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Abstract

Environmental health research aims to assess the impact of environmental expo-
sures, making it crucial to understand their effects due to their broad impacts on the
general population. However, a common issue with measuring exposures using bio-
samples in laboratory is that values below the limit of detection (LOD) are either
left unreported or inaccurately read by machines, which subsequently influences
the analysis and assessment of exposure effects on health outcomes. We address the
challenge of handling exposure variables subject to LOD when they are treated as
either covariates or an outcome. We evaluate the performance of commonly-used
methods including complete-case analysis and fill-in method, and advanced tech-
niques such as multiple imputation, missing-indicator model, two-part model, Tobit
model, and several others. We compare these methods through simulations and a
dataset from NHANES 2013-2014. Our numerical studies show that the missing-
indicator model generally yields reasonable estimates when considering exposure
variables as covariates under various settings, while other methods tend to be sensi-
tive to the LOD-missing proportions and/or distributional skewness of exposures.
When modeling an exposure variable as the outcome, Tobit model performs well
under Gaussian distribution and quantile regression generally provides robust esti-
mates across various shapes of the outcome’s distribution. In the presence of miss-
ing data due to LOD, different statistical models should be considered for being
aligned with scientific questions, model assumptions, requirements of data distribu-
tions, as well as their interpretations. Sensitivity analysis to handle LOD-missing
exposures can improve the robustness of model conclusions.
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1 Introduction

Environmental exposures are ubiquitous and crucial to individual and population
health. Assessing how exposures are associated with biomedical features is of
great interest in clinical research, public health, and health policy. One commonly
encountered issue is that measurements of exposures are often subject to the
limitation of machine-reading sensors. Specifically, it is constrained by a value,
which is known as the limit of detection (LOD), and any observation below the
LOD value is left either undetermined or deemed with low accuracy. As a result,
data obtained from such measurements are either recorded as LOD values, impre-
cise machine reading values, or remain missing. Such measurement issues can
result in misleading or erroneous scientific conclusions, and research found that
different methods of handling the LOD issue in exposure variables could yield
inconsistent results [1, 2]. Indeed, this issue widely exists beyond environmental
health research and has been prevalent in various fields such as genetics, clinical
diagnosis, and biomarker studies [3—6].

Various analytical methods have been proposed to handle measurements
affected by LOD, and reviews and methodological literature have considered
LOD-missing variable as a covariate [1, 4, 7, 8] or an outcome [9-12]. The sim-
plest approach is complete-case analysis, using only samples above the LOD, but
often leads to a significant loss of data and/or biased samples. Single value sub-
stitution methods by replacing missing data with a single fixed value (e.g., LOD,
LOD/2, or LOD/4/2) can underestimate data variability [13] and may introduce
bias [14]. Alternative substituting methods such as using conditional expectations
E(X | X <LOD) [15] and E(X | X > LOD) [16] have been suggested. Another
effective approach is multiple imputations, which generate completed datasets
with plausible values randomly imputed for missing observations and then com-
bine results from these datasets [17]. Baccarelli et al. [18] proposed an alternative
multiple imputation method by imputing values based on a conditioned paramet-
ric distributional assumption, ensuring all imputed values strictly fall below the
LOD. However, Arunajadai and Rauh [19] showed that this method may result in
attenuated estimates.

Furthermore, several advanced statistical models and approaches have been
suggested to handle such LOD-missing variables. When such variable is treated
as covariate, the maximum likelihood (ML) approach assumes a parametric dis-
tribution for the LOD-missing variable and estimates its association with the out-
come by maximizing the observed-data likelihood directly [4, 5] or using the EM
algorithm [3]. Chiou et al. [6] and Ortega-Villa et al. [1] considered a missing-
indicator model which includes an indicator variable of whether the exposure is
observed or not to represent the binary effect of above and below the LOD, as
well as a continuous exposure variable to characterize the effect above the LOD.

In addition, it is of scientific interest to comprehend the factors influencing the
variations in exposure levels among individuals [2, 20-22], and thus an exposure
variable is modeled as an outcome (i.e., dependent variable). Two different per-
spectives of treating the missingness can be taken in constructing the statistical
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models. The two-part model treats the LOD-missing variable by separately mod-
eling its probability of being above the LOD and its continuous relationship with
other covariates when it is observed. On the other hand, Tobit model [23] consid-
ers LOD-missing variable as left-censored and estimates the effects of covariates
on the underlying true exposure-outcome. A parallel perspective arises when the
focus shifts to the impact of covariates on a specific quantile of the exposure-
outcome. In this context, the two-part quantile model [24] differentiates between
missing and observed values, whereas quantile regression [25] handles the LOD-
missing variable by treating it as left-censored.

In this paper, we aim to compare various methods of modeling exposure vari-
ables subject to LOD either as covariates or an outcome. The comparisons are based
on the real application using the National Health and Nutrition Examination Sur-
vey (NHANES) data and a series of extensive simulation studies. The remainder
of the paper is organized as follows. In Sect. 2, we describe the details of the moti-
vated NHANES dataset. Section 3 gives the different models for treating exposure
variables as covariates or an outcome. Section 4 presents data analysis performed
on the NHANES dataset and illustrates results. In Sect. 5, we effectively compare
and evaluate the performances of the methods through a series of simulation stud-
ies under known data-generating settings. Finally, Sect. 6 provides a summary of
the strengths and weaknesses of these methods under different scenarios, along with
recommendations.

2 Dataset

NHANES [26] is a program designed to assess the health and nutritional status
of adults and children in the United States. Assessments consist of interviews and
physical examinations to obtain demographic, socioeconomic, dietary, and health-
related information. We used data from NHANES 2013-2014 and merged tables on
demographic, physical examination, laboratory measures, and questionnaires. This
resulted in a dataset with three chemical exposure variables, body mass index (BMI)
as the health outcome variable, and seven variables representing individual charac-
teristics as covariates. We excluded samples with missingness in BMI or other indi-
vidual characteristics, resulting in a total of 2046 participants for further analysis.
The data flow diagram for deriving the dataset is in Figure Al.

2.1 Exposure Variables

Bisphenols are phenolic organic compounds, commonly used in the manufacturing
of daily used items for the hardening of plastic and are easily dissolved in foods
and drinks. Accordingly, humans always have a concentration of bisphenols in their
body fluids such as urine or blood, even without intentional exposure to those. Nev-
ertheless, bisphenols, particularly bisphenol A (BPA), are known to have adverse
health effects in humans (e.g., obesity [27, 28]). In recent years, the use of BPA in
baby products has been prohibited due to the concern about its potential toxicity
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[29] and BPA is increasingly replaced by structurally similar chemicals, such as
bisphenol F (BPF) and bisphenol S (BPS). However, these replacements are also
known to be detrimental to human health [30, 31].

Our analysis uses urinary concentrations of BPA, BPS, and BPF from the labora-
tory dataset. The measurements were adjusted for the urinary creatinine concentra-
tion to account for variations in urinary dilution, and levels are reported in the unit
of pg/L. The LOD value was 0.2 pg/L for BPA, 0.1 pg/L for BPS, and 0.2pg/L for
BPF. The percentages of missing data due to values below the LOD were 4.59% for
BPA, 10.17% for BPS, and 34.36% for BPF. Table 1 provides descriptive statistics
of exposure variables including median, interquartile range (IQR), LOD values, and
missing rates.

We log-transformed the bisphenol data first due to the skewed distribution and
standardized all exposure measurements to achieve comparable interpretations of
their effects per standard deviation (SD) change across exposures. Figure A2 pro-
vides histograms of original (left) and log-transformed and standardized (right)
exposures.

2.2 Health Outcome

The primary health outcome variable is BMI from the examination dataset. The
body measures data were collected in the Mobile Examination Center (MEC) by
trained health technicians, and BMI was calculated as weight in kilograms divided
by the square of height in meters.

2.3 Covariates

We incorporated seven covariates including an individual’s gender, age, race/
ethnicity, education level, income to poverty ratio, the number of days of moder-
ate workout in a week, and urinary creatinine level. Race/ethnicity was grouped as
non-Hispanic Whites, Mexican American, other Hispanic, non-Hispanic Black, non-
Hispanic Asian, and Others. Socioeconomic status was indicated using the Income
to Poverty Ratio (IPR), calculated by dividing the total family income by the pov-
erty threshold. Moderate workout days per week were obtained from answers to the
question “How much time do you spend doing moderate-intensity activities at work
on a typical day?” in the questionnaire data. Table 2 summarizes characteristics of
included subjects using mean with SD for continuous variables, and count with per-
cent for categorical variables. Particularly, we used median and IQR for the urinary
creatinine level due to its right-skewed distribution.

Table 1 Descriptive statistics

3 . Exposure Median IQR LOD % < LOD
of exposure variables: median,
IQR, LOD value, and below BPA (ug/L) 1.4 2.0 02 4.59
LOD rate
BPS (ug/L) 0.5 0.9 0.1 10.17
BPF (ug/L) 0.7 1.3 0.2 34.36
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Table2 Summary of .
Variabl Total (N = 2046
characteristics of included anable otal ( )

subjects from NHANES 2013- Gender, n(%)

2014 dataset .
Male, baseline 971 (47.46)
Female 1075 (52.54)
Age (years) at screening, mean (SD) 42.63 (20.77)
Race/ethnicity, n(%)
Non-Hispanic White, baseline 812 (39.69)
Mexican American 298 (14.57)
Other Hispanic 187 (9.14)
Non-Hispanic Black 451 (22.04)
Non-Hispanic Asian 227 (11.09)
Other 71 (3.47)
Education level, n(%)
Less than 9th grade, baseline 297 (14.52)
9-11th grade 417 (20.38)
High school graduate/GED or equivalent 404 (19.74)
Some college or AA degree 527 (25.76)
College graduate and above 401 (19.60)
Income to poverty ratio (IPR), mean (SD) 2.38 (1.65)
Moderate work days per week, mean (SD) 1.43 (2.25)
Urinary creatinine level, median (IQR) 116 (109)
Body Mass Index (BMI, kg/m?), mean (SD) 28.15 (7.17)
3 Methods

In this section, we first consider each exposure as a single covariate for its mar-
ginal effect, and then all three exposures simultaneously as multiple covariates
to study the joint effects. Furthermore, we examine methods to model the expo-
sures as the outcome of interest. We denote the continuous outcome by Y € R,
T* € R? for the underlying ¢ true exposure variables, and Z € R? as p-dimen-
sional confounders. Subject to the LOD, we only observe the exposure variable
T as the left-censored version of 7* and specify it as follows.

7}:

TJT“ TJ* >LOD; | |

LOD, T’ <LOD;’ J=1...q )
The observed dataset consists of {(y;, ;, z,-)}f.\i , of N independent and identically dis-
tributed (i.i.d.) samples, which are realizations of random variables (Y, T, Z). We
slightly abuse the notation by using T for both observed and standardized exposure
values.
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3.1 Single Exposure as a Covariate

Consider a linear model characterizing the relationship between the continuous
health outcome (e.g., BMI) and a single exposure, i.e., g = 1, as

Y=p0+p/T +a"Z+e, )

where € is a random error i.i.d. from N(O, o-vz) and independent of 7% and Z. The
parameters fi, € R, f; € R, and a € R? represent the intercept, exposure’s and
covariates’ effects on the mean of the outcome, respectively. We refer to this model
as the single exposure model. It is often employed as an initial screening step for
potentially inter-correlated exposure markers and is used to assess the impact of
missingness resulting from LOD on estimating the marginal effect of each individ-
ual exposure. By focusing specifically on single exposures, we can gain insights into
the challenges and approaches involved in estimating the effects of covariates while
accounting for missing due to LOD. Note that the model can be readily formulated
as a generalized linear model to handle other types of outcomes, such as binary data
or count data. We examine five methods of handling missingness due to LOD under
this context.

(i) Complete-case analysis uses only the samples with complete information in
all variables for the analysis, which subsequently leads to reduced sample size.
Though this approach is simple and straightforward, it could yield biased results
when data violates the missing completely at random (MCAR) assumption [32].
Also, the model could become unstable when the sample size is small.

(i) Fill-in method is to substitute missing values with a single fixed value, such as
LOD/\/E , and then proceed with the model fitting.

(iii)) Maximum-likelihood (ML) approach assumes that the exposure variable follows
a parametric distribution, e.g., normal distribution as

T*|Z~N(G'Z, 6}, A3)

where coefficients y represent covariates’ effects on the exposure. Thus, under
models (2) and (3) and parametric assumption for e, the likelihood function
L(0) of parameter vector 8 = (B, f;,a’,y7, cryz_, 62)" can be specified as

N

(1-8)
L) = H{f(Y, =y | Ti* =t,2;= Z,‘)f(T[* =112 = Z,’)}

i=1

Lop 5 )
X{ f(Yizyi|T,-*:”’Zi:Zi)f(T,-*=M|Z;=Z,')du} >

where f(-) is the probability density function and ; = I(¢; < LOD) is the indi-
cator of whether the exposure is below the LOD or not. Further details on the
log-likelihood function are in Appendix B. The likelihood maximization can be
achieved through the utilization of the opt im function in R or via the EM algo-
rithm [3]. When dealing with a convex likelihood function, the EM algorithm
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is renowned for its ability to find solutions, but it may have a relatively slow
convergence rate. Thus, we chose to directly use the optim function in R that
provides a more streamlined implementation for our ML approach, allowing for
direct utilization of the likelihood function and offering faster convergence in
optimization procedures. We obtained the initial values of parameter estimation
from the complete-case analysis and supplied them to the opt im function.

(iv) Missing-indicator model [6] includes an indicator variable to denote whether an
exposure variable is observed or not, along with the continuous exposure when
it is above the LOD. Ortega-Villa et al. [1] showed that the missing-indicator
model performs well in analyzing exposures subject to LOD. The model is speci-
fied as:

Y =p,+p(1-6)T—LOD)+p,6+a’Z+e,

where 6 is as previously defined in (4). When the exposure is below the LOD,
its effect on the outcome is characterized by f,, and the effect of a unit change
in the exposure above the LOD is represented by ;.

(v) Multiple imputation method [17] generates multiple completed datasets, each
with different plausible values imputed for the missing observations, and then
combines multiple results from those datasets. Multiple imputation consists of
three steps: (1) the imputation step: plausible values are sampled from a suitable
distribution to fill in the missing observations, resulting in m completed datasets;
(2) the completed-data analysis step: model (2) is fitted separately on each of
the m completed datasets, and (3) the pooling step: the m results are combined
to yield the overall estimate which is the average of individual estimates. The
overall standard error takes into account the uncertainty of both the sampled
values and the imputation process. Multiple imputation is known to produce
asymptotically unbiased estimates and standard errors and is asymptotically
efficient [33]. To implement multiple imputation, we use the mice function in
the mice package in R [34] with the number of imputations, m = 5.

3.2 Multiple Exposures as Covariates

When the joint effects of multiple exposures are of interest, we include multiple
exposure variables in one model simultaneously and name this model the multiple
exposures model. We consider the linear relationship between a continuous health
outcome and multiple exposures, T* = (T7, ..., T;‘),

Y=p+B/ T +a"Z+e.

where Y, Z, and € are as defined in model (2).

To handle multiple exposure variables subject to LOD in one model, we con-
sider four methods: (i) complete-case analysis, (ii) fill-in method, (iii) missing-indi-
cator model, and (iv) multiple imputation. We forewent the ML approach due to
its rapidly increasing complexity and its heavy reliance on parametric distributional
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assumptions. Except for the multiple imputation, other methods are similar to what
we have discussed in the single exposure model in Sect. 3.1.

Multiple imputation method remains the same three steps in principle as
Sect. 3.1 (v). However, for multiple missing exposures, the first imputation step
becomes more complicated and challenging. There are two general approaches for
imputing multivariate data: joint modeling (JM, Schafer [35]) and multiple impu-
tation by chained equations (MICE, Van Buuren and Oudshoorn [36]). The JM
requires a parametric multivariate distribution for the missing data, while MICE
(also known as a fully conditional specification FCS, Van Buuren et al. [37]) relaxes
this assumption by defining the imputation model on a variable-by-variable basis
through a set of conditional densities. The idea of splitting a g-dimensional problem
into g one-dimensional problems allows MICE to flexibly handle different types of
variables since the appropriate model can be selected for different types of variables.
Moreover, a small number of iterations (e.g., 5 to 20) is known to be sufficient [17,
38]. Due to its versatility and practical advantages, MICE is rapidly emerging as
a commonly used method for handling missing data. Further mathematical details
of MICE are in Van Buuren et al. [37]. We implement the MICE method using the
mice package in R [34], with the number of imputations m = 5.

3.3 Modeling Exposure as Outcome

When considering the LOD-missing variable as an outcome, we can view this from
two different perspectives: zero-inflated outcome or left-censored outcome. If non-
detected values are recorded as the LOD value as in (1), the distribution of the
exposure variable would have a peak at the LOD value. Without loss of generality,
assuming the LOD value to be zero, the LOD-missing variable can be viewed as
zero-inflated data. On the other hand, if we regard non-detected values as missing
and left-censored at the LOD value, the LOD-missing variable can be viewed as
left-censored data.

To investigate the effects of covariates on the LOD-missing exposure-outcome,
e.g., BPA, we consider six methods. For (i) complete-case analysis, we fit a regres-
sion model using only subjects whose all data are observed. For (ii) fill-in method,
we replace the missing outcome with a single constant value of LOD/\/E for each
exposure and then fit a regression model.

(iii) Tobit model [23, 39] is designed to estimate linear relationships between var-
iables when there is either left- or right-censoring in the outcome variable, and can
be specified as follows,

T =ay+a/Z+e

where 7" and Z are the same as earlier, and @, captures the effects of Z on the under-
lying exposure variable 7%, not the observed outcome 7. Under the assumption of
a Gaussian error e, which is i.i.d. from N(0, o2), we have underlying 7* has a nor-
mal distribution, T* | Z ~ N(a’Z, 6%). Tobit model uses the maximum likelihood
approach to estimate the parameters. We use the tobit function in the package
AER [40].
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(iv) Two-part model treats the observed exposure data subject to LOD as zero-
inflated non-negative continuous or semi-continuous data. Such data often have
two distinct features: (1) a large portion of zero values, and (2) right-skewed
and heteroscedasticity for positive continuous values. In contrast to Tobit model
which considers the true exposure-outcome as continuous and left-censored at the
LOD value, the two-part model treats the observed data as a mixture, separating
the zero and positive values explicitly by two parts. The two models are specified
as follows. For some function /2 : R? — [0, 1] and parameters o, € R and a; € R?,

PartI: P(T > 0| Z) = h(Z)
PartIL E(T | T > 0,Z) = ay + o] Z. )

The first part can be a logistic regression to model the probability of the outcome
being positive, and the second part assumes a linear regression for the positive val-
ues. Note that fitting the conditional linear regression in the second part gives the
same fitted model as complete-case analysis.

(v) Quantile regression [25] is to quantify the associations between covari-
ates and specific quantiles of the exposure-outcome when the distribution of
exposure-outcome is non-Gaussian or the research interest is on specific quan-
tiles of the outcome. The advantages of quantile regression include its ability to
handle outcome without requiring distributional assumptions, robustness to outli-
ers, and invariance to monotone transformations. The conditional z-th quantile,
Qrz(r) = inf{z : Fpz(t) > v} with Fy, being the cumulative distribution function
of T given Z, is specified as

QTlZ(T) =a,+ aTTZ

where parameters a, € R” characterize the effects of covariates on zth quantile of
the exposure-outcome. The interpretation of estimated a,;, i.e., the j-th element of
a,, when 7 = 0.5 is that for a unit increase in Z_,-, there is a a, increase in the pre-
dicted median of the exposure T given other elements of Z fixed. To implement
quantile regression in R, we use the rq function in the quantreqg package [41].

(vi) Two-part quantile model [24] is a natural extension of quantile regres-
sion to handle zero-inflated outcome. Specifically, in addition to modeling the
probability of being above the LOD, linear quantile regression is employed to
model the positive part, where the quantile levels are adjusted by subject-spe-
cific zero inflation rates. To be specific, for some functions /4 : R” — [0, 1] and
a:[0,1] - RP,

PartI: P(T > 0| Z) = h(Z)
Part II: Qp;(7) = I{r > 1 = h(Z)} - [a, + a"{I(Z,h, 1)} Z] ©)

where I'(Z, h,7) := max{ % 0}. Similar to the two-part model, the first part
of the model is a logistic regression model.
To implement two-part quantile model, we use functions from the author’s

GitHub [42]. The function proposed.nonsmooth fits the proposed
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zero-inflated quantile model and the function AQE calculates Average Quantile
Effect (AQE), which is the marginal effect of a covariate on the quantile of the
outcome. To obtain 95% confidence intervals, we use bootstrap approach with
500 bootstrap replicates.

Note that Tobit model and quantile regression consider non-detected values as
missing, while two-part model and two-part quantile model treat that as a zero-
inflated outcome which clearly can be separated into two parts: zero and positive
parts. Furthermore, Tobit model and two-part model are interested in the effect of
a covariate on the mean of the outcome, whereas quantile regression and two-part
quantile model are designed to investigate the effect of a covariate on a certain quan-
tile of the outcome distribution.

All statistical analyses were performed using statistical software R (V4.0.0), and
R codes are provided in an R Markdown document in Appendix C.

4 NHANES Analysis

In this section, we illustrate and compare results from different approaches in Sect. 3
using the dataset from NHANES. Before the analysis, we standardized all continu-
ous confounders. Note that NHANES used a probability-based sampling method to
represent the non-institutionalized U.S. population [43]; however, we chose not to
consider sampling weights in our analysis to focus on the primary goal of compar-
ing the methods for handling the LOD issue. By disregarding the sampling weights,
our results may not estimate the true effect of exposure on a health outcome or the
impact of a covariate on an exposure-outcome in the general US population.

4.1 Single Exposure as a Covariate

Figure 1 presents the results from the model and methods presented in Sect. 3.1, and
corresponding numerical values are in Table Al in Appendix A. When the missing
rate was low, as in BPA missing around 5%, the estimated effects were similar across
all five methods. When the missing rate increased to around 10% as in BPS, com-
plete-case analysis, missing-indicator model, and multiple imputation gave similar
estimates. In contrast, the fill-in method and ML method gave noticeably different
results and indicated statistical significance. A potential explanation for these obser-
vations is that BPS has nonlinear effects on BMI, which lead to the effects of BPS
being different above the LOD versus below the LOD. Therefore, the fill-in method
and ML method that assumed a homogeneous linear effect across the entire range
of exposure showed different estimates to the other methods that mainly focused on
modeling the effects above the LOD.

When the missing rate was as high as 35% in BPF, coefficient estimates of BPF
varied more evidently across methods. First, the complete-case analysis had the
widest confidence interval which would be due to the reduction in sample size. The
multiple imputation gave a similar result to that of the complete-case analysis but
with a smaller standard error. The missing-indicator model gave similar estimates
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Single exposure as a covariate: Exposure estimates and 95% confidence intervals

0.61 T
A
0.31 T
° T
° METHOD
2 T Complete case
£ 0.0] [ ] - L1 Fill in
z 0. A ¥ Maximum Likelihood
w Missing indicator
Multiple imputation
-+ [ ]
A
-0.31 1 = -
-0.61 -

BPA BPS BPF
EXPOSURE

Fig. 1 Estimated effects with 95% confidence intervals of chemical exposures in a single exposure model.
x-axis indicates the exposure in the model and y-axis indicates the estimated coefficients

as the fill-in method but had a larger standard error, which was expected because its
coefficient characterized the partial effect of the exposure above the LOD. Further-
more, the ML method performed differently than the other four methods, probably
indicating that the Gaussian assumption for log-BPF was incorrect as indicated in
Figure A2.

In summary, when a single exposure variable subject to LOD is included as a
covariate in the model, we observed that the missing-indicator model and multiple
imputation were robust to missing proportions and modeling assumptions. It is note-
worthy that the two methods yield different interpretations. For example, the esti-
mate of BPS of 0.1791 from the missing-indicator model means that for one SD
increase in log-BPS when its value is above the LOD, there is a 0.1791 increase
in the average value of BMI. On the other hand, the interpretation for the estimate
of BPS of 0.1445 from the multiple imputation is: for one SD increase in log-BPS
would lead 0.1445 increase in the predicted value of BMI on average. This result
was closely in line with the prior study of Ortega-Villa et al. [1] that recommended
missing-indicator model for practical use.

4.2 Multiple Exposures as Covariates
Figure 2 shows coefficient estimates of exposures with 95% their confidence

intervals from the methods in Sect. 3.2 and corresponding numerical values are
in Table A2 in Appendix A. For the complete-case analysis that removed 818
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Multiple exposures as covariates: Exposure estimates and 95% confidence intervals

0.4 —
A J—
® 6 - T METHOD
5 00y Complete case
£ A it
73 Missing indicator
w € Multiple imputation
77 ®
A
[ ]
-0.41 - -4 =

BPA BPS BPF
EXPOSURE

Fig.2 Estimated effects with 95% confidence intervals of chemical exposures in multiple exposures
model. x-axis indicates the exposure and y-axis indicates the estimated coefficients

(39.98%) observations due to having at least one missing among the three expo-
sures, estimates for BPA and BPS were noticeably smaller, and confidence inter-
vals were wider compared to other methods. These might be due to the high
missing rate as we considered multiple exposures simultaneously. In contrast,
the fill-in method underestimated variability by using a single fixed value for all
missing observations. It gave the smallest standard error for all three exposures
among the four methods.

The missing-indicator model and multiple imputation again showed quite
similar patterns of estimates. Considering their different interpretations, we rec-
ommend using the missing-indicator model if the interest is in identifying the
effect of high exposure values on the outcome. On the other hand, when inves-
tigating the effect of small or entire possible values of exposure, the multiple
imputation method delivers the proper interpretation.

In summary, when multiple exposures subject to LOD were modeled as
covariates in a model simultaneously, the complete-case analysis could suffer
a significant loss of efficiency due to the reduction of sample size. The Fill-in
method might underestimate the variability by using a single value to substitute
the missing values. On the other hand, the missing-indicator model and mul-
tiple imputation gave similar results when the missing rate was relatively low
but would diverge as the missing rate got severe. However, they estimate differ-
ent effects, hence we encourage to use of either method based on the scientific
question.
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4.3 Modeling Exposure as Outcome

Figure 3 summarizes the coefficient estimates of Age (top) and IPR (bottom)
with 95% confidence intervals when modeling each of the three exposures (BPA,

Exposure as outcome: AGE estimates and 95% confidence intervals
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Fig. 3 Estimated effects of Age (top) and IPR (bottom) with 95% confidence intervals when the exposure
is an outcome in a model. x-axis indicates the exposure and y-axis indicates the estimated value when
other covariates are fixed
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BPS, and BPF) as the outcome using the six methods discussed in Sect. 3.3. We
present the results of 7 = 0.5 which models the median of the outcome for quan-
tile regression and the two-part quantile model. Corresponding numerical results
are in Table A3 in Appendix A. Additional plots for the rest of the covariates in
the model are in Figures A3-A14.

When the exposure-outcome has a low missing rate, such as BPA, estimated
effects of both AGE and IPR were consistent across the six methods. In addition,
standard errors were quite similar regardless of method, and their significance
remained the same for all methods. Note that, results from the complete-case
analysis and two-part model were exactly the same because the Part II of the
two-part model (5) is an analysis without missing data.

When the missing rate of the exposure-outcome increased to around 10% as in
BPS, estimated effects of AGE and IPR were mostly similar to each other except
for the two-part quantile model. The interpretation of the four mean-regression
methods was different from quantile regression. For example, for Tobit model,
the estimated effect of IPR — 0.0608 was interpreted as: for one SD increase
in IPR would lead to a 0.0608 decrease in the predicted mean of log-BPS on
average. On the other hand, the estimated effect of IPR — 0.0469 from quantile
regression meant: for one SD increase in IPR, there is a 0.0469 decrease in the
predicted median of log-BPS. Estimates of Age and IPR from the two-part quan-
tile model were different from other models and had larger standard errors.

When missing increased as high as 35% in BPF, estimated effects of AGE
were variable across methods even though none was statistically significant. As
the missing rate got severe, the complete-case analysis and two-part model could
have lost efficiency by discarding a large number of samples. Furthermore, the
fill-in method underestimated variability by using a single fixed value for 35% of
the samples. On the other hand, Tobit model gave relatively consistent results
as the model considered the outcome left-censored. For IPR, estimated effects
from both quantile models were quite different from the other four methods,
which was expected due to the skewed distribution of BPF even after log-trans-
formation and standardization as in Figure A2. As we mentioned earlier, these
approaches are interested in the effect of a covariate on the median of outcome
and thus could be more robust to missing. Moreover, quantile regression had a
smaller standard error than the two-part quantile model.

Besides the comparison of the estimated effects, it is noteworthy that Tobit
model is a more suitable approach than the two-part model in the context when
a LOD value is specified. Although we might record non-detected observations
as the LOD value, they are actually some other values less than the LOD. On the
other hand, for other data types, such as medical expenses or alcohol consump-
tion, the two-part model is more appropriate because a value of zero is a true
zero indicating no medical service usage or abstinence. In those cases, Tobit
model is not appropriate because there is no clinically meaningful definition of
the LOD.
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5 Simulations

In this Section, we thoroughly evaluate the performance of the methods by con-
ducting extensive simulation studies under various known data-generating set-
tings that closely mimic real-world data. Section 5.1 examines the LOD-missing
exposure variables as covariates, and we investigated two scenarios: (S1) a lin-
ear relationship between exposure and health outcome across the entire range of
exposure variables and (S2) a relationship that was linear but present only above
the LOD and null below the LOD. In each of these scenarios, we assessed both
the single exposure model and the multiple exposures model. When modeling
the LOD-missing variable as an outcome in Sect. 5.2, we considered normal
and skewed distributions, respectively. For all scenarios, we generated the data-
set with a sample size of 2000 and repeated the simulations 500 times. For each
method, we reported the mean of coefficient estimates (EST) with standard errors
(SE), and coverage probability (CP) of 95% confidence intervals.

5.1 Simulation 1: Covariates Models

Two exposure variables T, and T, were first generated from a multivariate nor-
mal distribution with shared y =3, 6% = 1, and correlation p = 0.6. We further
transformed 7, = exp(7,/3) to introduce skewness into T,. We considered differ-
ent values of LOD to achieve different proportions of data falling below the LOD
around 5%, 10%, and 30%, respectively (details are listed in Table A4 in Appendix
A).

5.1.1 Scenario 1. Linear Relationship

Firstly, we assumed a linear relationship between exposures and the outcome
across the entire range of exposure variables. The continuous health outcome was
generated from either Y = 0.7 + 0.37; + €, j = 1,2 for the single exposure covari-
ate model, or ¥ =0.7+40.3T, + 0.5T, + ¢ for multiple covariates model with
e ~N(@,1).

5.1.1.1 Single Exposure as a Covariate We compared the five methods of mod-
eling single exposure variable subject to LOD described in Sect. 3.1, and Table 3
presents the results. All five methods showed satisfactory results for normally
distributed exposure variable 7', especially when the missing rate was low. Par-
ticularly, the ML method outperformed as the distributional assumption for the
method was correct. In addition, we observed that standard errors increased when
the missing rate was higher. For the skewed exposure variable 7,, the ML method
showed biases due to the violation of the normality assumption. The fill-in method
showed biased estimates and decreased coverage probability particularly when the
missing rate was high. Conversely, the other three methods, namely complete-case
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Table 3 Results from five methods in single exposure model when the exposure has a normal distribu-
tion (top) or a skewed distribution (bottom) under Scenario 1

Missing rate 5% 10% 30%
Method EST (SE) Cp EST (SE) Cp EST (SE) Cp
T,

Complete-case analysis 0.2995 (0.0257) 0.970 0.2997 (0.0278) 0.972 0.2997 (0.0386) 0.932
Fill-in with LODA/2 02999 (0.0225) 0.962 0.2980 (0.0224) 0.960 0.2894 (0.0226) 0.954

ML approach 0.2994 (0.0225) 0.962 0.2994 (0.0226) 0.962 0.2998 (0.0235) 0.964

Missing-indicator™ 0.2995 (0.0257) 0.970 0.2997 (0.0278) 0.972 0.2997 (0.0386) 0.932

Multiple imputation 0.3040 (0.0261) 0.954 0.3059 (0.0284) 0.966 0.3100 (0.0404) 0.920
T,

Complete-case analysis 03002 (0.0244) 0.952 0.3006 (0.0258) 0.954 0.3007 (0.0314) 0.964
Fill-in with LODA/2 ~ 0.2921 (0.0222) 0.932 02865 (0.0218) 0.894 0.2751 (0.0212) 0.778
ML approach 0.2917 (0.0222) 0.932 0.2857 (0.0218) 0.888 0.2679 (0.0208) 0.650
Missing-indicator® 03002 (0.0244) 0.952 0.3006 (0.0258) 0.954 0.3007 (0.0314) 0.964
Multiple imputation ~ 0.3023 (0.0246) 0.954 0.3037 (0.0260) 0.958 0.3063 (0.0320) 0.948

 Effect of a chemical exposure when the value is above the LOD value

analysis, missing-indicator model, and multiple imputations, were robust with
respect to the distribution of exposure variables and provided robust results in
both coefficient estimates and coverage probability.

5.1.1.2 Multiple Exposures as Covariates Table 4 presents the results of the four meth-
ods for modeling multiple exposures. The complete-case analysis showed increased
standard error as the missing rate increases due to the reduced sample size and the cor-
relation between exposures by considering two exposure variables simultaneously in a
model. The fill-in method showed biased estimates for 7, even if only one exposure has
a low missing rate of 5%, and its coverage probability was as low as 0.53. The multiple
imputation method also showed large bias even when both missing rates are low, which
might be attributed to the correlation between the two exposure variables as well as the
violation of the normality assumption for 7,. On the other hand, the missing-indicator
model gave quite consistent estimated values even if the missing rate increased, and its
coverage probability remained around 0.95.

5.1.2 Scenario 2. No Linear Relationship Below the LOD

sIn practice, exposures may only exhibit effects across a certain threshold, and Scenario
2 mimics such a setting where the effect of exposures on the outcome only presents
above the LOD and is null below the LOD. Therefore, the continuous health outcome
was generated from the following linear models:

Y = 0.7 +0.3(T; — LOD)I(T; > LOD)) + ¢
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Table 4 Results from four methods in multiple exposures model under Scenario 1
Method Missing rate T, T,
T\(%) T, (%) EST (SE) CP EST (SE) CP
Complete-case analysis 5 5 0.2997 (0.0313) 0956  0.5004 (0.0294)  0.946
10 0.2998 (0.0319) 0954  0.5010 (0.0305)  0.948
30 0.2998 (0.0352)  0.950  0.5009 (0.0355)  0.952
10 5 0.2996 (0.0332)  0.962  0.5004 (0.0297)  0.946
10 0.2997 (0.0337)  0.966  0.5010 (0.0307)  0.948
30 0.2994 (0.0367)  0.948  0.5009 (0.0357)  0.952
30 5 0.2994 (0.0439)  0.948  0.5005 (0.0318)  0.946
10 0.2995 (0.0442) 0942  0.5009 (0.0326)  0.954
30 0.2996 (0.0464)  0.942  0.5010 (0.0371)  0.956
Fill-in with LOD/\/E 5 5 0.2984 (0.0278)  0.944  0.4891 (0.0274)  0.918
10 0.3001 (0.0278)  0.946  0.4786 (0.0269)  0.868
30 0.3161 (0.0275) 0912  0.4504 (0.0259)  0.534
10 5 0.2955 (0.0277)  0.940  0.4980 (0.0274)  0.926
10 0.2971 (0.0277)  0.942  0.4803 (0.0269)  0.878
30 0.3127 (0.0274) 0924  0.4520(0.0259)  0.554
30 5 0.2799 (0.0276)  0.892  0.5042 (0.0271)  0.938
10 0.2812 (0.0276)  0.898  0.4935(0.0267)  0.936
30 0.2942 (0.0275) 0950  0.4646 (0.0259)  0.720
Missing-indicator® 5 5 0.2989 (0.0308)  0.950  0.5002 (0.0291)  0.942
10 0.2997 (0.0308)  0.954  0.4997 (0.0301)  0.956
30 0.3101 (0.0308)  0.952  0.4945(0.0347)  0.956
10 5 0.2982(0.0328)  0.960  0.5007 (0.0292)  0.942
10 0.2986 (0.0328)  0.962  0.5000 (0.0302)  0.950
30 0.3065 (0.0328) 0964  0.4951 (0.0348)  0.962
30 5 0.2922 (0.0431) 0950  0.5084 (0.0293)  0.932
10 0.2924 (0.0432)  0.948  0.5054 (0.0304)  0.952
30 0.2940 (0.0435)  0.948  0.4968 (0.0354)  0.956
Multiple imputation 5 5 0.3278 (0.0314)  0.850  0.5211(0.0297)  0.890
10 0.3443 (0.0314)  0.700  0.5226 (0.0310)  0.878
30 0.3960 (0.0313)  0.138  0.5300 (0.0367)  0.858
10 5 0.3284 (0.0338)  0.866  0.5322(0.0298)  0.834
10 0.3438 (0.0341)  0.744  0.5338 (0.0313)  0.794
30 0.3962 (0.0342)  0.188  0.5398 (0.0372)  0.812
30 5 0.3305 (0.0467)  0.876  0.5737 (0.0301)  0.284
10 0.3421 (0.0475)  0.800  0.5757 (0.0317)  0.316
30 0.3908 (0.0486)  0.544  0.5804 (0.0384)  0.462

 Effect of a chemical exposure when the value is above the LOD value
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Table 5 Results from four methods in multiple exposures model under Scenario 2

Method Missing rate T, T,
T(%) T,(%) EST(SE) CP EST (SE) Cp
Complete-case analysis 5 5 0.2997 (0.0313)  0.956  0.5004 (0.0294)  0.946
10 0.2998 (0.0319)  0.954  0.5010 (0.0305)  0.948
30 0.2998 (0.0352)  0.950  0.5009 (0.0355)  0.952
10 5 0.2996 (0.0332)  0.962  0.5004 (0.0297)  0.946
10 0.2997 (0.0337)  0.956  0.5010 (0.0307)  0.948
30 0.2994 (0.0367)  0.948  0.5009 (0.0357)  0.952
30 5 0.2994 (0.0439)  0.948  0.5005 (0.0318)  0.946
10 0.2995 (0.0442)  0.942  0.5009 (0.0326)  0.954
30 0.2996 (0.0464)  0.942  0.5010 (0.0371)  0.956
Fill-in with LOD/\/E 5 5 0.2814 (0.0278)  0.902  0.4813 (0.0274)  0.888
10 0.2797 (0.0278)  0.892  0.4620 (0.0270)  0.706
30 0.2760 (0.0275)  0.880  0.3983 (0.0260)  0.026
10 5 0.2687 (0.0277)  0.812  0.4822(0.0274)  0.894
10 0.2671 (0.0277)  0.790  0.4628 (0.0270)  0.722
30 0.2630 (0.0275)  0.738  0.3995 (0.0260)  0.032
30 5 0.2135(0.0276)  0.108  0.4832(0.0271)  0.898
10 0.2132 (0.0276)  0.112  0.4629 (0.0267)  0.710
30 0.2091 (0.0275)  0.084  0.3996 (0.0259)  0.024
Missing-indicator® 5 5 0.2994 (0.0308)  0.952  0.5005 (0.0291)  0.942
1 0.2994 (0.0308)  0.952  0.5009 (0.0301)  0.954
30 0.2993 (0.0307)  0.948  0.5011 (0.0345)  0.960
10 5 0.2995 (0.0327)  0.960  0.5005 (0.0292)  0.942
10 0.2995 (0.0327)  0.960  0.5009 (0.0302)  0.948
30 0.2995 (0.0327)  0.964  0.5011 (0.0347)  0.956
30 5 0.2995 (0.0430)  0.950  0.5004 (0.0292)  0.944
10 0.2994 (0.0430)  0.952  0.5008 (0.0303)  0.948
30 0.2994 (0.0431)  0.950  0.5010 (0.0351)  0.954
Multiple imputation 5 5 0.3203 (0.0310)  0.920  0.5153 (0.0294)  0.908
10 0.3299 (0.0309)  0.846  0.5161 (0.0306)  0.922
30 0.3460 (0.0303)  0.668  0.5171 (0.0355)  0.904
10 5 0.3201 (0.0332) 0922 0.5213 (0.0293)  0.892
10 0.3293 (0.0333)  0.860  0.5219 (0.0307)  0.880
30 0.3465 (0.0327)  0.704  0.5215(0.0357)  0.894
30 5 0.3197 (0.0450)  0.904  0.5314(0.0292)  0.810
10 0.3250 (0.0448)  0.890  0.5334(0.0305)  0.812
30 0.3416 (0.0446)  0.810  0.5301 (0.0360)  0.860

 Effect of a chemical exposure when the value is above the LOD value
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for j = 1,2 for a single exposure model and
Y =0.74+0.3(T, — LOD\)I(T, > LOD,) + 0.5(T, — LOD)I(T, > LOD,) + ¢

for multiple exposures model, where € ~ N(0, 1). The results are shown in Table A5
for single exposure model and Table 5 for multiple exposures model.

5.1.2.1 Single Exposure as a Covariate From Table AS, we observed that regardless
of the distribution of the exposures, the complete-case analysis and the missing-indi-
cator model exhibited superior performance compared to other methods, with desired
coverage probability close to 0.95. This can be attributed to the fact that the linear
relationship between exposure and outcome is present only above the LOD, and these
two methods disregard observations below the LOD. In contrast, the fill-in method
and ML method showed attenuated coefficients even with a low missing rate of 5%.
When the missing rate became more severe, biases for both methods increased and
their coverage probability decreased dramatically even for normally distributed 7).

5.1.2.2 Multiple Exposures as Covariates Similar to the results observed in single
exposure models, the complete-case analysis and the missing-indicator model out-
performed other methods in the multiple exposures model as Table 5 presents. The
fill-in method exhibited biased estimates when the missing rate for both exposures
was as low as 5%, and the bias became more severe even when only one of the miss-
ing rates increased. Regarding coverage probability, the values deviated significantly
from the desired value of 0.95 in most cases and reached less than 0.10 for both
exposures when they are missing around 30%. A result similar to that observed with a
single exposure, but more severe, may have arisen from a correlation between the two
exposure variables since the model includes both exposure variables at the same time.

Multiple imputation also displayed biases for most of the combinations of the missing
rates, which may arise from the distribution and correlation between two exposure varia-
bles. Again, note that this approach estimates the effect of exposure on the outcome across
the entire range of the exposure. As a result, the implications of multiple imputation differ
from those of the complete-case analysis and the missing-indicator model.

5.2 Simulation 2. Outcome Models

In this Section, we assess the performance of the six methods of handling the LOD-
missing variable as an outcome from Sect. 3.3. We considered two scenarios where
the variable followed a normal distribution and a skewed distribution, respectively.
The exposure-outcomes were generated as follows: 7 =07+03Z +052, +¢;,j=1.2,
where two covariates Z;, ~ N(0, 0.25%) and Z, ~ N(O, 0.5%). The random error
€; ~ N(0,2?) generated the normally distributed outcome variable T%, and €, ~ y*(3)
generated the skewed outcome variable 77. Similar to covariates models, we used
the same three approximate missing rates around 5%, 10%, and 30% due to LOD.
Note that we used 7 = 0.5 for quantile regression and two-part quantile model to
model the conditional median of the outcome.
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Table 6 Results from six methods in outcome model when the exposure-outcome is normally distributed

Missing rate 5% 10% 30%
Method EST (SE) CP  EST (SE) CP  EST(SE) Cp
Z, Complete-case 0.2459(0.1653) 0.950 0.2114 (0.1590) 0.922 0.1481 (0.1509) 0.836
analysis
Fill-in with LOD/\/E 0.2763 (0.1657) 0.952 0.2562 (0.1561) 0.958 0.2060 (0.1309) 0.886
Tobit model 0.3041 (0.1794) 0.954 0.3046 (0.1804) 0.942 0.3053 (0.1869) 0.954
Two-part model 0.2459 (0.1653) 0.950 0.2114 (0.1590) 0.922 0.1481 (0.1509) 0.836
Quantile regression®  0.3094 (0.2237) 0.946 0.3094 (0.2237) 0.946 0.3058 (0.2201) 0.942
Two-part quantile 0.2611 (0.1914) - 0.1891 (0.1908) - 0.1636 (0.1998) —
model*®
Z, Complete-case 0.4043 (0.0828) 0.774 0.3513 (0.0797) 0.518 0.2484 (0.0757) 0.084
analysis
Fill-in with LOD/\/E 0.4549 (0.0829) 0.910 0.4222 (0.0781) 0.816 0.3382 (0.0655) 0.294
Tobit model 0.5007 (0.0898) 0.936 0.5003 (0.0903) 0.940 0.4990 (0.0937) 0.940
Two-part model 0.4043 (0.0828) 0.774 0.3513 (0.0797) 0.518 0.2484 (0.0757) 0.084
Quantile regression®  0.4993 (0.1120) 0.940 0.4993 (0.1120) 0.940 0.4936 (0.1100) 0.942
Two-part quantile 0.4365 (0.0971) - 0.3127 (0.0969) - 0.2801 (0.1016) —
model*®

# Effect of a variable on median of the outcome while others give those on mean of the outcome

b Standard error of estimates from 500 bootstrap replicates due to time limit

5.2.1 Case 1: Normally Distributed Outcome T,

Table 6 presents the results from the six methods described in Sect. 3.3. For all
missing rates, Tobit model and quantile regression method outperformed others in
terms of coefficient estimates and coverage probability. Even when the missing rate
was around 30%, the coverage probability of the Tobit model remained around the
desired level of 0.95 for both covariates. In contrast, the complete-case analysis and
filled-in method showed biased estimates and poor coverage probability for Z,. Fur-
thermore, they got severe for both covariates as the missing rate increased. The two-
part model and two-part quantile model showed attenuated estimates. As noted in
Sect. 3.3, the two-part models estimate the effects of the covariates on the outcome
conditional on the outcome being above the LOD. Thus, estimated coefficients are
not directly comparable with true values of 0.3 and 0.5.

5.2.2 Case 2: Skewed OutcomeT,

Table 7 shows the results for the skewed exposure-outcome 7. In this case, we
observed that the fill-in method surprisingly performed well up to the missing rate
around 10%. When further examining the distribution of the outcome by filling the
missing value with the single fixed value of LOD/\/E , we found it had little impact
on the original skewed distribution (see Figure A15). In contrast, Tobit model dis-
played biases and they got severe as the missing rate increased. Its poor performance
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Table 7 Results from six methods in outcome model when the exposure-outcome is skewed

Missing rate 5% 10% 30%

Method EST (SE) CP EST (SE) CP EST (SE) CP

Z
Complete-case analysis 0.1358 (0.2226) 0.894 0.1046 (0.2279) 0.848 0.0293 (0.2501) 0.812
Fill-in with LOD/\/§ 0.3058 (0.2191) 0.950 0.2925 (0.2197) 0.954 0.2446 (0.2179) 0.944
Tobit model 0.3328 (0.2274) 0.944 0.3718 (0.2383) 0.938 0.3727 (0.2777) 0.940
Two-part model 0.1358 (0.2226) 0.894 0.1046 (0.2279) 0.848 0.0293 (0.2501) 0.812
Quantile regression® 0.2974 (0.2382) 0.946 0.2945 (0.2380) 0.938 0.2878 (0.2344) 0.954
Two-part quantile model*® 0.3644 (0.2469) - 0.4326 (0.2498) — 0.3538 (0.2226) —

Z,
Complete-case analysis 0.2635 (0.1123) 0.442 0.1667 (0.1146) 0.184 0.0772 (0.1251) 0.074
Fill-in with LOD/\/E 0.4977 (0.1096) 0.958 0.4831 (0.1099) 0.944 0.4187 (0.1088) 0.898
Tobit model 0.5872 (0.1140) 0.898 0.6154 (0.1195) 0.824 0.6290 (0.1390) 0.862
Two-part model 0.2635 (0.1123) 0.442 0.1667 (0.1146) 0.184 0.0772 (0.1251) 0.074
Quantile regression® 0.4993 (0.1191) 0.948 0.4946 (0.1190) 0.956 0.4845 (0.1170) 0.958
Two-part quantile model*® 0.5781 (0.1236) - 0.6786 (0.1243) — 0.6657 (0.1213) -

# Effect of a variable on median of the outcome while others give those on mean of the outcome

b Standard error of estimates from 500 bootstrap replicates due to time limit

may be due to the normal assumption violation. Furthermore, the complete-case
analysis and two-part model showed dramatically biased results. As for the coverage
probability, it reached the value less than 0.10 for Z, when the missing rate is as high
as 30%.

Quantile regression performed well and produced reliable estimates close to the
true value of 0.3 and 0.5 for Z, and Z,, respectively, even when the missing rate
increased up to 30%. However, note that quantile regression estimates the effect
of covariates on the median of the outcome. The two-part quantile model showed
biased effects of covariates on the outcome compared to quantile regression. This
may be attributed to the nature of the two-part quantile model, which estimates the
marginal effect of the covariates on the outcome adjusted for the conditional out-
come being above the LOD.

6 Conclusions

In this paper, we investigate and compare various methods to model exposure
variables subject to LOD by leveraging real-world data from the NHANES data-
set and a series of simulation studies. We consider both cases of exposure vari-
ables as covariates and an outcome in a model. For the single exposure model, we
consider complete-case analysis, fill-in method, ML approach, missing-indicator
model, and multiple imputation. For the multiple exposures model with multiple
exposures as covariates simultaneously in a model, we consider complete-case
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analysis, fill-in method, missing-indicator model, and multiple imputation. Treat-
ing an exposure variable as an outcome in a model, we compare complete-case
analysis, fill-in method, Tobit model, two-part model, quantile regression, and
two-part quantile model. From the comparison of various methods, we provide
practical valuable insights in using the statistical models to address the LOD-
missing data in environmental health research projects.

In summary, our numerical investigations demonstrate that method perfor-
mance varies contingent upon distinct settings and modeling presumptions
related to LOD-influenced exposure variables. When the missing rate is low, all
methods perform similarly. As the missing rate increases, the fill-in method and
ML method could be sensitive to modeling assumptions of linearity and Gaussian
distribution. The complete-case analysis could suffer a significant loss of power.
The missing-indicator model generally delivers robust results, and the multiple
imputation method also performs well in single exposure models or when multi-
ple exposures are not highly correlated. But note that they bear different interpre-
tations, and thus the choice of methods should be guided by scientific questions.
When an exposure variable is modeled as an outcome, Tobit model provides a
suitable interpretation given a specific LOD value. Furthermore, if the exposure-
outcome distribution is skewed or the scientific interest is in tail quantiles rather
than in the center of the outcome distribution, quantile regression or two-part
quantile regression would be useful.

Generally, we suggest paying attention to the distribution of exposure varia-
bles and the trend of exposure effects in addition to the missing proportion due
to LOD. If the exposure variable deviates from the normal distribution or the
assumed parametric distribution, the ML approach is incorrect and would provide
biased results. On the other hand, the missing-indicator model is least affected
by modeling assumptions and shows better stability. Also, estimated effects from
mean regression and median regression would diverge as the normal distribution
assumption does not meet.

In conclusion, the methods exemplified in this paper are a collection that can
be useful for researchers to: 1) Assess the effects of one or more chemical expo-
sures on a health outcome; 2) Evaluate the effect of a covariate on a chemical
exposure; 3) Address the relationship between exposures and other variables in
various situations such as exposure measurements are handled as a mixture or
left-censored data, or one’s interest lies in modeling a quantile of the outcome
rather than the mean of the outcome.
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