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The Influence of Sociodemographic
Characteristics on Agreement Between

Self-Reports and Expert Exposure Assessments

Grace Sembajwe, ScD,1,2,3� Margaret Quinn, ScD,1 David Kriebel, ScD,1

Anne Stoddard, ScD,4 Nancy Krieger, PhD,2 and Elizabeth Barbeau, ScD
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Background Often in exposure assessment forepidemiology, there are no highly accurate
exposure data and different measurement methods are considered. The objective of this
study was to use various statistical techniques to explore agreement between individual
reports and expert ratings of workplace exposures in several industries and investigate the
sociodemographic influences on this agreement.
Methods A cohort of 1,282 employees at 4 industries/14 worksites answered questions on
workplace physical, chemical, and psychosocial exposures over the past 12 months.
Occupational hygienists constructed job exposure matrices (JEMs) based on worksite
walkthrough exposure evaluations. Worker self-reports were compared with the JEMs
using multivariable analyses to explore discord.
Results There was poor agreement between the self-reported and expert exposure
assessments, but there was evidence that agreement was modified by sociodemographic
characteristics. Several characteristics including gender, age, race/ethnicity, hourly wage
and nativity strongly affected the degree of discord between self-reports and expert raters
across a wide array of different exposures.
Conclusions Agreement between exposure assessment tools may be affected by socio-
demographic characteristics. This study is cross-sectional and therefore, a snapshot of
potential exposures in the workplace. Nevertheless, future studies should take into account
the social contexts within which workplace exposures occur. Am. J. Ind. Med. 53:1019–
1031, 2010. � 2010 Wiley-Liss, Inc.
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INTRODUCTION

In exposure assessment for occupational epidemiology,

questionnaires are commonly used to collect exposure data,

largely because they are simple and cost-efficient [Nieu-

wenhuijsen, 2005; Perry et al., 2006]. Although other

qualitative and quantitative (e.g., biomonitoring) methods

for data gathering exist, questionnaire surveys are a major
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tool and a number of validation studies have been conducted

to investigate their reliability and accuracy [Kleinman et al.,

1986; Kromhout et al., 1987; Hertzman et al., 1988; Teschke

et al., 1989, 2000; Owen et al., 1992; Stewart and Stewart,

1994a; Hammond et al., 1995; Benke et al., 1997; Calvert

et al., 1997; Bauer et al., 1999; Tielemans et al., 1999; Quinn

et al., 2001]. These include agreement analyses, such as those

conducted between self-reported exposures, expert assess-

ments, and urine metabolites, as a result of dermal exposures

to chemical hazards [Perry et al., 2006; Sembajwe, 2007].

Agreement analyses are usually used for comparing job

hazard ratings that have been made by two or more

individuals who are all trying to assess the same exposure.

Several studies have found that individual self-reports

were better able to estimate exposures to agents that were

tactile or easily sensed (like vibrations) [Benke et al., 2001].

A related factor in the accuracy of self-reported exposures is

employee awareness of the chemicals with which they work

and familiarity with the industrial or conventional names for

substances (such as stainless steel) rather than specific

chemical compound names (such as chromium) [Hawkins

and Evans, 1989; Wiktorin et al., 1996; Calvert et al., 1997;

Washington State, 2000]. Validation of self-assessment of

occupational exposures has been conducted elsewhere

[Kleinman et al., 1986; Kromhout et al., 1987; Hertzman

et al., 1988; Teschke et al., 1989, 2000; Owen et al., 1992;

Stewart and Stewart, 1994a,b; Hammond et al., 1995;

Fritschi et al., 1996; Benke et al., 1997; Siemiatycki et al.,

1997; Bauer et al., 1999; Tielemans et al., 1999; Hu et al.,

2002; Nieuwenhuijsen, 2005; Perry et al., 2006]. In

particular, comparisons between self-assessments and expert

ratings of exposures have been evaluated. For example,

one study [Perry et al., 2006] found poor agreement when

comparing urinalysis deethylatrazine results with self-

reported dermal, inhalation, and ingestion exposure. Another

two [Kromhout et al., 1987; Fritschi et al., 1996] concluded

that self-assessments should be used with a broader exposure

assessment strategy that includes qualitative and quantitative

information; they placed more confidence in the expert

assessments of occupational exposure. Another investigation

[Hu et al., 2002] compared self-assessments, expert ratings,

and direct air measurements (using personal air samplers)

to measure benzene, toluene, styrene, and xylene, in

female petrochemical workers in China. They found poor

agreement between self-assessments and direct measure-

ments (kappa< 0.4) for all the chemicals. They also found

moderate agreement between expert assessments and direct

measurements (kappa� 0.6). A study from the Netherlands

[Tielemans et al., 1999] also discovered poor agreement

between the worker self-reports, job exposure matrices

(JEMs), and metabolites measured in urine, for exposure

to toluene, xylene, glycol ethers, trichloroethylene, and

chromium among manufacturing workers. There may be a

number of reasons that the different assessment methods did

not agree well, including pharmacokinetics (for metabolites)

and sampling dates and times for the air monitoring results.

As seen from these examples, there are a number of ways

in which to measure agreement between exposure ratings

[Cohen, 1960; Goodman, 1979; Fienberg, 1980; Maclure and

Willett, 1987; Agresti, 1988; Cicchetti and Feinstein, 1990;

Feinstein and Cicchetti, 1990; Posner et al., 1990; Buettner

and Garbe, 2000; Carlin et al., 2000; Graham and Jackson,

2000; Nelson and Pepe, 2000; Lester Kirchner and Lemke,

2002] and all of these studies used standard agreement

analyses, such as Cohen’s Kappa [Cohen, 1960] (often called

kappa) even though they collected data representing different

levels: some data were collected at a group level (e.g., expert

ratings or job assignments) while others were measured at the

individual level (e.g., self-reports and urine metabolite

levels). Because these data were collected at different levels

(expert assessments do not typically evaluate the exposures

of each individual, but rather make estimates for jobs or

departments in which more than one worker is employed),

multilevel analysis, sometimes called hierarchical regres-

sion, generally would be considered a necessary tool for

correctly analyzing data with this kind of structure [Groves,

1989; Kleinbaum et al., 1998]. Using multilevel models

through generalized estimating equations (GEE) in these

studies may have yielded further information on agreement

by allowing data at various levels within an organizational

hierarchy to be examined as a function of several levels

of predictors [Groves, 1989; Kleinbaum et al., 1998]. In

addition to exploring agreement with multilevel regression

analyses, these studies may have discovered supplemental

patterns of agreement by accounting for the social context in

which these exposures occur.

The objective of this study was to use a range of

statistical modeling techniques to evaluate the agreement

between individual self-reports and expert ratings of work-

place exposures across a range of industries and jobs, and to

assess whether this agreement was modified by individual

sociodemographic characteristics.

METHODS

Study Background

These analyses are part of the larger United for Health

Study conducted by the Dana Farber Cancer Institute,

Harvard School of Public Health and the University of

Massachusetts Lowell. The larger study aims and method-

ology are described elsewhere [Krieger et al., 2005, 2006;

Barbeau et al., 2007; Quinn et al., 2007]. In brief, the

United for Health study was a cross-sectional survey with

the specific aim of looking at a United States population

of unionized workers, to characterize the distribution of

occupational physical and social hazards, their patterning by

race/ethnicity, gender, and wage level, and their contribution
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to social inequalities in health. The study was a collaborative

with industry managers and labor unions, with the latter

being the primary source of participant recruitment [Barbeau

et al., 2007]. The study participant response rate was 72% on

average per site, with a range of 65–87% [Krieger et al.,

2005, 2006; Barbeau et al., 2007; Quinn et al., 2007]. Each

research site’s institutional review board approved all the

protocols, consent forms, and survey instruments for the

United for Health Study. Each study participant signed an

informed consent form.

Data Collection

Information was collected from four industries, includ-

ing 14 worksites. Questionnaires collected individual

level information; exposure assessment experts (study team

occupational hygienists) also conducted worksite walk-

through exposure evaluations at the facilities, collecting

group level information about the jobs, departments, work-

sites, and industries. The occupational hygienists used an

exposure evaluation checklist with questions and rating

scales similar to those used in the study subjects’ question-

naires.

An audio computer-assisted self-interviewing system

(ACASI) was used to deliver the questionnaire to study

participants in either English or Spanish, depending on the

choice of the participant [Barbeau et al., 2007]. Trained

survey assistants were available to introduce the main

survey, collect anthropometric information (height, weight,

and blood pressure), administer a separate job history

questionnaire, and answer questions relating to ACASI.

The rationale for the development of the occupational

exposure questions and rating scales is described elsewhere,

as is the question and scale development for social hazards

[Krieger et al., 2005, 2006; Barbeau et al., 2007; Quinn et al.,

2007]. The exposures of interest were dust, chemicals, noise,

awkward postures of the neck, shoulder and back, heavy

lifting, and two components of job strain—demand and

control. Simultaneous information on these occupational

exposures of interest was recorded by two to three occupa-

tional hygienists during worksite walkthrough evaluations

using a checklist with similar exposure questions and rating

scales as those in the worker questionnaire. The findings from

these walkthrough evaluations were used to construct JEMs

for each worksite.

Exposure Scoring

From both the questionnaire self-report and walk-

through assessments, information was gathered on the

following exposures: dust, chemicals and noise; awkward

postures of the neck, shoulder and back; heavy lifting; and

psychosocial demand and control.

Dust and chemicals

Respondents were asked to note their exposures to dust

and chemicals in the last 12 months in one of four categories:

never, rarely, sometimes, and often. For agreement analyses,

these were collapsed into three: never (0), rarely or some-

times (1), and often (2). The never category also included

respondents who said that they had been exposed to dust at

work, but not in the last 12 months.

Noise

Self-reported noise exposures in the last 12 months were

categorized as none/low (0) for less than 3 hr of exposure to a

noisy area during a work shift; medium (1) for 3–6 hr of

exposure per work shift; and high (2) for more than 6 hr of

exposure in a work shift.

Neck, shoulder, and back

Self-reported neck, shoulder, and back exposures

(awkward postures) in the last 12 months were scored as

no/low (0) if there was less than 1 hr of exposure in a work

shift; medium (1) for 1–4 hr of exposure per work shift; and

high (2) for more than 4 hr of exposure in a work shift.

Pictograms were also used to illustrate the awkward postures.

Heavy lifting

Self-reported exposure to heavy lifting in the past

12 months was rated on a three-point scale: light (0),

moderate (1), and heavy (2) when rating the heaviest object

lifted for the job.

Demand and control

Self-reported job demand and control were defined using

four questions for control and three questions for demand

from Karasek’s Job Content Questionnaire survey [Karasek,

1985]. Demand and control scores were calculated using

standard factor analysis methods and were found to be

normally distributed; they were then divided into tertiles for

the low (0), medium (1), and high (2) categories. Details of

the job strain variables and their components are described

elsewhere [Quinn et al., 2007; Sembajwe, 2007].

Additional variables of interest

Sociodemographic characteristics were included in

the agreement analyses for self-reports and expert

walkthrough assessments of occupational exposures, to

investigate whether these individual or group characteristics

influenced the degree of agreement between self-report

and walkthrough exposure scores. The sociodemographic

Sociodemographic Patterns, Exposure Agreement 1021



characteristics used to explore these exposure relationships

were gender, race, age, education, wage, nativity, language

(the questionnaire could be completed in English or

Spanish), industry and industry/job combinations. Further

details regarding these variables are presented elsewhere

[Quinn et al., 2007].

Occupational Hygiene Evaluations

In the United for Health study, two to three professional

occupational hygienists and safety specialists conducted

walkthrough assessments of each worksite and documented

observed hazards in a JEM. Worksite-specific JEMs were

constructed first by defining the duties assigned to the job

titles in each department of a specific workplace. Following

these assignments, a table listing the departments and job

titles along with the type of hazardous exposure (psychoso-

cial stress or job strain, dust, chemicals, noise, musculoske-

letal or awkward postures—neck, shoulder, heavy lifting,

back) was designed. Based on a consensus of professional

judgment [Monge et al., 2005; D’Souza et al., 2007], a value

of 0 for no or low exposure, 1 for medium exposure, and 2 for

high exposure was given to each job title for each exposure.

Because only one walkthrough visit was made to each

worksite, the expert assessments represented exposures at

just one point in time, unlike the self-reports which asked

about exposures over the past 12 months.

Criteria for exposure assignments were developed by the

occupational hygienists. Each exposure was rated using the

same scale for the JEM as it was in the questionnaire. For

example, a noise level assignment of no/low corresponded to

a response on the questionnaire that would be expected to

also be assigned to the no/low category (less than 3 hr of

exposure to a noisy area) by an individual worker. Each job

title was reviewed in detail during the walkthrough evalua-

tions and the assignment was a consensus value reached by

the occupational hygienists [Monge et al., 2005; D’Souza

et al., 2007]. The physical hazards scored were the same as

those in the self-report questionnaires. There is a third

dimension of job strain considered by the JCQ—social

support. This was included in the questionnaire but was not

included in the analyses of self-reported responses, because it

was not possible to assess this adequately at the job level

during the walkthrough evaluations.

Musculoskeletal strain exposures (awkward postures of

the back, shoulder, neck; repetitive motions of the hands; and

heavy lifting) were evaluated through observation and by

using the NIOSH lifting equations as a guide. The NIOSH

lifting equation is a tool for measuring single or combinations

of lifting tasks and trunk posture to help determine risks

associated with the loads being carried [Badger, 1981;

Waters et al., 1994].

Dust and chemical exposures were observed directly and

through information shared by the supervisors or employees

about usual job tasks. Information about the work, materials,

practices, unit processes and tasks involved in the job and

department also was collected. Detailed notes of the

walkthrough observations were recorded and reviewed by

the expert assessors.

To complete the noise section of the JEM, the occupa-

tional hygienists used their observations and direct experi-

ence of the noise, comparing it to the Occupational Safety

and Health Administration (OSHA) standards for very loud

noises and the World Health Organization (WHO) standards

for occupational and community noise [WHO, 2001]. These

guidelines list the types of activities and equipment or

machinery that produce loud (harmful) noise or interfere with

speech.

Data Analysis

To explore the agreement between the self-reported

exposures and occupational hygiene walkthrough assess-

ments, percent agreement, kappa, loglinear analyses, and

generalized linear models (GLM) were used. Each exposure

was analyzed in a separate model. In addition, because group

and individual levels of exposure and sociodemographic data

were collected in the United for Health study, multilevel

regression models were used.

A group level variable that combined industry and job

was created. This variable consisted of a set of job titles fully

nested within the industries. Details about the industry/job

variable creation have been described elsewhere [Quinn

et al., 2007].

Because the JEM (walkthrough) assignments were made

at the job title level, kappa and loglinear analyses were also

used to measure agreement between an average of the self-

reported exposures at the job title level compared to the

expert assessment of the exposure for that job title. For

multilevel modeling, this aggregation was not necessary, and

the individual and group level scores were given their correct

weights and their correlation structure was taken into

account.

Agreement models

The following statistics were calculated to assess

different aspects of agreement. Percent agreement:

Initial cross-tabulations of agreement or frequency counts

between the different exposures were used to calculate

percent agreement. Usually, agreement of less than 70% is

considered ‘‘poor’’ and greater than 85% is considered

‘‘strong’’ [Hunt, 2006]. Kappa: Kappa scores were also used

to evaluate agreement between the self-assessments and

expert ratings. Weighted kappa was used to account for the

ordinal rating scale for the exposures. Weighted kappa values

less than 0.4 are often considered ‘‘poor’’ agreement, while

values greater than 0.7 are considered ‘‘good’’ agreement

1022 Sembajwe et al.



[Fleiss, 1981; Hunt, 2006]. Both kappa and percent agree-

ment were reviewed within stratified groups of sociodemo-

graphic variables and industry, industry/job variables, to

evaluate whether agreement was dependent upon socio-

demographic characteristic. Loglinear models: Another way

to measure and model agreement uses loglinear modeling.

These models are more flexible in assessing agreement

and allow for the evaluation of the effect of modifiers or

covariates on patterns of agreement [Fienberg, 1980;

Maclure and Willett, 1987; Agresti, 1988; Buettner and

Garbe, 2000; Graham and Jackson, 2000; Yoder et al., 2001;

Lester Kirchner and Lemke, 2002; Schuster, 2002]. Exact

and marginal agreement with sociodemographic variables

were explored. Loglinear models yield odds ratios of

agreement. For data similar to those in this study, odds ratios

of less than 5 are considered ‘‘poor’’ agreement while those

greater than 45 indicate ‘‘strong’’ agreement [Hunt, 2006].

Tests of model significance were based on likelihood ratios

or Akaike’s Information Criterion (AIC) [Fienberg, 1980;

Yoder et al., 2001; Lester Kirchner and Lemke, 2002;

Schuster, 2002; Stegmann and Lucking, 2007].

Modeling discord with multilevel models

Multilevel regression models were also used to explore

agreement between the expert assessments and self-reported

exposures by modeling accord (or discord)—the condition of

a participant rating his/her exposure similar to or different

from the expert rater. Further, the two types of discord can be

studied separately—the self-report higher than the expert or

vice versa. This approach has the advantage that it allows

exploration of patterns in which one party consistently rates

exposures higher/lower than the other. This approach was

used further to explore whether there were patterns of accord/

discord which varied by sociodemographic characteristics of

the study participants.

A discord outcome variable was created by assigning a

1 to all ratings that did not match perfectly and a 0 otherwise.

This meant that the discord variable captured all levels of

assessment that did not agree perfectly. GLM were used

for regression analyses. Models that nested individual

variables within department had the best fit (using AIC)

and consistently converged. After these models showed

various patterns of results and some strong sociodemo-

graphic predictors of discord (Appendix), it seemed useful to

investigate a particular type of discord, that is, self-reported

exposure higher than the expert assessment. The choice of

this type of discord was somewhat arbitrary. The reverse

condition, where self-reports were lower than the expert

assessment, was also studied and the results were quite

similar (but measures of association were inverted). The

newly constructed higher discord variable was coded 1 in

either of two scenarios: when walkthrough assignments were

0 (no/low) and self-reports were 1 (medium) or 2 (high); and

when walkthroughs were 1 (medium) and self-reports were

2 (high). This variable was designed to explore any patterns

of association between sociodemographic characteristics

and a higher self-report of exposure in comparison to

walkthrough assignments.

Because there was a large number of bus drivers and they

all were listed under one job title (which would have

conferred perfect agreement or perfect discord within for the

entire group), the agreement analyses were repeated without

this group, to investigate their influence. All data analyses

were conducted in SAS1 version 9.1.

RESULTS

There were 1,282 eligible respondents in the United for

Health study. The population was of a diverse racial/ethnic

background with approximately two-thirds male. Half

were foreign-born and a majority chose the English language

questionnaire (Table I). The study population had an average

TABLE I. Description of Study Population

N (%)

Number in total study population 1,282 (100)
Gender

Female 456 (36)
Male 791 (62)
Missing 35 (3)

Race/ethnicity
Black 505 (39)
Hispanic 292 (23)
White 314 (24)
Other 130 (10)
Missing 41 (3)

Hourly wage
$6.00^10.54/hr 403 (31)
�$10.55/hr 774 (60)
Missing 105 (8)

Nativity
Born in U.S. 607 (47)
Born outsideU.S. 616 (48)
Missing 59 (5)

Language of questionnaire
English 1,060 (83)
Spanish 222 (17)
Missing 0

Education
Less than12th grade 296 (23)
High school/GED 470 (36)
Beyondhigh school 400 (31)
Missing 116 (9)

N, frequency; %, percent.
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age of 45 years with almost ten years of tenure in their current

job (not shown in the table); a quarter had less than high

school education and one-third made below $10.55 per

hour—the living wage for the geographic region from which

the population was drawn.

Almost three-quarters of the study participants were

employed in the school bus service and grocery store retail

industries; 12% worked in meat packing and 16% were in

electrical light fixture manufacturing. The number of job

titles and departments varied by industry; there was also a

substantial difference between the number of self-ascribed

job titles and official or company-assigned job titles that

were recorded by the occupational hygienists during the

walkthroughs (Table II). Walkthrough job titles were

matched with self-reported job titles based on job task

information.

As noted elsewhere [Quinn et al., 2007] only 15% of the

study population reported having no high exposures to any of

the identified hazards; 85% of the population identified at

least one high exposure at their workplace.

Measures of Agreement

There was generally poor agreement between self-

reports and walkthrough exposure ratings. Agreement was

poor across all exposures, whether measured at the job title

level (with average worker scores for comparison), at the

individual level (where each worker was assigned the job

title level score for comparison), or with/without bus drivers

(data not shown). Percent agreement, kappa, and loglinear

models were uniformly low, with percent agreement less than

50%, kappa less than 0.4 (with some negative kappa results),

and odds ratios of agreement less than 5.0 across all

exposures [Fleiss, 1981; Hunt, 2006].

Mixed Models

In multilevel models that nested individuals within

departments, there were minimal adjustments in the strengths

of the associations found in the non-nested models and

the qualitative message remained the same. However, the

department level variable was significant in all the models,

indicating a degree of clustering by exposure, within

departments and possibly job titles, with P< 0.001 for the

department level variable and an intra-class correlation of

0.4 (for clusters of individuals within department). Each

department and job titled was nested within its specific

industry.

Discord Models

Figure 1 shows results from investigations into the

agreement and discord between self-report and expert

assessment across exposures. Individuals reported higher

exposure than the experts generally about a third of the time

for most exposures. The notable exception was job demand,

for which higher estimation only occurred for 4% of

participants, while 70% reported lower demand than the

experts (lower estimation).

There were interesting patterns of higher estimation of

exposures in self-reports compared to experts, when the

population was stratified by sociodemographic charac-

teristics (Table III). Women were generally more likely than

men to report higher estimates of exposure relative to experts.

This was particularly pronounced for awkward shoulder

posture, prolonged noise exposure, and psychosocial job

demands, all of which had prevalence ratios greater than

1.5. Older workers were consistently less likely than younger

workers to report higher exposures than the expert raters.

Among race/ethnicity groups, Black and Other race were

relatively less likely than Whites to report higher exposures.

The pattern for Hispanics was inconsistent, with some

exposures more frequently reported higher and others lower

than Whites. The lower wage workers (earning less than the

living wage of $10.55 per hour) were considerably more

likely to have relatively higher estimates than those earning

more. This was particularly true for the musculoskeletal

exposures and high noise for which prevalence ratios were

greater than 2.0. Those born outside the U.S. were less likely

than the native born to report higher estimates of exposure

than the expert raters. The pattern was inconsistent for the

variable indicating whether the survey was taken in English

TABLE II. Work Sites and JobTitlesWithin Industry,United for Health Study,Boston,Massachusetts

Industry
Work sites,

N (%)
Departments,

N (%)
Job titles (walkthrough),

N (%)
Job titles (self-report),

N (%)
Individuals,

N (%)

School bus service 4 (29) 1 (2) 1 (1) 24 (6) 497 (39)
Meat andmeat product (wholesale) 1 (7) 20 (36) 23 (25) 85 (23) 157 (12)
Grocery store (retail) 7 (50) 13 (24) 22 (25) 161 (43) 417 (33)
Light fixtures (manufacturing) 2 (14) 21 (38) 44 (49) 101 (27) 211 (16)
Total 14 (100) 55 (100) 90 (100) 371 (100) 1,282 (100)

N, frequency; %, percent.
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or Spanish, and there were few important differences in

relative exposure estimation among workers with different

levels of education.

DISCUSSION

Comparative studies of expert evaluations and self-

reported exposure assessments have recognized that both

can be biased [Stewart and Stewart, 1994a]. Several formal

validation studies that compared expert assessments to

quantitative measurements have found that expert ratings,

for example, were highly influenced by the amount of

information about the job or worksite available to the experts

[Kromhout et al., 1987; Stewart and Stewart, 1994a; Calvert

et al., 1997; Tielemans et al., 1999].

Neither walkthrough evaluations (used for the expert

assessments in this study) nor self-reports are a ‘‘gold

standard’’ for exposure assessment and caution should be

used when relying upon either form during data collection

[Stewart and Stewart, 1994a,b; Fritschi et al., 1996;

Siemiatycki et al., 1997]. Self-reported exposures have

certain advantages: they are measured at the individual level;

they offer a summary of exposure over specific periods

of time; they are relatively inexpensive; and they can cover a

wide range of exposures. However, from a wide range of

industries, self-reports also have some disadvantages: they

are subjective; their scale of measurement can be difficult to

evaluate; they are open to recall bias; and they can be

influenced by individual perception and willingness to

report, which may both be socially determined.

Expert walkthrough assessments also have certain

advantages: they are generally considered more objective

(relative to self-reports); their scale of measurement can be

better defined; and they are relatively time- and cost-efficient.

There are some disadvantages to expert judgments: they are

not truly objective (experts may bring personal as well as

professional biases to their assessments); they typically

reference only one point in time; and they typically assess

exposures at the job level and cannot account for individual

employee level variability.

Several validation studies of self-assessment of occupa-

tional exposures have been conducted elsewhere [Kleinman

et al., 1986; Kromhout et al., 1987; Hertzman et al., 1988;

Teschke et al., 1989, 2000; Owen et al., 1992; Stewart and

Stewart, 1994a,b; Hammond et al., 1995; Fritschi et al., 1996;

Benke et al., 1997; Siemiatycki et al., 1997; Bauer et al.,

1999; Tielemans et al., 1999; Hu et al., 2002; Nieuwenhuij-

sen, 2005; Perry et al., 2006]. In particular, comparisons

between self-assessments and expert ratings of exposures

often show moderate to poor agreement, with more

confidence being placed on expert ratings [Kromhout et al.,

1987; Fritschi et al., 1996; Tielemans et al., 1999; Hu et al.,

2002; Perry et al., 2006]. In this study, agreement

between self-reported and walkthrough assessments varied

FIGURE 1. Agreementanddiscord forself-reportedexposure ratingscomparedtoexpertwalkthroughassessments.
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by exposure, but in general agreement was poor across all

exposures. There are a number of reasons that could have

contributed to this discord.

The scales for the survey response options varied

depending on the exposure. Individuals responding to the

musculoskeletal questions (neck, shoulder, back exposures),

were asked to indicate the number of hours in a day that they

were exposed (<1 hr, 1–4 hr, or >4 hr). Whereas the heavy

lifting question asked workers to rate the weight of the

heaviest object routinely lifted on the job, in the past year

(light, moderate, or heavy); and the questions on dust and

chemical exposure asked if one was ever exposed, with a

follow-up question about exposure in the past year (never,

rarely, sometimes, or often). The question on noise was also

in two parts, with an initial question on working in a noisy

area in the past year, followed by a query about the number of

hours of exposure in a day (>3 hr, 3–6 hr, or >6 hr).

Although the walkthrough assessments tried to use similar

scales, individual workers may have been more able to

accurately identify exposure patterns (intensity and fre-

quency) that could not be observed at one or two work site

visits. The constellation and subjectivity of questions for

the demand and control exposures are examples of how the

questionnaire scale could not always be reproduced for the

walkthrough assessments.

The questionnaire was administered by computer using

audio and visual cues in the participant’s language of choice.

Pictograms for the musculoskeletal questions were included.

For these reasons, this questionnaire may have collected

more accurate exposure data than the more common paper

and pencil questionnaire.

Whether an exposure was continuous or intermittent and

its physical form may have also contributed to discord in self-

reports and walkthrough ratings. Musculoskeletal exposure

questions may have been more tactile than questions about

dust and chemical exposure (the graphics used for the

awkward posture questions would also have helped with

relaying the survey’s intent). Intermittent exposures may

have been missed during a site visit, or if noticed during the

walkthrough, may have been given more importance than

assessments from self-reports.

Although symptom questions were not investigated in

this report, individual symptoms or pain may have influenced

self-reported responses to exposure questions (common

variable bias). For example, a worker experiencing neck

pain may have indicated high exposures (>4 hr in a shift) to

awkward neck postures when expert observations of the job

tasks may have rated the exposure as low. The subjectivity of

self-reports has been addressed elsewhere and has often been

used as a reason to prefer expert assessments of exposure

[Teschke et al., 1989; Fritschi et al., 1996; Benke et al., 1997;

Stewart et al., 2000; Hu et al., 2002].

During the walkthrough exposure assessments, experts

were able to rate jobs based on comparisons within industry,

worksite, and department as well as draw upon their

experiences across industries, worksites, and departments.

This should have reduced subjectivity on the part of the

experts, in comparison to the self-reports, but may also

have contributed to the observed discord with workers’ self-

reports.

For this study, kappa, loglinear, GLM, and multilevel

models were used. In order to work well, all of these

statistical models rely on specific, underlying distributions

for the data. There were significant differences in the

way exposure scores were assigned by the self-report and

walkthrough procedures. Thus, there were unequal margins

(or distributions of overall exposure scores) for tables that

compared self-reported exposures to occupational hygiene

assessments. This imbalance in our data compromised

agreement analyses using kappa, since the calculation of

kappa relies so heavily on the assumption of balanced

margins [Cohen, 1960; Goodman, 1979; Maclure and

Willett, 1987; Agresti, 1988; Cicchetti and Feinstein, 1990;

Feinstein and Cicchetti, 1990; Posner et al., 1990; Buettner

and Garbe, 2000; Carlin et al., 2000; Graham and Jackson,

2000; Nelson and Pepe, 2000; Lester Kirchner and Lemke,

2002]. Thus it may not be so surprising that the kappa scores

in our study were poor.

Loglinear models assisted in accounting for the marginal

distributions and allowed for a little more flexibility in the

agreement analyses [Cohen, 1960; Goodman, 1979; Maclure

and Willett, 1987; Agresti, 1988; Cicchetti and Feinstein,

1990; Feinstein and Cicchetti, 1990; Posner et al., 1990;

Buettner and Garbe, 2000; Carlin et al., 2000; Graham and

Jackson, 2000; Nelson and Pepe, 2000; Lester Kirchner and

Lemke, 2002]. These models confirmed that there was poor

agreement between the self-reported exposure ratings and

the walkthrough assessments. These model results also

suggested, as did the negative kappa scores for some of the

exposures, that there was a higher degree of discord than

would be found by chance.

Loglinear, multilevel, and GLM techniques were used to

model and highlight the sociodemographic characteristics

that were influencing the discord. These techniques were

very useful for modeling discord and through these statistical

methods each exposure score with additional covariates was

investigated, to check the magnitude of any associations that

influenced the lack of agreement. Multilevel modeling was

particularly helpful when accounting for the nesting of

individuals within job titles and departments.

Discord, Higher Estimation,
and Lower Estimation

By design, workers and expert exposure assessors used

similar scales of measurement in evaluating exposures. But

this consistency of form (usually a 3- or 4-point scale)

appears to have been less important than other aspects of the

Sociodemographic Patterns, Exposure Agreement 1027



exposure assessment processes which evidently were quite

different between workers and experts. As noted above,

there are many possible explanations for this discrepancy

including different periods of time (workers were asked

about the past year; experts could only evaluate what they

saw during their brief visits), different implicit comparisons

(workers perhaps referred to their own previous jobs or those

of their friends or colleagues; experts relied upon their

professional practice and standards in the field), and various

kinds of bias on the part of both types of assessors.

Initial investigations of the low level of agreement

focused on discord and the simple fact that the worker and

expert ratings were different. Mathematically, discord is

represented by any pattern of responses that is not on the main

diagonal of a 3� 3 matrix of the worker and expert exposure

scores. When this approach seemed to explain very little

about the data, it seemed possible that perhaps higher

estimation and lower estimation—lumped together when

studying discord—were different phenomena with different

determinants. This appears to be the case. There were much

stronger patterns of differences in who reported higher

estimates of exposure (one corner of the 3� 3 matrix) than in

who was simply not in accord with the experts (similar,

inverse patterns occurred for lower estimations, the opposite

corner of the 3� 3 matrix). While there is no definite

explanation for the observed patterns, certain observations

may be useful.

(1) There was a strong tendency for the same pattern of

relative higher or lower estimation to occur across most

or all exposures. That is, how exposures were reported

was consistent across sociodemographic character-

istics and seemed little affected by the specific exposure

in question.

(2) Women were more likely than men to report higher

estimates for most exposures, compared to experts.

This consistent gender difference could be due to

gender-based differences in tasks within jobs, or it

could be due to differences in how men and women

perceived and rated their exposures.

(3) Older workers were less likely than younger workers to

report higher estimates for all exposures, compared to

experts. This pattern was quite consistent across the

diverse types of exposures. One or both of the same

broad explanations used for gender may apply.

(4) Blacks and the other race group were less likely than

Whites to report higher exposures than the expert

raters.

(5) Lower wage workers were more likely than higher

wage workers to report higher exposures relative to

experts.

(6) Those born outside the U.S. were less likely than

native-born workers to report higher exposures than

expert raters.

It is difficult to find a simple explanation for

these findings. It appears though that sociodemographic

characteristics do affect agreement between self-reports and

expert raters across a wide array of different types of

exposures, and a range of sociodemographic characteristics.

These results also indicate a need to employ an ecosocial

framework during exposure assessment for occupational

epidemiology, by linking social, biological, and historical

(time) when assessing population experiences of factors

related to health (and ultimately linking these with health

outcomes) [Krieger, 1994, 2001].

One direct way to reduce the discrepancy between

self-reported exposures and expert walkthrough assess-

ments at worksites would be during exposure asses-

sments, for experts to be more aware of and document

the individual level profiles that make up a job title (job

group) or department being assessed. Similarly, individual

self-reported data (surveys) should always include informa-

tion on sociodemographic characteristics to facilitate

researcher understanding of the complex social, ecological,

and historical relationships that make up the realities

of exposure and ultimately how these perceptions and

experiences affect health. In addition, during analyses,

the sociodemographic characteristics of employees that

make up the assessed jobs and/or departments should

be included, necessarily. This would require the use

of multilevel modeling strategies to evaluate the complex

associations that make up individual and group level

variability, especially when exposures are linked to health

outcomes.

The ultimate goal of these improved exposure assess-

ment strategies would be to increase measurement precision

for worksite interventions and most importantly, reduce

harmful exposures at the population (or group) level by

also reducing individual level (within group) variability in

exposure.

CONCLUSIONS

In this study there was poor agreement between

self-reported exposures and expert assessments. A number

of possible reasons for the poor agreement (discord)

between the walkthrough and self-reported assessments

are important and include: precision of the survey questions;

the time period they ask about; measurement scales;

nature of exposure (whether it is intermittent, perceptible);

number of individuals per job title or department and

variability of the individual exposures within job title; and

relative subjectivity of the instruments being used. An

analysis of the lack of agreement or discord showed

definite patterns in particular types of discord. These patterns

of discord were associated with the sociodemographic

characteristics of the survey participants, across a wide range

of exposures.
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These discord analyses are important because often

studies of agreement in exposure assessment attribute poor

agreement to misclassification by one type of measure

or another and do not consider sociodemographic charac-

teristics [Fritschi et al., 1996; Siemiatycki, 1996; Benke

et al., 2001; Quinn et al., 2007]. Individual attributes such as

age, race/ethnicity, gender, and wage may add important

information about perceptions or possible individual

sensitivities to workplace exposures [Kennedy and

Koehoorn, 2003].

These analyses are a useful contribution to the

exploration of agreement between exposure assessment

tools; these results suggest and the authors recommend

that sociodemographic characteristics should be an

important part of exposure assessment for epidemio-

logy, through qualitative and quantitative measurement

strategies [Krieger, 1994, 2001; Kennedy and Koehoorn,

2003].
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