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Conceptual and statistical issues surrounding the estimation of a background concentration distribution for arsenic are
reviewed. How background area is de®ned and samples collected are shown to impact the shape and location of the
probability density function that in turn a�ects the estimation and precision of associated distributional parameters. The
overall background concentration distribution is conceptualized as a mixture of a natural background distribution, an
anthropogenic background distribution and a distribution designed to accommodate the potential for contamination
site samples being included into the background sample set. This concept is extended to a discussion of issues
surrounding estimation of natural and anthropogenic background distributions for larger geographic areas. Finally, the
mixture model is formally de®ned and statistical approaches to estimating its parameters discussed. # 2001 AEHS
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Introduction

A large and growing number of issues have arisen
surrounding the de®nition of anthropogenic back-
ground concentrations of arsenic. Some of these issues
relate to what is meant by the term anthropogenic back-
ground and how is it distinguished from natural back-
ground. Other issues relate to how anthropogenic
background concentrations might be used in policy
decisions related to site cleanup goals. Finally, there are
issues on how these di�erent background concentra-
tions, however de®ned, can be separated and estimated
using real-world data. It is this last issue that forms the
basis for this paper. In fact, all of the issues being
discussed, because of the nature of the associated
problems, have large statistical components. An attempt
is made here to examine these issues from a statistical
point of view. Hopefully, this will provide clari®cation
and insight into the problems rather than complicating
the issues further.

The statistical issues related to background concen-
trations are ®rst introduced in the context of assessing
background concentrations in conjunction with a study
of a suspected contaminated site. This is a situation
commonly encountered by all risk assessors. These
concepts are further expanded and discussed in the
context of a regional background assessment. Finally, a
statistical approach to estimating mixture distributions
in light of left censoring of sample data will be formally
introduced and discussed. In all the discussion, techni-
cal details are kept to the minimum necessary to
illustrate the issues. The goal is a discussion of con-
ceptual issues, hence no data are actually analysed.
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Local Background Assessment

The term ``background concentration'' was initially
used in the context of establishing levels of a soil
constituent in areas adjacent to a suspected contami-
nation site but which are not themselves suspected of
being contaminated. The observed concentrations are
used to establish threshold values or action levels for
screening study decisions. In concept, the objective of a
background concentration study is straightforward. In
practice, there are a number of di�cult statistical issues
that must be addressed.

First is the issue of where background samples should
be collected. Guidance typically recommends locations
that are not impacted by any chemicals of potential
concern for the site in question but also locations that
are as geographically close as possible to and have
similar soil characteristics of the contamination site.
Additional constraints on sampling, such as not
collecting samples in rainfall runo� areas or in areas
considered down-slope from the suspected contami-
nated site are included to avoid obvious biases. To
comply with all this guidance clearly requires a lot of
site-speci®c knowledge that may not be easy to obtain.

Next are issues related to the physical aspects of
collecting and processing core samples. These involve
speci®cation of such practices as the depth to which
soil cores will be collected and whether and at what
depths soil material is composited. Some amount of
vertical compositing is unavoidable. The depth of
vertical compositing will depend on the soil constituent
under consideration, the soil type and processing costs.

The chemical and biochemical properties of the
arsenic found in the samples is also important. In
particular, the toxicity of arsenicals will depend on its
form, ranging from highest to lowest toxicity, arsines,
inorganic arsenites, organic trivalent compounds
# 2001 AEHS
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(arsenoxides), inorganic arsenates, organic pentavalent
compounds, arsonium compounds and elemental
arsenic. The more soluble forms are typically more
toxic. Arsenicals are mostly unstable and degrade or
weather rapidly to form arsenate. The inorganic forms
of arsenic are more mobile than are the organic forms
and hence pose more of a risk to leaching into
groundwater. An extensive discussion of the chemical
and toxicological characteristics of arsenic can be
found in Eisler (2000). The di�erential toxicity among
arsenic chemical species and their relative prevalence in
sampled soils will be important to eventual risk
assessments.
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Figure 1. The result of mixing background samples with samples
from contaminated sites is a mixture distribution (Combined) with
mean shifted to the right of the true background distribution. In this
®gure, the area under the Background and Contaminated distri-
butions have been adjusted to their respective proprotions, ai, in the
mixture and the area under the Combined curve is 1.
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Figure 2. E�ect of mixing distributions from di�erent soil types.
While the fraction of the total sample that comes from the
Contaminated distribution is small it has an important e�ect on
the upper tail of the Combined density function.
Population probability density function

For now, assume that the geographic extent of the
background area and a particular soil core sampling
protocol have been speci®ed. In theory it is possible to
exhaustively sample the area and obtain a very large
number of concentration values. These concentration
values could be displayed in a frequency table,
histogram or estimated probability density function
(EPDF). As the extent of sampling approaches com-
plete coverage of the background area, the EPDF will
approach the true population probability density
function (PPDF). Statistically, all of the information
about background concentrations is contained in the
PPDF. All of the statistics used in the establishment of
action levels for decisions, such as the mean, median, SD
or upper percentiles are parameters of the PPDF. The
objective in sampling is to estimate accurately, with pre-
cision and without bias, these population parameters.

Note that the PPDF is actually a function of both
the geographic extents of the background area and the
sampling protocol. Modi®cations of either of these will
produce quite di�erent shapes for the PPDF and hence
quite di�erent parameter values. For example,
vertically compositing more of the sample core will
typically result in lower concentrations for arsenic,
resulting in the shifting of the PPDF to the left on the
concentration scale. Using more area for each core,
either by using a larger core diameter or by spatially
compositing cores has the result of making sample
concentration values more alike hence reducing the
spread or variability displayed in the PPDF.

Consider how the de®nition of geographic extent of
the background area will impact the PPDF. Without
knowing the full areal extent of the contamination, it is
often di�cult to determine how close is too close. If the
background area is de®ned to be spatially close to the
contaminated site, the probability of misclassifying
contaminated area as background area increases.
When this is the case, the PPDF becomes a mixture
of observations from true background areas and
contaminated areas (Figure 1). Sample concentrations
from contaminated areas have increased probabilities
for the high concentration values. This is another way
of saying that the PPDF for the contaminated site is
located further to the right on the concentration scale
than would be observed for true background. The
amount of ``contamination'' of the background PPDF
by the contaminated site PPDF will be directly
proportional to the amount of contaminated site area
incorrectly included in the de®nition of the background
area. The result of mixing these two distributions is to
shift the mean and median to the right of the true
background levels and the increase in underlying
spread or variance of the distribution. This mixed
PPDF is no longer a good estimate of the PPDF of the
true background area.

Suppose now that the background area is extended
further away from the contaminated area. Now the
probability of including di�erent soil types into the
background area increases. If the background PPDF
for one soil type is quite di�erent from that of an
adjacent soil type, the overall PPDF will again be a
mixture of distributions (Figure 2). Each of these soil
type background PPDFs would typically be assumed
to be to the left of the contaminated site PPDF, hence
the mixture PPDF of these would also be to the left of
the contaminated site PPDF.
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Figure 3. Natural and anthropogenic background mixed with
contaminated samples. The areas under the component densities
have been adjusted to their respective fractions in the mixture.
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All methods of sample analysis, chemical or spectro-
graphic, have lower limits on the amount of target
chemical that can be detected. Data censored by limits
to detection result in uncertainty as to the true shape of
the PPDF left tail. This uncertainty makes it more
di�cult to estimate the PPDF parameters and increases
the uncertainty of these estimates. When the PPDF is a
mixture of distributions, limit of detection censoring is
likely present in all distributions included in the mixture
and hence further complicates parameter estimation.

Up to this point, only the term ``background con-
centration'' has been used. In some contexts, its full
description might be ``natural background concen-
tration''. The term ``natural'' is added to specify that
concentrations are assumed to re¯ect levels of soil
constituent that naturally occur at sites that have not
been disturbed or a�ected by human activities. Such
sites, at least in the developed parts of the world, are few
and di�cult to ®nd. Identifying a site as natural is
further complicated by the limited amount of infor-
mation available in our historical record. Just because
no record of human disturbance can be found about a
site does not necessarily imply that the site has not been
disturbed in the recent past.

A second type of ``background concentration''
termed ``anthropogenic background'' can be concep-
tually de®ned. Anthropogenic background could
operationally be described as concentrations typically
observed in a region that are the result of human
activities but that are not associated with a speci®c
contamination activity. Typically we are talking about
concentration distributions that are to the right of
natural background concentration distributions but to
the left of contaminated site concentration distri-
butions. Many human activities transport small
quantities of chemicals and soils from one area and
deposit it thinly over a much broader area. It is this
enhancement of the natural background levels that
produces sites that are considered to be anthropogenic.
The more human activity in an area, the more one
would expect to ®nd anthropogenic enhancement.

Where human activities involve less deposition but
more transformation, it is possible to get an anthro-
pogenic background distribution that is to the left of
the natural background distribution. Consider for
example the situation where the natural background
concentration for arsenic is de®ned as those values
naturally occurring in the top 10 cm of undisturbed
soil. Assume the soil type is such that arsenic levels at
the surface are much higher than those deeper in the
pro®le. Vertically mixing the soil as is typically done in
plowing or construction site landscape activities
produces a more homogeneous, less natural soil
structure. Soil in the top 10 cm with high levels of
arsenic is mixed with soils at lower levels. The result is a
concentration distribution for this disturbed site that is
shifted to the vertical depth composite mean that is to
the left of the 10 cm mean. In addition, the ®nal
distribution is less variable than the original natural
background distribution.

Point source releases of contaminant is another type
of anthropogenic enhancement that results in increased
concentration levels that are more geographically
restricted in scope and more intense in enhancement
than is considered acceptable as anthropogenic
background enhancement. Such releases are typically
the result of deposition processes and less the result of
a soil transformation process. These typically are the
focus of assessment studies and produce a ``contamina-
tion concentration'' distribution for the site.

Distinguishing natural from anthropogenic back-
ground levels is di�cult. If true natural areas of the
target soil type can be found, con®rmed, and is
geographically close to the study site, a PPDF for the
natural background concentration distribution can be
estimated. Because the activities that produce anthro-
pogenic enhancement cannot be easily documented, it
is impossible to certify a background site as an
anthropogenic one. Thus, added to the di�culty of
background site de®nition and the potential of mixing
contaminated areas with background areas, we now
include the potential of mixing of natural and anthro-
pogenic areas. Any background site conceptually can
result in a PPDF being a three-part mixture (Figure 3).

Risk assessors for contaminated site studies are
typically not interested in the anthropogenic/natural
source for background samples. They take the view
that mitigation e�orts for a contaminated site should
be directed at returning the site to levels re¯ecting those
of the surrounding and supposedly uncontaminated
area. Concerns do arise when both background and
contaminated site levels exceed acceptable health e�ect
based thresholds. At this point, an attempt may be
made to determine whether the background concen-
trations are more re¯ective of true natural background
or of anthropogenic background.
Estimating population parameters

One never knows the true PPDF under any of the
scenarios discussed above. It is necessary to actually
collect samples and use statistical techniques to
estimate the required population parameters. Because
di�erent sets of samples will produce di�erent
parameter estimates, the parameter estimate can be
shown to have its own distribution, referred to as its
sampling distribution. Actually, with a su�cient
number of samples, it is possible to estimate the



158 K.M. Portier
PPDF, resulting in an estimated PDF or EPDF. Note
that the EPDF is also a random quantity due to its
reliance on a speci®c sample set. For quantitative risk
assessments that utilize Monte Carlo methods, an
EPDF is required.

With most local background studies, keeping down
costs is a major factor, hence sample sizes are small.
This limits action rules construction to simple distribu-
tion parameters such as the mean or median. The
sampling distributions for these statistics are assumed
to follow a normal or Gaussian form after invoking the
Central Limit Theorem of statistics and incorporation
of speci®c transformations. Action rules can then be
based on the estimate themselves or an upper con®d-
ence interval limit. Some decision rules are based on
statistical tests that compare average or median back-
ground concentration levels to those observed from the
study area. Such tests may be based on strong
distribution assumptions, such as with the t-test, or
may be based on resampling approaches, such as the
bootstrap. With slightly larger sample sizes, action rules
can be based on a comparison of distributions between
the two areas using goodness-of-®t statistics. This last
method often requires stronger assumptions about the
true form of the PPDF since Central Limit Theorem
considerations are not applicable here.

When the possibility that the PPDF is a mixed
distribution with limit of detection censored values, the
estimation process becomes much more complex. With
small samples from well-de®ned background areas,
only one or two sample points would be expected to
come from incorrectly classi®ed contaminated areas.
One approach to dealing with this is to consider
suspect any point that is so far in the right tail of the
EPDF as to have very low probability of belonging
with the rest of the data. Such points are considered
outliers and typically are not used in the estimation of
population parameters and the setting of action levels.
Outlier detection is very ine�cient with small sample
sizes, hence more often than not the outlier values are
retained in the parameter estimation process. The result
is that the parameter estimates are shifted to the right
and test statistics are less e�cient resulting in increased
chance of making a type I error, that is, concluding
that no action is needed when in fact it is needed.

The impact of left censored values on parameter
estimates will depend on how those values are handled.
Ignoring censored values or setting the censored values
equal to the analytical limit of detection has the e�ect
of shifting the EPDF to the right of the true PPDF.
Setting censored values to zero has the e�ect of shifting
the EPDF to the left of the PPDF. Typically, censored
values are set equal to one half the limit of detection.
The impact of this assignment on the EPDF will
depend on the shape of the PPDF. In any case, the
e�ects of censored values on the EPDF will depend on
what fraction of the total sample is censored. One or
two numbers in a relatively large sample will have
minimal e�ect whereas one or two in a small sample
can have a large e�ect. Statistical approaches to
handling left censoring rely on maximum likelihood
estimation techniques that in turn relies on strong
assumptions about the form of the PPDF.

With moderate-to-large sample sizes, the statistical
approaches used to deal with left censoring can also be
used to handle the mixed distribution situation. Again,
strong assumptions need to be made about the form of
the underlying distributions that make up the mixture.
But with larger samples it is possible to test various
assumed underlying distributions and in some cases
utilize non-parametric estimates of these distributions.
The ability of these techniques to clearly identify the
components of the mixture will depend on the relative
number of samples representing each population in the
sample. Obviously, if there is only one value from the
contaminated area in the mixture, it will be impossible
to adequately estimate that component. In this case,
the outlier detection approach would be preferable.
But, as the proportion from the contaminated area gets
larger, the statistical approach will work better.
Censoring confounds discrimination between natural
and anthropogenic background distribution com-
ponents. Typically natural levels, being very low have
a higher chance of being censored than do anthro-
pogenic levels. But, both will almost certainly contain
some censored values. In addition, there is a positive
but very low chance of observing a censored concen-
tration level from contaminated site areas incorrectly
included in the background.
Regional Background Asessment

Local contamination studies rarely include enough
background samples to estimate the mixture of
distributions model described in the previous section.
It is simply not cost e�ective to do so. Rather, much
smaller sample sizes are used and conservative action
levels adopted. With small sample sizes, the degree of
conservatism can be quite extreme, leading to high type
I error rates (decide not to mitigate when in fact
mitigation is necessary).

Consider the situation where a large number of
geographically small study areas are being considered,
all located in a larger area referred to as a region. This
region could be an urban center or hydrologic basin for
example. Instead of multiple background studies each
based on small sample sizes, one could conceive of
performing one regional background study of moder-
ate to large sample size. If the background concen-
tration distributions for all sites were e�ectively the
same, the distribution estimated from this one study
would be a much more precise estimate of the
background PPDF than would any of the individual
studies. In addition it is very likely that the sample size
needed for the overall study would be less than that the
sum of all the individual background studies' sample
sizes resulting in an overall cost saving. With a larger
sample size, various mixture distribution models can be
estimated and tested. Action levels for individual sites
that would typically be based on small background
samples can instead be based on population para-
meters estimated from the mixture of distributions
model. Finally, with this approach, an estimate of the
underlying background PPDFs are available without
having to search out and document concentrations
surrounding the sites. This approach provides the risk
assessor the opportunity to consider action levels based
on a regional natural background distribution, and/or
a regional anthropogenic background distribution,
and/or the mixed natural/anthropogenic distribution
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and/or health e�ect levels. Distribution parameters,
most importantly the mean and median concen-
trations, would be di�erent for each choice but
known with higher con®dence.

As with local background studies, the accuracy of
the resulting distributions will depend on the sampling
protocol as well as a priori knowledge of the region.
Strati®cation, something rarely seen in smaller back-
ground studies, becomes a much more important
factor in the study design. For example, if the region
were not homogeneous with respect to important soil
characteristics, it would be necessary to stratify it on
soil type and incorporate this into the structure and
estimation of the mixture distribution models. An
alternative approach might be to estimate the critical
soil characteristics at the time of sampling and perform
a post-strati®cation or covariate analysis. Similarly, we
know that urban areas are naturally strati®ed into
activity zones, e.g. manufacturing centers, residential
centers, retail and business centers, nature preserves
and parks, etc., that one would a priori assume to have
di�erent anthropogenic deposition processes. Strati®-
cation on these activity zones would allow estimation
of zone-speci®c mixture of distributions models and
facilitate testing of whether di�erent models are
actually needed.

In sampling for background from a region, the
potential for including point-source enhanced sites into
the sample is increased. To keep its proportion in the
whole sample down to a small fraction, one ®rst
removes from the sampling frame all areas known or
suspected of containing point-source sites. It is argued
in the next section that speci®c distribution forms can
be assumed for the natural and anthropogenic PPDFs.
It is much more di�cult to make this assumption for
samples from multiple contaminated areas. Such
sample concentrations come from their own mixture
of distributions, with each contaminated site providing
its own contamination distribution. This mixture of
distributions is unlikely to have a ``nice'' distributional
form. Hence the goal of the exclusion of known
contamination areas is to avoid having to address this
problem as much as possible.
Estimating a Mixture of Distributions Model

In this section an approach to estimating a mixture
distribution model is provided. The approach will only
address estimation for one stratum. Estimation for
multiple strata follows directly from this section. The
notation and approach discussed below is adapted
from Samson and Thompson (1998) but with the
added complexity of varying detection limits for
censored observations.

Assume n samples are taken from the background
area. For sample point k, a pair of values, denoted
Yk � �Xk, Ik), k � 1, . . . , n can be de®ned, where Xk
typically denotes the natural logarithm of the concen-
tration value for sample k and Ik codes the population
the sample comes from, where Ik � 1 codes a natural
background area, Ik � 2 codes an anthropogenic
background area and Ik � 3 codes a contaminated
site area. The three areas are referred to as populations.
Let ai indicate the proportional representation
of population i in the background area,
a1 � a2 � a3 � 1, (mi, si) denote the population mean
and standard deviation for population i, and fi(x j mi,
si) the pdf for population i. That is,

P�I � i� � ai
P�x 4 X5 x � dx j I � i� � fi�x j mi; si�dx

�1�

The joint probability density function for Yk is given
by

fY�y j m; s�dx � P�I � i; x 4 X5 x � dx�
� aifi�x j mi; si�dx

�2�

The unconditional distribution for a particular value X
has a mixture density function

f�x j m; s; a� �
X3
i�1

aifi�x j mi; si� �3�

Without censoring, the likelihood of the complete
sample set is given by the products of the density values
for the individual observations.

L�m;s; a j Y� �
Yn
k�1

aIk fIk�Xk j mIk ; sIk� �4�

Maximum likelihood estimates of the unknown
parameters; m1, m2, m3, s1, s2, s3, a1, a2 and a3,
would be obtained by maximizing the likelihood or
equivalently minimizing the log of the likelihood.

With censoring, the likelihood formulation above
has to change to take into account the fact that a subset
of the observations is below the analytic limits of
detection. Assume that m of the n observations are
uncensored leaving n-m censored observations. Denote
by X�l , . . . X�m and I�l , . . . , I�m the data for the
uncensored values and Xÿl , . . . Xÿn-m and Iÿl , . . . , Iÿn-m
the data for the censored values. To allow for varying
limits of detection, let d�l , . . . , d�n and dÿl , . . . , dÿn-m
denote the limits of detection for each observation, that
is a value is assumed censored if Xi 4 di. For the
censored data the actual value of the (log) concen-
tration is not known, only its detection limit is known.
The probability of an observation from population i
being censored at level d is given by:

q�d; mi;si� �
Z d

0

f�x j mi; si�dx �5�

The unconditional probability is given by the weighted
sum

�q�d;m;s; a� �
X3
i�1

aiq�d;mi; si�: �6�

The likelihood of the censored sample is then given by

L�m;s; a� �
Ym
u�1

aI�u fI�u �X�u j mI�u ; sI�u �
Yn-m
v�1

�q�dÿv ;m;s; a�

�7�
That is, the component of the likelihood for the
uncensored observations is unchanged, but the com-
ponent for censored observations re¯ects only the fact
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that the observation was censored at the given limit of
detection.

In real world situations the population membership
of each observation is unknown, hence the I�l , . . . , I�m
terms are unknown as well. Thus the only information
available are the X�l , . . . X�m and dÿl , . . . , dÿn-m values.
Until recently, this caused a real problem for esti-
mation. Unless the ai terms were known or speci®ed,
traditional maximum likelihood estimates could not be
found. Recent advances in estimation, namely the
development of the EM algorithm (McLachlan and
Jones, 1990; Redner and Walker, 1984), has been
shown useful in estimating parameters in such complex
likelihood functions.

With the limited data available, the best predictor of
the log likelihood is given by

Q�m;s; a j m0; s0; a0� � EflogL
�m;s; a j X�l � � �X�m ; dÿl � � � dÿn-m;m0;s0; a0g

�8�

where the expectation is taken with respect to the
conditional distribution of the missing data, given the
known data and where (m0; s0; a0) denotes the true
values of the parameters. The basis of the EM
algorithm is that new estimates of the parameters,
denoted (m1; s1; a1) can be found by maximizing
Q�m; s; a j m0; s0; a0� assuming the initial estimates
(m0; s0; a0) are the true parameter values. This process
is iterated with the revised estimates becoming the new
initial estimates until the change in estimates is below
some speci®ed level. The determination of the con-
ditional expectation Q�m; s; a j m0; s0; a0� is referred to
as the E-step and the maximization of this term is
referred to as the M-step. Under certain general
assumptions, the sequence of intermediate likelihood
values is monotonically increasing and the intermedi-
ate parameter estimates will converge to the true
maximum likelihood estimates. Because of this, a
variant of the Central Limit Theorem can be invoked
to provide standard errors and con®dence intervals for
each parameter estimate via the inverse of the Fisher
information matrix. Monte Carlo integration tech-
niques would typically be used to estimate the
truncation probabilities q�d; mi; si�, the expectation
Q�m; s; a j m0; s0; a0� at the E-step and the Fisher
information matrix at the end of the process. It should
be obvious that this is a very computationally intensive
process.

Nothing in the above process requires any speci®c
form for the individual population probability density
functions fi(x j mi, si). Tradition suggests that a normal
or Gaussian distribution should be used to model the
log concentrations in each population. It could be
argued that if we measured the uncensored concen-
trations in natural and anthropogenic background
areas the log concentration would truly follow a
normal distribution. The same cannot be said for the
contaminated area population. Each contamination
sample could conceivably be from a di�erent contami-
nation area. Di�erent contamination areas have
di�erent enhancement processes and hence would be
expected to have quite di�erent PPDFs. Such a
sampling process will produce a right skewed distri-
bution, like the lognormal distribution, even for log
transformed values. With hundreds of data points, it is
possible, at least conceptually, to utilize non-
parametric estimates of the individual population
density functions (see Silverman, 1986). This would
dramatically increase computation time making the
process computationally infeasible even with fastest
computers available today.
Discussion

Our ability to ®t a speci®c mixture of distributions
model and discriminate among di�erent distributions
depends very much on the quality and amount of
concentration data collected. Obviously if the sampling
protocol carefully screens sample sites and is able to
keep contaminated sites from being included in the
``background'' sample set, there will be no information
in the data for estimation of the contamination
component of the mix. If in addition there are no
truly natural sites in the sample, only one distribution
will be represented in the background data set.

The fact that a mixture of distributions model can be
®t to a set of data does not prove that multiple
underlying populations are actually present. Just as the
ability to ®t a regression line proves that there is an
underlying relationship between two variables. We can
compare the ®t of a simple one-assumed-population
model to a more complex mixture-of-populations
model using standard likelihood ratio test statistics to
determine which respresents the data better. What a
good ®t to a more complex model does is direct us to
look closely at the sampling protocol and the
population being sampled. It allows the potential of a
contaminated sample to be accounted for and as a
result provides a more realistic representation of the
underlying anthropogenic concentration distribution.

Whether an anthropogenic distribution can actually
be separated from natural background with a reason-
ably sized (5200 observations) data set has not been
demonstrated. These methods have been shown to
work with very large data sets (Samson and Thomp-
son, 1998). This is an area of current interest and this
statistical methodological research combined with data
currently being collected in South Florida (Chirenje
et al., 2001) will be a ®rst test of these models.
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