
Chapter 3
The Problem of Ecological Scaling in Spatially 
Complex, Nonequilibrium Ecological Systems

Samuel A. Cushman, Jeremy Littell, and Kevin McGarigal

In the previous chapter we reviewed the challenges posed by spatial complexity and 
temporal disequilibrium to efforts to understand and predict the structure and dynamics 
of ecological systems. The central theme was that spatial variability in the environment 
and population processes fundamentally alters the interactions between species and 
their environments, largely invalidating the predictions of ideal models of community 
structure and population processes. In addition, we argued that temporal variability 
enormously amplifies the challenge of prediction, by altering and reversing species–
species and species–environment relationships over time. Typically these fluctuations 
do not occur globally across space in synchrony; rather change in time is spatially 
dependent on location in the environment, and thus interacts in highly complex and 
nonlinear ways with spatial heterogeneity in influencing ecological processes. Given 
these challenges, we proposed focusing on the interactions between species and their 
immediate environments in the context of current and past conditions. However, given 
critical sensitivity of ecological processes to spatial and temporal factors, it is also nec-
essary to consider their action within the context of a broader landscape of conditions, 
constraints and drivers. This therefore seems a catch-22, with fine-scale understand-
ing of process required at the scale where ecological entities (e.g. organisms) directly 
interact with each other and their environments, and also integration of these fine-
scale processes across complex and temporally varying broad-scale environments. 
This challenge fundamentally relates to scale and scaling ecological processes.

One of the challenges that oft plagues efforts to discuss and integrate concepts 
related to multiple-scale analysis is inconsistency and contradiction of terminology 
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and the resulting confusion of meanings (Allen and Hoekstra 1992; Schneider 1994; 
Peterson and Parker 1998). In this chapter we discuss concepts of scale and 
concepts of hierarchy, and how they are related in the context of ecosystems within 
landscapes. In our usage, scale is a metric spatial or temporal attribute. It is a 
continuous property of observation defined by units of length, area, volume or time. 
For our purposes we focus on two key attributes of scale, Grain and Extent. Grain 
refers to the resolution of the data in terms of the smallest increment of measurement. 
Temporal grain can be measured in seconds, minutes, hours, etc. Spatial grain can 
be measured in length (m), area (m2), or volume (m3). The grain defines the finest 
resolution of measurement and thus the finest resolution of patterns that can be 
described in the data. The extent refers to the temporal or spatial span of the data. 
Temporal extent refers to the duration of time at which sampling occurs. Spatial 
extent refers to the length, area, or volume over which sampling occurs. Extent 
defines the domain in space or time for which data are available and thus the scope 
of the inferences that can be drawn from them.

Scale refers to a continuous property measured in common units, and therefore 
is not a discrete property defined by levels in the ecological hierarchy. There is 
no constant plot scale, patch scale, or landscape scale. Plots, patches or land-
scapes may be represented in different scales, but they are not scales themselves. 
Often researchers are interested in relationships among things, such as organisms, 
populations, communities, stands, and landscapes. These things can be arranged 
in hierarchies to organize thinking and facilitate analyses. In our usage we discuss 
hierarchical levels of system organization based on forest ecosystem organization. 
The levels we include are (1) organism, (2) stand, (3) landscape, (4) eco-region, (5) 
biome, (6) planet. These categories were chosen because they reflect the major tra-
ditional way of conceptualizing forest ecosystems (Turner et al. 2001). This organi-
zational hierarchy is one of convenience and provides a reference framework for 
discussing entities and relationships among them. One beneficial characteristic of 
this organizational hierarchy is its nestedness. Conceptually, stands are composed 
of organisms, landscapes are composed of stands, ecoregions are composed of 
landscapes, etc. A key attribute of organizational levels, as opposed to scale, is that 
as organizational level changes, the thing itself is changing – stands are not biomes. 
However, moving from organism to stand, the entities, processes and structures of 
interest change; the variables measured change; the required scale of measurement 
changes both in grain and extent. In this chapter, we recognize that the size of land-
sacpes varies with the organism(s) of interest,  so we use the term “landscape scale” 
generally – and consistently – to refer to the scales of mechanism and response that 
are required to understand landscape pattern and evolution, particularly with regard 
to organisms and their environments. 

The fact that measurements change across scale is a challenge to ecology. It is 
difficult to translate relationships from one scale to another. A much greater challenge, 
however, is translating relationships from one organizational level to another. 
When one only changes scale, the thing being measured is unchanged. All that is 
changed is the grain and/or extent over which it is measured. In contrast, when one 
changes levels, one simultaneously changes scale, but also changes the apparent 
entities being measured and the apparent processes governing their behavior (Fig. 3.1). 
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Linking relationships across levels of organization therefore faces three simultaneous 
challenges: (1) change in scale, (2) change in entity, and (3) change in processes.

The purpose of this chapter is to explore the challenge of integrating the ecologi-
cal pattern-process relationships across space and through time, and the roles that 
ecological scale and scaling serve in that effort. Despite much effort, there has been 
limited success in simultaneously traversing scale and hierarchy from fine scale to 
large scale and vice versa. Moving upward in ecological hierarchy from individual 
trees to stands to basins and landscapes, apparent ecological patterns change, as 
to the apparent relationships between patterns and processes (Wiens 1989, Levin 
1992), and the scales of measurement appropriate in one may fail to capture the 
important processes in another. The cost of sampling very large geographical areas 
at a fine grain is prohibitive, and methods of integrating these fine grain data to 
produce broad scale predictions are challenging (King 1991, Rastetter et al. 1992, 
Schneider 1994). Moving downward in hierarchy from continents and ecore-
gions to landscapes and watersheds, broad scale relationships between regional 
climate, vegetation community structure, and disturbance processes become less 

Fig. 3.1 Traditional hierarchical model of ecosystem organization. The system is characterized 
by a nested or partly nested series of levels. Each level occupies a distinct portion of the space–time 
scale space. Also each level consists of different entities, defined in part by the definition of that 
level of organization. There thus is simultaneous change in scale in both space and time and change 
in entities considered as one moves through a hierarchical model of ecological systems. When 
processes change across scale we face a challenge of translating the effects of a process on the entity 
at one scale to the effects of a different process on the entity at another scale. When entities change 
across scale we have the challenge of linking entities at lower levels of organization to aggregate 
properties of entities at higher levels. When both entities and processes change it is intractably 
difficult to rigorously predict relationships between entities and driving processes across scale. 
Combination of differing process and changing entity is a fundamental obstacle to understanding
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coherent(Turner et al. 2001, Baker 2003). This is because variance due to local 
spatial and temporal heterogeneity becomes small relative to variance due to major 
exogenous forcings such as climatic drivers. However, downscaling to landscapes 
and watersheds, the details of the spatial structure of the landscape (e.g., topogra-
phy, soils, historical events such as disturbance and succession) become critical 
(Baker 1995). At the scale of forested landscapes, it is logistically and analytically 
intractable to extend fine-scale mechanistic relationships between individual organ-
isms and their environments across space and time, and, simultaneously, regional 
and continental scale relationships between climate and productivity and life-form 
lose explanatory power due to increasing spatial and temporal variance. 

The reason that understanding ecological mechanisms and responses on 
landscapes is so challenging is rooted in scale: downscaling fails to capture the 
spatial and temporal contingencies that affect local responses, but integration of 
local processes does not neatly add up to landscape dynamics. Unfortunately, 
landscape evolution is fundamentally driven by time-variant, meso-scale inter-
actions of endogenous and exogenous mechanisms, and so the variation in abiotic 
and biotic dynamics central to understanding current conditions and projecting 
future conditions is in this middle-number domain (Cushman et al 2007). This 
is fundamentally different than merely contrasting fine scale and coarse scale. 
Fine scale relationships are tractable because they isolate relationships between 
ecological mechanisms and organisms at scales in space and time where it 
is possible to control variation through sampling and experimental designs. 
For example, ecological experiments at the site or stand level obtain reliable 
inferences through replication and control (McGarigal and Cushman 2002). 
Replication and control ensure reliable site level inferences by statistically isolat-
ing patterns and processes at the site level from patterns and processes at other 
scales. This enables inferences at one scale, but disables inferences from that 
scale to be extended to other scales.

At broad scales, spatial and temporal variation in pattern and process are small 
relative to fine grain patterns of some ecological responses such as net primary 
production, carbon storage, life-form distribution. However, these relationships are 
unable to provide reliable inferences at landscape scales for several reasons. First, 
at landscape scales the spatial and temporal variance of ecological patterns is gener-
ally high due to interactions between biophysical gradients, vegetation gradients, 
and disturbance processes (Cushman et al. 2007). The increase in spatial and tem-
poral variance at landscape scales makes inferences based on broad-scale patterns 
unreliable. Second, the parameters addressed in broad scale work are rarely those 
most pertinent at the landscape scale. Broad scale studies typically focus on ques-
tions such as global range limits for life-forms or species, net primary production, 
and carbon storage. Most research at landscape scales focuses on questions such as 
rates and patterns of disturbance processes and how they interact with landform and 
existing vegetation, distributions and abundance of species with respect to environ-
mental gradients and disturbance history, and growth and regeneration of species 
across the landscape with respect to biotic and abiotic gradients. Such questions 
cannot be tackled using broad scale generalizations. 
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The structure of landscapes in terms of topography, soils, and existing biotic 
communities interacts with regional climate to create complex spatial patterns of 
biophysical gradients (Whittaker 1967, Fig. 3.2). These spatial patterns fundamentally 
influence the ecological processes occurring across the landscape (Turner 1989). 
The feedback between pattern and process across landscapes is not a statistical 
nuisance to be averaged away by aggregation to a higher organizational level, 
but is fundamentally important to understanding relationships between ecological 
mechanisms and responses (Wiens 1989; Levin 1992; Schneider 1994). The details 
of landscape structure influence relationships between forest ecosystems, climate 
and disturbance regimes in complex and interacting ways (Cushman et al. 2007). Fine 
scale environmental structure has strong influences on species distributions, 
dominance, and succession (Whittaker 1967; Tilman 1982; ter Braak and Prentice 1988). 
The biophysical context of a location within a landscape also strongly influences 
growth rates and regeneration (Bunn et al. 2003, Bunn et al. 2005). Furthermore, 
the probability of different kinds of disturbances (Risser et al. 1984; Runkle 1985; 
Baker 2003), and patterns of recovery from disturbances (Finegan 1984; Glenn and 
Collins 1992) are strongly dependent on the pattern of environmental variation 
across the landscape.

Temporal variation in ecological conditions across space is also fundamentally 
important to many ecological processes (Turner 1989). Seasonal to interannual 

Fig. 3.2 One of the major themes of modern ecology is that each organism exists within a limited 
range of conditions which satisfy its ecological niche. This zone of “ecological space” can be projected 
onto the physical environment, producing spatial depiction of the quality of each location for 
each individual species. The interactions between multiple ecological attributes at a variety of scales 
in space, plus fluctuations in time, with the ecological tolerances and requirements of each member 
of the biotic community are fundamental drivers of ecological system composition and process
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variation in populations, disturbances and climate cause the complex biophysical 
structure of landscapes to also change continuously through time. Thus, forest 
landscapes are fundamentally disequilibrial. Conditions continually change through 
both space and time, and biotic responses are always responding in kind, and 
usually lagging. Biophysical conditions change through time with drifting climate, 
species invasion and succession, and the type, extent, frequency and severity of 
past disturbances (Peet and Loucks 1976; Pickett 1980). Long-lived trees usu-
ally survive short-term climatic fluctuations, and species best adapted to current 
climate may colonize only following disturbance (Dunwiddie 1986). Thus, present 
biophysical conditions and disturbance regime and may not explain forest structure 
established earlier (Clark 1990). In contrast, disturbances serve to maintain com-
munity structure and ecosystem function in many ecological systems by preventing 
progress toward equilibrium (White 1979; Mooney and Godron 1983; Sousa 1984; 
Glenn and Collins 1992; Collins et al. 1998).

3.1 Scaling Ecological Knowledge

Most ecological research has focused at the level of organisms and the scale of their 
direct interactions with immediate ecological conditions (Kareiva and Anderson 
1986). This is a fundamentally important scale (Wiens et al. 1993; Schneider 1994). 
However, many of the phenomena of interest to managers, conservationists and 
scientists appear at broader scales in space and time (Kareiva and Anderson 1986) 
and it is essential to extend understandings from fine scales in space and time to 
wider contexts (Shugart et al. 1988; Jeffers 1988). As a result, nearly all ecological 
analyses entail up-scaling from measured to expected values (Schneider 1994).

Scaling ecological processes up to predict phenomena at broader scales in space 
and time is one of the fundamental challenges in ecology (Levin 1992; Wiens 
et al. 1993; Schneider 1994). There are several issues that complicate the effort. 
First, translation across scales should simultaneously consider changes in both 
spatial heterogeneity and temporal scale (Risser 1986, 1987; Rosswall et al. 1988). 
Second, extrapolation across scale domains often involves transmutation (O’Neill 
1979; Chesson 1981) where the relationships between patterns and processes 
change qualitatively. These nonlinearities preclude deriving patterns at a given 
scale by some simple function that amalgamates average values from observations 
at a finer scale (Gardner et al. 1982; Cale et al. 1983; Welsh et al. 1988; King 1991). 
Third, up-scaling usually involves changes in the organizational-level of observa-
tion and inference, for example from organisms to stands, stands to landscapes or 
landscapes to regions. Moving across organizational levels changes the grain and 
extent of observations in space and time, as well as the entities observed, variables 
measured and the processes governing phenomena (Cushman et al. 2007, Fig. 3.1). 
Thus, scaling involves up to six simultaneous problems: (1) changes in spatial 
extent, (2) changes in spatial grain, (3) changes in temporal duration, (4) changes 
in temporal grain, (5) changes in entities measured or predicted, (6) changes in 
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variables measured or predicted, and (7) changes in the processes linking entities 
and variables.

A number of approaches have been suggested for translating ecological 
relationships across scales (Gates 1985; King 1991; Rastetter et al. 1992; Wiens 
et al. 1993; Schneider 1994; McGarigal and Cushman 2002). Methods exist to either 
downscale (Gates 1985) from coarser to finer scale, or upscale from fine-scale data 
to coarser scale predictions (King 1991; Rastetter et al. 1992; Wiens et al. 1993, 
Fig. 3.3). Downscaling (Gates 1985) from continents and regions to landscapes 
and basins, the broadscale relationships between regional climate, vegetation com-
munity structure and disturbance processes become unstable (Baker 2003). This is 
because at very large scales variance due to local heterogeneity in conditions in 
space and time becomes small relative to variance due to major climatic drivers. 
However, as you downscale to landscapes and basins, the details of the spatial 
structure of the landscape in terms of topography and soils becomes critical, as 
do historical events such as disturbance and succession, and the spatio-temporal 
interplay between them (Baker 1995). At landscape scales it is logistically and 
analytically challenging to extend fine-scale mechanistic relationships between 
individual organisms and their environments across space and time, and, simultane-
ously, regional and continental scale relationships between climate and productivity 
and life-form lose explanatory power due to increasing spatial and temporal 
variance. For example, temperature and precipitation patterns are predicted by global 
simulation models have spatial resolution of 1–2°. However, precipitation and 
temperature vary substantially at much finer scales, and this variability is important 
to local ecological processes (Lynn et al. 1995; Kennedy 1997; Russo and Zack 
1997; Turner et al. 2001).

While downscaling is a critically important challenge, most attention has 
focused on methods to infer aggregate properties of entities at higher organizational 
levels from the characteristics and interrelationships of entities at a lower level (e.g. 
King 1991; Rastetter et al. 1992, Fig. 3.3). Because of the difficulty of addressing 
large numbers of fine-scale components individually they are usually aggregated 
and treated collectively (Rastetteter et al. 1992). This kind of upscaling estimates 
properties of aggregates by averaging, integrating or otherwise combining informa-
tion about the entities at a lower level of organization (Rastetter et al. 1992; Turner 
et al. 2001). The challenge is that aggregates generally do not behave the same way 
as the fine-scale components comprising them (O’Neill 1979). Translation from 
fine to coarse scale usually involves both an increase in extent and aggregation to 
coarser grain (Allen et al. 1984; Meentenmeyer and Box 1987; King 1991). These 
efforts are explicitly hierarchical and involve changes in both scale and organiza-
tional level, and thus changes in grain and extent, as well as in the entities, variables 
and processes being addressed (O’Neill 1988; Rastetter et al. 1992).

Rastetter et al. (1992), King (1991), and Schneider (1994) review methods 
for upscaling to aggregate properties. These authors discuss the strengths and 
limitations of several methods to up scale to aggregates including: (1) lumping, (2) 
extrapolation by expected value, and (3) calibration. Lumping (King 1991) refers to 
the process of estimating the mean value of a parameter for an aggregate by averaging 
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over a sample of finer scale entities. The mean, or lumped value, is then used to 
represent large-scale aggregate expression of the finer-scale phenomena. Lumping 
assumes that the coarser scale aggregate is equivalent to the average finer-scale 
entity. This only holds if equations describing the system are linear (King 1991; 
Rastetter et al. 1992). This is rarely the case in ecological systems. Aggregates 
typically do not behave as simple multiples of their components (Schneider 1994), 
due to nonlinear interactions (Levin 1992; Rastetter et al. 1992; Bazzaz 1996; 
Reynolds et al. 1993). Lumping often produces biased predictions because it does 
not account for variability in the scaling process and ignores nonlinear changes 
in variable of interest with scale (Rastetter et al. 1992; Turner et al. 2001). Also, 
the interaction between sample density, spacing and spatial covariance among 
parameters influences the predictions. This may result in predictions inconsistent 
with those that would occur at another scale (Schneider 1994). However, statisti-
cal up scaling works reasonably well for quantities which do not interact spatially 
and can be related to attributes that can be measured remotely (Turner et al. 2001). 
Aggregation by lumping often involves inappropriate application of fine-scale 
relationships to predict aggregate properties, and is an example of the “fallacy of 
the averages” (Wagner 1969; Rastetter et al. 1992).

The statistical expectation operator is a theoretically attractive approach to 
transform fine-scale functions into coarse-scale functions (King 1991; Rastetter et al. 
1992). The expectation operator works by quantifying variation among fine-scale 
components using a probability density function and then computing weighted sums 
to predict the expected value for the aggregate based on the frequency of different 
values of the parameter among its fine-scale constituents. In an ideal analysis, 
extrapolation by expected value is free of aggregation error and the aggregated 
system will exactly correspond to the original system of fine-scale relationships 
(Iwasa et al. 1987, 1989; Rastetter et al. 1992). However, all forms of variability 
among components being aggregated must be fully characterized with a joint, 
multivariate probability density function and incorporated into the aggregated equa-
tions (King 1991; Rastetter 1992). Implementing the statistical expectation operator 
is often impossible because (1) adequate statistical characterization of the fine-scale 
variability is problematic, and (2) each transformation makes the equations more 
complex and subsequent transformations become more and more difficult.

Calibration is a third method of upscaling to aggregate properties which 
avoids some of the problems facing lumping and the statistical expectation 
operator. In calibration, weighted sums are regressed against coarser scale measure-
ments to produce empirically estimated scaling factors (Schneider 1994). Estimates 
of parameter values are produced through calibration of the coarse-scale relationship 
to the fine-scale data (Rastetter et al. 1992). While any parameter estimation 
procedure can be used to make these estimations, regression is the most com-
mon method. The main advantage of calibration is that it corrects for all sources of 
aggregation error simultaneously, including hidden and unknown sources (Rastetter 
et al. 1992). In addition, as calibration does not require the estimation of new 
parameters, the complexity of the model can be kept to a minimum. However, 
there are three major limitations: (1) Calibration requires coarse-scale data, which 
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may be difficult to acquire; (2) parameter estimates are valid within the range of 
the calibration data, but the reliability of the calibration is unknown outside this 
range; (3) calibration is limited to variables measured at both coarse and fine scales, 
which often do not include the functionally most important factors. In practice, a 
combination of approaches are usually recommended for upscaling to aggregate 
properties (King 1991; Rastetter et al. 1992; Wiens et al. 1993; Schneider 1994). 
In particular, approaches using partial transformations under the statistical expectation 
operator followed by calibration may be particularly effective.

There are a number of difficulties in reliably upscaling to aggregate properties 
regardless of the methods employed (Fig. 3.3). First, in each of the aggregation 
procedures except calibration, variability among the fine-scale components must be 
characterized and incorporated into corrected equations. This increases the number 
of parameters in the corrected equations, and error associated with these estimates 
decreases precision. Also, aggregation methods increase complexity of the predicting 
equations resulting in a loss in heuristic value (Rastetter et al. 1992). Second, there 
are major limitations in the abilities of aggregation methods to address complex 
processes with multiple parameters. Many ecological systems and pattern–process 
relationships are strongly characterized by disequilibria and transient drivers. None 
of the aggregation methods discussed offer a means of dealing with disequilibrial 
dynamics. Third, aggregation assumes that fine-scale processes that vary spatially 
across the landscape can be treated as random variables, and their joint probability 
distribution defines the spatial heterogeneity of the landscape (Rastetter et al. 1992). 
This is limited to situations where fine-scale phenomena at one site is independent 
of the phenomena at other locations. Spatial correlations or complex spatial patterns 
may produce very complex joint probability distribution functions, making it difficult 
to solve the aggregation equations. Fourth, the goal of aggregation methods is to 
subsume variation among fine-scale entities to produce a single prediction for 
an emergent coarser-scale entity. Aggregation assumes that spatial pattern of the 
parameter value within the aggregate does not matter. However, the fine-scale spatial 
structure of ecological systems is often fundamentally important to mechanistic 
relationships between organisms and environment (Levin 1992; Schneider 1994). 
Aggregation to composite predictions results in the loss of information on internal 
structure and behavior of the system below the level of aggregation. Fifth, scaling 
up presupposes the existence of an aggregate landscape property that can be derived 
from the finer scale information (King 1991). This is consistent with a hierarchical 
model which views the landscape as an integrated entity with aggregate proper-
ties and dynamics linked to properties and dynamics of the finer-scale entities that 
comprise it (Webster 1979; Allen and Starr 1982; Patten 1982; Allen et al. 1984; 
O’Neill et al. 1986).

Hierarchy is often proposed as a framework for addressing scale translations 
(Urban et al. 1987, O’Neill 1988, Shugart and Urban 1988, King 1991, Figure 3.1). 
However, ecological systems may often be more accurately described as multi-scale 
gradient systems than as categorical hierarchies (Hutchinson 1957, Whittaker 1967, 
Cushman et al. in press, McGarigal et al. in press, Figure 3.4). Ecological param-
eters follow complex patterns of covariation across space and time. These gradients 
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in landscape structure range from strong to weak, and continually shift and change 
(Schneider 1994, Cushman et al. in press). Imposing hierarchical organization on 
a spatially complex and temporally dynamic system may often obscure more than 
it reveals. It is often difficult to objectively defend definitions used to define the 
aggregate entities defining levels in a hierarchy (McGarigal and Cushman 2005). 
Simultaneously, it is challenging to translate phenomena at one level to an entirely 
different set of entities at another level in a conceptual hierarchy (Cushman et al. 
in press, Figure 3.5). Transmutation across scale, where pattern process relation-
ships qualitatively change with changes in scale, may largely be an artifact of 
the hierarchical framework adopted for analysis. Gradients lend themselves to 
measurement of change in conditions over change in space and time, and they can 
be multi-dimensionally related to each other – even nested. Most importantly, the 
biophysical mechanisms that affect organism responses and limit or facilitate many 
aspects of their biology and ecology can be relatively conveniently expressed at 
multiple scales.

Linking mechanisms and responses across scale may benefit from approaches 
that use scalable rather than logical units. Multiscale analysis is facilitated by analysis 
in ratio scale units that can be expanded in extent, decimated in grain, and combined 

Fig. 3.4 As an alternative to a hierarchical model of ecological system organization, with its 
attendant challenges of meaningfully defining entities across levels of organizations, and handling 
simultaneous change in scale and entity in analysis, we believe a gradient model is often more 
powerful, tractable and consistent with fundamental ecological theory than hierarchical models of 
system organization. Instead of inventing entities and struggling with the problem of defining 
them, their boundaries and characteristics, focus instead is on organisms and their interactions 
with fundamental driving factors across spatial and temporal scale. This removes one of the two 
major problems facing the traditional ecological organization: translation across entities. The second 
problem of translation across processes with scale is greatly facilitated. The relationship between 
processes and organism responses can be modeled continuously across scale. This provides a 
picture of how different processes interact and the nature of their influence as a function of scale
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Fig. 3.5 Functional relationships across hierarchical levels are difficult to translate as there is a 
logical discontinuity as one transmutes across scale and level simultaneously. This results in basic 
disconnect in prediction of process relationships across the system as a function of level and scale. 
Linking the traditional hierarchical model of ecosystem structure to processes typically associates 
specific processes with specific levels of the hierarchy. For example, competition is expected to 
act at the level of the community, influencing organisms. Fire and insects are expected to act at 
the level of the landscape, affecting stands. Climate change is expected to act at the level of the 
region, affecting the landscape
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to make new units via multiplication and division (Schneider 1994, Fig. 3.6). 
Instead of focusing on efforts to estimate emergent properties of aggregate entities, 
it may be more fruitful to focus attention directly at the level of most biological 
interest, such as the organisms and its immediate interactions with the environment. 
Understanding relationships between mechanisms and ecological responses at that 
level may be facilitated by measuring relationships between organisms and their 
environment in ratio scale units at a fine grain and over broad extent. Such measure-
ments of multiple parameters across space and through time form a gradient cube in 
which pattern–process relationships can be investigated simultaneously for a range 
of organisms and processes, and across a range of scales without the need to recode 
or reclassify the data (Cushman et al. in press).

3.2 Gradient Theory and Extrapolation Across Scales

There are alternatives to up-scaling to aggregates which may produce better 
predictions across broad scale ranges. One alternative is to adopt a gradient 
perspective in lieu of hierarchical models of system organization (Cushman et al. 
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in press; McGarigal et al. in press, Figs. 3.2, 3.4, 3.6). In a gradient perspective, a 
system of hierarchically organized aggregate subsystems is not assumed. Rather, 
emphasis is on directly measuring response variables and the factors that drive their 
behavior, and modeling the relationships between them across space, time and scale 
(Fig. 3.2). In a gradient method one can fix grain of analysis and define entities 
and variables that do not qualitatively change across scale (Fig. 3.4). For example, 
one may fix grain at the scale of forest plots and landsat pixels, and use individual 
organisms as focal entities. This allows one to model interactions between mecha-
nisms and responses across scale through a gradient hypercube incorporating space, 
time, disturbance and biophysical gradients within a single analytical framework 
(Cushman et al. 2007). There are several advantages to this (Fig. 3.6): (1) grain in space 
and time is fixed, (2) the challenge of defining meaningful aggregates at multiple 
organizational levels is obviated, (3) challenge of compounding error rates due to 
aggregation and classification errors is eliminated, (4) challenge of translating 
patterns and processes across organizational levels is reduced, (5) ability to address 
threshold, non-linear, and multivariate interactions across space and time is greatly 
improved. Importantly, in contrast to hierarchical approaches, there is no need to 

Fig. 3.6 Functional relationships across scales in a continuous gradient system are tractable given 
measurement of appropriate variables relating mechanisms to responses at appropriate extents and 
grains. This is because there is no discontinuity in the system’s definition across scale, making 
extension of functional relationships much more direct and tractable. In contrast to the traditional 
hierarchical model, the gradient model of ecosystem structure does not suppose that processes act 
at particular levels of organization. Processes act across characteristic ranges of spatial and temporal 
scale, and interact with other processes. However, instead of supposing their effects to be directed 
at a particular emergent entity at a particular hierarchical level, the gradient approach emphasizes 
that the effects of ecological processes at any scale must be considered from the context of how 
they influence organisms. This returns focus fundamentally to the definition of ecology, which is 
the interaction between organisms and their environment
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redefine entities, variables or units of observation in multi-scale analysis, greatly 
simplifying the task of robustly linking patterns with processes across scale.

In the next chapter we discuss a potentially unifying paradigm, focusing on 
mechanistic relationships between organisms and their environments at multiple 
spatial scales (McGarigal and Cushman 2005; Cushman et al. 2007; McGarigal et al. 
in press). The environment is characterized as a system of covarying and interacting 
gradients that vary across space and through time due to local biotic interactions, 
abiotic processes, conditions, and disturbance. The level of the organism and the 
scale of its direct interactions with the environment is the fundamental focus (Wiens 
et al. 1993; Schneider 1994). The goal of analysis is to link patterns of distribution 
and abundance with environmental drivers across space, through time, and across a 
range of spatial and temporal scales to account for the influences of spatial complexity, 
temporal dynamics, disequilibria, disturbance and transient drivers. The essence of 
the multi-scale gradient modeling approach is to sample driving and response variables 
on large networks of sample plots, develop multi-scale gradient models linking 
mechanisms to responses, and use the models to predict species distributions and 
ecological conditions across space through imputation (Ohmann and Gregory 
2002; Cushman et al. 2007; Evans and Cushman 2009, Fig. 3.7). The gradient 
models can be linked to ecosystem dynamics modeling and landscape dynamics 
simulation to quantitatively address temporal dynamics and large-scale disturbance 
(Cushman et al. 2007, Fig. 3.8).

This paradigm is not a new invention, but rather a synthesis and reemphasis of 
several existing perspectives and approaches. In particular, it draws heavily from 
community ecology and ideas of niche relationships along biophysical gradients 
(Hutchinson 1957; Whittaker 1967). It extends community ecology to the landscape 
level by explicitly addressing spatial complexity and temporal disequilibria, and by 
adopting a multi-scale approach. It extends landscape ecology by linking analysis 
of spatial and temporal patterns directly to organism responses to spatially and 
temporally varying environmental gradients. The traditional methods and theories 
of community and landscape ecology are different and have contributed to the 
long-standing disjunction between the fields. However, it is clear that a quantitative 
and conceptual synthesis between landscape and community ecology is essential 
if we are to address the key issues of how variation through space and time and 
across scale influence the relationships between organisms and their environments 
(Cushman et al. in press; McGarigal et al. in press). Schneider (1994) notes that 
rapid progress was made in meteorology and physical oceanography when fluid 
dynamics was taken out of pipes and put into a geophysical grid (Batchelor 1967; 
Pedlosky 1979) with attention to time and space scales (Stommel 1963). Similarly, 
the key to addressing spatially and temporally complex ecological systems is 
adopting a multi-scale, mechanistic paradigm. Linkage with geophysical gradi-
ent theory has been suggested as a means to accomplish this (Risser et al. 1984; 
Shugart et al. 1988; McGarigal et al. in press).

The approach incorporates aspects of a number of strategies suggested by other 
researchers. First, multivariate gradient modeling predicts all parameters simul-
taneously, accounting for their covariation. As noted by Rastetter et al. (1992), 
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simultaneous estimation of all parameters can substantially reduce propagated error 
(Hornberger and Cosby 1985). In addition it combines the principle of similitude and 
scope extrapolation suggested by Schneider (1994) with the method of extrapolation 
by increasing model extent discussed by King (1991). Extrapolation by increasing 
model extent uses a model for a single site to simulate the same processes for a 
collection of sites across the landscape. Each individual simulation requires data on 
the independent variables required by the fine-scale model. Thus, it is a case of using 
variables with large spatial scope to calculate a variable with a more limited scope 
(Schneider 1994). As King (1991) notes, model structure is unaltered, grain is not 
changed and there is no averaging or aggregating of the data.

Fig. 3.7 There are three steps in the multi-scale gradient modeling approach. The first two are 
shown here. One is to sample driving and response variables on large networks of sample plots; 
two is to develop multi-scale gradient models linking mechanisms to responses
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Fig. 3.8 The third step in the multi-scale gradient modeling approach is to use the models to predict 
species distributions and ecological conditions across space and over time through imputation
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In the principle of similitude, spatial or temporal variation in a variable is 
expressed as a function of location or time (Schneider 1994). Dimensionless ratios 
are formed and these are used to scale measurements of limited scope to expected 
values at larger scope. Due to the spatial complexity of the physical environment 
and the typically low correlation between spatial and environmental gradients the 
principle of similitude would seem to have limited direct application to predicting 
ecological phenomena across complex landscapes. However, gradient imputation can 
be considered a method of similitude in environmental space rather than geographical 
space. Multi-scale gradient models predict species responses as functions of 
continuously varying environmental gradients. The gradient space depicted in the 
models is continuous in n-dimensions without break or deviation in rate of change. 
Gradient modeling involves predicting response variables across space for locations 
where they have not been sampled based on where those locations occur in environ-
mental gradient space, and what the expected value of the response variable is at 
that location in gradient space. The connection to similitude is that variation as a 
function of location in ‘gradient space’ is used to develop scaling ratios for inferring 
values not sampled from values sampled.

3.3 Summary and Conclusions

Ecological processes are difficult to predict at the landscape level. Inconsistency 
of concepts, sampling, and analytical approaches across scales and organizational 
levels make it difficult to extend knowledge up the ecological hierarchy from plots 
and stands to landscapes, or down the hierarchy from biomes and regions to land-
scapes. Moving down the organizational hierarchy from continents and regions to 
landscapes, broad scale relationships between regional climate and regional pro-
ductivity and other forest parameters become unstable. As one moves downward to 
landscapes, the details of the spatial structure of the landscape in terms of topography 
and soils becomes critical, as do historical events such as disturbance and temporal 
processes such as succession. Simultaneously, it is logistically and analytically 
difficult to extend fine-scale mechanistic relationships between individual organisms 
and their environments across space and time. Thus researchers face the challenging 
task of linking relationships across levels of organization, and translating between 
measurements and relationships of different entities at different scales. This simul-
taneous challenge of translating among scales and organizational levels is the 
fundamental challenge to reliable prediction of forest ecosystems across spatial 
and temporal scale. There are at least four important parts of this challenge. First 
is a problem of transfer and deals with scale mismatches between drivers and 
responses. Second is a problem of heterogeneity and deals with spatial patterns of 
vegetation and the environment. Third is stationarity and deals with the transience 
in the drivers. Fourth is a problem of extrapolation that results from nested gradients 
interacting across scales in space and time. Understanding and predicting the 
responses of forest resources to changing climate and disturbance regimes requires 
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approaches that link mechanisms to responses across scales while accounting for 
spatial and temporal variability.

The dominant paradigm that has guided most research in this arena is the 
hierarchical model of ecological systems (Allen and Starr 1982; O’Neil et al. 1986). 
In this model, ecological systems are conceptualized as nested collections of aggregate 
subsystems. Each subsystem is contains qualitatively different entities than those 
existing above and below, and is subject to influences of processes acting at different 
spatial and temporal scales (O’Neil et al. 1986). Levels of organization in a nested 
hierarchy occur within monotonically increasing scales of time and space, with lower 
levels characterized by smaller finer scales and finer temporal scales (King 1991). 
Urban et al. (1987) defined one such nested hierarchy for forest systems consisting 
of gaps, stands, watersheds and landscapes.

However, the hierarchical model faces a number of challenges, particularly in its 
ability to address interacting processes across a range of scales. First is the challenge 
of defining meaningful aggregates at multiple organizational levels (Schneider 1994). 
In many ecological analyses, there is a high degree of subjectivity, imprecision and 
loss of information in defining aggregate entities, and prediction may often be 
improved by adopting a gradient concept of ecological organization (Cushman 
et al. in press). A gradient approach greatly reduces the challenge of compounding 
error rates due to aggregation and classification. Also, the challenge of translating 
patterns and processes across organizational levels is reduced by adopting a gradient 
approach. In a hierarchical system changes in scale are accompanied by changes 
in organizational level. When one changes organizational level, the apparent entities, 
variables and processes characterizing the system all change qualitatively. It is 
exceedingly difficult to translate quantitative relationships across qualitative hierar-
chical levels. Gradient approaches retain a common quantitative framework, with 
unchanging grain, variables, and entities. This greatly facilitates analysis across 
scale in space and time. Importantly, gradients of ratio scale variables provide a 
ready means to address threshold, non-linear, multivariate interactions across space 
and time (McGarigal and Cushman 2005). In contrast to hierarchical approaches, 
there is no need to redefine entities, variables or units of observation in multi-scale 
analysis, greatly simplifying the task of robustly linking patterns with processes across 
scale. Reliable understanding of relationships between communities, disturbance 
regimes and climate change will only be possible using approaches that integrate 
mechanisms and responses, scale and pattern, space and time. Gradient approaches 
to multi-scale modeling facilitates this; hierarchical methods may impede it.
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