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Abstract
Context Not accounting for spatial heterogeneity in
ecological analyses can cause modeled relationships
to vary across spatial scales, specifically different
levels of spatial resolution. These varying results
hinder both the utility of data collected at one spatial
scale for analyses at others and the determination of
underlying processes.
Objectives To briefly review existing methods for
analyzing data collected at multiple scales, highlight
the effects of spatial heterogeneity on the utility of
these methods, and to illustrate a practical statistical
method to account for the sources of spatial heterogeneity when they are unknown.
Methods Using simulated examples, we show how
not accounting for the drivers of spatial heterogeneity

in statistical models can cause contradictory findings
regarding relationship direction across spatial scales.
We then show how mixed effects models can remedy
this multiscaling issue.
Results Ignoring sources of spatial heterogeneity in
statistical models with coarse spatial scales produced
contradictory results to the true underlying relationship. Treating drivers of spatial heterogeneity as
random effects in a mixed effects model, however,
allowed us to uncover this true relationship.
Conclusions Mixed effects models is advantageous
as it is not always necessary to know the influential
explanatory variables that cause spatial heterogeneity
and no additional data are required. Furthermore, this
approach is well documented, can be applied to data
having various distribution types, and is easily
executable using multiple statistical packages.
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Introduction
Macrosystems ecology is the study of how biological,
geophysical, and social components interact with one
another across spatial and temporal scales to affect
ecological patterns and processes at macroscales
(Heffernan et al. 2014). The spatial heterogeneity
nested within coarse (i.e. larger) spatial scales
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(Heffernan et al. 2014; Soranno et al. 2014) often
presents challenges to the investigation of macrosystems. Similarly, spatial heterogeneity has long been
acknowledged as a research priority within the field of
landscape ecology (Wu and Hobbs 2002). Given the
vast amount of ecological heterogeneity occurring
across large geographic areas (e.g. Cleland et al. 1997)
and the fact that spatial heterogeneity in ecological
processes can lead to the emergence of unpredictable patterns at coarse spatial scales (Peters et al.
2007), accounting for this heterogeneity is crucial to
improving ecological understanding (Wu and Loucks
1995). It should be noted that spatial scale can refer to
grain size/resolution, extent, cartographic ratio,
among other things (Turner 1989; Wu 2004), but for
the purposes of this paper, spatial scale will be used
only to describe the level of resolution or grain size.
Spatial heterogeneity in the associations between
variables is the uneven distribution of this association,
whether in direction or magnitude, within a given area
(Dutilleul and Legendre 1993). This can occur across
nested geographic sub-regions and across varying
spatial scales (Iannone et al. this issue). As this
heterogeneity can emerge in multiple ways (Wu
2004), how to account for it within the context of
macrosystem investigations is not clear. One way
spatial heterogeneity can arise is due to the fact that a
variable, which influences a response variable at one
scale, may not at another (Hamer and Hill 2000; Wu
2004). For instance, avian species richness is affected
most by forest edge density at the 10-m scale but more
so by normalized difference vegetation index (NDVI)
at the 30-m scale (Bar-Massada et al. 2012). Similar
cross-scale differences determine whether or not the
effects of habitat fragmentation are detected on avian
nesting success (Stephens et al. 2003). This source of
heterogeneity makes it difficult to ensure that all
important variables are accounted for when analyzing
data at spatial scales that differ from those of prior
investigations or of data collection.
Spatial heterogeneity across coarse spatial scales
also creates challenges when trying to make inferences
about ecological phenomena or processes at one
specific spatial scale, from data collected at other
spatial scales (Wiens 1989; Gotway and Young 2002;
Wakefield and Lyons 2010), as is often necessitated in
macrosystem investigations due to data availability.
This challenge has been discussed within the context
of three inter-related issues. The first of which is
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‘‘ecological fallacy’’. This sociological term describes
when one falsely assumes that relationships revealed
from aggregated data (e.g. proportion of a population
in a given area) can be used to make predictions about
the individuals used to devise these aggregated data,
and vice versa (Robinson 1950; Selvin 1958). This
false assumption can lead to errors in the estimation of
relationship magnitude and direction, and in ecological research is termed ‘‘spatial transmutation’’
(O’Neill and Rust 1979; Kling et al. 1991). Changes
in relationship magnitude and direction can also
emerge by simply changing the size of the spatial unit
used when analyzing data collected over large areas.
This statistical anomaly is referred to as ‘‘modifiable
areal unit problem (MAUP)’’ (Openshaw 1983; Jelinski and Wu 1996; Dark and Bram 2007) and is of
particular concern given the increased use of remotely
sensed data for applied ecological research (Wu et al.
1997; Pettorelli et al. 2014). Another aspect of MAUP
is the placement of spatial units, i.e. the ‘‘zone effect’’,
which can also affect the magnitude and directionality
of relationships (Gotway and Young 2002).
Failure to account for the sources of spatial
heterogeneity within statistical models and/or not
analyzing data at appropriate scales may lead to crossscale differences in both relationship direction and key
drivers of ecological processes (O’Neill and Rust
1979; Kling et al. 1991; Levin 1992; McGill 2010;
Azaele et al. 2012; Araújo and Rozenfeld 2014). These
cross-scale contradictions make it difficult to discern
true ecological relationships but nevertheless are
commonplace across ecological investigations. For
example, in the Northeastern United States of America
(USA), the abundance of the bird the Least Flycatcher
(Empidonax minimus Baird & Baird) is found to
negatively influence the distribution of American
Redstart (Setophaga ruticilla L.) territories when
studied using four-hectare plots. However, this relationship becomes positive when examined at the
regional scale (Sherry and Holmes 1988 in Wiens
1989). Similar cross-scale contradictions in correlation directions and magnitudes have also been found in
the study of the relationship between the diversity of
native and invasive species (Shea and Chesson 2002;
Renne et al. 2003; Stohlgren et al. 2003; Taylor and
Irwin 2004; Fridley et al. 2007; Powell et al. 2013,
Iannone et al. this issue) and the relationship between
the abundance of hydropsychid caddisfly larvae and
blackfly larvae (Cooper et al. 1998).
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When contradictory relationships between variables are observed across spatial scales due to spatial
heterogeneity in the association between these variables, it is essential to be able to determine which
relationships best represent reality. Cross-scale contradictions are particularly concerning when conducting analyses at scales that differ from those of data
collection, as is often necessary for analyses of coarse
spatial scales, such as those of macrosystem investigations. Yet, despite a large number of studies
focusing on the effects of different scales on ecological phenomena and processes, and attempting to
address cross-scale contradictions, practical solutions
to this complication are still needed. That is, methods
are needed to determine true relationships in the face
of spatial heterogeneity. Here we review the existing
approaches used to make inferences at scales that
differ from those of data collection, discuss the effects
of spatial heterogeneity on their utility, and then
present how a common, and easily applicable, statistical approach can help to determine the underlying
relationships by helping to account for the spatial
heterogeneity inherent across coarse spatial scales.

Existing methods for cross-scale inference
In this section, we briefly describe some methods for
utilizing data collected at one scale to derive inferences at another and how spatial heterogeneity can
affect the utility of these methods. The methods
described are not exhaustive but rather presented with
the aim of illustrating the complications associated
with trying to account for spatial heterogeneity when
analyzing data from coarse spatial scales and the need
for more widely applicable methods.
The scales at which analyses are performed are
often based on the researchers’ perceptions of nature
(Wiens 1989) and/or driven by the resolution of
available data (Jelinski and Wu 1996). Therefore, the
choice of scale in many multi-scale studies is often
arbitrary (Wheatley and Johnson 2009) and likely to
be suboptimal (Jackson and Fahrig 2015). This is
understandable due to the lack of information available prior to investigations on the scale at which
factors of interest are most influential (Jackson and
Fahrig 2015). One solution in dealing with this issue is
to identify the characteristic scale of response by
modeling the relationship between the response
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variable and explanatory variables of interest, to
determine the scale at which the response variable is
most strongly affected by the explanatory variables.
This approach has been utilized in investigations into
single species responses to habitat abundances (Holland et al. 2004). Many authors (Holland et al. 2004;
Graf et al. 2005; Bradter et al. 2013) have developed
methods to identify the ‘‘ideal’’ scale, but these
approaches are only viable in situations where data
are collected across multiple spatial scales. Furthermore, complications in statistical modeling will likely
arise, as the scale of greatest effect is likely to vary
among model terms (Wu et al. 1997; Wu 2004). This
would necessitate the use of statistical models which
contain multiple explanatory variables each potentially accounting for a distinct layer of spatial
heterogeneity.
Up-scaling or downscaling of existing data is often
of great utility in ecological studies due to data not
being available across all potentially influential spatial
scales (Wheatley and Johnson 2009). With regards to
up-scaling (i.e., using data from finer scales to derive
coarse-scale estimates), the avoidance of erroneous
spatial transmutations is ensured only if there is no
collinearity among explanatory variables, if relationships at finer scales are linear, and if relationships do
not switch from linear to non-linear across scales
(Kling et al. 1991). When these assumptions are not
met and spatial heterogeneity is known to be the sole
source of spatial transmutation, expected values from
nested sub-sections can be used to derive coarse-scale
estimates (Kling et al. 1991). Regardless, these
approaches assume that all important variables are
known, as is the manner in which the effects of these
variables fluctuate spatially.
Downscaling involves making inferences at finer
scales using data obtained from coarser scales. Such
techniques which employ different functions (e.g.
linear, logarithmic and exponential) have been developed and used to downscale landscape metrics using
class-level metrics or fractional land cover abundance
(Saura and Castro 2007; Argañaraz and Entraigas
2014; Frazier 2014). Occupancy curves have also been
used to provide descriptions of a species at finer spatial
scales given data at coarser scales (Azaele et al. 2012).
Likewise, there are other techniques for downscaling
that use statistical relationships, for example, between
species occurrence and environmental factors, to
derive predictions at finer spatial scales (Lloyd and
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Palmer 1998; Araújo et al. 2005; McPherson et al.
2006; Bombi and D’Amen 2012). Although these
methods have been shown to be effective in certain situations, they do not allow for the effects of factors to
vary across different spatial scales nor are they able to
account for the absence of information on, or knowledge of, explanatory variables that have strong
influence on the response variable. Therefore, downscaling and up-scaling approaches cannot ensure the
resolution of contradictory cross-scale results.
In more recent developments, hierarchical Bayesian models (HBM) have been used as an alternative to
other downscaling techniques (Keil et al. 2013). This
method is particularly useful if one needs to make use
of data of different scales. It assumes that the scales of
data are nested and defines the model through a
hierarchy; that is, given the data of a coarser scale, data
of a finer scale follow some statistical model. However, HBMs suffer similar limitations as other aforementioned methods in that they are unable to account
for missing explanatory variables that have strong
influence on the response variable.

A viable statistical approach
When analyses of data of different spatial scales lead
to contradictory findings, it is problematic to interpret
the results because of the risk of arriving at incorrect
conclusions. From a statistical point of view, the
contradiction means that the fitted models are an
insufficient representation of the underlying ecological process or processes. This poor representation
may be due to the model structure being inappropriate
or inadequate. An example of this would be the
inclusion of only linear terms in a model that should
also contain higher orders, such as squared terms. It
can also be due to the absence of explanatory
variables that significantly impact the modeled
response variable. It may also be due to both poor
model structure and missing variables. Poor representation of an ecological process is generally remediable if the model structure is simply not specified
correctly and data needed to resolve this problem are
available. This problem, however, becomes difficult
to resolve when important explanatory variables are
not included in the model due to them being unknown,
or due to the data for these variables being either not
collected or unavailable.
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Spatial heterogeneity is known to be a potential
contributing factor to the scaling issue (McGill 2010).
Strictly speaking, there must be spatial variables that
cause the spatial heterogeneity. In reality, however, we
just do not know all the possible variables contributing
to the spatial heterogeneity in an ecological process
occurring within course geographic areas. Consequently, spatial heterogeneity is frequently only
partially accounted for in statistical models. Therefore, an important and interesting problem is how to
account for the factors which drive spatial heterogeneity in a given ecological process without explicitly knowing all the contributing factors. This issue is
particularly pertinent to macrosystems research given
that the factors affecting a specific ecological process
may vary spatially within a given study region. We
believe that the solution relies on either novel
statistical approaches or on the novel application of
existing approaches.
To account for the spatial heterogeneity that our
observed variables do not represent, it is sensible to
treat the spatial heterogeneity as driven by latent
random variables. Latent variables are variables that
are not directly observed but can be assessed indirectly
using proxy variables. Spatial heterogeneity, for
example, cannot always be measured explicitly and
in such cases, sub-divisions of the larger geographical
area which are known to contain fairly homogenous
ecological conditions can be used as a proxy for the
direct measurement of spatial heterogeneity. Therefore, to account for the factors which drive spatial
heterogeneity that our observed models do not represent, it is sensible to treat the factors as driven by latent
random variables. There are various statistical models
developed to handle latent random variables of which
mixed effects models and random fields are the two
most popular (Laird and Ware 1982; Cressie 1993).
Next, we construct two examples to illustrate the
points we made in the previous paragraphs. Specifically, the objective of these examples is to show
(i) that failing to account for the key variables which
drive the spatial heterogeneity in the association
between two variables can result in contradictory
findings, and (ii) a remedy to reconcile the contradictory results.
The method presented may be applied to any
missing variable. If this missing variable could be
measured (such as latitude), then a simple remedy
exists—that is, we need only to add that variable to the
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model. However, as is often the case, the missing
variables cannot be measured or identified. In such
instances, it is impossible to include these variables,
and surrogates have to be sought to offset the effects of
the missing variables. We treat these variables as
random and apply statistical approaches to analyze
them.

contradiction will occur once b2/a1 [ b1. However, if
the model is fitted at a finer scale where the Z is
approximately constant, the slope of the relationship
between temperature and Y will be negative. This is
because, with Z being constant, Model (3) is now a
better approximation of the ecological processes being
modeled.

A misspecified model

Contradictory results of analysis of data
of different scales

In what follows we will assume that the size of the
sampling unit is relatively small compared to the total
sampling area, or study region, and hence can be
treated as a single point. Suppose our response
variable, the abundance of a given plant species (Y)
comes from the following statistical model
Y ¼ b0  b1 Tmp  b2 Z þ eY

ð1Þ

where b0, b1, b2 [ 0, temperature (Tmp) is an
explanatory variable that is negatively correlated with
Z, an unknown variable with linear latitudinal gradient, and ey captures the unexplained variability in the
dataset and is assumed to be normally distributed, i.e.

eY  N 0; r2Y . More specifically, we assume temperature relates to Z as stated in Eq (2):
Tmp ¼ a0  a1 Z þ eTmp

ð2Þ


where a0, a1 [ 0 and eTmp  N 0; r2Tmp :
Suppose the following model is fitted to the data at
both coarser and finer scales, where temperature is the
only explanatory variable and Z is missing from the
model, either because a researcher does not know of its
importance or because of data unavailability:
Y ¼ b0 þ b1 Tmp þ e

ð3Þ

where e is again an error term with mean 0. This fitted
model is a misspecified model because the important
variable Z is missing. When this model is fit to a
dataset for the entire study region, the coarsest
possible scale, the relationship between temperature
and Y (i.e. b1) is determined to be positive, a
contradictory result. This occurs because Z can be
written in terms of temperature to give
Z¼


1
a0  Tmp þ eTmp :
a1

To further illustrate how contradictory relationships
between two variables can emerge across spatial
scales due to the absence of an important, but
potentially unknown, explanatory variable, and how
to remedy this scaling issue, we simulated a data set
from Model (1) with the pre-chosen set of parameter
values: a0 = 325, a1 = 0.4, b0 = 300, b1 = 0.35,
b2 = 0.85 and r2Tmp ¼ 0:5; r2Y ¼ 0:01. We generated
independent observations at 2000 sampling locations
uniformly distributed in a rectangular area having a
latitudinal range of 35°–41° and a longitudinal range
of 70°–80° as displayed in Fig. 1. The region was
divided into six latitude bands as it is believed that the
association between temperature and Y is fairly
homogeneous within each band and the divisions are
ecologically meaningful.
If we use this simulated data to fit the misspecified
Model (3) across the entire study region, i.e. the square
in Fig. 1, we get a positive estimate of the slope for the
relationship between temperature and Y (b1 =
0.66 ± 0.02; estimate ± se) as shown in Fig. 2. This
is a contradiction because the relationship between
temperature and Y is negative (see Model (1)).
However, if we fit Model (3) within each of the six
latitude bands (i.e., at the finer scale), we get negative
slope estimates within each of the six bands. Again,
this contradiction (illustrated in Fig. 2) is because at
the finer scale, Z is close to a constant and has little
effect on Y, whereas at the larger spatial scale it has a
greater effect, but is unaccounted for; thus the model is
misspecified at the coarser spatial scale.
A remedy through a mixed effects model

ð4Þ

Substituting Eq. (4) for Z in Eq. (1) results in the
slope coefficient b1 being equal to b2/a1 – b1. The

Mixed effects models are made up of two main parts—
fixed and random effects. The explanatory variables
which are associated with the entire population can be
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Fig. 1 Simulated sampling
locations: 2000 sampling
units within in a rectangular
area (latitude 35°–41° and
longitude 70°–80°). The
area is divided into six
latitude bands represented
by different colors. (Color
figure online)

Fig. 2 Scatter-plot of Y
versus temperature (Tmp)
indicates a positive
relationship at the coarser
scale and a negative
relationship at the finer
scale. Subplots display the
scatter-plot of a smaller
region (approximately 0.15°
latitude band). Each color
represents a single latitude
band with the same color
scheme as Fig. 1. (Color
figure online)

considered fixed effects. The random effects part of
the model allows us to account for the important, but
perhaps unknown, factors that drive spatial heterogeneity in the ecological processes being modeled
(Laird and Ware 1982). We can achieve this by
dividing larger study regions into smaller sub-regions
each with independent random slope and intercept
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estimates for the modeled ecological process (Buckley
et al. 2003).
In this particular example, we know that such a
discrepancy is caused by the fact that Z, which has a
significant relationship with the response variable, is
not accounted for in the fitted model of the larger
geographic area (Model (3)). In reality, however, we
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may not know which significant variable is ignored in
the fitted model. Statistically we may treat the effects
of the missing explanatory variable or variables as
random. This will result in a mixed effects model
which has, to some degree, the advantage of accounting for the effects of the missing, yet important,
explanatory variables. Another advantage is that no
additional data are needed to fit the model.
To illustrate these benefits, we re-fit our simulated
dataset using a mixed effects model that subdivides our
geographic region into six sub-divisions, each having
independent intercept and slope estimates for the
relationship between temperature and Y. Furthermore,
the model ignores data on Z. This model allows us to
account for the heterogeneity in the ‘unknown’ effect
that Z has on Y, resulting in a more consistent relationship
across spatial scales. This is modeled as follows:
Yij ¼ ðb0 þ B0i Þ þ ðb1 þ B1i ÞTmpij
þ eij
1  i  I; 1  j  J

ð5Þ

where I is the number of sub-regions that the larger
geographic area is divided into, and Yij denotes the jth
observation of the response variable in sub-region i, and
Xij the jth value of the explanatory variable in subregion i. Furthermore, B0i and B1i are the intercept and
slope estimates, respectively, for sub-regions 1 through
I, both of which are assumed to be identically and
independently (i.i.d) normally distributed and with
mean zero and variance equal to r20 for the intercepts
and r21 for the slopes. Model (5) therefore assumes that
slopes and intercepts vary from one region to another,
hence accounting for the possible unknown variables
that may drive spatial heterogeneity.
We refit our simulated data using a mixed effects
model using the lmer function in the package lme4 in
R (Bates et al. 2014; R Core Team 2014). The estimate
obtained from this model for the relationship between
temperature and Y is now negative (b1, is -0.28494)
and therefore in agreement with our actual data (see
Model (1)). In addition, this model can be utilized to
produce sub-regional estimates for the ecological
process being modeled. For example, for our simulated
dataset, the random slope estimates for each of the
six geographic sub-regions are 0.00418, -0.00250,
-0.00082, 0.00081, 0.00250 and 0.00419. Adding
these random effects values to the estimate of the fixed
effect (b1,) will give sub-region level slope estimates,
which are -0.28902, -0.28734, -0.28566, -0.28403,

-0.28234 and -0.28065. At the finer scale, a negative
correlation between temperature and Y is also correctly
revealed.
Although the estimated values for the association
now have the same direction as the true value (b1) and
the magnitude of the relationship is close to the true
value, the confidence interval of the estimate does not
include b1, as shown by the standard error bands in
Fig. 3. It should be noted, however, that as number of
sub-divisions increase, the closer the estimate gets to
the true value and the confidence intervals are not only
smaller, indicating greater precision, but also they
include b1. There also seems to be some optimal point,
where an increase in the number of bands does not
increase the precision of the estimate or change the
value of the estimate significantly. This is evidenced
by the estimates for 25 and 49 sub-divisions not
differing much from each other and the size of the
error bands being similar (Fig. 3).
To demonstrate that this remedy may also work in
more complex situations, let us now extend our
illustration and suppose that our response Y comes
from the following model
Y ¼ b0  b1 Tmp þ b2 Precip  b3 Precip2 þ b4 Z
þ eY
ð6Þ
where b0 = 300, b1 = 0.35, b2 = 0.25, b3 = 0.01,
b4 = 0.85, Z is, as before, an unobserved variable with

Fig. 3 Plot of estimates for b1 (and their respective standard
error bars) for different numbers of sub-divisions of the study
region. The red dotted line represents the true value of b1. (Color
figure online)
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a linear latitudinal gradient and eY  N 0; r2Y . Temperature (Tmp) is related to Z in the same way as
before (Eq. 2) and Precip, a variable with values that
mimic the monthly precipitation of the given region,
has a quadratic relationship with Z as stated in Eq. (7):
Precip ¼ c0  c1 Z þ c2 Z 2 þ ePrecip

ð7Þ

where c0 = 1570, c1 = 77, c2 = 1 and ePrecip is an
error term centered at 0 with variance r2Precip ¼ 1. In
this case, both temperature and Precip are dependent,
as they are both functions of the latent variable Z.
As with our previous illustration, suppose that the
following model is fitted to the entire study region at
the coarsest possible scale:

Y ¼ b0 þ b1 Tmp þ b2 Precip þ b3 Precip2 þ e

ð8Þ

where e is an error term with mean 0. The slope
estimates for b1 and b3 are both positive, while the
slope estimate for b2 is negative (Fig. 4—number of
sub-divisions = 1). These results are contrary to the
true values of each parameter, that is, temperature and
the squared Precip terms should have negative values,
while the linear Precip term should be positive (Model
(6)). The following mixed effects model was used to
model the data, again using latitude bands as a proxy
for the missing latent variable Z:
Yij ¼ ðb0 þ B0i Þ þ ðb1 þ B1i ÞTmpij þ ðb2
þ B2i ÞPrecipij þ ðb3 þ B3i ÞPrecip2ij
þ eij 1  i  I; 1  j  J

ð9Þ

where B0i is the random intercept estimates and B1i,
B2i and B3i are random slope estimates for subdivisions 1 to I. As before, these are all assumed to be
normally distributed and centered at zero with their
respective variances. This mixed effects model is also
able to recover the ‘true’ relationship and magnitude
from our data. Additionally, the behavior of the
parameter estimates in this illustration are similar to
those for the univariate example; they become more
precise and closer to the true direction and magnitude
as the number of sub-divisions increase (Fig. 4).

Discussion

Fig. 4 Plot of estimates for b1, b2 and b3 (with their respective
standard error bars) for different numbers of sub-divisions of
the study region. The red dotted line in each panel represents the
true value of b1, b2 and b3 respectively. (Color figure online)
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When the variables which drive spatial heterogeneity
are unaccounted for, analysis conducted at different
spatial scales can lead to contradictions between the
results. This is of particular concern for macrosystems
investigations, as the amount of spatial heterogeneity
inherent to large geographic areas is considerable and
the factors contributing to this heterogeneity in a given
ecological process are likely to vary spatially. It is
therefore vital to be able to decide which result best
represents reality or better yet to be able to reconcile
the resulting contradiction. It has been highlighted in
numerous investigations (e.g. Levin 1992; McGill
2010; Azaele et al. 2012; Araújo and Rozenfeld 2014)
that spatial heterogeneity can contribute to the scaling
issue and failing to account for the key sources of
heterogeneity found across large study areas, or doing
so inappropriately, may result in cross-scale contradictions in findings (Kling et al. 1991; Jelinski and Wu
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1996). The simulated examples in this paper corroborates this point.
Our simulations further showed how accounting for
the unknown sources of spatial heterogeneity, by
treating sub-regions as random effects via the use of
mixed effects models, can help to alleviate this
concern by uncovering the relationship directions that
are most likely correct regardless of scale of inference.
The effectiveness of this method is due to the fact that
the spatially heterogeneous effect of the latent random
variable is absorbed into the random effect terms
within the model. This outcome has some important
practical implications for investigations of ecological
process across large spatial scales. First, it reveals an
approach that is not only effective, but also easily
understandable and accessible. Mixed effects models
are well documented and frequently utilized in
ecological research (e.g. Faraway 2006; Zuur et al.
2009). These statistical models are also easily executable in leading statistical software packages [e.g.
the R statistical language has two separate packages
for constructing mixed effects models (Pinheiro et al.
2013; Bates et al. 2014)]. Finally, this easily assessable
method can facilitate the analysis of remotely sensed
data on which ecologists increasingly rely to derive
broad scale understanding of applied importance (Wu
et al. 1997; Pettorelli et al. 2014); but see comments
below regarding MAUP.
Although mixed effects models have been
employed in many applications to account for spatial
heterogeneity, the extent to which a mixed effect
model is effective is very hard to define. Therefore, it
remains to be seen how broadly applicable the mixed
effects model is in macrosystems ecology. The key
objective of this paper is to show that it can be a very
effective approach to account for spatial heterogeneity
due to unknown sources.
Although the model presented assumes normality
which is not valid for many types of ecological data,
current statistical advancements are increasing the
utility of mixed effects models even further. These
models are now being extended to data having nonnormal distributions via generalized linear mixed
effects models (GLMMs) (Faraway 2006; Zuur et al.
2009), which are again increasingly available in
popular statistical packages (e.g. Bates et al. 2014).
Mixed effects models can also be used to model the
variables that drive spatial heterogeneity that exhibit
more complex spatial patterns than that described via
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the differentiation of discrete random spatial units.
These patterns can be described by a covariance
function in geostatistics and statisticians have
employed geostatistical methods to analyze data of
different scales, also called data of different support
(e.g., Gotway and Young 2007). Unfortunately, at this
time not all statistical software can address this level
of complexity [e.g. the R library lme4 does not handle
spatial correlation (Bates et al. 2014)]. Another
extension is to consider non-normal distributions for
the random effects in the mixed effects model.
Currently, in most mixed effects models, the random
effects are assumed to have a normal distribution.
Non-normal and skewed distributions of random
effects could be considered when needed, including
a skew-normal distribution (Zhang and El-Shaarawi
2010). Like complex spatial patterns, the expansion of
mixed effects models to include non-normal and
skewed distributions of random effects is currently not
easy to achieve in most statistical packages.
One challenge not addressed by our investigation is
how to determine the scale that best captures spatial
heterogeneity in a given ecological process across
large geographic areas. After all, the magnitude and
direction of relationships can vary greatly with the size
of spatial units used in analyses (Jelinski and Wu 1996;
Dark and Bram 2007). Subsumed within this challenge
is the determination of the optimal number of subdivisions required to recover the true magnitude and
direction of the association being investigated. The
results of the two illustrations presented in this paper
show that after a point there is very little increase in the
precision and the accuracy of the estimated associations. The existence of this issue of MAUP reveals the
need for careful consideration when selecting the size
of areas being treated as random effects (i.e., proxies
for the units of spatial heterogeneity). One straightforward approach is to utilize ecologically meaningful
spatial units (Fotheringham 1989). The use of these
units may not only assist in guarding against the scale
effect but also the zone effect associated with the
MAUP. The ecological sub-regions of the USA
(Cleland et al. 1997, 2007) currently used by Iannone
et al. (this issue) to account for spatial heterogeneity
within the contexts of macroscale forest plant invasions is an example of such units. When such units are
unknown, one can attempt to find the scale at which
inter-regional variation in explanatory variables is
minimized (Openshaw 1977) or conduct sensitivity
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analyses to determine the extent to which MAUP
affects results (Jelinski and Wu 1996). When multiple
variables are being investigated, however, the optimization of inter-regional variability may not be
possible (Fotheringham and Wong 1991) and sensitivity analyses may become overly complex to properly interpret (Jelinski and Wu 1996). Although model
selection for linear mixed effects models is not
straightforward (Vaida and Blanchard 2005; Greven
and Kneib 2010; Müller et al. 2013), one advantage of
the mixed effects model is that an increase in the
number of sub-divisions does not lead to a loss in the
degrees of freedom available to estimate the parameters in the model because the sub-divisions are
modeled as random effects and not fixed effects.
We note that no statistical approach is universally
applicable. The mixed effects model may provide
improvement of statistical analysis in many applications, but it should not be expected to always resolve
multiscale issues. Therefore, one must be sure that the
random effects that they utilize are in fact those that
best capture influential spatial heterogeneity. Notwithstanding, the work presented here is a good starting
point and will have implications for modeling ecological processes at macroscales given the absence of
understanding of the factors that lead to spatial
heterogeneity in that process. By helping to identify
the actual directionality and magnitude of ecological
relationships, mixed effects models have the potential
to contribute greatly to the understanding of how
nested spatial variability in a given ecological processes contributes to the same process at large spatial
scales, and in doing so offer a practical and reliable
tool for macrosystems ecology.
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