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Abstract

Introduction: When it is not possible to capture direct measures of occupational exposure or conduct 
biomonitoring, retrospective exposure assessment methods are often used. Among the common 
retrospective assessment methods, assigning exposure estimates by multiple expert rater review 
of detailed job descriptions is typically the most valid, but also the most time-consuming and ex-
pensive. Development of screening protocols to prioritize a subset of jobs for expert rater review 
can reduce the exposure assessment cost and time requirement, but there is often little data with 
which to evaluate different screening approaches. We used existing job-by-job exposure assessment 
data (assigned by consensus between multiple expert raters) from a large, population-based study 
of women to create and test screening algorithms for polycyclic aromatic hydrocarbons (PAHs) that 
would be suitable for use in other population-based studies.
Methods: We evaluated three approaches to creating a screening algorithm: a machine-learning al-
gorithm, a set of a priori decision rules created by experts based on features (such as keywords) 
found in the job description, and a hybrid algorithm incorporating both sets of criteria. All coded 
jobs held by mothers of infants participating in National Birth Defects Prevention Study (NBDPS) (n 
= 35,424) were used in developing or testing the screening algorithms. The job narrative fields con-
sidered for all approaches included job title, type of product made by the company, main activities 
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or duties, and chemicals or substances handled. Each screening approach was evaluated against the 
consensus rating of two or more expert raters.
Results: The machine-learning algorithm considered over 30,000 keywords and industry/occupation 
codes (separate and in combination). Overall, the hybrid method had a similar sensitivity (87.1%) 
as the expert decision rules (85.5%) but was higher than the machine-learning algorithm (67.7%). 
Specificity was best in the machine-learning algorithm (98.1%), compared to the expert decision 
rules (89.2%) and hybrid approach (89.1%). Using different probability cutoffs in the hybrid approach 
resulted in improvements in sensitivity (24–30%), without the loss of much specificity (7–18%).
Conclusion: Both expert decision rules and the machine-learning algorithm performed reasonably 
well in identifying the majority of jobs with potential exposure to PAHs. The hybrid screening ap-
proach demonstrated that by reviewing approximately 20% of the total jobs, it could identify 87% of 
all jobs exposed to PAHs; sensitivity could be further increased, albeit with a decrease in specificity, by 
adjusting the algorithm. The resulting screening algorithm could be applied to other population-based 
studies of women. The process of developing the algorithm also provides a useful illustration of the 
strengths and potential pitfalls of these approaches to developing exposure assessment algorithms.

Keywords:   exposure assessment; female worker; jobs; machine-learning algorithm; National Birth Defects Prevention 
Study; occupation; prediction model; polycyclic aromatic hydrocarbons; population-based; regularized logistic 
regression

Introduction

Occupational exposure can be captured in various ways 
in epidemiological studies. Direct measurement of a 
participant’s exposure, or biomonitoring of their ab-
sorbed dose, is considered the gold standard; however, 
these are not always possible to obtain (Rezagholi and 
Mathiassen, 2010). For studies enrolling participants 
from a wide geographic area or multiple workplaces, 
it may not be practical to obtain direct measurements. 
For most retrospective studies (e.g. retrospective co-
hort or case–control studies), it is unattainable to cap-
ture direct measurements or conduct biomonitoring. In 
these studies, occupational exposures can be estimated 
retrospectively via self-reported exposure, job-exposure 
matrices (JEMs), or review by one or more expert raters 
of detailed job descriptions to assign estimates of ex-
posure (Clavel et al., 1993; Fleming et al., 2014; Fritschi, 
2019). Each method has limitations.

Self-reported exposure (i.e. asking a participant if 
they were exposed to an agent) is the simplest method, 
but also tends to be the least accurate due to limits in 
the participant’s knowledge about the chemical, as well 
as the time elapsed between the exposure and the inter-
view, which can affect recall. Most participants struggle 
to report precise information on which chemicals or 
equipment they used, estimate amounts of exposure, or 
provide information on ventilation in their workplace. 
Consequently, this approach generally has low val-
idity, which can result in incorrect characterizations of 
true exposure–effect associations (Teschke et al., 2002). 
However, participants are generally able to accurately 
self-report a job description. A job description typically 
consists of their job title, employer, what the employer 
makes/does, and their typical job duties.

These job descriptions can be matched to industry 
and occupation codes, which can, in turn, be matched 

What’s important about this paper?

Advances in machine learning and predictive analytics offer promising opportunities to improve exposure 
assessment. This project explored how an open-text screening method based on a machine-learning algo-
rithm compared to a priori screening rules developed by expert opinion and a hybrid method incorporating 
both approaches with respect to identifying jobs with potential exposure to polycyclic aromatic hydrocar-
bons (PAHs). The open-text screening method has the highest specificity, but the lowest sensitivity of the 
methods tested. The hybrid method performed similarly to the rules based on expert opinion, but could be 
optimized to improve sensitivity. The methods demonstrated can be applied to determine PAH exposures in 
other population-based studies with job narratives.
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to exposure estimates via a JEM. Although JEMs are ef-
ficient, reproducible, and standardized (and often more 
valid than self-report), they do not account for vari-
ations in job tasks between individuals with the same 
job title; that is, all people with a given job title will be 
assumed to have the same exposure (Clavel et al., 1993; 
Teschke et al., 2002; White et al., 2008; Fritschi et al., 
2009; Peters et al., 2014; Fritschi, 2019). To reduce mis-
classification of exposure and account for a participant’s 
individual-level variation in job tasks, expert raters can 
review each job description to assign likely exposure. 
Using multiple independent raters (typically experienced 
industrial hygienists familiar with job tasks and expos-
ures) and resolving any disagreements by a consensus 
process helps increase the validity of this method. This 
approach can account for variations in job tasks and 
is largely considered the most valid for retrospective 
exposure assessment (Fritschi et al., 2009). However, 
expert review of detailed job descriptions is costly, time-
consuming, and the quality of the expert rater review 
can vary (Rocheleau et al., 2011; Pronk et al., 2012; 
Wheeler et al., 2013; Florath et al., 2019).

To reduce the cost and time required for exposure as-
sessment in a large population with low exposure preva-
lence, various methods of screening or “triage” are often 
used to quickly reduce the number of jobs to be reviewed 
by an expert; job descriptions that do not meet certain 
screening criteria are assumed to be unexposed without 
the need for further manual review. These methods can 
reduce the burden of expert raters by identifying clearly 
unexposed participants, therefore raters only review a 
small cohort of job descriptions with greater potential 
for exposure. In addition, these methods could provide 
a more standardized method of conducting exposure 
assessment and could reduce the time of exposure as-
sessments overall, while providing comparable quality 
(Wheeler et al., 2013; Friesen et al., 2015, 2016; Wheeler 
et al., 2015; Florath et al., 2019; Sauve et al., 2019) if 
carefully validated and applied.

In developing screening algorithms, some studies have 
used a priori expert decision rules based on industry and 
occupation (North American Industry Classification 
Sys tem, NAICS, and Standard Occupat ional 
Classification, SOC, codes), keywords, or both (Fritschi 
et al., 1996, 2009; Friesen et al., 2013, 2014, 2015, 
2016; Fritschi, 2019). While decision rules increase ef-
ficiency, they are inherently subjective; when they are 
not well documented or validated, there is a potential 
for errors or over/underestimation of the likely accuracy 
of the exposure assessment. If existing exposure data 
are available, machine learning can use these data to de-
rive algorithms for predicting exposure (i.e. extracting 

decision rules from the data) in an objective way. The 
major challenge of machine learning is having adequate 
data for the algorithm to learn from. Since the algorithm 
cannot be informed by data that is not in the training 
data set, a machine-learning algorithm may perform 
poorly when it encounters a new or unfamiliar situation. 
Machine learning can be incredibly efficient and de-
velop highly successful predictive algorithms when it is 
informed adequately by data, however. Multiple groups 
have approached machine learning for the classifica-
tion of narratives in public health data (Alpaydin; Lehto 
et al., 2009; Bertke et al., 2012, 2016; Measure, 2014; 
Marucci-Wellman et al., 2015; Vallmuur, 2015).

Recently, the occupational exposure assessment for 
polycyclic aromatic hydrocarbons (PAHs) was com-
pleted for the National Birth Defects Prevention Study 
(NBDPS); this assessment used a manual review of each 
job description by one or more trained raters. PAHs 
are a group of persistent chemicals formed during the 
incomplete combustion of organic substances (Agency 
for Toxic Substances and Disease Registry, 1995; U.S. 
Environmental Protection Agency, 2008) and can 
be found in a wide variety of settings, including the 
workplace.

This study explored various exposure assessment 
screening strategies using the NBDPS exposure assess-
ment of PAHs from 1997 to 2011. Strategies included 
a machine-learning algorithm, expert a priori deci-
sion rules that included keywords and NAICS/SOC 
codes, and a combination of both. The results of these 
differing approaches were compared to each other and 
to the results of a manual expert rater assessment. The 
purpose of this manuscript is to (i) illustrate the appli-
cation of different screening approaches (using either a 
machine-learning approach versus an expert-developed 
set of screening rules), and (ii) to develop and validate a 
screening algorithm for PAH exposure that is generally 
comparable to multiple expert rater review that may be 
used in future population-based studies of women, such 
as BD-STEPS (Tinker et al., 2015).

Methods

Study population
The NBDPS is the largest population-based case–control 
study ever conducted in the United States (US) exam-
ining risk factors for over 30 structural birth defects. 
Full study details have been published elsewhere (Yoon 
et al., 2001; Reefhuis et al., 2015).

Participating mothers (n = 44,029) completed a 
computer-assisted telephone interview (CATI) in English 
or Spanish within 2 years of their index child’s birth. The 
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interview covered many demographic, maternal health, 
and lifestyle questions, including detailed descriptions of 
jobs held for 1 month or longer during the three months 
prior to conception until the end of the pregnancy 
(B3-PEND). This study considered all jobs (n = 35,424) 
held by mothers who were employed for one month or 
more during the study period (n = 30,456 women). For 
women completing the interview in Spanish, bilingual 
interviewers provided English translations of free-text 
responses (including the job description) in the study 
database.

The occupational section of the interview inquired 
about the employer or company’s name, what the com-
pany made/did, the mother’s job title, her typical job 
duties or tasks, any equipment or chemicals she used, 
the typical number of hours she worked at that job on a 
work day, the typical number of days worked per week, 
the month and year she started the job, and the month 
and year she stopped the job. Institutional review boards 
(IRB) at the Centers for Disease Control and Prevention 
and each participating site approved the study protocols, 
and all participants provided informed consent.

Exposure assessment
The case–control status of having offspring with birth 
defects was not considered in this analysis since it does 
not affect whether a given job might have had exposure 
to a given chemical and exposure. However, all ex-
posure assessments were blinded to case–control status. 
Prior to the PAH-exposure assessment, qualified in-
dustry and occupation coders assigned North American 
Industry Classification System (NAICS) and Standard 
Occupational Codes with version information to each 
job description provided by a participating mother; 
codes were standardized to 2007 NAICS and 2010 SOC 
at the end of the study for the final database release. 
Final quality control of the NAICS and SOC coding was 
performed by a separate group of industrial hygienists.

During the initial PAH-exposure assessment for 
NBDPS, each job was reviewed by at least one trained 
screener to “screen out” jobs considered to have a high 
confidence of no exposure potential. Two industrial hy-
gienists (expert raters) further evaluated the narrative 
job description for jobs flagged as possibly exposed to 
PAHs by the trained reviewers. A third industrial hy-
gienist resolved by consensus any discrepancies in the as-
signed ratings between hygienists. Raters assigned each 
job to a PAH-exposure category (none, direct exposure 
only, indirect exposure only, and both direct plus indirect 
exposure). Only exposure to PAHs from occupational 
sources was considered; mothers’ self-reported exposure 
to secondhand smoke at work and home are ascertained 

elsewhere in the interview. For this analysis, the expert 
rater assessment was considered the “gold standard,” 
and the exposure was a dichotomous (yes/no) variable.

NBDPS enrolled participants on an ongoing basis 
for more than 15 years, therefore, exposure assessment 
was conducted at two different time points. The first ex-
posure assessment, covering birth years 1997–2002, in-
cluded a duplicate review of each job description by two 
industrial hygienists (expert raters) with discrepancies 
resolved by consensus. The second exposure assessment, 
covering birth years 2003–2011, used an initial screening 
step to increase efficiency. To ensure quality in the ex-
posure assessment, all industrial hygienists extensively 
reviewed existing PAH-exposure literature, including 
health hazard evaluations and monitoring data. To im-
prove consistency between the first and second exposure 
assessments, screeners and raters for the second ex-
posure assessment rated two sets of 100 jobs from the 
first exposure assessment, with the review of discrepan-
cies between each other and the original ratings. To as-
sure comparability between the screeners, a 5% random 
sample was also selected for duplicate screening by all 
screeners. A third project manager also reviewed the 5% 
sample for quality control, and reviewed additional jobs 
flagged for quality control (e.g. those that were rated dis-
cordantly from 75% or more of similar SOC codes).

The final database of job descriptions and consensus 
PAH-exposure status (possibly exposed above baseline, 
unexposed above population baseline) generated from 
a job-by-job review by multiple expert raters was used 
to create a screening algorithm that could be applied to 
future population-based studies of women. In the pro-
cess, we compared screening algorithms created using a 
machine-learning algorithm, manual decision rules, and 
a hybrid (combination) of the two approaches.

Screening approaches evaluated
Machine-learning algorithm screening
This study employed a type of regularized logistic re-
gression (known as RIDGE regression) for the machine-
learning approach. Details of this method are described 
elsewhere (Bertke et al., 2016). In brief, this procedure 
uses logistic regression to calculate the probability of 
an event (e.g. exposure to PAHs) based on the features 
of a job narrative, but applies a regularization penalty 
parameter to avoid over-fitting the data. In this study, 
features were the occurrence of single words, occurrence 
of two-word sequences, and 3-digit industry (NAICS) 
and occupational (SOC) codes (individually and in com-
bination). To be eligible as a feature, each word or se-
quence of words had to occur in at least three jobs in the 
training set. The job narrative fields considered for this 
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algorithm included job title, type of product made by 
the company, main activities or duties, and chemicals or 
substances handled. Fuzzy matching for misspellings (i.e. 
diesel, deisel, and desel are considered different words) 
and run-on words was not performed. Furthermore, sin-
gular versus plural words and verb tenses were categor-
ized as different features. All words were converted to 
lowercase before running the algorithm to avoid having 
a word considered as two different features due to dif-
ferences in word case. Common, less informative words 
(e.g. “the,” “my,” “a,” “an,” among others) were not 
treated as features.

All jobs were randomly split into a training set (n = 
30,424 jobs) and a testing set, also referred to as a val-
idation set (n = 5000 jobs). The prediction model was 
built from the training set by considering the occurrence 
of features (keywords and industry/occupation codes) 
in the job description narrative and running the logistic 
model on these data. Every feature was assigned a weight 
or beta regression coefficient. The weights of the fea-
tures present in each job description were summed and 
using this information, the probability of exposure was 
calculated. Overall, large positive weights represent fea-
tures often associated with exposure and large negative 
weights represent features often associated with an unex-
posed job. From this process, we were able to see which 
features had large positive weights and if they were as-
sociated with an exposed job. Afterwards, the prediction 
model was applied to the testing set. The RIDGE used 
the relationship between the exposure category and the 
different features in the training set to return a predicted 
probability (0–1) of exposure for each job in the testing 
set. By default, jobs with an assigned probability of 0.50 
or higher were considered exposed and with a calcu-
lated probability of <0.50 were considered unexposed. 
Those considered as exposed could be then assigned for 
manual review. The prediction model was developed 
and implemented with Python version 3.1 (Copyright © 
2001–2017 Python Software Foundation; All rights re-
served https://www.python.org).

Comparisons of the RIDGE results were performed 
in quintile and decile distributions of the probability 
of exposure calculated by the RIDGE with the results 
of the expert rater assessment at each level. Based on 
which probability of exposure level returned the most 
discrepancies (i.e. false negatives) with the expert rater 
assessment, the probability of exposure levels that could 
serve as the new probability of exposure cutoffs were 
identified. To illustrate the effect of choosing different 
probability score thresholds for manual review, two 
probabilities of exposure cutoffs were selected using the 

quintile and decile distributions of the probability of ex-
posure for jobs classified as exposed and unexposed by 
the RIDGE. For quintile and decile distributions, the top 
level of jobs classified by the RIDGE as unexposed had 
the largest number of false negatives. As a result, instead 
of the RIDGE assigning a job for manual review when 
the probability of exposure was 0.50 or higher, the new 
cutoffs represented a new probability level for a job to 
be referred for manual review. All evaluations were con-
ducted in SAS version 9.4 (Copyright (c) 2002–2012 by 
SAS Institute Inc., Cary, NC, USA).

a priori screening rules procedure
This approach used a strategy commonly used to 
streamline exposure assessments in which no prior data 
are available: to work with experts to develop a list of 
keywords, combinations of words, and/or job codes (e.g. 
NAICS and SOC codes or combinations) that could in-
dicate possible exposure. If the job description flagged 
with either a keyword or NAICS/SOC that indicated 
potential exposure, the job description was assigned for 
manual review. Jobs not flagged by keyword or NAICS/
SOC were assumed to be unexposed under this ap-
proach. We used two certified industrial hygienists, each 
with >20 years of experience in exposure assessment 
(MAW, WTS) but who had not conducted the job-by-job 
exposure coding for NBDPS (though both were familiar 
with the data set and ratings) to identify 84 features: 
73 keyword rules and 11 industry codes. Keywords in-
cluded root words (e.g. cook-, -fry-, weld-, grill-), com-
binations of words (e.g. coal tar, iron making), and 
single words (e.g. burning, gasoline, exhaust). Industry 
codes ranged from 2-digit to 5-digit codes. The full list 
of features is available upon request.

Hybrid procedure
Figure 2 and Supplemental Figures 1–2 (available at 
Annals of Occupational Hygiene online) depict the hy-
brid approach. It was a combination of the machine-
learning algorithm and the a priori screening procedures. 
First, the RIDGE approach is applied using the same de-
fault probability of exposure levels used by the RIDGE 
approach only (0.50), as well as the two additional 
cutoffs tested by this approach (0.10 or 0.04). Jobs 
flagged by the RIDGE as exposed, would then be as-
signed for manual review. For the jobs considered unex-
posed under the RIDGE approach, the a priori screening 
approach was applied. If features were flagged by the a 
priori screening, the flagged jobs would be assigned for 
manual review. Jobs not flagged by this second approach 
would be assumed as unexposed.
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Evaluation of exposure screening procedures
The manually coded jobs in the testing set were used 
as a reference, with the assumption that the consensus 
ratings by the expert coders were correct. Each approach 
was compared to the manually coded jobs in the testing 
set and against each other. For each screening method 
and the hybrid of both screening methods, the authors 
summarized the number of jobs flagged for review and 
the number assumed unexposed, and how many of each 
category were considered exposed and unexposed com-
pared to the gold standard of manual review of each job. 
Sensitivity, specificity, positive predictive value (PPV), 
and negative predictive values (NPV) were calculated for 
each approach, assuming the manual review of each job 
represented the true exposure of the job. This allowed 
the evaluation of trade-offs in terms of efficiency (i.e. 
fewer jobs requiring manual review) and quality (i.e. 
catching jobs for manual review that were considered to 
have exposure).

Results

RIDGE procedure and RIDGE cutoffs
For this study, the RIDGE considered over 30,000 fea-
tures in the training set. These features contained 6494 
single words (taken from the job description fields 
about job title, job duties, what the company makes/
does, chemicals/substances or machinery handled); 118 
NAICS codes (3-digit); 106 SOC codes (3-digit); and 
2361 NAICS/SOC combinations.

From the 5000 jobs on the validation set, two jobs 
were excluded because the expert rater classification for 
those jobs was “unable to code” (jobs for which there 

was not enough information to assign a PAH-exposure 
rating); therefore, results from 4998 were evaluated on 
the validation set. Table 1 describes the agreement be-
tween the RIDGE screening algorithm and the gold 
standard of manual expert rater review. The RIDGE as-
signed most unexposed jobs a probability of exposure of 
0.10 or less, while most exposed jobs had a probability 
of exposure of 0.80 or higher. Figure 1 describes how 
sensitivity changes the percentage of jobs flagged for 
manual review. As the number of jobs manually coded 
increases, so does the sensitivity.

Among jobs rated as unexposed (using the RIDGE 
probability cutoff ≤50%), the nearest decile of unex-
posed (probability 0.10–0.50) had 31.1% misclassified 
compared to the gold standard (Table 2). While in the 
next decile (0.05–0.10), 6.4% of the jobs were misclassi-
fied as unexposed. This illustrates that flagging probabil-
ities near the cutoff for quality control review has the 
greatest efficiency in identifying false negatives. Based 
on these findings, a moderate and a conservative cutoff 
were created for the RIDGE to classify jobs as exposed. 
The moderate cutoff used a probability of exposure of 
0.10 or higher to flag a job as potentially exposed, and 
the conservative cutoff used the probability of exposure 
of 0.04 or higher.

The RIDGE default cutoff flagged 467 (9.3%) jobs 
as potentially exposed, of which 381 (67.5%) jobs were 
correctly identified as exposed. Both the RIDGE mod-
erate and conservative cutoffs performed better than the 
RIDGE default cutoff in correctly flagging exposed jobs, 
92.4 and 98.2%, respectively. The RIDGE conservative 
cutoff was the most sensitive (98.2%), while the RIDGE 
high cutoff was the most specific (98.1%).

Table 1.   Summary of the performance of the machine-learning algorithm, the keywords approach, and both methods 
combined

Comparison* Expert-assigned code RIDGE,   
N (%)

Features,   
N (%)

Hybrid 1,a  
N (%)

Hybrid 2,b  
N (%)

Hybrid 3,c  
N (%)

True positive 564 (11.3%) 381 (7.6) 482 (9.6) 491 (9.8) 537 (10.7) 556 (11.1)

True negative 4434 (88.7%) 4348 (87.0) 3956 (79.1) 3951 (79.1) 3790 (75.8) 3360 (67.2)

False positive — 86 (1.7) 478 (9.6) 483 (9.7) 644 (12.9) 1074 (21.5)

False negative — 183 (3.7) 82 (1.6) 73 (1.5) 27 (0.5) 8 (0.2)

Sensitivity — 67.7 85.5 87.1 95.2 98.6

Specificity — 98.1 89.2 89.1 85.5 75.8

PPV — 81.6 50.2 50.4 45.5 34.1

NPV — 96.0 98.0 98.2 99.3 99.8

RIDGE = regularized logistic regression used for the machine-learning algorithm approach.

*Results are based on the assumption that the expert-assigned code is correct.
aHybrid 1 = RIDGE*Keyword. Cutoff when RIDGE probability of exposure ≥ 0.50 (default).
bHybrid 2 = RIDGE*Keyword. Cutoff when RIDGE probability of exposure ≥ 0.10 (moderate).
cHybrid 3 = RIDGE*Keyword. Cutoff when RIDGE probability of exposure ≥ 0.04 (conservative).
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a priori decision rules procedure
This procedure flagged 960 jobs (19.2% of all jobs), 
of which 482 (85.5% of all exposed jobs as classified 
by the expert rater) were correctly flagged as exposed. 
Sensitivity and specificity were 85.5 and 89.2%, re-
spectively, for this approach (Table 1). The evaluation 
of exposed jobs missed by this procedure allowed the 
identification of potential words, combination of words, 
and occupational codes that should be considered when 
evaluating PAH exposures on job descriptions. Some 
features (words such as fryer and diesel) overlapped with 
keywords in the a priori approach.

Hybrid procedure
Figure 2 and Supplemental Figures 1–2 (available at 
Annals of Occupational Hygiene online) demonstrate 
the hybrid procedure at three probabilities of exposure 
cutoffs (0.50, 0.10, 0.04). Initially, job descriptions were 
evaluated by the RIDGE, and those with a probability of 
exposure of 0.50 or higher were flagged (n = 468, 9.4%), 
which assigned them to be manually reviewed (Fig. 2). 
The rest of the jobs’ descriptions (n = 4530, 90.6%) 
were checked for features (keywords and NAICS/SOC 

codes) selected a priori. Jobs flagged by this process were 
also assigned to be manually reviewed (n = 506, 11.2% 
of all unflagged jobs). In summary, by reviewing 19.5% 
(n = 974) of all jobs in the validation set (n = 4998), 
this hybrid procedure was able to capture 87.1% (n = 
491) of all exposed jobs

In comparison, the hybrid procedure with the RIDGE 
moderate cutoff (0.10) identified 95.2% (n = 537) of 
all exposed jobs by reviewing 23.6% (n = 1181) of all 
jobs in the validation set (Supplemental Figure 1, avail-
able at Annals of Occupational Hygiene online). The 
hybrid procedure using the RIDGE conservative cutoff 
(0.04) captured 98.6% (n = 556) of all exposed jobs 
by reviewing 32.6% (n = 1630) of all jobs in the valid-
ation set (Supplemental Figure 2, available at Annals of 
Occupational Hygiene online).

Discussion

Using a combination of known approaches for retro-
spective exposure assessment, this study was able to 
develop and test a prediction model using a machine-
learning algorithm approach in a general population of 

Figure 1.  Percentage of job narratives flagged for review (p) versus sensitivity (sens).
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employed mothers. With having the exposure status of 
all jobs, as assigned by expert raters, the authors were 
able to contrast exposure scores from expert raters with 
those assigned by the RIDGE, a priori decision rules, 
and hybrid procedure. Additionally, it was demonstrated 
how different thresholds of the probability of exposure 
for assigning jobs to be manually reviewed can affect the 
performance of the RIDGE. It was possible to quantify 
the number of jobs to be manually reviewed to capture 
the majority of exposed jobs correctly for the different 
exposure cutoff point.

Overall, the RIDGE correctly identified a large 
number of exposed jobs by flagging a relatively small 
percentage of the total jobs. Most false positives and 
false negatives were concentrated around the prob-
ability of exposure cutoffs of the RIDGE. Most of the 
exposed jobs missed by the RIDGE (i.e. false negatives) 
were found at the top quantile and decile distributions 
of the probability of exposure for jobs classified as un-
exposed by the RIDGE. Modifying the probability of 
exposure cutpoint allowed the RIDGE to capture cor-
rectly 25–30% more exposed jobs, and decrease the 

number of false negatives and false positives. The com-
bination of the RIDGE with the a priori decision rules 
procedure performed better than any approach indi-
vidually. Furthermore, the hybrid procedure with the 
RIDGE conservative cutoff (probability of exposure 
≥0.04) had the highest sensitivity (98.6%) of all proced-
ures or combination of procedures, but specificity de-
clined to 75.8%.

The size of the training set depends on the type of 
data available and the purpose for which the predic-
tion model is being created. Previous studies using a 
machine-learning algorithm to auto-code injury caus-
ation have used various training set sizes depending on 
the amount of data available and the prevalence on the 
injury of interest in that data (Lehto et al., 2009; Bertke 
et al., 2012; Marucci-Wellman et al., 2015; Bertke et al., 
2016). Applying an automated method to a general 
population, derived from a highly selected population, 
can create biased exposure assignments and classifica-
tion errors—particularly if researchers are interested in 
finding out whether adverse effects occur at levels well 
below current legal limits, or for chemicals that do not 
have legal limits defined. In our study, using a large 
population of employed women allowed for the devel-
opment of a more comprehensive automated method 
for the exposure assessment of PAHs. Since the NBDPS 
population has a wide variety of jobs, the large size of 
the training set allowed the RIDGE to learn from many 
different types of jobs and as a result, improved the per-
formance when applied to the testing set by reducing 
the noise from the job description narrative (Lehto 
et al., 2009).

The workplace can be a major source of a wide var-
iety of PAHs, and exposure can fluctuate by industry 
and occupation. The Occupational Safety and Health 
Administration (OSHA) airborne permissible exposure 
limit (PEL) for coal tar pitch volatiles, a type of PAH, 
is 0.2 mg/m3 in an 8-h work shift (Agency for Toxic 
Substances and Disease Registry, 1995; Occupational 
Safety and Health Administration (OSHA), 2019). 
OSHA’s PEL for PAH comes from data obtained from 
OSHA’s compliance monitoring; thus, it is only per-
formed in occupations where there is a priori suspicion 
of high exposure that might exceed PELs. JEMs and 
automated methods based on data from compliance 
monitoring are most likely predominated by data on coal 
tar pitch volatiles (Lee et al., 2015), which can negatively 
affect the performance of these methods for other types 
of PAHs unless an effort has been made to incorporate 
expert decision rules that explicitly address this limita-
tion. Both the expert rater approach to assess PAH ex-
posure in the NBDPS and the automated methods used 

Table 2.  Decile distribution of jobs classified as exposed 
or unexposed by the machine-learning algorithm: sum-
mary of false negatives and false positives

RIDGE classification Probability  
exposed

N Incorrect  
classification  

N (%)

Unexposed

  False negative 0.00–0.00 453 0

0.00–0.01 453 0

0.01–0.01 453 0

0.01–0.01 453 0

0.01–0.02 453 0

0.02–0.02 454 3 (0.7)

0.02–0.03 453 1 (0.2)

0.03–0.04 453 9 (2.0)

0.05–0.10 453 29 (6.4)

0.10–0.50 453 140 (31.1)

Exposed

  False positive 0.50–0.56 46 19 (41.3)

0.56–0.60 47 15 (31.9)

0.61–0.68 47 12 (25.5)

0.68–0.74 47 10 (21.3)

0.74–0.80 47 12 (25.5)

0.80–0.85 47 6 (12.8)

0.85–0.90 47 4 (8.5)

0.90–0.94 47 5 (10.6)

0.94–0.97 47 3 (6.4)

0.97–1.00 46 0
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in this study considered any PAH exposure above back-
ground levels for the classification of job exposure.

Future studies seeking to use this prediction model 
in a population highly exposed to PAHs or on a specific 
type of PAH can modify it to meet their exposure cri-
teria. Modifications (e.g. adding keywords or industry 
codes) can also be made to update relevant job char-
acteristics to account for changes in the workplace and 
job duties related to PAH exposure. Researchers seeking 
to evaluate a different type of exposure in a large popu-
lation dataset can follow the methodology used for the 
development and application of this prediction model 
to create their own prediction model for any other ex-
posure. Several considerations should be taken into 
account when developing a machine-learning algorithm 
based on resources available and the expectations for 
the prediction model (e.g. reduce the number of jobs 
that need manual review by identifying unexposed jobs 
with high confidence based on an investigator-identified 
threshold, such as specifying the RIDGE exposure prob-
ability cutpoint). Some of these considerations include 
how many resources will be available to manually re-
view potentially exposed jobs; the cutoff probability 
level of exposure by the algorithm; and if the focus will 
be on occupation in general or on a specific type of oc-
cupation. Moreover, researchers using this prediction 
model in the future should consider manually checking 
a random sample of jobs near the cutoff point between 
exposed and unexposed classifications. It can help de-
termine the need of modifying the probability of ex-
posure cutoff point to capture more potentially exposed 
jobs. This study demonstrated how modifying the prob-
ability of exposure levels of the RIDGE can allow for 

a higher capture of exposed jobs by reviewing a small 
proportion of the data.

Although the development and improvement of 
machine-learning approaches has been ongoing for 
several years (Fritschi et al., 2009; Bertke et al., 2012, 
2016; Friesen et al., 2014, 2015, 2016; Vallmuur, 
2015), its application on any particular dataset takes 
only minutes. Human raters must receive extensive 
training and over time, retraining is required to main-
tain consistency as the characteristics of the exposure 
and occupations evolve; this process takes monetary 
resources and time. When there are thousands of job 
narratives to evaluate, these coders/raters may be sub-
ject to fatigue (Marucci-Wellman et al., 2015). The 
utilization of automated methods for retrospective ex-
posure assessments helps to overcome many of these 
challenges, as fewer resources are needed for their 
development and implementation. Results showed 
that compared to expert rater assessment, both the 
RIDGE and the a priori decision rules performed well. 
Previous studies have shown some auto-coding ap-
proaches can achieve high levels of specificity overall 
(Williamson et al., 2001; Lehto et al., 2009), but sen-
sitivity can vary. The exposure data used for this study 
had many more unexposed (89%) than exposed jobs; 
thus, it is expected for the RIDGE to learn more about 
unexposed jobs than from those exposed. Using a hy-
brid procedure, including a priori decision rules can 
complement the process and improve sensitivity by 
filling potential gaps occurring in the RIDGE. Results 
from the combination of both approaches showed 
that the inclusion of a priori decision rules enhanced 
sensitivity.

Figure 2.  Hybrid procedure using the default probability of exposure cutoff (0.50). RIDGE refers to the regularized logistic regres-
sion; features are defined as words (single or two-word sequences), and 3-digit industry (North American Industry Classification 
System or NAICS) and occupational (Standard Occupational Classification or SOC) codes (individually and in combination).

690� Annals of Work Exposures and Health, 2021, Vol. 65, No. 6

D
ow

nloaded from
 https://academ

ic.oup.com
/annw

eh/article/65/6/682/6247063 by C
enters for D

isease C
ontrol and Prevention user on 08 July 2021



This study is not without limitations. The major limi-
tation is that measurement data—a true gold standard 
for exposure—was not available; thus, any misclassifi-
cation in the job-by-job coding by multiple raters is un-
known and perpetuated in the models. Very few direct 
measurements have been published in occupations with 
PAH levels that are expected to be well below occupa-
tional exposure limits; additional studies of this type are 
needed to improve exposure assessment. As occupation 
trends changed over time, it is also possible that RIDGE 
was unable to identify jobs with potential exposure be-
cause data about these jobs were not available in the 
training set. There are various occupations that were not 
represented in the past decade or two (e.g. firefighters), 
while some past jobs are not part of the current work-
force. For other occupations, job tasks have expanded. 
Including an a priori decision rules approach can com-
plement areas where the RIDGE might not perform at 
its best, although it depends on selecting the correct 
words, combination of words, and alternate words to 
describe a potentially exposed job. In reviewing job de-
scriptions of jobs classified as false negatives, it is not 
always achievable to account for all possible keywords 
related to a specific job task or exposure. Additionally, if 
job description narratives have multiple misspellings, it 
can create a challenge for the RIDGE, since the RIDGE 
does not allow fuzzy matching and the misspelled word 
will not be eligible as a feature if it does not occur three 
or more times. Similarly, it can affect the a priori de-
cision rules if the misspelled word is not included as a 
keyword. The negative effect of losing a word due to 
misspelling can often be compensated by other words 
in the narrative and if misspellings occur often enough, 
they remain as a feature with the appropriate context. 
Whenever feasible, the process of selecting keywords 
and occupational codes should involve more than one 
expert to increase the robustness of these decision rules. 
Since the machine-learning approach can be updated by 
adding new job description narratives in the training set 
to account for changes in the workforce over time, the 
prediction model can be updated at any time. We did not 
test the efficacy of these approaches in assigning add-
itional exposure metrics, such as exposure intensity; it is 
possible that algorithms might perform more poorly for 
these more nuanced metrics.

Conclusions

This study adds to a body of literature that demonstrates 
the feasibility of developing a robust machine-learning 
prediction model for occupational exposure using a 

combination of known approaches for retrospective ex-
posure assessment. Since the exposure scores—as classi-
fied by expert raters—were available, it also served as a 
learning tool to present the strengths and limitations of 
each individual approach, as well as the value of a com-
bination of approaches.

Supplementary material

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