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Abstract

Background—Environmental exposure and biomonitoring data with repeated measurements 

from environmental and occupational studies are commonly right-skewed and in the presence 

of limits of detection (LOD). However, existing model has not been discussed for small-sample 

properties and highly skewed data with non-detects and repeated measurements.

Objective—Marginal modeling provides an alternative to analyzing longitudinal and cluster data, 

in which the parameter interpretations are with respect to marginal or population-averaged means.

Methods—We outlined the theories of three marginal models, i.e., generalized estimating 

equations (GEE), quadratic inference functions (QIF), and generalized method of moments 

(GMM). With these approaches, we proposed to incorporate the fill-in methods, including single 

and multiple value imputation techniques, such that any measurements less than the limit of 

detection are assigned values.

Results—We demonstrated that the GEE method works well in terms of estimating the 

regression parameters in small sample sizes, while the QIF and GMM outperform in large-sample 

settings, as parameter estimates are consistent and have relatively smaller mean squared error. No 

specific fill-in method can be deemed superior as each has its own merits.

Significance—The marginal models for environmental exposure and biomonitoring data with 

repeated measurements and non-detects performed validity of statistical inference, especially in 

small-sample settings. In addition to the use of mixed effects models, these models will broaden 

and benefit the repeated measures data analysis in the field of exposure science.
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Impact Statement—Marginal modeling is firstly employed to analyze repeated measures data 

with non-detects, in which only the mean structure needs to be correctly provided to obtain 

consistent parameter estimates. After replacing non-detects through substitution methods and 

utilizing small-sample bias corrections, in a simulation study we found that the estimating 

approaches used in the marginal models have corresponding advantages under a wide range of 

sample sizes. We also applied the models to longitudinal and cluster working examples.

Keywords

marginal analysis; left censoring; right skewness; limit of detection; repeated measures; 
environmental exposure

Introduction

In environmental and occupational studies, repeated concentration measurements not 

detected or falling below limits of detection (LOD) of laboratory instruments are called 

left-censored repeated measures data. The unquantified non-detects are generally low-level 

concentrations with values between zero and LOD. Statistical models continue to arise for 

industrial hygienists to analyze left-censored environmental exposure and biomonitoring 

data with repeated measures in cluster and longitudinal studies because the estimation of the 

effect of exposure on risk of disease and the importance of within- and between-worker 

variability in occupational exposure have been increasingly acknowledged. Analytical 

results from laboratories, environmental contaminants, and occupational exposures, e.g., 

the concentration of an analyte in a biological urine or serum sample, or an environmental 

hand wipe or personal breathing zone air sample, are often subject to non-detects or left 

censoring and the data are skewed to the right. These measurements are usually collected 

from the same subject or the same study site. In such cases, statistical modeling of exposure 

and biomonitoring data can be complicated when repeated measurements are collected in a 

cluster or longitudinal study.

Statistical methods have been continuously proposed to analyze left-censored data sets. 

The substitution or single value imputation method, e.g., assigning a value (LOD/2 or 

LOD/ 2) [1, 2] for measurements less than the LOD, is commonly adopted by industrial 

hygienists. Unfortunately, there is no unique replaced value for this substitution or single 

value imputation method, and regression parameter estimation of the substitution method 

can be biased for high censoring proportion [1]. This substitution approach is also not 

advisable unless less than 10% of values are below the LOD [3]. Comparatively, the multiple 

random value imputation technique, e.g., creating imputed values based on throughout 

scatter of the dataset, has been advocated [3, 4, 5]. The use of a maximum likelihood 

(ML) estimation approach has also been shown to outperform other methods when the 

working model is well specified and the sample size is large [6, 7, 8, 20], but bias and 

imprecision are expected with the ML approach when sample size is small, i.e., fewer than 

50 detectable values, and/or censoring proportion is high, even though the distribution is 

correctly specified [7, 9, 10]. In addition, the ML method based on lognormal and Weibull 

distributions generates poor estimates when the true data distribution is mis-specified [11]. 

Recently, the β-substitution method deriving the calculation of a β factor based on the 
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uncensored data was presented to produce results comparable to the ML method, even 

when sample sizes were less than 20. Through a simulation study, this method has smaller 

biases and improved root mean squared errors relative to the LOD/2 and LOD/ 2 [12]. 

Another multiple imputation method utilized the actual data distribution to generate the 

relatively conjunct and ordered values has also been added to the approaches for handling 

left censoring [13, 14].

The use of linear mixed effects models incorporating ML estimation method for left-

censored data with repeated measurements has been discussed for modelling log-normal 

data in longitudinal infectious disease studies, in which correlation among measures is 

modeled using a random effect [15, 16, 17]. Nevertheless, a correctly specified distribution 

being assumed for the random effect is practically unknown. Another study recommended 

the use of mixed effects model for exposure and biomonitoring data with repeated measures 

while accounting for different levels of censoring [18]. Existing literature also assumes 

the data with correlated outcomes were log-normally distributed and transformed using a 

natural logarithm [18, 19]. However, the ML method can result in bias and imprecision in 

small-sample data even when distributional assumptions are met [20].

In contrast with random effects modeling, marginal modeling can be used as an alternative 

to analyzing small-sample data with repeated measurements, in which the use of simpler 

working correlation structures requires less nuisance covariance parameters to be estimated. 

Generalized estimating equations (GEE) are a special type of the marginal analysis. As 

long as mean structure is correctly specified, consistent regression parameter estimates can 

often be obtained under the assumption of a mis-specified working correlation structure 

[21]. This property also enables marginal modeling to utilize data with highly right-skewed 

outcome distributions. Furthermore, accurately modeling of the correlation structure can 

improve estimation efficiency, i.e., smaller standard errors (SEs) of regression parameters 

[22]. Another method of marginal analysis discussed in this manuscript is the generalized 

method of moments (GMM) [23], which takes advantage of all estimating equations and 

has widely developed in econometrics. Additionally, based on GEE and GMM methods, the 

quadratic inference functions (QIF) method [24] has been proposed to improve efficiency 

of estimators when the working correlation structure is mis-specified and in large-sample 

settings. This method rewrites GEE as a linear combination of sets of unbiased estimating 

equations for representing the inverse of the working correlation matrix. These marginal 

models are promptly available and regularly used for quantifying repeated measures 

data without censoring; however, they have not been carried out for data with repeated 

measurements and non-detects.

In this manuscript, we outline the theories of three marginal models, i.e., GEE, GMM, and 

QIF, and with these approaches, we propose to incorporate the fill-in methods, including 

single and multiple value imputation techniques, and β-substitution method such that any 

measurements less than the LOD are assigned values. We also will consider small-sample 

bias corrections for the empirical covariance estimators of regression parameter estimates 

[25 – 31]. Therefore, the resulting approaches will have the potential to perform better than 

the existing methods in small-sample settings. Secondly, we conduct a simulation study to 

compare the proposed methods and evaluate how well they estimate regression parameters 
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for exposure and biomonitoring data with repeated measurements under a range of sample 

sizes and LOD proportions. Finally, we illustrate the proposed methods using a longitudinal 

chlorpyrifos exposure dataset and a cluster flame retardant biomonitoring dataset.

Methods

In this section, we described the marginal models popularly used for analyzing repeated 

measures data without censoring, the substitution approaches proposed for filling in 

left-censored data without repeated measures, and the proposed methods for data with 

repeated measures and non-detects. With these proposed approaches, a simulation study 

will be presented later to examine the validity of inference and two real-world motivating 

applications will be demonstrated.

In the longitudinal application, the data were collected by the National Institute for 

Occupational Safety and Health (NIOSH), in which termite control workers who utilized 

chlorpyrifos-containing termiticides to commercial and residential structures in North 

Carolina in 1998 [32]. Thirty-seven male applicators participated in the study (number of 

independent subjects or N is 37). A total of 184 full-shift breathing zone air samples for 

determination of exposure levels of chlorpyrifos were measured from each applicator on 

consecutive days during a five-day workweek (number of repeated measures/time points 

or M is 5). Only one applicator had four-day air samples (M is 4). Here the correlation 

between any two time points decreases as the time lag increases. In the cluster application 

which was also conducted by NIOSH, four nail salons (number of independent subjects) 

located in the San Francisco area in California in 2016 were recruited [33]. Each nail 

salon had three workers (number of repeated measures/cluster sizes) and a total of twelve 

workers on site were asked to participate. Workers were required to provide spot urine 

samples at the workplace prior to their first-day shift and after their second-day shift 

for determination of biomonitoring level of diphenyl phosphate (DPhP), a metabolite of 

triphenyl phosphate (TPhP) which is one of the commonly used organophosphorus flame 

retardants. Repeated measures from the same company are typically positively correlated, 

which must be accounted for when performing data analysis. The measures are equally 

correlated because no ordering occurs with the participants within the company or industry, 

hence, the outcomes should be equally correlated. Note that unbalanced repeated measures 

(cluster sizes or time points) are permitted with the discussed study designs.

Marginal models

Generalized estimating equations (GEE) provide consistent regression parameter estimates 

as long as the mean structure is assumed to be correctly specified. Although the data analyst 

is required to incorporate a working correlation structure within the GEE, the structure 

does not need to be correctly clarified. However, accurately modeling this structure has the 

impact on improving estimation, i.e., reduce SEs of regression parameters [22]. We denote 

the observed exposure outcome for the ith subject as Y i = Y i1, …, Y iM
T , which connects to a 

marginal mean given by E(Y i Xi) = μi. The marginal mean is linked to independent variables 

via a function, f, such that f μij = xij
Tβ, where xij = 1, x1ij, …, xpij

T  and β = β0, β1, …, βp
T , 

i = 1, …, N; j = 1, …, M. The working covariance matrix for Y i is V i = Ai
1/2RiAi

1/2, 
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diagonal matrix Ai = diag ϕυ μi1 ,   …,   ϕυ μiM  represents marginal variances, including a 

scale parameter, ϕ, assuming common dispersion and a known function, υ . , and Ri is a 

symmetric positive definite working correlation matrix. Let Di = ∂μi/ ∂βT  and incorporate 

the GEE approach into marginal model, the estimates of regression parameters, βGEE, can be 

obtained by iteratively solving

∑i = 1
N Di

TAi
−1/2Ri

−1Ai
−1/2 Y i − μi = 0 .

[1]

Generalized Method of Moments (GMM) method constructs a vector, gi β , consisted 

of all moment conditions from ith subject, i = 1, …, N, corresponding to the p+1 

parameters’ estimation such that E gi β = 0. The vector is created by stacking all M2

valid moments according to each parameter so that the maximum length of gi β  is 

M2 × p + 1 . The GMM estimator, βGMM, derived by minimizing the quadratic form, 

NgN
T β CN

−1 β gN β , asymptotically resolves the estimating equations NġN
T β CN

−1 β gN β = 0, 

where ġN β = E ∂gN β / ∂βT , gN β = 1/N ∑i = 1
N gi β , and CN β = 1/N ∑i = 1

N gi β gi
T β  is an 

empirical covariance matrix [23].

Quadratic inference functions (QIF) method rewrites GEE as a linear combination of k sets 

of unbiased estimating equations through correlation structures such that Ri
−1 ≈ ∑r = 1

k αriMri. 

With this approach, Mri, r = 1, …, k; i = 1, …, N, are known basis matrices and αri

are functions of correlation parameters. These estimating equations can then be optimally, 

linearly stacked through the GMM method [24]. Two basis matrices are typically employed 

for exchangeable and first-order autoregressive (AR-1) working correlation structures used 

in cluster and longitudinal studies, correspondingly. For both structures, M1i is an identity 

matrix. M2i is a matrix with 0 on the diagonal and 1 elsewhere for exchangeable structure, 

and with 1 on the sub-diagonal and 0 elsewhere for AR-1 structure.

The robust and empirical sandwich estimator of marginal models increasingly used in 

practice is because it provides consistency for estimates of regression parameter SEs 

whether the working correlation structure is correctly specified. However, when the number 

of subjects, N, is not large, this estimator can be negatively biased because the estimated 

residuals, e i = Y i − μi, i = 1, …, N, are too small on average [25] and, when estimating β, 

the covariance inflation, increasing estimation variability, for Cov β  results from the use 

of estimated correlation parameters in Ri or estimated covariance parameters in CN [26, 

28, 34]. Therefore, corrections were utilized for the bias from the use of residual vectors, 

such as the corrections of Mancl and DeRouen [25] and Kauermann and Carroll [35]. 

The two well-known methods, along with other corrections, have been demonstrated to 

outperform for bias correction. Nonetheless, in practice, either the correction of Kauermann 

and Carroll [35] and the average of these two corrected methods from Ford and Westgate 

[28, 31] may be most desirable. Adjustment to any covariance inflation occurring with the 

use of empirical covariance matrix or correlation matrix for the three estimating equation 

approaches was also recommended [26 – 29].
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Substitution methods

There are two major imputation techniques that are generally used for environmental 

monitoring and exposure assessment samples measured less than or below the LOD. We 

did not advocate direct truncation for the left-censored values because this method might 

alter the results of central tendency and variability or dispersion, thus decreasing accuracy 

and precision. Zero replacement for values below the LOD is also not supportive because the 

logarithmic zero is undefined if the data distribution is log-transformed.

Single value imputation techniques, such as LOD/2 or LOD/ 2 [1, 2], and β-substitution 

method [12], assigning a value to a range between 0 and the LOD is the most popular 

technique adopted for conducting summary statistics. See Appendix A of Ganser and Hewett 

[12] for detailed β-substitution method algorithm and Appendix B’s spreadsheet for example 

demonstration. Multiple value imputation techniques provide an increasingly attractive 

alternative for exposure and biomonitoring data with left censoring [3 – 5]. They employ 

a ML estimation and a bootstrap procedure, i.e., randomly sampling with replacement, to 

estimate distribution parameters based on the uncensored data and the censoring proportion 

so that a common parametric distribution with the estimated parameters can be used for 

imputing values for observation below the LOD [36]. With these methods, the imputed 

values can also be generated using a regression of an exposure measurement on covariate(s) 

[3]. More recently, multiple order value imputation was proposed by depicting the natural 

logarithm of the uncensored exposure and biomonitoring concentration levels versus the 

Z-scores to fit a linear equation regularly presented in a QQ-plot [13, 14]. All the 

substitution methods discussed here were also listed in the manuscript of Pleil [14]. Note 

that R functions implementing the β-substitution and QQ-plot methods were provided in 

Supplementary Material.

Proposed methods

Because of the popularity of marginal models and lack of the use of these models in 

environmental monitor and exposure assessment, we propose to develop marginal models 

in which the observations of exposure outcome, Y i = Y i1, … , Y iM
T , i = 1, …, N, below the 

LOD are substituted with either single value imputation, multiple random value imputation, 

or multiple ordered value imputation method. This outcome or dependent variable represents 

the exposure and biomonitoring level measured for the in ith subject at the jth measurement. 

Substitution is performed for each non-detectable jth, j = 1, …, M, observation measured 

in the ith subject. The proposed marginal models then utilize all estimating equations, and 

estimations of regression parameter, standard error (SE), and correlation parameter in Ri or 

Ri
−1 are carried out in the same manner as with marginal models. When repeated measures 

are in a cluster study, exchangeable or compound symmetry structure is accommodated to 

the working correlation matrix, Ri, while AR-1 will be used in a longitudinal data set. We 

note that small-sample corrections of estimated residuals and SE, such as the ones discussed 

for the existing marginal models, can be applied with our modified marginal models.
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Simulation study

We now compare the performances of small-sample regression parameter estimation of the 

proposed approaches featuring combinations of two estimation approaches (GEE and QIF) 

with an AR-1 working correlation structure and five substitution methods for right-skewed 

and left-censored exposure and biomonitoring data with correlated exposure outcomes. The 

substitution methods include [14]:

1. Single value imputation with the use of LOD/2.

2. Single value imputation calculating a β factor to adjust each non-detectable value 

below the LOD, i.e., LOD/β.

3. Multiple random value imputation using bootstrapping and omitting covariate 

information that corresponds to exposure outcome [37].

4. Multiple random value imputation accounting for covariates that contain cluster 

identification number used in both cluster and longitudinal studies and order of 

time points within each cluster regularly required in a longitudinal study.

5. Multiple ordered value imputation using a linear equation fit in a QQ-plot to 

obtain the imputed values regressed on the calculated Z-scores.

Settings of the simulation study consist of either 30, 100, or 500 subjects (N) presenting 

small, moderate, and large sample sizes. Each subject contributes three repeated measures 

(M) that represent the size of cluster or the number of time points. Each setting is 

conducted through 1,000 simulations. All simulations with results provided in Figures 1–

3 and supplementary Tables S1–S8 for the proposed approaches were carried out using 

R version 4.2.2 [38]. Moreover, we utilized one data generating model motivated by 

the literature of parametric repeated measures models [18, 29, 39] with the censoring 

proportions subjected to 10%, 20%, and 30% censoring. The marginal model is generated 

from log Y ij = β0 + β1x1i + β2x2i + γi + εij, i = 1, …, N; j = 1, …, M, where Y ij is the jth 

measurement for the ith subject, x1i and x2i are independent variables following Bernoulli 

and uniform distributions of Bernoulli(0.5) and Uniform(0, 1), respectively, and γi and εij, 

are mutually independent random effects, in which two scenarios are accounted for in the 

model. Scenario 1 assumes that the random effects are normally distributed with mean 0 and 

variance 1 (GEE in Table S1 and QIF in Table S2), whereas a true AR-1 correlation structure 

is formed in scenario 2 (GEE in Table S3 and QIF in Table S4). Because the working 

correlation structures employed in this study are AR-1, all structures are mis-specified in 

scenario 1 (upper panels of Figures 1–3) but correctly specified in scenario 2 (lower panels 

of Figures 1–3). The true values of β0 = 0 and β1 = β2 = 1 are corresponded to the marginal 

intercept and slopes. The two scenarios were also carried out using the GMM approach, as 

the results were shown in Tables S5 and S6. If Y ij < LODij, then Y ij is replaced using the 

listed substitution methods. In addition to assume that the random effects are log-normally 

distributed, we further account for a highly skewed pattern, i.e., skewed after logarithmic 

transformation, assuming the random effects follow a chi-squared distribution with two 

degrees of freedom (d.f.). Same simulation settings as the ones in scenarios 1 and 2 and 

mis-specified working correlation structures are utilized, and the results are provided in 

supplementary Tables S7 and S8. Note that the GMM method performed poorly in terms 
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of small-sample regression parameter estimation and validity of inference. Therefore, we 

initially do not consider it within this manuscript. Instead, we place its results of estimation 

and inference in Supplementary Material.

To assess the differences in estimation performances of the two estimation approaches and 

the five substitution methods, we present empirical biases, empirical mean squared errors 

(MSEs), and ratios of MSEs from non-intercept parameters, in which we refer to as relative 

efficiencies (REs), in Figures 1–3. For any given RE, the numerator is the MSE from the use 

of LOD/2, and the denominator is the MSE for the other substitution method. The modeling 

option that performs best therefore has the largest ratio. We also present empirical coverage 

probabilities (CPs) from corresponding 95% confidence intervals (CIs) which utilize the 

average of Mancl and DeRouen [25] and Kauermann and Carroll [35] corrections from Ford 

and Westgate [31], denoted by CPAVG (Figure 4).

Results

In Figure 1, the QQ-plot method had smaller empirical biases in either scenario and in either 

GEE or QIF estimation approach. For scenario 1 with structures incorrectly specified, the 

GEE approach had relatively lower MSEs compared to the QIF approach in either sample 

size setting. The REs indicated that the use of β-substitution method performed best overall 

in terms of regression parameter estimation. However, when sample size is large (N = 

500), the QIF demonstrated an efficiency advantage over the GEE based on the results of 

MSEs, and the QQ-plot method outperformed the other substitution methods, especially for 

censoring = 30% (Figures 2 and 3). The empirical CPs using the average of corrections were 

around the nominal value of 0.95 for the marginal models utilizing either the GEE or the 

QIF approach and incorporating different substitution methods when N ≤ 100 and censoring 

≤ 20%. When censoring reached 30%, only β-substitution and QQ-plot methods resulted in 

near-nominal empirical CPs (Figure 4; Tables S1 and S2).

When the working and true structures were AR-1 in scenario 2, MSE results of the GEE 

and QIF approaches were similar to the results observed in scenario 1 (Figure 2). RE 

results corresponding to the QQ-plot method worked very well among all sample size and 

censoring settings (Figure 3). Furthermore, the QQ-plot method maintained near-nominal 

95% CPs for censoring ≤ 30%. Regarding censoring ≤ 20%, the CPs of the β-substitution 

method were close to the value of 0.95 in either N = 30 or 100, whereas the LOD/2 

substitution method had appropriate CPs when N = 30 (Figure 4; Tables S3 and S4). The 

summary results of REs and CPs for either scenario are provided in Table 1.

Additionally, the QQ-plot performed better over the other methods under different 

censorings and had near-nominal CPs for the GMM when N = 500 (Tables S5 and S6). 

When a skewed chi-squared distribution occurred with the exposure outcome data, the GEE 

approach was recommended for small (N = 30) and moderate (N = 100) sample sizes, while 

the QIF was favorable for large sample size (N = 500). Based on the simulation results of 

CPs and REs, both the LOD/2 substitution and β-substitution methods were advocated. The 

two multiple imputation techniques were also considerable because empirical CPs were near 

nominal (Tables S7 and S8).
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Tests using real-world data

We applied the existing and proposed methods to a longitudinal study in which 37 

applicators (number of independent subjects or N) with 184 breathing zone air samples were 

measured in four or five time points (number of repeated measures or M) [32]. The analytic 

LODs ranged from 0.05 to 0.2 μg/sample and the maximum chlorpyrifos exposure level was 

73 μg/sample. All laboratory air mass data in μg/sample were converted to concentrations in 

μg/m3 by dividing by the air sample volumes. The percentage of chlorpyrifos levels below 

the LOD was 1.63%, i.e., only three of 184 samples were censored. The distribution of 

the concentrations was skewed to the right and the exposure data were considered being 

log-normally distributed based on an examination of quantile-quantile (QQ) plot.

The marginal model we adopt was given by μij = β0 + β1 x1ij = 1 + β2x2ij, where μij is the ith 

applicator’s mean log-transformed airborne chlorpyrifos concentration during the jth 5-day 

workweek, x1ij is an indicator for enclosed crawl space, and x2ij is minutes of chlorpyrifos 

application on the sample collected day [32]. The data were analyzed using GEE and 

QIF estimation approaches, along with five substitution methods, with an AR-1 working 

correlation structure. The GMM approach was excluded because of its low precision in 

small-sample estimation. Table 2 provides regression parameter estimates and bias-corrected 

empirical SE estimates. To explore repeated measures data with higher censoring proportion, 

the laboratory air mass data were also artificially censored at the 20th percentile (20%). All 

approaches yield same directions and similar magnitudes for regression parameter estimates 

when the data were subject to low censoring. Both β-substitution and QQ-plot methods in 

either GEE or QIF approach produce smaller SE estimates when censoring level reached 

20%, revealing the two method’s potential for efficiency improvement and being consistent 

with the simulation results. Specifically, minutes chlorpyrifos applied and whether crawl 

space was treated were significantly associated with increased chlorpyrifos exposure. The 

correlation parameter estimates used to construct the AR-1 correlation structure ranged from 

0.50 to 0.56, expressing moderate correlation among air samples collected from the same 

applicator.

The discussed methods were also carried out in a cluster study of NIOSH, which recruited 

four nail salons (number of independent subjects) and each nail salon had three workers 

(number of repeated measures) [33]. The analytic LOD was 0.16 μg/L and the maximum 

DPhP metabolite level was 2.39 μg/L. All urinary sample data in μg/L were converted in 

μg/g by adjusting for their creatinine levels in mg/dL. There were three of 12 workers’ 

DPhP pre-shift levels subject to censoring or below the LOD, i.e., 25% censoring. A 

visual determination of the Q-Q plot indicated that the data were normal. Therefore, no 

transformation was applied to the DPhP pre-shift concentrations.

The marginal model was given by μij = β0 + β1 x1ij = 1 , where μij is the mean concentration 

collected from the jth urine pre-shift sample of the ith worker and x1ij is an indicator 

of whether the worker worked the previous day or worked two or more days ago [33]. 

We analyze the data using the same methods as in the longitudinal example, but with an 

exchangeable working correlation structure. Table 3 presents the estimates of regression 

parameter and empirical SE are presented. Results demonstrated that workers who had last 
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worked two or more days ago had lower DPhP pre-shift concentrations relative to those 

who worked the previous day. When focusing on the preferable GEE approach for small 

number of clusters, all substitution methods yield same directions and but have different 

magnitudes for regression parameter estimates and SE estimates. To choose an appropriate 

method, we extend the correlation information criteria (CIC) for use in the setting, as it has 

gained popularity in simultaneously selecting estimation approaches with different working 

correlation structures [29, 40, 41]. Specifically, the CIC value is calculated by utilizing the 

trace of ΣI
−1ΣBC, in which ΣI = ∑i = 1

N Di
TAi

−1Di
−1 and ΣBC denotes small-sample corrected 

estimate of Cov β  for any candidate method under consideration. Therefore, the method 

yielding the smallest CIC will result in the least variable regression parameter estimates. In 

short, the CIC values indicate that the methods of β-substitution and multiple random value 

imputation with covariate of cluster identification number are preferable for this dataset.

Discussion

Environmental exposure and biomonitoring data with repeated measurements in longitudinal 

and cluster studies are known to generally be subject to left censoring. Marginal models 

are appropriate when focusing on inferences about the population average [42] but these 

models have not been carried out in the literature on exposure and biomonitoring data 

with repeated measures and non-detects. Therefore, we proposed incorporating available 

fill-in or substitution methods for utilizing detects below the LOD into three estimating 

approaches, i.e., GEE, QIF, and GMM, in which consistent regression parameter estimates 

can be obtained even when a working correlation structure is incorrectly specified [21]. 

Additionally, we implemented recently developed small-sample corrections to estimators 

of covariance matrix corresponding to regression parameter estimates. Through bias 

corrections, the GEE approach is expected to potentially improve upon the QIF performance 

when the number of subjects (N) is small. The QIF approach performed better in terms of 

estimating the regression parameters in moderate and large sample sizes in the simulation 

study in consequence of its theoretical efficiency. In Supplementary Material, the GMM 

approach was shown to have invalid inference if the sample size is not large even when 

small-sample corrections are implemented, for instance, CPs had notable departures from 

the nominal 0.95 level. The finding was consistent with the study of Newey and Smith [43], 

which specified that unreliable inferences for the GMM would result from utilizing many 

moment conditions, e.g., increasing the number of time points or cluster sizes, relative to 

the sample size. The GMM was demonstrated to have valid inferences when the sample size 

is large. However, we do not advocate its use in practice because the validity of inference 

would be questionable when the number of time points increases.

Even though we only accounted for parsimonious AR-1 and exchangeable working 

correlation structure for marginal models in this manuscript, other working matrices are 

available for the GEE approach, including exponential, Toeplitz, and unstructured working 

structures [27]. The unstructured form can also be incorporated with the QIF approach [44]. 

Including an AR-1 working structure to longitudinal exposure and biomonitoring data with 

repeated measures and non-detects is an additional advantage because it is favored over the 

other structures in a longitudinal study. Furthermore, based on literature, random effects 
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models used for analyzing left-censored repeated measures exposure and biomonitoring data 

do not accommodate the use of AR-1 because the covariance matrix of the random error 

term corresponding to the subject level cannot be clarified [18].

Our simulation study and two application examples conducted marginal models for 

continuous responses and multiple covariates, i.e., univariable and multivariable analyses. 

The longitudinal example was demonstrated that subjects with varying numbers of time 

points are allowable. Similarly, unbalanced cluster sizes can also be implemented to any 

cluster exposure and biomonitoring data. Note that software such as the SAS procedure 

GLIMMIX [45], e.g., which can be used for GEE analyses and data with varying numbers of 

time points or cluster size, can accommodate the user with the two well-known corrections 

and further average these two corrections. In the simulations and examples, a single LOD 

or unique censoring proportion and multiple LODs were also permittable. A follow-up topic 

for future research using longitudinal data is to account for time-varying covariates and to 

select the type of time-dependency a covariate belongs to [29, 46].

The study has some limitations. The substitution methods we considered as options are 

generally used for calculating summary statistics for real-world left-censored environmental 

and biological data. Regardless of the chosen method, all imputed values are not real 

data but rather estimated values for measurements that are subject to LOD of laboratory 

instruments and contain unobserved errors. Additionally, the methods of multiple imputation 

and Q-Q plot require a common parametric distribution, e.g., log-normal distribution, 

with the estimated parameters obtained from the uncensored data to impute values 

for observations below the LOD. These methods might result in biased or unstable 

statistics when exposure and biomonitoring data are asymmetric after log-transforming 

[20]. Although the methods of LOD/2 and β-substitution are difficult to perform standard 

normality tests, they are easier to implement and calculate. Another limitation is that all 

imputed values for measurements falling below the LOD are assumed to be independent. 

There is no difference in the estimate of interest when incorrectly ignoring the correlation. 

However, disregard of the correlation will result in positively biased SE estimates, i.e., 

incorrect estimates of the sampling variability. In such cases, future work can be developed 

by imputing values based on truncated multivariate normal distribution for log-normal 

repeated measures data with non-detects [3] or taking truncated multivariate gamma 

distribution into account for right-skewed data. However, the desired imputation techniques 

are still constrained by the distributional assumption. Treating the non-detects as non-

random missingness and applying a penalized expectation-maximization algorithm might 

also be considerable [47].

Because of the increasingly multilevel or hierarchical exposure and biomonitoring data 

regarding multiple levels of outcomes, future work for other marginal models is needed. 

Although the primary focus in this manuscript is on statistical inference, improvement of 

empirical power can be further considered for other topics of interest corresponding to 

environmental monitoring and exposure assessment data.
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Conclusions

Only working mean and covariance structures are necessary to be specified for the popular 

estimating approaches, i.e., GEE, QIF, and GMM, used for the marginal analysis of 

correlated data. Furthermore, only the mean structure needs to be correctly provided to 

obtain consistent parameter estimates. After incorporating substitution methods for replacing 

non-detects below the LOD and utilizing small-sample bias corrections, the GEE approach 

is expected to outperform the others when the number of subjects is small, while the QIF 

approach performed better in moderate and large sample size. Although the replacement 

for non-detectable values is warranted, through the simulations, we suggested the uses 

of β-substitution and QQ-plot methods for log-normal data with repeated measurements 

and left censoring, and LOD/2 and β-substitution, as well as multiple imputations, were 

recommended for highly skewed data.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. Comparisons of empirical biases.
Simulation results for the marginal model comparing two estimation approaches, GEE 

and QIF, and five substitution methods, LOD/2 substitution, β-substitution (Beta), multiple 

random value imputations without (W/O Cov.) and with covariates (With Cov.), and 

multiple ordered value imputation (QQ-Plot) for log-normal data. Empirical bias is the mean 

difference between the estimated value and the true parameter value of β1 or β2 for 1,000 

simulations. N is the number of subjects. % Censor is the censoring proportion.
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Figure 2. Comparisons of empirical mean squared errors.
Simulation results for the marginal model comparing two estimation approaches, GEE 

and QIF, and five substitution methods, LOD/2 substitution, β-substitution (Beta), multiple 

random value imputations without (W/O Cov.) and with covariates (With Cov.), and multiple 

ordered value imputation (QQ-Plot) for log-normal data. Empirical mean squared error 

(MSE) is the average squared difference between the estimated value and the true parameter 

value of β1 or β2 for 1,000 simulations. N is the number of subjects. % Censor is the 

censoring proportion.
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Figure 3. Comparisons of relative efficiencies.
Simulation results for the marginal model comparing two estimation approaches, GEE 

and QIF, and five substitution methods, LOD/2 substitution, β-substitution (Beta), multiple 

random value imputations without (W/O Cov.) and with covariates (With Cov.), and multiple 

ordered value imputation (QQ-Plot) for log-normal data. Relative efficiency (RE) is the ratio 

that, for each sample size or number of subjects (N) and censoring proportion (% Censor), 

compare the empirical MSE from the LOD/2 substitution method to the MSE from the other 

substitution method.
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Figure 4. Comparisons of coverage probabilities.
Simulation results for the marginal model comparing two estimation approaches, GEE 

and QIF, and five substitution methods, LOD/2 substitution, β-substitution (Beta), multiple 

random value imputations without (W/O Cov.) and with covariates (With Cov.), and multiple 

ordered value imputation (QQ-Plot) for log-normal data. Coverage probability represents 

(CPAVG) corresponding 95% confidence intervals which utilize the average of two bias 

corrections. The coverage probabilities falling within a near-nominal range of 0.936 and 

0.964 are shaded. N is the number of subjects. % Censor is the censoring proportion.
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Table 1.

Summary results of relative efficiencies (RE) and coverage probabilities (CPAVG) in scenarios 1 and 2 of the 

simulation study.

Misspecified Structures Correctly Specified Structures

Performance N % Censoring Estimation 
Approach Substitution Method Estimation 

Approach Substitution Method

RE 30 10 GEE All Methods GEE All Methods

20 GEE All Methods GEE All Methods

30 GEE All Methods GEE All Methods

100 10 GEE All Methods GEE All Methods

20 GEE All Methods GEE All Methods

30 GEE All Methods GEE All Methods

500 10 QIF All Methods QIF All Methods

20 QIF QQ-plot QIF All But Beta-
Substitution

30 QIF QQ-plot QIF QQ-plot

CPAVG 30 10 GEE & QIF All Methods GEE & QIF All Methods

20 GEE & QIF All Methods GEE & QIF All Methods

30 GEE & QIF Beta-Substitution & QQ-
plot

GEE & QIF QQ-plot

100 10 GEE & QIF All Methods GEE & QIF All Methods

20 GEE & QIF All Methods GEE & QIF All Methods

30 GEE & QIF Beta-Substitution & QQ-
plot

GEE & QIF QQ-plot

500 10 GEE & QIF All Methods GEE & QIF All Methods

20 GEE & QIF All Methods GEE & QIF All But Beta-
Substitution

30 GEE & QIF Beta-Substitution & QQ-
plot

GEE & QIF QQ-plot

N, number of subject; RE, relative efficiency is a ratio that, for each sample size (N) and percent censoring, compare the empirical MSE from 
the LOD/2 substitution method to the MSE from the other substitution method; CPAVG, coverage probability from corresponding 95% confidence 
intervals which utilize the average of two bias corrections.
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Table 2.

Parameter estimates, bias-corrected standard error estimates (in parentheses), and corresponding correlation 

parameter estimates resulting from analyses of the chlorpyrifos data.

% 
Censoring Covariate

LOD/2 
Substitution

Beta-
Substitution

Imputation 
Without 

Covariates

Imputation 
With Covariates QQ-plot

1.63 GEE Minutes Applied 0.006 (0.002) 0.006 (0.002) 0.006 (0.002) 0.006 (0.002) 0.006 
(0.002)

Crawl Space 
Treated 0.612 (0.103) 0.614 (0.102) 0.614 (0.102) 0.613 (0.102) 0.618 

(0.102)

Estimated 
Correlation 0.546 0.557 0.558 0.555 0.568

QIF Minutes Applied 0.008 (0.002) 0.007 (0.002) 0.007 (0.002) 0.007 (0.002) 0.007 
(0.002)

Crawl Space 
Treated 0.638 (0.105) 0.636 (0.104) 0.635 (0.104) 0.636 (0.104) 0.635 

(0.104)

20 GEE Minutes Applied 0.008 (0.002) 0.007 (0.002) 0.008 (0.002) 0.007 (0.002) 0.005 
(0.002)

Crawl Space 
Treated 0.713 (0.130) 0.664 (0.116) 0.726 (0.129) 0.549 (0.159) 0.540 

(0.090)

Estimated 
Correlation 0.556 0.553 0.532 0.501 0.564

QIF Minutes Applied 0.009 (0.002) 0.008 (0.002) 0.009 (0.003) 0.007 (0.002) 0.007 
(0.002)

Crawl Space 
Treated 0.725 (0.137) 0.683 (0.120) 0.734 (0.132) 0.621 (0.143) 0.568 

(0.091)

GEE, generalized estimating equations; QIF, quadratic inference function.
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Table 3.

Parameter estimates, bias-corrected standard error estimates (in parentheses), and correlation parameter 

estimates resulting from analyses of the flame retardant data.

Covariate

LOD/2 
Substitution Beta-Substitution

Imputation 
Without 

Covariates

Imputation With 
Covariates QQ-plot

GEE Last Shift Worked

Previous Day Reference Reference Reference Reference Reference

Two or More Days Ago −0.76 (0.17) −0.72 (0.11) −0.80 (0.09) −0.59 (0.12) −0.36 (0.43)

Estimated Correlation 
Parameter in Ri

−0.03 −0.21 −0.03 −0.25 −0.29

CIC 1.67 0.95 1.35 0.89 1.18

QIF Last Shift Worked

Previous Day Reference Reference Reference Reference Reference

Two or More Days Ago −0.73 (0.08) −0.69 (0.08) −0.59 (0.10) −0.91 (0.17) −0.71 (0.21)

GEE, generalized estimating equations; QIF, quadratic inference function; CIC, correlation information criteria.
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