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Abstract: Workplaces are dynamic and complex locations in which workers can be
exposed to a variety of harmful chemicals. One of the industrial hygienists’ primary
responsibilities is the evaluation of workers’ exposures to such chemicals. To do so,
appropriate statistical modeling strategies are needed to accurately describe these
exposures. Bayesian methods provide a useful framework to quantify and characterize
workers’ exposures in the complex work environment. This article presents several
Bayesian modeling strategies to improve the understanding of workers’ exposures while
accounting for measurements below the analytic limit of detection. These methods allow
industrial hygienists to characterize exposures by summarizing measured exposures,
thereby investigating relationships between exposures to multiple chemicals, statistically
identifying and describing exposure determinants, and estimating exposures when
measurements are unavailable.

1 Introduction

Industrial hygienists (IHs) are responsible for anticipating, recognizing, evaluating, and controlling
hazards in the workplace. This endeavor requires a good understanding of the sources of hazards, expo-
sures from these sources, and the path between the two. Due to the dynamic nature and interactions of the
workplace, workforce, and work practices, occupational exposures are highly variable, and their evaluation
is very complex. In performance of their responsibilities!’), IHs, after collecting exposure measurements,
must summarize those measurements to compare with occupational standards or recommendations.
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To perform the exposure assessment, IHs might also need to identify determinants of exposure, that
is, factors affecting exposure concentrations®® that allow for evaluation of primary sources of exposure
for purposes of exposure reduction. IHs may collect quantitative measurements or use deterministic or
mathematical models to estimate exposure levels. Deterministic and mathematical modeling can esti-
mate exposures quickly for less cost and only requires a limited number of measurements to validate the
model® 4, Imputing missing exposures from relationships between one or more measured chemicals and
a chemical not measured can also reduce the number of measurements that need to be collected.

Particular challenges in assessing exposures, however, are small sample size, censored data (data below
the limit of detection (LOD); the LOD is a threshold below which the particular analytical method cannot
detect with precision; see Detection Limits), autocorrelation (see Autocorrelation Function), and large
exposure variability, all of which can result in large uncertainties in characterizing exposures. Bayesian
methods offer approaches to simultaneously incorporate multiple sources of information such as profes-
sional judgment and modeling results with measured exposure data and integrate over the censored part of
the distribution to improve accuracy and reduce uncertainty. In addition, these methods offer the desired
summary metrics such as mean, standard deviation, and various quantiles such as the 95th percentile and,
most importantly, quantify uncertainty around these metrics to truly appreciate the possible range of the
metrics of interest.

This article first describes Bayesian terms and concepts and presents a basic statistical structure. It
then discusses the various challenges and presents modifications of that statistical structure to reflect the
analysis of measurement data. Examples are provided in the supplementary materials to demonstrate how
Bayesian methods were used to improve exposure estimation in various settings.

2 Statistical Methods

2.1 Bayesian Methods

In the supplementary materials, we provide a brief discussion of Bayesian statistical principles including
definitions of the Bayesian terms used here (see Bayesian Inference; Bayes Linear Analysis; Bayesian
Robustness; Conjugate Families of Distributions; Decision Theory; Distributional Inference;
Bayesian Model Selection; Hierarchical Models — Theory; Jeffreys’ Prior Distribution; Prior
Distributions; Bayesian Analysis and Markov Chain Monte Carlo Simulation; Credible Intervals;
Bayesian Inference of Markov Processes; Posterior Distribution: Introduction; Bayesian Methods;
Prior Distribution Elicitation).

2.2 Modeling Single Chemical Exposures

2.2.1 Modeling when all measurements are above the limit of detection

If we are interested in modeling exposures of a single group of related measurements, for example, an
exposure group, the Bayesian model requires only an intercept in the regression framework (see Regres-
sion, Bayesian). We model the natural log of the chemical measurements (see Lognormal Distribution
- Basic) to maintain the model requirement of normality based on the general observation that environ-
mental and occupational measurements are log normally distributed.

Let Y; be the natural log of the measurement i, where i = 1, ... , n. Then, assuming that all measurements

id
are above the LOD and are independent and identically distributed (iid), we can write Y; ~N (1, 02) to
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denote that the natural log of the measurements is approximately normally distributed with mean y and
variance ¢2. This represents our likelihood (see Likelihood) and can be rewritten in terms of a product of
the following form: [T, N(Y; | p,0?).

Our Bayesian specification is completed by introducing priors (see Prior Distributions), often specified
to be weakly informative to allow the data to drive the inference. For example, we specify the prior for u
as u ~ N(a, b) with mean a and variance b; larger values of b correspond to weaker priors. The prior on
the variance, 2, is set to be an inverse gamma distribution such that the variance is positive (see Normal-
Gamma (Prior) Density). Using the notation of Gelman et al.’) with parameters ¢ and d, this prior is
written as IG(c? | ¢, d). These yield the joint distribution of the parameters and the data, assuming that all
measurements are above LOD, which is proportional to the posterior distribution,

n
pu,c* | {Y, Yy, ..., Y, })) « N(u | a,b) x IG(c” | c,d)xHN(Yi | 1, 6% (1)
i=1
We conduct Bayesian inference by sampling from the above distribution; this model can be developed
easily using Markov Chain Monte Carlo (MCMC) or other direct algorithms available in many software
languages (see supplements for details). The posterior samples for {u, 2} are directly plugged into the
formulas for the geometric mean (GM; e#) and the geometric standard deviation (GSD; e”) to immediately
produce the corresponding posterior samples for GM and GSD. From the GM, GSD, and the number
of observations (1) we can calculate the posterior estimates of the arithmetic mean (AM) and the 95th
percentile.

2.2.2 Modeling when some measurements are below the limit of detection

Oftentimes, a measurement result is below the analytic LOD. In such cases, we do not know the actual
value, other than it falls between the LOD and 0 (known as left censored; see Censoring, Left). To include
censored data in our single chemical Bayesian analysis, we introduce a censored set called Cy, = {Vi :
Y; < LOD;} designating “for all” (V) Y; below the particular LOD; for that observation. A specific LOD is
associated with each measurement and may vary from one measurement to another. We also introduce an
observed set O, = {Vi : Y, > LOD,}. Then, we modify (1) to accommodate censoring as

P 0® [ 1Yy Y. oo Y, ) & N(u | a.b) X1G(0? | e.d) x [[ NCY | wo®) x [] @ <w> (2)

ico, ieC, o

where the products over i are taken over the sets O, and Cy according to the corresponding measure-
ment being observed or censored, respectively, and ®(Q) denotes the standard normal cumulative density
function of Q. This framework allows for multiple values (from applying MCMC methods, see the supple-
mentary materials and Markov Chain Monte Carlo Methods; Markov Chain Monte Carlo (MCMC);
Markov Chain Monte Carlo Methods; Markov Chain Monte Carlo Algorithms; Bayesian Analysis and
Markov Chain Monte Carlo Simulation; Markov Chain Monte Carlo, Introduction; Markov Chain
Monte Carlo, Convergence and Mixing in) to serve as replacements for each censored measurement,
quantifying uncertainty in the censored measurement. This uncertainty is incorporated into the estimates
of the AM, GM, GSD, and the 95th percentile.

2.2.3 Accounting for within-worker variability/repeated measures

Among the sources of exposure variability for a worker are the between- and within-worker variability
(see Repeated Measures). If many measurements are available on a set of workers and there is a sufficient
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number of measured workers (and information to know which measurement belongs to which worker),
then we should account for within-subject variability. Not accounting for this variability can result in a
misleadingly low variance, which can result in a lower value of the mean and 95 percentile than is true.
If a worker performs the same job assignment every day for the same amount of time, the underlying
concept of modeling these two sources of variability may be appropriate, even with limited data. How-
ever, when workers perform multiple job assignments over days with different exposure levels, calculating
within-worker variability from limited data, that is, that do not capture all job assignments, will result in
an inappropriately low estimate of within-worker variability.

To evaluate within-subject variability, we can simply add a random effect (see Fixed and Random
Effects) to the model framework above. Let Y;; be the ith observation on subject j, and y; be the random
effect with 0 mean and variance 72 (defined as between-subject variability). Then, the joint (posterior)
distribution becomes (is proportional to) the following:

N(@; 1 0,7%) X N(u | a,b) X 1G(6” | ¢,d) X 1G(z” | ¢, d)

LOD(Y)) = (1 + 7))
x [INGG 1w+ v0b x ] ( ’)

i€O0y ieCy

(3)

If limited information (i.e., few measurements and/or high censoring) is available for each subject, or
if few subjects are available in a group, variances may greatly inflate, leading to high GSDs, resulting in
inappropriately high AMs, and 95th percentiles. Identifying informative priors (e.g., restricting the GSD
to particular ranges) may help to restrict variances. See the supplementary materials for an example.

2.3 Modeling Multiple Chemical Exposures/Mixtures

The previous models have assumed that we are interested in only one chemical exposure. However, often
chemicals are components of mixtures to which workers can be exposed. Within a chemical mixture, the
concentrations of the chemicals may be correlated. Moreover, the chemicals may be characterized by dif-
ferent amounts of censoring. It may be possible to use one chemical in the mixture to estimate exposures
to a second chemical that may have more censored measurements.

Groth et al.[> 7] extended the framework in (2) to model one or more chemical exposures simultaneously
using other chemical exposures in the model as predictors. For a single predictor, let Y, be the natural log of
the chemical being estimated, and X; be the natural log of a measurement of another chemical. Generally,
the more highly observed chemical (i.e., the one with the lowest percentage of censoring) should be used
as the predictor because it increases the amount of information provided to the model compared to using
a more highly censored chemical. Define the observed sets (O, and Oy) and censored sets (Cy and Cy)
as earlier for Y and X. Also, let 41, and 62 be the mean and variance of X, respectively, while each Y; can
be modeled conditional on X; with mean f, + f,X; and common variance GYI + Then, assuming weakly
informative priors on the regression coefficients (e.g., N(a, b)), means, and variances (IG(c,d)), we arrive
at the following distribution:

N(uy | a,b) X 1G(o} | ¢,d) X N(B | al, bI) x IG(ailX | ¢, d) x H N, | u,0%)

i€Oy
LOD,(X LOD(Y) — (B, + A, X,
x [T N, 1 6, + B, Y,X>><Hq>< {0 - ) Hq>< 0=+ ») "
i€0y ieCy ieC, YIX

Groth et al”) further extended this framework to include multiple chemical predictors. For more
information, see the supplementary materials (and see Multivariate Analysis, Bayesian: Overview with
Examples).
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2.4 ldentifying and Describing Exposure Determinants

Another important area of exposure evaluation is the identification of exposure determinants. Determi-
nants can be used to identify groups of comparably exposed workers, such that the distribution of the
group’s measurements represents the exposure distribution of all members of the group, thus obviating
the need for taking measurements on all workers. In addition, using determinants to identify groups of
measurements that are expected to be more comparable than all available measurements in a dataset
is likely to result in more accurate summary statistics because the statistics use measurements that are
likely more representative (as determined by the determinants) of the group than an entire body of
measurements.

Modeling a single exposure determinant or multiple exposure determinants typically proceeds from
(2) or (3), but with the appropriate measurements identified with their determinants. Thus, we expand
the term by adding regression coefficients, f,, f;, ... , f;, a coefficient associated with each determinant.
Customarily, wide normally distributed priors are typically placed on the regression coefficients to allow
them to be primarily estimated from the data. For information on extending this to evaluate the impact of
multiple determinants, see the supplementary materials.

2.5 Estimating Missing Worker Exposures

The effect on the within-worker variability of not having taken measurements on days with unique
exposures is described in Section 2.2.3. In some cases, however, measurements for one chemical may be
collected that generally reflect the actual exposure variability, but such measurements are not available for
all of the same exposure scenarios for another chemical (missing data, see Missing Data and Imputation).
In this case, Bayesian statistics can predict the estimates of the second chemical using the relationship
(e.g., the correlation) between the two chemicals on days when both were measured and then apply that
relationship to the days of missing data. An example of this approach is described in the supplementary
materials.

2.6 Prior Information

Most of the examples described in this article used weakly informative prior information. However,
for many exposure scenarios it may be beneficial to add stronger prior information to the model to
help inform exposures. Additional information could be drawn from a variety of sources including
from expert judgment, other group exposures/relationships in the study population, or even from other
studies.

Incorporating expert judgment (see Expert Judgment) as prior information has been shown to positively
impact exposure estimation in industrial hygiene. Ramachandran et al.l®! demonstrated that IHs with-
out an intimate familiarity with the workplace can still provide useful judgments that can be accommo-
dated as prior information. Specifically, even these judgments from IHs who were not intimately familiar
with the workplace were shown to lead to strong estimates of exposure, even in the presence of sparse
exposure data. Banerjee et al.’! and Vadali et al.’! further described how priors formed from expert
judgments can be used alongside exposure data to help inform decisions and determine accurate epidemi-
ologic exposure classification. As described in Ramachandran!!’ and Zhang et al.['?, expert information
and historical plant information can also be incorporated with physical models (such as a two-zone model)
information to develop more reasonable exposure estimates than not taking this approach.
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One common concern with Bayesian methods is that if the priors are too informative and also incor-
rect, the priors may lead to inaccurate conclusions. However, researchers have identified methods to help
mitigate this concern. For an example of this, see the supplementary materials.

2.7 Exposure-Health Outcome Relationships

The purpose of exposure assessment may be for intervention of some kind (e.g., engineering controls,
protective equipment, and training), but exposure assessments are also used in epidemiologic studies. In
many epidemiological studies, job exposure matrices (JEMs, matrices of exposures for workers in different
scenarios; see Job-Exposure Matrices) are used to assign exposure estimates derived from measurements
defined by a set of exposure determinants. All study subjects that have the same determinants are then
assigned a single exposure estimate, allowing the investigation of the exposure —disease relationships (see
Statistics in Environmental Health Risk Assessment). JEMs may be entirely based on professional judg-
ment of a group of experts or on sparce historical monitoring data available. Bayesian methods hold
tremendous promise for estimating exposures in these situations by facilitating data from multiple sources
such as professional judgment, modeling, and limited monitoring to be integrated to maximize the utility
of all available information!!!.

These methods also allow for development of exposure estimates of various exposure parameters with
credible intervals, which indicate the estimation uncertainty. Historically, most epidemiologic research has
not accounted for uncertainty intervals (or their equivalent, confidence intervals) because of the inability to
account for these intervals using standard statistical modeling strategies. However, with the advancement
of Bayesian statistics, it has become easier to incorporate the exposure models with estimates of uncer-
tainty and the disease risk models. For information on potential benefits, see the supplementary materials.

2.8 Other Extensions

These models can also be extended to incorporate spatial information, time-series data, and hierarchical
structures. See the supplementary materials for more details.

3 Conclusion

In this article, we have described the different ways IHs can use Bayesian modeling strategies that account
for measurements below the LOD to estimate exposures among workers. Bayesian methods are flexi-
ble frameworks, allowing researchers to quantify exposures in the complex situations often present in
work environments. We have presented several potential frameworks in which IHs can build more com-
plex models to account for various needs in exposure assessment. These methods allow IHs to compare
exposure distributions between various groups of workers based on exposure determinants, investigate
the relationships between various exposures, statistically identify and describe determinants of exposure,
and estimate worker exposures when measurements are not available. With the help of these Bayesian
methods, IHs can describe and characterize the dynamic workers’ exposure in greater detail than before
and provide additional information about uncertainty to epidemiologic studies for further investigation
of exposures—disease outcomes. The hope is that these new data-based research methods will lead to
development of new safety measures and provide protection for workers in the future.
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