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Abstract

Objectives: The Integrated Management Information System (IMIS) is the largest multi-industry
source of exposure results available in North America. In 2010, the Occupational Safety and Health
Administration (OSHA) released the Chemical Exposure Health Data (CEHD) that contains analytical
results of samples collected by OSHA inspectors. However, the two databanks only partially overlap,
raising suspicion of bias in IMIS data. We investigated the factors associated with selective recording
of CEHD results into the IMIS databank.

Methods: This analysis was based on personal exposure measurements of 24 agents from 1984
to 2009. The association between nine variables (level of exposure coded as detected versus non-
detected (ND), whether a sampling result was part of a panel of chemicals, duration of sampling,
issuance of a citation, presence of other detected levels during the same inspection, year, OSHA
region, amount of penalty, and establishment size) and a CEHD sampling result being reported in
IMIS was analyzed using modified Poisson regression.

Results: A total of 461900 CEHD sampling results were examined. The proportion of CEHD sam-
pling results recorded into IMIS was 38% (51% for detected and 28% for ND measurements). In the
models, the detected sampling results were associated with a higher probability of recording into
IMIS than ND sampling results, and this difference was similar for panel versus non-panel samples.
Probability of recording remained constant from 1984 to 2009 for sampling results measured on
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panels but increased for sampling results of single determinations of an agent. Some OSHA regions
had probability of recording two times higher than others. No other variables that we examined
were associated with a CEHD sampling result being reported in IMIS.

Conclusions: Our results indicate that the under-reporting of sampling results in IMIS is differential:
ND results (especially those determined from the panels) seem less likely to be recorded in IMIS than
other results. It is important to consider both IMIS and CEHD data in order to reduce bias in evalua-
tion of exposures in workplaces inspected by OSHA.

Keywords: CEHD; databank; IMIS; 0SHA; occupational exposure; statistical exposure model.

Introduction

Multi-industry occupational exposure databanks are
potential sources of historical individual exposure mea-
surements useful for exposure surveillance (Gémez,
1997; Ruttenber et al., 2001; LaMontagne et al., 2002),
epidemiological research (Friesen et al., 2012; Peters
et al., 2012; Fritschi et al., 2015; Taeger et al., 2015),
and as a basis for exposure prediction models (Gabriel,
2006; Scarselli et al., 2007; van Tongeren et al., 2011;
Mater et al., 2016). Set up in several countries in the
early 1980s, these databanks contain large quantities of
exposure data generated by governmental agencies dur-
ing various regulatory and prevention activities.

In the United States, the Occupational Safety and
Health Administration (OSHA) maintains two separate
databanks that include measurement results collected dur-
ing compliance inspections. The Integrated Management
Information System (IMIS), recently replaced by the
OSHA Information System (OIS) (US Department of
Labor, 2014a), contains exposure results from surveys
performed by OSHA officers. IMIS has been used to
evaluate occupational exposures to various chemical
agents (Hamm and Burstyn, 2011; Henn et al., 2011;
Cowan et al., 2015; Lee et al., 2015). The second data-
bank, referred to as the Chemical Exposure Health Data
(CEHD), was made available in 2010 and contains the
analytical sample results of the measurements collected by
OSHA officers. Officers interpret the CEHD results and
record their assessment in IMIS (e.g. calculating an 8-h
time-weighted average (TWA) concentration, see Fig. 1).

Even if IMIS and CEHD represent a great potential
source of information, results stored within these data-
banks cannot be regarded, by default, as representative
of the exposures experienced by the general U.S. work-
ing population. The process by which OSHA selects
workplaces for enforcement visits and workers for expo-
sure monitoring is non-random and may over-represent
situations with higher- or lower-than-average exposures
(Lavoue et al., 2013; Sarazin et al., 2016).

The availability of the CEHD databank provides the
opportunity to ask a new question: is there a difference

between the population of situations sampled by OSHA
officers (i.e. appearing in the CEHD databank) and the
population of results recorded in IMIS?

Two OSHA reports published in the 1980s
(Mendeloff, 1984; Jones et al., 1986) commented that
not all measurements made by OSHA officers resulting
in laboratory samples in CEHD were recorded in IMIS;
these findings were recently corroborated (Lavoue et al.,
2013; Cowan et al., 2015; Lee et al., 2015). Moreover,
Lavoue et al. (2013) showed that the proportion of non-
detects (ND) in the CEHD dataset was higher than in
the IMIS dataset for lead.

The main objective of this study was to explore
under-reporting in IMIS comprehensively by identifying
its determinants based on the linkage and comparison of
CEHD and IMIS across a broad range of chemicals.

Methods
The OSHA databanks: IMIS and CEHD

The IMIS exposure databank contains exposure results
from all chemical and physical hazards collected under
federal OSHA and state OSHA plans (OSHA, 2015b) and
information about the company inspected. The chemical
exposure results collected under enforcement programs
(excluding non-compliance sampling such as health con-
sultations and disasters) were accessed through a Freedom
of Information Act request. Date, sample number, sample
type, and type of inspection are also recorded.

The CEHD databank was accessed online (OSHA,
2015a). Additional information contained in CEHD but
not recorded in the IMIS databank includes the follow-
ing: sampling duration, analytical method, and pres-
ence of other substances on the same sampling media.
Because data in CEHD are mainly federal OSHA data,
there are measurements in IMIS from State OSHA plans
that are not in CEHD.

Data preparation
The IMIS and CEHD datasets were restricted to over-
lapping years of 1984-2009. The IMIS extract contained
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Figure 1. Conceptual linkage between the CEHD and IMIS databanks.

851987 records corresponding to 107 647 inspec-
tions, covering 1054 agents. Cleaning of IMIS data was
described in Sarazin et al. (2016). The CEHD online
dataset contained 1908 373 records corresponding to
40158 inspections, covering 1082 agents. Cleaning of
CEHD data was described in detail in appendix 1 in
Lavoue et al. (2013). Briefly, records that were judged
not useful for exposure assessment (e.g. ‘soil’, ‘gravimet-
ric determination’, ‘sample weight’ measurements) or
erroneous (e.g. records with sampling volume or sam-
pling duration missing or null, records with missing or
‘0’ values for sampling number) were excluded. Blank
samples and records that were not personal samples (e.g.
area, wipe, and bulk) were also excluded. The analyses
were restricted to chemical agents that had at least 2500
CEHD sampling results (these agents represent 82% of
all CEHD sampling results).

Linkage between IMIS and CEHD

The ‘sampling number’ and ‘chemical agent’ variables
were present in both datasets, and a unique ‘sampling
number—chemical agent’ identifier was created to link
the two datasets. Sampling number is a unique identi-
fier for the Air Sampling Worksheet (OSHA 91A), which
contains inspector’s sampling field notes and serves as
a submission document for samples requiring analysis
at the Salt Lake City Laboratory. This identifier usually
determines a unique ‘evaluation’ made by an inspector
for a worker (e.g. a worker’s full shift). Several samples
in CEHD for one ‘sampling number—chemical agent’
would correspond to partial-shift measurements (e.g.
morning and afternoon samples) aggregated by the

inspector before recording in IMIS through the calcula-
tion of a TWA.

This identifier was not perfect for linking CEHD
to IMIS. For instance, in some cases, aggregated sam-
pling time seemed unrealistically high (>600 min), sug-
gesting several workers were monitored. Moreover,
some records in IMIS have the same ‘sampling number-
agent’, corresponding to several sample types [i.e. one
shift-long TWA result and one short-term (ST) result].
Hence some CEHD records tied to one ‘sampling num-
ber—agent’ might be used to calculate a TWA result in
IMIS, whereas the remaining CEHD record is used to
calculate a ST result in IMIS (there is no formal link to
identify which CEHD records are associated to which
sample type in IMIS, and duration in CEHD is not use-
ful when the IMIS sample type value is ‘ND’). However,
these issues affected a small proportion of the data, with
7% of the CEHD aggregated results with duration > 8 h
and 3% of the IMIS records associated with more than
one sample type per sampling number.

Multiple records tied to a single ‘sampling num-
ber-chemical agent’ in CEHD were therefore treated as
sequential partial-shift measurements and aggregated to
calculate total sampling time and a TWA concentration
result for the evaluation. When one of the samples was
reported as a ND, its value was replaced by 0 in the cal-
culation of the TWA concentration. If all samples were
ND, the aggregated value was reported as a ND.

For CEHD, the terms ‘measurements’ and ‘sampling
results” were used to designate the individual analyti-
cal records and aggregated TWA concentration results,
respectively.
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Ancillary information examined

The focus of this study was to identify the factors associ-
ated with a CEHD sampling result being present or not
in IMIS. The primary interest was to investigate whether
this was related to the measured exposure level (e.g. are
ND records less likely to be present in IMIS? Or are high
exposure levels more likely to be present in IMIS?).

For each chemical agent, the CEHD sampling results
were divided into three categories indicating whether the
results were detected and whether they exceeded the per-
missible exposure limit (PEL) of the agent at the time of
measurement: ND, detected below PEL (detected < PEL),
and equal or above PEL (detected > PEL). The ST PEL
was used to select the appropriate category for sampling
results with a total sampling time of <15 min for the six
agents with both TWA and ST PEL limits (beryllium,
cadmium dust, cadmium fume, chromic acid, styrene,
toluene) (OSHA, 2014).

Several reports have indicated that multiple agents,
such as metals, are often measured on the same sample
media as part of a panel (Okun et al., 2004; Hamm and
Burstyn, 2011; Henn et al., 2011; Lavoue et al., 2013). In
such a case, it would be difficult to know whether a ND
result reflected a sample where the agent of interest was
not detected or a sample where the agent was not inves-
tigated but analyzed nevertheless. We suspected that ND
measurements within a panel were only reported by the
laboratory because of analytical protocol and would there-
fore not tend to be recorded into IMIS. The variable “field
number’ in the CEHD databank identifies measurements
collected on the same sampling media. CEHD sampling
results were therefore divided into two categories indicat-
ing whether the result belonged to a panel (panel = yes if
more than one agent on the sampling media).

We also suspected that CEHD sampling results might
be more likely to be recorded into IMIS when other
samples taken during the same inspection have detected
results. The ‘other detected samples in inspection’ varia-
ble was derived by looking at the list of sampling results
in each CEHD inspection and calculating the proportion
that were detected. This variable was analyzed as a four-
level categorical variable (0% = none, 1-33% = low
proportion, 34-66% = medium proportion, more than
266% = high proportion).

The number of workers in each inspected facility was
categorized into tertiles observed in the CEHD dataset:
1-35 workers = small, 36-150 = medium, >150 = large.
The sampling duration variable was standardized by
subtracting the mean from the value of each record and
dividing by the standard deviation.

We used the publicly available IMIS violation data-
set (US Department of Labor, 2014b) to create four

variables associated with the violative behaviour of a
given establishment. The variable ‘PEL citations’ rep-
resents the number of citations issued in the following
categories during the inspection: Occupational Safety
and Health (OSH) Standards from 1910.1000 through
1910.1052, OSH Standards for Shipyard Employment
from 1915.1000 to 1915.1050, and OSH Standards for
Construction from 1926.1101 to 1926.1148. The vari-
able ‘respiratory protection and hazard communication
citations’ represents citations related to OSH Standards
1910.0134 and 1910.1200. The third variable created
(‘other citations’) included all other citations (mainly
associated with safety issues and physical hazards). A list
of OSH Standards codes along with a short description
for each is available within the online supplementary
material (see Supplementary Table S1, available at the
Annals of Work Exposures and Health online). Each of
the three previous variables was analyzed as a three-level
categorical variable (‘no’ category plus two categories
obtained from separating the non-zero values by their
median). Finally, we created the ‘penalty’ variable, rep-
resenting the total amount of fines historically received
by an establishment (the initial penalty fines were used
to calculate the amount). This variable was analyzed as a
four-level categorical variable (‘no penalty’ category plus
three categories obtained from separating the non-zero
values by their tertiles).

Before modeling, correlations between independent
variables were evaluated using Cramer’s V (Fisher and
van Belle, 1993), with a threshold of 0.7 for detecting
potential multicollinearity.

Statistical modeling

We used Poisson regression using a sandwich variance
estimator for estimation of risk ratios (RRs) with binary
outcome (Greenland, 2004; Zou, 2004) to model the
probability of a CEHD sampling result being recorded
into IMIS for each individual chemical agent. All vari-
ables described above were added in the models, as well
as sampling year and OSHA region (Table 1). In addi-
tion, we added the interaction of exposure level with
panel sample to specifically test whether ND results part
of a panel are recorded differently into IMIS, i.e. results
coming out of the laboratory, but probably not of interest
to the OSHA officer. For OSHA region, we used devia-
tion coding (Menard, 2002; UCLA, 2015) to allow com-
parisons of the probability of a CEHD sampling result
being recorded into IMIS for a given level of the variable
to the overall mean probability of recording of the vari-
able [e.g. comparing level 1 (Boston) of OSHA region to
the average across all levels of OSHA region, comparing
level 2 (New York) of OSHA region to the average across
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Table 1. IMIS and CEHD ancillary variables tested in the empirical statistical models.

Variable

Description

Type

Number of samples (%)

Exposure level

Panel sample

Year
Sampling time

PEL citations

Respiratory protection and
hazard communication

citations

Other citations

Detected samples in

inspection

Establishment size

Penalty

OSHA region®

Level of exposure of CEHD
sampling result

CEHD sampling result is part or
not of a panel of samples

Year of sampling

Duration of sampling of CEHD
sampling result in minutes
Number of PEL citations issued

during the inspection

Number of respiratory protection
and hazard communication citations

issued during the inspection

Number of other types of
citations issued during the

inspection

Proportion of detected
sampling results in the inspection

Number of employees working
in the establishment

Sum of historical penalties
assessed in the
establishment monitored

Identifies the OSHA region
where the inspection took place

Nominal (three categories)
(1)ND
(2)Detected < PEL?
(3)Detected > PEL
Nominal (two categories)
(1)No
(2)Yes
Continuous (integer)
1984-2009
Continuous (integer)
Interquartile range = [262;450]
Nominal (three categories)
(1)None
(2)Low (1—4 citations)
(3)High (5+ citations)
Nominal (three categories)
(1)None
(2)Low (1-3 citations)
(3)High (4+ citations)
Nominal (three categories)
(1)None
(2)Low (1-5 citations)
(3)High (6+ citations)
Nominal (four categories)
(1)None
(2)Low (1-33%)
(3)Med (34-67%)
(4)High (68-100%)
Nominal (three categories)
(1)Small (1-35 employees)
(2)Medium (36-150 employees)
(3)Large (151+ employees)
Nominal (four categories)
(1)None
(2)Low
(3)Medium
(4)High
Nominal (10 categories)
(1)01_boston
(2)02_new_york
(3)03_philadelphia
(4)04_atlanta
(5)05_chicago
(6)06_dallas
(7)07_kansas_city
(8)08_denver
(9)09_san_francisco
(10)10_seattle

266607 (58)
172862 (37)
22431 (5)

62274 (13)
399626 (87)

211991 (46)
140640 (30)
109269 (24)

171354 (37)
172687 (37)
117859 (26)

102746 (22)
205123 (44)
154031 (33)

19559 (4)
191857 (42)
206946 (45)

43538 (9)

152189 (33)
165341 (36)
144370 (31)

35717 (8)
139321 (30)
142039 (31)
144823 (31)

38166 (8)
57810 (13)
41059 (9)
51144 (11)
168022 (36)
50429 (11)
16838 (4)
25592 (6)
9623 (2)
)

(
3217 (1

PEL at time of measurement.

“https://www.osha.gov/html/RAmap.html.
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all levels of OSHA region, and so on]. The curvilinear
relationship of year with probability of recording was
tested using polynomial functions. The complexity of the
polynomial was determined by increasing the degrees of
the polynomial from 1 to 4 until no additional improve-
ment in model fit was observed [based on the Akaike
Information Criterion (Burnham and Anderson, 2002)].
Meta-analytic methods were used as described in Sarazin
et al. (2016) to combine results from all chemical agents
(van Houwelingen e al., 2002; Borenstein et al., 2010).

To assess whether the effect of the level of exposure
and panel status on the probability of a CEHD sampling
result being recorded into IMIS changed across time, an
additional Poisson regression model was fitted to the full
dataset with the same structure as the agent-by-agent
analysis, but with an interaction of year with exposure
level and panel status (this model structure could not be
applied to individual agent datasets because of low sam-
ple size). This model approach implied different record-
ing probabilities for each agent but assumed that the
magnitude of the influence of other predictors was the
same across agents.

Software

All analyses were performed using the R 3.1.3 statistical
software (R Development Core Team, Vienna, Austria),
with the package metafor (Viechtbauer, 2014) for the
meta-analysis, ggplot2 (Wickham, 2015) for graphi-
cal illustrations, ved (Meyer, 2015) for computing of
Cramer’s V coefficients, and sandwich (Zeileis, 2015) for
calculation of robust standard error estimators.

Results

Descriptive analysis

The analyses included 728 127 CEHD analytical mea-
surements corresponding to 28 179 inspection visits for
the period 1984 to 2009. 297 868 measurements had a
1:1 link with a sampling number (sampling time range:
8-568 min). The remaining 430259 measurements
were aggregated to calculate 164 032 sampling results
(sampling time range: 19-850 min), yielding a total of
461900 CEHD sampling results.

Twenty-four agents met our inclusion criteria for
analysis, constituting 82% of all CEHD personal sam-
pling results (14 metals and their compounds, 5 organic
solvents, 3 dusts/fibers, and 2 other agents) (Table 2). The
proportion of aggregated sampling results was respec-
tively 33% and 72% for metals and solvents. Among
aggregated results, metals and dusts had a median of 2
samples per aggregated result, whereas solvents had a
median of 4. The overall proportion of CEHD sampling

results recorded into IMIS was 38% (51% for detected
records and 28% for ND records). Lead, 4,4’-methy-
lene diphenyl diisocyanate (MDI), and Stoddard solvent
had the highest proportion of sampling results recorded
into IMIS (65%, 59%, 54%, respectively), whereas
cadmium dust and particulates not otherwise regulated
(PNOR) - respirable dust had less than 10% of their
sampling results recorded. Crude rates of sampling
results recorded into IMIS for all variables examined in
this study are available within the online supplementary
material (see Supplementary Table S2, available at the
Annals of Work Exposures and Health online).

Statistical modeling

Most independent variable pairs had weak correlation
based on Cramer’s V (r < 0.4), except for the panel sam-
ple/chemical agent and exposure level/chemical agent
pairs (r = 0.66 and r = 0.48, respectively). The associ-
ation of year with probability of a CEHD sampling
result being recorded into IMIS was best modeled with
fourth degree polynomial. Increasing the degrees of
the polynomial from 1 to 4 resulted in a reduction of
the Akaike information criterion (AIC) for all agents
(1 degree = reference, 2 degrees = median of -400 AIC
units across agents, 3 degrees = median of -600 AIC
units across agents, and 4 degrees = median of —-1480
AIC units across agents).

Table 3 shows the observed pooled association of
all categorical predictor variables with the probability
of recording a CEHD sampling result in IMIS as meta-
analytic RRs. The detected sampling results were asso-
ciated with a higher probability of recording into IMIS
than ND sampling results, and this difference was sim-
ilar for panel versus non-panel samples. Results that
were equal to or above PEL had a slightly higher prob-
ability of being recorded into IMIS than detected levels
below the PEL. The ND sampling results measured as
part of a panel were associated with a lower probabil-
ity of recording into IMIS than ND sampling results not
part of a panel. Probability of recording varied between
OSHA regions by +40% relative to the national average.

Forest plots useful to evaluate how agent-specific
associations relate to the pooled estimate for each level
of each predictor variable are available within the online
supplementary material (see Supplementary Figure S1,
available at the Annals of Work Exposures and Health
online). As an example, we show in Fig. 2 the agent-
specific and meta-analytic RRs for sampling results that
were equal or greater than PEL compared with ND
sampling results stratified by panel status. Visual assess-
ment of forest plots generally showed homogeneity
across agents for all predictors, with a few exceptions of
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Table 3. Summary of meta-analytic RRs for the probability
of a CEHD sampling result being recorded into IMIS.

Variable/category R (95% CI)

(Panel) x (exposure level)

Panel_no: ND 1.00 (reference)®

Panel_no: Detected < PEL 1.35 (1.23;1.47)>

Panel_no: Detected > PEL 1.51(1.33;1.71)

Panel_yes: ND 0.88 (0.80;0.96)

Panel_yes: Detected < PEL 1.25 (1.14;1.37)

Panel_yes: Detected > PEL 1.36 (1.20;1.56)
Sampling time

480 min versus 30 min 1.12 (1.09;1.14)¢

PEL citations in inspection

None (0) 1.00 (reference)
Low (1-4) 0.99 (0.97;1.01)
High (5+) 0.96 (0.93;0.99)
RespProt and HazComm citations in inspection
None (0) 1.00 (reference)
Low (1-3) 1.03 (1.01;1.05)
High (4+) 1.05 (1.02;1.08)
Other citations in inspection
None (0) 1.00 (reference)
Low (1-5) 1.04 (1.01;1.07)
High (6+) 1.01 (0.99;1.04)
Other detected level in inspection
None (0%) 1.00 (reference)
Low (1-33%) 1.01 (0.97;1.06)
Med (34-66%) 0.99 (0.97;1.01)
High (67%+) 0.97 (0.93;1.00)

Establishment size

Small (1-35) 1.00 (reference)
Medium (36-150) 1.00 (0.99;1.02)
Large (151+) 0.95 (0.94;0.97)
Penalty
None 1.00 (reference)
Low 1.01 (0.98;1.03)
Medium 0.99 (0.96;1.02)
High 0.96 (0.92;1.00)
OSHA region!
Mean of OSHA regions 1.00 (reference)
Boston 1.07 (1.0451.09)
New York 0.74 (0.69;0.79)
Philadelphia 0.78 (0.71;0.85)
Atlanta 0.94 (0.90;0.99)
Chicago 1.00 (0.98;1.03)
Dallas 1.13 (1.1151.16)
Kansas City 1.16 (1.11;1.21)
Denver 1.39 (1.30;1.49)
San Francisco 0.86 (0.83;0.89)
Seattle 1.21 (1.06;1.37)

“RR of the reference levels taken as 1.

*95% CI.

RR for sampling time 480 min compared with 30 min.
https://www.osha.gov/html/RAmap.html.

note: issuance of PEL citations during an inspection was
associated with higher probability of recording for cad-
mium dust (agent-specific RR = 1.63, 95% confidence
interval (CI): 1.33-2.01; meta-analytic RR = 0.99, 95%
CIL: 0.97-1.01), whereas a higher proportion of detected
sampling results in the inspection was associated with
higher probability of recording for cadmium fume
(agent-specific RR = 1.52, 95% CI: 1.15-2.01; meta-
analytic RR = 0.97, 95% CI: 0.93-1.00). A high total
amount of penalty was associated with higher probabil-
ity of recording for acetone (agent-specific RR = 1.56,
95% CI: 1.31-1.86; meta-analytic RR = 0.96, 95% CI:
0.92-1.00).

Similar to the agent-by-agent analysis, the full data-
set approach showed that exposure level, panel sample,
and OSHA region were the most strongly associated with
probability of recording (see Supplementary Table S3,
available at the Annals of Work Exposures and Health
online). Supplementary Figure S2 (available at the Annals
of Work Exposures and Health online) shows the pre-
dicted probability of recording for year stratified by
exposure level and panel sample status. Visual assessment
of the smoothed curves suggests greater increase from
1984 to 2009 for detected (RR increase: ~0.6) compared
with ND sampling results (RR increase: ~0.2) when mea-
sured alone. The probability of recording remained fairly
constant from 1984 to 2009 for detected sampling results
measured on panels, whereas a small decrease in prob-
ability was seen for ND sampling results measured on
panels (RR decrease: ~0.1) in more recent years. Across
the 24 agents, the probability of a CEHD sampling result
being recorded into IMIS varied between 0.16 (PNOR -
respirable dust) and 2.00 (lead) compared with the over-
all average, with an interquartile range = 1.12; 1.26 (see
Supplementary Table S4, available at the Annals of Work
Exposures and Health online).

Discussion

We expanded on the initial analyses performed by
Lavoue et al. (2013), Jones et al. (1986), and Mendeloff
(1984) by looking at a broad range of chemical agents
(82% of the CEHD databank included) and using statis-
tical modeling to study concomitantly several potential
explanatory variables.

The overall proportion of CEHD sampling results
recorded into IMIS was 38% for the period 1984-2009,
with a higher proportion of recording for detected results
(51%) compared with ND results (28%). The results
from the multivariate regression models showed that level
of exposure, panel sample status, year of sampling, and
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(A) PANEL=NO (B) PANEL=YES
Agent RR [95% CI] Agent RR [95% CI]
Acetone | 141[0.92,2.17 Anti Hl 217[1.85.2.54
Antimony —— 2:20[1.69 . 2.85 Arsenic” - 1481124 176
frsenic He 1.7911.26,, 2:54 Beryllium HEH 2.45[2.18,2.75
Beryllium ) > 1881047,7.60 2-Butanone « 0.28[0.10,079
2-Butanone HH 0.88[0.66, 1.15 Cadmi ) AR
Cadmium dust »  1.38[0.53.3.61 admium dust Hi 1.80[1.45,2.24
Cadmium fume - 3.15[2.26 ’ 4.38 CadmIL_]m fume Hil— 1.14[0.84 ,1.56
Chromium PRI 1.84[1.25. 273 Chromium HIH 1.96[1.70,2.26
Chromic acid i 1.46[1.12,1.90 Chromic acid 1.38[1.19, 1.61
Cobalt i 1.98[1.58,2.48 Cobalt HEH 2.11[1.86,2.40
Copper fume HH 1.56[1.28,1.91 Copper fume L 1.78[1.68,1.88

*-MDI 0.94[0.84,1.05 4,4'-MDI L ¢ 145[1.26, 1.66
Iron oxide fume — 1.29[0.94,1.77 Iron oxide fume - 210[1.94,2.27
Lead, inorganic 1.08[1.06, 1.11 Lead, inorganic [ ] 1.37[1.34,1.40
'\N/Iiacrllg?nese fume P %%g 892‘1‘% Manganese fume . 1.86[1.30, 2.64

: b L Nickel HiH 1.56[1.34,1.82
g{;ﬁedn?gd Solvent R T R Stoddard Solvent « > 0.75[0.15, 3.71
Toluene 1,08 [ 0.83 | 1.40 Zhrene ooeto8z, 143
Xylene F—a——» 225[1.37,3.68 X°|“e"e 1171068 139
Zinc oxide fume S S — 2.03[1.35,3.06 ylene : 95, 1.
Silica, quartz 1.07[0.99 1.16 ZI_I']C oxide fume HilH 2.26[2.03,2.51
PNOR (resp dust > 493[3.21.755 Silica, quartz 1.07[1.01,1.13
PNOR (total dust - 1.66[1.24,2.23 PNOR (total dust) — 3.86[2.10,7.11
Overall RR L 2 1.51[1.33,1.71] Overall RR L 2 1.59[1.41,1.79]
T 1 I 1
0.50 3.50 0.50 3.50

Figure 2. Agent-specific and meta-analytic RRs for the probability of a CEHD sampling result being recorded into IMIS for
‘exposure level > PEL' compared with ‘exposure level = ND". Agent-specific RRs were pooled with the random-effects method.
Squares represent agent-specific risk estimates (size of the square reflects the agent-specific statistical weight); horizontal lines,
the 95% Cls; diamond, the summary risk estimate and its corresponding 95% CI. For (A), the reference level is panel_no: ND; for

(B), the reference level is panel_yes: ND.

OSHA region were the variables most strongly related to
the CEHD sampling result being recorded into IMIS.
Higher probability of recording of detected versus
ND sampling result was seen regardless if measured
on panels or alone. Our findings suggest that ND sam-
pling results might be considered by an OSHA officer as
‘not worth’ reporting in IMIS. Moreover, ND sampling
results from chemicals measured on panels were even less
frequently recorded, which is plausible since they would
only be analyzed because of analytical protocol and not
of a priori interest for risk analysis. On the other hand,
the probability of recording was generally the same for
detected sampling results regardless if measured alone or
on a panel, which is consistent with the fact that such
results likely reflect an agent being investigated by the
officer. Our observations also point to a slightly higher
probability of exposure levels >PEL being recorded in
IMIS compared with detected levels <PEL, likely reflect-
ing the importance to report higher exposure levels by
OSHA officers. The overall signal is however relatively
weak compared with the difference ND/detected, and we
could not distinguish patterns or groups of agents with
a clearly stronger association. Our results support the
early hypotheses of Jones et al. (1986) and Mendeloff
(1984) that the IMIS under-reporting is differential.

Sampling results with higher sampling time were
more likely to be recorded into IMIS. These observations
might be explained by the fact that OSHA inspectors are
more likely to record a result in IMIS that is deemed to
be more informative for assessment of compliance.

The differences observed between regions might be
explained by varying practices of compliance officers.
We did explore whether industry might explain some
of these differences by fitting our models (results not
shown) with an added broad industry classification but
did not observe any influence. Finer analyses performed
on single agents might help shed more light on this issue.

It was expected that sampling results obtained dur-
ing inspections for which citations were issued might be
more systematically recorded, but no consistent trend
was observed. Recording was lower for PEL citations,
higher for respiratory protection/other types of citations,
and lower for historical amount of penalty assessed to
the establishment, but these RRs were close to unity.

The associations between the ancillary variables and
a CEHD sampling result being reported in IMIS found in
this study might not be applicable to the agents that were
not analyzed, but nevertheless reflect the overwhelming
majority of inspections performed by OSHA inspectors
and measurements collected by them over the years.
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Similar to the agent-by-agent analysis, the results
from the additional full dataset analysis showed that
level of exposure, panel sample status, year of sam-
pling, and OSHA region were the variables most
strongly related to the CEHD sampling result being
recorded into IMIS. Analysis of time trends showed
an increase over time in the proportion of recording
for sampling results measured alone (detected and
ND), flat slope for detected sampling results measured
as part of panels, and a small decrease for ND sam-
pling results measured as part of panels. Moreover,
there were differences beyond chance between chem-
ical agents in probability of recording. They likely
correspond to specific programs that emphasized cer-
tain agents since the setup of OSHA databanks in the
1970s (e.g. highest probability of recording for lead)
or to particular sampling technique circumstances
(e.g. very low probability of recording for dust sam-
ples). It is probable that most dust measurements in
the CEHD databank are only present because the offi-
cer requested another agent. For example, total dust is
needed in order to get the measurement of a metal, but
the officer would not report total dust in IMIS since it
provides no information about the assessment of inter-
est — metals. This hypothesis is supported by the fact
that the crude proportion of recording was 35% for
total dust sampling results measured alone compared
with 9% when measured on a panel (usually with met-
als). Fitting the model to the full dataset restricted
to the 77 agents with >1000 instead of 2500 records
yielded the same overall results.

It is difficult to evaluate whether under-recording
occurs for other occupational databases, and we are not
aware of other papers addressing this issue. For illustra-
tion purpose, in the French COLCHIC databank, link-
age between the laboratory results and the databank
itself is automated (Vincent and Jeandel, 2001).

Limitations

Some limitations need to be acknowledged. First, the
lack of information on the unit monitored (e.g. worker,
task, and tool) may have misled the aggregation proce-
dure used to regroup sequential CEHD measurements.
Sampling number was used as a single identifier of what
we called an ‘evaluation’, but CEHD measurements
linked to one sampling number could correspond to the
monitoring of different workers or tasks and would have
had to be split into several sample types in IMIS in some
cases. However, 93% of the aggregated sampling dura-
tions were below the standard 480 min working shift.
Despite these reassuring overall results it is probable that

for some specific agents often evaluated for both TWA
and ST exposures (toluene and styrene), we mistakenly
aggregated some long-term and ST results together.
However, this would only potentially affect, for a minor-
ity of agents, our coarse exposure level variable and
the estimation of the effect of the duration variable on
recording (visual assessment of forest plots did not show
a different behaviour for toluene and styrene compared
with other agents in our analyses). We however would
recommend development, for agents such as styrene, of a
finer linkage approach in analyses focused on estimation
of exposure levels.

Second, the interpretation of results is limited by the
lack of information on specific practices regarding how
data are reported into IMIS. Although we have empiri-
cal evidence, the lack of information on region-specific
practices (e.g. unwieldiness of computer system) or qual-
ity of the sampling data (e.g. judgment of the inspector)
prevented an in-depth understanding of the reasons for
reporting a sampling result in IMIS.

Third, the conclusions found in this study are appli-
cable to exposure data collected by the federal OSHA
inspectors and processed by the Salt Lake Technical
Center. Collecting datasets containing laboratory anal-
yses performed at OSHA’s state laboratories may be
helpful in determining whether under-reporting also
exists with state datasets, as some evidence of such
phenomenon was reported in the 2009 Federal Annual
Monitoring and Evaluation (FAME) report for the state
of Indiana (OSHA, 2016).

Conclusions

The under-reporting of ND sampling results found in
this study suggests a deficit in the number of extremely
low values in IMIS, which would contribute to an
upward bias of exposure levels in the databank. On
the other hand, findings also suggest that the level of
detected results and the issuance of a citation for over-
exposure were not involved in the decision to record a
sampling result in IMIS. Our analyses indicate that it is
important to combine IMIS and CEHD when assessing
occupational exposures. Future analyses involving only
OIS data (OIS started in 2011 in some regions) will be
facilitated as OIS is a web-based platform that is linked
to the analytical laboratory.

Supplementary Data

Supplementary data are available at Annals of Work
Exposures and Health online.
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