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Studies of determinants of occupational exposure frequently involve left-censored lognormally
distributed data, often with repeated measures. Left censoring occurs when observations are
below the analytical limit of detection (LOD); repeatedmeasures data results from taking mul-
tiple measurements on the same worker. A common method of dealing with this type of data
has been to substitute a value (such as LOD/2) for the censored data followed by statistical
analysis using the ‘usual’ methods. Recently, maximum likelihood estimation (MLE) methods
have been employed to reduce bias associated with the substitution method. We compared sub-
stitution and MLE methods using simulated lognormally distributed exposure data subjected
to varying amounts of censoring using two procedures available in SAS: LIFEREG and
NLMIXED. In these simulations, the MLE method resulted in less bias and performed well
even for censoring up to 80%, whereas the substitution method resulted in considerable bias.
We illustrate the NLMIXED procedure using a dataset of chlorpyrifos air measurements col-
lected from termiticide applicators on consecutive days over a 5-day workweek. We provide
sample SAS code for several situations including one and two groups, with and without
repeated measures, random slopes, and nested random effects.

Keywords: censoring; exposure determinants; limit of detection; LOD; NLMIXED; occupational exposure;
repeated measures; SAS

INTRODUCTION

Statistical models are increasingly used to study the
determinants of occupational exposure (e.g. Hines
and Deddens, 2001; Lavoué et al., 2005). In these
models, the dependent variable is exposure, that
is, the amount or concentration of a substance in a bi-
ological (e.g. exhaled breath, urine, or blood) or en-
vironmental (e.g. dermal or air) sample and the
independent variables might include job characteris-
tics, work practices, process information, personal

protective equipment use, or engineering controls.
Often the exposure data are right-skewed and can
be assumed to follow a lognormal distribution
(Leidel et al., 1977). Statistical modeling of expo-
sure data can be complicated when repeated meas-
urements on workers are collected and in the
presence of left-censored exposure data.

The importance of within- and between-worker
variability in occupational exposure has long been
recognized (Kromhout et al., 1993) and the case
for collecting repeat exposure measurements well
documented (Rappaport et al., 1995; Checkoway
et al., 2004). For example, when within-worker var-
iability is high, multiple exposure measurements
per worker are required to accurately characterize
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a worker’s exposure. Repeated measures data, how-
ever, can complicate modeling because measure-
ments collected from the same worker or the same
study site (when multiple study sites are studied)
cannot be assumed to be independent. A second
complication, left censoring, occurs when the mea-
surement procedure has a limit of detection (LOD)
and observations fall below this limit. The presence
of data below the LOD has been termed Type I cen-
soring (Lawless, 2003). For samples below the
reported detection limit, laboratories typically pro-
vide no additional information. Furthermore, the
data might be subject to multiple detection limits
due to varying laboratory detection limits (i.e. detec-
tion limits may vary over time as analytical methods
change, by batch or technicians within laboratories
and across laboratories) or the introduction of multi-
ple limits when laboratory results (e.g. milligrams of
substance per sample) are expressed as a concentra-
tion (e.g. milligrams of substance per cubic meter of
air collected). Left censoring can complicate analy-
ses because traditional methods require a quantitative
value for each observation. Statistical methods are
readily available and widely used for analyzing
repeated measures data without censoring (e.g.
mixed-effects regression models) and for analyzing
left-censored data without repeated measures (e.g.
substitution methods, imputation methods, and tobit
regression; Helsel, 1990); however, statistical meth-
ods for ‘left-censored repeated measures data’ (e.g.
Pettitt, 1986; Hughes, 1999), while available, have
not been widely adopted.

Regardless of whether the data include repeated
measures, a convenient method of analyzing cen-
sored data has been to substitute a common value
(e.g. LOD/2) for values below the LOD and pro-
ceed with the ‘usual’ statistical analysis. A review
of methods used by occupational hygienists to eval-
uate determinants of exposure indicated wide use
of the so called ‘substitution method’ (Burstyn and
Teschke, 1999). Hornung and Reed (1990) showed,
for nonrepeated measures data, that the LOD/2 sub-
stitution method should only be used when the data
are highly skewed (i.e. GSD is ��3.0) and recom-
mended that substitution with LOD/O2 be used in
other situations. Moreover, they used statistical sim-
ulation to show that substitution with LOD/2 or
LOD/O2 could result in substantial bias when the
proportion of censored data was large. For this
reason, the use of maximum likelihood estimation
(MLE) methods has been promoted (Helsel, 1990,
2006). MLE is a statistical method to fit paramet-
ric models and obtain estimates that maximize the
likelihood of observing the collected data. The max-

imum likelihood (ML) estimator has various desir-
able properties, including consistency, asymptotic
unbiasedness, and efficiency (van der Vaart, 2000).
The mechanism of left censoring can be incorpo-
rated into parametric models; therefore, MLE can
be used to estimate model parameters of left-
censored data (Amemiya, 1973, 1984).

Historically, optimization of the likelihood func-
tion of censored data was often computationally
intensive. For example, Hornung and Reed (1990)
used the Hald method to calculate ML estimates of
the mean and standard deviation of left-censored
lognormal data. Rather than recommend its use, they
presented the Hald method as a standard to compare
the two substitution methods because the Hald
method involved laborious calculations and the use
of two different sets of tables. Advances in statistical
computing have led to better algorithms for optimiz-
ing the censored likelihood function.

More recently, Hewett and Ganser (2007) reviewed
various methods of estimating parameters (i.e. the
mean and 95th percentile) of right-skewed left-
censored exposure data. Based on statistical simula-
tions, they concluded that the standard MLE method
was the overall best method and mentioned that this
method could now be easily implemented using the
solver function of most computer spreadsheets
(e.g. Finkelstein and Verma, 2001). Krishnamoorthy
et al. (2009) proposed a model-based multiple impu-
tation approach for analyzing sample data with non-
detects. Flynn (2010) used the Microsoft Excel
Solver tool to estimate the mean and standard devia-
tion for several real exposure datasets subject to left
censoring and Gillespie et al. (2010) described the
use of reverse Kaplan–Meier estimators for estimat-
ing population means and percentiles from data with
values below the LOD. All these methods, as cur-
rently presented, do not handle censored data within
the repeated measures experimental design.

MLE using SAS procedures (SAS Institute Inc.,
Cary, NC, USA) has been used to analyze left-
censored exposure data in a variety of settings.
Slymen et al. (1994) illustrated the use of the LIFE-
REG procedure to fit simple regression models to
left-censored normal data in an environmental bioac-
cumulation study that did not involve random effects.
Thiébaut and Jacqmin-Gadda (2004) and Thiébaut
et al. (2006) applied the NLMIXED procedure to lon-
gitudinal repeated measures lognormal data subject
to left censoring in an infectious disease study. These
methods, however, have not been widely adopted
by occupational hygienists, possibly due to accessibil-
ity (Ogden, 2010). It is also not clear that how well
they perform for large amounts of censoring.
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In this paper, we outline the theory for left-censored
lognormal data (with and without repeated measures)
and summarize two SAS procedures that can be used
to analyze left-censored exposure data using MLE
methods, with emphasis on demonstrating the
NLMIXED procedure to fit mixed-effects models to
log-normally distributed occupational exposure data
with repeated measurements. We present a simulation
study to compare and evaluate the performance of es-
timates based on LOD/2 substitution and MLE meth-
ods for lognormally distributed data under a wide
range of censoring levels. Finally, we illustrate the
use of the NLMIXED procedure for the repeated meas-
ures model using a dataset of chlorpyrifos exposure
measurements subject to left censoring at the LOD.

METHODS

Censored lognormal distribution

Let y be an observed exposure level following
a lognormal distribution with geometric mean
(GM) el and geometric standard deviation (GSD)
er. The probability density function of y is given by

f ðyjl; rÞ5 e
�ðlogy�lÞ2

2r2ffiffiffiffiffiffi
2p

p
ry

; y. 0: ð1Þ

The probability of observing y less than the LOD
(nondetect) is given by

Pðy,LODÞ5U

�
logðLODÞ � l

r

�
; ð2Þ

where log(�) denotes the natural logarithm and U(�)
is the cumulative distribution function of a standard
normal distribution with mean zero and standard de-
viation one. Therefore, the likelihood function for n
independent observations, y1, . . . , yn can be written as

Lðl; rjy1; . . . ; ynÞ5
Y

1

f ðyi1Þ
Y

0

Pðyi0 ,LODÞ;

ð3Þ
where

Q
1

denotes the product over observed re-

sponses and
Q
0

denotes the product over censored re-

sponses. Amemiya (1973) proved that equation (3) is
a valid likelihood function and that its maximizer
holds all the properties of a ML estimator derived
from complete data.

Censored repeated measures model

In many occupational exposure studies, repeated
measures may be collected on an observational unit

over time, space, or both time and space. For exam-
ple, full-shift breathing zone air samples may be col-
lected from study participants on consecutive work
days, pre-, and post-shift biological samples may
be collected from study participants each day over
a workweek or area air samples may be collected
at different locations on multiple days. The appropri-
ate data model must recognize the relationship be-
tween repeated or serial observations on the same
unit (Laird and Ware, 1982). Assuming that the un-
derlying distribution of exposure measurements is
lognormal, when the data includes both repeated
measures and left censoring, a simple censored
repeated measure model is given by

logy�ij 5Xijb þ ui þ eij; ui �Nð0; r2
bÞ;

eij�Nð0; r2
wÞ; ui ? eij for all i and j;

yij 5

�
y�ij if y�ij � LODij ;
missing if y�ij ,LODij ;

ð4Þ

where y�ij is a latent response variable representing
the true exposure level measured for subject i at time
j with no censoring at the LOD; yij is the observed
exposure level, detected at or above the LOD and
censored below the LOD, i 5 1, 2, . . . k (k is the
number of subjects), j5 1, 2, . . . ni (ni is the number
of observations for subject i); b is the vector of un-
known population parameters (i.e. the vector of fixed
effects); Xij is the known design vector linking b to
logy�ij; ui is the unknown individual effect (i.e. the
random effect for subject i); eij is the random error
associated with subject i at time j; r2

b is the be-
tween-subject variance accounting for the variability
of similar experimental units; and r2

w is the within-
subject variance accounting for the variability of ran-
dom errors in each measurement. In this model, ui
and eij are assumed to be mutually independent and
normally distributed and the resulting covariance
structure compound symmetric.

The model specified in equation (4) is a condi-
tional independence model, which means that given
the random subject effects u1, u2, . . ., uk, all re-
sponses yij are independent. Therefore, based on
equation (3) and conditional on the subject effects,
the likelihood function for the censored repeated
measures model is given by where

Lðb; rw; rbjui; yij; i5 1; . . . ; k; j5 1; . . . ; niÞ

5
Y
i

Y
j

gðyij
��b; rw; uiÞ; ð5Þ
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if yij is observed;

U

�
log
�
LODij

�
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�
if yij is censored:

Since the probability density of ui is fully deter-

mined by rb, i.e. qðuijrbÞ5
e

�ui
2r2

bffiffiffiffiffiffi
2p

p
rb

, it is possible to

derive the marginal likelihood function (McCullagh
and Nelder, 1989) for the model specified in equa-
tion (4) by integrating out ui from equation (5),
resulting in

mðb; rw; rbjyij; i5 1; . . . ; k; j5 1; . . . ; niÞ

5
Y
i

Z Y
j

gðyijjb; rw; uiÞqðuijrbÞdui; ð6Þ

Finally, the ML estimates of b, rw, rb can be ob-
tained by minimizing the negative of the logarithm
of equation (6).

Use of SAS procedures in the analysis of censored
data

The SAS procedure LIFEREG can be used to per-
form MLE for left-censoreddatawith no repeated meas-
ures. Two new variables, called lower and upper
endpoints, must be created for each observation in the
dataset. For outcomes that were detected (i.e. not cen-
sored), the lower and upper endpoints are set to the ob-
served levels. For censored outcomes (below the LOD),
the lower endpoint is set to ‘missing’ and the upper end-
point is set to thevalue of the LOD. In the context of log-
normally distributed data, the missing value represents
negative infinity, the theoretical lower bound for the
log-transformed data. For example, for the one sample
model, consider a SAS dataset ONE with variableY rep-
resenting the exposure level, C indicating whether the
observation was censored, and LOD representing the
LOD associated with each observation. To estimate
the GM and GSD, create a new dataset TWO with var-
iables, YL and YU, as illustrated below:

DATA TWO;
SET ONE;
*comment: here C51 indicates that Y is below

the LOD;
IF C51 THEN DO; YL5.; YU5LOD; END;
IF C50 THEN DO; YL5Y; YU5Y; END;
RUN;

The data are now in the appropriate format to per-
form MLE. Assuming a lognormal distribution and
that no covariates are included in the model, the fol-
lowing SAS code will generate the ML estimates of
the GM and GSD:

PROC LIFEREG DATA5TWO;
MODEL (YL,YU)5/D5LOGNORMAL;
ODS OUTPUT PARAMETERESTIMATES5
PEY;
RUN;

DATA PEY2;
SET PEY;
IF PARAMETER5‘Intercept’ THEN GM5

EXP(ESTIMATE);
IF PARAMETER5‘Scale’ THEN GSD5

EXP(ESTIMATE);
RUN;

PROC PRINT DATA5PEY2;
VAR GM GSD;
RUN;

For the two-group model, if the dataset included
an indicator variable for group (i.e. X 5 0 for Group
1, X5 1 for Group 2), changing the model statement
to the following would generate group-specific GMs
and an overall GSD:

MODEL (YL,YU) 5 X/D 5 LOGNORMAL;

In this situation, the Group 1 GM would be ob-
tained by exponentiation of the intercept and the
Group 2 GM would be obtained by exponentiation
of the sum of the intercept and the Group 2 estimate.
The overall GSD would be obtained by exponentia-
tion of the scale parameter. For either model, addi-
tional covariates could be added to the MODEL
statement, if desired.

The SAS procedure NLMIXED can be used to
perform MLE for repeated measures data subject
to left censoring (Thiébaut and Jacqmin-Gadda,
2004). NLMIXED requires specification of the con-
ditional likelihood function of the censored data,
given the random effects, as in equation (5). For ex-
ample, for SAS dataset THREE, assume that varia-
bles Y, LOD, and C are as before but that the data
includes repeated measurements on each subject,
identified by the variable SUBJECTID (i.e. the ran-
dom effect). The SAS program to fit the one-group
censored repeated measures model to lognormally
distributed data is given by the following:

DATA FOUR;
SET THREE;
*comment: here C51 indicates Y is below the
LOD;
IF C51 THEN NY5LOD;
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IF C50 THEN NY5Y;
RUN;

PROC NLMIXED DATA5FOUR;
PARMS BETA050 SB_252 SW_252;
BOUNDS SB_2 SW_2.0;
MU5BETA0 þ U_I;
PI52*ARSIN(1);
IF C50 THEN L5(1/(SQRT(2*PI*SW_2)*NY))
*EXP(-(LOG(NY)-MU)**2/(2*SW_2));
IFC51THENL5PROBNORM((LOG(NY)-MU)/
SQRT(SW_2));
LL5LOG(L);
MODEL NY � GENERAL(LL);
RANDOMU_I�NORMAL(0,SB_2)SUBJECT5
SUBJECTID;
RUN;

In the NLMIXED procedure, the conditional dis-
tribution is constructed using SAS programming
statements; the GENERAL function used in the
MODEL statement specifies a general log-likelihood
function that is defined by the user instead of fol-
lowing a standard distribution form; the optional
PARMS and BOUNDS statements can be used to
specify initial values and boundary constraints for
the parameters. Including NY in the denominator
of the likelihood function for noncensored observa-
tions is not necessary because it only contributes
a constant term to the log-likelihood (note that
Thiébaut and Jacqmin-Gadda (2004) did not include
NY in their program). The estimated coefficients will
be the same regardless of whether NY is included;
however, doing so gives the correct likelihood. Here,
BETA0 is the estimate of the log of the GM and
exp[sqrt(SB_2 þ SW_2)] is the estimate of the total
GSD. Furthermore, the NLMIXED procedure can be
used in the absence of repeated measures by omitting
the RANDOM statement and excluding the random
effect U_I in the definition of MU, in which case
NLMIXED and LIFEREG give the same estimates
and standard errors.

For the two-group censored repeated measures
model, if variable X is an indicator variable for
Group 2, only the PARMS statement and the defini-
tion of MU need to be changed:

PARMS BETA050 BETA150 SB_252 SW_252;
MU5BETA0 þ BETA1*X þ U_I;

As before, additional covariates could be included
in the definition of MU to adjust for confounders.

Simulation study

The goal of the simulation study was to evaluate
the performance of the MLE method and to compare

it with the common substitution method in analysis
of lognormally distributed exposure data with values
below the LOD. All simulations and analyses were
done using SAS version 9.2.

In the first simulation, we generated data from
a two-group repeated measures design with three re-
peated observations per subject and no time effect
(i.e. a compound symmetric covariance structure).
The censored repeated measures model was given by

logy�ij 5 b0 þ b1ðgroupi 5 2Þ þ ui þ eij;

yij 5

�
y�ij if y�ij � LODij ;
missing if y�ij ,LODij ;

ð7Þ

where yij is the jth measurement for the ith subject,
ui �N

�
0; r2

b

�
, and eij �N

�
0; r2

w

�
. GMs for Groups

1 and 2 were given by exp(b0) and exp(b0 þ b1), re-
spectively. Thus, b1 was the logarithm of the ratio of
the group GMs. The total GSD was given by
exp
�
sqrtðr2

b þ r2
wÞ
	
. We evaluated three different

sample sizes (15, 30, and 100 subjects per group),
two total GSDs (three and five), and three ratios of
the between- to within-subject variance on the log
scale (1:5, 1:1, and 5:1). We specified a Group 1
GM of 200 [i.e. b0 5 ln(200)] and a Group 2 GM
of 400 [i.e. b1 5 ln(400/200) 5 ln(2)]. These GMs
were selected based on reasonable power (�0.80)
of detecting a difference between the groups in the
scenario with 30 subjects per group, a GSD of 3,
and equal between- and within-subject variances.
Each dataset was subjected to censoring (0–80%
censoring) and analyzed using two methods: the
MIXED procedure with LOD/2 substitution for any
censored observations [using the default restricted
ML (REML) estimation method] and the NLMIXED
procedure based on the MLE method (as described
above). Summary statistics from 1000 datasets for
each of the 3 � 2 � 3 5 18 scenarios included mean
percent bias for b0, b1, r2

b, and r2
w (mean percent dif-

ference between the estimate and the true parameter
value), the empirical 5% Type I error rate for b1 [the
fraction of simulations for which the 95% confidence
interval (CI) did not contain the true value of b1] and
the empirical power for b1 (the fraction of simula-
tions for which the 95% CI did not contain the null
value of 0).

A second simulation was conducted to evaluate
the MLE method in fitting simple regression models
to censored lognormally distributed data in the ab-
sence of repeated measures. As before, we generated
data for two groups and evaluated three different
sample sizes (15, 30, and 100 subjects per group)
and two GSDs (three and five). Here, the GSD was
given by exp[sqrt(r2)]. We specified a Group 1
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GM of 200 [i.e. b0 5 ln(200)] and a Group 2 GM of
500 [i.e. b1 5 ln(500/200) 5 ln(2.5)]. These GMs
were selected based on reasonable power (�0.80) of
detecting a difference between the groups in the sce-
nario with 30 subjects per group and a GSD of 3.
Each dataset was subjected to censoring (0–80% cen-
soring) and analyzed using two different methods: the
GLM procedure with LOD/2 substitution for any cen-
sored observations and the LIFEREG procedure
based on the MLE method (as described above). Sum-
mary statistics from 1000 datasets for each of the 3 �
2 5 6 scenarios included the mean percent bias for b0,
b1, and r2, the empirical 5% Type I error rate for b1,
and the empirical power for b1.

RESULTS

Simulation results evaluating the ML and substitu-
tion methods with respect to parameter estimation
(on the log scale) in the two-group repeated meas-
ures model for lognormally distributed data with
0–80% censoring are summarized in Fig. 1. For
b0 (the logarithm of the Group 1 GM), little bias
was observed for the ML estimates but the LOD/2
substitution method overestimated the Group 1 GM
for censoring rates .25% (GSD 5 3) or 10%
(GSD 5 5). The amount of bias for the LOD/2 sub-
stitution method was independent of the sample size
and ratio of between- to within-subject variance but
not the total variance. For b1 (the difference of the
logarithms of the group GMs), the LOD/2 substitu-
tion method produced markedly downward bias
when the percentage of censoring was high, whereas
the ML estimates were quite stable even for censor-
ing levels up to 80%. For zero censoring, the ML
estimates of the between-subject variance were bi-
ased, particularly for small sample sizes, whereas
the LOD/2 substitution method (REML estimation)
was not. However, in the presence of censoring,
the ML estimates of the between-subject variance
were less biased compared to the LOD/2 substitu-
tion method (REML estimation). ML estimates of
the within-subject variance were unbiased, regard-
less of censoring; whereas, the LOD/2 substitution
method was biased. For all parameters, the amount
of bias associated with the LOD/2 substitution
method was higher when the GSD was larger.

The empirical 5% Type I error rates for hypothe-
ses about b1 (the difference in the logs of the
GMs) was close to 5% for both methods as long as
censoring rates did not exceed 25% (Fig. 2). Above
25% censoring, the error rate of the LOD/2 substitu-
tion method rapidly increased; whereas the error rate

of the MLE method remained at �5%. Note that
larger sample sizes produced higher error rates for
the LOD/2 method due to narrower CIs. In contrast
to the bias in estimating b1 and the empirical Type
I error rate for b1, the power of the test for b1 was
similar for the two methods. This suggests that if
one is more interested in detecting group effect dif-
ferences rather than estimating group means, the
substitution method performs as well as the MLE
method for censoring levels up to 80% for the
sample sizes, GSDs, and ratios of between- and
within-subject variances evaluated. However, for
both methods, a loss of power was observed for high
levels of censoring, particularly for small sample
sizes. As expected, higher power was associated
with larger sample sizes and smaller GSDs. Higher
power was also associated with a smaller ratio
of between- to within-subject variances as the vari-
ance of the group effect is a monotone increasing
function of the between-subject variance.

(varðb̂1Þ5 var

 
1
45

P15

i51

P3
j51

logYij � 1
45

P30

i516

P3
j51

logYij

!

5 2
r2

b

15 þ 2
r2

w

45 5
2

45ððr2
b þr2

wÞ þ 2r2
bÞ; for 15 subjects

per group and three repeats per subject). Similarly,
the rejection rate was inflated in the LOD/2 method
due to tighter confidence bands produced by the
smaller ratio of variance components.

Similar results were observed in the simple two-
group models in the absence of repeated measures
(Figs. 3 and 4). Biases in estimating the group
means, the mean difference, and the variance were
greater based on the LOD/2 substitution method
compared to the MLE method using the LIFEREG
procedure. As expected, when the sample size was
small, we observed bias in the estimation of variance
based on the MLE method.

EXAMPLE

In 1998, the National Institute for Occupational
Safety and Health conducted a study of termite con-
trol workers who applied chlorpyrifos-containing
termiticides to residential and commercial structures
in North Carolina from early March to early July
(Hines and Deddens, 2001). Thirty-seven applica-
tors, all males, participated in the study. Full-shift
breathing zone air samples were collected from each
applicator on consecutive days during a 5-day work-
week. Information regarding treatment of enclosed
crawl spaces was noted for each day. A total of
184 air samples (four to five for each applicator)
were collected for determination of chlorpyrifos
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Fig. 1. Simulation results for the two-group repeated measures design comparing analyses using LOD/2 substitution (MIXED
procedure with REML) and MLE (NLMIXED procedure) methods for lognormally distributed data. b0 is the logarithm of the

Group 1 GM [i.e. b0 5 ln(200)]; b1 is the difference in the logarithms of the group GMs [i.e. b1 5 ln(GM2/GM1) 5 ln(2)]; r2
b is the

between-worker variance of the log-transformed values; r2
w is the within-worker variance of the log-transformed values; and

GSD5 exp½sqrtðr2
bþr2

wÞ�. Percent bias is the mean percent difference between the modeled estimate and the true parameter value
for 1000 simulated datasets.
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exposure levels. Chlorpyrifos detection limits ranged
from 0.05 to 0.20 lg per sample; reported chlorpyr-
ifos levels ranged from nondetect to 73 lg per sam-
ple. Laboratory data (micrograms per sample) were
converted to concentrations in air (micrograms per
cubic meter) by dividing by the sample volumes.
The distribution of the resulting concentrations was
highly right-skewed and a visual examination of
the QQ plot indicated that the data were consistent
with lognormality; therefore, a natural logarithm
transformation was applied to the chlorpyrifos air
concentrations prior to statistical analyses.

The resulting data are presented in Table 1 for four
selected workers. The original data were subject to
very little censoring with only 3 of 184 samples cen-
sored at the mass-based LOD. For example, all of
worker A’s measurements were above the laboratory
LOD, but two of worker C’s measurements were
reported as nondetect. To evaluate methods of ana-
lyzing censored repeated measures data, the chlor-

pyrifos mass data were subjected to censoring at
three levels: 20, 40, and 60% based on the 20th,
40th, and 60th percentiles of the chlorpyrifos mass,
respectively. Under hypothetical censoring at 40%,
two of worker A’s measurements (4.5 and 3.0 lg)
and all of worker C’s measurements were ,4.6 lg,
the 40th percentile of the reported chlorpyrifos mass.
Since the air volume varied from sample to sample,
the censored concentrations ranged from ,7.0
to ,110 lg m�3 for these four workers.

We considered a two-group repeated measures
model by including an indicator variable for crawl
space treatment. The original and censored datasets
were each analyzed using two methods. Method 1 re-
placed nondetects with one-half the censoring level
(i.e. one-half the mass-based LOD divided by the
air volume) and used the MIXED procedure
(REML) to estimate the model parameters; Method
2 censored nondetects at the censoring level and
used the NLMIXED procedure (ML) to estimate

Fig. 2. Simulation results for the two-group repeated measures design comparing analyses using LOD/2 substitution (MIXED
procedure with REML) and MLE (NLMIXED procedure) methods for lognormal data. b1 is the difference in the logarithms of the
group GMs [i.e. b1 5 ln(GM2/GM1) 5 ln(2)]; r2

b is the between-worker variance of the log-transformed values; r2
w is the within-

worker variance of the log-transformed values; and GSD5 exp½sqrtðr2
b þr2

wÞ�. The empirical 5% Type I error rate is the fraction
of the 1000 simulated datasets for which the 95% CI for b1 did not contain the true value of b1. The empirical power is the fraction

of the 1000 simulated datasets for which the 95% CI for b1 did not contain the value of 0.
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Fig. 3. Simulation results for the simple two-group model (no repeated measures) comparing analyses using LOD/2 substitution
(GLM procedure) and MLE (LIFEREG procedure) methods for lognormal data. b0 is the logarithm of the group 1 GM [i.e. b0 5
ln(200)]; b1 is the difference in the logarithms of the group GMs [i.e. b1 5 ln(GM2/GM1) 5 ln(2.5)]; r2 is the log transformed

variance; and GSD5exp½sqrtðr2Þ�. Percent bias is the mean percent difference between the modeled estimate and the true
parameter value for 1000 simulated datasets.
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the model parameters. SAS code is provided in
Program A. The resulting parameter estimates are
provided in Table 2. Since the original dataset
was largely uncensored, Methods 1 and 2 produced
similar estimates. Under hypothetical censoring,
Method 1 (LOD/2 substitution) produced 95% CIs
that did not contain the uncensored estimates for
b0, b1, and r2

b at 40% censoring and for all four
parameters at 60% censoring; whereas 95% CIs
based on Method 2 (NLMIXED) contained the
uncensored estimates for all parameters at all censor-
ing levels evaluated.

DISCUSSION

We have illustrated the use of the NLMIXED
procedure in SAS to perform repeated measures

analysis of variance when the dependent variable is

lognormally distributed and left censored due to val-
ues below the LOD. Clearly, the MLE method

outperformed the substitution method. Of all the fac-
tors in the simulations, including percent censoring,

sample size, GSD, and the ratio of variance compo-
nents, sample size was the most important factor

influencing the performance of the MLE method,

Fig. 4. Simulation results for the simple two-group model (no repeated measures) comparing analyses using LOD/2 substitution
(GLM procedure) and MLE (LIFEREG procedure) methods for lognormal data. b1 is the difference in the logarithms of the group
GMs [i.e. b1 5 ln(GM2/GM1) 5 ln(2.5)]. The empirical 5% Type I error rate is the fraction of the 1000 simulated datasets for
which the 95% CI for b1 did not contain the true value of b1. The empirical power is the fraction of the 1000 simulated datasets for

which the 95% CI for b1 did not contain the value of 0.
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especially for estimating the between-subject vari-
ance. Bias in estimating the between-subject vari-
ance was highest for smaller sample sizes.
Furthermore, ML estimates of the between-subject
variance were biased even in the absence of censor-
ing, especially for small sample sizes, whereas
REML estimates were not biased. This results from
the fact that ML estimators are only asymptotically
unbiased and because REML estimation takes into
account the loss in degrees of freedom associated
with the group effect when estimating the between-

subject variance (Swallow and Monahan, 1984).
A recent commentary in the Annals of Occupational
Hygiene strongly opposed the use of substitution
methods and urged journals to ‘consider it a flawed
method compared to other methods that are available
and to reject papers that use it’ (Helsel, 2010). Al-
though we support the use of nonsubstitution meth-
ods, we believe there may be some exceptions. For
example, when the primary interest is estimating
the between-subject variance for small sample sizes
with low censoring (,15%), REML estimation (and

Table 1. Original laboratory chlorpyrifos air sample data and hypothetical data under mass-based censoring for 4 of 37 selected
termiticide applicators sampled daily over a 5-day workweeka

Day Crawl space
indicator

Air
volume
(l)

Detection
limit (lg)

Original laboratory datab Hypothetical data under mass-based censoringc

20% at 1.7 lg 40% at 4.6 lg 60% at 8.6 lg

Mass
(lg)

Concentration
(lg m�3)

Mass
(lg)

Concentration
(lg m�3)

Mass
(lg)

Concentration
(lg m�3)

Mass
(lg)

Concentration
(lg m�3)

Subject A

M 1 549 0.10 4.5 8.2 4.5 8.2 <4.6 <8.4 <8.6 <16
Tu 0 589 0.10 3.0 5.1 3.0 5.1 <4.6 <7.8 <8.6 <15
W 0 568 0.10 9.5 17 9.5 17 9.5 17 9.5 17

Th 0 570 0.10 23 41 23 41 23 41 23 41

F 1 560 0.10 37 66 37 66 37 66 37 66

Subject B

M 1 624 0.07 4.5 7.2 4.5 7.2 <4.6 <7.4 <8.6 <14
Tu 1 670 0.07 9.2 14 9.2 14 9.2 14 9.2 14

W 0 616 0.07 3.2 5.2 3.2 5.2 <4.6 <7.5 <8.6 <14
Th 1 635 0.07 9.0 14 9.0 14 9.0 14 9.0 14

F 0 297 0.07 0.43 1.4 <1.7 <5.7 <4.6 <16 <8.6 <29
Subject C

M 0 473 0.05 0.28 0.6 <1.7 <3.6 <4.6 <9.7 <8.6 <18
Tu 0 41 0.05 <0.05 <1.2 <1.7 <41 <4.6 <110 <8.6 <210
W 0 511 0.05 1.7 3.3 <1.7 <3.3 <4.6 <9.0 <8.6 <17
Th 0 655 0.05 1.6 2.4 <1.7 <2.6 <4.6 <7.0 <8.6 <13
F 0 50 0.05 <0.05 <1.0 <1.7 <34 <4.6 <92 <8.6 <170

Subject D

M 1 524 0.20 21 40 21 40 21 40 21 40

Tu 1 628 0.20 15 24 15 24 15 24 15 24

W 0 803 0.20 11 14 11 14 11 14 11 14

Th 1 769 0.20 67 88 67 88 67 88 67 88

F 1 428 0.20 16 37 16 37 16 37 16 37

M, Monday; Tu, Tuesday; W, Wednesday; Th, Thursday; F, Friday.
aFrom Hines and Deddens (2001).
bOriginal laboratory data reported as chlorpyrifos mass (microgram) was converted to a chlorpyrifos concentration by dividing
by the sample air volume (cubic meter). Samples reported as ‘nondetect’ are displayed in bold as ‘,LODmass’ and
‘,LODconcentration’.
cHypothetical data under mass-based censoring considered the 20th, 40th, and 60th percentiles of the reported chlorpyrifos mass:
1.7, 4.6, and 8.6 lg, respectively. Samples with mass values less than these are displayed in bold as ‘,LODmass’ and
‘,LODconcentration’.
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the LOD/2 substitution) performed better in our sim-
ulations than the MLE method. For all levels of cen-
soring, however, the MLE method performed better
than LOD/2 substitution with REML for estimating
the group means, the difference in group means,
and within-subject variances. MLE also performed
better than LOD/2 substitution with REML for esti-
mating the between-subject variances for censoring
.�25%.

We recognize that for some more complicated
models, software and statistical support for analyz-
ing left-censored repeated measures data may not
yet be available. For example, we know of no meth-
ods for analyzing left-censored repeated measures
data when the appropriate covariance structure is
first-order autoregressive. The NLMIXED procedure
at this time does not accommodate covariance struc-
tures more complicated than compound symmetry
because the special covariance matrix structure of
the random error term at the subject level cannot
be specified. We would encourage analysts that are
tempted to use the LOD/2 substitution method (e.g.
because no other method is available or because
the amount of censoring is very low) to first evaluate
its performance using simulation methods such as
those presented here.

In our simulations, the two groups shared a com-
mon within-worker variance, but different within-
worker variances can also be specified using the
NLMIXED procedure, as illustrated in Program B.
Also, in our simulations, the covariate group was
binary. For a continuous covariate, Thiébaut and
Jacqmin-Gadda (2004) showed how to specify
a model with both a random intercept and a random
slope in the presence of censoring. Sample SAS code
for this situation is provided in Program C. Note that
unlike the MIXED procedure, the NLMIXED pro-
cedure does not have a CLASS statement, so cate-
gorical independent variables must be converted to
binary indicator variables in a prior DATA step.
The NLMIXED procedure also does not have a
method for adjusting for multiple comparisons; how-
ever, a Bonferroni adjustment could be applied to
P values after estimating the effect differences
among categorical levels.

The NLMIXED procedure can also allow more
than one level of random effects to be included in
the repeated measures model (Littell et al., 2006).
SAS code to fit nested random effects models for sim-
ulated normally distributed data are provided in Pro-
gram D; however, the reader is cautioned that even
for small or moderately sized datasets, in the presence

Table 2. Results of analysis of censored repeated measures exposure data from 37 termiticide applicatorsa

Parameterb Percent
censoring

Method 1: LOD/2 substitution
MIXED–REML

Method 2: MLE NLMIXED

Estimate 95% CI Estimate 95% CI

b0 1.6 1.95 1.62–2.29 1.96 1.63–2.29

20 2.06 1.75–2.37 2.00 1.67–2.34

40 2.30 2.04–2.55c 2.15 1.82–2.47

60 2.56 2.35–2.76c 2.22 1.84–2.59

b1 1.6 0.77 0.52–1.03 0.77 0.51–1.03

20 0.68 0.43–0.93 0.72 0.47–0.97

40 0.46 0.23–0.69c 0.60 0.33–0.88

60 0.29 0.08–0.49c 0.55 0.25–0.85

r2
b 1.6 0.77 0.48–1.43 0.73 0.46–1.36

20 0.60 0.37–1.15 0.75 0.46-1.46

40 0.35 0.21–0.72c 0.55 0.32-1.18

60 0.22 0.12–0.46c 0.56 0.30–1.43

r2
w 1.6 0.62 0.50–0.79 0.59 0.48–0.76

20 0.58 0.47–0.75 0.51 0.40–0.67

40 0.52 0.42–0.67 0.49 0.37–0.68

60 0.40 0.32–0.51c 0.44 0.31–0.66

aData from Hines and Deddens (2001).
bThe repeated measures model was given by yij5b0 þ b1ðXij51Þ þ ui þ eij; where yij is the natural log-transformed chlorpyrifos
concentration and Xij is an indicator for crawl space for subject i and sample j, ui is N(0,r2

b), eij, is N(0,r2
w), and ui and eij are

independent.
c95% CI does not contain the ‘uncensored’ estimate. Note that 95% CIs for variance components were constructed using the
Satterthwaite approximation with a lower boundary constraint of zero (Milliken and Johnson, 1992).
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of censoring and nested random effects NLMIXED
may take a long time to run. We compared run times
for a nested random effects design with three repeats
per subject in the presence of 30% censoring on a per-
sonal computer equipped with an Intel Core 2 Duo
processor at 3.0 GHz and 2 GB of memory. Central
processing unit time varied with the number of levels
of the first random effect (A) and (mainly with) the
number of levels of the second random effect (B
nested within A) (Table 3). Another limitation is that
NLMIXED requires the number of levels of the first
random effect (A) be strictly greater than the number
of levels of the second random effect (B) plus one.
This is due to the fact that NLMIXED uses approxi-
mate degrees of freedom for t-values associated with
parameter estimates, computed as the number of sub-
jects minus the number of random effects specified
in the random statement. Consequently, a study with
a random effect for study site, a nested random effect
for worker, and with repeated measurements and cen-
soring could only be analyzed using NLMIXED if the
number of workers sampled from each study site was
less than the number of sites minus one. If the number
of workers at each study site exceeded the number of
sites, NLMIXED would generate invalid parameter
estimates with negative degrees of freedom.

Our study has some limitations. First, our simula-
tions were performed assuming a lognormal distribu-
tion and we did not evaluate the robustness of these
methods to departures from lognormality. In practice,
researchers should always employ graphical or other
known methods for testing the lognormal assumption.
The NLMIXED procedure, however, allows the user
to explicitly specify the likelihood function, so other
censored distributions, including the censored trun-
cated normal distribution, can be evaluated. Second,
in our simulations, we assumed that a single LOD
applied to all measurements. Both LIFEREG and

NLMIXED allow the LOD to vary by measurement.
We expect similar conclusions for multiple LODs
but did not specifically evaluate this. Last, we must
emphasize that this article presents a method for han-
dling repeated measures analysis of variance data
with values below the LOD that uses MLE, conse-
quently it is only asymptotically unbiased.

CONCLUSIONS

SAS software can be easily used to analyze left-
censored lognormal exposure data using MLE meth-
ods for simple models (LIFEREG procedure) or
repeated measures models (NLMIXED procedure).
Overall, MLE is a better method than LOD/2 substi-
tution for parameter estimation and hypothesis test-
ing. In fact, these simulations have empirically
shown that the MLE method provides approximately
unbiased estimates for the sample sizes considered
and even for censoring rates .50%. We recommend
the use of MLE methods for the analysis of left-
censored exposure data with one exception (when
the primary interest is estimation of the between-
subject variance for small sample sizes with low cen-
soring (,15%), in which case REML estimation
(and LOD/2 substitution) may be used.

FUNDING

This work was supported by intramural research
funds from the National Institute for Occupational
Safety and Health.

Disclaimer—The findings and conclusions in this report
are those of the authors and do not necessarily represent the
views of the National Institute for Occupational Safety and
Health.

APPENDIX

PROGRAMS

All SAS code are available in a supplemental text
file that can be copied and pasted directly into
SAS (see Annals of Occupational Hygiene online for
details).

Program A:

SAS code for the chlorpyrifos air sample data
example

/*– – – – – – – – – – – – – – – – – – – – – – – – – – –
SUBJECTID – – applicator (random effect)

X – – treated at least one enclosed crawl space
or not (0 5 no, 1 5 yes)

Table 3. Central processing unit time (h 5 hour, m 5
minute, and s 5 second) required by the NLMIXED
procedure to fit nested random effects models for simulated
normal data (ra 5 3, rb 5 2, and rw 5 1) with 30%
nondetects. Programs were executed on a personal computer
equipped with an Intel Core 2 Duo processor at 3.0 GHz and
2 GB of memory. Results were based on a single dataset
simulated under each combination of number of levels of
random factors A and B nested within A, with three repeated
measurements per subject

Number of levels
of Factor A

Number of levels of Factor B
(nested within A)

2 3 4 5

10 5s 1 m 00 s 12 m 19 s 3 h 38 m 17 s

20 9s 2 m 12 s 25 m 35 s 5 h 54 m 08 s

40 14s 8 m 35 s 42 m 56 s 8 h 17 m 57 s
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Y – – chlorpyrifos air concentration
LOD – – limit of detection calculated on the
chlorpyrifos air concentration

– – – – – – – – – – – – – – – – – – – – – – – – – – –*/
/*– – – – – – –LOD/2 METHOD – – – – – – – – */
DATA air2;

SET air;
IF C51 THEN LY5LOG(LOD/2);
IF C50 THEN LY5LOG(Y);
RUN;

PROC MIXED DATA5air2 COVTEST;
CLASS SUBJECTID;
MODEL LY 5 X/solution cl;
RANDOM SUBJECTID;
RUN;

/*– – – – – – – – MLE METHOD – – – – – – – – */
DATA air3;

SET air;
IF C51 THEN NY5LOD;
IF C50 THEN NY5Y;
RUN;

PROC NLMIXED DATA5air3;
PARMS SB_251 SW_251 BETA051 BETA150;
BOUNDS SB_2 SW_2.0;
PI52*ARSIN(1);
MU5BETA0 þ BETA1*X þ U_I;
IF C50 THEN L5(1/(SQRT(2*PI*SW_2)*NY))
*EXP(-(LOG(NY)-MU)**2/(2*SW_2));
IF C51 THEN L5PROBNORM((LOG(NY)-MU)/
SQRT(SW_2));
LL5LOG(L);
MODEL NY � GENERAL(LL);
RANDOM U_I�NORMAL(0,SB_2) SUBJECT5
SUBJECTID;
RUN;

Program B:

SAS code for the two-group censored repeated mea-
sures model with different within-worker variances

Suppose SAS dataset ONE contains a variable
identifying the subjects (SUBJECTID), an indicator
variable for group (G: 0, 1), the observed exposure
measurement (Y), an indicator variable for censor-
ing (C: 0, 1), and the limit of detection (LOD).
The SAS code to generate maximum likelihood
estimates of the variance components (common
between subject variance rB

2; group 0 within-
subject variance r0

2, and group 1 within-subject
variance r1

2) and the fixed effects (b0 and b1) is
given by

DATA TWO;
SET ONE;
IF C51 THEN NY5LOD;

IF C50 THEN NY5Y;
RUN;

PROC NLMIXED DATA5TWO;
PARMS BETA050 BETA150 SB_252 SW0_25
2 SW1_252;
BOUNDS SB_2 SW0_2 SW1_2.0;
MU5BETA0 þ BETA1*G þ U_I;
PI52*ARSIN(1);
IFG50ANDC50THENL5(1/(SQRT(2*PI*SW0
_2)*NY))*EXP(-(LOG(NY)-MU)**2/(2*SW0_2));
IF G50 AND C51 THEN L5PROBNORM
((LOG(NY)-MU)/SQRT(SW0_2));
IF G51 AND C50 THEN L5(1/(SQRT(2*PI*
SW1_2)*NY))*EXP(-(LOG(NY)-MU)**2/
(2*SW1_2));
IF G51 AND C51 THEN L5PROBNORM
((LOG(NY)-MU)/SQRT(SW1_2));
LL5LOG(L);
MODEL NY � GENERAL(LL);
RANDOM U_I�NORMAL(0,SB_2) SUBJECT5
SUBJECTID;
RUN;

Estimates of rB
2, r0

2, r1
2, b0, and b1 are is given

by SB_2, SW0_2, SW1_2, BETA0, and BETA1,
respectively.

Program C:

SAS code for the random intercept and slope cen-
sored repeated measures model

Suppose SAS dataset ONE contained a continuous
covariate X, and variables for SUBJECTID, Y, C,
and LOD.

DATA TWO;
SET ONE;
IF C51 THEN NY5LOD;
IF C50 THEN NY5Y;
RUN;

PROC NLMIXED DATA5TWO;
BOUNDS S1_2 S2_2 SW_2 . 0;
MU5BETA0 þ BETA1*X þ A_I þ B_I*X;
IF C50 THEN L5(1/(SQRT(2*PI*SW_2)*NY))
*EXP(-(LOG(NY)-MU)**2/(2*SW_2));
IF C51 THEN L5PROBNORM((LOG(NY)-MU)/
SQRT(SW_2));
LL5LOG(L);
MODEL NY�GENERAL(LL);
RANDOM A_I B_I � NORMAL([0, 0], [S1_2,
S12, S2_2]) SUBJECT5SUBJECTID;
RUN;

Here BETA0 represents the intercept, BETA1 rep-
resents the slope, S1_2 represents the variance of the
random intercepts, S2_2 represents the variance of
the random slopes, S12 represents the covariance
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between the intercept and slope, and SW_2 repre-
sents the within-subject variance.

Program D:

SAS code for the nested random effects model
using simulated data

Here, we generate nested random effects data and
use NLMIXED to analyze the uncensored data and
the 30% censored data.

/* GENERATE DATA */
%LET NA 5 20;
%LET NB 5 3;
%LET NR 5 3;
DATA NESTED;

DO A 5 1 TO &NA;
ERR1 5 3*RANNOR(0);
DO B 5 1 TO &NB;

ERR2 5 2*RANNOR(0);
DO REP 5 1 TO &NR;

ERR3 5 1*RANNOR(0);
RESPONSE 5 10þERR1þERR2þERR3;
OUTPUT;
END;

END;
END;

RUN;
/* ANALYZE UNCENSORED DATA */
PROC NLMIXED DATA5NESTED METHOD5

FIRO;
ARRAY AEFFECT { 1 };
ARRAY BEFFECT {&NB };
MEAN5INTERCEPT þ AEFFECT{1} þ
BEFFECT{B};
RANDOM AEFFECT1 BEFFECT1 BEFFECT2
BEFFECT3 �

NORMAL([0,0,0,0],[VARA,
0, VARB_A,
0, 0, VARB_A,
0, 0, 0, VARB_A])
SUBJECT5A;

*comment: this random statement only works for
NB53;
MODEL RESPONSE � NORMAL (MEAN,S2);
RUN;

/* DETERMINE THRESHOLD FOR 30%
CENSORING */
%LET CENSORING530;
PROC UNIVARIATE DATA5NESTED NOPRINT;

VAR RESPONSE;
OUTPUT OUT5P_&CENSORING. PCTLPTS5
&CENSORING. PCTLPRE5P_;
RUN;

DATA _NULL_; SET P_&CENSORING.;

CALL SYMPUT (9LOD9, P_&CENSORING.);
RUN;

/* ANALYZE CENSORED DATA */
DATA NESTED2;

SET NESTED;
RESPONSE25RESPONSE;
LOD5&LOD.;
IF RESPONSE,LOD THEN DO;

C51;
RESPONSE25LOD;
END;

ELSE C50;
RUN;

PROC NLMIXED DATA5NESTED2;
ARRAY AEFFECT { 1 };
ARRAY BEFFECT {&NB };
PARMS INTERCEPT510 VARA59 VARB_A5

4 S251;
BOUNDS VARA VARB_A S2.0;
MEAN5INTERCEPT þ AEFFECT{1} þ
BEFFECT{B};
RANDOM AEFFECT1 BEFFECT1 BEFFECT2
BEFFECT3 �

NORMAL([0,0,0,0],[VARA,
0 , VARB_A,
0 , 0 , VARB_A,
0 , 0 , 0 , VARB_A])
SUBJECT5A;

*comment: this random statement only works for
NB53;
PI52*ARSIN(1);
IF C50 THEN L5(1/SQRT(2*PI*S2))*EXP(-
(RESPONSE2-MEAN)**2/(2*S2));
IF C51 THEN L5PROBNORM((RESPONSE2-
MEAN)/SQRT(S2));
LL5LOG(L);
MODEL RESPONSE2 � GENERAL(LL);
RUN;
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