented routine screening practices for

other social determinants of health, including housing stability and

food security, sugary beverage intake, and physical activity levels,

without impeding clinical flow.22–24 This suggests that collecting oc-

cupation and industry information should also be possible, especially

for populations (such as cancer survivors) for whom these data may

be especially valuable for both clinical and research purposes. Collect-

ing this information at intake would allow for temporal associations,

including tracking changes in employment over time and association

with diagnosis date, treatment, and other clinical factors.

Researchers have suggested several solutions to the problem of

accessing occupation data that is recorded in free-text fields, includ-

ing standardized coding systems and manual administrative cod-

ing,11 although neither have been fully implemented that we are

aware of. Manual administrative coding of patient responses to em-

ployment-related questions is labor intensive for large amounts of

data. The National Institute for Occupational Safety and Health

(NIOSH) has developed a coding algorithm, the NIOSH Industry

and Occupation Computerized Coding System (NIOCCS) that cov-

erts free text into SOC and NAICS codes (NIOSH/CDC website).

The system has potential as an accurate and efficient strategy for re-

ducing expenditure of valuable time and money in the health deliv-

ery system.9 However, field tests have demonstrated lower accuracy

than NIOSH monitoring rates, and insufficient analyzable data for

some records, indicating that improving the collection methods of

employment and industry data, such as more targeted questions or

better training of administration staff, could ameliorate the usability

of the NIOCCS software.11,13 Importantly, in our sample, data from

free-text fields only contained valuable information for 30% of de-

pendent patients. This suggests that beyond identifying easy ways to

code these data in standardized formats, efforts need to be made to

increase data collection (less than half of the patients had informa-

tion in any of the 3 free-text fields in the EHR) and to ensure the oc-

cupation is captured in data collection (nearly 35% of dependents

with free-text fields could not be categorized by our expert qualita-

tive researcher) for these data to be a reliable source of industry of

employment. Additional text mining methods such as natural lan-

guage processing may reveal additional information about the occu-

pational status.

Our study confirms what previous research has suggested: rou-

tine collection and documentation of occupational data in the EHR

are necessary to make these data useful for research and ultimately

clinical outcomes. Attempts have been made to establish federal

requirements for collecting employment data, including a petition

the National Uniform Billing Committee (NUBC) to adopt industry

and occupation coding standards to hospital discharge data, how-

ever, the petition was ultimately rejected due to concerns about un-

due burden on administration and health care providers.9,14 Follow-

up studies have found that this concern may be unfounded, as it was

possible during pilot studies to collect and document these data at a

low cost and without impeding clinic workflows.12,14 Such informa-

tion could also be collected through EHR-based questionnaires or

flowsheets.

There were several limitations to our study. We assessed the fea-

sibility of this approach at 2 sites within one health care system

only, and only among CRC survivors. Focusing on CRC survivors

enabled us to review the data in detail, but may limit the generaliz-

ability of our findings. Our findings may also not be generalizable to

other health care systems. Members who are primary subscribers

and get their insurance through their employer are overrepresented

in the data for the occupational industry; also, identifying industry

may have been easier for large, centralized employers, leading to

higher rates of identification in industries like public administration.

Lastly, there was no validation process to ensure that the data that

were recorded in the EHR were accurate according to the patient.

CONCLUSION

Using different types of data from multiple sources, in addition to

qualitative analysis techniques, we were able to combine insurance

subscriber data with data garnered from structured and free-text

EHR fields to identify employment status and industry for approxi-

mately half of the CRC survivors in our sample. There is growing in-

terest in documenting social determinants of health (SDoH) in the

EHR.25 Employment and occupation are important factors of indi-

vidual SDoH. However, SDoH are not often well documented in the

EHR,26 which is underscored by our findings.

These results demonstrate the strengths and limitations of cur-

rently available occupation data in the EHR, and underscore the

need for routine and precise collection of such data in clinical prac-

tice. Better collection of employment and occupational data would

facilitate critical research and quality improvement efforts focused

on the interplay between occupation, employment, and health.

Along with other SDoH data, improving the documentation of occu-

pation and employment is important for improving individual- and

population-level health care through a better understanding of

patients’ economic circumstances and health exposures. As the Insti-

tute of Medicine recommends, adopting NAICS coding standards

and exploring the feasibility of autocoding are important steps to

better document these important elements of SDoH.8

FUNDING

This study used the infrastructure developed by the PORTAL (Patient Out-

comes Research to Advance Learning) Network, a consortium of 3 integrated

delivery systems (Kaiser Permanente, HealthPartners, and Denver Health)

and their affiliated research centers. Research reported in this article was par-

tially funded through a Patient-Centered Outcomes Research Institute

(PCORI) Award (CDRN-1306-04681 Phase II). The views expressed in this

article are solely the responsibility of the authors and do not necessarily repre-

sent the views of the Patient-Centered Outcomes Research Institute (PCORI),

its Board of Governors, or Methodology Committee.

AUTHOR CONTRIBUTIONS

AV, IG, and MPB had substantial contributions to the conception

and design of the work. MPB and DPR were responsible for data ac-

quisition. Analyses were lead and/or conducted by AV, IG, MPB,

and ATS. Interpretation of data for the work was done by AV, IG,

MPB, CJB, DPR, and ATS. AV, IG, MPB, CJB, DPR, and ATS con-

tributed intellectual contact in the drafting and revision of the manu-

script. All authors approved of the final version.

DATA SHARING

The data used in this study cannot be shared publicly due to privacy

concerns for and agreements with Kaiser Permanente members.

6 JAMIA Open, 2021, Vol. 4, No. 3

D
ow

nloaded from
 https://academ

ic.oup.com
/jam

iaopen/article/4/3/ooab061/6334256 by guest on 21 August 2022



ETHICAL CONSIDERATIONS AND
DISCLOSURE(S)

The study was performed in accordance with the ethical standards

of the institutional and/or national research committee and with the

World Medical Association Declaration of Helsinki (1964) and its

later amendments or comparable ethical standards. The study was

approved by the Institutional Review Board at Kaiser Permanente

Northwest.

ACKNOWLEDGMENTS

All authors have directly participated in the planning, execution, or analysis

of the study. Additionally, all authors have contributed to the drafting or edit-

ing of the manuscript and approve the final version. The findings have not

been published elsewhere and are not under review at another journal. The

authors thank Neon Brooks (Kaiser Permanente Center for Health Research)

for extensive editing and Cassandra Angus (Kaiser Permanente Center for

Health Research) for administrative support and assistance in formatting.

CONFLICT OF INTEREST STATEMENT

M.P.B. has received a research grant from AstraZeneca, for work

outside the scope of this study. The other authors have no conflicts

of interest to declare.

REFERENCES

1. de Moor JS, Mariotto AB, Parry C, et al. Cancer survivors in the United

States: prevalence across the survivorship trajectory and implications for

care. Cancer Epidemiol Biomarkers Prev 2013; 22 (4): 561–70.

2. Miller KD, Siegel RL, Lin CC, et al. Cancer treatment and survivorship

statistics, 2016. CA Cancer J Clin 2016; 66 (4): 271–89.

3. de Boer AG, Taskila T, Ojajarvi A, van Dijk FJ, Verbeek JH. Cancer survi-

vors and unemployment: a meta-analysis and meta-regression. JAMA

2009; 301 (7): 753–62.

4. Hewitt M, Rowland JH, Yancik R. Cancer survivors in the United States: age,

health, and disability. J Gerontol A Biol Sci Med Sci 2003; 58 (1): 82–91.

5. Mehnert A, de Boer A, Feuerstein M. Employment challenges for cancer

survivors. Cancer 2013; 119 (S11): 2151–9.

6. Mehnert A. Employment and work-related issues in cancer survivors. Crit

Rev Oncol Hematol 2011; 77 (2): 109–30.

7. Institute of Medicine Committee on Advancing Pain Research, Care, and

Education. The National Academies Collection: Reports funded by Na-

tional Institutes of Health. Relieving Pain in America: A Blueprint for

Transforming Prevention, Care, Education, and Research. Washington,

DC: National Academies Press (US) National Academy of Sciences; 2011.

8. Institute of Medicine. Incorporating Occupational Information in Elec-

tronic Health Records: letter Report. Washington, DC: The National

Academies Press; 2011.

9. Taylor JA, Frey LT. The need for industry and occupation standards in

hospital discharge data. J Occup Environ Med 2013; 55 (5): 495–9.

10. Towle M, Tolliver R, Bui AG, Warner A, Van Dyke M. Adding industry

and occupation questions to the behavioral risk factor surveillance system:

new opportunities in public health surveillance. Public Health Rep 2015;

130 (2): 153–60.

11. Freeman MB, Pollack LA, Rees JR, et al.; Enhancement of NPCR for

Comparative Effectiveness Research Team. Capture and coding of indus-

try and occupation measures: findings from eight National Program of

Cancer Registries states. Am J Ind Med 2017; 60 (8): 689–95.

12. MacDonald LA, Pulley L, Hein MJ, Howard VJ. Methods and feasibility

of collecting occupational data for a large population-based cohort study

in the United States: the reasons for geographic and racial differences in

stroke study. BMC Public Health 2014; 14: 142.

13. Schmitz M, Forst L. Industry and occupation in the electronic health re-

cord: an investigation of the National Institute for Occupational Safety

and Health Industry and Occupation Computerized Coding System. JMIR

Med Inform 2016; 4 (1): e5.

14. Taylor JA, Widman SA, James SJ, Green-McKenzie J, McGuire C, Harris

EJ. Time well spent: patient industry and occupation data collection in

emergency departments. J Occup Environ Med 2017; 59 (8): 742–5.

15. Feigelson HS, McMullen CK, Madrid S, et al. Optimizing patient-

reported outcome and risk factor reporting from cancer survivors: a ran-

domized trial of four different survey methods among colorectal cancer

survivors. J Cancer Surviv 2017; 11 (3): 393–400.

16. United States Census Bureau. North American Industry Classification Sys-

tem; 2018. https://www.census.gov/eos/www/naics/concordances/concor-

dances.html Accessed October 24, 2019.

17. NAICS Association. 2017-2022 SIC to NAICS Crosswalk; 2017. https://

www.naics.com/wp-content/uploads/2014/10/SIC-to-NAICS-Crosswalk.

pdf Accessed October 24, 2019.

18. Bradley CJ, Neumark D, Oberst K, Luo Z, Brennan S, Schenk M. Combin-

ing registry, primary, and secondary data sources to identify the impact of

cancer on labor market outcomes. Med Decis Making 2005; 25 (5):

534–47.

19. Chirikos TN, Russell-Jacobs A, Cantor AB. Indirect economic effects

of long-term breast cancer survival. Cancer Pract 2002; 10 (5):

248–55.

20. Swanberg JE, Nichols HM, Ko J, Tracy JK, Vanderpool RC. Managing

cancer and employment: decisions and strategies used by breast cancer

survivors employed in low-wage jobs. J Psychosoc Oncol 2017; 35 (2):

180–201.

21. Bouknight RR, Bradley CJ, Luo Z. Correlates of return to work for breast

cancer survivors. J Clin Oncol 2006; 24 (3): 345–53.

22. Coleman KJ, Ngor E, Reynolds K, et al. Initial validation of an exercise

“vital sign” in electronic medical records. Med Sci Sports Exerc 2012; 44

(11): 2071–6.

23. Friedman NL, Banegas MP. Toward addressing social determinants of

health: a health care system strategy. Perm J 2018; 22: 18–95.

24. Lewis KH, Skelton JA, Hsu FC, Ezouah P, Taveras EM, Block JP.

Implementing a novel electronic health record approach to track child

sugar-sweetened beverage consumption. Prev Med Rep 2018; 11:

169–75.

25. Adler NE, Stead WW. Patients in context–EHR capture of social and

behavioral determinants of health. N Engl J Med 2015; 372 (8):

698–701.

26. Hatef E, Rouhizadeh M, Tia I, et al. Assessing the availability of data on

social and behavioral determinants in structured and unstructured elec-

tronic health records: a retrospective analysis of a multilevel health care

system. JMIR Med Inform 2019; 7 (3): e13802.

JAMIA Open, 2021, Vol. 4, No. 3 7

D
ow

nloaded from
 https://academ

ic.oup.com
/jam

iaopen/article/4/3/ooab061/6334256 by guest on 21 August 2022

https://www.census.gov/eos/www/naics/concordances/concordances.html
https://www.census.gov/eos/www/naics/concordances/concordances.html
https://www.naics.com/wp-content/uploads/2014/10/SIC-to-NAICS-Crosswalk.pdf
https://www.naics.com/wp-content/uploads/2014/10/SIC-to-NAICS-Crosswalk.pdf
https://www.naics.com/wp-content/uploads/2014/10/SIC-to-NAICS-Crosswalk.pdf

	ooab061-FN1

