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INTRODUCTION
This document describes methods for assessing bioaccumulation of persistent chemical contaminants by fish and shellfish.  This document is intended to be used by staff of the Washington State Department of Ecology (Ecology) and members of the regulated com​munity.  The purpose of the document is to help readers select and contrast methods to evaluate the relationship between chemical concentrations in fish or shellfish tissue and sediment of Washington State marine waters.

Concentrations of hazardous anthropogenic organic chemicals in edible fish and shellfish that represent a health risk to human consumers are of concern to Ecology.  Determina​tion of the extent to which contaminant concentrations in sediment control contaminant concentrations in tissue is an essential part of the Tier II evaluation process now being developed by Ecology.  Elevated concentrations of chemicals in tissue are frequently found in areas of contaminated sediment, but despite increasing attention during the last decade to sediments as a source of tissue contaminants, no single empirical or mechanis​tic relationship has been found to explain the observed pattern of bioaccumulation in all cases.  This document describes the strengths and weaknesses of currently available methods for measuring and predicting bioaccumulation of chemicals of concern, princi​pally organic compounds, from sediment.  The strengths and weaknesses of each method are addressed in a qualitative manner.  Supporting material describes some of the biologi​cal and chemical factors that are thought to control bioaccumulation in fish and shellfish.  Both types of information are intended to help the reader select an appropriate means of evaluating bio​accumulation on a regional or site-specific basis.

METHODS FOR ASSESSING BIOACCUMULATION
Measures of chemical bioaccumulation by fish or shellfish may be used to assess the impact of current or future releases of potential sediment contaminants.  For assessment of current conditions, direct measurement of fish and shellfish tissue is the most straight​forward means of determining bioaccumulation.  Although the representativeness, accu​racy, and statistical power of direct measurements may be questioned, these issues can be addressed by a carefully designed sampling and analysis program (some considerations are discussed in the section of this document titled Field Data for Bioaccumulation Assess​ment).  Direct measurement does not suffice, however, when a prediction of future tissue contaminant concentrations must be made.  Whether future conditions result from a new discharge or the cleanup of a contaminated sediment site, a predictive bioaccumula​tion assessment method must be used.

This section discusses several methods that can be used to predict contaminant concentra​tions in tissue based on contaminant concentrations in sediment.  These methods vary widely in their complexity, and all of them are applicable to either a permitting or cleanup situation.  In order from simple to complex, the methods are as follows:

· Biota-sediment accumulation factors (BSAFs)

· Regression methods

· Simple kinetic models

· Physiologically-based pharmacokinetic (PBPK) models.

Modeling methods are commonly categorized in several different ways, most commonly as theoretical or empirical, mechanistic or statistical, and kinetic or equilibrium.  Table 1 illustrates how these categories apply to the methods described here.

Table 1.  Categorization of Bioaccumulation prediction Methods

Method
Theoretical (T) or Empirical (E)
Mechanistic (M) or Statistical (S)
Kinetic (K) or Equilibrium (E)

BSAF
T/Ea
S
E

Regression
E
S
E

Simple kinetic models
T/Eb
M
K

PBPK models
E
M
K

a Although originally proposed on a theoretical basis, high variability requires empirical demonstration of the applicability of the BSAF approach.
b Simple kinetic models commonly rely on theoretical relationships for which parameters are estimated empirically.

BSAF and regression methods are related in that regression can be used to estimate BSAF values.  Similarly, simple kinetic models and PBPK models differ from one another in degree more than in kind.  Simple kinetic models are those that consider the organism as one or more distinct compartments, but they do not equate those compartments with spe​cific tissues, and they do not equate transfers between those compartments with specific physiological processes.  PBPK models, in contrast, explicitly identify compartments such as gill, gut, blood, liver, and muscle.  The parameters controlling contaminant trans​fer between compartments of a PBPK model can be specified by making physiological meas​urements, whereas the parameters of a simple kinetic model must be specified either by statistical analysis of available data or during model calibration.

BSAFs (and equivalent models, such as bioaccumulation or bioconcentration factors for uptake from food or water) are currently the most widely used method for predicting bio​accumulation.  The following discussion therefore deals principally with the BSAF method.  Regression techniques, although not currently as widely used as BSAFs, can generally be applied to any data set that is suitable for calculation of a BSAF.  Regression methods may indicate a relationship between contaminant concentrations in tissue and sediment when the BSAF does not; therefore, regression methods have the potential to be applied more widely.  In contrast, simple kinetic models and PBPK models do not seem to be widely used in practice; therefore, they are treated here in less detail than BSAFs and regression models.

Additional discussion and evaluations of BSAFs, kinetic models, and PBPK models can be found in Lee (1992) and Landrum et al. (1992).

BSAFs
The BSAF is the ratio of the contaminant concentration in tissue to the contaminant con​centration in sediment.  Because of their hydrophobic characteristics, nonpolar organic compounds tend to preferentially accumulate in lipid-rich fish or shellfish tissues.  For the same reason, these compounds generally associate more strongly with the organic fraction of the sediment than with the inorganic fraction.  The fraction of a contaminant that is associated with the organic fraction of the sediment is thought to be more biologically available than the fraction that is associated with inorganic material.  Consequently, when calculating the BSAF, contaminant concentrations in tissue and sediment are standardized to the lipid content and the total organic carbon (TOC) content of tissue and sediment, respectively.  The formula for the BSAF is therefore:




Because it is a ratio of concentrations that is assumed to be applicable to a variety of con​ditions, the BSAF should be relatively constant.  An implicit assumption of the BSAF approach is that there is a proportional relationship between the concentrations in sedi​ment and tissue.  That is, if the sediment contaminant concentration doubles, the tissue contaminant concentration is also expected to double.

Concentrations of contaminants and lipid in tissue are ordinarily expressed on a wet-weight basis.  This is appropriate given the relatively constant moisture content of tissue and allows tissue contaminant concentrations to be directly compared to consumption guidelines.  Some BSAF values reported in the literature, however, are calculated based on dry-weight tissue contaminant concentrations.  Concentrations of contaminants and TOC in the sediment should always be expressed on a dry-weight basis.  Regardless of the measurement basis used (dry or wet), the standardized contaminant concentrations in tis​sue and sediment should always be expressed in the same units (e.g., mg/kg).

The applicability of the BSAF is based on equilibrium partitioning theory:  the assump​tion that the contaminant of concern is at thermodynamic equilibrium in all environ​mental phases (i.e., sediment, water, and organisms).   If strictly interpreted, equilibrium parti​tioning theory predicts that the BSAF for all contaminants in all species should be 1.7, based on the differential hydrophobicities of TOC and lipid (Lee 1992).  Although BSAF values close to this theoretical value have been observed for polychlorinated biphenyls (PCBs) and DDT in Dover sole (Young et al. 1991), observed BSAF values often differ greatly from this theoretical value (Lee 1992, Boese et al. 1995).  Discrepan​cies are very likely to be a consequence of the fact that thermodynamic equilibrium is rarely, if ever, achieved under actual environmental conditions.  In practice, therefore, the BSAF must be treated as an empirical rather than a theoretical expression of the relation​ship between sediment and tissue.  Because a single universal value does not seem to apply to all chemi​cals and all organisms, BSAF values are ordinarily computed on a chemical- and species-specific basis.  BSAF values may also, in practice, be computed for groups of chemicals or groups of species if there are insufficient data to perform a more detailed analysis.

Data Sources

The data used to compute BSAFs may be obtained from field or laboratory studies.  There are different limitations associated with the data from each of these sources, but as a rule, these limitations relate to the difficulty of producing realistic estimates of actual exposure.

Field Surveys

Field collections of tissue data that may be designed to measure bioaccumulation directly can also be used to support the development of a prediction method, such as BSAF, if corresponding sediment data are available.  In many cases, sediment data are collected synoptically with tissue data; in others, data from different studies must be combined.

Advantages of field data to calculate the BSAF are that:

· Organisms from the field are more likely (relative to laboratory stud​ies) to be exposed to the same suite of conditions that will affect uptake under the prediction scenario

· Data can be obtained for organisms that may be difficult to culture in the laboratory

· Data for some species (e.g., mussels) may be obtained more quickly than is possible with chronic bioaccumulation experiments

· Relevant data may be available from a variety of sampling and moni​toring programs, allowing a larger database to be assembled more eas​ily than other methods allow.

Potential problems, particularly with surveys intended to allow the calculation of site-specific BSAFs, are that:

· The survey may fail to capture a sufficient number of organisms (e.g., fish) of the appropriate species, size, and sex

· Contaminant concentrations in the selected organisms may be more responsive to contaminant concentrations in the water than in the sediment

· The survey may fail to collect sediment data from throughout the target species’ entire potential home range

· The survey may fail to collect sediment with concentrations that are within the range of interest for predictions

· The individuals that are collected may not be at steady state with respect to the local sediment (e.g., as a result of seasonal changes in physiology)

· When data from different studies are combined, differences in methods may obscure the relationship between sediment and tissue.

Despite the potential sources of uncertainty, data originating from field studies are appro​priate for calculating BSAF values and may be the only choice for some species and chemicals.  The variability of field data is likely to be higher than that of laboratory experiments because of the difficulty of establishing the actual exposure conditions in the field.  Preference should be given to field data sets that include ancillary information on biological and environmental conditions because this information may allow stratified sets of BSAFs to be computed (e.g., by fish age or season).

Laboratory Studies

Bioaccumulation studies in aquaria or mesocosms allow actual exposure conditions to be easily measured (or specified).  This type of study thereby eliminates one of the major uncertainties associated with field data.

Advantages of laboratory studies of bioaccumulation are that:

· The organisms’ exposure to the chemical of concern is well known

· Data from different studies that use standard protocols should be directly comparable, particularly with respect to the age, size, and health of the organisms used

· If the time course of uptake is recorded, the results may be used for kinetic modeling as well as for BSAF computation.

Methods for conducting bioaccumulation tests of benthic infauna are described in U.S. EPA (1989) and U.S. EPA (1994), and a bioaccumulation test for minnows is described in Mac and Schmitt (1990).  No standard bioaccumulation tests for flatfish have been estab​lished.  Thus, although bioaccumulation studies provide more reliable information on the chemical conditions of exposure, relative to field data, they may not provide information about contaminant concentrations in tissues of species of concern.  Potential problems with laboratory studies are that:

· Test organisms are of a different species, age, or sex than those of concern

· Organisms may be exposed to a range of contaminant concentrations that does not overlap with the range of concern

· The organisms do not achieve steady-state concentrations within the exposure period

· Exposure conditions may be unrealistic (e.g., fish may be unfed during relatively brief exposures, sediment conditions that promote or inter​fere with bioaccumulation in the field may be absent).

Ankley et al. (1992) found reasonable agreement between field and laboratory measure​ments of PCB uptake by freshwater infauna (oligochaetes), but not for fish.  The observed differences in PCB uptake by fish may have been due to differences in the species tested or to a failure of the test organisms to reach steady state during the 30-day exposure (Ankley et al. 1992).

The results of standardized bioaccumulation test protocols (U.S. EPA 1989, U.S. EPA 1994) are comparable because test durations are standardized.  These protocols, however, do not require that the test continue until the organism can be demonstrated to have reached steady state.  Bioaccumulation test results are subject to the same uncertainty as field data in this respect if the time course of uptake has not been recorded.  Furthermore, although organisms collected from the field may have tissue contaminant concentrations that are higher than the steady-state level, organisms in bioaccumulation tests that fail to reach steady state will, as a rule, have tissue contaminant concentrations below the steady-state level.  BSAF values computed from bioaccumulation study results where steady state has not been demonstrated may therefore be biased low.  If the time course of uptake is recorded during the test, however, it may be possible to compute the steady-state concen​tration for use in the calculation of a BSAF.

If data from multiple laboratory bioaccumulation experiments are used to compute BSAF, the studies should be carefully examined for compatibility.  Data that are produced by dif​ferent study designs (e.g., static vs. flow-through exposure chambers, different species, different exposure periods) should be evaluated to determine whether systematic differ​ences in study design are associated with systematic differences in tissue contaminant levels.  If systematic differences in results appear to be associated with different study designs, a BSAF value (or distribution) should be calculated for each different study design.

Caged Fish Studies

Caged fish studies have some of the same advantages and disadvantages as laboratory bio​accumulation studies.  The exposure conditions are relatively well known, but they may not be representative of the exposure that would be experienced by a free-ranging fish, and they may not reach steady state in the period of exposure.  However, Mac and Schmitt (1990) found that PCB uptake by caged fathead minnows was similar to that measured in a laboratory bioassay.  For the purpose of calculating BSAF values, results of caged fish studies should be reviewed in a manner similar to the results of laboratory bio​accumulation studies.

Data Manipulations

Some manipulation of the data, particularly field data, may be necessary to achieve an appropriate pairing of sediment and tissue chemistry data.  Before calculating the BSAF, the data should also be examined for unusual characteristics, such as the presence of out​liers (Sokal and Rohlf 1981).  Data transformations (e.g., logarithmic transformation of concentrations) are inconsistent with the BSAF model and should not be applied; trans​formations are discussed later, however, in the context of other regression models.

Undetected tissue data should be excluded from BSAF calculations because they are very likely to introduce additional variability that may obscure any relationship.  Undetected sediment chemistry data should be excluded unless they can be used to estimate an uncensored mean concentration (described in the following section titled Grouping of Sediment Chemistry Data).

Before data from several different years are combined for BSAF computation, they should be examined for temporal trends in contaminant concentrations in tissue and sediment.  Trends of decreasing concentrations of PCBs and other chlorinated organic compounds in fish and shellfish tissue have been observed throughout the United States (Schmitt et al. 1981, Schmitt et al. 1983, Schmitt et al. 1985, Schmitt et al. 1990, NOAA 1988 as cited in Fensterheim 1993, Eisenberg and Topping (1984), Eisenberg and Top​ping (1985), Stout 1986, O’Connor 1994, and O’Connor 1996).  Although the existence of a trend does not in itself invalidate the assumptions underlying the BSAF, it may restrict the investigator’s ability to group non-synoptic sediment and tissue data.

Segregation of Tissue Chemistry Data

The measured concentrations of contaminants in tissue depend not only on the true tissue concentration, which in turn depends upon both physico-chemical and biological influ​ences (Landrum et al. 1994), but also on the measurement method.  Physico-chemical influences include the composition of the matrix in which the chemical is released and encountered, the amount of time since its release, and the physical structure of the envi​ronment (Landrum et al. 1994, McKim 1994, Kelsey and Alexander 1997, Connor 1984, Macdonald et al. 1993).  Biological influences include organism species, age, size, growth rate, sex, reproductive condition, diet, trophic level, and other stressors (Landrum et al. 1994, McKim 1994, McLeese et al. 1980, Tarr et al. 1990, Stow 1995, Kidd et al. 1995, Olsson and Reutergårdh 1986).  Measurement methods may differ with regard to whether or not the organism is depurated (especially bivalves); whether the tissue ana​lyzed consists of the whole organism, selected tissues, skin-on fillet, or skin-off fillet; and whether or not samples from multiple individuals are composited before analysis.

These influences, if not taken into account, may add substantial variability to a set of tis​sue data, particularly when data from multiple sources are combined.  Ideally, these sources of variability should be controlled for by measuring appropriate physico-chemical and bio​logical conditions and by using a consistent analysis method.  Given measure​ments of the potentially important physico-chemical and biological conditions, statistical techniques such as analysis of variance or multiple regression can be used to determine which of these conditions have a significant effect on tissue contaminant levels.  Tissue data should be segregated into subsets based on the statistically significant influences, and individual BSAF computations should be performed for each subset.  This procedure is likely to result in several sets of BSAF values, such as different values for different age classes of a species or different values for summer and winter populations.

This ideal approach is, unfortunately, impractical with most available tissue data because the potentially important ancillary data are lacking.  When these ancillary data are avail​able, however, they should be used.  Sampling programs should routinely collect this information so that the impact of the different influences can be discerned.  The product of this extra effort will be more accurate and more precise estimates of bioaccumulation.

Grouping of Sediment Chemistry Data

There may be several measurements of sediment contaminant concentrations associated with each measurement of fish tissue, each taken at a different location throughout the fish’s home range.  In such cases, the sediment chemistry data should be combined so that there is a single sediment chemistry value associated with each tissue chemistry value.  There are several ways in which the sediment chemistry data can be combined:

· Uncensoring of a normal or log-normal distribution

· Arithmetic average

· Area-weighted average

· Distance-weighted average (weighting factors may differ).

There is no a priori correct way to combine sediment chemistry data.  As a consequence, all of the grouping techniques listed above may be applied to a data set in an exploratory fashion.

Before any of these grouping techniques are applied, an estimate must be made of the overall fish home range.  Accurate measurements of the home range of epibenthic fish in Puget Sound (flatfish and rockfish) do not seem to be available.  In other locations, some sub-populations of flatfish have been observed to range widely, whereas other sub-populations may remain in a single embayment for extended periods (Howe and Coates 1975, Phelan 1992).  PSDDA (1986) estimates that the home range of English sole (Par​ophrys vetulus) in Elliott Bay is approximately 3.6 × 107 ft2.  Additional data on fish ranges is needed to reduce the uncertainty associated with grouping of sediment chemis​try data.

When a contaminant is undetected at some of the sampling locations within a home range, uncensoring can be used to estimate the mean sediment contaminant concentration.  Uncensoring techniques are described in Gilbert (1987).  Although logarithmic transfor​mation of the chemistry data may be necessary before uncensoring can be carried out, the arithmetic mean of the uncensored distribution should be used to calculate BSAF values.

When sediment data have been collected at several different locations within a home range and they indicate the presence of a hot spot, area-weighted averaging of the sedi​ment chemistry data may be the most appropriate technique.  A deterministic and repro​ducible method, such as Thiessen polygons, should be used to associate an area with each sam​pling location within the home range.  The area-weighted average should then be com​puted by summing the products of the individual concentrations and areas and dividing this total by the total home range area.

If the home range size is highly uncertain, distance-weighting of sediment concentrations may be the most appropriate technique.  Weighting factors should be assigned to the indi​vidual sediment chemistry observations so that sediment chemistry observations closer to the location of fish capture have a higher weight than sediment chemistry observations that are farther away.  Weighting factors may be based on an assumption of linear or non-linear (logarithmic or inverse square) decrease in importance with distance.  The distance-weighted average should then be computed by summing the products of individual con​centrations and weighting factors and dividing this total by the sum of the weighting factors.

The impact of the selected grouping technique on site management should be considered.  For example, if an area-weighted average of sediment chemistry data within a home range area is used to compute a BSAF, then that BSAF can be considered to apply only to area-weighted average concentrations.  Application of a sediment criterion derived from such a BSAF in this way is likely to be quite cumbersome, however.  Application of the BSAF-derived sediment criterion to the highest sediment chemistry concentration(s) at a site should be recognized as a protective usage.

Calculation of the BSAF

Empirical BSAF values are calculated from one or more paired observations of chemical concentrations in tissue and sediment.  When only a single paired observation is avail​able, the BSAF can be calculated only by forming the ratio of the concentrations in tissue and sediment.  When more than one paired observation is available, there are three methods by which a BSAF can be calculated:

1. A BSAF can be calculated for each pair of observations, and then these individual values can be averaged.

2. All tissue data can be averaged, all sediment data can be averaged, and then a BSAF can be calculated as the ratio of these averaged values.

3. The chemical concentration in tissue can be related to the chemical concentration in sediment by linear regression; the BSAF is then the slope of the line, provided that the line has an intercept that is not sig​nificantly different from zero.

The third method should always be used.  There are two reasons to prefer the regression method:

1. It provides the most accurate estimate of the BSAF by minimizing the effect of departures of individual data points from the overall BSAF value

2. It provides a statistical measure of the probability of the actual exis​tence of a proportional relationship between chemical concentrations in tissue and sediment.

Both of the first two methods suffer from the drawback that they can be applied regard​less of whether concentration data meet the assumption of proportionality that underlies the BSAF.  When data do not meet the assumption of proportionality, the first two methods can produce invalid BSAFs.  The difference between these methods can best be illustrated with several simple examples.  Tables 2–4 and the accompanying Figures 1–3 show three data sets with different characteristics (these data are presented for the pur​pose of illustra​tion and do not represent any actual contaminant, site, or species).

The data in Table 2 and Figure 1 illustrate the case in which there is a proportional rela​tionship between contaminant concentrations in sediment and tissue.  There is a small amount of variation in individual measurements, but overall the proportional relationship is clearly evident and statistically significant (i.e., the slope is significantly different from zero and the intercept is not significantly different from zero).

TABLE 2.  EXAMPLE DATA SHOWING A BSAF RELATIONSHIP

Observation
Sediment Contaminant/TOC
Fish Contaminant/Lipid
Fish/Sediment Ratio

1
20
44
2.2

2
50
80
1.6

3
125
130
1.0

4
200
260
1.3

5
400
500
1.3

6
450
520
1.2

Mean
208
256
1.4




Figure 1.  Example BSAF relationship.

The slope of the least-squares regression line in Figure 1 is 1.2, which is the most accu​rate estimate of the BSAF that can be made from these data.  The ratios of standardized con​centrations shown in Table 2 illustrate that when the proportionality requirement is met, the individual data pairs can nevertheless have concentration ratios that differ sub​stantially from the true BSAF value (see last column of Table 2).  For other data sets, the deviation in the ratio calculated from individual data pairs may be substantially larger, and different in direction, than those illustrated by the data in Table 2.

Table 3 and Figure 2 illustrate a case in which there is no relationship between standard​ized contaminant concentrations in tissue and sediment.

TABLE 3.  EXAMPLE DATA SHOWING NO BSAF RELATIONSHIP


Observation
Sediment Contaminant/TOC
Fish Contaminant/Lipid
Fish/Sediment
Ratio

1
20
80
4

2
50
145
2.9

3
125
105
0.84

4
200
65
0.33

5
400
125
0.31

6
450
75
0.17

Mean
208
595
1.4




Figure 2.
Tissue and sediment data showing no BSAF relationship.

Despite the absence of any relationship between contaminant concentrations in tissue and sediment, much less a proportional one, the ratio of standardized contaminant concentra​tions in tissue and sediment can be calculated by either of the first two methods.  With a data set such as is illustrated in Table 3 and Figure 2, however, such a ratio is a meaning​less quantity.  The resulting number cannot be used to predict contaminant concentrations in fish tissue from contaminant concentrations in sediment.

Table 4 and Figure 3 illustrate a third case in which there is a linear, but non-proportional, relationship between contaminant concentrations in fish tissue and in sediment.

TABLE 4.  DATA SHOWING A LINEAR BUT
NON-PROPORTIONAL RELATIONSHIP

Observation
Sediment Contaminant/TOC
Fish Contaminant/Lipid
Fish/Sediment

Ratio

1
20
84
4.2

2
50
90
1.8

3
125
130
1.04

4
200
150
0.75

5
400
167
0.42

6
450
210
0.47

Mean
208
139
1.4




Figure 3.
Tissue and sediment data showing a linear but non-proportional relationship.

This case illustrates that the existence of a statistically significant linear relationship does not alone guarantee the existence of a valid BSAF value.  Table 5 illustrates some of the “BSAF” values that might be derived from the data set in Table 4.

TABLE 5.  POSSIBLE “BSAF” VALUES FROM
DATA IN TABLE 4

“BSAF” Value
Origin

0.42
Minimum individual ratio

4.2
Maximum individual ratio

1.4
Mean of individual ratios

0.67
Ratio of mean concentrations (139/208)

0.26
Slope of the line in Figure 3

Table 5 shows that even when there is relatively little scatter in the data, the possible ratios that might be selected to predict contaminant concentrations in fish tissue can range by more than an order of magnitude when a linear but non-proportional relationship exists.  However, because of the non-proportionality of the relationship, none of the ratios in Table 5, nor any other ratio that can be computed from the data in Table 4, can be reliably used to predict contaminant concentrations in fish tissue.  Just as a little bit of scatter in the data can lead to the calculation of very different BSAF values from a single data set, so can the same BSAF value be calculated from very different data sets.  For example, the mean of individual ratios is equal to 1.4 in Tables 2–4.  The number 1.4 has no special sig​nificance, but was chosen arbitrarily to illustrate the point that means of ratios can be unrelated to the actual relationship (or lack thereof) between the quantities forming the ratio.

The existence of a proportional relationship between standardized contaminant concentra​tions in sediment and tissue is a very strict requirement for the application of a BSAF.  Linear regression of contaminant concentrations in tissue against contaminant concentra​tions in sediment is a simple and necessary step to determine whether or not a propor​tional relationship exists.  As part of the regression, confidence limits on the slope and intercept should be calculated.  A proportional relationship may be assumed if both of the following criteria are met:

· The 95 percent confidence limits of the slope do not include zero

· The 85 percent confidence limits of the intercept do include zero.

The selection of the 85 percent confidence limit for the intercept is based on an analogy to backward elimination stepwise regression, in which a higher confidence limit increases the probability of incorrectly evaluating the model (Draper and Smith 1981).

If both of these requirements are met, the data can be used to calculate a BSAF.  If the intercept is not zero, but is not significantly different from zero, the regression should be recalculated, forcing the intercept to be zero.  This step takes advantage of the results of the initial regression by effectively adding an observation to the data set.  The slope of this second regression should then be used as the BSAF.  Calculation of a regression with a zero intercept is described in Zar (1996) and is a feature of most statistical software.

When there is no proportional relationship between contaminant concentrations in sedi​ment and tissue, alternative empirical relationships should be evaluated.  Some of these are described in the section titled Regression Methods.

Quantification of Uncertainty

Variability or uncertainty in a BSAF value can originate from two fundamental types of problems:

· Inaccuracy or imprecision of the data used

· Failure to meet the assumption of steady state.

These two different types of problems must be dealt with in different ways.

Inaccuracy or imprecision of the data can be the consequence of either problems with the techniques used to collect, analyze, or aggregate the data or influences other than sedi​ment on tissue contaminant concentration.  Factors to consider in this context are described in the preceding sections titled Data Sources and Data Manipulations and in the following section titled Data for Bioaccumulation Assessment.  These problems can potentially be reduced, and their effect can be quantified.

Uncertainty resulting from problems with the data can potentially be reduced by collect​ing enough ancillary information to 1) ensure that the sediment contaminant concentra​tion that is paired with each tissue contaminant concentration is an accurate indicator of exposure and 2) determine whether separate BSAF values need to be calculated for dif​ferent organ​ism ages, sizes, sexes, and other factors.

The effects of problems with the data can be quantified when BSAFs are calculated using the regression method.  Confidence limits and prediction limits about the regression line represent the range of uncertainty that is due to variability in the data.

A failure to meet the assumption of steady state may lead to a biased BSAF.  The size and direction of this bias cannot be determined from the observed data.  For example, if all organisms sampled have tissue contaminant concentrations below the steady-state level, the BSAF will be biased low (i.e., an underestimate).   If all of the organisms sampled were at the same fraction of the steady-state level, a BSAF could be quite precise but nevertheless inaccurate.

For the purpose of BSAF calculation, steady state in the organisms must be assessed rela​tive to the sediment that is thought to represent that organism’s exposure conditions.  Whether or not an organism is at steady state with respect to the sediment that is chosen to represent its exposure depends on:

· Changes in uptake with age, size, sex, and health of the organism

· Home range areas of fish, which may differ from the area sampled to characterize exposure

· Differences in the length of exposure (e.g., as a result of organism migration or recent fluctuation in the sediment contaminant concen​tration)

· Different contaminant bioavailability throughout the home range as a result of sediment matrix effects or differential weathering of con​taminants.

These influences can result in observed tissue contaminant concentrations that are either above or below the steady-state level for the corresponding sediment samples.  For exam​ple, if the organisms are growing rapidly relative to the net effects of uptake and loss, they may be below the steady-state level.  On the other hand, if the organisms have recently migrated from an area of higher sediment contaminant concentrations, they may be above the steady-state level.

Problems associated with failure of the assumption of steady state can be reduced by care and thoroughness in sample collection.  However, the effect of non-steady-state condi​tions cannot be quantified by regression analysis or other statistical procedures.  Never​theless, calculation of a reliable BSAF requires that both the statistically quantifiable uncertainty and the statistically unquantifiable uncertainty be addressed.

Statistically Quantifiable Uncertainty

Derivation of the BSAF by regression allows uncertainty related to data variability to be explicitly quantified.  From the standpoint of BSAF application, important aspects of this uncertainty can be addressed by the following three questions:

1. What is the highest tissue contaminant concentration likely to be asso​ciated with a particular sediment contaminant concentration?

2. What is the range of sediment contaminant concentrations that may be associated with a given tissue contaminant concentration?

3. When, or how, can site-specific sediment and tissue data be demon​strated to represent a BSAF that is different than a BSAF that has been developed for general application?

Because the slope of the regression line is the most likely BSAF value but not the only possible BSAF value for any given data set, all of these questions can be answered only in terms of probabilities.  The techniques to use to answer these three questions are, in order:

1. Upper prediction limits and confidence limits

2. Inverse prediction

3. Tests of the equivalence of regression lines.


Use of Prediction Limits and Confidence Limits—Upper prediction limits about a BSAF regression line provide a probabilistic estimate of the maximum likely observed tissue contaminant concentration for any given sediment contaminant concen​tra​tion.  Prediction limits are related to confidence limits: whereas confidence limits about a regression line indicate the uncertainty in the true relationship between regression variables (e.g., contaminant concentration in fish for a given sediment contaminant con​centration), prediction limits represent the uncertainty associated with the mean of addi​tional observa​tions of the dependent variable (tissue contaminant concentration) for a given value of the independent variable (sediment contaminant concentration).  Predic​tion limits can be cal​culated for any number of additional samples.  The upper prediction limit for a single sam​ple is higher than the upper confidence limit but approaches the confidence limit as the number of samples increases.  Formulas for confidence limits and prediction limits can be found in Zar (1996) and Draper and Smith (1981).

Prediction limits should be used to estimate the range of contaminant concentrations that might be observed in additional tissue samples from a location with a given sediment con​taminant concentration.  The upper prediction limit for a single sample can be used for either of the following purposes:

· To determine whether a single new pair of sediment and tissue data (e.g., from a particular site) is consistent with a previously established BSAF relationship

· To determine the maximum tissue contaminant concentration that might be found in a single fish for a given sediment contaminant con​centration.

The upper confidence limit can be used to estimate the maximum mean tissue contami​nant concentration for the population of fish.  The upper prediction limit for a single sam​ple and the upper confidence limit therefore correspond, respectively, to maximum acute and chronic exposures for a piscivore.  All estimates of ranges or maximum values are prob​abilistic, and the confidence level associated with an estimate should always be reported.

One of the results of using the regression approach to derive a BSAF value is that confi​dence limits cannot be placed on the BSAF as a whole.  Confidence limits can only be placed on estimates of tissue contaminant concentrations at given sediment contaminant concentrations.  Thus, there is no single protective BSAF that can be used to relate con​taminant concentrations in tissue and sediment with a constant confidence level.  How​ever, when the BSAF is to be used to identify the range of sediment contaminant concentrations that may be associated with a given tissue contaminant concentration, inverse prediction can be used to estimate a protective sediment contaminant concentra​tion with any desired confidence level.


Inverse Prediction—As a consequence of variability in the tissue and sediment data used to calculate a BSAF, there will be a range of sediment contaminant concentra​tions that could result in a given tissue contaminant concentration.  At the lower end of the range of sediment contaminant concentrations there is a lower probability that the tis​sue contaminant concentration will reach the level of concern, and at the higher end of the range there is a higher probability.  This range of sediment contaminant concentrations is defined by the lower and upper confidence limits on the inverse prediction of the regres​sion (Zar 1996).  The lower limit provides a protective estimate (at a given confidence level) of the sediment contaminant concentration that will result in a tissue contaminant concentration of concern.


Tests of the Equivalence of BSAF Regression Lines—Differences between general and candidate site-specific BSAF values should be assessed by a statisti​cal test of the equivalence of the regression lines.  When a candidate site-specific BSAF is compared to a more general BSAF (e.g., one based on data from Puget Sound as a whole), the com​parison should be made between the data used to derive the two BSAF relationships.  Statistical comparison of regression lines (e.g., BSAFs) is described in Sokal and Rohlf (1981) and Zar (1996).  These techniques apply to all regression analyses (e.g., those described in the next section also).

There may be cases in which just one pair of sediment and tissue data is available for a site, and this pair falls outside the selected (e.g., 95 percent) prediction limits for a general BSAF relationship.  Such a case should not be taken as evidence of the existence of a site-specific BSAF.  Additional data may show that the overall distribution of sediment:tissue relationships at the site is indistinguishable from that represented by the general BSAF.  As a rule, a single data pair should never be used to calculate a BSAF—doing so implies that the organism’s response follows a line between that point and the origin, whereas a single point provides no more evidence for that form of response than for any other.

Statistically Unquantifiable Uncertainty

When all data used to calculate a BSAF originate from laboratory studies that have fol​lowed the course of contaminant uptake and all of these data represent steady-state condi​tions, there will be little or no uncertainty related to the existence or non-existence of steady state
.  However, when the BSAF is based on field data, there will always be some uncertainty about the existence of steady state (unless regular monitoring of field condi​tions has been conducted and there is an indication that contaminant concentrations in both tissue and sediment have been constant for some time).  When this uncertainty exists, it can be quantified by relating it to the rate of approach to steady state.  This tech​nique produces a safety factor that can be applied to the BSAF to account for the uncer​tainty in steady-state conditions.

Calculation of a safety factor for BSAF values relies on the following assumptions:

· The time course of contaminant uptake by an individual organism fol​lows an inverse exponential function

· The population is symmetrically distributed over the range of times necessary to reach steady state from a sub-steady-state concentration.

In addition, because uptake that exactly follows an inverse exponential function does not produce a steady-state concentration in the organism in less than infinite time, it is neces​sary to choose an effective steady-state concentration.  Ninety-five percent of the steady-state concentration, for example, is a practical effective steady-state concentration because it incorporates an error that is no greater than that ordinarily used for statistical hypothesis testing.

Using the two assumptions and the definition of an effective steady-state condition, the inverse exponential function (Equation 1) can be solved for the time to reach half of the effective steady-state concentration (Equation 2).




Equation 1




Equation 2

where:


C
=
chemical concentration in the organism


t
=
time


tM
=
mean time to reach effective steady state


A
=
steady-state chemical concentration in the organism


Aeff
=
effective steady-state chemical concentration in the organism


k
=
uptake rate constant.

If Equation 2 is substituted into the right side of Equation 1, the chemical concentration in the organism when it is halfway to effective steady state can be calculated.  This is equivalent to the mean concentration in the population when the population is symmetri​cally distributed over the range of sub-steady-state times.

When Aeff = 0.95A, Equation 2 results in an estimate of the mean concentration in the population that is equal to approximately 78 percent of the effective steady-state concen​tration.  Equivalently, the effective steady-state concentration is approximately 1.3 times the mean concentration.  This factor of 1.3 provides a safety factor that accounts for the possibility that the observed organisms are in a sub-steady-state condition.

The safety factor can be applied directly to the BSAF if the BSAF itself is to be used for prediction of tissue contaminant concentrations or (inverse prediction of) sediment con​taminant concentrations.  However, the safety factor should not be applied to predic​tion limits or confidence limits on the regression.  To use the safety factor in concert with a protective prediction limit, the safety factor should first be applied to all of the tissue chemistry measurement and a new regression computed with the modified data.  Upper prediction limits of this regression will provide a protective estimate of bioaccumulation that incorporates both the variability in the measured data and a safety factor to account for the uncertainty regarding steady-state conditions.

Incorporation of Uncertainty into Risk Estimates

The quantitative estimates of uncertainty that are produced when the BSAF value is derived by regression can be incorporated into risk assessment in a variety of ways: as point estimates (e.g., means or upper prediction limits), as ranges, or as distributions (e.g., using Monte Carlo techniques).  Evaluation of the various approaches for using BSAFs in risk assessments is beyond the scope of this document, but users of BSAF values should recognize that a single BSAF actually represents an uncertain relationship between tissue and sediment that can lead to varying estimates of risk.

Another caution with regard to the use of BSAF values involves extrapolation to sedi​ment contaminant concentrations that are higher than the range of sediment contaminant con​centrations used to calculate the BSAF.  Prediction limits may diverge rapidly at higher sediment contaminant concentrations.  In addition, both physico-chemical proper​ties (e.g., bioavailability) and biological responses may change at higher sediment con​taminant con​centrations.  For example, biological responses such as an increased biodegradation rate, avoidance, or mortality may alter observed contaminant bioaccumu​lation and the appro​priate regulatory response.  No standard guidance or statistical tech​niques are available to define the limits of extrapolation.  A plot of the BSAF regression line and the prediction limits should be used to support judgments regarding the upper limit of extrapolation.  Observation of sediment contaminant concentrations that are out​side of the range used to develop a BSAF should be regarded as an opportunity to collect more data that can improve the accuracy and reduce the uncertainty of the BSAF.

In contrast to extrapolation to high sediment contaminant concentrations, extrapolation to low sediment contaminant concentrations should be of less concern.  The reason is that if the available data are consistent with a tissue contaminant concentration of zero when the sediment contaminant concentration is zero, the extrapolation can be regarded as interpo​lation between the observed data and a theoretical, but empirically supported, data point at the origin.  Prediction limits will diverge in this region, however, and as the sediment contaminant concentration decreases, the upper prediction limit will become proportion​ately greater relative to the expected tissue contaminant concentration.  As an illustration, any upper prediction limit will indicate that there is a positive tissue contaminant concen​tration when the sediment contaminant concentration is zero.  Modification of the confidence level used for an upper prediction limit may therefore be appropriate at low sediment contaminant concentrations.

Regression Methods

As noted previously, the BSAF technique is a special case of a more general category of regression methods.  Like the BSAF technique, regression methods can be applied to any data set that consists of paired observations of contaminant concentrations in sediment and tissue.  In contrast to the BSAF technique, regression methods produce a function rather than a factor that relates tissue contaminant concentrations to sediment contami​nant con​centrations.  Because regression methods are not commonly used to describe or predict contaminant uptake, there is no standard terminology to describe them.  Hereafter in this document the term “bioaccumulation regression function” will be used for any type of regression method that relates tissue contaminant concentrations to sediment contaminant concentrations.

A comprehensive description of linear and nonlinear regression in general is beyond the scope of this document but can be found in Zar (1996) and Draper and Smith (1981).  Brown and Rothery (1993) also contains a general description of regression techniques as well as of a number of  nonlinear models of biological processes.

Data Sources and Treatment

As an empirical technique that depends on actual observations of associated sediment and tissue samples, regression analysis can be applied to data from any of the sources that are described in the context of BSAF calculations.

Treatment of some of the data for regression analysis, particularly application of transfor​mation functions, may differ from the treatment used for BSAF calculation; transforma​tions, however, are discussed in the context of different regression models.  A safety factor can be incorporated into regression models as well as into  BSAF calculations.  For regression models, the safety factor must be applied to the individual tissue contaminant measurements before the regression is performed (use of a safety fac​tor is further discussed in the section titled Statistically Unquantifiable Uncertainty).  Although BSAF are ordinarily computed using the wet-weight con​centration of contaminant in tissue, regressions can be performed using tissue data expressed on either a wet- or dry-weight basis.  Empirical evaluation of these alternatives may indicate that one of them has better predictive value.

Regression Models

There are many types of regression models that can potentially be applied to paired sedi​ment and tissue data.  Because these are empirical methods, the only basis for preferring one regression model over another is better predictive value.  Predictive value may be assessed by how well a model fits the data.  Diagnostics that may help make that assess​ment include:

· The distribution of residuals

· Test statistics (i.e., the significance of the regression)

· The coefficient of determination.

The distribution of residuals (differences between observed and predicted values) should be examined after the regression is performed.  If the distribution of residuals is not uni​form, the regression model may be inappropriate.  There is no standard acceptance criteria for the distribution of residuals.  Evaluation of this quantity requires the judgment of the analyst (Draper and Smith 1981).  Such evaluations should be based on comparisons among different regressions: selecting the best of several alternatives is easier than estab​lishing rigid acceptance criteria to apply to all the alternatives.

Test statistics are used to determine whether there is any statistically significant variation in the dependent variable (tissue contaminant concentration) with changes in the inde​pendent variable (sediment contaminant concentration).  For example, if a linear regres​sion line between these quantities is perfectly horizontal, the tissue contaminant concentration is evidently unaffected by the sediment contaminant concentration and the regression has no statistical significance.  The significance is determined not only by the slope of the line, but also by the variability of the data, so that a regression with a positive slope may none​theless have no statistical significance.  Test statistics used to evaluate regression models include the F-test and the goodness-of-fit test (Draper and Smith 1981, Zar 1996).

Given that residuals are reasonably uniform and the regression is statistically significant, the predictive value of a regression is most directly indicated by its coefficient of determi​nation (R2 or R-square).  The coefficient of determination is the fraction of the variability in the dependent variable (tissue contaminant concentration) that is explained by changes in the independent variable (sediment contaminant concentration).  The coefficient of determination can range from 0 to 1.  Regression methods that have a higher coefficient of determination have better predictive value.  A coefficient of determination less than 0.5 indicates that sediment has a minor influence on tissue contaminant concentrations.  To compare regressions with different numbers of samples or variables, an adjusted coef​fi​cient of determination, or adjusted R-square, should be used.

Other diagnostics, discussed in detail in Draper and Smith (1981) and Belsley et al. (1980), may also be of value when comparing different regression models.  Most statisti​cal software for desktop computers includes features to allow the evaluation of residuals and will report the significance and coefficient of determination of a regression model.

No single bioaccumulation regression model should necessarily be applied to all species and all chemicals under all conditions.  Although one regression model may prove to have the highest coefficient of variation in most cases, this is no indication that that regression model is in any sense an ideal or universal representation of bioaccumulation.  Every data set (i.e., data segregated by chemical, species, age, or other factors) should be evaluated independently to determine the best regression model.

Software is available that will automatically fit dozens of different regression models to a given data set and identify the model with the highest coefficient of determination.  Such software can be useful, but if it is not applied with care can result in the selection of a model that fits the errors in a data set rather than the underlying relationship.  This prob​lem is most likely to arise with nonlinear models (discussed below).

Four categories of regression models are considered here:

· Linear models

· Curvilinear (i.e., nonlinear but intrinsically linear) models

· Nonlinear (i.e., intrinsically nonlinear) models

· Multiple regression (linear or nonlinear) models.

Linear Models

Linear models are those where the relationship between contaminant concentrations in tis​sue and sediment has the form shown in Equation 3.




Equation 3

where:


CT
=
tissue contaminant concentration


CS
=
sediment contaminant concentration


A
=
intercept parameter


B
=
slope parameter.

There is only one form of linear model (Equation 3), and different linear models are dis​tin​guished by different values of the slope (B) and intercept (A).  The BSAF is a linear model with the intercept equal to zero.

Curvilinear Models

Curvilinear models are those that can be changed into linear models via a transformation of variables or by an algebraic rearrangement.  The most common curvilinear models are log-linear models, which can be linearized by log-transformation of one or both variables.  The linear forms of log-linear models are shown in Equations 4–6.
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Equation 6

Other curvilinear models can be linearized by algebraic rearrangement.  Equations 7 and 8 show the Michaelis-Menton model and its linearized form, respectively.




Equation 7




Equation 8

Unlike simple linear models, there are many possible forms of curvilinear models.  Equa​tions 4–7 represent just four of these.  Some other curvilinear models may be linearized by other types of data transformations.  Commonly used transformations include the square root (other exponents less than 1 may also apply), reciprocal, and arcsine (Draper and Smith 1981).  In some cases, different transformations may be appropriate for con​taminant concentrations in sediment and contaminant concentrations in tissue.  However, log-linear models (Equations 4–6) are most commonly used because contaminant con​centrations are frequently observed to follow log-normal distributions, with the variance of a concentra​tion proportional to its magnitude; in these cases, logarithmic transforma​tion uncouples the mean and variance of the concentration.  The assumption of equality of the residuals (i.e., all residuals are independent observations from a single normal distri​bution with a mean of zero) must be met for valid probabilistic statements (such as confi​dence limits) to be made based on the regression.  As a rule, regression analysis should be conducted on the linearized form of curvilinear models because computation of confi​dence limits is then straightforward.  However, in some cases, linearization of a model may result in heteroge​neity of variances, and in such cases, a nonlinear regression must be conducted.

Nonlinear Models

Nonlinear models are those that cannot be changed into a linear form by any transforma​tion of variables or algebraic rearrangement.  These include polynomial and inverse expo​nential functions.  For example, the inverse exponential (or monomolecular) model may be appropriate when the data indicate that organisms are regulating their body burden at high contaminant concentrations.  The inverse exponential function is shown in Equa​tion 9 and Figure 4.  (Equation 4, Equation 7, and the logistic function [not shown], all of which can be linearized, can also represent this type of response, although in different ways.)




Equation 9




Figure 4.
Example nonlinear (inverse exponential) relationship.

The number of nonlinear models is unlimited.  However, when there is only a single inde​pendent variable (i.e., the sediment contaminant concentration), only fairly simple nonlin​ear models should be considered.  If the model includes third or higher powers of the independent variable, it may fit a single data set very well but have little general applica​bility.  That is, collection of additional data from the same population may result in a poorer fit.

Multiple Regression

Multiple regression is appropriate when there is more than one independent variable.  For example, rather than standardizing the tissue and sediment contaminant concentrations to lipid and TOC, respectively, lipid and TOC could both be included in the regression model as independent variables.  (In at least some cases, contaminant concentrations may be independent of TOC or lipid content (McLeese et al. 1980, Barron 1990, Landrum et al. 1992.)  The regression model would then have the form of Equation 10.




Equation 10

where:


CT
=
tissue contaminant concentration


CS
=
sediment contaminant concentration


L
=
lipid concentration in tissue


T
=
TOC concentration in sediment


A
=
intercept parameter


Bi
=
slope parameters.

Equation 10 is a simple, multiple linear regression model.  Transformations (e.g., loga​rithms) of the contaminant concentrations, lipid, or TOC can also be applied to carry out a curvilinear multiple regression.  Thus, a number of different multiple regression models can be formulated even when there is a fixed number of independent variables.  The tech​nique of multiple regression therefore subsumes linear and nonlinear regression.

Multiple regression is a straightforward way to accommodate ancillary variables that may be measured during field surveys or laboratory studies of bioaccumulation.  The influence of physical, chemical, or biological characteristics that may influence bioavailability or uptake (e.g., grain size, organism age) can be assessed in this way.  When a number of ancillary variables have been measured, particularly when the number of paired tissue and sediment observations is small, discrimination must be applied when selecting the ancil​lary variables to include in the regression model.  Although systematic methods for evaluating the significance of individual variables are incorporated in most statistical software (e.g., stepwise development of the regression model), judgment is often required to account for correlations and interactions between independent variables (Draper and Smith 1981, Zar 1996).

If not all ancillary variables are measured for all samples in the data set, the number of samples used for multiple regression may differ depending on which variables are incor​po​rated into the model.  For this reason, the adjusted R-square value should be used to com​pare the predictive ability of different multiple regressions or to compare multiple regressions with other approaches.

Selection of a Regression Model

Before applying any regression model, the data should be examined graphically to deter​mine what functional form may be appropriate and to identify unusual features such as inflection points or outliers.  Bivariate scatterplots should be prepared and correlation coefficients calculated for all pairs of variables (including ancillary variables such as grain size or organism age).  These should be used to identify which variables vary sys​temati​cally with regard to tissue contaminant concentrations and the general form of that varia​tion (e.g., linear, logarithmic, exponential, logistic).  Interactions between variables  should also be examined.  For example, if sediment contaminant concentrations and TOC are not proportional to one another, a multiple regression model that incorporates both of these quantities as independent variables may be better than a simple linear regression that uses TOC-standardized sediment contaminant concentrations.  (If independent vari​ables are strongly correlated with one another, the regression model may be invalid; guidelines for evaluating the impact of correlated independent variables are presented in Belsley et al. 1980).  If the data show one or more distinct inflection points, separate regression models should be applied to each data segment.

The relationships indicated by the bivariate scatterplots should be used to construct regression models to be tested.  This may result in the development of several candidate models of different forms.  Each of these models should then be applied to the data, and the residuals, statistical test results, coefficients of determination, and possibly other diag​nostics should be examined.  Testing of multiple regression models may require succes​sive or iterative evaluation of different parameters or transformations.  If a safety factor has been applied to the tissue contaminant concentrations and a nonlinear or multiple regres​sion used, the predictive ability of the regression may be found to vary with the safety factor; for some types of multiple regression, it may be practical to incorporate the safety factor as a model parameter.  Because bioaccumulation data, especially field data, are characterized by considerable variability, if several different regression models all have relatively uniform residuals and are statistically significant, preference should be given to the model with the highest coefficient of determination.

Prediction Limits and Inverse Prediction for Regression Models

For linear, curvilinear, and multiple regression models, calculation of prediction limits is straightforward, and can be carried out as described in Zar (1996).  For curvilinear models this procedure must be applied to the linearized form, and the resulting values are then converted into tissue contaminant concentrations.

Estimation of the range of sediment contaminant concentrations associated with a given tissue contaminant concentration is also straightforward for linear and curvilinear models.  However, there is no standard method to carry out this procedure when a nonlinear or multiple regression model has been used.  When inverse prediction must be carried out using a nonlinear or multiple regression model,
 then a trial-and-error or brute force approach must be taken.  That is, upper and lower prediction limits should be calculated for a range of sediment contaminant concentrations and the results scanned to find those that match the contaminant concentration of concern in tissue.

Whether the regression equation is used for prediction or inverse prediction, extrapolation beyond the range of measured sediment chemistry concentrations (or other independent variables) should be avoided, especially for curvilinear, nonlinear, and multiple regres​sions and when extrapolation is to sediment contaminant concentrations that are higher than those used to develop the regression.  Furthermore, extrapolation of a multiple regression outside the rate of observed combinations of independent variables can yield incorrect predictions.  For example, a prediction that is based on a combination of sedi​ment con​taminant and TOC concentrations that is different from any combination used for the regression model may be inaccurate.

SIMPLE Kinetic Models

Kinetic models relate tissue contaminant concentrations to sediment contaminant concen​trations via the rates of contaminant uptake and loss processes.  Kinetic models therefore have a mechanistic basis, but do not necessarily faithfully represent the exact processes involved.  For example, movement of a lipophilic contaminant from the gut to the muscle tissue of a fish may involve several different processes, including active uptake with die​tary lipid into gut epithelial cells, diffusion from gut epithelium into the blood, and diffu​sion from the blood into the muscle.  These processes all may have different rate constants or even different kinetic forms.  Nevertheless, the net effect of all of these processes may be represented by a single rate constant in a kinetic model.  This simplifi​cation may be made because the details of the individual processes are not well known or because the mathematics of the resulting model are easier to work with.  If kinetic models are regarded as empirical tools rather than as detailed descriptions of processes, simplifi​cation may be justified simply because it results in an adequate fit to the observed data.

Kinetic models can nevertheless vary widely in complexity.  Some of the components that can vary are summarized in Table 6.

Table 6.  Components of kinetic models

Model Component
Simple Representation
Complex Representation

Number of compartments
A single compartment for the organism and a single compartment for the sediment
Different compartments for the organism, sediment, water, and food sources; an entire food chain may be included in the model

Processes
A single uptake function and a single loss function
Different functions for uptake from water, sediment, and food sources

Kinetics
First order kinetics: uptake rates are dependent only on the concentration in the medium, and loss rates are dependent only on the concentration in the organism
Second order or higher kinetics: uptake and loss rates are dependent on the concentrations in both the medium and the organism and possibly additional factors such as temperature or season

Numerous kinetic models of bioaccumulation have been presented in the literature, many dealing with fish and a smaller number including uptake from sediment.  Some of these include the following:

· Lee (1991)—A generalized model for bioaccumulation or organic sediment contaminants by fish or shellfish

· Connolly (1991)—PCB uptake by flatfish from sediment

· Gobas 1993—Organic chemical uptake by freshwater fish from water and sediment

· Endicott and Cook (1994)—Uptake of dioxins and PCBs by fresh​water fish from water and sediment

· Thomann and Connolly (1984)—A food-chain model of PCB uptake by lake trout

· Mackay et al. (1994)—A generalized multicompartment food-chain model

· Pizza and O’Connor (1983)—PCB uptake from food by striped bass, including assimilation efficiency

· Rose et al. (1989)—Metal (radionuclide) uptake by oysters

· Barber et al. (1991)—Uptake of PCBs by freshwater fish from water and food.

As a rule, these kinetic models have been applied to only a small number of data sets, and their general applicability is unknown.  Although the formulation of these models is all fairly consistent, the parameters (uptake and loss rate constants) can differ greatly depending on the environment, species, and chemical of interest.  In keeping with the empirical nature of these models, the parameters must be estimated from available data sets.  As the complexity of a model increases, so does the number of parameters.  A greater number of parameters requires a larger or more precise data set so that a unique set of parameter estimates can be obtained.  One of the problems with many published models is that they are not accompanied by a demonstration that the observed data are accurately modeled by a single unique set of parameter estimates.  If different sets of parameter estimates are equally effective at predicting observed data, then the model may be overspecified (i.e., too many parameters are included) or the data set is too small or too variable.  In such a case, the generality of the model is questionable.

Despite the uncertain applicability of existing models, the kinetic approach is capable of representing tissue:sediment relationships that cannot be represented by BSAF or regres​sion approaches.  One of the strengths of kinetic models is that they can predict changes in tissue contaminant concentrations over time in relation to changes in sediment con​tami​nant concentrations or other conditions.  This capability may be of particular value when environmental conditions are expected to change, for example, as a result of a newly per​mitted discharge or natural recovery of a contaminated area.

Inverse prediction, as a rule, cannot be performed with kinetic models.  Kinetic models generally cannot be run backward because any given final condition (e.g., contaminant concentration in tissue) could result from different sets of initial conditions (Simon 1977).  Running a kinetic model backward is analogous to trying to push water back up a funnel so that it follows exactly the same pathway that it took when flowing down.  Although there are exceptions to this limitation, they are model-specific and may only apply over a limited range of initial or final conditions.  The only practical way to achieve an inverse prediction with a kinetic model is to run the model in a Monte Carlo fashion and then to review the results to identify all of the initial conditions that result in a tissue contaminant level of concern.

Pharmacokinetic Models

PBPK models are the means by which detailed information on biological processes can be incorporated into bioaccumulation assessments.  The original application area for PBPK models is drug testing in humans, for which physiological parameters are well studied.  Although detailed physiological information is not yet available for most fish and mollusc species, several applications of PBPK models to bioaccumulation by fish have indicated that the approach has potential value (Barron et al. 1989; Landrum et al. 1992; Lien et al. 1994; Nichols et al. 1991).  An examination of PCB uptake by bivalve molluscs indicates that a PBPK model may be an appropriate representation of bioaccu​mulation (Farrington 1989).

The structure and use of PBPK models is described in Anderson (1991), although in the context of application to humans.  Unlike regression approaches and even simple kinetic models, much of the data needed to apply PBPK models must be derived from laboratory studies of the rates of physiological processes.  Environmental measurements of contami​nant concentrations in sediment and tissue can be used to calibrate and validate PBPK models, but they do not provide estimates of the necessary rate coefficients and physio​logical conditions (e.g., assimilation efficiency, blood volume and flow rate).  Develop​ment of effective PBPK models therefore depends on physiological research that may be nominally unrelated to environmental concerns.

The structure of a PBPK model is potentially more general than the structure of a kinetic model.  A simple kinetic model for one fish species may be adequate when the fish is rep​resented by only a single compartment, whereas a different kinetic model for a different species may require two compartments to adequately represent observed data.  In con​trast, a single PBPK model may be applicable to many fish species, requiring only that rate coefficients and physiological constants be changed.  Different PBPK models would be required for fish and shellfish, however, because of substantial differences in physical structure of the organisms.

Despite the simplification that might be achieved by using a generally applicable PBPK model, such a model could be only part of a completely mechanistic approach to bioaccu​mulation modeling.  For example, forage species may be the link between an upper-trophic-level organism and the sediment, and a completely mechanistic modeling approach would therefore include a food-web model.  The additional data requirements imposed by a food-web model may be difficult to satisfy easily, and in such cases, a sim​pler, though potentially less accurate, kinetic or regression approach may be preferable.

Analysis of PCB uptake data by bivalve molluscs indicates the presence of multiple com​partments within the organism (Farrington 1989).  A multiple-compartment kinetic model or PBPK model is needed to accurately represent this type of response.

To date, most of the applications of PBPK models to fish have focused on uptake via the gill.  Examples can be found in Barron et al. (1989), Lien et al. (1994), and Nichols et al. (1991).  A PBPK model of PCB uptake from the diet is described in O’Connor (1984).  General considerations for PBPK modeling of contaminant uptake by fish are discussed in McKim (1994).

Unlike statistical models, a PBPK model does not allow confidence limits to be calcu​lated for a predicted tissue contaminant concentration.  The only practical means of establishing confidence limits is to run the model in a Monte Carlo fashion.  Also, just as with simpler kinetic models, PBPK models cannot be run backward to predict the range of sediment contaminant concentration that will result in a given tissue contaminant con​centration.  However, if the model is applied in a Monte Carlo fashion, the distribution of results can be examined to identify inverse prediction limits.

SUMMary of bioaccumulation assessment methods

The four bioaccumulation assessment methods described here cover a broad range of fea​tures and capabilities.  The major strengths and weaknesses of these approaches are sum​marized in Table 7.

Table 7.  summary of strengths and weaknesses

Approach
Major Strength
Major Weakness

BSAF
Simple to use
May be inappropriate in many cases

Regression
Provides quantitative esti​mates of uncertainty
May require comparative evaluation of several different regression models

Simple kinetics
Can model non-steady-state conditions
Requires an in-depth understanding of physico-chemical and biological proc​esses at the organism scale

PBPK
Based on a realistic description of uptake processes
Requires considerable data that are not ordinarily produced by environmental investigations

Any of these approaches may prove satisfactory for a given chemical and species.  How​ever, in the absence of any a priori information about the suitability or unsuitability of any particular approach for the chemical and species of concern, and if suitable data are avail​able, the regression approach should be evaluated first.  The BSAF, although sim​pler in concept and application, is just a special case of regression; if a BSAF applies, evaluation of regression models will identify it as having the highest predictive value.  The regression approach also applies to considerably more complex steady-state fish:sediment rela​tionships.

Regression analysis may fail to identify any satisfactory regression function for a variety of reasons, including the following:

· There is actually no relationship between contaminant concentrations in the organism and in sediment

· Available data are so variable, or represent such a small part of the response range, that there does not appear to be any relationship between contaminant concentrations in the organism and in sediment

· The form of the response is so complex that it cannot be represented by any straightforward regression function.

If the first of these reasons is actually the case, then neither simple kinetic nor PBPK models will produce useful results.  Unfortunately, the first and second of these reasons cannot be unequivocally distinguished.  A decision about whether to proceed with evalua​tion of kinetic models should be made based on the highest Type I error rate (P value) of any regression tested.  A P value of 0.5 indicates that there is a 50 percent likelihood of observing the given data distribution if in fact there is no relationship between tissue and sediment, and a smaller P value indicates a proportionally lower likelihood of observing the given data.  Although significance of regressions is ordinarily tested at P = 0.05, a higher P value (e.g., 0.3) may be used as the basis for a decision on whether to proceed with kinetic modeling.

If linear, nonlinear, and multiple regression models have all failed to identify a relation​ship between tissue and sediment for either of the first two reasons listed above, a com​plex kinetic model is likely to be needed and development of appropriate PBPK model parameters is a reasonable next step.

When there are insufficient data available to conduct a regression analysis, a kinetic model of bioaccumulation may be constructed.  Because kinetic models ordinarily should be vali​dated using field data, a kinetic model that is constructed under these circum​stances should rely on a structure and rate constants that are independently supported (i.e., by process measurements or other validated models).  Such a model should only be used as a general indication of bioaccumulation potential until it is validated.

The suggested use of different approaches for bioaccumulation assessment is summarized in Figure 5.
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Figure 5.  Flow chart of bioaccumulation assessment methods.

DATA FOR BIOACCUMULATION ASSESSMENT

Approaches to the direct measurement of bioaccumulation of chemical contaminants in aquatic organisms may be categorized as simple two-compartment laboratory systems, more complex multicompartment laboratory systems, or field data collection.  All three approaches require direct measurement of tissue contaminant concentrations, but they vary in the extent to which contaminant concentrations are measured in other environ​mental media.  Concentrations of chemical contaminants in tissue alone are not a conven​ient index of bioaccumulation potential because the effects of exposure concentration and metabolic efficiency are not considered.  Aquatic organisms can sequester, transform, mobilize, and eliminate many chemical contaminants.  Effective transformation and elimi​nation are homeostatically controlled and will lead toward steady-state concentra​tions of contaminants in tissues, assuming uniform physiological conditions and constant contami​nant concentrations in aqueous, particulate, and other biotic phases.  The physiological mechanisms necessary to achieve steady state have frequently been studied in simple two-compartment systems, in which an organism is exposed to the chemical contaminant in water.  Multicompartment systems (i.e., in which an organism may be exposed to one or more chemicals in sediments, water, or food) have been used less fre​quently because there are many technical and interpretive difficulties associated with the use of such systems.

LABORATORY STUDIES

As indicated above, laboratory studies used to assess bioaccumulation potential consist of either relatively simple single-compartment systems or more complex multicompartment systems.  The use of semipermeable lipid- or solvent-filled bags is another potentially useful approach, but it is not addressed here because the technique addresses potential rather than actual bioavailability.

Single-Compartment Systems

In single-compartment systems, a single aquatic species is exposed to a toxic substance dissolved in water at concentrations less than those that produce a chronic toxic effect.  Under such conditions, many substances exhibit first-order uptake and depuration kinet​ics such that tissue concentrations increase to a maximum and then remain constant thereafter (i.e., steady state).  Although measurements of uptake from water only do not allow a direct assessment of bioaccumulation from sediment, the expressions for uptake and depu​ration may be of value for kinetic models that include both water and sediment.

Multicompartment Systems

Laboratory methods to determine bioaccumulation have been extended to more complex multicompartment studies.  However, there are many technical and interpretive difficul​ties associated with results from these kinds of studies.  One of the greatest difficulties is that experimental studies may be short with respect to the time required for organisms to reach steady state with sediment (Halter and Johnson 1977, McLeese et al. 1980, Larsson 1986).  In addition, laboratory studies may not accurately mimic actual exposure condi​tions.  Additional uncertainty exists regarding bioavailability of contaminants partitioned among microparticulate, colloidal, and aqueous phases of natural waters (Carter and Suf​fet 1982; Chiou et al. 1984; Gschwend and Wu 1985).

Multicompartment systems, nevertheless, provide meaningful information regarding the bioaccumulation potential of chemical contaminants.  Contrasts between the results of two-compartment systems and multicompartment systems can indicate the importance of sediment vs. water as a source of contaminants.  In two-compartment systems, the princi​pal exposure route is through the integument or respiratory surfaces, not through inges​tion of food or contact with sediments.  However, uptake of chemical contaminants from sediments and food is likely to be significant in most natural aquatic environments.  Multi​compartment systems provide a means of assessing the relative contributions of the vari​ous exposure pathways.  However, they are experimentally complex and not con​ducted routinely to estimate the bioconcentration of individual substances.  Multicom​partment systems containing more than one contaminant (e.g., using field-collected sediment sam​ples containing a variety of chemical contaminants) are further limited because synergism and antagonism of the test substances are difficult to document and may therefore con​found attempts to develop indices of bioaccumulation potential (Brown et al. 1984b,c).

FIELD DATA COLLECTION

The most direct empirical measurement of bioaccumulation in aquatic organisms is through the collection and chemical analysis of naturally occurring organisms in the envi​ronment of interest.  However, understanding the relationship between the measured tis​sue concentrations of chemical contaminants and the concentrations of those same chemical contaminants in environmental media (e.g., water, sediment, food organisms) is difficult because the exposure pathways are poorly understood.  In addition, multiple sources of variability exist in this approach that are controlled (more or less) in laboratory approaches.  In designing a field study of bioaccumulation, consideration must be given to the target species and tissue(s) to be sampled, the time of sampling, the sampling loca​tions and depths, the numbers of tissue samples to be collected and sample compositing proce​dures, and the chemicals to be analyzed.

Target Species and Tissues Sampled

In general, target species for the analysis of bioaccumulation should be 1) large enough to provide adequate tissue mass for chemical analyses, 2) sufficiently abundant to ensure a reasonable likelihood of being able to catch an adequate number of individuals within the area of interest, 3) subject to recreational or commercial harvest for human consumption, 4) either immobile (e.g., some bivalve molluscs) or having a relatively small home range, and 5) subject to increased risk of bioaccumulation because of their preference for certain habitats (e.g., bottom-dwelling) or food types (e.g., filter-feeding or feeding on benthic invertebrates).  In most cases, organisms meeting these criteria will be either bottom-dwelling fish or large benthic macroinvertebrates (e.g., crabs, shrimp, clams, mussels, oysters).

For the assessment of human health risks associated with the consumption of aquatic organisms, it is generally preferable for the tissue to be analyzed to be representative of the portion of the organism routinely ingested by humans.  For fishes, it is recommended that edible muscle and/or liver tissue be analyzed for contaminants.  Contaminants in edi​ble muscle tissue represent the contaminants that are retained by fishes in a form that allows transfer to humans and thereby results in possible restrictions being placed on commercial or recreational fisheries.  The issue of whether to analyze fillets with or with​out the skin is dependent on whether humans routinely remove the skin prior to cooking.  The skin may have a large lipid content and therefore may have higher concentrations of lipophilic chemicals than would the muscle tissue without the skin.  Liver tissue is closely associated with regulation and storage of many toxic chemicals (Fowler 1982).  Contami​nant concentrations in liver tissue can therefore be used to estimate the range of contami​nants being assimilated by the fishes and to evaluate the possible effects of those contaminants on the health of the fishes.  Chemical analyses of liver tissue can also be used to establish links between bioaccumulation and histopathological conditions.

For crabs, it is recommended that edible muscle and/or hepatopancreas tissue be analyzed for contaminants for reasons analogous to those discussed above for fish muscle and liver tissue.

For bivalve molluscs (e.g., clams, oysters, mussels), contaminant analyses should be con​ducted on all soft-body tissues.  Depuration (i.e., holding the live animals in clean sea​water for a period of time sufficient for them to evacuate their guts) may or may not be neces​sary prior to chemical analyses, depending on the objectives of an individual study.  If bivalve molluscs are not depurated, contaminants in the gut contents that have not been incorporated into body tissue will be included in the results.  Because most predators (including humans) consume whole bivalves without depuration, results from analyses of undepurated organisms will provide a more accurate estimate of the total amount of con​taminants likely to be consumed by the predator.  Depuration is more appropriate for estimating the amount of contaminants that are retained in the tissue of the bivalve mollusc and that therefore may pose a health threat to that organism.  The depuration process must be conducted carefully to ensure that all organisms depurate completely and that relatively uncontaminated organisms are not contaminated by ingesting the gut con​tents evacuated by other more contaminated organisms.  Because depuration is not rou​tinely conducted before bivalve molluscs are consumed by humans, analysis of undepurated organisms pro​vides a conservative (i.e., worst-case) estimate of contami​nant concentrations for the pur​poses of human health risk assessment.

Time of Sampling

There are a number of temporal factors that may influence the body burdens of chemical contaminants in aquatic organisms.  The physiological condition of the organisms may change on a seasonal basis as a result of alterations in their level of feeding or in their reproductive state.  Seasonal migrations of some aquatic organisms may result in expo​sure to an area with contaminated sediments only occurring during part of the year.  The organisms’ diet may also change as a result of seasonal changes in the availability of food organisms.  Seasonal changes in chemical loading to the environment or in physical char​acteristics of the environment may also affect the distribution or bioavailability of chemicals.

The reproductive cycles of aquatic organisms may exert a major influence on their body burdens of chemical contaminants.  As the spawning season approaches for many aquatic organisms, their metabolism changes as gonadal tissue grows and often their lipid content increases.  It is also helpful to know something about the target species’ life history, par​ticularly seasonal variations in feeding behavior.  Many fish, for example, feed most inten​sively during the summer when food availability is high; consequently, their lipid content may be at a maximum in late summer or early fall.  Ideally, the target species should be sampled when tissue contaminant concentrations are expected to be at their maximum values, which, in the case of many lipophilic contaminants, would be when the organism’s lipid content is also at a maximum.  Sampling at such times will generally allow for an assessment of the worst-case conditions of bioaccumulation.  Knowledge of the seasonal effects of both spawning condition and feeding behavior on the lipid content of the target species is therefore necessary to select the most appropriate time for sam​pling and analysis of tissue concentrations.  Once a sampling period is chosen for a given species, it should remain constant over time, so that valid interannual comparisons for a given site or com​parisons among studies at different sites are not compromised by the added seasonal vari​ability.

Seasonal migrations among aquatic organisms are likely to be relatively rare, but may be significant for some species.  Certain Puget Sound flatfish species, for example, inhabit shallow nearshore areas in spring and summer but move offshore to deeper waters in the winter.  Therefore, their exposure to sediment contaminants in urban embayments may be seasonally limited.  Although details of the seasonal distribution of flatfish in Puget Sound are unknown, flatfish in other regions can migrate considerable distances (Howe and Coates 1975, Phelan 1992).  Knowledge of the target species’ seasonal migration patterns is essential to understanding the link between exposure to and bioaccumulation of chemi​cal contaminants.

Seasonal changes in the availability of food organisms may also affect the exposure of aquatic organisms to chemical contaminants.  During some seasons, a target species may feed predominantly on pelagic (water-column) species, while during other seasons, the prey may be predominantly demersal (bottom-dwelling).  Therefore, there may be a more direct link, and consequently greater exposure, to chemical contaminants in the sediments during the latter season than during the former.

In the vicinity of point sources of contaminants that have pronounced variations in load​ing on a seasonal basis, there may be greater exposure of aquatic organisms to contami​nants during or shortly after the time of greatest loading than at other times of the year.  Sea​sonal variations in physical characteristics of the environment may also affect the distribu​tion and bioavailability of chemicals.  In streams and rivers where there are large seasonal variations in flow, for example, fine-grained, organically rich sediments that are likely to have higher concentrations of chemical contaminants may only be present in a given reach during low flow periods.  During high flow periods, these sediments may be eroded and transported downstream where they may settle out in a more quiescent loca​tion.  Such abiotic factors should also be taken into account in selecting the time of year to sample the target organisms.

Although it may be unfeasible for a single sampling program to sample frequently enough and during a long enough period to characterize temporal variations in detail, data collec​tion should include records of the time and location of sampling, the physiological and reproductive condition of the organisms, and physical sediment characteristics.  Accu​mulation of detailed data from different sampling programs should allow the effects of sampling time and other factors to be better identified.

Sample Locations and Depths

Sampling locations and depths may indirectly influence bioaccumulation. For example, the ratio of aromatic hydrocarbon concentrations in benthic fish to the concentrations in sedi​ment has been observed to be higher where the flushing time is less (Connor 1984).  Thus, organisms from enclosed bays, whether urban inlets or isolated reference areas, may exhibit unusually high apparent BSAFs.  Also, different feeding strategies (e.g., in different locations) and different food chain lengths may result in different tissue levels of a con​taminant within the same species (Kidd et al. 1995).  A review of 20 years of data on PCB bioaccumulation by Lake Michigan salmonids also revealed systematic differ​ences in uptake that were related to location (Stow 1995).

PCB concentrations in tissue have been observed to be inversely correlated with maxi​mum lake depth for a series of seven related lakes (Macdonald et al. 1993).  The actual cause of this variation may have been differences in temperature and hence metabolic rate, or dif​ferences in food type or availability.

The possible effects of these factors should be borne in mind when designing sampling programs.  Caution should be exercised when combining data from different locations and depths to estimate uptake functions such as BSAFs or regression models.

Numbers of Tissue Samples and Compositing of Samples

A key consideration in the design of field bioaccumulation studies is an assessment of the type and number of tissue samples to be analyzed.  Tissue samples prepared for chemical analysis may be grab samples (i.e., single samples of a given tissue type from one individ​ual) or composite samples (i.e., composed of either multiple samples of the same or dif​fer​ent tissue types from the same individual, or, more typically, multiple samples of the same tissue type from a number of individuals collected from the same environment).  Measured concentrations of chemical contaminants in tissue samples from organisms commonly exhibit high levels of variability resulting from natural biological factors as well as from the analytical procedures.  Assessment of this variability is an important step in developing an optimal sampling design.  Chemical analyses also represent a relatively expensive compo​nent of such studies.  Without an understanding of the study goals and their relationship to sampling strategy, there is a possibility that an excessive number of samples will be ana​lyzed (with associated excessive costs) or that too few samples will be analyzed, resulting in inconclusive results.

To provide an estimate of the concentration of a specific contaminant in the tissue of a specified population of aquatic organisms, replicate grab samples are frequently collected from multiple individuals of the same species and analyzed separately.  The resulting repli​cated data can be statistically analyzed to estimate distributional parameters of the under​lying population (e.g., mean, median, standard deviation).  These distributional parameters are necessary for making statistical comparisons among different populations (e.g., com​parisons of populations from an area thought to be impacted with populations from refer​ence areas).  To minimize variability within a given population, selection of the individuals for analysis may be made on the basis of size, age, or gender to ensure that the sampled population is as uniform as possible.

Composite samples composed of subsamples of the same tissue from a single individual may be collected to give a better estimate of the contaminant concentration within all of the tissue of that type in that individual.  Alternatively, composite samples composed of subsamples representing different tissue types from a single individual may be collected to represent the contaminant concentration in tissues that may be ingested by a predator.  Of course, if the individual is small enough, the entire body may be homogenized and ana​lyzed to estimate the overall contaminant concentration in that individual.

The more common type of composite sample, composed of subsamples of the same tissue type from multiple individual organisms collected from a given environment that are mixed together and analyzed as a single sample, is intended to provide an estimate of the average tissue contaminant concentrations for the individual organisms that make up the composite sample.  In some cases, such composite sampling is necessary because the small size of the individuals is such that tissue must be collected from multiple individu​als to yield enough sample for the chemical analysis.  An obvious consequence of the analysis of such com​posite samples is the loss of information concerning individual sample variability.  Although this loss may preclude statistical comparisons of the con​taminant concentrations among various populations, it may be appropriate if such com​parisons are not anticipated for a given study.  Replicate composite samples, each composed of tissue from several organisms, could be collected at specified sampling locations to provide a better estimate of the mean contaminant concentration at each location and to allow for statistical com​parisons among locations.

For most purposes, the collection of replicate composite samples is generally recom​mended.  However, selection of the appropriate numbers of replicate composite samples and the appropriate numbers of subsamples per replicate will depend on site-specific levels of sample variability in the tissues and contaminants of concern.  Detailed guidance on statistical analyses to select these numbers is beyond the scope of the present docu​ment, but is available elsewhere (e.g., Tetra Tech 1986).  Where historical data are not available for the target species in an area of interest, it may be necessary to conduct a pilot study to estimate the level of expected variability in contaminant concentrations for selected species and tissues. 

Chemicals Analyzed

Selection of chemicals to be analyzed for bioaccumulation assessment depends on the toxicity of the chemicals (to human or ecological receptors), the bioaccumulation poten​tial of those chemicals, and the environmental prevalence of those chemicals (as a result of either resistance to degradation or continuing sources).  Chemicals that best meet these criteria are the higher-molecular-weight, nonpolar chlorinated organic compounds.  PCBs and DDT, in particular, are relatively toxic, have been observed to increase in concentra​tion up the food chain, and are resistant to degradation.  Metals, although they may be quite toxic and are persistent, are not bioaccumulated or biomagnified to any great degree.  Organo-metal complexes, however, specifically methylmercury and tributyltin, can be bio​accumulated by aquatic organisms.

Unlike other chemicals of concern, PCBs are actually a mixture of individual compounds. Because PCBs are a mixture of different congeners with different bioaccumulation poten​tials, the congener composition of total PCBs measured in fish tissue (and thus the risk it represents to human consumers) may:

· Change during the uptake period before steady state is reached (Mac and Schmitt 1992)

· Even at steady state, be different than the congener composition of total PCBs measured in sediment.

Characterization of total PCB concentrations in fish tissue as Aroclor® mixtures may be misleading because the PCB congeners are accumulated according to their physico-chemical and biochemical properties, not according to their relative prevalence in Aro​clor® mixtures.  For the same reason, when PCBs in fish tissue are quantified as Aroclors®, the Aroclor® that appears to be predominant in fish may differ from the pre​dominant Aroclor® in the source material (e.g., sediment).

Traditionally, PCB concentrations in sediment and tissue have been determined by gas chromatograph analysis and matching of specific peak patterns and their intensities with the corresponding peaks of commercial PCB standards (e.g., Aroclors®).  PCB concentra​tions derived from conventional peak matching techniques are expressed as Aroclor® con​centrations or total PCBs.  More recently, analytical techniques have been developed to measure concentrations of individual PCB congeners (high resolution gas chromatogra​phy coupled with electron capture detection or selected-ion-monitoring mass spectrome​try).  Congener-specific analysis of environmental samples indicates that their congener compo​sition can be different than the commercial PCB mixtures (Brown et al. 1984a; Safe et al. 1985; Safe 1994; Schwartz et al. 1987).  The congener composition of envi​ronmental PCB mixtures changes because individual PCB congeners exhibit different physico-chemical and biochemical properties that influence their partitioning, uptake, retention, and degradation in environmental matrices (Hutzinger et al. 1974; Yalkowsky et al. 1983; Bedard et al. 1986; Chen et al. 1988; Unterman et al. 1988; Sundstrom et al. 1976).  Therefore, the bioaccumulation rate of PCBs is congener-specific, and the use of a single BSAF based on total PCBs will over- or underestimate the actual BSAF for most congeners.

Laboratory investigations of the biological and toxic properties of PCBs have also evolved from studies with commercial PCB mixtures to studies with individual PCB con​geners.  Results of these investigations demonstrate that the potency of individual PCB congeners varies considerably and is dependent on the number and position of chlorine atoms on the biphenyl structure (i.e., the biological activity of PCBs is congener-specific).  Therefore, because the composition of PCB mixtures differs from the commercial mix​tures, the use of environmental standards derived from the results of animal studies with commercial PCB mixtures may over- or underestimate the potency of environmental mixtures.

In response to concerns that the commercial PCB mixtures are not representative of PCB mixtures in the environment, environmental scientists have suggested that risk assess​ments of environmental mixtures take into account the potential adverse effects of the individual congeners and not rely solely on the toxicity of commercial PCB mixtures (Safe 1990, 1994; McFarland and Clarke 1989; Ahlborg et al. 1993).  Clearly, this would be the most preferable method if toxicological information existed for individual PCB congeners.  Unfortunately, the toxicity of PCB congeners has not been extensively inves​tigated, and the risk assessment of PCBs is not possible on an individual congener basis.  Therefore, various schemes have been proposed that link the toxicity of individual PCB congeners to that of 2,3,7,8-tetrachlorodibenzo-p-dioxin (TCDD).  In these schemes, PCB concentra​tions in environmental samples are expressed as dioxin toxicity equivalent concentrations (TEQs) and potential risks are evaluated by comparing the TEQ values to environmental standards developed for TCDD.  

The use of a TEQ approach for the risk assessment of PCB mixtures, however, is limited to PCB-induced responses mediated by the dioxin-like PCB congeners (i.e., PCB conge​ners that share structural similarities with TCDD and exhibit dioxin-like activity). Whereas the dioxin-like PCB congeners appear to be responsible for many of the PCB mixture-induced responses, the tumor-promoter activity of PCB mixtures appears to be a major exception.  Studies of the carcinogenic activity of PCBs indicate that this response may be primarily mediated by PCB congeners that exhibit non-dioxin-like activity (Buchmann et al. 1986; Laib et al. 1991; Sargent et al. 1991).  Therefore, it is inappropri​ate to use a TEQ approach for cancer-based risk assessments for PCBs.  Before cancer-based risk assessments can be performed on a congener-specific basis, additional data are required on the tumor-promoting potencies of the major congeners present in PCB mixtures.

Thus, the bioaccumulation potential for individual PCB congeners is highly variable and not adequately represented by a single accumulation estimate.  Differences in the bioac​cumulation potential of individual PCB congeners results in changes in the congener com​position of environmental PCB mixtures.  Results of toxicity experiments demon​strate that the potency of environmental and commercial PCBs is dependent on the con​gener compo​sition of the mixture.  Risk assessments that compare total PCB (e.g., Aroclor®) concen​trations in tissues to environmental standards derived from the results of animals toxicity studies with commercial PCB mixtures may over- or underestimate risk.  TCDD TEQ strategies have been developed and used as congener-specific approaches for the risk assessment of PCBs.  These strategies, however, do not appear to be appropriate for cancer-based risk assessments because the tumor-promoting activities of PCB mixtures is not dependent on the presence of the dioxin-like congeners.  Therefore, the current state of scientific knowledge is sufficient to indicate that bioaccumulation of PCBs should be evaluated on congener-specific basis, but insufficient to prescribe how this information should be used in cancer-based risk assessments.  In the expectation that future research will elucidate the tumor-promoting potential of individual PCB conge​ners, PCB bioaccu​mulation evaluations should be conducted on a congener-specific basis whenever possible.
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� An asymptotic approach to a steady-state concentration is frequently observed in laboratory studies of bioaccumulation.  Either the asymptotic value or some standard fraction of it (e.g., 95 percent) can be used for the BSAF calculation.  If the asymptote is approached slowly, there may be some doubt as to whether organisms ever actually reach steady state under natural conditions.  Thus, the effective steady state concentration may be less than the asymptotic steady-state concentration if migration, growth, or other factors cause exposure conditions to change over time periods comparable to that required to reach steady state from a typical perturbation (e.g., resulting from migration).


� Some nonlinear models can be inverted mathematically, but this is generally not a straightforward process.
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