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Abstract

Background: Recent cross-sectional epidemiologic studies have examined the association between 
human health effects and carbon nanotube and nanofiber (CNT/F) workplace exposures. However, 
due to the latency of many health effects of interest, cohort studies with sufficient follow-up will 
likely be needed. The objective of this study was to identify workplace determinants that contribute to 
exposure and develop predictive models to estimate CNT/F exposures for future use in epidemiologic 
studies.
Methods: Exposure measurements were compiled from 15 unique facilities for the metrics of 
elemental carbon (EC) mass at both the respirable and inhalable aerosol size fractions as well as a 
quantitative analysis performed by transmission electron microscopy (TEM). These metrics served 
as the dependent variables in model development. Repeated personal samples were collected from 
most of the 127 CNT/F worker participants for 252 total observations. Determinants were categorized 
as company-level or worker-level and used to describe the exposure relationship within the dependent 
variables. The influence of determinants on variance components was explored using mixed linear 
models that utilized a backwards stepwise selection process with a lowering of the AIC for model 
determinant selection. Additional ridge regression models were created that examined predictive 
performance with and without all two-way interactions. Cross-validation was performed on each 
model to evaluate the generalizability of its predictive capabilities while predictive performance was 
evaluated according to the corresponding R2 value and root mean square error (RMSE).
Results: Determinants at the company-level that increased exposure included an inadequate or semi-
adequate engineering control rating, increasing average CNT/F diameter/length, daily quantities of 
material handled from 101 g to >1 kg and >1 kg, the use of CNF materials, the industry type of hybrid 
producer/user, and the expert assessment of a high exposure potential. Worker-level determinants 
associated with higher exposure included handling the dry-powdered form of CNT/F, handling 
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daily quantities of material >1 kg, direct/indirect exposure, having the job title of engineer, using 
a respirator, using a ventilated or unventilated enclosure, and the job task of powder handling. The 
mixed linear models explained >60% of the total variance when using all company- and worker-level 
determinants to create the three exposure models. The cross-validated RMSE values for each of the 
three mixed models ranged from 2.50 to 4.23. Meanwhile, the ridge regression models, without all 
two-way interactions, estimated cross-validated RMSE values of 2.85, 2.23, and 2.76 for the predictive 
models of inhalable EC, respirable EC, and TEM, respectively.
Conclusions: The ridge regression models demonstrated the best performance for predicting 
exposures to CNT/F for each exposure metric, although they only provided a modest predictive 
capability. Therefore, it was concluded that the models alone would not be adequate in predicting 
workplace exposures and would need to be integrated with other methods.

Keywords:   carbon nanofibers; carbon nanotubes; cohort; exposure determinants; predictive exposure modeling

Introduction

Carbon nanotube and nanofibers (CNT/F), along 
with other nanomaterials, have been described as a 
technology with the capability to transform society 
at large, with a broad potential for application across 
the most varied sectors of the economy (Invernizzi, 
2011). Carbon nanotube commercial activities have 
grown over the past several decades with worldwide 
production capacity increasing at least 10-fold from 
2006 to 2013 (De Volder et  al., 2013). However, 
in 2014, The International Agency for Research on 
Cancer (IARC) concluded that one specific form of 
multiwalled carbon nanotube (MWCNT) was possibly 
carcinogenic to humans (Group  2B). Meanwhile, 
evidence for carcinogenicity of single-walled carbon 
nanotubes (SWCNTs) and all other types of MWCNTs 
was insufficient and they were categorized as Group 3, 
not classifiable as to their carcinogenicity (Grosse et al., 
2014; IARC, 2017). Concerns have also risen for other 
health outcomes from inhalation exposures to CNT/F, 
which include pulmonary fibrosis and inflammation as 
well as immunological and cardiovascular effects (Erdely 
et al., 2009; Mitchell et al., 2009; Simeonova and Erdely, 
2009; Pauluhn 2010; Murray et al., 2012; Porter et al., 
2013; Oberdorster et al., 2015; Bishop et al., 2017).

The classification by IARC was predominantly 
based upon animal toxicity studies, since little human 
health data existed at the time. Since then, several cross-
sectional epidemiologic studies have been published 
which have focused on developing exposure–response 
relationships between early biological markers of 
effect and exposures to CNT/F. These studies have 
generally used consistent exposure metrics which 
include elemental carbon (EC) mass and some form 
of microscopy-based structure count (Lee et al., 2015; 
Fatkhutdinova et al., 2016; Shvedova et al., 2016; 

Vlaanderen et al., 2017; Beard et al., 2018; Kuijpers 
et al., 2018; Schubauer-Berigan et al., 2018). However, 
since these were designed as cross-sectional studies, they 
inherently lack the ability to demonstrate causality in 
their findings (Liou et al., 2015).

These cross-sectional studies are an integral first step 
in determining if exposure to CNT/F can cause health 
effects, but due to the long latency period for many of the 
health effects of concern, longitudinal studies are needed 
featuring consensus data collection and appropriate 
exposure assessment methodologies. These longitudinal 
studies will likely rely on current and retrospective 
CNT/F workplace exposure data, which represents 
a challenge, as many facilities will have limited or 
incomplete exposure records (Guseva Canu et al., 2017). 
To fill this data gap, additional exposure measurements 
or estimates of worker exposure will need to be made 
using professional judgment, extrapolating known data, 
or through the development of quantitative statistical 
modeling that can incorporate workplace factors and 
exposure determinants (Seixas and Checkoway, 1995).

As part of an ongoing epidemiologic study of US 
workers exposed to carbon nanotubes and nanofibers, the 
objective of this study was to develop and validate predictive 
models to quantitatively estimate current and historical 
levels of exposures using the commonly used metrics of EC 
mass and microscopy-based structure counts for future use 
in longitudinal (e.g. cohort) studies. An additional objective 
of this study was to classify common job tasks performed 
among the various US CNT/F industries.

Methods

Description of exposure database
The exposure database included data on 108 workers 
from 12 US facilities handling or producing CNT/F 
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that were collected between 2012 and 2014 as part 
of a cross-sectional epidemiologic study (Beard et al., 
2018; Dahm et al., 2018; Schubauer-Berigan et al., 
2018). Unpublished data for an additional 23 workers 
were included in the database from five US facilities 
visited in 2016. Two of the five facilities were part of 
the original cross-sectional study, but were re-visited due 
to significant changes in worker-level determinants. The 
remaining three facilities had not been previously visited 
by NIOSH. Additionally, four participants from the 
exposure database were excluded from the analyses due 
to insufficient exposure information, leaving a total of 
127 participants from 15 unique facilities handling and/
or producing CNT/F across the USA.

Repeated measurements were collected as personal 
samples over two full work-shifts from 117 of the 127 
participants, while nonrepeated measurements were 
collected from seven participants and the remaining three 
participants had three or four samples collected, creating 
a total exposure database of 252 personal measurements 
with observations. Personal exposures were assessed for 
CNT/F based on three exposure metrics, which served as 
the dependent variables for each of the three predictive 
models. The exposure metrics included the mass of 
elemental carbon (EC) at both the respirable and 
inhalable aerosol size fractions, reported as µg m−3, as 
well as a quantitative analysis by transmission electron 
microscopy (TEM), reported as CNT/F structures cm−3. 
Data collection and analysis were performed uniformly 
for the additional facilities visited in 2016 using the 
sampling and analysis methodologies discussed in Dahm 
et al. (2018).

All values for EC were background-corrected due 
to the potential for interference by anthropogenic 
sources of EC following methods outlined in Dahm 
et  al. (2015, 2018). Samples below the limit of 
detection (LOD) [n = 47 (18.7%), respirable; n = 17 
(6.7%), inhalable] were substituted with values 
equal to one-half the LOD. The EC data were then 
background corrected by subtracting the facility-
specific background concentration. In instances where a 
negative background-corrected concentration was found 
(background concentration > sample concentration; 
[n = 70 (27.8%), respirable; n = 77 (30.6%), inhalable]), 
one-half the lowest background adjusted value from the 
specific facility was substituted. The TEM concentrations 
that fell below the LOD [n = 57 (22.6%)], which was 
defined as 1 CNT/F structure per filter, were substituted 
with one-half the LOD (0.5 structures per filter). 
Samples overloaded with material [n = 22 (8.7%)] were 
estimated by assuming overloaded samples were 50% 

higher than the largest CNT/F structure count found at 
that specific facility.

Company- and worker-level determinants
Company- and worker-level determinants used in this 
study were based upon observations from previously 
published CNT/F exposure studies (Dahm et al., 2012, 
2015), as well as adapted from Woskie et al. (2010), and 
are listed in Table 1. Company-level information was 
collected during an interview with a site representative 
or production manager. The information collected 
included industry type, characterization information 
on the CNT/F materials produced or used, company 
policy on personal protective equipment (PPE), 
engineering control uses, daily production levels or daily 
quantities handled, and the number of employees on site 
(Supplementary Appendix I, available at Annals of Work 
Exposures and Health online).

Each of the 15 companies was categorized into 
one of five distinct industry types based upon the 
work performed at each site. Four were previously 
described in Dahm et  al.  (2015, 2018), which 
include primary manufacturers, hybrid producers/
users, secondary manufacturers in the composites/
thermoplastics industries, and secondary manufacturers 
in the electronics industries. An additional company was 
categorized as a secondary manufacturer in the coatings 
industry and primarily purchased MWCNT for the 
creation of advanced corrosion resistant coatings for 
steel structures. General information regarding each of 
the 15 unique companies can be found in Supplementary 
Table S1 (available at Annals of Work Exposures and 
Health online).

Additional company-level determinants included 
a variable for a subjective assessment of company 
engineering controls and a variable to denote the 
company-wide potential for high exposure. The company 
engineering control variable was categorical with ratings 
of adequate (appeared to effectively control exposures 
and used consistently and properly by employees), 
semi-adequate (many appeared to be effective however 
some were likely deficient and were not consistently or 
properly used by employees), and inadequate (lacked 
proper engineering controls and/or controls present 
likely did not effectively control exposures). No direct 
measurements of engineering control efficiency were 
collected. These ratings were based upon observations 
and professional judgment from a three-person exposure 
assessment team that were part of each site assessment.

The company-wide high exposure variable was 
designed to designate a site that had workplace practices 
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or processes that would likely demonstrate a high 
potential for exposure over the NIOSH REL of 1 µg 
m−3 at the respirable size fraction of EC (NIOSH, 2013). 
This variable was created to aid the model in predicting 
exposures at the company-level that displayed higher 
than average exposures compared with their industry 
average from Dahm et al. (2015, 2018). Characteristics 
of these companies included handling large quantities 
of material, lacking proper engineering controls, and 
having poor housekeeping protocols. The variable was 
created post data collection through an independent vote 
from the exposure assessment team, where one team 
member had knowledge of the results. This variable is 
intended for use in future site assessments where little or 
no exposure data may exist at the time of an initial walk-
through, and will be based upon prior observational 
experiences and professional judgment.

Worker-level determinants were collected on daily-
performed job tasks that included the type of job task, 
direct or indirect exposure to CNT/F, and quantity and 
form of material handled as well as engineering controls 
and PPE used throughout the sampling period. The 
information was collected by NIOSH personnel through 
a combination of workplace observations and a short 

in-person interview at the end of each sampled work-
shift (Supplementary Appendix II, available at Annals of 
Work Exposures and Health online). Standardized job 
titles of administrator, chemist, engineer, maintenance, 
research and development, and technician were assigned 
to each individual in the exposure database based upon 
the worker’s reported job title and observed daily tasks 
performed (Dahm et al., 2018). In total, the exposure 
database included 21 company-level determinant 
variables and 22 worker-level determinant variables. 
Additionally, job tasks were standardized into 15 job 
task variables that are further described in Table 2.

Model Development and Validation
The exposure distributions for all exposure metrics, 
which served as dependent variables for the three 
subsequent multivariate regression models, were log-
normally distributed and were log transformed before 
analysis. The median and interquartile ranges (IQR) are 
reported for each exposure metric across each predictor 
while the P-value was calculated using a simple one-way 
ANOVA on the log-transformed data.

To control for repeated measures, mixed linear 
models were created with company- and worker-level 

Table 1.  Company and worker-level determinants included in multivariate regression modeling.

Level Determinant Determinant categories

Company CNT/F industry type Primary manufacturer, hybrid producer/user, secondary manufacturer—coatings, 

secondary manufacturer—composites/plastics, secondary manufacturer—electronics

Daily company production 

level or quantity of material 

handled

<10 g, 10–100 g, 101 g–1 kg, >1 kg

Number of employees on site Continuous variable

Material type MWCNT, SWCNT, CNF

Form of material(s) handled Dry powder, dispersed in liquid or resin, embedded in composite

Company engineering 

controls rating

Inadequate, semi-adequate, adequate

Average material diameter Continuous variable (nm)

Average material length Continuous variable (µm)

High exposure potential Yes/no

Worker Job title Administrator, chemist, engineer, maintenance, research and development, technician

Daily job tasks See Table 2

Daily quantity handled 0, <10 g, 10–50 g, 51–100 g, 101–1 kg, >1 kg

Form of material(s) handled Dry powder, dispersed in liquid or resin, embedded in composite, none

Direct CNT/F exposure Yes/no

Indirect CNT/F exposure Yes/no

Engineering controls Ventilated or unventilated enclosure, chemical fume hood, local exhaust ventilation

Half or full-face respirator 

usage

Yes/no

MWCNT, multi-walled carbon nanotubes; SWCNT, single-walled carbon nanotubes; CNF, carbon nanofibers; CNT/F, carbon nanotubes and nanofibers.
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determinants (nested within company) as random effects 
using the entire exposure database. First, a null model 
was fit with no fixed effects. Then a backwards stepwise 
model selection procedure was performed on the mixed 
linear models with: (i) all company-level determinants 
only, (ii) all worker-level determinants only, and (iii) all 
company- and worker-level determinants. A lowering 
of the AIC was used as the criterion for the variable 
selection. Modeling was performed separately for each 
of the three exposure metrics to study the contribution of 
the determinants to the within-worker (WW), between-
worker within-company (BW), and between-company 
(BC) variance.

Subsequently, to build a generalizable model for 
prediction, ridge regression was performed. In ridge 
regression, all predictors are entered into the model and 
a penalty parameter (λ) is assigned. This helps prevent 
over-fitting by reducing the size of each coefficient by 
an amount determined by λ. The exact value of λ was 
assigned through a grid search by minimizing the root 
mean square error (RMSE) during cross-validation. To 
perform cross-validation, one company was removed 

from the dataset and a model was fit on the remaining 14 
companies. The fitted model was then used to ‘predict’ 
the dependent variable on the company that was held 
out. This process was repeated 15 times, once for each 
site, and resulted in a prediction for each observation in 
the dataset. The predictive performance of each model 
was measured by calculating the RMSE:

RMSE =

 ∑n
i=1 (pi −mi)

2

n

and the R2:

R2 = 1−
∑n

i=1 (pi −mi)
2

∑n
i=1 (m̄−mi)

2

The RMSE compares the predicted values (pi) and 
measured values (mi) in this exposure database (n = 252). 
These are common definitions, with the exception that 
they are applied to unseen data through cross-validation. 
As a result, it is possible to calculate a negative R2, which 
would indicate severe over-fitting and a poor predictive 
performance. In addition, the RMSE does not correct for 
the number of parameters (k) in the model (by dividing 

Table 2.  Standardized job task descriptions.

Standardized job taska Description

Catalyst preparation Catalyst used in CNT/F production was prepared before CNT/F production. Note: most 

facilities used an iron-based catalyst.

Composite cutting/sanding The testing, cutting, or sanding of any fully cured CNT/F composite or test coupon

Composite fabrication/production Production or lay-up of any type of CNT/F infused composite material

Equipment maintenance and cleaning Cleaning equipment or an area possibly contaminated with CNT/F as well as performing 

maintenance on equipment associated with CNT/F use

Extrusion Extruding a mixture of CNT/F powder and resin compounds

Liquid intermediate production The production of a CNT/F dispersion in liquid or resin slurry, which includes any 

sonication processes, or conducting the process to functionalize CNT/F in a liquid 

solution

Office/desk work Performing office or desk related activities

Other work not involving CNT/F Performing other tasks not directly involving the use of CNT/F

Packaging Taking CNT/F materials and packaging them for sale or shipment

Powder handling and postprocessing Includes various powder handling tasks, such as mixing, weighing, transferring, dumping, 

or sieving of CNT/F powders as well as the postcoating of CNT/F powders

Production/manufacturing CNT/F synthesis in an enclosed reaction process. The job task generally involves prepping 

and monitoring the reactor. Note: all facilities used a CVD synthesis process.

Quality control testing Performing quality control lab analyses on CNT/F materials, typically in small gram 

quantities.

Reactor harvesting Removal and collection of CNT/F from the production reactor after the process has been 

completed

Spray coating Using a liquid form of CNT/F to spray coat a surface

Wet chemistry lab work Wet chemistry work within a laboratory not involving the use of CNT/F

CNT/F, carbon nanotubes and nanofibers; CVD, chemical vapor deposition.
aAll job tasks were coded into the exposure database as a dichotomous variable.
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by n − k), as is often reported in a traditional ANOVA 
table. This correction is meant to adjust for over-fitting. 
However, this is being evaluated by fitting the models on 
unseen data and as a result, the RMSE reflects the exact 
average squared error from a model regardless of the 
number of predictors.

In addition to performing cross-validation to assign 
the λ in the ridge regression models, cross-validation 
was also used to evaluate the predictive performance 
of the mixed linear models using a standard backwards 
stepwise selection procedure. For each company that was 
held out during cross-validation, backwards stepwise 
selection in a traditional linear model was performed on 
the remaining dataset to predict the dependent variable. 
Again, performance was evaluated by the RMSE and 
R2 and was compared with the performance of the 
ridge regression results. The model for each exposure 
metric with the highest R2 and lowest RMSE value was 
considered the ‘best’ model.

In order for ridge regression to perform optimally, all 
independent variables must have a similar scale. Since 
the majority of predictors were ‘dummy variables’ (and 
took on values of 0 or 1), all continuous variables were 
also scaled to take on values between 0 and 1. Therefore, 
the interpretation of the continuous regression 
coefficients is the change in the log of the dependent 
variable between the minimum (0) and maximum (1) 
of the scaled continuous variable. The ridge regression 
models considered all company-level and worker-level 
determinants, with and without all two-way interactions.

Creation of the mixed linear models was performed 
using PROC MIXED in SAS version 9.4 (SAS Institute, 
Inc., Cary, NC, USA). All other modeling and statistical 
analysis was performed using R 3.4.3 (The R Foundation 
for Statistical Computing, Vienna, Austria) using the 
caret and penalized packages (Goeman, 2010, 2018; 
Kuhn, 2017).

Results

The overall exposures for the three exposure metrics 
within this database were [AM (SD) and GM (GSD)] 
0.87 µg m−3 (5.5) and 0.07 µg m−3 (8.9) for respirable 
EC, 3.66 µg m−3 (17.9) and 0.15 µg m−3 (24.6) for 
inhalable EC, and 0.1679 CNT/F structures cm−3 (0.7) 
and 0.0064 structures cm−3 (16.5) for quantitative 
TEM analysis. Exposures ranged in this database from 
<0.01 to 80.30 µg m−3 for respirable EC, <0.01 to 
239.45 µg m−3 for inhalable EC, and <0.001 to 5.465 
structure cm−3 for TEM analysis. Additional descriptive 
statistics (median, IQR, and P-value) for each individual 
company- and worker-level determinant and job task are 

provided in Supplementary Tables S2–S4 (available at 
Annals of Work Exposures and Health online).

Table 3 displays the percent of job tasks, material 
forms, mass quantities handled, and engineering control 
use by standardized job title and industry type observed 
within the exposure database. The most common job 
tasks performed included office work (63%), powder 
handling/postprocessing (18%), CNT/F production 
(16%), equipment maintenance/cleaning (15%), liquid 
intermediate production (13%), and quality control 
testing (10%). Dry powders were the most common 
form of material used (51%) followed by CNT/F 
liquid solutions (20%), and CNT/F in composite forms 
(8%). The quantities of material typically handled in 
this exposure database were 0 g (37%), <10 g (19%), 
51–100 g (17%), >1 kg (13%), 10–50 g (11%), and 101 
g–1 kg (4%). In addition, the most common engineering 
controls observed in use were ventilated or unventilated 
enclosures (33%), followed by local exhaust ventilation 
and chemical fume hoods (19% each). As participants 
could report more than one type of job task, material 
form, or engineering control used/performed daily; some 
totals could be >100%.

Mixed linear models
The results for the mixed linear models are displayed 
in Table 4. The null models consistently showed the 
greatest variance was BC (6.34, 2.49, and 4.54) followed 
by WW (2.53, 2.26, and 2.97) and BW (0.75, 0.12, 
and 0.45) for inhalable EC, respirable EC, and TEM, 
respectively. The fixed effects, which included all 58 
company- and worker-level determinants, including job 
tasks, in the inhalable EC model reduced the BC, BW, 
and WW variances of inhalable EC exposure by 100%, 
88%, and 5% compared with the null, respectively (‘All 
Determinants’ in Table 4). This model explained 79% 
of the total variance for inhalable EC exposures. The 
mixed model using all possible determinants to explain 
respirable EC exposure reduced the BC, BW, and WW 
variances by 100%, 100%, and 8% compared with 
the null, respectively. The selected determinants in the 
model explained 61% of the total variance for respirable 
EC exposures. Meanwhile, the mixed model using all 
possible determinants for estimating TEM exposure 
reduced the BC, BW, and WW variances by 100%, 
100%, and 6% compared with the null, respectively. 
The fixed effects explained 68% of the total variance in 
the TEM model. The selected inhalable EC, respirable 
EC, and TEM determinants from each model, beta 
coefficients, and significance (P-value) are listed in 
Supplementary Tables S5–S7 (available at Annals of 
Work Exposures and Health online).
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Cross-validated linear and ridge 
regression models
Since the objective of the study was to estimate 
exposures for workers at companies or time-periods that 
would have limited or no sampling data, the predictive 
capabilities of the models were tested using cross-
validation to simulate unseen company data. The cross-
validated R2 values for each of the three mixed linear 
models examining the effects of company-level, worker-
level, and models including all 58 determinant variables 
ranged from −16.93 to −23.46 with RMSE’s ranging 
from 2.50 to 4.23, as seen in Table 5. These measures 
of fit and errors indicate severe over-fitting and would 
provide poor predictive capabilities. Meanwhile, the 
ridge regression models that included all 58 determinant 
variables without interactions found cross-validated R2 
values of 0.20, −0.04, and 0.03 with RMSEs of 2.85, 
2.23, and 2.76 for the predictive models of inhalable 
EC, respirable EC, and TEM, respectively. The ridge 
regression model that incorporated all two-way 
interactions with each model containing and contained 
~1500 variables, found cross-validated R2 values of 0.18, 
−0.04, and 0.04 with RMSEs of 2.89, 2.23, and 2.74 for 
the predictive models of inhalable EC, respirable EC, 
and TEM, respectively.

The r idge regress ion models  provided the 
highest cross-validated R2 values and consistently  
provided the lowest RMSE among all fitted models. 
Therefore, the ridge regression models were demonstrated 
to be the ‘best’ models for predicting exposures for each 
of the three exposure metrics in this study. It should be 
noted that the inhalable EC model that did not include 
interactions provided the best overall results, but only 
had a cross-validated R2 value of 0.20, with a RMSE 
of 2.85. This indicates that the model would provide 
only a modest predictive capability. Figure 1 graphically 
displays the predicted measurement values compared 
with the actual measured values. Overall, the plots 
show that the fitted ridge regression models generally 
over-predicted low exposure concentrations and under-
predicted high exposure concentrations.

Table 6 displays the top five strongest positive and 
negative beta coefficients for each of the ridge regression 
models that did not include interactions. Seven individual 
company-level determinants were associated with the 
highest increased exposure potential and included the 
engineering control rating of inadequate and semi-
adequate, increasing average material diameter, the daily 
production level or quantity of material handled 101 
g–1 kg, handling the material form of CNF, the industry 
type of hybrid producer/user, and the assessment 
of a high exposure potential. Fewer worker-level Ta

b
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determinants were associated with increased exposure, 
which included the job title of engineer and the use of 
a respirator. Meanwhile, only the job task of powder 
handling and postprocessing was commonly associated 
with increased exposures across the various models.

Company-level determinants associated with decreased 
exposure potential included the engineering control rating 
of adequate and semi-adequate, the daily production level 
or quantity of material handled 10–100 g, producing or 
using the material type of SWCNT, the industry type of 
hybrid producer/user, and handling CNT/F in a liquid 
suspension or embedded in a composite. The only worker-
level determinant associated with a decreased exposure 
potential was having the job title of administrator and the 
only job task that was associated with decreased exposure 
included the tasks of performing office work. All 58 
determinant variables and their associated beta coefficients 
for the ridge regression models that did not include 
interactions are listed in Supplementary Table S8 (available 
at Annals of Work Exposures and Health online).

Nearly all the top positive and negative beta 
coefficients were found to be similar when compared with 
the results of the ridge regression models that included all 
interactions, which can be found in Supplementary Table 
S9 (available at Annals of Work Exposures and Health 
online). Several additional company-level determinants 
were found to increase exposure in these models which 
included the average CNT/F length and daily quantities 
of material handled >1 kg. Also, additional worker-
level determinants that increased exposure included 
direct/indirect exposure, handling the dry-powdered 
form of CNT/F, handling daily quantities of material 
>1 kg, and using a ventilated or unventilated enclosure. 
The additional worker-level determinants that strongly 
reduced exposure included not handling any quantity of 
CNT/F or handling <10 g of material along with the job 
tasks of performing other work not involving CNT/F.

Figure 2 presents the predicted exposures from 
the ridge regression model without interactions for 
inhalable EC utilizing several realistic workplace 
exposure scenarios created using the most common 
job tasks by job title, found in Table 3. All company-
level determinants and remaining worker-level 
determinants were held constant other than job title 
and the company-level engineering control rating 
(Fig. 2A). Predicted exposures were highest among 
the job titles of engineer and technician and decreased 
as the company engineering control rating improved 
from inadequate to adequate. Meanwhile, Fig. 2B uses 
the same determinants as Fig. 2A, but examines the 
change of inhalable EC exposures for the job title of 
technician employed in a company with semi-adequate Ta
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engineering controls as the worker-level determinant of 
mass quantity handled increases. Predicted exposures 
increase as the mass quantity handled increases to 101 
g–1 kg. However, exposure decreased for masses >1 kg, 
which may be due to more effective engineering controls 
and less manual handling of large quantities of CNT/F 
materials. Full details of the determinants selected for 
each exposure scenario can be found in Supplementary 
Table S10 (available at Annals of Work Exposures and 
Health online).

Discussion

The overarching objective of this effort was to develop 
and validate predictive models using determinants 

and workplace factors to estimate current and past 
CNT/F exposures for future use in cohort studies. The 
validated models could be used to assign exposure levels 
to workers for whom measurements are not available, 
but for whom determinant information exists (Burstyn 
and Teschke, 1999). To date, no other studies have 
evaluated the use of predictive models for estimating 
CNT/F exposures, while one other study has identified 
workplace exposure determinants (Kuijpers et  al., 
2016). This is likely due to the absence of consensus 
exposure assessment methods, the limited availability 
of exposure data, and the relatively recent emergence of 
these materials in mainstream manufacturing over the 
past decade. This study used a database of measured 
exposures and potential determinants to create several 

Figure 1.  Predicted versus measured values from the ridge regression models, without interactions, for (A) inhalable elemental 
carbon [R2 = 0.20], (B) respirable elemental carbon [R2 = −0.04], and (C) TEM [R2 = 0.03]. Plotted lines represent ideal measured 
values. Imputed values were results below the limit of quantitation or were negative after the background correction.
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Table 6.  Largest positive and negative parameter values from the ridge regression models.

  Inhalable EC Respirable EC TEM

Rank Variable β Variable β Variable β

Positive effect 1 CL—ECR inadequate 0.60 CL—ECR inadequate 0.13 CL—ECR inadequate 0.83

2 CL—AM diameter 0.46 WL—respirator use 0.13 CL—AM diameter 0.78

3 CL—ECR semi-adequate 0.36 CL—IT hybrid 0.12 CL—QMH 101 g–1 kg 0.59

4 WL—JT engineer 0.36 JTa—powder handling 0.11 CL—high exposure 0.53

5 CL—high exposure 0.35 CL—high exposure 0.11 CL—MT–CNF 0.52

Negative effect 1 CL—ECR adequate −0.96 CL—FMH liquid −0.12 CL—QMH 10–100 g −0.77

2 CL—MT SWCNT −0.83 CL—ECR adequate −0.11 CL—FMH composite −0.53

3 CL—QMH 10–100 g −0.64 CL—MT SWCNT −0.11 CL—ECR adequate −0.45

4 JTa—office work −0.55 WL—JT administrator −0.10 CL—ECR semi-adequate −0.38

5 CL—FMH liquid −0.53 JTa—office work −0.08 CL—IT hybrid −0.36

CL, company-level determinant; WL, worker-level determinant; JTa, job task; ECR, engineering controls rating; AM, average material; QMH, quantities of 

material handled; FMH, form of material(s) handled; JT, job title; MT, material type; IT, CNT/F industry type; EC, elemental carbon; TEM, transmission electron 

microscopy.

Figure 2.  Predicted inhalable EC exposures using the ridge regression model for several realistic workplace exposure scenarios. 
(A) Workers of all job titles at a hybrid producer/user handling >1 kg daily quantity at the company level with each job title 
performing 4–5 of the most commonly reported tasks for the average amount of reported times listed in Table 3. All other 
company- and worker-level determinants were held constant across the job titles, with the exception of the daily quantity of 
material handled at the worker level for Administrators was 0 g while all other job titles were 51–100 g. (B) The same company 
and worker level determinants were held constant for the Technician job title from scenario A. This included a hybrid producer/
user with a company engineering control rating of semi-adequate, with the exception that the worker level determinant of daily 
mass quantity handled was changed.
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models to evaluate their predictive capabilities and 
assess potential determinants contributing to CNT/F 
exposures through cross-validation. The standardized 
exposure database used in this study provided important 
insights into commonly performed tasks, material forms 
used, mass quantities handled, and engineering controls 
used by the various US industries/job titles that produce 
or use CNT/F. This is valuable information since few 
published exposure studies have provided detailed 
insights regarding these various industries, which include 
the frequency and duration of exposures.

Model predictive performance
Mixed linear models were created to examine the 
contributions of variance between-companies (BC), 
between-workers (BW), and within-workers (WW). It 
is known that occupational exposures vary greatly both 
WW and BW in the same job (Rappaport et al., 1999; 
Friesen et al., 2005). The null models demonstrated that 
the greatest variance was seen BC. However, when using 
all company- and worker-level determinants to create the 
three exposure models, the mixed linear models initially 
performed well, explaining >60% of the total variance. 
These models generally explained all of the BC and BW 
variance, but had limited success in explaining the WW 
variance. When the models underwent cross-validation 
to simulate predicting exposures for an unseen company, 
they performed poorly, and over-fit the data, offering 
very limited predictive capability for estimating CNT/F 
exposures.

The ridge regression model that did not incorporate 
interactions was demonstrated to be the ‘best’ exposure 
model based upon its predictive performance for the 
metric of inhalable EC while the ridge model that 
incorporated all two-way interactions performed the 
‘best’ for estimating the metric of TEM. However, 
these models were found to offer only a modest overall 
predictive capability for CNT/F exposures based upon 
their overall cross-validated R2 values and RMSE. 
Also, these models consistently under-predicted high 
exposures and over-predicted lower exposures (Fig. 1).  
Nevertheless, the inhalable EC model that did not 
incorporate interactions did display the capability to 
predict reasonable exposure trends based upon actual 
measured values by worker-level determinants, as 
seen in Fig. 2 (Supplementary Tables S2–S4, available 
at Annals of Work Exposures and Health online). 
Therefore, the inhalable model could at least serve as 
a tool to assist in estimating unavailable worker or 
workplace exposure data. This may prove to be useful 
in the future, as several toxicity and epidemiologic 

studies have found an increased association between 
the inhalable aerosol size fractions of EC and associated 
health effects (Bishop et al., 2017; Beard et al., 2018; 
Schubauer-Berigan et al., 2018).

The inability of the mixed linear models to explain 
the WW variance may be attributed to the fact that 
many companies did not fully operate at an industrial 
level of manufacturing, regardless of industry. It has been 
previously found that intermittent production processes, 
as observed in many of these CNT/F workplaces, have 
a large effect on WW variance (Kromhout et al., 1993). 
Additionally, many job tasks were similar, and were 
categorized as such, but there was still a great amount 
of variation in an individual’s daily job tasks due to the 
lack of standard production line scenarios. Data were 
pooled in this exposure database to include all industries 
due to the limited number of unique sites (15) providing 
company-level determinants and the overall limited 
number of workers. Therefore, the null mixed linear 
models demonstrated the greatest amount of variance 
BC. This is not surprising since these models attempted 
to predict CNT/F exposures across various industries 
that were performing somewhat similar basic job tasks 
(i.e. mixing, weighing), but the execution of these tasks 
and further downstream processing of materials could 
be vastly different depending on the industry.

As more unique companies are assessed and 
additional exposure data are collected or published, 
future-modeling efforts should focus on individual 
industries producing or using CNT/F where there 
would be more standardization among job tasks and 
job titles. Additionally, these models were created to 
assist in estimating exposures for use in future cohort 
studies; however, the data were analyzed in a cross-
sectional fashion, which ultimately limits their ability 
to predict temporal variability. It should also be noted 
that many of the lower exposure concentrations were 
imputed values due to samples either being below the 
limit of quantitation or became a negative value after 
the background correction (Fig. 1). The derivation of 
these imputed values was completed using traditional 
industrial hygiene methods for censored data, which may 
have provided measurements that were artificially low, 
possibly weakening each model’s predictive capabilities.

Determinants associated with exposure
Company-level determinants were found to be the most 
important variables associated with both increased 
and decreased levels of exposure, and was consistently 
demonstrated across both the mixed linear and regression 
models for all three exposure metrics. However, it should 
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be noted that only 15 unique sites were included in 
this exposure database, which limited the confidence in 
the company-level determinant results, such as the use 
of CNF materials since only two companies reported 
consistent use. Additionally, the models generally 
identified few job tasks that were positively or negatively 
associated with exposure, which is likely the result of 
limited observations as nearly half of the job tasks were 
observed <20 times in the exposure database.

Many of the identified determinants from the models 
that were found to increase or decrease exposures were 
expected to contribute to exposure a priori. These 
determinants included variables such as the company 
engineering control rating, both company and worker 
daily quantities of materials handled, direct exposure, 
and material type and form. However, several variables 
were identified to affect exposures that could not be easily 
explained, such as the use of ventilated/unventilated 
engineering controls and the average length and diameter 
of CNT/F materials. Additionally, the industry type of a 
hybrid producer/user as well as the use of semi-adequate 
engineering controls were found to significantly increase 
and decrease exposure in two separate models.

The ventilated/unventilated enclosures were the 
most common form of engineering controls used in this 
study and were generally used in scenarios that had a 
higher potential for exposure. Consequently, it may be 
that the positive association was due to the relationship 
with higher exposure scenarios and not due to the 
ineffectiveness of these controls. Additionally, increasing 
material diameter and length have been associated with 
a decreased ability to agglomerate into larger particles 
creating unique exposure situations (Murray et al., 2012; 
Dahm et al., 2018). Therefore, the relationship between 
CNT/F physiochemical properties and exposure potential 
should be further investigated. As for the bi-directional 
findings for the hybrid producer and users, the univariate 
analysis (Supplementary Table S2, available at Annals 
of Work Exposures and Health online) showed that 
hybrid sites displayed one of the highest exposures for 
EC but was one of the lowest average exposures for 
the TEM metric. This discrepancy within sampling 
metrics likely caused the determinant to be associated 
with an increase in exposure within the respirable EC 
ridge model and a decrease in exposure for the TEM 
ridge model. Similarly, the bi-directional findings for the 
semi-adequate engineering control rating can also be 
attributed to the differences in the semi-adequate control 
exposures and the inadequate exposures in the univariate 
analysis between the inhalable EC and TEM models 
(Supplementary Table S2, available at Annals of Work 
Exposures and Health online).

To date, Kuijpers et al. (2016) is the only other 
study to examine exposure determinants using similar 
exposure metrics and mixed linear modeling for CNT/F, 
but focused solely on job tasks related to exposures 
and included a limited number of measurements from a 
single site. Common job tasks were found to contribute 
to exposure, which included workers in direct contact 
with CNT/F and powder handling processes (Kuijpers 
et  al., 2016). Other methods have been evaluated 
for semi-quantitatively predicting CNT/F exposures, 
which include a combination of expert observational 
assessments and the use of a standardized logbook to 
document potential exposures to CNT/F (Guseva Canu 
et al., 2017). Although expert observational assessments 
were able to identify workstations with potential 
exposures, it was tested only within a university 
research laboratory and not compared with any type 
of quantitative exposure metrics, thus limiting its 
applicability to industrial settings.

Conclusion

In summary, this study utilized an exposure database 
to create and validate an exposure model using ridge 
regression and cross-validation for predicting CNT/F 
exposures. The ‘best’ model was identified for the 
exposure metric of inhalable EC, but only offered 
an overall limited predictive capability. However, the 
model demonstrated the capability to identify exposure 
trends based on realistic workplace exposure scenarios. 
Therefore, it was concluded that the model alone would 
not be adequate in predicting workplace exposures, but 
would need to be supplemented with other methods 
and additional exposure measurement collection. Other 
approaches for the prediction of exposures, such as 
the development of a traditional job exposure matrix 
(department- and job title-based), assuming adequate 
work history and exposure information exist, would not 
be ideal in this situation as there is limited standardization 
in job tasks or job titles across companies and industries. 
Improvements to this model may be made as sampling 
methodologies continue to harmonize and additional 
exposure data and determinants information become 
more readily available. Additionally, as manufacturing 
and downstream uses of CNT/F continue to develop 
within the various US industries; future predictive models 
should focus on exposures within these individual trades.

Supplementary Material

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