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Abstract—Location affects exposure and response to stressors at scales ranging from small sites to large regions. Tools such as
geographic information systems (GIS) make it feasible to conduct spatially explicit ecological risk assessments (ERAs). However,
no tools provide a panacea, and complex models based on sparse data can be inappropriate and misleading. Operations such as an
interpolation within a GIS are models, and so they contain assumptions and uncertainties. Errors can propagate easily as numerous
operations are performed, and the resulting uncertainties should be made explicit. Analysts should assure that space actually matters
by using explanatory data prior to investigating spatial correlation. Exposure and risk estimates from experimental plots or monitoring
stations may require scaling factors if they are to be used for larger watersheds or regional analyses. Maps are useful because they
present complex spatial information in a manner that is easily interpreted. However, they must be prepared and interpreted with
caution because they can suggest that there is a great deal more information than actually exists. In addition to presenting maps
of predicted risks, maps of the spatial patterns in the uncertainties in these risk estimates should be included in risk assessments.
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INTRODUCTION

For ecological risk assessments (ERAs) to be truly ecolog-
ical, they must address the location-specific characteristics and
interactions that define ecosystems. Until recently, a nonspatial
approach has often been used to characterize both exposure
and response to stresses. However, location affects many as-
pects of both exposure and response to stress [1–3]. Chemicals
are transformed and transported at different rates in different
soils and landscapes. Animals are not randomly distributed in
the environment, and their location may be influenced by con-
tamination. Hog farms and Superfund sites near estuaries pose
different risks than do those further upstream. Emissions of
ozone precursors and mercury cause exposure hundreds or
thousands of kilometers downwind. Recently, the need for
more attention to spatial aspects of ERAs has been recognized
by both ecologists and ecotoxicologists [4,5].

Tools such as geographic information system (GIS) soft-
ware make it feasible to conduct spatially explicit risk as-
sessments for problems ranging from small sites to watersheds
to regions. However, no tools provide a panacea, and overly
complex models based on sparse data can be inappropriate and
misleading [4]. As in all risk assessments, uncertainties must
be addressed [6]. Geographers, soil scientists, and some other
environmental scientists have long recognized the need to ad-
dress uncertainties in analyses of environmental issues [7–10].
Unfortunately, the recent rapid increase in the availability and
use of GIS and other software has not been accompanied by
a concomitant increase in the use of techniques for assessing
uncertainty in spatial data and spatial models.

This article will provide examples of how spatially explicit
analyses can improve ERAs, along with some do’s and don’ts
for ERA practitioners. This manuscript addresses the following
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three themes: All spatial analyses depend on models with spe-
cific assumptions; uncertainties in spatial models must be ad-
dressed; and maps should be used to communicate both data
and model uncertainties.

What is spatially explicit ERA, and why do we need it?

For the purposes of this discussion, a spatially explicit ERA
is one in which the estimates of risk differ for different lo-
cations. The scale of such assessments may vary from a few
hectares up to large watersheds, larger airsheds, regions, or
even continents. Suter [11] noted that spatial aspects of ERA
are rarely addressed for at least two reasons. First, ecotoxi-
cology and ERA strongly reflect their foundations in human
health toxicology and risk assessment, which do not focus on
spatial relationships (except perhaps in determining exposure).
Second, much ecotoxicology and ERA is based on extrapo-
lation of laboratory or microcosm toxicity tests that are not
spatially explicit.

During the last decade, GIS use has become much more
common in ERAs, at least for mapping potential exposure to
soilborne and airborne contaminants. Spatially explicit anal-
yses are useful when they can improve management decisions.
For example, if a decision needs to be made about which
portions of a contaminated site require remediation, the spatial
pattern of contamination must be determined. Such a deter-
mination is often accomplished using some form of spatial
interpolation. At the regional or national scale, a regulator may
wish to determine which areas require reductions in pollutant
emissions. For example, emissions of ozone precursors may
need to be reduced in a region several hundred kilometers
upwind of areas that do not meet federal ozone standards. In
recent years, spatially explicit ERAs at the scale of large wa-
tersheds and regions have become more common. The pro-
ceedings of a conference entitled ‘‘Assessing Ecosystem Vul-
nerability’’ presents examples of such assessments [12].

In addition to quantifying spatial patterns of contaminants,
spatially explicit ERAs may also address spatial processes such
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Fig. 1. Growth rate of naturally regenerated pine stands in north Geor-
gia (USA), with associated Thiessen polygons. The data shown are
stand growth rates (m3/ha/year) and the stars show the locations where
growth rates were measured. This map is intended to provide an
example of Thiessen polygons; it is not intended to provide the final
results of an analysis [27].

as animal movement. Only very recently have spatially explicit
models of animal movement and meta-population dynamics
begun to be used in ERAs [1–3,13,14]. For example, the effect
of flounder foraging behavior and habitat preferences on ex-
posure to polychlorinated biphenyls in sediments were as-
sessed using a tractable individual-based model [15]. In this
study, the use of a spatially and temporally explicit model
reduced the estimate of exposure by an order of magnitude as
compared with a nonspatial model, with concomitant reduc-
tions in the estimates of risk for consumers of flounder.

Most examples discussed herein will address issues of spa-
tial interpolation of point or gridded data rather than more
complex processes such as animal movement and meta-pop-
ulation dynamics. However, the suggestions presented herein
should also be applicable to other environmental media and
more complex spatial processes.

Use and abuse of GIS

Geographic information system software packages are col-
lections of tools, not standardized methods. For example,
Thiessen (also called Voronoi or Dirichlet) polygons represent
specific assumptions about spatial correlation. If these as-
sumptions are not valid, then maps of Thiessen polygons can
be quite misleading. Thiessen polygons are created by assign-
ing to each location the value from the nearest data point, as
shown in Figure 1. However, just because data points can be
associated with specific locations on a map does not auto-
matically mean that enough information is available to make
a reasonable interpolation among those points. Operations such
as an interpolation within a GIS are really models, and as such,
they have associated assumptions and uncertainties. In the case
of Thiessen polygons, one makes the following three assump-
tions: There is spatial autocorrelation at the scale of interest;
this correlation is exactly perfect out to a distance exactly
halfway between any two data points, even if the data points
are irregularly spaced or are separated by impenetrable bar-
riers; and just further than the midpoint from one data point
to another, the correlation becomes exactly zero. When such
assumptions are made explicit, it is clear how restrictive they
are. But a map may imply that all locations within the polygon
have the precise value shown in the legend. In Figure 1, if

only the polygons and not the data points were shown, a user
of the map might not realize that each polygon really represents
only a single data point.

Spatial interpolation

When performing a spatial interpolation, a model must be
developed to represent how values are correlated with distance.
The advent of GIS and other software for performing spatial
analyses has made sophisticated geostatistical (spatial statis-
tical) techniques such as kriging widely accessible. In geo-
statistics, it is common to evaluate the variance instead of the
correlation. Such investigation usually relies on a variogram,
which is a plot of the variance between pairs of sample points
versus the distance between the pairs of points. For kriging,
one must select a nugget value (the minimum amount of var-
iance found at short distances), a type of model (e.g., spher-
ical), and a sill value (the maximum amount of variance found
at large distances). Additionally, one should determine whether
the pattern of variance is the same in all directions or whether
there is anisotropy (different patterns of variance) in different
cardinal directions. An introduction to practical applications
of kriging and other geostatistical techniques is provided by
Isaaks and Srivastava [16]. A more thorough mathematical
treatment of geostatistics that places techniques such as kriging
within classical statistical theory is presented by Cressie [17].

Various types of kriging have been used with increasing
frequency over the last two decades in environmental analyses,
especially for investigations of soil pollution. When used cor-
rectly, kriging approaches can provide benefits beyond those
of simpler techniques such as inverse-distance weighting (e.g.,
[18]). However, because there are several distinct types of
kriging models, each with its own assumptions, parameters,
and uncertainties, kriging can also be rather subjective. In order
to evaluate the repeatability of geostatistical analyses, a sample
dataset of 190 values was drawn from a very large spatial
dataset (78,000 values) and was sent to a number of analysts
with experience in geostatistics [19]. Each analyst was asked
to provide an appropriate geostatistical interpolation of the
data, and 11 of the 12 analysts who submitted interpolated
surfaces used some form of variogram analysis and kriging.
The results showed that many of the interpolated surfaces were
similar and were reasonable estimates of the true values (based
on the complete dataset). However, some results were not ac-
curate estimates of the true values: the lowest correlation co-
efficient between actual and interpolated values was zero.
Three of the interpolated maps showed very different spatial
patterns than the actual complete dataset. The author concluded
that variability in spatial estimation methodology had a sig-
nificant effect on the quality of the estimates and on decisions
derived from them.

With any interpolation routine such as kriging, it may be
difficult to quantify the uncertainty in the estimated values.
For example, even if a single variogram is adequate for a
kriging analysis, it may not be adequate for assessing the un-
certainty of kriged estimates because uncertainty often in-
creases with increases in the mean value [16]. Nonparametric
methods of interpolation, such as locally weighted regression,
may be useful in situations where assumptions such as sta-
tionarity (all data are from the same statistical population) are
not met or where multiple predictor variables are used [20].
Such techniques can be used to model spatial patterns over
long distances, and then kriging can be used on the residuals
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to model variation over shorter distances, where assumptions
such as stationarity are more likely to be met [20].

The above example is not meant to suggest that kriging
approaches are not useful, but it does suggest that there are
uncertainties in the use of kriging models that go beyond the
uncertainty estimated with any specific model. Hopefully,
practitioners of kriging and other methods of spatial interpo-
lation will use methods of error assessment such as cross-
validation to avoid inappropriate models or parameters for a
particular dataset.

Does space matter?

When examining the relationship between two variables,
we know that a linear model with a slope of zero does not
indicate that there is a meaningful relationship between the
predictor and the response variables. Rather, it indicates that
the mean value is as accurate a predictor of the response var-
iable as is the linear model. A similar issue arises when ex-
amining spatial processes. An investigator may assume that
spatial autocorrelation exists when it does not. In this case,
the mean value may be a more appropriate predictor than
would any spatial interpolation routine.

Even if there is significant spatial correlation in a particular
dataset, a spatially explicit model might still not be required.
If data are available that might be useful predictors of the
response variable, one should use them first. Once the influence
of these variables has been taken into account, the spatial
correlation may no longer exist. For example, in assessing the
effects of air pollution on forest growth in Georgia, significant
spatial correlation in forest growth among plots was found up
to a distance of 50 km [21]. However, a small cluster of the
plots in the northwest corner of the state contributed nearly
all of the correlation. The investigators then used data on site
quality in a regression model to predict the variation in tree
growth throughout the state and then performed kriging on the
residuals. The results showed that, after taking into account
known influences on tree growth, there was no longer any
significant spatial correlation.

This example shows that, even if spatial processes matter,
they may not matter in the same way throughout the region.
Such spatial patchiness is probably a common characteristic
of ecosystems and has been an active area of research in ecol-
ogy [22] and particularly in landscape ecology [23,24]. Based
on a review of investigations of toxicants in aquatic and ter-
restrial microcosms, computer simulations of meta-popula-
tions, and field studies with patchy environments, Landis and
McLaughlin [2] make the following four conclusions: Low
levels of toxicity in one patch can affect populations in other
patches that have no direct exposure to the toxicant; the spatial
arrangement of patches strongly influences toxicity; effects of
a toxicant persist after it has degraded due to effects on pop-
ulation dynamics; and several outcomes can occur with the
same initial conditions. For these reasons, spatially explicit
ERAs may need to confront complex spatial and temporal
interactions and dynamics that complicate analyses and inter-
pretations.

Improving spatial interpolations using related data

A good way to improve spatial interpolations is to use
related data that are sampled more densely. For terrestrial and
freshwater systems, elevation data and variables derived from
them (slope gradient, slope aspect, catchment area) are almost
always available and can often improve estimates of more

sparsely sampled characteristics. For example, for regional and
national estimates of air pollutants such as ozone, the use of
elevation data along with meteorological data such as air tem-
perature from weather stations can improve interpolated ozone
exposure between widely separated ozone monitors [20,25].
This approach is effective because elevation is a good predictor
of air temperature and temperature is a good predictor of ozone
concentration because it is produced photochemically.

Quantifying interpolation errors

Whatever approach is used, there will still be uncertainties
in interpolated values. A technique called cross-validation is
useful to assess the accuracy of any interpolation routine. This
method consists of removing one of the data points, using the
interpolation routine to estimate the data value at the point,
and then comparing the measured value with the predicted
value. This procedure is repeated for each of the data points
in the analysis region in turn. The differences between the
estimated and actual data give an indication of the performance
of the interpolation routine both for the whole region and for
each point. For kriging models, the kriging estimates of in-
terpolation error can be compared with the cross-validation
values as an independent check on the validity of the variance
estimates of the model. Although cross-validation is quite use-
ful, it may overestimate or underestimate uncertainty to some
degree, and it does not provide direct evidence for nonsampled
points. Clustering of sites where data are collected results in
clustered residuals from cross-validation [16]. This clustering
can be reduced by only cross-validating a sample such as a
pseudoregular grid. Still, cross-validation residuals will be
higher than actual ones simply because the interpolation dis-
tances are greater. Despite these issues, cross-validation is use-
ful because it is conceptually simple and broadly applicable.
The use of any such method of estimating the uncertainty in
predictions from an interpolation routine is much better than
ignoring the issue entirely.

Scaling and aggregation

Even the very word scale has significant uncertainty as-
sociated with it. For cartographers, large scale mean greater
spatial detail, while for ecologists and environmental scien-
tists, it means greater area or less spatial detail. In recent years,
there has been more effort to conduct risk assessments at the
landscape and regional scales at which many stressors occur
(e.g., [26,27]). Such analyses generally require scaling up from
observations at individual sites [4]. Ignoring scaling issues
may confuse interpretation of differences in responses among
spatial units. For example, a study was conducted to determine
whether a number of measures of fish and invertebrate com-
munity status could be associated with specific stressors in
streams in western Ohio, USA [26]. Specifically, multiple re-
gression models were built to relate physical and chemical
stressors to biological indicators of stream ecosystem health.
A confounding factor in this analysis was that different sub-
basins were different sizes, and basin size is known to have
a strong influence on stream ecosystems due to changes in
factors such as water volume and flow rate. When the effects
of subbasin size were accounted for prior to the regression
analysis, clearer relationships were found between the physical
and chemical stressors and biological indicators [26].

One aspect of scaling is the aggregation of processes from
a finer (smaller ground area) scale to a coarser (larger ground
area) scale. Models of terrestrial ecological processes often
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use a grid-based approach. For such models, it is important to
select an appropriate grid cell size. For example, the effects
of grid cell size on predictions of runoff and soil moisture
from a model of water movement and nitrogen dynamics in a
small watershed were investigated by Kuo et al. [28]. In this
study, higher average soil water contents and higher evapo-
ration rates were found for larger cell sizes, apparently due to
aggregation error in defining the shape of the steep slopes in
the watershed [28]. This type of smoothing of heterogeneous
landscapes represented by grid cells is likely a general problem
for grid-based models of terrestrial ecosystems.

Time and space interact

The above discussion focused on uncertainties in spatial
processes at a single time. However, many of the issues of
interpolation and aggregation also apply to the analysis of
temporal data. While a thorough discussion of temporal issues
is beyond the scope of this review, it is important to recognize
that temporal and spatial considerations may interact. For ex-
ample, Heuvelink [29] modeled the risk of lead exposure for
children in a region of the Geul Valley in the Netherlands due
to soil ingestion. He noted that, even though a polluted region
considered as a whole unit might be safe on average, there
might be locations within the region where children are at a
significant risk. Furthermore, the appropriate spatial domain
and the metric of toxicity may vary depending on whether one
is looking at acute or chronic effects. When estimating daily
lead exposure, there were large uncertainties due to uncertainty
in the amount of soil consumed. For daily estimates, there was
not likely to be much benefit to improving the accuracy of the
map of soil contamination. However, Heuvelink sugggested
that, for chronic lead dose over a period of a month or a year,
the uncertainty in soil consumption might decrease and ex-
posure might occur over a large are, so the relative importance
of uncertainties in the risk assessment might change.

Space and time are incorporated into many process-based
simulation models relevant to ERAs. The example presented
above of a catchment hydrology model represents a spatially
explicit model that operates over many time steps. It is pos-
sible, though not trivial, to investigate uncertainties in such
models. Statistical models that incorporate space and time have
also received increased attention during the last two decades
from both a theoretical and applied perspective. For example,
a hierarchical Bayesian approach to space–time models is used
to predict mean monthly temperature over several years for a
portion of the Midwestern United States [30]. This hierarchical
approach is more flexible than more traditional spatial statis-
tical approaches because it can accommodate processes that
are sampled at different scales and that do not meet assump-
tions of stationarity in space and time.

Maps can be misleading for the same reasons that they
can be useful

Maps are useful because they present complex spatial in-
formation in a manner that is easily interpreted. However, they
can be misleading because they imply that there is more in-
formation than actually exists. All maps, like all models, are
simplifications, and thus they can never exactly represent re-
ality. Yet maps made by professional cartographers are usually
reasonably precise about location information because they
must meet well-defined accuracy standards [31]. However,
some maps made by risk assessors based on a few samples
may not meet any accuracy standards and may be misleading.

In ERAs, maps can conflate data and models. This same
problem can occur in nonspatial analyses. For example, if one
is investigating the relationship between two variables using
simple linear regression, one cannot judge whether a linear
model is appropriate without examining a scatter plot, a normal
score plot, or the results of an appropriate test. Similarly, we
cannot judge whether a map of predicted values is appropriate
without seeing the data that support the prediction. Unfortu-
nately, unlike the situation for simple linear regression, there
are no commonly used standard methods for evaluating or
displaying uncertainty about the information content of maps.
Experienced users of specific types of maps such as older soil
surveys may have appropriate mental models of map errors,
but it may not be appropriate to extrapolate such models to a
map of another region of a country, let alone another country.

Sophisticated methods based on information theory can be
used to guide decisions made during the production of pro-
fessional quality maps (e.g., [7]). Such methods also can be
used to evaluate and present information about map accuracy.
However, for most risk assessments, simpler approaches may
be more practical. One important choice is what type of map
to use for a dataset, e.g., choosing between points, polygons,
or grid cells. Environmental geography books such as one by
Burrough [8] provide guidance about these choices. How to
Lie with Maps [31] covers topics such as map accuracy stan-
dards, design, selectivity, propaganda, aggregation, and visual
perception. Only a few suggestions can be made herein.

One suggestion to help make maps more useful is to show
data only for the area that might influence the analysis. While
this suggestion seems obvious, it is not always observed in
practice. Figure 2 shows interpolated ozone exposure masked
to show only the counties where soybeans are grown. Note
that at a more detailed spatial scale, this particular map would
not be appropriate, since urban areas are not masked. Another
suggestion is to show the locations where data were collected,
which helps give the viewer some sense of whether interpo-
lated values have adequate support. Figure 2 shows the lo-
cations of ozone monitors as black and white crosses, while
the interpolated values are shown as shades of grey. Showing
the locations where data are collected is useful, but for many
applications, the information about uncertainties may be better
presented in the form of a map. Figure 3 shows the uncertainty
in predicted values of ozone exposure based on cross-vali-
dation of the interpolated surface shown in Figure 2. As one
might expect, the uncertainty in areas where ozone monitors
are close together is generally much lower than that in areas
where monitors are far apart.

Propagation of uncertainties

Each type of data used in an ERA will have some associated
uncertainty, and often these uncertainties may be quite large.
Each step in the analysis also has uncertainty associated with
it. Just as for spatial interpolation among point data, other
operations in a GIS also represent models that have associated
uncertainties. For example, gridded numerial data that are
transformed from one map projection to another may undergo
a smoothing process such as bilinear interpolation that changes
data values. Similarly, as numerical data are aggregated to a
larger cell size, a regression toward the mean (smoothing) will
occur. An analyst may avoid this problem by using a nearest
neighbor interpolation, which will retain the original data val-
ues. However, a nearest neighbor approach will change the
location associated with specific data values, which may not
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Fig. 2. Interpolated values of seasonal ozone exposure (SUM06) based
on inverse-distance weighting. The locations of monitoring stations
are shown as black or white crosses in order to contrast with the map
shade at each location. Data are for June, July, and August of 1991
and are from the Aerometric Information Retrieval System database
maintained by the U.S. Environmental Protection Agency. SUM06 is
a summary statistic for ozone effects on vegetation and is calculated
as the sum of all hourly values greater than 60 ppb (in this example,
the values were calculated from 8:00 AM to 8:00 PM).

Fig. 3. Uncertainty in interpolated predictions of ozone exposure (sea-
sonal SUM06). This map shows the absolute values of the differences
between the cross-validation estimates for the interpolated surface
shown in Figure 2 and the measured value at each ozone monitoring
station. Each location in the map is assigned the cross-validation result
from the nearest monitoring station (i.e., Thiessen polygons). Al-
though Thiessen polygons may not represent the most realistic as-
sumption for extrapolating cross-validation results, this map serves
to highlight the influence of each station on the interpolated surface
shown in Figure 2.

be desirable for numerical data, though it would be the best
choice for categorical data. As many such operations are per-
formed, errors can interact and propagate.

Unfortunately, the rapid increase in the use of GIS has not
been accompanied by a concomitant increase in the use of
methods for assessing the propagation of errors in spatial anal-
yses. However, geographers have been concerned about these
issues of error propagation for decades, and guidance is avail-
able. The chapter ‘‘Data quality, errors, and natural variation’’
by Burrough [8] succinctly addresses many issues, and a series
of conference proceedings provide numerous examples [9,10]).
As discussed above, Heuvelink [29] provided some detailed
examples of error management in analyses of the risk of soil
contamination with heavy metals. Whatever methods are used,
the important issue is to incorporate estimates of how impor-
tant sources of uncertainty influence the results.

Uncertainty in estimates of risk

For risk analyses, it may be useful to determine whether
uncertainties in spatial data or spatial modeling operations such
as interpolation are more important. Several investigators, no-
tably those at the U.S. Department of Energy’s Oak Ridge
National Laboratory (Oak Ridge, TN, USA), have demon-
strated over the last two decades that it is possible to use Monte
Carlo techniques to address these uncertainties quantitatively
(e.g., [32, 33]). For spatially explicit analyses, these factors
may vary over the region that is being analyzed. For example,
as discussed above, uncertainty in the exposure to ozone is

likely to be greatest in regions that have few ozone monitors.
It is possible to quantify uncertainties in both the exposure to
a pollutant and the response of an ecological receptor in a
spatially explicit fashion [27]. Such an approach not only re-
sults in more credible predictions but also helps to identify
which factors should be further investigated in order to reduce
the uncertainty in the estimates of risk for any portion of the
analysis region.

CONCLUSIONS

Software packages for GIS and spatial statistics are useful
toolboxes, but they are not standard methods. Unfortunately,
the rapid increase in the use of GIS has not been accompanied
by a concomitant increase in the use of methods for assessing
the propagation of errors in spatial analyses. Fortunately, good
resources are available on these topics for those who seek them
out. The following do’s and don’ts should help to improve the
credibility of spatially explicit ERAs.

Don’t conflate data and models. Don’t ignore physical bar-
riers or other reasons why spatial correlation may differ in
different locations. Don’t ignore issues of scaling and aggre-
gation. Don’t ignore the progagation of errors in GIS analyses.
Do account for errors in spatial data. Do recognize that in-
terpolation and other steps in an analysis represent models
with specific assumptions. Do use available explanatory data
first, before performing a spatial interpolation. Do use related
data that are sampled more densely to improve interpolated
estimates. Do use maps to communicate information about
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uncertainties in spatial data and uncertainties in spatially ex-
plicit analyses.

Even if we address all of these issues, we should still re-
member that : ‘‘From a scientific perspective, risk assessments
are essentially complex hypotheses, not conclusive or factual
statements’’ [5]. Despite this warning, such analyses may still
be valuable, as summarized by the statement attributed to the
statistician G.E.P. Box: ‘‘All models are wrong, but some are
useful.’’ This manuscript will have served its purpose if it
helps ecological assessors and managers to create models that
are more useful.
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