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Abstract 
Background:  In studies of occupational health, longitudinal environmental exposure, and biomonitoring data are often subject to 
right skewing and left censoring, in which measurements fall below the limit of detection (LOD). To address right-skewed data, it 
is common practice to log-transform the data and model the geometric mean, assuming a log-normal distribution. However, if the 
transformed data do not follow a known distribution, modeling the mean of exposure may result in bias and reduce efficiency. In 
addition, when examining longitudinal data, it is possible that certain covariates may vary over time.
Objective:  To develop predictive quantile regression models to resolve the issues of left censoring and time-dependent covariates 
and to quantitatively evaluate if previous and current covariates can predict current and/or future exposure levels.
Methods:  To address these gaps, we suggested incorporating different substitution approaches into quantile regression and 
utilizing a method for selecting a working type of time dependency for covariates.
Results:  In a simulation study, we demonstrated that, under different types of time-dependent covariates, the approach of 
multiple random value imputation outperformed the other approaches. We also applied our methods to a carbon nanotube and 
nanofiber exposure study. The dependent variables are the left-censored mass of elemental carbon at both the respirable and 
inhalable aerosol size fractions. In this study, we identified some potential time-dependent covariates with respect to worker-level 
determinants and job tasks.
Conclusion:  Time dependency for covariates is rarely accounted for when analyzing longitudinal environmental exposure and 
biomonitoring data with values less than the LOD through predictive modeling. Mistreating the time-dependency as time-
independency will lead to an efficiency loss of regression parameter estimation. Therefore, we addressed time-varying covariates 
in longitudinal exposure and biomonitoring data with left-censored measurements and illustrated an entire conditional distribution 
through different quantiles.
Key words: Biomonitoring; environmental exposure; left censoring; limit of detection; quantile regression; time-dependent covariate.

What’s Important About This Paper?

Longitudinal environmental exposure and biomonitoring data are subject to right skewing and left censoring. To address the 
potential bias when these data do not follow a known distribution, marginal quantile regression can be implemented using 
different substitution approaches. This study also discusses an approach to handle time-dependent covariates. Incorrectly 
treating the time-dependency as time-independency will result in an efficiency loss of regression parameter estimation.
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Introduction
Statistical models used to identify workplace determin-
ants of exposure have been increasingly used in occu-
pational exposure studies (Jin et al. 2011; Dahm et al. 
2019). The dependent variable in these models is envir-
onmental exposure or biomonitoring data collected on 
workers over time, i.e. the concentration level of a me-
tabolite or analyte in urine, blood, or other biological 
matrices, or a personal environmental air or dermal 
sample. The independent variables measured over time 
could consist of many different job-related character-
istics, such as work tasks, direct or indirect exposure, 
or quantity of materials handled. The longitudinal ex-
posure data are often skewed to the right and assumed 
to follow a log-normal distribution (Leidel et al. 1977). 
However, if the logged data do not follow a known 
distribution, modeling the conditional mean of the 
log-normal exposure outcome might not be ideal be-
cause the estimated mean and standard deviation will 
be subject to extreme values. Also, the use of geometric 
mean, i.e. the exponentiated mean of the logged data, 
can be questionable when the log-transformed data are 
asymmetric (Helsel 2006). Therefore, quantile regres-
sion for correlated outcomes is recommended as an 
alternative providing a complete illustration of a de-
pendent variable’s entire conditional distribution. This 
model has advantages compared to mean regression in 
that it makes no parametric assumptions on the error 
distribution and is robust to potential outliers (Tang 
and Leng 2011; Fu et al. 2015).

Quantile regression modeling can be complicated 
when workers are sampled over time and in the pres-
ence of left censoring. Left-censored exposure data 
occurs when laboratory instrument procedure has a 
limit of detection (LOD) below which, no observed 
value is given. Analysis of nondetected or left-censored 
exposure data has been increasingly discussed in oc-
cupational health (Jin et  al. 2011). Most recently, 
the marginal quantile model (Chen et  al. 2021) 
incorporating a substitution method of LOD/2 with 
an estimating equations approach (Fu et al. 2015) has 
been shown to perform well through simulations for 
left-censored exposure data that are not log-normally 
distributed and are heavily right-skewed with low cor-
related repeated measures. This model is also desirable 
for log-normal outcome data with large censoring and 
high correlation. However, the substitution method of 
LOD/2 or LOD/

√
2 lacks a unique replaced value, po-

tentially leading to bias in regression parameter estima-
tion, particularly in scenarios with a high percentage 
of censoring (Hornung and Reed 1990). Despite this 
limitation, the substitution method (Hornung and 
Reed 1990; Burstyn and Teschke 1999) remains widely 
utilized by industrial hygienists for assigning values to 
measurements falling below the LOD in occupational 

exposure analyses. Moreover, this substitution ap-
proach is not advisable unless censored values are less 
than 10% of the data set (Lubin et al. 2004). Instead, 
the use of a multiple imputation technique might be 
appropriate and can result in unbiased estimates and 
nominal confidence intervals (Lubin et  al. 2004). 
Recently, the β-substitution method was shown to 
have superior results, in terms of bias, relative to the 
LOD/2 or LOD/ 

√
2 substitution method (Ganser and 

Hewett 2010). It also performed as well or better than 
the maximum likelihood estimation and Kaplan–Meier 
methods under high censoring (<50%) and small 
sample sizes (n < 20) (Huynh et al. 2014).

Methods used for longitudinal data in the pres-
ence of time-dependent covariates have been devel-
oped for the marginal modeling of the mean (Pepe 
and Anderson 1994; Lai and Small 2007; Chen and 
Westgate 2017) and the marginal quantile regression 
model (Chen and Westgate 2021), in which the median 
and different quantiles are modeled. The estimating 
equations, and thus estimates, can be unbiased when 
employing an independence working correlation struc-
ture in the presence of time-dependent covariates (Pepe 
and Anderson 1994). Furthermore, the regression 
parameter estimation can be inefficient because not 
all valid moment conditions are adequately utilized 
(Fitzmaurice 1995; Wang and Carey 2003). Therefore, 
several approaches have been proposed to improve es-
timation efficiency by examining the valid moments 
corresponding to 4 existing types of time-dependent 
covariates (Lai and Small 2007; Zhou et  al. 2014; 
Chen and Westgate 2017). Although these approaches 
require analysts to presume the type of time depend-
ency, this presumption is often unknown in practice. 
As a result, methods are further developed via an em-
pirical likelihood of weighing moment conditions that 
are not assured to have consistent estimation (Leung 
et  al. 2013), a hypothesis testing of a covariate type 
(Lai and Small 2007), and a correlation testing of each 
moment (Lalonde et al. 2014). However, these testing 
techniques might lead to high type II error rates be-
cause too many moment conditions are deemed valid. 
To avoid biased regression parameter estimation, a cri-
terion accounting for both the bias and efficiency of 
regression parameter estimation with respect to time-
dependent covariates and minimizing mean squared 
error (MSE) has been proposed (Chen and Westgate 
2019, 2021). This criterion also provides consistent es-
timation. To the best of our knowledge, in the literature 
on environmental exposure and biomonitoring data, 
time-dependent covariates have rarely been analyzed, 
they are generally treated as time-independent instead. 
Specifically, we are interested in if the determinants 
may change over time and cause feed-back effects from 
the exposure outcome or dependent variable.
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In this manuscript, we propose an extension to the 
approach of marginal quantile regression for longitu-
dinal exposure data featuring nondetects (Chen et al. 
2021). This extension involves the incorporation of 
multiple fill-in methods to handle measurements less 
than the LOD. Specifically, these methods assign a 
single value using LOD/2, LOD/

√
2, or β-substitution 

method (Ganser and Hewett 2010). Additionally, a 
series of values, including a multiple random value im-
putation technique (Lubin et al. 2004) and a method 
imputing values for censored data based on the linear 
equation of a quantile-quantile (QQ) plot (Pleil 2016a, 
2016b). With these approaches for longitudinal data 
containing time-varying covariates, we employ the 
MSE criteria to select a working classification type of 
time-dependency (Chen and Westgate 2019, 2021). 
We conduct a simulation study to compare the esti-
mation performances of the marginal quantile regres-
sion model with different fill-in methods, relative to 
estimating equations with an independence working 
structure, under different types of time-dependency and 
a range of LOD proportions, and to assess the MSE’s 
utility. Lastly, we demonstrate the proposed methods 
by applying them to a dataset of environmental work-
place exposures to carbon nanotube and nanofibers 
(CNT/F). This longitudinal dataset, with left censoring, 
features the dependent variables of elemental carbon 
(EC) mass at both the respirable and inhalable aerosol 
size fractions and the independent variables, or po-
tential time-dependent covariates, of worker-level de-
terminant and job task information that have been 
measured over time.

Methods
Quantile regression model with substitution 
approaches
For ease of illustration, consider a longitudinal study 
where there are n independent subjects each of which 
is measured at T distinct time points. For example, 
explore an association of urinary samples measuring 
biomonitoring outcomes collected at T multiple time 
points from n independent workers and environmental 
air samples that are measured over time. In general, 
the number of time points is allowed to vary across 
subjects. Additionally, the ordering of time points 
occurring within subjects matters and within-subject 
correlation usually decreases over time. The lack of 
prior knowledge of this correlation would prevent one 
from drawing valid statistical inference, i.e. the higher 
the correlation incorrectly specified, the greater the 
biased standard error estimates of regression param-
eters produced (Diggle et al. 2002).

Marginal quantile regression shares similar theoret-
ical properties with those firstly proposed by Koenker 

and Bassett (1978) for independent outcomes, but 
it additionally models within-subject correlations. 
Detailed description of the marginal quantile regres-
sion can be found in Supplementary Appendix I.  
In the regression model, let dependent variable, 
yi = [yi1, . . . , yiT ]

T , denotes the observed outcome 
vector for the ith subject without any assumptions of 
underlying distribution. To fill in an observed value not 
detected at the jth time for the ith subject, we propose 
to assign yij an imputed value using substitution ap-
proaches if yij < LODij . The aims of the manuscript are 
to handle different degrees of left-censored outcome 
data in the presence of time-dependent covariates. We 
note that while substitution approaches are not ideal 
in conventional analyses that calculate arithmetic 
means, their use remains relevant in quantile modeling, 
where quantiles such as medians are being estimated. 
Specifically, regardless of distributional assumptions 
on the nondetected outcomes, changing the substitu-
tion value can significantly impact the estimated mean, 
but it will have a minimal effect, and often no effect, on 
the calculation of the median.

Single and multiple value imputation techniques 
are generally adopted for environmental exposure 
and biomonitoring samples that have concentration 
levels less than the LOD. Single value imputation as-
signing a value ranging from 0 to the LOD is the most 
common approach for displaying summary statistics. 
The use of LOD/

√
2 as the assigned value is demon-

strated to provide a better estimation of the arithmetic 
mean and standard deviation than the use of LOD/2 
for less-skewed data, while the LOD/2 should be con-
sidered when the data are highly skewed or have geo-
metric standard deviation approximately 3 or greater 
(Hornung and Reed 1990; Burstyn and Teschke 1999). 
Another single value imputation is β-substitution ap-
proach (Ganser and Hewett 2010). The β-substitution 
method derives the calculation of a β factor to adjust 
each nondetected value based on the uncensored data. 
Through a simulation study, parameter estimates re-
sulting from the β-substitution method have smaller 
biases and improved root MSEs relative to the LOD/2 
and LOD/

√
2 substitution methods. See Appendix A of 

Ganser and Hewett (2010) for β-substitution method 
algorithm and Appendix B’s example demonstration.

Multiple random value imputation provides a pref-
erable alternative for the left-censored exposure data 
(Thi´ebaut and Jacqmin-Gadda 2004; Pleil 2016a, 
2016b). Along with the use of a bootstrap procedure, 
i.e. randomly sampling with replacement, a maximum 
likelihood estimation is utilized to estimate param-
eters for a parametric distribution based on the un-
censored data and censoring proportion. Therefore, 
an underlying distribution with the estimated param-
eters can be used for imputing values below the LOD 
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(Lubin et  al. 2004). With this multiple value imput-
ation, the imputed values can also be generated by 
regressing covariate(s) with environmental exposure 
and biomonitoring outcomes. Recently, multiple order 
value imputation was introduced to delineate the nat-
ural logarithm of the uncensored exposure concen-
tration levels versus the Z-scores by fitting a linear 
equation presented in a QQ-plot (Pleil, 2016a, 2016b). 
The best fit equation is then used to project imputed 
values for the censored data onto the space spanned by 
the calculated Z-scores.

Types of time-dependent covariates and 
selection method
Four existing types of time-dependent covariates have 
been presented in the longitudinal data analysis for 
marginal models (Lai and Small 2007; Zhou et  al. 
2014) and implemented in quantile regression modeling 
(Chen and Westgate 2021) by modifying the inverse of 
a working correlation structure, Rγ

i
−1, to utilize every 

valid moment condition based on the specific type of 
time-dependent covariate. At a given quantile level 
of γ, the kth covariate is classified as a type I time-
dependent covariate if the estimating equation’s mo-
ment condition, E

î
Xkisv

sj
i

(
γ − I

[
yij ≤ Xkijβ

γ
k

])ó
= 0, 

holds for all s and j, where s and j = 1,...,T, a type II if 
the moment is for s > j, a type III if the moment does 
not hold for some s > j, and a type IV representing the 
opposite of a type II if the moment for s ≤ j. Invalid 
moment conditions and efficiency loss for parameter 
estimation would occur if βγ

k  corresponds to a time-
dependent covariate and the moment does not hold for 
some s and j. The interpretations of these 4 types of 
time-dependency are as follows.

•	 A common type I covariate is time itself or age.
•	 A type II covariate occurs when previous and cur-

rent time points covariate values (independent 
variable) predict current and future time points 
exposure outcomes (dependent variable).

•	 A type III covariate occurs when previous and cur-
rent time points covariate values predict current 
and future time points exposure outcomes and 
that current time points exposure outcomes pre-
dict future time points covariate values, creating a 
feedback cycle.

•	 A type IV covariate occurs when future time 
points covariate values are affected by current 
time points exposure outcomes.

Using the modified quantile regression modeling method 
requires that industrial hygienists or data analysts 
realize the type of time-dependent covariate, although 
this is often unknown in most scenarios. In addition, 
if covariate values and exposure outcomes are found 

to be associated, determining the specific type of time-
dependency would be beneficial for interpreting the 
direction of impact between covariates and outcomes. 
Therefore, we account for an empirical MSE minimiza-
tion criterion that results in the least variable estima-
tion possible to select a working covariate type (Chen 
and Westgate 2019, 2021). The criterion is given by 

‘MSE
Ä
β̂
γ

s

ä
= ‘Cov

Ä
β̂
γ

s

ä
+

Ä
β̂
γ

s − β̂
γ

III

ä Ä
β̂
γ

s − β̂
γ

III

äT
,  

where β̂
γ

s  is the vector of regression parameter esti-
mates in which the time-dependency is assumed to be 
type s, s = I, II, III, or IV, and ‘Cov

Ä
β̂
γ

s

ä
 is an estimated 

covariance matrix of β̂
γ

s . In this study, we did not take 
type IV into account, as its results can be comparable 
to those corresponding to a type II due to similar defin-
itions and its cause-and-effect relationship rarely occur 
in practice. Only one up-to-date study targeting all 
valid moments to reach efficient parameter estimation 
has been proposed for marginal quantile regression in 
the presence of time-dependent covariates (Chen and 
Westgate 2021). However, there is no study discussing 
time-varying covariates in longitudinal exposure data 
with nondetects. Therefore, we further propose to 
extend the approaches used to improve estimation 
efficiency and to choose an unknown type of time-
dependency for a marginal quantile model that substi-
tution approaches are incorporated into.

Simulation study and results
In the simulation study, we compare the perform-
ances of our proposed quantile regression models to 
the quantile model incorporating an independence 
working correlation structure. We also considered 2 
levels of proportions below the LOD, i.e. 20% and 
40%, below the LOD, 3 quantile levels, i.e. 25th, 
50th or median, and 75th, and 3 scenarios or types of 
time-dependent covariates (description of models can 
be found in Supplementary Appendix II). Under each 
regression model, we accommodated left-censored 
outcome data using 4 substitution approaches, i.e. 
β-substitution, LOD/2, and multiple random and order 
value imputations. The β-substitution method was also 
used as a referent model to compare with the other 
3 substitution methods. Three modeling cases follow 
multivariate normal distribution, multivariate Student’s 
t-distribution with 3 df, and multivariate log-normal 
distribution, respectively. The simulation process was 
demonstrated using a true first-order autoregressive 
(AR-1) working correlation structure and a correlation 
parameter α = 0.7 (high correlation among time points 
from the same subject), as AR-1 may be favorable over 
other structures such as banded and exchangeable 
(EXCH), in a longitudinal study (Diggle et al. 2002). 
In any given setting, the number of subjects (n) is 200 
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Fig. 1. Simulation results for the models with 4 substitution methods, β-substitution (beta-substitution), LOD/2 substitution, multiple 
random value imputation (MRVI), and multiple ordered value imputation (QQ-plot), under different underlying distributions (cases (1) to 
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and each subject has five repeated measurements (T) 
in a time manner. Each setting was conducted through 
1000 simulations. The simulations were carried out 
using R version 4.2.3 (R Core Team 2023).

To examine differences in performances of regres-
sion parameter estimation, we calculated the MSEs al-
lowing for the consideration of both the empirical bias 
and variability that that may arise from the estimated re-
gression parameters. In Figs. 1 and 2 we displayed ratios 
of empirical MSEs, which we referred to as relative effi-
ciencies (REs), to explore the performances of working 
correlation structures and substitution approaches, ac-
cordingly. For any given RE1 and RE2 in the figures, the 
denominator is the MSE resulting from the use of our 
quantile models. The numerator, as well as the referent 
value, of RE1 is the MSE from the use of a quantile model 
without within-subject correlations, while the numerator 
of RE2 is the MSE from the use of β-substitution method. 
The greater the RE, which is larger than one, i.e. the 
horizontal line in the figure, the smaller the MSE of the 
proposed quantile model, thus demonstrating its super-
iority over the referent model. In Supplementary Figure 
S1, we presented the number of times a working type of 
covariate was chosen out of 1000 simulations.

When comparing to the marginal model 
incorporating an independence working correlation 
structure, i.e. absence of within-subject correlation, re-
sults corresponding to either a true covariate type I, II, 
or III time dependency showed that, overall, the pro-
posed methods using different substitution approaches 
to assign nondetected values are more efficient for any 
given censoring proportions and quantile levels (Fig. 
1). Relative to an independence quantile model, the 
RE1 results ranged from 1.07 to 1.28, 0.97 to 1.16, 
0.95 to 1.13, respectively, over 3 types and resulted in 
greater efficiencies under consideration of the true type 
I or II. Additionally, the RE2 results demonstrated that 
the multiple random value imputation outperformed 
the other approaches. In contrast, the β-substitution 
and multiple order value imputation exhibited sub-
optimal performance, as evidenced by their REs being 
less than one across settings with higher censoring pro-
portion (40%) (Fig. 2). The substitution approaches 
chose most often the desired time-dependent type of 
covariate and the results with respect to selection fre-
quencies were comparable regardless of the given ap-
proach (Supplementary Fig. S1). Note that empirical 
biases of regression parameter estimation were often 
negligible and MSEs of estimates were similar to the 

findings in the previous literature, and therefore the re-
sults were not shown. Also, the smaller the number of 
subjects (n), the greater the empirical bias and MSE 
that correspond to theoretical properties.

Carbon nanotube and nanofiber exposure 
study
We apply our methods to a study of worker-level de-
terminants and standardized job tasks to predict future 
carbon nanotube and nanofiber (CNT/F) workplace 
exposures. The study was conducted in 15 unique 
facilities processing and/or manufacturing CNT/F 
across the United States using a longitudinal database 
collected by the National Institute for Occupational 
Safety and Health between 2012 and 2016 (Dahm  
et  al. 2018, 2019). Previous cross-sectional studies 
were designed to examine the association of health ef-
fects and exposure to CNT/F, but lack the ability to 
infer causality (Liou et al. 2015). Through the selection 
of time-dependent type of covariate for latency periods 
of workplace factors and exposure determinants in 
a longitudinal study, the objective of our study was 
to determine if exposures to CNT/F from a previous 
period may influence future determinants or covariate 
values, which in turn may have an impact on future 
exposure outcomes.

A total of 120 participants from 15 facilities partici-
pated in the study (number of independent subjects or 
n is 120). Longitudinal measurements were collected 
over 2 full work-shifts, i.e. 2 samples, (number of re-
peated measurements or T) from 117 participants and 
3 or 4 work-shifts from 3 participants, resulting in a 
total of 245 measurements. The exposure metrics to 
CNT/F were the mass of elemental carbon (EC) at 
both the respirable and inhalable aerosol size fractions, 
which are in the unit of µg/m3. All values for EC expos-
ures were background-corrected because of the inter-
ference from anthropogenic sources of EC. Detailed 
correction methods can be found in Dahm et al. (2018, 
2019). Numbers of exposure measurements below the 
LOD were 44 and 16 for respirable and inhalable ex-
posures, respectively. Also, measurements with negative 
background-corrected concentration levels were found 
in 70 respirable samples and in 76 inhalable samples. 
Adding up the measurements under these 2 scenarios, 
i.e. 114 and 92, the percentages of EC left-censored 
respirable and inhalable exposure levels needing to be 
assigned a value using substitution approaches were 
46.5% and 37.6%, correspondingly. We considered 3 

(3)) with incorrectly specified exchangeable (EXCH) or correctly specified AR-1 working correlation structure, comparing with the use of 
an independence working correlation structure. Relative efficiency (RE1) compares the empirical mean squared error (MSE) from the use 
of an independence correlation to the empirical MSE from the use of a dependence correlation. The greater the RE1, which is larger than 
one, i.e. the horizontal line, the smaller the MSE of the proposed quantile model, thus demonstrating its superiority over the referent 
model.
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Fig. 2. Simulation results of relative efficiency (RE2) that compares the empirical mean squared error (MSE) from the use of 
β-substitution (beta-substitution) to the empirical MSE from the use of the other substitution methods, including LOD/2 substitution, 
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determinants that were associated with decreased or 
increased exposure potentials based on the previous 
findings (Dahm et  al. 2019), including time spent in 
a job with direct exposure to CNT/F, time spent per-
forming office/desk work, and time spent performing 
powder handling/postprocessing of CNT/F powders, 
all measured in minutes.

Both distributions of EC respirable and inhalable 
exposure metrics for CNT/F were skewed to the right 
as evidenced by the arithmetic means being greater 
than the medians. Moreover, the GMs were not close 
to the medians, especially the respirable EC exposure, 
indicating the data might not be log-normally distrib-
uted (Table 1). The distribution of log-transformed res-
pirable EC outcomes was asymmetric and left-skewed 
with greater median compared to mean. A QQ-plot 
examination also confirmed its skewness. Another 
motivation to apply a quantile regression model for 
these data is that the outcomes in both exposure met-
rics had potential outliers that could affect estimates of 
the means if a traditional mean regression is conducted 
(Supplementary Fig. S2).

We adopted a published model (Dahm et  al. 
2019) and followed its data manipulation by log-
transforming the outcome data of the 2 EC expos-
ures for ease of comparisons, but employed marginal 
quantile regression with an AR-1 working correlation 
structure at 3 quantile levels, γ = 0.5, 0.75, and 0.95. 
Results of 95th quantile were presented because po-
tential outliers or influential points were found in the 
datasets (Supplementary Fig. S2). The chosen quantiles 
are based on a guideline (Chen et al. 2021) that any 

sample quantiles above the 47th and 38th quantiles 
can be reported when 46.5% and 37.6% of the EC 
respirable and inhalable exposure data were censored, 
respectively. Tables 2 and 3 provide the selected type 
of time dependency and the estimates of the regression  
parameter, SE, and 95% CI. The factor in Tables 2 and 3  
represent the exponent of the regression parameter es-
timate, e.g. when 1-min change in direct exposure to 
CNT/F, the exponent of the estimate for the 50th quan-
tile is interpreted as a change in µg/m3 of the median 
of the exposure outcome. Note that the results of mul-
tiple random value imputation were included because 
it outperformed over the other substitution approaches 
in the simulation study. Also, we did not focus on type 
I because there was no time variable in the considered 
covariate list.

The estimated correlation parameters used to con-
struct the AR-1 correlation structure ranged from 0.15 
to 0.34, 0.23 to 0.31, and 0.48 to 0.54 for the EC respir-
able exposure data at the 50th, 75th, and 95th quantile 
levels, correspondingly, and from 0.62 to 0.65, 0.41 to 
0.45, and 0.68 to 0.76 for 50th, 75th, and 95th quan-
tiles of the EC inhalable exposure, indicating small to 
moderate within-subject correlations among longitu-
dinal measurements collected from the participants. 
The 2 substitution approaches for each exposure out-
come at the 50th, 75th, and 95th quantile levels yielded 
same directions and similar magnitudes for regression 
parameter estimates (Tables 2 and 3), which were also 
consistent with literature findings examining associ-
ations of exposure determinants and CNT/F (Kuijpers 
et  al. 2016; Dahm et al. 2018, 2019). In addition to 

Table 1. Frequency, percent, and descriptive statistics, including mean, SD, median, interquartile range (IQR), geometric mean (GM), 
and geometric standard deviation, for worker-level determinant, job tasks, and exposure outcomes.

Covariate Mean (SD)

Worker-level determinant Minutes of direct exposure to CNT/F 144.4 (156.6)

Job tasks Minutes spent in office/desk work 206.8 (206.3)

Minutes spent powder handling and postprocessing 29.2 (83.8)

Outcomea Type % Censoring Mean (SD) Median (IQR) GM (GSD)

Respirable elemental carbon (EC) (µg/m3) Original 46.5 0.87 (5.55) 0.05 (0.02–0.38) 0.07 (8.93)

Log-transformed −2.70 −3.00

Inhalable elemental carbon (EC) (µg/m3) Original 37.6 3.71 (18.2) 0.30 (0.02–1.22) 0.15 (25.2)

Log-transformed −1.93 −1.20

aOutcome dataset was from Dahm et al. (2019) with the use of LOD/2 substitution approach.

multiple random value imputation (MRVI), and multiple ordered value imputation (QQ-plot), under different underlying distributions 
(cases (1) to (3)) with incorrectly specified exchangeable (EXCH) or correctly specified AR-1 working correlation structure. The greater 
the RE2, which is larger than one, i.e. the horizontal line, the smaller the MSE of the proposed quantile model, thus demonstrating its 
superiority over the referent model.
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providing estimates of regression parameters for dif-
ferent quantiles (Supplementary Figs. S3 and S4), 
which is not possible through traditional regression 
approaches, we further quantified the associations of 
covariates and future exposure outcomes. Previous 
and current direct exposures to CNT/F might posi-
tively affect current and future respirable EC levels at 
the 75th and 95th quantiles, and inhalable EC levels at 
the median. Also, the current respirable and inhalable 
EC levels could positively predict the future duration 
of direct CNT/F exposure, creating a type III time-
dependency. Additionally, previous and current direct 
exposures to CNT/F significantly and positively pre-
dicted current inhalable EC levels at the 75th and 95th 
quantile levels, suggesting a type II time dependency. 
Exposures from the participants who performed office/

desk work created a feedback cycle with a negative im-
pact to and from respirable EC levels at the 75th and 
95th quantiles and median inhalable EC levels, and re-
moved the feedback cycle to predict inhalable EC levels 
significantly and negatively at the 95th quantile. The 
feedback cycle with a negative impact indicates that the 
less exposed a participant is currently, the more time 
the participant will spend in the office in the future. 
However, the covariate could be treated as a type II 
time dependency because the difference between types 
II and III was negligible. Although no time-dependency 
was investigated between job task covariate of powder 
handling and postprocessing and respirable EC, we 
found that, as the quantile level increased, the parti-
cipants who performed this job had increased magni-
tude of exposure. This pattern was also found between 

Table 2. Type of time dependency, estimates of parameter and SE, 95% CI, and factor for covariate of interest from elemental carbon 
(EC) datasets.

Outcome Covariate Quantilea Type Estimate SE 95% CI Factorb

Logarithmic respirable EC Direct exposure to CNT/F 50th 0.002 c 0.001 0.001 to 0.004 1.002

75th 3 0.002 0.001 −0.001 to 0.005 1.002

95th 3 0.006 c 0.002 0.003 to 0.009 1.006

Office/desk work 50th −0.002 c 0.001 −0.003 to −0.001 0.998

75th 3 −0.003 c 0.001 −0.004 to −0.002 0.997

95th 3 −0.003 c 0.001 −0.005 to −0.001 0.997

Powder handling and 
postprocessing

50th 0.002 0.002 −0.001 to 0.005 1.002

75th 0.008 0.004 −0.000 to 0.016 1.008

95th 0.013 c 0.002 0.009 to 0.016 1.013

aAny quantile levels greater than or equal to 47th percentile can be calculated (censoring proportion is 46.5% for EC respirable exposure 
metric).
bExponent of the estimate.
cP-value < 0.05.

Table 3. Type of time dependency, estimates of parameter and SE, 95% CI, and factor for covariate of interest from elemental carbon 
(EC) datasets.

Outcome Covariate Quantilea Type Estimate SE 95% CI Factorb

Logarithmic Inhalable EC Direct exposure to CNT/F 50th 3 0.004c 0.001 0.003 to 0.005 1.004

75th 2 0.002 0.001 −0.000 to 0.004 1.002

95th 2 0.010c 0.003 0.005 to 0.015 1.010

Office/desk work 50th 3 −0.004c 0.001 −0.006 to −0.003 0.996

75th −0.003c 0.001 −0.005 to −0.002 0.997

95th 2 −0.005c 0.001 −0.007 to −0.004 0.995

Powder handling and 
postprocessing

50th 2 0.005 0.003 −0.001 to 0.011 1.005

75th 3 0.009c 0.004 0.001 to 0.017 1.009

95th 0.009c 0.004 0.001 to 0.016 1.009

aAny quantile levels greater than or equal to 38th percentile can be calculated (censoring proportion is 37.6% for EC inhalable exposure 
metric).
bExponent of the estimate.
cP-value < 0.05.
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powder handling and postprocessing and inhalable 
EC from the median to the 75th quantile. Moreover, 
type II and III time-dependencies were explored for the 
powder handling and postprocessing job task that was 
used to predict inhalable EC levels at the 50th and 95th 
quantiles, correspondingly. Note that based on the pro-
spective from an industrial hygienist with experience 
in CNT/F exposure assessments, the cycle from cur-
rent exposure outcome to future covariate value in a 
type III time-dependency can be ruled out because the 
times spent performing the corresponding job tasks 
were controllable to partially controllable, and there-
fore, statistical significance does not imply practical 
significance. The corresponding R code and functions 
for implementing the proposed methods were provided 
in Supplementary Appendices III and IV.

Discussion
Mean regression analyses have gained widespread at-
tention in environmental exposure and biomonitoring 
studies for analyzing longitudinal right-skewed ex-
posure outcomes with nondetects. However, in cer-
tain real-world datasets, the use of mean regression 
models can be influenced by skewness and the pres-
ence of potential outliers, which could impact the mean 
more than the median. In such scenarios, employing 
quantile regression without requiring a specified error 
distribution for modeling the conditional quantiles 
of the response variable is recommended. Marginal 
quantile regression targeting the 50th quantile or me-
dian also presents itself as an alternative for analyzing 
log-normal exposure outcomes, particularly for high 
censoring proportion and substantial within-subject 
correlation (Chen et  al. 2021). This arises from the 
equivalence between modeling the conditional mean of 
log-normal exposure data and modeling the conditional 
median of log-transformed data. To address the gap of 
nondetects, we proposed incorporating available fill-in 
or substitution methods for utilizing nondetects below 
LOD. Furthermore, in a longitudinal study, the values 
of covariates may vary over time. Incorrectly treating 
the time-dependency as time-independency will lead to 
an efficiency loss of regression parameter estimation. To 
improve parameter estimation, we proposed utilizing 
a criterion that results in the least variable estimation 
possible to select a type of time-dependent covariate. 
Through a simulation study, we demonstrated that our 
methods outperformed previous approaches consid-
ering an independence working correlation structure 
in the absence of within-subject correlation for time-
dependent covariates and had consistent results with 
the existing literature using the selection criterion.

We limited our consideration to an available but 
less parsimonious AR-1 working correlation structure 

for marginal quantile regression models because it is 
often preferred over other structures in longitudinal 
studies (Diggle et al. 2002). The use of an AR-1 cor-
relation structure in marginal models is an additional 
advantage, as it may not be accommodated in existing 
random effects models used for left-censored repeated 
measures data because the covariance matrix of the 
random error term at the subject level cannot be de-
termined (Jin et al. 2011). In future studies, a Gaussian 
pseudolikelihood selection technique (Fu et al. 2015) 
or a general stationary autocorrelation structure (Lu 
and Fan 2015), rather than a parametric likelihood, 
may be accounted for to avoid the need to specify any 
correlation structures.

In terms of choices of substitution approaches, direct 
truncation is not recommended for the left-censored 
values, as it has the potential to distort measures of 
central tendency and dispersion, ultimately leading to 
decreased accuracy and precision. The replacement 
of values below the LOD with zeros is also not a re-
commended approach, particularly when dealing with 
data distributions that are log-transformed, as the 
logarithmic zero is undefined. Note that the quantile 
models also allow for multiple LODs to be present in 
exposure data with longitudinal measures, as the cen-
soring proportion can be calculated accordingly.

The simulation study presented in this manu-
script utilized marginal quantile regression models 
with balanced repeated measurements over time, and 
univariable results were reported. However, the pro-
posed methods can be extended to accommodate 
subjects with varying numbers of time points, as dem-
onstrated in the application example. It should be 
noted that while there is the option to choose multiple 
types of time-dependent covariates at any given quan-
tile level, we assumed the presence of only one time-
dependent covariate of unknown type for simplicity. 
We also explored the use of marginal quantile models 
with multiple types of time-dependent covariates, but 
the results were comparable to those presented and are 
therefore not included. In addition, statistical signifi-
cance does not necessarily mean practical significance. 
We suggested that researchers should consult with in-
dustrial hygienists to pursue a practical perspective 
before interpreting specific types of time-dependent 
covariate or causality, i.e. overrule a statistical perspec-
tive or rule out a feedback cycle.

Our study has several limitations that should be 
acknowledged. First, the simulations were performed 
using parametric distributions, and thus, it may be ne-
cessary to evaluate other departures from normality 
and log-normality, such as data that are skewed to 
the left or follow a chi-squared or inverse gamma 
distribution. The simulation datasets also lacked 
gold standard referent estimation for every quantile 
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level, which could potentially limit the conclusiveness 
of comparisons. We recommend that industrial hy-
gienists or data analysts utilize graphical and testing 
examinations to ensure that distributional assump-
tions of mean regression are met. If the sampled data 
significantly deviates from its underlying distribu-
tion, no method may produce unbiased estimates. 
In such situations, quantile regression may be con-
sidered as a safe approach, albeit with a potential loss 
of efficiency, such as wide confidence intervals and 
large P-values. Second, the substitution approaches 
are commonly used to calculate summary statistics 
for real-world exposure data with left censoring. 
Nevertheless, regardless of the specific approach 
selected, all imputed values are estimates rather than 
real data, subjecting to the LOD of laboratory instru-
ments and containing unobserved errors. Moreover, 
multiple value and order imputation techniques re-
quire a common parametric distribution with param-
eters estimated from the uncensored data to impute 
values for observations below the LOD. These tech-
niques may produce biased or unstable statistics when 
data are asymmetric after log-transformation. LOD/2 
and β-substitution methods are less complex to im-
plement and calculate, although they pose difficulties 
for performing standard normality tests. LOD/2 ap-
proach assumes that all values below the LOD can be 
represented as a single point mass at half the LOD. 
The assumption is an oversimplification and fails to 
accurately reflect the actual variability and distribu-
tion of nondetects. Also, all substitution approaches 
rely on distribution assumptions, so the proposed 
marginal quantile model technically no longer avoids 
any distributional assumptions. Lastly, assuming the 
independence of all imputed values for measurements 
below the LOD may lead to positively biased SE esti-
mates, which translates into incorrect estimates of the 
sampling variability.

Future work could consider maximum likelihood-
based covariance matrix estimators that enable the 
presence of the left-censored values without imputing 
them (Pesonen et  al. 2015), although the imputation 
technique would still be constrained by the underlying 
distributional assumptions. Also, Bayesian multiple im-
putation methods have been shown to improve their 
performances with the use of more informative priors 
(Huynh et al. 2016) and have weaker distributional as-
sumptions. The distribution-based Bayesian methods 
for left-censored bivariate and multivariate longitu-
dinal data (Chen et al. 2011, 2013) are worthy to apply 
for exposure data with time-dependent covariates. 
However, the use of Bayesian methods highly depends 
on the prior information. Parameter estimation effi-
ciency can further be enhanced using composite mar-
ginal quantile regression in which multiple quantiles 

share common characteristics in the presence of time-
varying covariates (Yang et al. 2017). A simultaneous 
approach to selecting a working correlation struc-
ture and determining the type of time-dependency in 
covariates could also be developed. It should be noted 
that our methods demonstrated superior powers in the 
presence of type I or II time-dependency, but coverage 
probabilities were sub-nominal in some settings. 
Further research is necessary to ensure proper coverage 
probabilities in all scenarios, although coverage prob-
ability is not the primary focus of inference in this 
manuscript.

Conclusions
Quantile regression modeling offers an alternative 
perspective on the conditional distribution of a lon-
gitudinal outcome above the LOD, enables a more 
comprehensive examination of variable of interest by 
evaluating various quantiles, and is robust to poten-
tial outliers. The distributional assumptions are not 
always be specified in practice. Additionally, in a lon-
gitudinal study, the values of covariate may vary over 
time. Falling to account for time-dependency of the 
covariate might result in inefficient regression par-
ameter estimation. Therefore, we applied a criterion 
to select different defined types of time-dependent 
covariates. After replacing nondetectable values using 
different substitution approaches, the simulation 
study suggested that multiple random value imput-
ation is appropriate for longitudinal data with left 
censoring.
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