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Introduction 
On May 28, 1999, the fact that PCBs and dioxins had entered the Belgian food supply through 
contaminated anunal feed was made public. In Febmary and March, Belgian farmers had aheady 
witnessed a serious drop in egg production, poor egg hatching and increased mortality of chicks. 
From June 1999 on, an mtensive monitoring program was launched in order to evaluate the 
presence of PCBs/dioxins in food items. Since the origin of the dioxins appeared to be a 
contamination with PCBs—most probably Aroclor 1254 and 1260—screening of some 50000 
samples started with an analysis ofthe marker PCBs. We thought it of interest to perform an 
analysis of the PCB profiles found in order to obtain a better insight in the original 
contamination(s). 

Residue research often faces analytical results that fall below the assay's limit of quantification. 
These so-called "below detection limits" (BDLs) present a serious interpretation problem' because 
the left tail of the PCB distribution pattem is censored. Leaving the censored data out, as well as 
substituting them by one single value, e.g., one-half of the reported limit, will bias the estunation 
of the distribution parameters'. Hughes^ has shown on the basis of simulations that these 
procedures can produce estimates with significant bias, especially as the proportion of data that is 
censored mcreases. We here propose some statistical methods in order to handle censored data in 
an appropriate way. 

Data 
The monitoring program resulted in a data set of PCB profiles in animal feed, eggs, chicken, pork, 
beef, milk and derived products. Standard PCB analyses consisted in the determination and, if 
possible, quantification of 7 PCB markers (PCBs 28, 52, 101, 118, 138, 153 and 180). Hence, 
each analysis / combines information on sample characteristics such as sampling moment, 
location, laboratory, ...), with a vector Yi= (yij,j=\,...,l) as a function ofthe presence ofeach cf 
Uie 7 marker PCBs. 

In order to illustrate our approach we simulated a data set of 20 samples, generated accordmg to a 
multinomial distribution by letting a random total amount («,) to be distributed among the 7 
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possible congeners according to a probability vector H. Furthermore, we generated an exfra-
multinomial variation by allowing the probability vector n , to vary across samples as illustt'ated 
in tablel. 
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Methods 
The sum of the 7 PCB congeners can be considered as response variable and a log normal 
distribution can be assumed. A regression versus potential covariates can then be canied out, 
acknowledging for below detection limit values via a likelihood term by integrating over the 
possible censored range of observations. 

An altemative method which is implemented in standard statistical packages, considers the inverse 
ofthe concenfrations in a survival analysis framework. When investigating the vector of PCB 
responses F,- = {yij,J^\,...,7), a multivariate extension ofthe above described method could be 
implemented. 

To study the possible sources and number of sources of food contamination, we will mainly 
investigate how the total observed amount of PCB (/?/) is distributed among the 7 congeners in 
each sample /. In other words we want to make inferences around the distribution of the 
probabilities (Ui), instead ofthe concentrations themselves. Intuitively one can compute for each 
sample the percentages and make use of the central limit theorem to apply traditional multivariate 
techniques like principal component analysis, cluster analysis, discriminant analysis and biplots. 

We face, however, the problem of BDL, which will typically bias the estimation of the 
percentages. Neglecting samples with BDL values or setting them equal to zero, to the detection 
limit or the half of it, will bias the profiles. As an illustration we introduced a detection limit cf 
40 in our simulated data set of 20 samples, so that 50% ofthe data became below the detection 
limit. Figure 1 shows the profiles of the simulated data where we set BDL values equal to zero, 
equal to the detection limit or equal to half the detection limit. 
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a. No detection limits introduced b. BDL replaced by zero 
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c. BDL replaced by 1/2 the detectbn limit d. BDL replaced by the detection limit 
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Figure 1: Profiles of 7 PCB markers using a simulated data set (sample size=20). Figure a shows 
the original data without the presence of detection limits. Figure b, c and d are profiles of the same 
data set with the introduction of detection limits equal to 40. The BDL values are replaced by zero 
in figure b, by one half the detection limit in figure c and by the detection limit in figure d. 

Although the samples are all issued from the same probability vector, a quite different pattem 
arises after BDL values are introduced, each approach giving a different result. Furthermore, the 
mfroduction of BDL values considerably decreases the variability ofthe observations. 

We suggest to model the outcome F,- = (v/,, y-l....,7) as if it was issued from a muhmomial 
distribution. In order to acknowledge for extra-multinomial variation that can be expected to arise 
from concentration data, multivariate random effecis were added. This was implemented in a 
MCMC framework by means of the Multinomial-Poisson transformation (MP), where censored 
observations are included in an appropriate way by introducing an additional parameter for each 
censored observation. In this way, all condhional distributions are unchanged from the analysis 
with no censored observations and a new set of conditional distributions for the set of censored 
observations is introduced'. An additional advantage ofthis approach is that it provides estunates 
of the fiill posterior distributions of the parameters. This MCMC approach is carried out in a 
Bayesian inference framework using Gibbs sampling as simulation technique in the Software 
WinBUGS 1.2 '. 

Results and discussion 
We estimated the percentages of our simulated data set by means of two statistical methods, the 
replacement of BDL values by zero and the MCMC approach. 
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Table 2: Estimates of mean and standard deviation for the same data set using two different 
statistical models. 

PCB used 
probabilitie 

Substituting BDL by zero MCMC approach 

mean standard 
deviation 

mean standard 
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0268 
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0.005013 

0.006964 
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0.005687 

0.04273 

0.0482 

0.1962 

0.1071 

02066 

0.2518 

0.1472 

0.003556 

0.00374 

0.006988 

0.005856 

0.007657 

0.008586 

0.006439 

It appears that Uie percentages of PCB 28 and PCB 52, which are the PCB congeners presenting 
most BDL values, are underestimated when substituting the BDL by zero. The MCMC qiproach 
consistently estimates all PCB congeners conectly. This sfresses the importance of unplementing 
BDLs in a correct way. Gomg back to the origuial data base of 50000 chemical analyses, we 6oe 
the problem that the data set contains values censored at more than one detection/reporting limit. 
The reasons are multiple: the quantification limits were not the same for all the congeners, diflfeent 
labs performed the analyses and withm a same lab the detection limits became lower over time. 
Furthermore, there are many covariates involved in this data set: type of mafrix, tune of collection, 
laboratory identity and others. These two difficulties are implemented m our methodological 
approach. An important difficulty, however, remams. The implementation via Gibbs sampling is 
very computer intensive. Each censored Yy is iteratively sampled for the full multivariate 
disfribution until it gets a value below the censormg pomt. The model requires a lot of computer 
tune when the censored range is resfricted. Implementation on a UNIX platform and model 
reparametrisation could eventually result in significant unprovement but has not yet been tested. 
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