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Monitoring of contaminants in the environment is an important part of understanding the fate of ecosys-
tems after a chemical insult. Frequently, such monitoring efforts result in datasets with observations
below the detection limit (DL) that are reported as ‘non-detect’ or ‘<DL’ and no value is provided. This
study explored the effects of non-detect data and their treatment on summary statistics. The data ana-
lyzed in this paper are real-world data. They consist of both large (N = 234) and moderate (n = 12–64)
sample sizes with both good and marginal fit to an assumed distribution with a log-transformation. Sum-
mary statistics were calculated using (1) the ‘0.0001’ near-zero method of substitution, (2) substitution
with ‘1/2 � DL’, (3) multiple imputation, and (4) Kaplan–Meier estimation. Median was used for compar-
ison. Several analytical options for datasets with non-detect observations are available. The general con-
sensus is that substitution methods ((1) and (2)) can produce biased summary statistics, especially as
levels of substitution increase. Substitution methods continue to be used in research, likely because they
are easy to implement. The objectives were to (1) assess the fit of lognormal distribution to the data, (2)
compare and contrast the performance of four analytical treatments of left-censored data in terms of esti-
mated geometric mean and standard error, and (3) make recommendations based on those results.

� 2010 Elsevier Ltd. All rights reserved.
1. Introduction

Monitoring contaminant levels in the environment is an impor-
tant part of understanding the fate of ecosystems after a chemical
insult. As levels decrease over time, limitations in analytical equip-
ment create a lower bound below which contaminant levels cannot
be accurately reported. This results in datasets with observations
below the detection limit (DL) that are reported only as ‘non-de-
tect’ or ‘<DL’ and no value is provided. This type of distribution is
called ‘left-censored’, as the low-end observations that are un-
known generally occur near the origin of the x-axis in figures. Sev-
eral options for the analysis of these datasets have been
investigated leading to the conclusion that methods replacing all
non-detects with a single value (substitution methods) are fre-
quently inferior (Liu et al., 1997; Singh and Nocerino, 2002; Baccar-
ll rights reserved.
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elli et al., 2005; Helsel, 2005a,b, 2006; Eastoe et al., 2006; Needham
et al., 2007; Antweiler and Taylor, 2008). Specifically, it has been
shown that the bias caused by substitution increases dramatically
as the percent of observations censored increases (Eastoe et al.,
2006). In spite of this, various substitution methods continue to
be used in research, frequently with little regard for the proportion
of observations censored.

In addition to censored observations, another complication
when analyzing environmental contaminant data is the possibility
that datasets display a right skew. This occurs when a few samples
show very high concentrations while the general tendency is for
concentrations to be lower. This distribution is common in envi-
ronmental data and can frequently be accommodated by log-trans-
formation. The median has traditionally been an accepted measure
of central tendency for data which do not fit a normal distribution
well, and this approach has been used in almost every field of sci-
entific inquiry. Focus has shifted to newer approaches as more
complex methods have been developed and computing power
has grown to make them feasible for the average researcher. While
the median is still useful in that it is not based on indefensible
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assumptions about the shape of the distribution, it does not make
use of all the information contained in a dataset. A final complexity
is added by the fact that lognormal data are frequently summa-
rized using the geometric mean, which is particularly sensitive to
the choice of substitution value.

In 1997, the Michigan Department of Environmental Quality
(MDEQ) implemented a Bald Eagle Biosentinel Program (BEBP) to
monitor trends of a suite of organic pollutants under the Clean
Michigan Initiative (MDEQ, 1997). The data analyzed here are
234 observations of total polychlorinated biphenol (PCB), which
is a sum of all observed PCB congeners, and p,p0-dic-
hlorodiphenyldichloro-ethylene (p,p0DDE) concentrations found
in nestling bald eagle plasma samples from throughout the State
of Michigan. Current statistical methods include tests of significant
differences between regions at several geographic scales, and cal-
culating descriptive statistics in the form of geometric means. Sub-
stitution is currently used in cases of non-detect, or left-censored,
observations.

This choice of methods for addressing the non-detects does not
affect testing of significant differences between regions. The mon-
itoring program uses nonparametric Kruskal–Wallis and Wilcoxon
tests which are rank-based and make no assumptions about distri-
bution and so, are not sensitive to the problems of substitution
(Helsel, 2005b). However, summary statistics are reported as geo-
metric means, which are affected by the choice of substituted va-
lue. The BEBP currently substitutes the near-zero value of
‘0.0001’ for concentrations at non-detectable levels when analyz-
ing contaminants that are summed, such as total PCBs. This near-
zero value might appear to have little influence on the resulting
calculations to those accustomed to arithmetic mean calculation
because the arithmetic mean is a function of addition, for which
‘0’ is the identity value. Geometric means on the other hand are
a function of multiplication, for which the identity value is ‘1’,
while near-zero values (like ‘0.0001’) have a drastic impact on
the product. For contaminants that do not involve summation, a
value of one-half of the quantification level is substituted for
non-detects.

The desire to summarize data more accurately has fueled recent
comparisons of proposed analytical alternatives to substitution or
simple median reporting (Helsel, 2005b). One alternative, maxi-
mum likelihood estimation (MLE), forces the researcher to assume
the shape of the underlying distribution, but is powerful if this
assumption is correct. These MLE methods have been explored in
a variety of environmental applications (Singh and Nocerino,
2002; Helsel, 2005b, 2006; Antweiler and Taylor, 2008; Jain et
al., 2008). Kaplan–Meier (KM) estimators have also been proposed.
This estimator began as a nonparametric method of estimating the
central tendency in right-censored survival data, but is gaining
popularity for left-censored datasets. Among those who have ex-
plored the application of KM calculations in left-censored environ-
mental data are Antweiler and Taylor (2008), Eastoe et al. (2006)
and Helsel (2005a,b). Multiple imputation (MI) has been proposed
as a ‘fill-in’ technique that can be used to first estimate an appro-
priate distribution shape based on uncensored values, then sam-
ples from the values that would be found in the censored tail.
This technique has been addressed in comparison studies by Ant-
weiler and Taylor (2008), Baccarelli et al. (2005), Eastoe et al.
(2006), Helsel (2005a,b), Krishnamoorthy et al. (2009) and Singh
and Nocerino (2002). Right-skewed, left-censored data were the
focus of Singh and Nocerino (2002), who applied many analysis
techniques common for left-censored data and assessed their per-
formance when the observations also displayed a right skew. They
found that left-censored datasets were more difficult to accurately
summarize in the presence of a right skew.

Few case studies have been published and substitution is still in
wide use (Baccarelli et al., 2005; Eastoe et al., 2006). This study ex-
plored the effects of non-detect data and their treatment on sum-
mary statistics. The data analyzed in this paper represent both
large (N = 234) and moderate (n = 12–64) sample sizes with both
good and marginal fit with a log-transformation. Summary statis-
tics were calculated using the current method of substitution with
‘0.0001’, the common method of substitution with ‘1/2 � DL’, MI,
and KM estimation. The median was also calculated for compari-
son with all four methods. The objectives were to (1) assess the
fit of lognormal distribution to the data, (2) compare and contrast
the performance of the four methods of non-detect handling in
terms of estimated geometric mean, comparison to the median,
and standard error, and (3) make recommendations based on those
results.
2. Methods

Concentrations of total PCBs and p,p0DDE (lg/kg wet weight) in
plasma collected from nestling bald eagles across Michigan from
1999 to 2003 were used in these analyses. In addition to analysis
as a single dataset representing the whole State of Michigan, data
were also classified geographically by subpopulation, based on the
classifications used in the BEBP. Subpopulations were defined by
first subdividing the state spatially into the categories of Great
Lakes and Inland breeding areas. Great Lakes breeding areas are de-
fined as being within 8.0 km of Great Lakes shorelines and/or along
tributaries open to Great Lakes fish runs and inland breeding areas
are defined as being greater than 8.0 km from the Great Lakes
shorelines and not along tributaries open to Great Lakes fish runs.
These categories are then further subdivided into four Great Lakes
and two Inland groups. The Great Lakes subpopulations consisted
of Lake Superior (LS), Lake Michigan (LM), Lake Huron (LH), and
Lake Erie (LE). The Inland subpopulations consisted of Upper Pen-
insula (UP), and Lower Peninsula (LP) (Wierda, 2009). The data
analysis for this paper was generated using SAS� software, Version
9.1.2 of the SAS system for Windows. Copyright 2000–2004 SAS
Institute Inc. SAS and all other SAS Institute Inc. product or service
names are registered trademarks or trademarks of SAS Institute
Inc., Cary, NC, USA.

2.1. Assessment of fit

Data were analyzed for significant departure from the lognor-
mal distribution using the UNIVARIATE PROCEDURE with the op-
tions ‘normal’ and ‘plot’ activated (SAS Institute Inc., 2000–2004).
This procedure produces several fit statistics. The Kolomogorov–
Smirnov statistic was used to assess the assumption of fit to the
lognormal distribution. The fit was classified as ‘good’ with P-val-
ues P0.05, ‘marginal’ with P-values between 0.01 and 0.05, and
fit was rejected for P-values <0.01.

2.2. Geometric means and standard error calculation

Geometric means and standard errors were calculated for all of
the proposed methods. The median was used for comparison and
obtained from the univariate analysis discussed above. For substi-
tution methods, geometric means and standard errors were calcu-
lated by log-converting observations, calculating the mean and
standard error of the transformed data using the MEANS PROCE-
DURE (SAS Institute Inc., 2000–2004), and then converting back
to the original scale. Monte Carlo simulations of 10 000 iterations
were run in order to provide a significance test for the divergence
of the geometric mean (using each method of substitution) from
the median. Each of these simulations resulted in a ‘P-value’ repre-
senting the probability of the observed divergence occurring due to
sampling error alone. Simulations resulting in P-values of 0.05 or
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less were considered evidence of a significant substitution method
effect.

Geometric means and errors were calculated using the multiple
imputation methods based on those described in Krishnamoorthy
et al. (2009) and the MI PROCEDURE (SAS Institute Inc., 2000–
2004). Ten imputations were used on the recommendation of Jain
et al. (2008). The option ‘EM’ was used to implement the maximum
likelihood method of adjusting the approximated distribution from
which imputed values were drawn. Bounds were set to ensure that
no negative values were imputed.

Kaplan–Meier estimates of geometric mean and standard error
were calculated using the LIFETEST PROCEDURE (SAS Institute Inc.,
2000–2004) on log-transformed data. This procedure is designed to
perform survival analysis for right-censored data, so data were
transformed to reflect a right-censored distribution. The transfor-
mation was conducted by subtracting all log-transformed observa-
tions from a number larger than the largest observation. This was
done for PCBs by subtracting all observations from 12, and for
p,p0DDEs by subtracting all observations from 10. Results were
then transformed back to reflect geometric means and standard er-
rors in the original units.
3. Results

3.1. Fit of data to lognormal distribution

Kolmogorov–Smirnov (KS) tests did not force us to reject the
assumption of lognormal distribution in all cases, but did suggest
significant non-normality in others. Tests conducted for PCBs and
p,p0DDEs at both the whole state and subpopulation level resulted
in different conclusions.

At the state level, the PCB distribution was classified as mar-
ginal (P = 0.0206) and p,p0DDE distribution was classified as signif-
icantly differing from lognormal (P < 0.01). This was likely due to
the presence of six moderate outliers in the upper tail of the
p,p0DDE distribution. When the outliers were removed, the KS test
resulted in no evidence for significant departure from lognormality
(P = 0.1338), suggesting a good fit.

When broken down into the geographical units of subpopula-
tion, KS analysis of PCB concentrations suggested that Lake Erie
and Michigan coastal regions exhibited marginal evidence for
departure from the lognormal distribution. Lake Huron and Supe-
rior coastal regions and both Upper and Lower Peninsula inland re-
gions showed no significant departure from the lognormal
distribution for PCB concentrations, suggesting a good fit of the
data. For p,p0DDE concentrations, the Lake Erie coastal region
showed significant departure from normality (P < 0.01), but all
other regions showed good fit and the assumption of a lognormal
distribution was considered sound.
Fig. 1. Geometric means ± 1 SE resulting from four methods of calculation for PCB
and p,p0DDE levels within the state of Michigan. Median is included for comparison.
These 234 observations represent samples collected from 1999 to 2003.

Table 1
The standard error of the geometric mean resulting from four methods of calculation
and the rate of censorship for the entire state of Michigan for PCBs and p,p0DDE. The
234 observations represent samples collected from 1999 to 2003.

Error method PCB (lg/kg) DDE (lg/kg)
6.41% Censored 10.26% Censored

Kaplan–Meier 1.1 1.1
MI–MLE 1.1 1.1
0.0001 1.3 1.3
Half the DL 1.1 1.1
3.2. Geometric means, medians, and standard errors

For comparisons made at the whole state level, measures of
central tendency in PCBs ranged from 33 lg/kg for the current
method, to 78 lg/kg using MI. The median PCB concentration
was 77 lg/kg. For p,p0DDE, central tendency measures ranged from
6 lg/kg using the current method to 20 lg/kg using MI, with a
median concentration of 17 lg/kg. In both cases the MI method
produced the highest estimate of geometric mean, but was near
the median and KM estimate, which was 69 lg/kg for PCBs and
18 lg/kg for p,p0DDE. Comparisons for both contaminants also re-
sulted in the lowest estimate of geometric mean using the current
method, as would be expected based on the mathematical under-
pinnings of geometric mean calculation. The method of substitu-
tion using half the detection limit was lower than the MI, K–M,
and median, but much closer than the current substitution meth-
od. For PCBs, Monte Carlo simulation based tests of significance
suggested that the current ‘0.0001’ substitution and ‘Half the DL’
methods both produced estimates of the geometric mean that
showed a significant substitution method effect (P < 0.0001 and
P = 0.0406, respectively). Monte Carlo simulation based tests of sig-
nificance suggested that for p,p0DDE the current ‘0.0001’ substitu-
tion and MI methods both produced estimates of the geometric
mean that showed a significant substitution method effect
(P < 0.0001 and P = 0.0149, respectively). Geometric means for
each of the methods discussed as well as the median are shown
for PCBs and p,p0DDE in Fig. 1. In addition to summary statistics,
the figure shows error bars representing one standard error above
and below the geometric mean for each method and each
contaminant.

The standard errors of the geometric mean at the state level for
all of the methods discussed were similar. Table 1 displays the
standard errors, number of observations (n) and the rate of censor-
ship for each contaminant. For PCB concentrations, measures of
standard error ranged from 1.1 using Kaplan–Meier, MI and half
the DL methods to 1.3 using the current 0.0001 substitution value.
For p,p0DDE concentrations, measures of standard error also ranged
from 1.1 to 1.3. Again, the current method of substitution was
higher, with the remaining three methods lower and in agreement.

Results at the subpopulation level follow the same trend as the
whole state, with the current substitution method producing de-
pressed geometric mean estimates and elevated standard errors.
The results of the geometric mean analysis and the medians for
PCB and p,p0DDE concentrations are summarized in Table 2. The
standard errors for PCB and p,p0DDE concentrations are provided
in Table 3. Tables 2 and 3 also display the number of observations
(n) and rate of censorship for each subpopulation. Subpopulations
that were omitted in these tables were those that had no censored
values. In all cases with no censored values the KM method re-
sulted in the same estimate as both substitution methods. Because
these were instances in which no observations were missing and



Table 2
Medians and geometric means of total PCBs and p,p0DDE concentrations for each subpopulation and each method of calculation. Also included are the number of observations and
rate of censorship for each subpopulation.

Subpopulation PCB (lg/kg) p,p0DDE (lg/kg)

Median Kaplan–
Meier

MI–
MLE

Current
0.0001

Half the
DL

n Censorship
(%)

Median Kaplan–
Meier

MI–
MLE

Current
0.0001

Half
the DL

n Censorship
(%)

Lake Huron 135 121 124 430.0224 105 12 8 36 29 29 110.0001 250.0182 12 8
Lake Superior – – – – – – – 32 29 33 8* 25 45 11
Lower Peninsula 33 33 35 16* 31 49 6 12 11 12 2* 100.0218 49 14
Upper Peninsula 36 290.0077 36 4* 260.0004 64 17 13 12 14 2* 110.0306 64 17

Superscript P-values are provided for estimates that showed a significant substitution method effect based on Monte Carlo simulations.
There were no left-censored observations for PCB in the Lake Superior subpopulation.
* P-value was less than 0.0001.

Table 3
Standard errors of the geometric means of total PCBs and p,p0DDE concentrations for each subpopulation and each method of calculation. Also included are the number of
observations and rate of censorship for each subpopulation.

Subpopulation PCB (lg/kg) p,p0DDE (lg/kg)

Kaplan–Meier MI–MLE Current
0.0001

Half the
DL

n Censorship (%) Kaplan–Meier MI–MLE Current
0.0001

Half the
DL

n Censorship
(%)

Lake Huron 1.4 1.4 3.4 1.5 12 8 1.2 1.2 2.9 1.3 12 8
Lake Superior – – – – – – 1.2 1.1 1.8 1.2 45 11
Lower Peninsula 1.1 1.1 1.6 1.1 49 6 1.1 1.1 1.8 1.1 49 14
Upper Peninsula 1.1 1.1 1.9 1.1 64 17 1.1 1.1 1.8 1.1 64 17

There were no left-censored observations for PCB in the Lake Superior subpopulation.
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so, no substitutions were made, they were omitted to prevent
them from being inappropriately interpreted as an instance of
agreement between KM and substitution methods.
4. Discussion

4.1. Fit of data to lognormal distribution

While not all of the datasets analyzed conformed well to the
lognormal distribution, most were either a marginal or good fit.
The lognormal distribution is common when handling environ-
mental data, so it is not surprising that many of these contaminant
distributions are well approximated by it. Singh and Nocerino
(2002) have cautioned that parametric methods of calculating cen-
tral tendency measures in left-censored datasets can be less reli-
able when observations do not fit the assumed distribution. In
this analysis, the MI method would have been vulnerable to such
problems. In most cases, however, the MI geometric mean estimate
was very close to the KM estimate, which is not vulnerable to such
parametric assumptions. Likewise, in the calculation of standard
errors, MI performed almost identically to the KM method. This
suggests that MI is robust to at least minor deviations from an as-
sumed distribution.
4.2. Geometric means, medians, and standard errors

This study shows that the current method of near-zero substitu-
tion for calculating geometric means with left-censored data and a
right skew performs poorly relative to the methods used for com-
parison here. It resulted in the lowest estimate of central tendency,
which was farthest from the median, and resulted in the highest
estimated standard error when compared to other methods. Sev-
eral investigations have provided evidence that methods replacing
all non-detects with a single value (substitution methods) can
introduce bias (Liu et al., 1997; Singh and Nocerino, 2002; Baccar-
elli et al., 2005; Helsel, 2005a,b, 2006; Eastoe et al., 2006; Needham
et al., 2007; Antweiler and Taylor, 2008). This is especially true for
datasets with a large proportion of censored observations because
bias caused by substitution increases dramatically as the percent of
observations censored increases (Eastoe et al., 2006). While several
of the alternatives are analytically intensive, many statistical pack-
ages now recognize the need and are designed to conduct such
analyses. As more programs accommodate this need the program-
ming skill required will no longer be a prohibitive factor. The prob-
lems of substitution in general, are compounded by the use of
geometric means and especially the choice of substituted value
(Helsel, 2005b, 2006). While it may seem appropriate to choose a
near-zero value such as ‘0.0001’, this inference is based on the
mathematical underpinnings of the arithmetic mean, which differ
from those of geometric mean calculation. Arithmetic mean calcu-
lation is governed by the properties of addition, for which ‘0’ is the
identity value. This means that ‘0’ is the number which can be
added to a series without changing the sum. In calculating the
arithmetic mean, a ‘0’ allows the sum to remain unchanged while
increasing N, which is the divisor. In this regard, the purpose of
substitution is to serve as a place holder that lets N increase with-
out changing the numerator, thereby allowing the non-detects to
affect the quotient only by inflating N. Geometric mean calculation,
however, is governed by the properties of multiplication, for which
‘1’ is the identity value. In multiplication, in contrast to addition,
near-zero values have a dramatic effect, while values near one
are of the lowest impact. Imagine the difference in this simple
example, between the effects of:

10000þ 0:0001 ¼ 10000:0001 ð1Þ
10000 � 0:0001 ¼ 1 ð2Þ

When adding in (1), the result is very near the number with which
we began. When multiplying in (2) though, the result is 1, which is a
drastic decrease from 10 000.

Estimates of geometric mean and standard errors for all meth-
ods except the current substitution method were largely in agree-
ment for datasets with rates of censorship near or below 10%. For
these low rates of censorship, estimates were in close agreement
with one another and with the median, which suggests that they
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are capturing the central tendency of contaminant concentrations
and not overly sensitive to the censorship or skew in the dataset.
This includes the other substitution method tested here of ‘1/
2 � DL’, which is common practice for contaminant monitoring pro-
grams. Based on Monte Carlo simulation results, the current substi-
tution method always resulted in a significant substitution method
effect regardless of rate of censorship. The ‘1/2 � DL’ method
showed a significant substitution effect for all datasets with great-
er than 11% and one dataset with only 8% substitution, suggesting
that it is not a good method of handling left-censored data as the
rate of substitution increases.

Though the maximum likelihood based MI estimates of geomet-
ric mean did not show a significant substitution effect based on our
Monte Carlo simulations, they were consistently highest, which
suggests that they are the most vulnerable to right skew of the
methods considered here. Indeed, in Singh and Nocerino’s (2002)
discussion of handling censored data in the presence of a right
skew, they warned that such distribution based methods were
‘‘particularly susceptible to problems caused by outliers”. They
concluded that for large sample sizes and only when distributions
could be satisfactorily fit, MLE-based analyses were good alterna-
tives. As stated above, some of our data were shown to be a poor
fit to the assumed distribution. However, MI provides an advantage
over strict maximum likelihood estimators in that when it is used
to ‘fill-in’ missing observations, sampling is done multiple times.
This provides the distinct advantage of estimating the variance
resulting from the procedure itself versus the variability in the ac-
tual contaminant concentrations. Multiple imputation estimators
have also been previously found to produce unbiased estimates
when the proportion of uncensored values was less than 50% (Jain
et al., 2008). Multiple imputation estimates of standard error were
similar to estimates produced by all but the current substitution
method.

Kaplan–Meier estimates were first derived as a way of deter-
mining mean survival in datasets in which not all members of
the sample died at the end of the experiment. This resulted in
right-censored distributions, which are common in engineering
and medical trials (Helsel, 2005b). Increasingly, the common prob-
lems in analyzing right and left-censored data have drawn
researchers in the environmental field to apply these techniques.
Originally, left-censored data were simply transformed to make a
right-censored distribution by subtracting them from an arbitrary
value larger than the largest observation. As this method grows
in acceptance, programs have begun to accommodate left-cen-
sored data without such transformations.

In this study, KM estimates did not seem as sensitive to the
effects of right-skewed data, which is a major benefit of using a
nonparametric analysis technique. The KM estimates of both geo-
metric mean and standard error were overall quite similar to those
produced by all but the current substitution method, though the
geometric means estimates were consistently lower than the MI
estimates, where differences occurred. In one case, the Upper Pen-
insula geometric mean PCB concentration, the KM estimate was
determined to be exhibiting a significant substitution method ef-
fect based on simulation results. In other published accounts of
data handling methods for left-censored datasets, KM was deter-
mined to perform best in the determination of summary statistics
(Antweiler and Taylor, 2008). As a testament to its robustness, it
has been used as the standard of comparison in other studies of
left-censored data (Eastoe et al., 2006).

4.3. Recommendations

Based on the findings here, KM statistics provide the best esti-
mates of geometric means in data with both left hand censorship
and a right skew, like those generated by the Michigan BEBP. Dif-
ferences between KM estimates and MI estimates were minor,
which may tempt the conclusion that they are equally valid for
these data. However, based on the subtle trend here of MI to be
pulled upward, and published evidence of the tendency of para-
metric analyses like MI to be biased by skewed data (Eastoe
et al., 2006), KM seems the best option. Use of the nonparametric
KM also provides theoretical consistency in that significant differ-
ence testing is already performed using nonparametric techniques.

For the dataset in this study, the common practice of substitu-
tion with ‘1/2 � DL’ resulted in estimates of both geometric means
and standard errors that did not differ greatly from other methods
compared. This must be interpreted with caution, however, since
these data had low rates of censorship (6.41% for PCBs and
10.26% for p,p0DDE, at the state level). It has been shown that the
bias caused by substitution increases dramatically as the percent
of observations censored increases (Eastoe et al., 2006). The agree-
ment between this substitution method and more complex meth-
ods is likely a reflection of the low levels of substitution in these
data; it should not be interpreted as evidence of equivalence be-
tween the ‘1/2 � DL’ substitution method and MI or KM methods.
It may be concluded that substitution of ‘1/2 � DL’ would be an
acceptable treatment of censored values only for studies with
low levels of censorship. Substitution is still common practice in
toxicological studies, which makes it tempting to employ for the
purpose of consistency. However, substitution will become an
increasingly problematic solution as monitored contaminants be-
come less prevalent and a larger proportion of samples contain
contaminant levels in the non-detectable range. This is evident
when comparing the data presented here to historical data. For
example, in the years from 1987 to 1993 Lake Huron nestlings
provided no samples with non-detectable PCB concentrations com-
pared with 8% of samples with non-detectable PCB concentrations
in these data. Only 4% of samples from Lower Peninsula nestlings
and only 9% of samples from the Upper Peninsula had non-detect-
able PCB concentrations in the 1987–1993 dataset, compared with
6% and 17%, respectively here (Bowerman, 1993). We believe that
as more studies of this nature are published and software increas-
ingly accommodates left-censored data, substitution methods will
become less prevalent.
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