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Glossary

Accuracy: The lack of bias in an estimator of a model parameter or model prediction.

Allee effects: A discounting of population growth rates in small populations. It is a form of density
dependence (often known as depensatory density dependence) which populations can overcome when they
benefit from a critical size. For instance, in small (or low-density) populations, Allee effects may originate
from the inability of individuals to encounter suitable breeding mates, or to form efficient hunting packs.

Antagonistic resources: Two resources that, when taken together, offset the benefits of each other.

Autocorrelation: Random variables at proximate points in space or time may tend to be more similar
than at points further apart. This idea translates to the statistical notion of (positive) autocorrelation: the
correlation of a variable measured here and now, with the same variable measured at a certain distance or
time interval in the past.

Available locations or Background locations: Locations in geographic or environmental space that are
assumed to be accessible to individuals under study. These are locations that moving animals or dispersing
plants can reach but may not eventually be found in.

Camera trap: A stationary, autonomous camera, triggered by movement.

Climate envelope models: A model of the distribution of a species with particular applications to climate
change. Model predictions are based on a species’ tolerances to different climate covariates (e.g. temperature
or precipitation). Tolerances are represented as deterministic or probabilistic ranges (or, envelopes).

Colonization credit: The opposite of extinction debt. The number of species or members of a species
that can reestablish in a region, and will do so given enough time.

Complementary resources: Two resources that, when taken together, have a more beneficial effect (per
resource) than when taken individually.

Condition: Environmental variable (such as ambient temperature, humidity, salinity or pressure) that influ-
ences an organism’s functioning. Extreme values of conditions (e.g. very high or very low temperatures) are
usually detrimental to an organism, so responses to conditions are often modeled with non-linear (unimodal)
functions.

Demography: The study of birth, death, immigration and emigration rates at the level of populations.

Demographic sorting: The process of habitat-driven changes in the vital rates (i.e. survival, growth and
reproduction) that lead to differences in species density between habitats.

Density, species: The observed or expected number of individuals per unit of area. See also intensity
function.

Density estimation method: A statistical method for estimating the number organisms per unit of area
in a landscape, often relying on smoothing or spatial interpolation between observations.

Depletion: The reduction of resource density caused by the action of an organism (e.g. through consumption
or occupation).

10
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Design matrix: A matrix containing the values of explanatory variables for a set of observations. Each row
represents a different observation and the columns contain the specific values of the explanatory variables
associated with that observation. The design matrix provides a convenient shorthand for describing and
implementing regression models.

Deterministic variable: A variable whose exact value can be predicted from a mathematical model (to a
predetermined degree of precision) without the need for it to be measured experimentally.

Dirichlet tessellation: Divides a two-dimensional geographic space into a set of geometric shapes or tiles
with no overlap or gaps. In a spatial point pattern, the Dirichlet tile associated with a particular point is the
region of space that is closer to that point than to any other point. The Dirichlet tessellation is also known
as the Voronoi or Thiessen tessellation.

Dispersal: The movement of members of a species (or their propagules) away from their birth site.

Distance sampling: Methodology for estimating density or population abundance using point or line-
transect sampling. The distances of individuals to observers is used parameterize detection functions, which
describe how the probability of detection depends on distance from the observer.

Extinction debt: The opposite of colonization credit. The number of species that are doomed to (local)
extinction due to environmental change, but have yet to become extinct. In relation to species distributions,
it implies that SHA-models predict zero density for a region, but remnants of the species are still present.

Ecosystem engineers: A species that significantly modifies its environment, thereby shaping the distribu-
tion and abundance of other species.

Empirical model or Phenomenological model A mathematical model whose behavior emulates the
behavior of a physical phenomenon, but whose mathematical structure has not been derived from first prin-
ciples. All mathematical models are, at some level, empirical, particularly in ecology, because the reductionist
approach of specifying every aspect of a model from first principles leads to unnecessarily complicated mod-
els. (Contrast with Mechanistic model). Classic examples of empirical models are statistical regression
models, but many of the time-honored physical models (e.g. Newton’s law of gravitation) are also empirical.

Environmental Space (E-space): The space whose dimensions are environmental variables (compare with
Geographical space).

Environmental variable: A measurable environmental trait that, for a particular focal species, could
represent a resource, a condition or risk. In SHA models, the term is synonymous with explanatory
variable or covariate.

Equilibrium assumption: The assumption that sufficient time has elapsed for a species to reach a stable
spatial distribution. This assumption is vulnerable not just because of transient dynamics, but also due to
persistent, long-term instabilities in species-habitat associations.

Fitness, partial: The fitness of a population living in an environment made up entirely of a single habitat
(a set of resources, conditions and risks).

Fitness, individual: From a demographic viewpoint, the log of the combined effect of life-long survival
and reproductive success of an individual. Equivalently, from an evolutionary perspective, the log of the
individual’s contribution to the gene pool of the next generation (note that this omits the effects of inclusive
fitness).

Fitness, population: The average fitness of individuals in a population. In low densities, the population
fitness afforded by the environment is equal to the population’s intrinsic growth rate (excluding the
possibility of Allee effects).

Fitness integration: The process whereby organisms accumulate resources, reduce risk and mitigate envi-
ronmental conditions in space or time. As a result, viable populations may be observed in landscapes where
no single point in space or time is characterized by positive fitness.

Functional response: In SHA models, the idea that the response of an organism to a particular environ-
mental variable depends critically on the values of other environmental variables. This definition is slightly
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different to the more often encountered use of the terr in trophic ecology, where a functional response de-
scribes the intake rate of a food type by a single consumer, in response to the abundance of that (as well
as other) food types.

Gaussian blur: The operation of blurring an image (e.g., a map) by applying a Gaussian kernel to each of
its pixels.

Gaussian random field: A stochastic process (or collection of random variables in time or space) that have
a multivariate Normal (Gaussian) distribution characterized by a mean function and covariance function.

Geographical Space (G-space): The space defined by physical dimensions (e.g. latitude, longitude and
altitude/depth).

Habitat: A point in Environmental space (defined by a set of resources, risks and conditions).

Habitat availability: The relative proportion of habitats making up the region of G-space that is accessible
to an organism or population.

Habitat context: The habitat composition within a neighborhood of a particular habitat. This is influenced
by the autocorrelation within and cross-correlations between the environmental variables in G-space.

Habitat selection: The process whereby an organisms uses a habitat disproportionately more (or less) than
that habitat’s availability. Together with Demographic sorting it shapes species distributions.

Habitat usage: The proportion of an individual’s time or the proportion of a population associated with a
single unit (e.g. m2) of a particular habitat.

Hessian: Matrix of second derivatives of the log-likelihood with respect to model parameters. The inverse
of the Hessian provides an estimate of the variance-covariance matrix of parameters when estimated using
maximum Likelihood.

Homogeneous Poisson point Process (HPP): A model for locations or events in geographic space. The
number of events in a fixed region, G, is assumed to be Poisson-distributed with rate λ. In an HPP, the rate
is assumed to be constant across space and time.

Ideal-Free Distribution (IFD): A conceptual model of density-dependent resource exploitation in a patchy
environment. Individuals are aware of the quality of each and every patch (i.e. individuals are ideal) and free
to enter any patch. As a result, they settle in the most profitable patch. In the special case where the quality
of a patch decreases linearly with the density of animals in the patch, the equilibrium density of animals will
be proportional to the intrinsic habitat quality of all occupied patches.

Indiscriminate: Hypothetical organisms that do not appear to be selecting one habitat over another.
Equivalently, organisms that use G-space uniformly randomly.

Inhomogeneous Poisson point Process (IPP): A model for locations or events in geographic space where
the expected density of points depends on local spatial predictors through a spatially-varying intensity
function. The number of events in a fixed region, G, is assumed to be Poisson distributed with mean given
by the average intensity function over the region.

Intake rate: The uptake of food or other resources per unit of time.

Integrated data models: Models fit simultaneously to multiple data sets, often with the goal of increasing
spatial coverage, precision, and accuracy of estimators of species distributions by addressing issues related to
sampling bias or imperfect detection.

Intensity function: The Intensity surface described as a function of spatially-varying environmental
variables.

Intensity surface: The expected spatial density of individuals or observations.

Intrinsic population growth rate: The population growth rate without any density dependence.

Kernel: A probability density function (usually with mean zero), in one, two or more dimensions, used for
re-weighting operations. For example, a kernel applied to every pixel of an image (see Gaussian blur) can
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be used to generate more diffuse versions of that image. Alternatively, a kernel applied to a finite sample of
point observations, can be used to smooth these observations in an attempt to reconstruct the underlying
intensity surface that generated them.

Landscape of fear: Quantifies an organism’s perception of risk in space and often has an influence on its
distribution.

Likelihood: A statistical expression that describes the data generating mechanism in terms of one or more
parameters.

Logistic population model: A population model that formulates the rate of population growth as a
decreasing function of population density. It therefore incorporates conspecific crowding effects acting through
biological processes such as competition or cannibalism.

Marginal Value Theorem: Theorem that states an animal should leave its current habitat patch when
that patch’s quality (measured in terms of energy gain per unit time) falls below the average quality of other
habitat patches available to the animal.

MaxEnt or Maximum entropy: A use-availability method (or software) for modeling species distributions.
It uses entropy as a model fitting criterion, as opposed to likelihood.

Maximum Likelihood: A method for estimating parameters in a statistical model. Parameter values are
chosen to make the likelihood of the data as large as possible.

Mechanistic model: A model whose mathematical form is derived, to some extent, from physical or biolog-
ical first principles. For example, in dispersal studies, deriving a diffusion kernel from a model of Brownian
motion adds mechanistic content to the process of dispersal. In mechanistic models, the participating pa-
rameters often have a clear physical interpretation (contrast with Empirical model).

Monte-Carlo integration: A simulation-based method for approximating an integral when a closed-form
analytical solution may not exist.

Niche, fundamental: The set of points in E-space (habitats) that allow the intrinsic growth rate of a
population to be positive.

Niche, realized: The collection of all habitats where a species has been found.

Niche, Grinnellian: See fundamental niche, but with the inclusion of other influential species (e.g. prey,
predators) as resource or risk dimensions of the environmental space.

Niche, Eltonian: See fundamental niche, but with the inclusion of bi-directional relationship between
the focal species and other environmental variables and non-focal species, and thereby acknowledging that a
species also influences the availability and behavior of properties of its environment.

Nugget, semivariogram: The intercept of the semivariogram curve at zero distance. The physical in-
terpretation of a zero nugget is that there is some measurement uncertainty or process stochasticity that
generates variability in repeated measurements, even if these are made at exactly the same location.

Null model, general: A mathematical construct, derived from a set of baseline assumptions. Often it is
a simplification of a physical process that forms the basis for further model development, as the baseline
assumptions become increasingly relaxed.

Null model, SHA: The equilibrium density of a species at habitat x being proportional to the intrin-
sic growth rate at low density in habitat x (also see Pseudo-equilibrium assumption and Ideal-free
distribution).

Numerical integration: A formal set of rules applied to an integral that allows us to approximate its value
when a closed-form analytical solution is not available.

Occupancy: The presence of (at least one member of) a species within a predefined spatial region and time
window.

Occurrence distribution: Statistical distribution describing the position of an animal during a specific
observation time window.
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Offset: A predictor variable with regression coefficient fixed at the value 1, often used to account for varying
(but known) levels of observation effort in time or space.

Opportunistic sampling: Data collected without a formal sampling design. An example is a web site that
allows citizen scientists to report any observed locations of a species of interest.

Parameter: A numerical quantity that participates in a model and (together with the model’s mathematical
structure and any initial conditions), shapes the model’s behavior. Parameters are not observed directly and
are usually assumed not to change. Instead, they are estimated via statistical inference methods. So,
parameters should not be confused with variables, or covariates.

Phenotype: The composite observable characteristics or traits of an organism.

Probabilistic survey: A survey that samples a fixed region and uses a randomized design for allocating
survey effort.

Precision: The level of uncertainty in a parameter estimate or model prediction.

Point Process Events: (or points, locations): observations of animals in space.

Population closure: An assumption often made when estimating abundance or occupancy that the sampled
population is not changing during the observation period (i.e., there are no births, deaths, or immigration or
emigration).

Predictor function: A function on the log scale, describing the effect of environmental variables on habitat
selection. It is equivalent to the link-scale predictor in GLMs and GAMs.

Principal component analysis (PCA): An axis-rotation technique for multivariate data that results in
a new set of variable definitions. These new variables are orthogonal and each accounts for a decreasing
amount of variation in the original data (from maximum to minimum). PCA is used to eliminate collinearity
between candidate covariates and is sometimes used to achieve dimension-reduction, by only retaining those
variables that account for most of the variation in the original data.

Profile method, SDM: In the species distribution literature, this is a name occasionally used to describe
a model that predicts habitat usage while ignoring variations in habitat availability.

Process component: The process component of a SHA model deals with the biological phenomena of
interest. Its parameters should be interpretable in terms of organism responses to their environment, their
density or their conspecifics.

Pseudo-equilibrium assumption: The assumption that the density of species at any point in a landscape
responds to the measured habitat covariates with no delay, and that this is a reflection of the species fitness
at that point.

Quadrature points: Points within the domain of integration at which a function is evaluated when approx-
imating an integral numerically. See numerical integration.

Quadrature weights: Weights given to different points when evaluating an integral numerically. See
numerical integration.

Random variable or Variate: A measurable quantity whose value is unknown before a measurement is
taken (contrast with Deterministic variable).

Range, Semivariogram: The distance (in time or space) over which observations are correlated.

Range distribution: The asymptotic (or equilibrium) distribution that results from assuming animals move
consistently in a range-restricted manner.

Raster: A rectangular grid containing data, with an associated spatial extent and resolution or cell size.

Regression methods: Statistical models that relate the mean value of one (response or dependent) variable
to the values of several other (explanatory or independent) variables.
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Resource: A substance, object or place required by an organism for growth, maintenance and reproduction,
and whose quantities may be reduced by the organism. In contrast to conditions and risks, resources are
assumed to always have a positive effect on fitness in the context of a SHA model.

Resource (standing stock) density: The density of a resource at a specific point in space and time. This
value is most influential on the intrinsic growth rate or population fitness.

Resource productivity: The change in resource density per unit of area and time. This variable is most
influential on the equilibrium density of a species.

Resource selection function: A weighting function that describes the relative likelihood of selecting a loca-
tion as a function of its environmental characteristics; equivalent to the intensity function of a Inhomogeneous
Poisson point-process model with the intercept removed.

Ricker model: A particular version of the logistic population model which has the density-dependent
part inside an exponential function.

Risk: Environmental variable that has a negative relationship with fitness by lowering the actual or perceived
chances of individual survival or reproduction.

Robustness, model: The desirable combination of accurate and precise predictions from a model even
when its assumptions are violated to some extent.

Scaling: An operation that enlarges or shrinks a quantity, or a vector. The factor by which the scale is
enlarged or diminished is determined by a non-negative number (a scalar). In mapping operations, upscaling
implies an increase in resolution (and downscaling is a resolution decrease).

Semivariogram: A function that measures the degree of statistical dependence between observations as a
function of their distance (in space or time). It displays expected variability between two points as a function
of their distance, so it increases from low values to a high asymptote (the sill, representing baseline variability
between distant, independent points).

Sill, Semivariogram: The asymptote of a semivariogram; describes the spatial or temporal variance for
locations that are far enough to be statistically independent.

Spatial point-process model: A model for the data-generating process associated with locations or events
in geographic space.

Substitutable resources: Two resources that contribute similarly to an individual’s fitness, such that an
organism can replace one lost unit of one resource by a fixed number of units of the other resource.

Species distribution model (SDM): A model that captures variations in species density as a function of
spatial coordinates or environmental covariates.

Species-habitat association (SHA): A model that connects aspects of habitat (resources, conditions,
risks) to particular observations about a species (recorded at the individual, group or population levels).
Most often, the observations relate to species densities (see Species distribution model), but can also
relate to population fitness or changes in species density. The main difference between a SHA and SDM is
that in SHA model we acknowledge and account for species distributions not being at equilibrium.

Stationary coefficients: The assumption that the coefficients of a regression model do not vary in time
and space.

Step-selection function: A weighting function that describes the relative likelihood of selecting a location
as a function of its environmental characteristics; used in models that characterize time-specific habitat
availability using a model of animal movement.

Synoptic SHA model: A model of space use that incorporates both home range and resource-selection
processes.

Telemetry: A collection of measurements (animal locations and other physiological readings) obtained
remotely.
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Thinned point-process model: A point-process model that assumes only a subset of locations or events
in space are observed. The “thinning” process provides a way to model observation biases. Specifically, the
full set of locations are “thinned” based on model mechanisms, resulting in the data set that is available for
analysis.

Transferability of model predictions: The ability to use a model to make accurate and precise predictions
in new time and place.

Use-availability scheme: A SHA model that combines information on habitat usage together with
habitat availability in order to quantify habitat selection and predict usage in a transferable way.

Utilization distribution: Or usage. A spatial probability distribution describing the expected time of an
individual or the expected density of a population at a particular place.

Weighted distribution theory: A framework for modeling distributions of observed random variables that
are influenced by various forms of selection biases.

Zero-niche paradox: The ability of animals to survive in environments where no single point affords
positive fitness, via complementary use of resources from different locations (also see Fitness integration).
An equivalent idea can be considered for plants, whereby integration of fitness happens across instants in
time (e.g. across seasons).



Notation

Notation Term Explanation
fa(x) Distribution of available habitat

in environmental space
describes risks, recources, and
conditions at available locations
in environmental space

fa(s) Distribution of available habitat
in geographic space

describes risks, resources, and
conditions at available locations
in geographic space

fu(x) Distribution of used habitat in
environmental space

describes risks, recources, and
conditions at used locations in
environmental space

fu(s) Distribution of used habitat in
geographic space

describes risks, resources, and
conditions at used locations in
geographic space

λ(s) Intensity function of an
Inhomogenenious Poisson Process
Model

Describes the expected number of
points within an infinitely small
area surrounding location s
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Preface

0.1 A “live” project

Developments in the literature linking species to their environment are rapid and multifaceted (we might
even say, splintered). The area of species distribution models was recently ranked as one of the top 5 research
fronts in ecology and the environmental sciences by ISI’s Essential Science Indicators (Renner & Warton,
2013). At the same time, the actors and audience in this area are a sufficiently focused group of scientists to
be accessible as a coherent community. To enhance this coherence, for some time, we have felt the need for
a synthetic approach in this area but, crucially, one that can remain freely-available and unfossilized. Our
chosen publication model is therefore one of online distribution through non-proprietary electronic archives.
This is a double-edged blade. On the one hand, you the reader, may benefit from an accessible and current
monograph. On the other, some of the chapters that tie up several of the vital plotlines of our narrative may
be missing in the early editions. So, please be patient in your reading. This story is unfolding as it is being
written. . .

0.2 What is new in this version?

This version of Species-Habitat Associations: Spatial data, predictive models, and ecological insights differs
from the first edition of the book made available by the University of Minnesota Library Publishing in the
follow ways:

1. We fixed a set of typos related to estimating parameters in the IPP models in Chapter 3.

• The first equation in Section 3.4.1 was incorrect and should have had a |G| outside the sum (note
|G| is the area associated with the modeled G-space). This typo did not affect the estimates in
the simulation example since we had arbitrarily set |G| = 1.

• In Section 3.6, we added a line of code, Area.G <- 1 (to define |G|) and then modified the line of
code that follows to read, mu <- cellStats(lambda, stat='mean')Area.G (again, this has no
impact on the analysis since we set G| = 1).

• In Section 3.6.1, we modified the likelihood function, logL_MC to include Area.G as an argument,
which is then used in the likelihood function.

• In Section 3.6.2, we changed the way the weights were calculated to:
weights <-Area.G(xres(x_samp)yres(x_samp)/prod(dim(resource))).
This ensures that the weights generalize to areas that differ from |G| = 1. We also changed "area
of omega =" , sum(xres(resource)yres(resource))) to "area of omega =" , Area.G).

• In Section 3.8.3, we changed the likelihood for the thinned point process to multiply the integral
by Area.G.

2. We fixed a typo related to the following reference in Section 3.7.2: Fithian & Hastie (2013)

3. We added Chapter 4 demonstrating methods for preparing data for inclusion in SHA models.

4. We have added some cartoon illustrations to highlight key points in the text.
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0.3 Audience

We envision this book will be of interest to:

• Graduate students and professionals looking for a clear introduction to the ecological and statistical
underpinnings of Species-Habitat-Association (SHA) models.

• Practitioners with data and an interest in learning about animal movements or species distributions
and looking for guidance (and R code!).

• Quantitative ecologists looking to contribute new methods addressing the limitations of the current
incarnations of SHA models.

We have made only modest assumptions about the prior knowledge of our readers. Of our ecological readership
we envisage a basic understanding of statistical inference (to the level of Generalized Linear or Additive
Models) and of our statistical readership we assume an exposure to the key questions in spatial and population
ecology.

We therefore hope to provide field ecologists and theoreticians with guidance on how to avoid pitfalls in statis-
tical inference and biological interpretation, by describing the limitations and output of available frameworks
for studying SHAs. Statistical models that link species distribution data with environmental variables have
become so easy to fit and can produce such compelling maps, that it is easy to neglect to pause and consider
what these maps mean. Interpretation of any model requires us to trace its form and function back to its
fundamental assumptions and the physical meaning of its participating variables. This task is not easy in the
case of phenomenological models (i.e. models that put more emphasis on form, rather than function), such
as the vast majority of statistical models available to us today. Nevertheless, failing to meet this challenge
can impede, or misdirect, efforts of conservation for threatened species and programs of elimination of pests
and disease.

0.4 Objectives

Our overarching objective is to describe the state of the art in models that connect the spatial distribu-
tion of species to their environment, while incorporating as much biological mechanism as possible in these
mathematical and statistical formalisms. More specifically, we aim to:

1. Highlight the importance of well-known, but often neglected, ecological concepts and their role in
driving dispersal, movements, population dynamics and species distributions.

2. Synthesize and connect parallel modeling frameworks developed to infer the importance of biotic and
abiotic variables on species distributions.

3. Motivate the development of new analytical methods that better capture ecological mechanisms, thereby
improving the predictive abilities of SHA models.

SHAs need to go beyond describing the apparent correlations between observed density of organisms and
the local conditions they happen to be observed in (1). As ecologists, we need to push the envelope of our
existing correlational models to include cornerstone ecological concepts such as the fundamental niche of a
species, the ideal free distribution, density dependence, resource depletion, population dynamics, landscapes
of fear and numerous others. We have therefore aimed for an approach that does not shy away from the
details of mathematical models but neither does it deprive the reader of the crucial biological motivations
that lead to those models. We aspire to account for processes that span the hierarchy of ecological complexity,
from the movement and behavior of individual organisms, through processes that regulate population size
and distribution, all the way to community interactions between species. Above all, we aim to be synthetic,
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bringing together several of the apparently disconnected pieces of ecological wisdom and statistical technique
in our field’s literature. This unifying approach is the pre-eminent aspiration of our book and has been
attempted along four different axes (taxonomy, scale, statistical and mathematical methodology), as we
explain below.

Figure 1: Most scientific disciplines proceed by developing theoretical constructs and testing them against
the real world. Once some confidence has been gained that these can capture some aspects of reality, they are
used to guide applications. However, when the urgency of the applications is high, as is often the case with
contemporary conservation and environmental problems, the use of methods can overtake our understanding
of them. This certainly feels true about the literature linking species to their habitats, where we are often
not sure how to interpret the inputs, structure and outputs of our statistical models.

0.5 Why is this book unique?

By drawing parallels and intersections between plants and animals, the material presented here tries to unify
our conceptual and methodological approach to SHAs across living taxa. By doing so, we hope to generate
some cross-fertilization between the disparate analytical approaches traditionally used to investigate the
distribution and habitat preferences of sessile and mobile species. Indeed, we aim to extend movement-related
models and habitat selection concepts that are usually associated solely with animals to plant movement and
selection over longer time scales, between life-stages, between generations, or even across different morphs
along the evolutionary timeline.

We also try to achieve unification across scales. Species distributions are dynamic and spatially structured,
but the data we collect often cover a specific spatial region or time window. For example, tracking an animal
moving within a well-defined home-range, may tell us something about the behavior and resource selection
of that individual, but may not be informative about how that animal established its home range there.
Alternatively, using museum records, we may look into the distant past, and capture global distributions,
but these distributions may not help us understand fine-scale selection, and they may also not match the
current distribution of a species following recent anthropogenic change. To address these issues, we need to
consider hierarchical spatial models that allow for non-equilibrium dynamics.
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This book also tries to achieve convergence between existing statistical methodologies. Our feeling is that the
literature currently comprises many methods that are already well connected, a few methods that represent
analytical dead-ends and several methods that merely appear isolated and are waiting to be linked to our
main body of work via re-interpretation. Hence, rather than offer a mixed bag of quantitative recipes, we have
selected available and emerging methods that we feel combine into a coherent and expandable framework.

Finally, we try to achieve unification of modeling paradigms by bringing together mathematically formulated
mechanisms with the statistical machinery needed for extracting information from field data. For example,
classic mechanistic models from the 1970s, such as the ideal free distribution (Fretwell & Lucas, 1969), have
connected environmental productivity with species distribution by considering the behavior of ideal individ-
uals (Křivan, Cressman, & Schneider, 2008). In more recent years, flexibility in species-habitat association
models has come from statistical approaches, like generalized additive models (Wood, 2006) using smooth
functions of covariates, whose constraints are data-driven. We can gain much by replacing the extremely
flexible smooth functions with pre-defined dependencies between the organism and the environment, e.g. by
motivating the functional forms of models from biological first principles, or by including informative priors
for some of our model parameters.

0.6 Why model species habitat associations?

There are many specific reasons why ecologists are interested in developing SHA models, but, in their essence,
these can be split into three broad categories. Given a sample of spatial observations from a species (or a
population, a social group, or even a single individual) together with environmental data from the same region
in space and time period, we aim to quantify: 1. where organisms occur (spatial estimation); 2. why they
occur there (inference); 3. where else they might occur (prediction); There is a clear ramp-up in difficulty
in these questions. In its simplest form, spatial estimation is purely pattern-based whereas prediction (in
space or time) arguably requires deeper insights into behavioral, energetic, demographic and community
mechanisms.

0.6.1 Spatial estimation

Spatial estimation or ‘map-making’ could be achieved by means of density estimation methods, using only
the spatial coordinates of observed locations [e.g., various smoothing approaches such as kernel or spline
methods; Silverman (1986)]. Species distribution maps can be valuable for conservation and population
management purposes. For instance, by highlighting where certain (rare) species occur, they can assist in the
designation of protected areas (Moilanen, Wilson, & Possingham, 2008). Maps can also be used to quantify
the impact of anthropogenic activities on wildlife by estimating direct encounters (e.g., collisions of birds
with wind turbines, wildlife-vehicle collisions along road networks, bycatch of seabirds or marine mammals in
longlines and fishing nets), or sub-lethal effects (e.g. impact of military sonars on marine mammals, exclusion
of foragers from valuable food sources, alteration of migration routes due to climate change). Potentially,
maps can be used by ecologists as stepping-stones for further analysis. E.g., when studying predator-prey
interactions, a previously estimated density map of prey could be used as an explanatory variable for the
distribution of the predator.

0.6.2 Inference

For the second aim of understanding why certain organisms occur where we observe them, a relationship
needs to be established between the distribution of organisms and relevant environmental variables that
surround the organisms. For example, plant distribution modeling may be used to quantify the temperature
or soil pH ranges within which the study species occur, or to investigate their tolerance for extreme events,
like droughts or inundation (Sarker, Reeve, Thompson, Paul, & Matthiopoulos, 2016). This has led plant
ecologists to think primarily in terms of physiological tolerances, and environmental envelopes (Pearson &
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Dawson, 2003). In contrast, animal ecologists use selection functions, such as Resource-Selection Functions
(Boyce & McDonald, 1999) or Step-Selection Functions (Thurfjell, Ciuti, & Boyce, 2014) to quantify which
combinations of environmental attributes animals select from a list of available options. These models provide
insights into why and how animals migrate (McClintock et al., 2012; Börger et al., 2013), what drives the
distribution of their breeding sites (e.g. in colonial marine predators) (Robinson et al., 2017), and possible
symbiotic (or exclusion) effects between species (Ovaskainen & Abrego, 2020).

0.6.3 Prediction

The third aim, predicting species distributions in space and time (Elith & Leathwick, 2009), is probably
the most challenging, and the most reliant on the successful completion of prior steps (i.e. a good model fit
to observed density using sufficiently insightful environmental variables). Applications related to prediction
are targeted at vital questions, such as species range expansion or contraction (Scheele, Foster, Banks, &
Lindenmayer, 2017), risk assessment for invasive species (Gallien, Douzet, Pratte, Zimmermann, & Thuiller,
2012), recovery after temporary displacement (Russell et al., 2016), and redistribution following permanent
displacement (Street et al., 2015), as well as classic questions regarding impacts of habitat destruction or
fragmentation due to human infrastructure development (Beyer et al., 2016). All of these apparently divergent
questions are driven by a desire to have models that are transferable to novel environments in space or time
(Yates et al., 2018) - i.e. we want our models to give robust predictions even when they are ripped out of the
spatiotemporal context in which they were trained. For ecologists, obtaining robust predictions under-change
is a primary objective. However, most available statistical methods focus on association rather than causal
inference, and rely on environmental explanatory variables that are most readily available, rather than have
a causal relationship with the species’ ecology. Further, we tend to evaluate models based on goodness-of-fit
rather than their predictive capacity (Fourcade, Besnard, & Secondi, 2018). As we illustrate throughout this
book, the pragmatic resolution of such dilemmas for real-world applications centers around enhancing the
mechanistic content of our statistical models.



Part I

Fundamental concepts and methods
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Chapter 1

The ecology behind
species-habitat-association models

1.1 Objectives

1. To define what we mean by habitat and its constituent environmental variables.

2. To distinguish between the effect of habitat on fitness and on species distribution.

3. To identify the behavioral and demographic drivers of SHAs.

4. To introduce an appropriate null model for species-habitat associations (SHAs) that encapsulates fun-
damental concepts such as the Ideal free distribution (IDF), the pseudo-equilibrium assumption and
the niche.

5. To outline the biological mechanisms that can violate the null model for SHAs.

6. To synthesize the state of the art in the currently best developed methodology for quantifying SHAs
using species distribution models (SDMs).

1.2 How do living beings “see” the world around them?

Individuals experience the world around them in different ways, but what ultimately matters for an organism’s
fitness and distribution is whether it has a positive, negative or ambivalent relationship with aspects of
its environment. This trichotomy allows us to classify environmental variables into resources, risks and
conditions. Although there is clearly some ambiguity in classifying environmental variables into these
three categories, they will facilitate the model development outlined in Chapter 2. Furthermore, these three
classes will provide us the opportunity to present different examples of the environmental variables driving
species-habitat associations.

1.2.1 Resources

Resources are substances, objects or places in the environment required by an organism for normal growth,
maintenance, and reproduction, and therefore resources generally have a positive effect on fitness. Examples
of resources for plants are sunlight, carbon dioxide, minerals and water, and for animals are prey, water,
and nesting or resting spaces. In overabundance, resources could potentially turn into risks and their effect
on fitness may become negative. For example, some food sources consumed by animals contain poisonous
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substances that may become lethal when consumed in large quantities, or for plants, the photosynthetic
machinery can be damaged by too much light. However, most often resources are limited because they are
reduced by an organism and its conspecifics or heterospecifics, for example, by consumption or occupancy.
Resource limitation leads to inter- or intra-specific competition, which limits species distributions globally
and locally. Resource limitation can also lead to a dynamic feedback between resources and consumers,
because resources often have their own dynamics.

1.2.2 Risks

Risks are environmental variables that have a negative relationship with fitness by lowering the actual
or perceived chances of individual survival or reproduction. Risks may shape distributions by influencing
demographic rates (e.g. a predator can cause death and a toxic substance can cause abortion), but the
perception of risk by organisms may be just as influential (Laundré, Hernández, & Ripple, 2010). For example,
in the case of human encroachment (Ciuti et al., 2012), even as some environmentally hostile anthropogenic
activities are waning, the mere presence of humans can maintain entrenched avoidance behaviors by animals
and limit their access to valuable resources [the idea of “landscapes of fear”; J. S. Brown, Laundre, & Gurung
(1999)]. It is common for risks, like predation pressure, to have a deciding influence on species distributions.
For example, intense commercial whaling has led to the extinction of Gray whales in the North Atlantic.
While those main threats have now disappeared, Gray whales remain virtually absent in the North Atlantic
ocean, despite suitable local conditions (Monsarrat et al. (2015), Fig. 1.1). Also, environments that favor
parasites may suppress the distribution of their hosts locally, resulting in the absence of the host species
from areas that may otherwise be optimal for their survival (Giannini, Chapman, Saraiva, Alves-dos-Santos,
& Biesmeijer, 2013). Despite the potential importance of risk layers in shaping species distributions, they
are rarely included in species distribution models because actual and perceived risks tend to be dynamic
processes that are difficult to quantify (Palmer, Fieberg, Swanson, Kosmala, & Packer, 2017).

Figure 1.1: Gray whales (Eschrichtius robustus) currently only reside in the Pacific Ocean, but used to live
in the Atlantic. Their population became locally extinct in the Atlantic Ocean in the early 18th century, at
least partly due to commercial whaling. Apart from the historic risks imposed by whaling, the Atlantic likely
remains suitable habitat for gray whales (Monsarrat et al., 2015). Photo: Jeroen Hoekendijk.

1.2.3 Conditions

Conditions are environmental variables (such as ambient temperature, humidity, salinity or pressure) that
surround the organism and influence its functioning. Crucially, conditions can have both positive and neg-
ative influences on fitness. For example, temperature regulates metabolism (particularly in cold-blooded
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organisms), and for extreme high or low values (i.e. outside the thermal neutral ‘Goldilocks zone’), organisms
may not function properly and die. Although, like resources, conditions may be modified by the actions of
organisms [see literature on ecosystem engineers; e.g. Odling-Smee, Laland, & Feldman (2013)], they are
generally considered external drivers.

1.2.4 Interactions between resources, risks and conditions

All three classes of environmental variables interact, and this can lead to apparently counter-intuitive effects
on species distributions. The resource-risk interaction is nicely captured by the phrase: ‘Is it worth the risk?’
(Joel S. Brown & Kotler, 2004). Predation risks, in particular, may cause organisms to avoid risky habitats
despite high resource density (McNamara & Houston, 1987). Sometimes interactions between risks and re-
sources may lead to counter-intuitive effects on species-habitat associations. For example, while populations
exposed to risk may have lower survival, those individuals that survive may experience less resource compe-
tition, and this may ultimately increase overall population fitness (Van Leeuwen, De Roos, & Persson, 2008).
Resource-condition interactions relate to the effect of environmental conditions on the detection and intake
of resources. For example, depth and sediment type may influence the accessibility of marine invertebrates
to their predators (De Goeij & Honkoop, 2002; Van Gils, Edelaar, Escudero, & Piersma, 2004). An example
of a risk-condition interaction is the effect of canopy cover reducing or enhancing the exposure to predation
(Joel S. Brown & Kotler, 2004). Finally, all three classes of variables may interact in counter-intuitive ways.
For example, although warm-blooded marine mammals need to invest heavily in thermal regulation to avoid
the risk of hypothermia, many species of seals and whales are particularly abundant in polar environments.
It is believed that their warm-blooded nature allows them to outswim their cold-blooded prey giving them a
competitive advantage in colder conditions over other top predators, like sharks (Grady et al., 2019).

1.3 What is a habitat?

Although it is unambiguous that habitat is somehow related to environmental variables, its precise definition
in the contemporary ecological literature is rather vague (Dennis, 2012; Kirk et al., 2018). To clarify the
concept, we need to answer three questions that can be traced back to ambiguous uses of the term in the
literature: 1) Is habitat a place, or a set of circumstances? 2) Should habitat comprise just conditions,
or should it also include resources and risks? 3) Is habitat species-specific, or species-independent? Such
details of semantics are worth considering because different answers lead to different analytical decisions and
interpretations of results.

First, let us consider the possibility of habitat as a region in space. Intuitively, classifying a region in space as
a habitat manages to encompass the spatial context in which environmental variables (resources, conditions
and risks) are arranged in relation to each other. For instance, from the perspective of an arboreal primate, a
single tree is of no value, but a collection of trees in close proximity is home. Equivalently, for a small grazer
the availability of short vegetation for food may need to be combined with tall vegetation for cover. These
two types of vegetation may not coexist locally, but they must be found in close proximity to be of value to
the grazer. Several authors have therefore defined habitat as a suite of resources, risks and environmental
conditions, together with their spatial configuration in a landscape (Caughley & Sinclair, 1994; Weddell,
2002). Such a region-specific definition of habitat makes it easier to link habitat to species distribution data
collected from the field.

However, a region-specific definition of habitat has several methodological disadvantages. First, it requires
us to divide space into discrete parts a-priori, which can be challenging, particularly when multiple, nested
spatial scales are relevant for different environmental variables. Second, the appropriate scale of spatial
configuration also depends on the species’ mobility and the spatial scales at which it perceives its surroundings.
Finally, the environmental makeup of regions in space does not stay constant. It might change daily or
seasonally, but also abruptly due to human intervention or natural drivers. So, if we define a habitat
as a place, we either have to insist that its composition is static, or we have to allow the environmental
properties of “habitat” to change. Overall therefore, although habitats can be mapped onto geographical
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space and although models should be equipped to understand spatial associations (e.g. in order to capture
complementary use of neighboring habitats), the definition of habitat as a spatial region is pre-emptive before
an analysis, and severely constrictive for the predictions that can be generated after an analysis. Furthermore,
and most importantly, a model that has been trained with data from a particular place cannot be transferred
elsewhere if its predictions are specified only to that place.

We continue with the second question. Should a habitat comprise just conditions, or should it also include
resources and risks? Traditionally, studies of the distribution of sessile organisms, like plants, primarily
focused on conditions like temperature, humidity or soil pH. In contrast, studies of the distribution of moving
animals originally used ‘resource-selection functions’ (Manly, McDonald, Thomas, McDonald, & Erickson,
2002) to study food selection, but soon also allowed the inclusion of other environmental variables like
conditions or risks. As described in the previous section, all three types of environmental variables - resources,
risks and conditions - ultimately influence fitness and distribution, and complex interactions between these
variables prevent us from treating them in isolation. Hence, particularly if we want to facilitate unification
of frameworks across taxa, we need a definition of habitat that incorporates all three types environmental
variables (Hall, Krausman, & Morrison, 1997).

Regarding the final question, when considering the distribution of, for example, polar bears, is it helpful to
think about “polar bear habitat” or “polar habitat”? Although many studies have a species-specific focus with
the objective of classifying environments as suitable or unsuitable, there are two problems with assuming a
species-specific definition of habitat. First, at the onset of a study, it is often not known which environmental
properties are important to any focal species. We therefore need to be able to compare the suitability of
different habitats as part of data analysis. Second, the inferred relationship of species with habitats is not
binary (suitable or unsuitable), and models must allow for gradients of suitability. We therefore feel that a
species-specific definition of habitat is prejudicial when setting up a data analysis and under-powered when
used to interpret its results.

In summary, at the onset of the analysis, we define habitat as a point in environmental space, a space
whose dimensions are environmental variables (conditions, resources and risks). Although we promote this
strictly species-independent definition of habitat, much of this book is devoted to deriving species-specific
habitat-association models. A habitat-association model captures the dependence between a species and
environmental variables. Most current studies on SHAs take this approach by modeling the distribution of a
species as a function of environmental covariates. Disconnecting the spatial observations from geographical
space enables these studies to make predictions for regions in space or time that have not been sampled.
Nevertheless, it is still necessary to map habitats onto geographical space and models of species-habitat
associations must consider spatial context.

1.4 What is a species-habitat association?

In the broadest sense, a SHA connects aspects of habitat (resources, conditions, risks) to particular obser-
vations about a species (recorded at the individual, group or population levels). There are several different
aspects of a species that can be associated causally with habitat and there are a multitude of interesting
biological questions that can be informed by studying such associations. For the logical coherence of later
chapters, we distinguish between three general categories of SHAs (Fig. 1.2).

First, there are associations between habitat and fitness. Here we define habitat-associated fitness as the
contribution of each unit of habitat, x, to the population’s long-term log-rate of change (referred to as
partial fitness in Jason Matthiopoulos et al., 2015). Partial fitness can be interpreted as the fitness of a
population living in an environment made up entirely of habitat type x. The mechanisms underpinning
the association between habitat and fitness are often sub-organismal, operating at the level of physiological
capabilities, anatomy and life history strategies. We can often measure these fitness relationships with
carefully constructed experiments or field observations. For example, fundamental biology of resource uptake
or temperature tolerance in plants may be experimentally measured in the lab, metabolic costs can be
gleaned from thermodynamic first principles, or for animals in the wild, accelerometers can be used to
measure energetic costs or gains (Wilson et al., 2020). For example, changes in elephant seal body fat may
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Figure 1.2: Fitness is the evolutionary currency determining an individual’s ability to transfer its genes to
future generations. Individuals may be able to improve their fitness via plastic adaptations in physiology
or behavior, for example by relocating and selecting more suitable habitats elsewhere. However, eventually
they will have to face the demographic consequences of the environment they are exposed to. Their vital
rates; births (depicted by small juvenile cranes) and deaths (depicted by gray cranes), will vary between
habitats, and together with the redistribution of individuals, this demographic sorting will drive the spatial
distribution and abundance of species.
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be inferred from changes in sink-rate during drift dives, occurring in different habitats (Bailleul et al., 2007).
Habitats that make a low contribution to fitness may ultimately lead to a loss of condition and subsequent
demographic costs.

Second, we see associations between habitat and changes in species-density. Many organisms can mitigate the
consequences of fitness, for example through their patterns of growth, defense activation and even whole body-
metamorphosis. However, when organisms living in specific habitats experience low fitness, they either have
to relocate or face the demographic consequences, like mortality and loss of reproductive potential. These
processes will manifest themselves as changes in species density. The dynamical processes of relocation
involves movement of individual animals, groups, or entire populations. The patterns in these movement
trajectories can inform us about how the animal responds to its environment. For example, movement
trajectories that look localized and sinuous are likely to be occurring in regions of high resource availability,
or at least regions that appear worth exploring for resources. For organisms that cannot relocate, their
density will ultimately be affected by habitat-mediated survival and reproduction. These vital rates define
the intrinsic growth rate of a population and relate to the fundamental niche of a species (Holt, 2009).

Third, there are associations between habitat and species-density. The existence of an organism somewhere
is mediated by fitness and dynamics in a series of complex causal steps. The emerging species distribution
patterns are arguably the easiest to observe directly, in the wild, and are therefore the easiest to construct
empirical models for (collectively called Species Distribution Models (SDMs)). While spatial variations in
density may not reflect mechanisms operating at the immediate short term (e.g. days, hours or minutes),
the spatial density of a species reflects accumulated effects of processes operating over longer time scales
(e.g. years or multiple generations) and may ultimately be more informative about the place and role of that
species in the earth’s biosphere.

In summary, phrased in more traditional terminology, associations with fitness define the fundamental niche
of a species. The realized niche is represented by the eventual mapping of the distribution of a species in
geographical space. In-between those two, we have a wealth of dynamics, represented by the associations
between habitat and mechanisms of change. So, while species distribution is often implicitly assumed to be
proportionally (or, at least, monotonically) linked with fitness, this is only the case in special circumstances.

1.5 What mechanisms drive habitat-mediated changes in species
densities?

The underlying, and often unseen, forces shaping fitness manifest themselves in the distribution of a species
via different dynamic mechanisms. Here, we make the important distinction between selective use of habitats
at the individual level and demographic forces at the population level.

1.5.1 Behavioural selection

Basic patterns of behavior can be assigned to all organisms. For example, some plants may be triggered to
release seeds only under certain conditions and propagule dispersal may be allowed to continue until suitable
settlement conditions have been met (Grohmann, Hartmann, Kovalev, & Gorb, 2019; Seale et al., 2019).
However, behavioral selection is most clearly seen in organisms that can perceive multiple stimuli from their
environment and have control over their mobility. For some organisms, voluntary mobility may happen only
once during a specific life-stage. For example, most bivalve species have a pelagic, long-ranging, larval stage,
but once they settle, they may remain sessile for the rest of their lives. Most herbivores and their predators,
however, may move great distances during their lives and continuously select habitats that fit their needs.

The process of voluntary movement comprises two different decision processes, each with different determi-
nants and cognitive requirements. First, a decision must be made on whether to stay or leave, and second,
a decision is needed on where to go. These decisions may happen simultaneously, sequentially or iteratively.
Decisions on leaving are closely linked to patch departure rules or giving-up times (Charnov, 1976; Joel S.
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Figure 1.3: Plant species, like the dandelion (Taraxacum officinale) can regulate their dispersal and soil
attachment in response to environmental conditions, like moisture and soil structure (Grohmann et al., 2019;
Seale et al., 2019). Photo credit: Half-Seeded Dandelion by Wonglijie – CC BY-SA 3.0.

Brown, 1988). For example, one well-known theoretical approach to optimal decisions for patchy resources
is the marginal value theorem which posits that once an individual depletes resources locally to a point that
its intake rate drops below the average long-term intake rate, it should leave the patch (Charnov, 1976).
However, since the actual or perceived long-term intake rate may gradually change over time (e.g. due to
environmental change or learning abilities) and because animals often cannot instantaneously determine what
local intake rate is (e.g. due to the stochastic nature of resources), they have to learn (Ollason, 1980). Several
models are possible for the process of learning, even ones using direct metaphors from statistical laws, such
as Bayesian updating of experience (Biernaskie, Walker, & Gegear, 2009). Learning takes time and may
lead to sub-optimal decisions and a miss-match between the distribution of resources and species distribu-
tions, particularly if the environment is unpredictable (Kamil, Misthal, & Stephens, 1993; Riotte-Lambert &
Matthiopoulos, 2019).

Having decided to leave, animals may then move randomly (e.g. following isotropic or correlated random
walks) or exhibit directed movement based on their sensory perception, spatial memory or information from
conspecifics (Fagan et al., 2013; Bracis & Mueller, 2017; Jesmer et al., 2018). While these well-recognized
behavioral processes are of vital importance, they have only recently been explicitly included in SHA models
(Oliveira-Santos, Forester, Piovezan, Tomas, & Fernandez, 2016; Merkle et al., 2019). For example, use-
versus-availability analyses (see Chapter 2) compare used habitats to those habitats available within a next
movement step (e.g. Step-Selection Functions) or within their home-range (e.g. Resource-Selection Functions).
But, what about habitats beyond this range - do individuals perceive and avoid them? It is clear that realistic
SHA models need to consider that individuals integrate information over much larger time intervals than the
arbitrary scale of data collection. Cognitive processes can operate at several scales, some very small, others
very large, and none of them need be similar or biologically relevant to the scale used in the data collection and
subsequent analysis. If we are to understand SHAs, it is important to recognize the underlying mechanisms
shaping individual movements and find a way to include these (or include emergent, accessibility constraints
that are derived from these mechanisms) into our empirical models.
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1.5.2 Demographic sorting

While the fine-scale distribution of organisms, such as animals, that can move in a voluntary and controlled
fashion will be strongly shaped by behavioral selection processes, the distribution of all organisms will be
shaped by demographic processes that are highly dependent on spatially heterogeneous environmental vari-
ables. Demographic sorting is particularly relevant for plants. Following an initial period of dispersal, which
could be highly localized (e.g. via stolons) or wide-ranging (e.g. wind or animal dispersal), most plant propag-
ules will become sessile. From that point onward, demographic processes determine whether a seedling will
manage to germinate and survive. This combination of dispersal and habitat-driven demographic sorting can
cause intergenerational movement across the landscape (see Fig. 1.4).

Similar demographic processes shape mobile animal distributions, but the combined action of demography and
mobility makes their relative contributions difficult to tease apart. For example, when we fix an observation
device (e.g. a GPS logger) onto a mammal, our view of the individual’s lifetime performance is truncated to
the time-window of observation and all our inferences are conditional on the animal being alive and present
at the original capture location. Demographic sorting has taken place prior to tagging, and clearly we can
only study the behavioral selection of those individuals that managed to stay alive.

a b c d

Figure 1.4: Inter-generational movement of members of a sessile species (e.g. a plant) progressing directionally
through a combination of non-directional dispersal and demographic sorting. Suitable habitats are in shades of
green, sub-optimal ones in yellow-to-brown. If we examine plant distributions over longer (multi-generational)
time-scales, such that demographic selection is considered instantaneous, they display high mobility and
dynamics. At these scales, patterns of selectivity may be reminiscent of animal redistribution.

1.6 When is species density a reliable reflection of habitat suit-
ability?

When we observe a species at high density, we often make the implicit assumption that the local habitat
must be good for the species, i.e. the intrinsic fitness contributed by the habitat (Fx) is high, but this
assumption is not necessarily valid. Below, we outline assumptions necessary for the distribution of a species
to be proportional to fitness. Since the transition between fitness and species distribution can be driven
by habitat-driven demographics and behavioral selection, we will formalize the link between fitness and
distribution for these two avenues separately using a null model.

1.6.1 Why do we need a null model for SHA?

Each species will most likely be unique with respect to its relationship with its environment, and therefore it is
tempting to develop SHA models in isolation. However, achieving some unification and contributing towards
broader ecological theories is desirable, and this calls for a null model of species-habitat associations. Good
null models can be useful for making sense of the world quantitatively, and they form the basis for further
model development, as the initial assumptions become increasingly relaxed. These two properties of utility
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and expandability can stimulate scientific thinking and make null models good platforms for development.
However, it is important to guard against over-interpreting null models in the face of data (this often happens
when we inadvertently forget about their underlying assumptions).

A null model is a mathematical construct, derived from a set of assumptions that form the basis for discussion
on a physical process. In the development of null models, mathematical convenience is prioritized over
the realism of the assumptions, to ensure that the basic results can be derived analytically and exactly.
For example, in physics, an ideal gas is a hypothetical form of matter that comprises dimensionless and
massless molecules, that are unaffected by forces other than those resulting from perfectly elastic collisions
between them. Despite these patently unrealistic assumptions, the null model of ideal gasses has led to
invaluable and approximately applicable rules in thermodynamics. In economics, the null model of supply
and demand has been used successfully to understand price determination for goods and services. Its key
simplifying assumption is that it considers omniscient and logical consumers who focus exclusively on a
particular commodity, while keeping their behavior constant with regard to other goods. The model has
been so successful among economists, despite these assumptions, that people are occasionally (and unfairly)
surprised when its predictions diverge from reality.

Ecology has its fair share of null models. Examples include the logistic model in population dynamics
(Verhulst, 1845; Pearl & Reed, 1920), the model of perfect mixing in predator-prey ecology and epidemiology
(Law et al., 2008), the marginal value theorem in foraging ecology (Charnov, 1976), and the neutral theory of
biodiversity (Hubbell, 2001). In the early stages of structuring this book, it occurred to us that for SHA, the
research community has been implicitly using a null model, without specifying its mathematical formulation
or explicitly stating its assumptions. This implicit null-model is essentially one that gives rise to a “pseudo-
equilibrium assumption”, meaning that species respond to measured habitat covariates with no delay, and
that species density is proportional to species fitness.

Species fitness, dynamics and population distribution, the three aspects of species that respond to habitat,
are connected. Fitness affects dynamics, which affects distribution. In turn, distribution (through density
dependent processes) affects habitat and fitness (Fig. 1.5). Below, we will formalize the link between fitness,
dynamics and distribution, and we will try to connect our SHA null model with many of the already existing
ecological null models. In the process, we will make sure that the null model has the two valuable properties
of utility and expandability.

In Section (1.5) we have identified two mechanisms that determine SHA: Demographic sorting and behavioral
selection. Below we will first develop a null model for each mechanism independently, and subsequently show
how these two null models converge.

1.6.2 A null model for habitat-driven demographic sorting

Let us imagine an ideal life-history organism with the following properties:

1. It has a highly mobile dispersal stage, so that all of space is equally accessible to all of its propagules.
2. It has a completely sessile reproductive stage, so that local density results from local habitat quality.
3. Its intrinsic population growth is solely driven by habitat, and it is positive everywhere in the landscape.
4. Its local population growth decreases linearly with local density.
5. It has no other species to compete with.

For a given spatial location, s, with a particular set of environmental characteristics, x, we can model growth
of local population density, Ns, in discrete time as

Ns,t+1 = Ns,t exp(F (x, Ns,t)) (1.1)

The function F has two convenient names: growth rate and fitness. In classic population ecology, the
population’s growth rate between two successive measurements is defined as log(Nt+1/Nt). The population
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Figure 1.5: The chain highlighting how species fitness, dynamics and population distribution interact with
habitat (modified from Jason Matthiopoulos, Field, & MacLeod, 2019). A region in space is characterized
by the availability and spatial configuration of different habitat types (step 1). Organisms may actively or
passively select specific habitats (step 2) which may lead them to use habitats disproportionately to their
availability. Habitat availability and habitat selection give rise to the observed spatial distribution (step 3).
The exposure of individuals to different habitat types will influence their fitness (step 4), which determines
the collective capability of a population to grow (step 5). Processes of population change determine current
population density (step 6), which has the opportunity to alter habitat availability and feed back directly
into habitat selection and population growth via density dependent and spatial crowding.
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growth rate is equivalently called the fitness of a population (Nur, 1987; Jason Matthiopoulos et al., 2015).
So, let us consider the local growth rate of a population as a trade-off between the intrinsic fitness value of the
habitat (i.e. F (x, Nt ≈ 0) = F0(x)) and the attrition b inflicted onto population growth (i.e. onto population
fitness) by the addition of a single individual:

F (x, Ns,t) = F0(x) − bNs,t (1.2)

From equations (1.2) and (1.1), we get the model

Ns,t+1 = Ns,t exp(F0(x) − bNs,t) (1.3)

We can now look at the two extremes of population density. At one extreme, when the population density is
very small (i.e. Nt ≈ 0), its growth rate is equal to the intrinsic growth rate F0(x). At the other extreme, when
the species has sufficient time to reach an equilibrium local population density (i.e. Ns,t+1 = Ns,t = N∗

s ):

N∗
s = F0(x)/b (1.4)

In biological terms, attrition caused by density dependence has annulled the benefits of habitat, and the
equilibrium distribution becomes proportional to the intrinsic growth rate. In Fig. 1.6 we try to visualize
how, for a growing population of ideal life-history organisms, the equilibrium density in each cell eventually
becomes proportional to F0(x).

Because our ideal organisms behave as a closed population within each location, the SHA null model can be
linked to the null model used in single-species population dynamics, the logistic equation1

1.6.3 A null model for habitat selection

We build upon the work of Fretwell & Lucas (1969) who consider the distribution of an ideal free species to
be a purely behavioral phenomenon, with no demographic sorting involved.

The assumptions underlying the ideal free organism are:

1. Individuals are aware of the current value of each patch2 and settle in the patch most suitable to them
(i.e. individuals are ideal foragers).

2. All individuals are free to enter any patch, and arriving individuals do not have a disadvantage compared
to individuals that are already there, all individuals are genetically alike or of the same phenotype, and
all patches are equally and instantaneously accessible to all members of the species.

Now let us consider the behavioral mechanism that shapes the distribution of ideal-free foragers. The first
individual will select a single patch i with the highest baseline suitability Bi, ignoring all other, lower-quality
patches. By making use of the patch, the patch baseline suitability Bi will be reduced to a lower suitability

1Our eq. (1.3) is closest to a logistic form known as the Ricker model (J. Matthiopoulos, 2011):

Nt+1 = Nt exp
(

r

(
1 −

Nt

K

))
.

By comparing the equation above with eq. (1.3), we note that the intrinsic growth rate in classical terminology is equal to
habitat-specific fitness (r = Fx) and the environment’s carrying capacity is proportional to it (K = F0(x)/b). If we replace
F0(x) by r, our null model also implies a simple relationship between the two key parameters of the logistic null model

r ∝ K

2Fretwell & Lucas (1969) used the term habitat, rather than patch, and defined a habitat of a species as a portion of the
surface of the earth where the species is able to colonize and live. We prefer to use the term patch to explicitly refer to a spatial
unit.
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Figure 1.6: Simulation of an ideal life-history organism: We set out to visualize the relationship between
fitness and distribution during the growth of a population from Ns,t=0 ≈ 0 to the local equilibrium density
N∗

s . The experienced fitness Fx at low population size is defined as a linear function of a covariate X
representing food. We explore two scenarios, one where Fx is always positive across space (A) and one
where Fx can also be negative in some areas of space (D), achieved by subtracting a constant value from
the original non-negative Fx. The population growth rate is defined as Ns,t+1 = Ns,t exp(Fx − bNs,t) where
b=0.01. The simulation is run for 250 years. At the start of the simulation (t = 0), the local population
size Ns is still independent of Fx (light gray points, in B). Ultimately, the relationship will equilibrate to a
linear relationship between local carrying capacity N∗

s and Fx (black points in B), with slope coefficient of
1/b = 100 (red line in B)). The same applies to the scenario where Fx can also be negative, but this will
result in truncation of N∗

s = 0 when Fx ≤ 0 (E). Spatial maps of N∗
s are shown in C and F. Note that when

a landscape contains locations with negative fitness (i.e. Fx ≤ 0), this will result in the emergence of a patchy
distribution of a species (F).
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Si. The next individual that comes along, will select a patch with the highest suitability S, which could be
the same patch i or a different one. This process is repeated for all individuals in the population (see also
Fig. 1.7). Eventually this process results in a landscape where all l occupied patches have equal suitability;
S1 = S2 = ... = Sl. The formula quantifying how Si depends on the baseline suitability Bi and species
density Ni is:

Si = Bi − f(Ni), i = 1, 2, ...N (1.5)

Fretwell & Lucas (1969) treated habitats as discrete patches. For a given spatial location, s, with a particular
set of environmental characteristics, x, the continuous formulation for eq. (1.5) is:

S(x, Ns,t) = Bx − f(Ns,t) (1.6)

Since natural selection leads to the evolution of behavior, the perception of habitat suitability by perfectly
adapted individuals should correspond to the fitness value of those habitats (see also assumption 1). In
that case, the baseline suitability, Bi, corresponds to the intrinsic population growth rate at low population
density (Fx), and the emerging suitability in the presence of conspecifics, Si, will be equivalent to F (x, Nt).
In that case, eq. (1.6) becomes:

F (x, Ns,t) = F0(x) − f(Ns,t) (1.7)

Unlike us, Fretwell & Lucas (1969) were not explicit about the functional form or mechanism underlying
f(Ni), but two possible mechanisms that can lead to eq. (1.5) are interference competition and explorative
or scramble competition (Křivan et al., 2008). Given these assumptions, Fretwell & Lucas (1969) showed
that, for each positive total population size M , there will be a unique Ideal Free Distribution (IFD) (see also
Fig. 1.7). Now, let us consider the special case where fitness declines linearly with local population density
(i.e. f(Ns,t) = bNs,t), and where the total population size M is at carrying capacity, such that, F (x, N∗

s ) = 0
everywhere within the study region:

F (x, N∗
s ) = F0(x) − bN∗

s = 0 (1.8)

which implies

N∗
s = F0(x)/b (1.9)

In summary, when total population size of ideal free foragers is at carrying capacity, the relationship between
density and habitat suitability or fitness (eq. (1.9)) is identical to that for the ideal life history organism (eq.
(1.4)).

1.6.4 Is population size or population growth a better proxy for fitness?

Our identical null models (eq. (1.9) and eq. (1.4)) hint at the fact that equilibrium population size and
intrinsic growth rate could both provide valuable clues about the underlying fitness contributed by habitats.
Historically, the niche literature has focused on the ability of a population to grow (Holt, 2009) and the
species distribution literature has focused on pseudo-equilibria (Guisan, Thuiller, & Zimmermann, 2017),
but the intuitive notion is shared. Whether we are talking about fitness in niche space or habitat suitability
in geographical space, we want to get a handle on which habitats are “good” and “bad” for an organism.

So, looking ahead at the types of data that we should be collecting and analyzing, does the null model offer
any insights into whether data on intrinsic growth or equilibrium distribution is more useful? The short
answer is that both have limitations and, ultimately, data on both may be required. A longer answer goes as
follows: Data on intrinsic growth rates are difficult to collect. They require us to observe a local population at
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Figure 1.7: The relationship between the baseline suitability (Bi in Fretwell & Lucas, 1969) or intrinsic fitness
F0(x), and local density (Ns), shown for an increasing total population size (M) of ideal-free organisms (as
proposed by Fretwell & Lucas, 1969). The top figures show habitat suitability represented by intrinsic
fitness. The white dots represent the distribution of individual animals for different total population sizes
(M). In the bottom figure, the different shades of gray represent the different population sizes (M =
1, 50, 100, 500, 1000, 5000), with light gray for M = 1 and dark gray for M = 5000. Black dots and red line
show the relationship between Ns and F0(x) when the population is at carrying capacity, i.e. F (x, Ns,t) = 0.
Individuals always select the habitats with the highest current F (x, Ns,t). When habitat quality diminishes
as a linear function of local population density, this will result in a linear relationship between baseline
habitat quality F0(x) and the observed species density Ns for all occupied locations, and Ns = 0 for all other
locations.
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a small enough size that density dependence is not affecting growth. Growing populations, by definition stay
small only temporarily. Catching a species at such a transient state at sufficiently many habitats to enable a
SHA model to be fitted is quite unlikely. Certainly, longer-lasting states (e.g. close to a stable equilibrium)
are more amenable to observation. However, as the null model suggests, landscapes at-equilibrium yield
leveling inferences for the poorest of habitats, because local populations observed in negative fitness habitats
are always extinct in the long-term, so we have no way of learning about different shades of “bad habitats”
(See also Fig. 1.6F)

The choice between intrinsic rates and equilibrium sizes becomes more tangled when one of the limiting
resources driving fitness is depletable. The overall abundance and detailed spatial distribution of the resource
will be different when the consumer is sparse compared to when it is at its carrying capacity. Which of those
resource distributions is more relevant to a SHA model?

Consider the following thought experiment, whereby the intrinsic population growth rate is a function of
current food availability. At the earliest stages of consumer growth (and resource depletion), a correlation
between the distribution of food and consumer growth rates would deliver an informative SHA. Food-rich
locations would give faster growing consumer populations. However, it is rarely the case that populations
are captured at such initial stages of development, and it is unlikely that the initial development happens
in a spatially synchronized manner (as opposed to a local invasion). If, on the other hand, we wait for the
equilibrium distribution to develop, depletion distorts our inferences. As predicted by the IFD, the equilibrium
density of the consumer will yield no relationship with food density, but a strong positive correlation with rate
of food replenishment. Hence, correlating consumer density with standing crop may give us the misleading
impression that the consumer is indifferent or even avoids its key resource. Using resource productivity data
as a covariate would, of course, dispel this myth but such data are almost never available in the field.

Hence, in the case of depletable resources, it makes sense to relate resource growth to equilibrium consumer
distribution, and it also makes sense to relate initial resource distributions to consumer intrinsic growth rate,
but it is not meaningful to correlate simultaneous snapshots of the distribution of the study species and its
resource. Given that data on distributions are much easier to collect than data on rates of change, we have
a fundamental problem of indeterminacy in correlational models.

1.7 When are the null model assumptions violated?

The two null models for demographic sorting and behavioral selection, both describe the proportional rela-
tionship between habitat-specific intrinsic fitness and the species’ equilibrium density. There are two main
reasons why this proportionality assumption is violated. First, the null models might be inappropriate. For
example, the models assumed that an increase in species-density led to a proportional decrease in habitat
quality and associated fitness. In many systems, changes in species density might have a non-linear effect
on habitat-associated fitness. Second, the transition towards the equilibrium density takes time. In fact,
constraints in species demography and mobility, in conjunction with changing environments, might mean
this equilibrium distribution is never reached. However, being able to consider a snapshot of a species distri-
bution as a static reflection of underlying habitat suitability (the pseudo-equilibrium assumption) is certainly
convenient and our null model allows us to think in these terms. Yet, it is important to remember just how
restrictive a set of assumptions we needed to make for the pseudo-equilibrium assumption to hold. We take
some time in this section to examine the ways in which the real world can violate the assumptions of our null
models. These violations will prompt improvements to the basic SHA framework in later chapters of this
book.

1.7.1 When the relation between species density and fitness is non-linear

Our null model assumed that species density responds continuously to fitness and that fitness is non-negative
throughout the landscape. However, population density does not always scale linearly with fitness. For
example, nesting seabirds establishing at suitable locations exclude their competitors and form equally spaced
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nesting arrangements. Almost undoubtedly, some nesting locations are more suitable than others, but as long
as the suitability of a nesting site is above a nominal threshold, it will eventually be occupied. Once occupied,
no additional breeding pair can settle on that location. Our observations at equilibrium will therefore only
be able to capture a binary state of occupancy/vacancy, rather than a continuous measure of suitability.

The effect of species density on fitness can also be positive. For example, many species aggregate to create
positive feedbacks between group members, to reduce predation risk, modify their the environment, and
exchange information and services. These are also known as Allee effects (Allee, 1951; Stephens & Sutherland,
1999). For example, social species, like cetacean, operate in groups to improve the detection and exploitation
of fish schools. As a result, even habitats with negative intrinsic fitness may generate positive fitness once
the density of cooperating individuals increases (Fig. 1.8). As a result, the relationship between density and
intrinsic fitness may be non-linear at low population densities.

Figure 1.8: Collective feeding by Humpback whales (Megaptera novaeangliae) in Alaska (USA). The null
models for demographic sorting and behavioral selection assume that habitat quality declines linearly with
the increase in species-density. For most social, cooperative organisms this linear relationship does not hold;
fitness may increase as function of group size (the Allee effect), which results in a non-linear relationship
between fitness and population densities. Photo: Jeroen Hoekendijk.

1.7.2 When species occur at places with negative fitness

Organisms are often encountered in poor-quality habitats. Most obviously, this can be a transient state; Or-
ganisms move at finite speed and may cross hostile or barren habitat while moving in-between good-quality
habitats that are within reach (Jason Matthiopoulos, Fieberg, Aarts, Barraquand, & Kendall, 2020). Organ-
isms may also be pushed into suboptimal habitats more permanently, creating extinction debts: Temporal
lags in the decline of a population may leave remnants in poor quality habitats and give misleading results
if we incorrectly assume pseudo-equilibrium states.

Less intuitive, however, is that mobile organisms may actively choose to spend time in habitats of negative
fitness. Indeed, viable animal populations may be observed in landscapes where no single point is characterized
by positive fitness; the zero niche paradox (Fig. 1.9). This possibility occurs because, while immobile
organisms must match themselves to their environment, mobile organisms have the ability to match their
environments to themselves (Begon, Harper, & Townsend, 1996). By moving around, mobile organisms can
accumulate resources, reduce risk and mitigate environmental conditions to ensure fitness is positive overall.
Sometimes, all necessary environmental conditions and resources are in relatively close proximity, which allows
animals to live in a relatively compact home-range. However, for other species, like many migratory animals,
the required resources/conditions might be transient, or separated by thousands of kilometers, requiring long-
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range movements. In general, whether a fitness integration is determined by the spacing between different
habitats and the mobility of the animals that exploit them.

Figure 1.9: No matter how suitable a habitat is for our survival at any given time, it is often necessary to
use several habitats in combination to achieve positive fitness. At a fine enough spatial and temporal scale,
it is conceivable that no single habitat can offer positive fitness. Ostensibly, that is the reason animals move
in space and plants do different things at different times of the year.

Fitness integration may also be possible for sessile organisms that may be able to exploit temporal (i.e. diur-
nal, or seasonal) transitions in the resources and conditions available at their fixed locations. For example,
plants may regulate their tolerances so that they can withstand temporal separation between peaks of avail-
ability in the same, or complementary resources. The notion of temporal proximity of vital environmental
circumstances is another manifestation of the problem of accessibility (introduced above in the context of
space, and mobile organisms) that is not readily visible by simply mapping fitness in environmental space.

1.7.3 When species do not occur at places of positive fitness

Just as organisms may be found at places of negative fitness, they may be absent from areas of positive
fitness. In conservation ecology this is known as a ‘colonization credit’ (Watts et al., 2020), a result of the
fact that it may take time for individuals, populations and species to respond to changing environments.
Environments can be highly dynamic. Mismatches between high habitat suitability and the abundance of a
species may arise from imperfect knowledge of the landscape or limited relocation speed. A resource, like the
massive release of eggs by spawning fish (Ims, 1990; Šmejkal et al., 2018), may suddenly become available
and it may take some time before a forager can locate and exploit it. Sometimes, environmental changes are
unpredictable and the ability of organisms to benefit from them is limited by their range of perception. The
pressure to quickly and accurately assess the availability of resources has selected for sophisticated visual,
auditory, gustatory, olfactory and somatosensory capabilities. However, the ultimate extensions to perception
come from higher cognitive functions, such as memory and communication, which are extremely useful for
exploiting both predictable (e.g. seasonal) or unpredictable habitats. For example, memory may allow an
individual to relocate in anticipation of the appearance of resources, suitable conditions or the departure of
predators. For example, many migratory birds start their journey in anticipation of high resource availability
elsewhere and start breeding well before the peak in insect abundance.

Absence of a species from apparently suitable habitat may be caused by medium-term delays, covering the
life span of individuals. Most organisms have distinct life stages, each potentially characterized by different
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mobility, resource requirements and sensitivity to environmental conditions. For example, jellyfish have
a distinct and sessile polyp phase and a free-moving medusa phase. Insects, like butterflies, have well-
defined larval and adult stages. Even the types of risk that individuals are vulnerable to can change as they
metamorphose or grow. The habitat requirements of distinct life-stages may be dramatically different and,
even, mutually exclusive. If the habitats needed for different life-stages are not sufficiently close to each other,
then the organism will occur in none of them. This suggests that the mobility of different life stages must
be understood in a habitat context. For example, many fish species have very specific spawning areas, from
which free-floating fertilized eggs, or larvae, are transported by the currents towards nursery areas. It also
underlines that successful SHA models must consider how mobility constraints operate across an individual
life history.

At longer time scales, delays can occur trans-generationally as a result of transient population dynamics,
particularly if the landscape is changing continuously. Colonization and invasion processes may take many
years even for the most advanced and mobile of animals (see Grey whale example, Fig. 1.1). Conceivably,
trans-generational delays are the result of cultural behavior in animals with high levels of cognition (Jason
Matthiopoulos, Harwood, & Thomas, 2005). Grey seals had been absent from the Wadden Sea since the
middle ages, despite there being suitable habitat, and the presence of nearby gray seals around the UK
coastline. Once a breeding population established in the Wadden Sea, the population quickly grew (Brasseur
et al., 2015).

Ecological dynamics beyond single-species growth becomes an even more severe complication to the null
model notions about SHA. In natural systems, multiple species interact, either directly or indirectly. If
the effects can be considered unidirectional, then the focal species can be regarded from a Hutchinsonian
viewpoint (Hutchinson, 1957) by including all other influential species (e.g. prey, predators) as resource or
risk dimensions of the environmental space. However, if interactions are fully bi-directional, then we need to
take an Eltonian viewpoint (Soberón, 2007) to acknowledge that a species responds to the environment, but
also influences the availability and behavior of properties of its environment. We have already discussed how
consumer resource dynamics can complicate our inferences. Although we looked solely at the mechanism of
depletion, predators may also impact the distribution of a mobile prey through indirect mechanisms such as
landscapes of fear. Other mechanisms of environmental alteration without direct depletion include various
forms of ecosystem engineering (Odling-Smee et al., 2013) and indirect community effects. For example, tree
shadows reduce wind below the canopy and increase ambient humidity. Blue mussels (Mytilus edulis) attach
themselves to each other and collectively create a structure that is less susceptible to environmental stress,
like waves and currents, and can house a multitude of other organisms (Fig. 1.10). There are currently few
attempts to fit dynamical, multi-species SHA models to field data (but see Ovaskainen & Abrego, 2020), a
task that seems as intimidating as it is worthwhile.

Most of the above obstacles leading to an absence of the focal species from apparently suitable habitat
are overcome by plastic (e.g. behavioral) responses of individuals or numerical responses of populations.
Evolutionary responses may also occur at the species level and at potentially slower rates, although sometimes
rapid selection occurs on time-scales similar to population dynamics (Bassar et al., 2010). Hence, a portion
of the species may be able to live in a new region outside the current species range, but they may have
yet to reach it. This discussion highlights the possibility that species tolerances are fluid, and hence that
SHAs are non-stationary due to rapid evolution. Evolution would violate the assumptions of even the most
sophisticated statistical SHA models, but is currently low on the wish-list of extensions.

1.8 The SHA models we wish for and the SHA models we have

Our proposed null model in section 1.6.2 may be new, but it spells out the implicit assumptions of nearly
all SHA models in existence today. Their key desire is to assume that the study species is found at all
suitable places and is absent from all unsuitable places (Guisan & Thuiller, 2005; Gallien et al., 2012). This
is known as the pseudo-equilibrium assumption. But why the prefix “pseudo”? Because every ecologist is
fully aware of the mechanisms that can violate our null model assumptions. For instance, every ecologist can
recognize that species abundance may be capped above or below so that it is not consistently indicative of
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Figure 1.10: The blue mussel (Mytilus edulis) is an important ecosystem engineer in coastal intertidal and
subtidal ecosystems. Its association with its environment is bi-directional; Its presence can strongly alter the
type of habitat, influencing the presence of other species. An Eltonian viewpoint is required to quantify their
habitat association. Photo credit: Cornish Mussels by Mark A. Wilson – Public Domain.

habitat suitability gradients. Species can survive indefinitely in areas of negative fitness by using habitats in
a complementary way or by buffering against brief periods of adversity. Species may be observed temporarily
in completely unsuitable areas due to extinction debts, but conversely, they may be absent from areas of
positive fitness because of colonization credits.

The raison d’etre for the pseudo-equilibrium assumption (and, by implication, our null models) is that we
wish to draw statistical inferences about fitness, suitability, viability and fundamental niches, but, instead,
we have data on occurrence from museum records, line- or point-transect detections, individual telemetry
tracking and spatial mark-recaptures. The type of SHA model that has so far been used to achieve the
transition from distribution to fitness (and back again) is the Species Distribution Model (SDM). Its fitness
inferences are valid only as a manifestation of our null model and the highly restrictive assumptions that
it entails. Nevertheless, the general category of SDMs is currently our only route to modeling SHAs and
must therefore be seen as a precious foundation on which to build. What kind of research program does
this suggest for the future? The process of extending the SDM to become a fully-fledged SHA model will
entail first, a recognition of the difference between fitness and distribution, second, an enumeration of the
mechanisms that make them different (the mechanisms that violate the assumptions of the null model) and,
third, the addition of modeling features in-between the state variables of fitness and distribution, to correct
for these violations. We have taken the first and second of these steps in this introductory chapter. The third
step is more of a voyage, and will take the rest of this book, and beyond, to complete.

To close this chapter, we present a comprehensive synthesis of the current versions of SDM that are encoun-
tered in the literature. Bear with us while we first pretend that there are only pure-forms of SDMs (section
1.9), to help us define the distinct flavors. We will then go on to present the results of cross-fertilization
between them (section 1.10).
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1.9 A puritan taxonomy of SDMs

At first sight, the diversity of methods available for converting spatial data to prediction maps can seem
overwhelming. However, there is an emerging hierarchy in the methodological literature that considerably
simplifies our effort to outline recommendations for best practice (Fig. 1.11). We can present this as a
succession of four branchings, leading up to our preferred approach of inhomogeneous point process models

Figure 1.11: An overview of available methods for modeling species distributions leading up to our recom-
mended approach.

Spatial predictions can be generated by building mechanistic models of animal movement and demography
from first principles and scaling them up to population distributions (Paul R. Moorcroft, Lewis, & Crabtree,
1999, 2006; Paul R. Moorcroft & Barnett, 2008; Paul R. Moorcroft, 2012). Arguably, models with lots of bio-
logical detail (e.g. based on principles of physiological tolerance, movement behavior and social interactions)
bring greater insights and predictive capability (Kearney & Porter, 2009; Hefley & Hooten, 2016). However,
mechanistic modeling can be quite demanding technically and is generally more vulnerable to model misspec-
ficification (models that disagree with the data) and parameter identifiability issues (situations where the
data are not sufficient to estimate all model parameters). These problems can only be revealed if models are
confronted with data. For example, the series of papers by Lewis and Moorcroft cited above, which form the
state-of-the-art in mechanistic distribution modeling, require specific assumptions about animal movement
and rely on sufficiently mathematical users who can formulate and manipulate partial differential equation
models. Alternatively, we may choose to employ empirical, statistical models (Guisan & Zimmermann, 2000;
Guisan & Thuiller, 2005; Guisan et al., 2017). The deciding trade-off between mechanistic and empirical
models is one of realism and predictive capacity against the ease of use and robustness to misspecification. In
this book, we build up from the foundations of the empirical model, but all of its extensions strive to increase
its mechanistic content.

Within the class of empirical models (see review by J. Matthiopoulos & Aarts (2007)), we can distinguish
between models that merely reconstruct the spatial density of a population (such as kernel smoothing, additive
smoothing, or geostatistical methods) and regression methods that rely on habitat information as explanatory
variables. Spatial density estimation methods rely on geographical proximity and the existence of spatial
autocorrelation (Levin, 1992) to interpolate between observation points and map density in unobserved space,
or alternatively, to smooth a finite data set of synoptic observations into a population-level expectation of
usage. Density estimation methods focus on removing spurious variability from the predictions, but aim to
stay as close as possible to the observations. Therefore, their ability to describe the available data is often
better than that of habitat models (Bahn & Mcgill, 2007). Habitat models, on the other hand, are not by
default spatial, since they are fitted in environmental (or niche) space (Pearman, Guisan, Broennimann, &
Randin, 2008). Consequently, the greater ability of habitat models to interpolate and extrapolate spatially
relies on the quality and relevance of their underpinning covariates. The deciding trade-off between density
estimation and habitat models is one of faithfulness to the particular distributional data collected and the
ability to extend predictions beyond the spatial and temporal frame of data collection. We aspire to generality,
so we build on the habitat model as a foundation, but later return to spatially explicit extensions.

Within the class of habitat models, we distinguish between two main categories. The first, are known as profile
methods and they argue that knowledge of where, in niche space, a species occurs is sufficient to understand
its fundamental niche and map its current and future distribution. Broadly, this category includes methods
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such as climate envelope models and the use of multivariate statistical methods such as principal component
analysis (PCA) for the analysis of presence-only methods (reviewed in Pearce & Boyce, 2006). The alternative
class of use-availability schemes either contain representative information on the distribution of organisms
(i.e. presence and absence), or they supplement presence data with availability data, allowing the models to
contrast the habitat choices that organisms made, with the options that they had available to choose from.
The broad area of use-availability schemes includes the vast literature on resource-selection functions (Boyce
& McDonald, 1999; Morris, Proffitt, & Blackburn, 2016) and maximum entropy approaches (Elith et al.,
2011; Merow, Smith, & Silander, 2013). Profile methods have been critiqued extensively in the methodological
literature (see Pearce & Boyce, 2006 for a review), and there is really no sound scientific reason for choosing
to use a profile method.

The final decision stage is mostly perceptual, relating to how space is conceptualized for the purposes of
modeling the data. For example, space may be thought of as a regular grid (e.g. comprising squares, or other
regular forms of tessellation, such as hexagons - see Grecian et al., 2016). In that case, the spatial data take
the form of counts and are modeled by appropriate probability models such as the Poisson. Alternatively, and
more realistically, space may be thought of as continuous and different spatial locations may be characterized
by whether a species was present or absent. In that case, spatially referenced data take the form of zeroes
and ones and the most appropriate probability model is Bernoulli (Aarts, MacKenzie, McConnell, Fedak, &
Matthiopoulos, 2008; Gelfand & Shirota, 2019; Gelfand, 2020). Yet another approach within the continuous
space framework is to imagine that observations of organisms appear at random locations almost like pin-lights
that blink in and out at different time frames of observation. This framework, known as the Inhomogeneous
Point Process (IPP) models the occurrence of events within a unit of time and space as originating from a
smooth intensity surface, describing the instantaneous and infinitesimal rate of the Poisson process (Aarts,
Fieberg, & Matthiopoulos, 2012; Fithian & Hastie, 2013; Renner et al., 2015; Fletcher et al., 2019; D. A.
Miller, Pacifici, Sanderlin, & Reich, 2019). It is an elegant approach that makes an implicit comparison
between use and availability, captures heterogeneities in the distribution of the population (e.g. due to
environmental covariates) but, can with equal ease, use the intensity surface to represent heterogeneities in
the distribution of spatial observation effort (so that, regions that receive no observation effort will have a zero
intensity when modeling the data). The deciding trade-off between count, presence-absence and point process
models is in how the data are recorded and whether the user feels comfortable in conceptualizing infinitesimal
quantities. We consider the IPP to be the most general framework from which to view all other existing
approaches and as the underlying generating process to all types of spatial data. We will introduce the IPP
formally in Chapter 3.

1.10 Hybridisation of SDMs

The tapestry of different modeling approaches to species distributions is often perceived in as fragmented
a way as we followed in the preceding section. This presentation often gives the impression that the only
way to deal with the multiplicity of approaches is to compare their performance and choose the “best” (e.g.
Oppel et al., 2012). This performance comparison is not a fruitful approach when we can strive for the
best-of-several-worlds solution. Indeed, there is a methodological kinship between many of these approaches
that is rarely apparent in the applied literature. Having so far organized the literature as a sequence of three
strict dichotomies and a final trichotomy (Fig. 1.11), it is good to take a more synthetic and conciliatory
view on the above decisions. It is, in fact, the case that a hybrid approach is possible that retains the best
elements of all the approaches discussed above.

Specifically, if one starts from a purely empirical model, it is possible to move it towards a higher mechanistic
content. In the simplest case, this can be done by carefully considering the biological relevance of the set
of covariates that are offered to the model (Bell & Schlaepfer, 2016). It is also possible to construct more
sophisticated covariates using mechanistic models to try and increase the explanatory power of empirical
models (Kearney & Porter, 2009; Jason Matthiopoulos et al., 2015). More recently, it is becoming possible to
fit structurally complex models directly to data either by likelihood approaches, but most often, via Bayesian
approaches. These developments have come mostly from the field of integrated population modeling (Fieberg,
Shertzer, Conn, Noyce, & Garshelis, 2010; Jason Matthiopoulos et al., 2014; Zipkin & Saunders, 2018; Yen
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et al., 2019), as well as data-integration; the main benefit to integrative frameworks is their capability to deal
with nonlinearity, a feature characterizing most biologically realistic (i.e. mechanistic) models.

Also, the separation between spatial and habitat-based models can be made less strict. Geostatistical models
can accept habitat covariates and habitat models can accept spatial autocorrelation structures (Dormann
et al., 2007). A considerable advantage of these models is that they can separate effects caused by habitat
covariates and dependencies in the data (but see Hodges & Reich, 2010). A perceived (but not entirely
accurate) limitation of this approach is that predictions from hybrid spatial-habitat models are tied to the
spatial extent of the data collection (i.e. the study area). However, inclusion of spatial autocorrelation
structures can lead to a more accurate representation of the link between the species and environmental
variables, which may also improve predictions outside the study area (see also Chapter 2).

The separation between use-only (or, profile) models and use-availability models may appear to be the most
clear-cut of the branchings in Fig. 1.11. Profile methods assume that different habitats are equally available
(Merow et al., 2014), and therefore, they interpret the habitat choices of organisms as purely the result of
preference, not as a combination of preference and availability (Jason Matthiopoulos, 2003a). Profile models
also misappropriate the ecological term “niche” because they aspire to define a species’ viable hypervolume
in environmental space, and yet make no explicit connection between habitat data and population trends
representing information on viability (Peterson et al., 2011; Jason Matthiopoulos et al., 2015). Therefore,
profile methods have some fundamental flaws from an ecological perspective. And yet, despite their lim-
itations, their aspiration is worthwhile and connections to the use-availability model can be made. Using
habitat models to make sense of population viability should be a key objective in our search for defining
critical habitat and in driving conservation efforts. Recent publications (Jason Matthiopoulos et al., 2015,
2019) have shown how this can be achieved in practice by using the more defensible option of use-availability
methods as a platform to build upon.

Finally, the decision between different approaches to modeling space is driven by the available data, but it can
be argued that the distinctions between approaches are not clear-cut because the IPP can be thought of as
a data-generating process for all of them. Data types commonly used for SDMs are count, presence-absence
and presence only (Hefley & Hooten, 2016). Count data can be divided into point counts (e.g. point or
line transects) and quadrat counts (comprehensive count in an area) (Hefley & Hooten, 2016), although the
distinctions between those two can be blurred. Presence-absence (or occupancy) data may either originate
from count data that have been converted to binary form, or they may be the result of survey effort units that
were terminated as soon as the species was detected once (Hefley & Hooten, 2016). Finally, presence-only
data may include observations from known survey effort units (e.g. telemetry), or alternatively unknown effort
surveys (such as museum records, or some citizen science programs). Several papers (Warton & Shepherd,
2010; Aarts et al., 2012; Fithian & Hastie, 2013; Hefley & Hooten, 2016) have shown that the separation
between count, presence absence and point process models is not substantial. Indeed, all of these methods
can be thought of and re-formulated under an Inhomogeneous Point Process Model. Furthermore, widely
used spatial modeling packages such as MAXENT, can be thought of as point process models (Fithian &
Hastie, 2013; Renner & Warton, 2013). Conversely, computational methods used for efficiently fitting point
process models to data make use of spatial discretization, similar to grid-based methods, but using more
efficient schemes tailored to the data (Lindgren, Rue, et al., 2015).

1.11 Concluding remarks

For presentational reasons, we will introduce SDMs in two parts, which we will tentatively name process
and observation models. The process model (which will form the subject of Chapter 2) encompasses the
mathematical relationships between habitat variables and predicted usage or fitness. In these early discus-
sions, the boundary between fitness and distribution will be blurred, because we will be operating under the
pseudo-equilibrium assumption. In later chapters, as the assumptions of the null models become relaxed, the
distinction between suitable and used habitats will become more detailed. By the same token, the distinction
between an SDM and a SHA model will be non-existent, in these early chapters.

The second component of an SDM, the observation model (which will form the subject of Chapter 3) will
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include the statistical and conceptual machinery needed to fit the process model to distributional and en-
vironmental data. Therefore, in Chapter 2, we will discuss how to go from mathematical models of fitness
and suitability to spatial maps of species distribution, and in Chapter 3, we will think of the data generating
process in stochastic terms and discuss how to use spatial data to parameterize the underlying process model.



Chapter 2

Modelling Species-Habitat
Associations

2.1 Objectives

The objectives of this chapter are to:

1. Explore the function and scope of the process component of a Species Habitat Association Model. How
can we translate basic ecology into basic models?

2. Outline the two necessary ingredients of process models for species-habitat associations: the availability
of habitats in the environment and their resulting usage by animals, or plants.

3. Present the Use-Availability (U-A) approach, a broad conceptual framework that encompasses all ex-
isting SHA process models and can be expanded to incorporate more biological realism.

4. Introduce the connection between U-A models fitted in environmental space (E-space) and the expected
usage surfaces mapped in geographical space (G-space).

5. Explain how the structure of the process model can describe responses to resources, conditions and
risks, capture trade-offs and complementarities between resources.

6. Suggest future extensions to process models that are not currently implemented in published studies,
but are anticipated by theoretical models.

2.2 You are here

This chapter focuses on how the biological questions and challenges from Chapter 1 can be formalized into
expandable mathematical frameworks. To link up with the biological motivation of SHAs, the underlying
frameworks seek to address questions about individual selection (a behavioral process) and state (a physi-
ological and life history process). They also aspire to be relevant to predictions about population viability
and demographic functions. These biological motives are best satisfied in environmental (or niche) space.
However, this chapter also aims to link forward to Chapter 3, by translating the predictions of environmental
models into observable, geographical space. The first three chapters together, achieve the transition from
questions-to-data and back again.

47
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2.3 Formalising the association between habitat and species

The most common image conjured up when considering species-habitat associations is of several spatial layers
of environmental variables being fed into a statistical model, that produces (often, with a considerable degree
of automation) a corresponding species layer (Fig. 2.1). This output layer is thought of as representing some
notion of habitat suitability, or expected usage.

Within the SHA community, this kind of representation (a glorious sandwich of geographical layers achieved
by a statistical model) has immense appeal for five reasons. First, geographical space is intuitive. It is,
after all, the natural space that we inhabit, we perceive, and have built intuition in. Second, animals and
plants give us evidence of their preferences for particular habitats by coinciding spatially with those habitats.
Third, statistical models are simple, quantitative and sufficiently removed from biological mechanism. This
makes them objective (a good thing) and, at the same time, almost immune to biological criticism (a really
bad thing). Fourth, color maps of habitat suitability are intrinsically beguiling and often difficult to dispute,
especially when the quantity they depict is not defined precisely. Finally, the geographical viewpoint is partly
a historical relic from earlier times when studies did not use statistical models, but just visually compared
different GIS layers. All these sources of appeal (to which we must also admit our own vulnerability), have
made the SDM workflow appear understandable and, even, trivial.

There is little doubt that we need to (somehow) funnel the influence of multiple environmental variables into a
single map representing habitat suitability, so the general notion of Fig. 2.1 is correct, but its implementation
into models conceals two pitfalls. As the users and developers of these methods, we need to consider exactly
how the input layers (let us call them x1, x2, x3, ...) are combined within the model’s black box, and we also
need to define, precisely, the meaning of the model’s output.

 
 
 

Statistical 
model 

Environmental  
variables 
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suitability 

Figure 2.1: Species-habitat association models are usually imagined in geographical space as a superposition
(a combination) of environmental layers, into some measure of habitat suitability, via a statistical model.
The statistical model is often treated as a black box, and the emphasis is placed on the relative contribution
of the input layers to the resulting map.

The exact mathematical translation of Fig. 2.1 is the addition of multiple layers into a single, resultant map.
Then, each cell of the output layer would be calculated by the corresponding values (x1, x2, x3, ...) of the cells
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of the input layers

K∑
k=1

xi = x1 + x2 + ...+ xK (2.1)

Of course, not all inputs are equally important for the resultant (however we choose to define this resul-
tant, biologically), so we should allow for the possibility of adjusting the contribution of the different layers
according to some coefficients α. Something like

K∑
k=1

αkxk = α1x1 + α2x2 + ...+ αKxK (2.2)

If we impose no constraints on the sign and value of these coefficients and input layers, this kind of expression
can take any values between −∞ to +∞, which is not ideal, if we want to use it to describe things like
expected usage (a non-negative quantity). So, we may need to constrain this expression in an appropriate
way, depending on the definition of the output layer.

More challenges like these soon present themselves. For example, there is nothing to say that such additive
combinations of the inputs are realistic. As we saw in Chapter 1, environmental variables can act in ways that
are highly non-linear. Trade-offs, synergies, complementarities between variables are the biological rule, not
the exception in how the environment affects the distribution of species. Also, when asking population-level
questions, how can we account for the fact that individual animals and plants can behave in different ways in
different contexts and during different life-history stages? How can we account for population composition,
density-dependent processes and evolutionary pressures?

If we think biologically about these problems (as we always should), then suddenly, the simplistic, phe-
nomenological approach of Fig. 2.1, seems very far away from the questions we are trying to answer with it.
How do we attempt to move from pattern-driven (phenomenological) models, to process-based (mechanistic)
ones?

The process component of a SHA model is ultimately intended to encapsulate all of the ecological truths that
can be feasibly extracted from the available data via the process of model fitting (see Chapter 3). Ideally
therefore, the parameters built into the process model should be biologically interpretable. In theory, a
fully-detailed process model should be able to inform us about the behavioral decisions mediating habitat
selection, the energetic and nutritional trade-offs and synergies of resources on animals and plants, the effect
of conspecifics and heterospecifics on the expected distribution of usage, etc. However, the degree to which
process parameters are amenable to interpretation depends on how mechanistically-motivated a process model
is. Traditionally, research in this area has tended to think of SHA process models as purely phenomenological
(e.g. Generalized Linear Models - GLMs), and has attempted to catch glimpses of biological causality by
observing the direction and magnitude of correlations between usage and its suspected covariates. Have a
look at eq. (2.2), which already looks like the linear predictor of a GLM. The parameters αi are a far-cry
from basic biological parameters with clear physical interpretation (such as an individual’s basal metabolic
rate or the handling time needed to consume its prey).

However, the underlying process framework need not be constrained solely to providing such indirect infer-
ences. For many years, we have had access to process models with high levels of biological detail (Nisbet &
Gurney, 2004; Otto & Day, 2011; Murray, 2013), and recently, we have been acquiring the statistical ability
to confront them with field data (Newman et al., 2014; Hooten, Johnson, Mcclintock, & Morales, 2017; Kery
& Royle, 2020). A good strategy, when approaching the empiricism-mechanism dilemma, is to start with an
empirical model that can be incrementally (and strategically) expanded with mechanistic detail. Therefore,
in this chapter, we take the broadest possible view of process models in SHAs, aiming to embed simple phe-
nomenological models in their true context and, also, to signpost the routes that can be followed to flesh-out
these skeleton empirical models with more biological mechanism.
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2.4 The meaning of the SHA model output

So, how should we interpret the output of the SHA process model? There are a great many options to
choose from, unfortunately, and not all of them are correct for particular process models. For example,
for most currently available models, the interpretation of the output as a measure of habitat suitability is
more wishful thinking than truth. As we explained in Chapter 1, organisms are frequently found at places
that are not suitable for them (e.g. either because they have to transit through them, or because they
overflow from nearby suitable places). Conversely, organisms are frequently not found at places that may
be suitable for them (e.g. either because they have not yet extended their range to include these places, or
because they need complementary access to other habitats, that happen not to be nearby). Various flavors
of “niche-related” models (A. H. Hirzel, Hausser, Chessel, Perrin, & Jul, 2002; Alexandre H. Hirzel & Le
Lay, 2008; Broennimann et al., 2012; Robertson;, Caithness, & Villet, 2012) assume that population density
is proportional to fitness. This presumption will influence the biological conclusions to an unknown extent
(Peterson et al., 2011). In Chapter 1, we introduced a null model for SHAs that preserved the correspondence
between distribution and fitness, precisely to allow us to discuss and develop the main ideas of SHAs without
worrying about these additional biological complications. We will return to these problems (and proposed
solutions) repeatedly in this book, but for now, we need a working definition of the model output.

The final output of a SHA process model represents expected spatial usage by an individual
or a population

Here, we use the term expectation in its statistical sense (as a population mean or long-term average). Spatial
usage may be defined as a relative measure, a proportion attributed to each cell in geographical space, or
a probability density associated with each set of spatial coordinates. Alternatively, in the case of entire
populations, usage may be defined as an absolute amount, integrating to the total population size, over the
whole of space.

2.5 The process model, as a black box: Inputs and outputs

We begin by considering the inputs and outputs of a SHA model, particularly focusing on their constraints.
In general, the process model can be thought of as a function h that takes input values from a domain X and
gives output values in a range U.

U = h(x) h : X → U (2.3)

The domain, range and structure of the mathematical model can vary in their definition and complexity. If
we consider the process model as a black box operating on its input(s), to produce its output(s), the possible
definitions of the domain and range can be quite informative.

For example, the domain X can be thought of environmentally, spatially and temporally. A spatial domain
G, or G-space may be defined in terms of latitude and longitude on a map (with the possible addition of
altitude, or sea-depth as a third spatial dimension). Any subset of G-space is possible (e.g. resulting from
the boundary of a particular study region). An environmental domain E, or E-space may be defined in terms
of continuous or discrete environmental variables. Examples of continuous variables include temperature,
humidity, food abundance, predator abundance etc. Examples of discrete variables include pre-designed
classifications of the environment into habitat classes (as is often done for the purposes of preparing color
maps by Geographic Information Systems). A temporal domain T, or T-space is defined as any subset of
the real numbers signifying a time interval. Most SHA models are defined in E-space (so that, X = E).
All purely spatial models (e.g. most geo-statistical or trend-fitting models) are defined in G-space (so that,
X = G).

Combinations of those spaces are, of course, possible and there are some examples (Hedley & Buckland, 2004;
Augustin, Trenkel, Wood, & Lorance, 2013) of habitat models that account for residual spatial autocorrelation
by using spatial dimensions (so that, X = E ∪ G). Such models effectively fold the spatial location into the
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Table 2.1: Examples of the range of SHA models

Domain (X) Examples
E Species association with food and water
G Description of a spatial trend in species density
E ∪ G A species invasion gradient interacting with habitat variables
E ∪ T Seasonality in habitat responses
G ∪ T A dynamic gradient in space
E ∪ G ∪ T Seasonal responses to habitat on a multi-annual invasion gradient

definition of “habitat” (making each location a unique habitat, and each habitat a unique location). Such
geographical extensions of the process model are made mostly as heuristic tools to increase the variability
explained by SHA models and, on some occasions, they can motivate ideas about the shape of missing
covariates.

The temporal dimension is occasionally employed to augment the domain (X = E ∪ T), leading to the
construction of dynamical SHA models (Augustin et al., 2013; Hooten, Hanks, Johnson, & Alldredge, 2014).

Table 2.1, shows some increasingly fanciful possibilities of process model domains, but for much of this book,
we will consider SHA models fitted exclusively in E-space. Although we may occasionally consider spatial
proximity between habitats, we will not usually employ the specific location within the process model.

The process model associates a value of absolute or relative usage, with each point in the model’s domain
(see Section 2.4). Therefore, for the vast majority of SHA models, the range U of values is assumed to be
one-dimensional. Indeed, with no loss of generality, we can think of the output (the relative usage of any
given habitat x) as a proportion of an individual’s time or the portion of a whole population, so that so
that, U = [0, 1]. Conceivably, it is possible to extend our process model’s range to multiple dimensions. Such
models could, for example, simultaneously look at the associations of multiple species with habitat (Guisan &
Zimmermann, 2000; Ovaskainen, Hottola, & Shtonen, 2010; Wisz et al., 2013; Ovaskainen & Abrego, 2020).

2.6 Usage in Geographical and Environmental spaces: Model
transferability

Let us consider the example of two environmental variables that act as resources for a particular species.
In Figs 2.2a,b we show two such examples plotted in G-space. We assume that the organism can aggregate
its usage in regions of space that offer a good combination of both resources (according to some unknown
preference function, expressed by the organism through some unknown selection process). This behavior
gives rise to a utilization distribution shown in Fig. 2.2c. The colors in that figure represent the frequency of
use of a particular location s in geographical space (dark greens for low usage and light browns for high).

However, most of our SHA models are not designed to be explicitly spatial, for one very good reason to
do with model transferability. A model that is formulated to produce predictions about particular points in
space s is only directly usable for prediction if we are interested specifically in those points1. In contrast, a
model that anticipates usage of a particular habitat x has the potential to give us useful predictions for times
and places other than those for which we have data. Achieving transferability in predictions is the holy grail
of SHA models (Randin et al., 2006; Tuanmu et al., 2011; Wenger & Olden, 2012; Sequeira, Bouchet, Yates,
Mengersen, & Caley, 2018; Yates et al., 2018; Qiao et al., 2019), and a core theme of this book. Although

1Hence, a model that uses longitude and latitude as fixed or random effects is tied to the geographical region in which it
was fitted. This may be a good idea when controlling for missing covariates, but in order to predict in other regions the spatial
terms must be dropped. Such an approach (i.e. explicitly spatial during the model fitting stage, but non-spatial during the
prediction stage) could increase the robustness of predictions by accounting for residual spatial autocorrelation (although it may
inadvertently lead to the removal of covariates that are important Hodges & Reich, 2010).



52 CHAPTER 2. MODELLING SPECIES-HABITAT ASSOCIATIONS

this highly desirable property cannot be achieved simply by thinking and modeling in E-spaces, doing so is
a prerequisite for transferable SHA models.

It therefore helps to be able to think of biological processes in E-spaces, i.e. spaces whose dimensions are
environmental variables, rather than geographical coordinates. In principle, they are more challenging to
visualize because they can very easily become high-dimensional (no ecological system exists in more than three
geographical dimensions, but most systems are usually influenced by a myriad of environmental variables).
However, thinking about E-spaces in one or two dimensions (i.e. in terms of one or two environmental
variables) builds intuition that is readily transferable to more complex, multidimensional E-spaces. Plotting
the observed usage of G-space (Fig. 2.2c) in E-space, requires us to identify all G-cells that are characterized
by similar combinations of resources, and to sum the proportions of usage they contain. We will use the
symbol f to denote frequencies plotted in this way in E-space. Since each cell in this plot represents the
frequency of usage of a habitat x, we will denote this quantity by fu(x).

The result is shown in Fig. 2.2d, plotted in a different color scheme, to emphasize the transition from G-
to E-space. Cells close to the origin of this plot represent habitats that are low in both resources, whereas
habitats towards the top right corner represent utopian habitats with an embarrassment of riches. In that
map, cold blue colors represent lack of usage, whereas warmer colors (towards yellow) show us habitats that
are used a lot. As might be expected, the habitats at the bottom-left of E-space are not used very much,
but, perhaps less intuitively, the utopian habitats at the top right are not used at all. What is going on?

2.7 Lifting the black box lid: Habitat usage and habitat availabil-
ity

Well, the answer becomes easy to guess if, instead of usage, we focus on visualizing habitat availability in
E-space (Fig. 2.2e). This new quantity, let us call it fa(x), represents the frequency with which habitats
of similar characteristics appear in the environment at-large. Notice the dark blue colors at the top-right of
that plot: Utopian habitats do not physically exist, which might explain why they appear not to be used
in Fig. 2.2d. The pattern of apparent habitat preference, is better revealed in Fig. 2.2f, where we have
attempted to control for the effects of habitat availability by plotting the ratio of usage over availability
fu(x)/fa(x). The white areas of this plot are essentially non-existent habitat, so the picture is not strictly
complete, however, the colored areas reveal a very simple tendency in habitat preferences of “more-is-better”,
as the color gradient goes diagonally from low (bottom-left) to high (top-right).

Quantifying the availability of a habitat is an essential part of any attempt to quantify preference for that
habitat (D. H. Johnson, 1980). It is generally impossible to express total usage of a habitat purely as a
function of preference (Jason Matthiopoulos, 2003a) because doing so would imply that organisms can use
habitats that do not physically exist. If this point seems self-evident, then perhaps it is valuable to highlight
that there are several methods that make just this assumption (A. H. Hirzel et al., 2002; Broennimann et
al., 2012; Robertson; et al., 2012).

Fig. 2.2 also reveals another common truth about G- and E-spaces. In general, objects in G-space are
more likely to have multiple peaks and troughs, since there may be several different areas in G-space with
similar properties. Indeed, the whole part of the ecological literature that deals with patchy environments
and metapopulation occupancy patterns, is a direct result of that fact. However, E-space gradients in
habitat availability, usage and especially preference, are comparatively simpler constructs, that are more
easily captured by monotonic, or unimodal mathematical models (Jason Matthiopoulos et al., 2020). If you
cast your mind back to our classification of environmental variables from Chapter 1, in theory, the behavior
of habitat preference along any single dimension of E-space can be modeled as an increasing (resource),
decreasing (risk), or unimodal (condition) function.

With all of the above in the background, it appears that to understand species-habitat associations, we
need to consider habitat availability, because what an organism will be observed using depends on what
it needs/wants and what it can find/access. We want to ensure that observed usage will be zero both for
undesirable and for unavailable habitats (2.3).
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Figure 2.2: An example of use and availability of habitats in geographical and environmental space. We
consider two geographical layers (a and b) representing the geographical distribution of two resources. On
those, we superimpose the utilisation distribution (c) of a hypothetical animal. We can recast this information
into environmental space. Usage of habitats in E-space (d) is, essentially, a histogram of the frequency with
which different resource combinations are used by the animal. Similarly, the availability of habitats in E-space
(e) is the frequency with which different combinations of resource abundances occur in the environment. A
measure of apparent habitat preference (f) can be obtained by dividing habitat use (d) by habitat availability
(e). Here, white space indicates division by zero (i.e. non-existent habitats).
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Figure 2.3: Use of space by organisms, is a combination between two influences. What kinds of habitats they
prefer (or, can survive in) and what kinds of habitats are available to them. Habitats may be unavailable
either because they don’t exist, or because they are not accessible.

Multiplication is a good trick here2:

What I use = (What I want) × (What I can find) (2.4)

The underlying biology of these loosely used words is considerable. The choices of organisms are not neces-
sarily fully expressed by them within the frames of observation, or in a way that is always aligned with their
fitness. Similarly, the availability of habitats to organisms relies on a complex interplay between landscape
structuring, organisms’ cognition and mobility (Jason Matthiopoulos, 2003b; Jason Matthiopoulos et al.,
2020). Be that as it may, if we pretend for the moment that we have some intuitive understanding of these
concepts, we can plausibly write the expected usage of a habitat in terms of some function (h) expressing
habitat preference

fu(x) = h( )fa(x) (2.5)

The function h() is the core of the process model and will ultimately be required to absorb all the intricate
biological mechanisms described in Chapter 1. So, how do we start giving it a form? Biologically, the
simplest version of the function h is constant, implying that an organism will use a habitat in proportion to
its availability.

fu(x) = hfa(x) (2.6)

Indeed, if usage and availability are expressed as density functions (such that,
∫
E fu(x)dx = 1 and∫

E fa(x)dx = 1), then the proportionality relation implies that usage is equal to habitat availability
(i.e. h = 1). The biological scenarios that justify this kind of model are restricted to indiscriminate
organisms, species that roam the entire landscape without preferentially selecting to move to, or even linger
in, some habitats over others. Arguably, from the point of view of species-habitat association, this model is

2If you prefer to think in terms of probability, this expression can be written as P (Use, Available) =
P (Use|Available)P (Available). The conditional probability in this expression, represents habitat selection.
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somewhat boring, because it implies no association at all. It is nevertheless, an appropriate null model for
the process of selection, because it corresponds to uniform usage of G-space.

Deviations from this null model, are thought of as manifesting disproportionate usage of habitats compared
to their availability. This is the point where we can start talking about habitat selection. Mathematically, we
can achieve this behavior by writing h as a function of habitat.

fu(x) = h(x)fa(x) (2.7)

Regarding the properties of h(x), we know that it needs to be non-negative because it makes no sense to
define a multiplier for availability that may lead to negative usage. We also know that it must preserve the
unit-sum properties of usage because no individual or population can exist for more (or less) than 100% of
their time in this world (i.e.

∫
E fu(x)dx = 1). Therefore, we need:

h(x) ≥ 0 ,

∫
E
h(x)fa(x)dx = 1 (2.8)

In this first model of disproportionate usage, we can rewrite eq. (2.7) as

h(x) = fu(x)
fa(x) (2.9)

which gives us an intuitive model for the habitat preference function, as the ratio of a habitat’s usage over
its availability. If you need to visualize this, then just look at the example of Fig. 2.2f, which shows exactly
this ratio across E-space.

2.8 Thinking inside the box: Mathematical formulations

Now, let us try and put some more details into our definition of the process model. We will do this incremen-
tally, leading up to a correct expression for h(x). Let us imagine that we want to write habitat preference
as some simple linear combination g(x) of the characteristics of a habitat. This follows the superposition
rationale from Section 2.3, and, in particular, eq. (2.2). In general, for a vector of n environmental variables
x = (x1, ..., xK) this could be

g(x) =
K∑

k=1
akxk (2.10)

We will call g(x) the predictor function, a name that echoes the linear predictor functions of GLMs, but
still allows a potential relaxation of linearity, in more elaborate models. For the simple example of habitat
preference with two resources, seen in Fig. 2.2, the predictor function was

g(x) = 0.04x1 + 0.08x2 (2.11)

In this example, we had positive coefficients in response to both environmental variables but, in many cases
(e.g. environmental risks), we might like to express avoidance for increasing values of an environmental
variable. In these cases, the coefficients of the model may need to take negative values, and ultimately yield
negative values overall for the preference function. This is expressly forbidden by eq. (2.8) which requires
a non-negative valued function. There are many ways that an unbounded expression can be constrained
to be non-negative (e.g. by taking its absolute value or raising it to an even power). The SHA literature
customarily uses the exponential function. We will denote this transformed predictor function by w(x)
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w(x) = exp(g(x)) (2.12)

We will call w(x) the resource (or habitat) selection function, a well-established name for this function
(Boyce & McDonald, 1999; Mark S.Boyce, Pierre R.Vernier, Scott E.Nielsen, & Fiona K.A.Schmiegelow,
2002). Although this ticks the positivity requirement for eq. (2.8), we still need to ensure that its second
(unit-sum) requirement is observed. For example, as the values of x1 and x2 become larger across a landscape,
there is nothing to stop eq. (2.12) from integrating to more than one. We can put a cap to that value by
normalizing, as follows:

h(x) = w(x)∫
E w(x)fa(x)dx

(2.13)

Alternative ways of writing the function h are

h(x) ∝ w(x) or h(x) = k−1w(x) (2.14)

where

k =
∫
E
w(x)fa(x)dx (2.15)

The proportionality constant k−1 is needed if we want to eventually attach some numbers to the above
symbols. Considering the value of k in detail is relatively unimportant for following the main thread of the
story here, but it does hide a valuable story of its own. Calculating k from eq. (2.15) requires us to consider
the relative response of organisms to all relevant habitats. This means that, ultimately, any quantification of
the usage, or preference of a particular habitat, cannot be achieved without consideration of the usages and
preferences of all accessible habitats in the environment of an organism. In other words, it doesn’t matter
how large the value of the selection function w(x) is for a particular habitat x, what matters is how much
larger that value is compared to all other habitats.

We have so far presented three useful functions. The preference function h(x), the selection function, w(x),
and the predictor function g(x). These are nested within each-other as follows:

h(w(g(x))) = exp(g(x))∫
E exp(g(x))fa(x)dx

(2.16)

Bringing eq. (2.13) together with eq. (2.7) gives a complete expression for habitat use.

fu(x) = w(x)fa(x)∫
E w(z)fa(z)dz

(2.17)

Later, in section 3.5, we will see how this expression is employed by weighted distribution theory (Subhash
R. Lele, 2009) to fit these models to data.

2.9 Spatial intensity from habitat preference

The development and interpretation of SHA models requires some familiarization with G- and E-spaces. We
need to be able to move from physical to niche space and back again. In section 2.6, we made the forward
transition (G- to E-space). In this section, we discuss how to go back. To visualize our predictions in G-space,
we need a notion of usage per unit area of habitat. Let us consider the example of a species, observed in a
completely synoptic way (i.e. all occurrences of every individual in the population are recorded). A total of
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1000 observations are made. A total of 120 observations are recorded in a particular type of habitat. Taking
a look at the map of the study area, we measure that the total area occupied by this habitat is 3000m2.
Therefore, the average number of observations (from our total sample of 1000) to be found in each m2 of
that habitat will be 120

3000 = 0.04. In general, therefore

Usage per unit area of habitat x = Total usage of habitat x
Total area of habitat x (2.18)

The proportion of usage of this population to be found in any one m2 belonging to that particular habitat
will be 0.04

1000 = 4 × 10−5. Generating this kind of (per-unit-area) calculation for every habitat type can allow
us to populate each cell in G-space with values, leading to a map of expected usage by an individual, or a
population.

Assuming that we have obtained functions for habitat use and availability in E-space, can we construct a per-
unit-area calculation for plotting G-space maps? The trick is to look at the definition of habitat preference
from eq. (2.9):

h(x) = fu(x)
fa(x)

We can expand each of the three quantities in this expression. From eq. (2.14), we have

h(x) = k−1w(x)

From the definitions of fu(x) and fa(x) as probability functions, we can write:

fu(x) = Total usage of habitat x
Total usage of space (2.19)

fa(x) = Total area of habitat x
Total area of space (2.20)

Since k, the total usage of space and the total area of space are constants across some subset of geographical
space (say, our study region), we can rewrite eq. (2.9) as

w(x) ∝ Total usage of habitat x
Total area of habitat x (2.21)

Therefore, w(x), as given in eq. (2.12), is proportional to the use of a cell of type x in G-space. We will
use λ(s) to denote the expected usage at a geographic location s. This gives us the fundamental relationship
between E-space and G-space.

λ(s) ∝ w(x(s)) (2.22)

The expected usage of a geographical location (s) is proportional to the value of the selection function
associate with the habitat characteristics at that location (x(s)). Eq. (2.22) also delivers a simple algorithm
for generating spatial maps of expected usage from a SHA model. Here are the steps:

1. Consider any spatial location s in G-space
2. Take the vector of habitat characteristics x(s) at the coordinates of that location
3. Express the value of the resource-selection function w(x(s))
4. Assign that value to the location s
5. Repeat for all locations in G-space
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6. Normalize all the values so that they add up to 1 (i.e. 100% of usage) for the whole of space

For example, consider the maps of two resources (say x1 and x2) in G-space. Let us assume that these maps
are matrices3 and have the same dimensions. Let us further assume that the RSF for this species is given,
simply, by:

w(x) = e0.04x1+0.08x2 (2.23)

The R-code to plot a map of lambda would be:

w<-exp(0.04*x1+0.08*x2)
lambda<-w/sum(w)
image(lambda)

There is one feature of G-space that can wreak havoc on spatial predictions. We will call this accessibility
for short and will come to define it more clearly in section 3.11.2. Consider the following biological examples
where the transition from E- to G-space may give unrealistic maps:

1. We are interested in the distribution of usage of a particular pack of wolves who constrain their use of
space to their home range, a subset of the landscape. Hence, not all of space is accessible to them and
if we apply the above approach indiscriminately on all of the landscape, we will be spreading the pack’s
fixed amount of usage rather thinly, hence overestimating the usage of space outside their territory, and
underestimating it inside.

2. We are interested in the distribution of invasive plant species across the landscape. We may have a good
process model for the plant’s habitat preferences, but if we do not combine this with current dispersal
information, the spatial map will suffer. If, for example, only half of the landscape has become invaded
by the plant, showing a map of complete accessibility of the landscape is misrepresenting reality.

2.10 Thinking outside the box: Biological mechanism in process
models

Increase in the complexity of the preference function h can either come from first principles, or the function
can acquire added “wiggliness” under the instruction of the data (Wood, 2006). In this section, we look at
some immediate extensions that can enhance the biological realism and interpretation of SHA models. We
will assume that the form of the preference and selection functions are fixed (as defined in sections 2.7 and
2.8), and we will instead focus on the predictor function. It turns out that, by incorporating simple model
features, such as multiple covariates, quadratic terms and interactions, the predictor function can capture a
lot of interesting biology.

2.10.1 Single-variable models

Let us start by examining one-dimensional environmental spaces, in the variable x (Fig. 2.4a shows an
example of such a variable in G-space). Our basic classification of habitat characteristics into resources, risks
and conditions has an easy mathematical representation (Jason Matthiopoulos et al., 2015). Resources are
consistently desirable, so high values of resources should be preferred over low ones. We should therefore
expect a positive response to these variables. Risks (assuming they are real and perceived, or just perceived)

3You could think of them as rasters if you prefer to use GIS functionality in R
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Figure 2.4: Usage in response to different types of variables. Consider the generic layer in (a) which representes
the spatial distribution of an environmental variable. In the first and second columns we show the predictor
and selection functions assuming that the organism responds to the variable as if it is a resource (b, c), a risk
(e, f), a condition (h, i). In the third column (d, g, j) we show the expected distribution of the organism in
each of these three scenarios. For completeness, in the bottom row, we show the predictor, selection functions
and homogeneous spatial expectation for an organism that is unresponsive to the environmental variable.
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should have a negative response, indicating avoidance. Therefore, at the scale of the predictor function, we
can write

g(x) = α1x (2.24)

where α1 > 0 if x is a resource and α1 < 0 if it is a risk. This assumes the simplest possible form of monotonic
relationship between the variable x and the predictor. Other, more complicated monotonic functions are
possible (see e.g. section 2.10.6 on saturating responses), but the biology will need to warrant the use of
such additional complexity. However, the proportionality of eq. (2.24) does not mean that such a model’s
spatial predictions will be linear. Figs 2.4b & e, show (linear) plots of the predictor for a resource and a
risk respectively. The panels right next to them (Figs 2.4c & f) show the exponential version of the same
functions (i.e. w(x), defined, above as the selection function). Finally, the rightmost panels (Figs 2.4d &
g) show expected usage in G-space. These maps inherit the nonlinearity and complexity of the underlying
environmental variable, but as you might expect, peaks in the resource distribution match the hotspots in
expected usage, whereas peaks in risk are coldspots in expected usage.

Response to environmental conditions can be thought of as a combination of the above two scenarios. Consider
the example of water availability to an organism. Complete drought is a problem for any plant or animal, so
preference should increase together with water availability, initially. After a certain point however, inundation
becomes a risk, and preference should decrease with water availability. We therefore need a function that
describes such a modal response. The easiest one is a quadratic function

g(x) = α1x+ α2x
2 α2 < 0 (2.25)

The negative value of α2 ensures that the graph of g(x), is a downward-pointing parabola (see Fig. 2.4h).
Viewed as an RSF (Fig. 2.4i), this has a rather appealing uni-modal form that anticipates little usage at
extreme values of the environmental variable x. When applied to spatial prediction, this model gives us
bands of high expected usage (the yellow-white areas in Fig. 2.4j) at intermediate (optimal) values of the
condition x. Again, this is the simplest function that can create such a “peaked” response. More complicated
functions could be used to ensure, for example, that the curve in Fig. 2.4i is not symmetric, or that it has
thicker tails, but an enthusiastic biologist will really need to present a critical modeler with overwhelming
evidence to justify such increases in complexity. Even more demanding would be the biological case for a
multimodal response to a condition. It is not inconceivable, but seems somewhat less likely (Austin, 1999),
that an organism has two optima at different regions of the same variable. It may be argued that such
apparent multimodality is the result of responses to more than one variables that have an interactive effect
on the organism, so that such phenomena are best modeled in the setting of more than one variables (see
section 2.10.3 below).

There is a special case of univariate relationships, indicating absence of preference. An unresponsive relation-
ship g(x) = 0 is obtained by setting the coefficients α1 and α2 to zero. According to eq. (2.12), this yields a
resource-selection function w(x) = 1. Placing this into eq. (2.13), we can show that h(x) = 1. What does this
imply? In environmental space, it means that values of x are used in proportion to their availability (from
eq.(2.7)). In geographical space (see, eq.(2.22)), it means that all points are expected to be used uniformly.
These facts are depicted in the bottom three panels of Fig. 2.4.

The above framework captures a wealth of biology with considerable mathematical economy. Using a 2nd-
order polynomial g(x) = α1x+ α2x

2, one of the best-behaved functions in high-school mathematics, we can
represent qualitatively different types of variables by selectively switching different α parameters on and off.

At the same time, this framework also illustrates why it is better to motivate model development from
biological first principles rather than mathematical completeness. For example, it is hard to think of a
biological reason why an upward-pointing parabola (obtained when α2 > 0) would make sense across the
entire range of values of x. However, such a curve might make sense for smaller windows of the full range.
In Fig.2.5 we illustrate this point for both upward and downward-pointing parabolas. Different parts of the
curve can be used to model different types of responses, if we are prepared to restrict the values of x (i.e. if
we zoom in at selected windows of these plots).
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Figure 2.5: Upward and downward pointing parabolas (in the exponential scale corresponding to an RSF) and
their biological interpretation over different segments of the environmental variable. The curves behave like
resources in the green windows and like risks in the red windows. They appear approximately unresponsive
to the environmental variable in the blue regions.

This observation is particularly relevant when data and uncertainty are involved (see Chapter 3). If the
window of observed values for x is sufficiently narrow, and if there is enough fuzziness in the data, then a
condition can be misconstrued as a risk and a resource or an irrelevant variable (indicating no response).
Indeed, a parabola with a positive value of α2 may be supported by the data in describing a resource or a
condition.

Therefore, it is necessary to use biology to supervise the interpretation of these models. This means that
only the first of the following two statements is advisable:

• “I know that my species cannot thrive in the absence or in the superabundance of water. I will therefore
use a quadratic model to describe its relationship to this variable”

• “Within my limited window of data, the species shows a negative/positive response to water. I will
therefore conclude that water is a risk/resource for this species”

2.10.2 Two-variable models: Additive predictors

We can now move on to models with more than one variable. We will generalize on the idea of eq.(2.25),
allowing us to look at how combinations of the three basic categories of environmental variables (resources,
risks and conditions) behave when they act in tandem. Notionally, to keep track of the extra complexity,
we can use a double-subscript αi,j to indicate that the coefficient belongs to the jth-order term of the ith

environmental variable.

g(x1, x2) = α1,1x1 + α1,2x
2
1 + α2,1x2 + α2,2x

2
2 α1,2, α2,2 < 0 (2.26)

By setting the α’s to positive, negative or zero values, we can create combinations between resources, risks
and conditions. These are shown in Fig.(2.6). There are two qualitative points to make here that connect
these models with ecological principles.
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Figure 2.6: Two-variable combinations, generated by pairwise models of resources, risks and conditions. The
ramp from cold to warmer colours indicates increasing preference.
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The shape of fundamental niches: Because SHA models are specified in E-space, there is an understandable
tendency to try and interpret them in terms of the ecological niche of a species (Pulliam, 2000; Bahn & Mcgill,
2007; Alexandre H. Hirzel & Le Lay, 2008; Holt, 2009; Warren, 2012, 2013; McInerny & Etienne, 2013). We
will examine niche theory in more detail in later chapters, but it is worth broaching the issue early on.
The fundamental niche is often described by its Hutchinsonian definition of an “n-dimensional hypervolume”.
The image that most textbooks use to visualize it, is akin to our Fig.(2.6f) - areas (or volumes) contained
within closed contours in E-space (Blonder, 2018). However, as all the other plates in Fig.(2.6) clearly
indicate, functions in E-space need not give rise to closed contours. For instance, there is no reason why
the fundamental niche of an organism comprising just resources should be a closed hypervolume, because
that would exclude perfectly desirable habitats that just happen to be superabundant in resources (Chase &
Leibold, 2003).

There may be a couple of reasons for this misleading imagining of niches in E-space. The botanical origins
of these early studies had concentrated on envelopes of temperature, or soil pH that allowed plants to
survive. This immediately funnels our thinking into conditions, placing less emphasis on (usually perishable,
or depletable) resources and (even less easy to measure) risks. Alternatively, the picture of a closed niche may
stem from a confusion between the fundamental niche (what the organism could ideally use) and the realized
niche (what it can use within the constraints of its environment). If you refer back to Fig.2.2d you see what
appears to be a closed region in E-space (echoing the textbook depictions of Hutchinsonian niches). However,
Fig.2.2f more clearly indicates that, once we account for habitat availability, we have a monotonically and
diagonally increasing preference, identical in form to our Fig. 2.6a.

Null models for resources and risks: The contours obtained by the combination of linear terms (i.e. resources
and risks) are linear (see Figs 2.6a,b and d). This is a useful trait to remember because it gives rise to two
ecological null models. The first, is the model of a perfect trade-off between a resource and a risk (Fig.2.6b),
which presents increasing contours of preference with a common, constant, slope. Biologically, the slope
tells us how many additional units of the resource are needed to balance one additional unit of risk. The
second, is the null model of perfectly substitutable resources (Fig.2.6a), a term introduced by Tilman (1982)
in his classification of relationships between resources. The linear contours here have a negative slope which
represents the “exchange rate” between the two resources (i.e. how much of one resource is needed to replace
the loss of a unit of the other resource). We will follow up on this null model in the next section, to relax
the assumption of perfect substitutability.

2.10.3 Two-variable models: Multiplicative predictors

In this section we stay with models that contain solely two resources. Tilman (1982) had discussed two further
scenarios, for the joint action of resources on organisms, antagonism and complementarity (Fig. 2.7). Two
or more resources that can substitute for one another, are called antagonistic if, when taken together, they
may partially off-set the effects of each-other. The consumer requires more of the resources when they are
taken together than when they are taken separately (Fig. 2.7b). In contrast, complementary (or synergistic)
resources augment one another, so that the consumer requires less of them when taken together than when
taken separately (Fig. 2.7c). These features can be captured by the general model of two resources with the
addition of an interaction term.

g(x1, x2) = α1x1 + α2x2 + β1,2x1x2 (2.27)

Where β1,2 is negative for antagonism and positive for complementarity. A rather appealing property of this
general model is that the null model of perfect substitutability is nested within it (just set β1,2 = 0). However,
as with earlier models in this chapter, only some parameterizations of eq.(2.27) make biological sense. In
particular, the model for antagonism only makes sense for certain values of β which, rather concerningly,
depend on the upper limits of values considered for the resource axes4.

4To see why that is, consider eq.(2.27). If this ever takes negative values, then we end up with the biologically unrealistic
scenario of two resources, acting together as a risk. To avoid that, we need to stipulate that, when β1,2 < 0 (as it must be, to
capture antagonistic resources), the net result is always positive. If x1,max and x2,max are the upper limits that we are prepared
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Figure 2.7: Relaxing the assumption of perfect substitutability (shown in a) between two resources, to create
antagonism (part b), or complementarity (part c).

2.10.4 Multivariable models

The above principles, readily generalize to more than two habitat variables. For example, the following model

g(x1, x2, x3, x4) = 0.1x1 − 0.001x2
1 − 0.2x2 + 0.4x3 + 0.002x3x4 (2.28)

is rich in biological information and could be decoded as follows: 1. x1 is a condition; 2. x2 is a risk, 3. x3 is
a resource; 4. There is a perfect trade-off between x2 and x3; 5. For low values of x1, this condition behaves
as a substitutable resource to x3; 6. High values of x1 aggravate the effect of the risk x2 and trade-off against
the resource x3; 7. The organism has no direct response to the variable x4 (since there is no main term for
x4 the slope of g in response to x4 is zero); 8. However, the variable x4 is able to moderate the response of
the organism to variable x3.

Interpretation of these more complex models becomes much harder as additional terms are introduced, and
it becomes increasingly difficult to specify constraints for the parameter values that can keep the behavior of
the model within desired biological requirements5.

to examine for the two resources, then we require that

α1x1 + α2x2 + β1,2x1x2 ≥ 0.

This means that

β1,2 > −
(

α1

x2,max
+

α2

x1,max

)
.

In addition, we would like to make sure that our general model is strictly increasing (because it is a response to two resources),
so that

∂g

∂x1
,

∂g

∂x2
> 0.

This implies the additional (and more stringent) constraints

β1,2 > max

(
−

α1

x1,max
, −

α2

x2,max

)
.

5The role of constrained optimization for fitting SHA models and SDMs is underexplored. As we begin to think about these
models more explicitly from the point of view of fitness, it will be sensible to constrain their parameters to plausible ranges (in
likelihood approaches) or provide them with more informative priors (in Bayesian approaches).
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2.10.5 Functional and multiscale responses in SHA models

All of the extensions of the basic linear model that we have examined until now refer back to a special case of
the habitat preference function. In eq.(2.7) we made the explicit assumption that habitat preference is h(x),
i.e. purely a function of local habitat x. However, the original expression of habitat preference in (2.5) was
more flexible than that, allowing for other, e.g. non-local arguments to be used. Two particular topics that
have often made their appearance in discussions about SHA models are habitat context and spatial scale. We
look at those in turn.

The assumption made by most current studies of habitat selection is that the choices made by organisms
(particularly animals) are constant, irrespective of the availability of habitats in their broader neighborhood.
However, a mounting body of literature, reviewed in Jason Matthiopoulos, Hebblewhite, Aarts, & Fieberg
(2011) and Holbrook et al. (2019), is arguing from the basis of both biological data and theoretical principles
that animals modify their choices depending on habitat context. This phenomenon is known as a functional
response in habitat selection (Mysterud & Ims, 1998). In the vaguest, most unhelpful terms, we can formalize
this as a dependence of habitat preference on the makeup of E-space as a whole (2.8)

Figure 2.8: The response of an organism to any given habitat depends on environmental context, i.e., the
availability of all other habitats. Using a restaurant metaphor, a customer who wants to avoid spicy food in
an Indian restaurant, may be forced to opt for a relatively mild dish, even if it is not a particular favorite.
Given a different environmental context, a strongly preferred dish may become apparent. This phenomenon
is known as a functional response in habitat selection.

h( ) = h(x, fa)

However, this does not readily imply a way forward for mathematical modeling. Without throwing the
models of the preceding sections to the waste bin, how can we extend our existing mathematical framework
of habitat preference functions to account for the effect on space-use of the availability of all habitats in the
neighborhood of an animal? Four difficult questions present themselves.
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How should we summarize habitat availability? This question cannot be answered easily, but not for lack of
answers (far too many possibilities present themselves). The Rolls-Royce approach would use a detailed para-
metric description of availability fa(x) across E-space, such that every little nuance of the variations in habitat
availability is captured. A less luxurious approach would focus on each individual habitat variable and de-
scribe its frequency distribution fa(x) parametrically. A less immediate, but potentially quite detailed method
would use a sequence of statistical moments from the distribution of each variable E(X), E(X2), E(X3), ....
The least powerful approach is to simply use the first of those moments, i.e. the average value of a variable
x̄ = E(X). For the rest of this section, let us represent availability by this simplest of summaries. The
average value of a variable in the neighborhood of an animal.

How should the availability of a single habitat affect usage? In their review (Holbrook et al., 2019), present four
apparently distinct ways in which habitat availability can affect usage. One of those, originally proposed by
Boyce & McDonald (1999), suggested that the coefficients of a selection function could be modeled as functions
of habitat availability. In statistics, this is known as a varying-coefficient model (Hastie & Tibshirani, 1993).
In fact, as we will see in a future chapter, all four of the approaches outlined by Holbrook et al. (2019) can
be reduced to a model of varying coefficients. For example, in two of their possible approaches, they debate
implicitly the merits of having a direct or interactive effect of availability on the linear predictor of a model.
Consider a simple univariate model with predictor

g(x) = α0 + α1x (2.29)

The availability of habitat in the neighborhood of the animal can be introduced by making the coefficients
dependent on availability (i.e. α0(x̄) and α1(x̄)). We can do this most easily by recasting the α’s as linear
functions of x̄

α0(x̄) = β0,0 + β0,1x̄ α1(x̄) = β1,0 + β1,1x̄

Placing these expressions back into eq. (2.29) gives us both main and multiplicative effects of availability on
the linear predictor, in the new β coefficients:

g(x) = β0,0 + β0,1x̄+ β1,0x+ β1,1x̄x,

indicating that we don’t really need to step outside the simple varying-coefficient paradigm to be able to have
direct and multiplicative effects of availability on usage. However, from the point of view of interpretation,
the existence of a direct term (i.e. β0,1x̄) implies an effect on the intercept (α0) of the response, whereas an
interactive term (β1,1x̄x) comes from a change in the slope (α1) of the predictor.

How should the availability of all habitats on all other habitats be considered simultaneously? If we generalize
eq.(2.27) to two habitat variables,

g(x1, x2) = α0 + α1x1 + α2x2

we can also generalize the dependence of model coefficients to more than one expectations, so that

α0(x̄1, x̄2) = β0,0 + β0,1x̄1 + β0,2x̄2

α1(x̄1, x̄2) = β1,0 + β1,1x̄1 + β1,2x̄2

α2(x̄1, x̄2) = β2,0 + β2,1x̄1 + β2,2x̄2

Or, more generally, if we introduce

x =


1
x1
...
xK

 , x̄ =


1
x̄1
...
x̄K

 , β =

β0,0 . . . β0,1
...

. . .
...

βK,0 . . . βK,1

 , α =

α0
...
αK
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Then the predictor model can be written as

g(x, x̄) = αT x = (βx̄)T x (2.30)

This is a good starting point for the n-variable, varying-coefficient model, assuming that both the predictor
function and the variations in the coefficients are linear functions.

What is a relevant neighborhood over which to consider availability? As proffered by (Allen & Hoekstra,
1992), “In ecology, looking for the right thing is easier than looking for the right size”. While focusing on
such exotica as functional responses, many papers (including several of ours) sweep the question of the scale
of availability under the carpet. However, it is important to try and consider, from first principles, what is a
relevant scale for calculating habitat availability. For a given temporal scale, presumably the easiest thing is
to define a spatial buffer (e.g. a disc), determined by the speed of movement of an animal. However, driving
the definition purely by movement capabilities may be misleading. For one, the environment may present
obstacles to movement, so that the buffer is not radially symmetric or constant in size. But higher cognitive
processes can also interfere. For a large temporal scale, yielding a buffer much larger than an animal’s range
of perception, several far-away habitats may be accessible but not perceived. Does this mean they are still
available, if they are not explicitly included in the menu from which the individual is making a choice?
Alternatively, it can be argued that information is not purely dependent on immediate perception. Memory
and communication play a role, effectively extending the range of perception of an animal in non-trivial
ways. We will return to these issues of availability in later chapters where we will broaden our examination
of functional responses.

Nevertheless, this last question (on scale) prompts the issue of multi-scale selection. Habitat selection happens
at multiple spatiotemporal scales (D. H. Johnson, 1980; Mayor, Schneider, Schaefer, & Mahoney, 2009) and
statistically, the assumptions of scale, regarding availability can seriously affect our biological inferences
(Beyer et al., 2010; Paton S Robert & Matthiopoulos Jason, 2018). So, why have to choose? Why not
develop a method that captures multiple scales at the same time? The main challenge here is that every
choice made today, necessarily limits the options available for tomorrow. More specifically (DeCesare et
al., 2012), there must be a hierarchy of scales so that choices made at finer scales (e.g. minute-to-minute
and step-by-step movements between fine-grain habitats) are conditional on choices made at larger scales
(e.g. annual or interannual decisions on which broad area to live in).

2.10.6 Saturating responses

One of the main features missing from current formulations of SHA models (but which is quite frequently
encountered in nature) is the principle of diminishing returns, the idea that preference does not increase at
the same rate with additional increases in resources. The polynomial gold vein we have been mining until now
(and that has taken us quite far biologically), becomes exhausted at this point. It is possible to caricature the
behavior of a saturating function, using high-order polynomials, within a strictly defined window of habitat
values, but that behavior inevitably breaks down under extrapolation (Fig. 2.9).

To capture saturating responses economically and robustly, we need to extend the predictor function to take
as arguments more general functions for some of the habitat variables:

g(x) = α0 +
K1∑

k=1
αkxk +

K2∑
k=K1+1

fk(xk)

In theoretical ecology, saturating responses have been captured with a wide range of specific functions, but
most often we use fractional and exponential formulae, e.g.

f(x) = αxc

γc + xc
, f(x) = α(1 − exp(−γxc)), (α, γ, c > 0)
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If you are familiar with consumer-resource models (Murdoch, Briggs, & Nisbet (2003)), you may recognize
the first of those functions as the most general (i.e.type III) Holling functional response (Holling (1959)). For
example, the curve in Fig 2.9) is derived from the function f(x) = 10x/(4 + x).

There is considerable potential for exploring how such curves interplay in predictor functions of multiple
variables, particularly given the normalization of the selection function into a preference function.
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Figure 2.9: Our ability to describe saturating responses with polynomials is limited to the window of approx-
imation (shown in grey) and the approximation is parameter-greedy. The saturating curve shown in orange,
approaches an asymptote at the value 10. The approximating polynomial is based on the values of the orange
curve within the grey window. It takes a 5th-order polynomial to achieve a convincing approximation (i.e. 6
parameters in total) and the approximation goes awry, immediately after we exit the grey window.

2.11 Concluding remarks

SHA models are formulated in E-space and generate predictions about the expected distribution of a species
in G-space. The transition from G-spaces to E-spaces and back again is a central theme to SHA approaches,
although it is often done with minimal acknowledgment. Knowing which type of space we are operating in
is important, because the transition is not always loss-free. For example, several difficult decisions on how
to define habitat availability (an E-space concept) are ultimately questions of geographic accessibility (a G-
space concept), but the two are not interchangeable. A model that talks about habitat availability without
recognizing the geographic proximity between habitats is, by the same token, a simpler and information-
poorer model. The mathematical phrasing of SHA models in E-spaces can be kept quite simple but yet
capture a remarkable number of biological phenomena. There are, however, several places where these
simple mathematical formulations break down biologically and need to be constrained or made more complex.
Traditionally, neither constraints nor complexity have been willingly pursued with SHA models because
analysts have always kept foremost in their mind that the of SHA models would need to be derived from field
data (and not out of the blue, as we mostly did in this chapter). When fitting models to data, we are bound
to look at the resulting responses and interpret them biologically. However, model fitting (the subject of the
next chapter) is liable to return parameter values that challenge the interpretive abilities of even the most
imaginative biologist. Rather than taking the results of model fitting on-faith (and even worse, generating
uncritical predictions from such models), this chapter has hopefully provided the mathematical insights
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to specify meaningful models, cast meaning to models derived from data, and pursue the development of
mathematical constraints and functional complexity to tread the fine line between empiricism and mechanism.



Chapter 3

Observation models for different types
of usage data

3.1 Objectives

The objectives of this chapter are to:

1. Demonstrate how different types of habitat-use data (e.g. point locations in space, gridded counts,
presence/absence data, telemetry data) can be used to inform species-habitat-association models.

2. Unveil commonalities and connections among different statistical approaches for quantifying species-
habitat associations. In particular, weighted distribution theory and the Inhomogeneous Poisson Process
(IPP) model provide suitable, overarching frameworks, encompassing the most widely used methods
for modeling species distributions and their relationship with the environment.

3. Given the importance of weighted distributions and the IPP model as unifiers of various seemingly
disparate methods, we will describe the main features of these frameworks and their biological and
statistical assumptions.

4. By highlighting some of the challenges encountered in natural systems, we will also hint at some of the
solutions for handling messy data that will be covered in later chapters of the book (e.g. methods for
dealing with various sampling biases, imperfect detection, autocorrelated data, and unequal accessibility
of different habitats).

3.2 You are here

Chapter 2 focused on process models for linking locations of individuals to their environment. This chapter
will focus on linking process models to data. We will accomplish this by fitting statistical models that link
observations of habitat use to resources, risks, and conditions. As an example, consider a situation where we
have counts of individuals within 2 km × 2 km plots, but we fail to detect some individuals that are present.
To estimate parameters in our process model, we will need a statistical model that links our imperfect count
data in discrete space to our process model describing use of habitat, possibly in continuous space.

There are many different ways to collect information on habitat use (Table 3.1). These different data types
have fundamentally different characteristics that need to be considered when linking habitat use to environ-
mental variables. First and foremost, it is important to consider the sample units and how they are selected
− either randomly from a larger population or opportunistically; random sampling is key to being able to
generalize to a larger population.

70
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Table 3.1: Different types of habitat-use data used to parameterize species-habitat-association (SHA) models.

Data Collection Method Sample Unit/Sampling Effort in Space
and Time

Typical Sample Selection

Presence-only surveys Spatial and temporal dimensions are
often not well defined

Opportunistic

Presence-absence or
count-based surveys

Spatial areas at fixed points in time Random

Camera trap Areas within the camera’s field of view,
followed over time

Systematic, Random

Telemetry Individuals followed over time Opportunistic

As the name suggests, observation models also need to capture important features related to how data were
collected, including processes that may lead to a biased sample of habitat-use data (e.g. variable sampling
effort, imperfect detection). Frequently, the data used to parameterize SHA models come from haphazardly
collected sampling efforts (e.g. museum specimens or citizen science data without any quantitative measure of
survey effort). These data will rarely be representative of a population’s habitat use, and care must be taken
when constructing and interpreting SHA models fit to these data. If no information is available to understand
or adequately model spatial variability in sampling effort and detection probabilities (e.g. presence-only
surveys in Table 3.1), then we may have to reckon with the words of R.A. Fisher, “To call in the statistician
after the experiment is done may be no more than asking him to perform a post-mortem examination: he
may be able to say what the experiment died of.”

As Fisher notes, challenges associated with collecting a representative sample of habitat-use data should
ideally be considered before collecting data. With some forethought, we can use specialized data collection
protocols and associated models to estimate and correct for observation biases (e.g. imperfect detection).
Alternatively, it may be possible to combine haphazardly collected data with data collected in a structured
fashion to more fully understand and model sampling biases (Dorazio, 2014; Fithian, Elith, Hastie, & Keith,
2015; Koshkina et al., 2017; Isaac et al., 2020).

We begin this chapter by considering an idealized scenario where we record the locations of all individuals
within a geographic domain, G, at a specific point in time. We will further assume these locations are
measured without error and that any clustering in space is due solely to the species association with spatially
autocorrelated covariates. Although this simplest of cases may seem unrealistic, it encapsulates the main
features of the Inhomogeneous Poisson process (IPP) model, which serves to unite most popular analyses of
habitat-use data under a common umbrella (Aarts et al., 2012; Wang & Stone, 2019), including resource-
selection functions estimated using logistic regression (Boyce & McDonald, 1999) and Maximum Entropy (or
MaxEnt) (Phillips & Dudik, 2008). The IPP model has also served as a useful framework for synthesizing
information from multiple data sources using joint likelihoods (D. A. Miller et al., 2019). This idealized
scenario may be reasonable for some plant and tree surveys, but most applications of SHA models will
require more complicated observation models to account for violations of the assumptions of perfect detection,
error-free measurement, independent locations, and constant sampling effort.

We note that wildlife telemetry data have often been modeled using logistic regression, which can be shown
to be equivalent to fitting an IPP model (Warton & Shepherd, 2010) and discuss these connections here. It is
reasonable to question whether telemetry data should be treated in this way because: 1) this approach ignores
the temporal information in wildlife tracking data; and 2) locations are treated as though they are independent
or at least exchangeable (equally correlated) within an individual. This assumption is problematic for most
modern telemetry data sets since observations close in time will tend to also be close in space (Fleming et
al., 2014). We briefly discuss these issues and potential solutions in the context of telemetry studies, and
SHA models more generally; nonetheless, we leave full treatment of these topics to later chapters.

Lastly, we note that our examples in this chapter are far from exhaustive. Indeed, whole books have been
dedicated to specialized methods for collecting and analyzing data so as to allow for the estimation of detec-
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tion probabilities. Examples include Buckland, Anderson, Burnham, & Laake (2005) (distance sampling),
Royle, Chandler, Sollmann, & Gardner (2013) (spatial mark-recapture), MacKenzie et al. (2017) (occu-
pancy models). Interested readers may want to follow up with these resources as well as more general books
discussing hierarchical models for estimating trends in population abundance (e.g. Kéry & Royle, 2015).

3.3 Homogeneous Point-Process Model

At any given moment in time, individuals in a population occupy a set of locations in space. Our goal
is to understand why they are at those particular places. The field of spatial statistics, and in particular
spatial point-process models, offer a formal approach for modeling the number and distribution of locations in
space. Consider sampling an area G, and observing n individuals at locations s1, s2, . . . , sn (more generally,
we may refer to these locations as points or events, or in the context of telemetry studies, used locations).
The simplest model for the data that we might consider is a Homogeneous Poisson-Process, which has the
following features:

1. Let N be a random variable describing the number of individuals or points in a spatial domain, G. N is
a Poisson random variable with mean = µ = λ|G|, where λ is the density of the points in G (i.e. points
per unit area) and |G| is the area of G. Thus, the probability of observing n individuals in G can be
described using the Poisson probability mass function:

P (N = n) = exp−µ(µ)n

n! = exp−λ|G|(λ|G|)n

n! , n = 0, 1, 2, . . . (3.1)

2. Conditional on having observed n individuals, the spatial locations are independent and follow a uniform
distribution on G, f(si) ∼ 1

|G| . Because the locations are assumed to be exchangeable (unordered), there
are n! different ways to arrange them, all resulting in the same joint likelihood. Thus, the conditional
likelihood for the spatial locations is given by:

f(s1, s2, . . . , sn|N = n) = n! 1
|G|n

(3.2)

Combining eq. (3.1) and eq. (3.2) gives us the unconditional likelihood for the data:

L(s1, s2, . . . , sn, n|λ) = exp−λ|G|(λ|G|)n

n! n! 1
|G|n

(3.3)

= λn exp−λ|G| (3.4)

To estimate λ using Maximum Likelihood, we rewrite this expression so that it is stated as a function of
the unknown parameter, λ, conditional on the observed data, L(λ|s1, s2, . . . , sn, n). We then choose the
value of λ that makes the likelihood of the observed data as large as possible. This step requires taking
derivatives of the likelihood function with respect to λ, setting the expression equal to 0, and solving for
λ. It is customary to maximize the log-likelihood rather than the likelihood. The log-likelihood is usually
easier to work with and maximize numerically, and the value of λ that maximizes the log-likelihood will also
maximize the likelihood. The log-likelihood in this case is given by:

logL(λ|s1, s2, . . . , sn, n) = n log(λ) − λ|G|
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Taking the derivative of the above expression with respect to λ, setting the expression equal to 0, and solving
gives us the intuitive maximum likelihood estimator for λ equal to the number of observed individuals divided
by the area sampled:

d logL
dλ = n

λ
− |G| = 0 (3.5)

=⇒ λ̂ = n

|G|
(3.6)

3.4 The Inhomogeneous Poisson Point-Process Model

To move from the Homogeneous Poisson Point-Process model to more realistic models, we need to allow λ
to vary spatially. Such variations are, in most cases, generated by underlying biological processes, that may
be adequately captured by co-variations with environmental variables. The Inhomogeneous Poisson Point-
Process (IPP) model provides a simple framework for modeling the density of points in space as a log-linear
function of environmental predictors through a spatially-varying intensity function:

log(λ(s)) = β0 + β1x1(s) + . . . βpxp(s) (3.7)

where λ(s) is the intensity function at location s, x1(s), . . . , xp(s) are spatial predictors associated with
location s, and β1, . . . , βp describe the effect of spatial covariates on the relative density of locations in space;
λ(s)ds gives the expected number of points occurring within an infinitesimally small area of geographic space
of size ds centered on location s.1 The IPP model has the following features:

1. The number of points, n, in an area G is given by a Poisson random variable with mean µ =
∫

G
λ(s)ds

(i.e. the expected number of points is determined by the average of the intensity function over the
spatial domain, G).

P (N = n) =
exp−

∫
G

λ(s)ds(
∫

G
λ(s)ds)n

n! , n = 0, 1, 2, . . .

2. Conditional on having observed n points, their spatial locations are assumed to be independent and
have the following joint likelihood:

f(s1, s2, . . . , sn|N = n) = n!
∏n

i=1 λ(si)
(
∫

G
λ(s)ds)n

(3.8)

Combining these two expressions gives the unconditional likelihood of the data:

L(s1, s2, . . . , sn, n|β0, β1, . . . , βp) = exp−
∫

G
λ(s)ds

n∏
i=1

λi (3.9)

Thus, the log-likelihood is given by:

log(L(β0, β1, . . . , βp|s1, s2, . . . , sn, n)) =
n∑

i=1
log(λ(si)) −

∫
G

λ(s)ds, (3.10)

where again, we have rewritten the likelihood as a function of parameters, β0, β1, . . . , βp, conditional on the
observed data.

1We can also write this equation using a summation, log(λ(s)) = β0 +
∑p

i=1 βixi(s), or matrix notation, log(λ(s)) = X(s)β
where X(s) is an n × p matrix and β is a 1 × p vector of parameters.
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3.4.1 Estimating Parameters in the IPP Model

The IPP model allows us to relate the density of points to spatial covariates. To estimate parameters in the
IPP model, we must be able to solve the integral in equation (3.10). Although, in principle, it is possible to
formulate parametric models for the distribution of spatial covariates in G, which may provide an opportunity
to solve the integral analytically, this is almost never done (but see Jason Matthiopoulos et al., 2020). Thus,
in practice, we will almost always need to approximate the integral in eq. (3.10) using numerical methods.
We can accomplish this goal using:

1. Monte-Carlo integration: we can use a large number of randomly generated locations from within
G to evaluate the integral (e.g. Subhash R. Lele & Keim, 2006; Subhash R. Lele, 2009). This approach
estimates µ =

∫
G
λ(s)ds = |G|

∫
G
λ(s) 1

|G|ds with a sample mean:

∫
G

λ(s)ds ≈ |G|
m∑

j=1

λj

m
(3.11)

Although this approach is commonly used, it can be inefficient compared to numerical quadrature methods
that evaluate λ more frequently in areas where it is changing most rapidly.

2. Numerical integration: a set of quadrature points can be used to evaluate the integral in the log-
likelihood function (if this sounds foreign, perhaps you will recall calculating areas under the curve
using a series of rectangles from a first course in calculus). This approach replaces:

∫
G

λ(s)ds with
m∑

j=1
wjλj (3.12)

where wj is a set of quadrature weights. If the m quadrature points are placed on a regular grid with spacing
(∆x,∆y), then we can set wj = ∆x∆y. This is the simplest approach, but more efficient integration schemes
can be developed by placing points non-uniformly in space. For example, it may be advantageous to include
more points in areas where λ(s) is changing quickly and also to include the locations of observed individuals
(i.e. s1, s2, . . . , sn) as quadrature points. Both are possible with variable quadrature weights (e.g. see Warton
& Shepherd, 2010). One option is to create a Dirichlet tessellation of the spatial domain (G) using the set of
gridded and observed locations, and then let wj equal the area associated with each tile in the tessellation;
this approach is available in the spatstat library (Baddeley & Turner, 2005). Below, we demonstrate how
to calculate a Dirichlet tessellation in R from a random set of points in R2.

library(spatstat)
X <- runifpoint(42)
plot(dirichlet(X), main="Dirichlet Tessellation")
plot(X, add=TRUE)

Note that with either of these two approaches, the value of λ(s) needs to be evaluated at a sample of points
distributed throughout the spatial domain, G. Readers familiar with fitting species distribution models using
MaxEnt or with estimating resource-selection functions using logistic regression hopefully see a connection
here (i.e. the need for a representative sample from a well-defined spatial domain). Indeed, both MaxEnt and
resource-selection functions have been shown to be equivalent to fitting an IPP model (Warton & Shepherd,
2010; Aarts et al., 2012; Fithian & Hastie, 2013; Renner & Warton, 2013; Renner et al., 2015), and it is
useful to consider the background or available locations required by these methods as also approximating the
integral in the IPP likelihood. This understanding, for example, suggests that the number of available points
should be increased until the likelihood converges to a constant value (Warton & Shepherd, 2010; Renner et
al., 2015).
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Dirichlet Tessellation

Figure 3.1: Dirichlet tesselation of R2 using a set of randomly generated points.

3.5 Weighted Distributions: Connecting SHA Process Models to
the IPP

Weighted distribution theory (Subhash R. Lele & Keim, 2006) provides a nice way to connect the SHA models
discussed in Chapter 2 to the IPP model introduced here (Aarts et al., 2012). As in Chapter 2, let:

• fu(x) = the frequency distribution of habitat covariates at locations where animals are observed.

• fa(x) = the frequency distribution of habitat covariates at locations assumed to be available to our
study animals.

We can think of the resource-selection function, w(x, β), as providing a set of weights that takes us from
the distribution of available habitat in environmental space (E) to the distribution of used habitat (again, in
E-space):

fu(x) = w(x, β)fa(x)∫
z∈E

w(z, β)fa(z)dz
(3.13)

The denominator of (3.13) ensures that the left hand side integrates to 1 and thus, fu(x) is a proper probability
distribution.

We can also write the model in G-space:

fu(s) = w(x(s), β)fa(s)∫
g∈G

w(x(g), β)fa(g)dg
(3.14)

In this case, fu(s) tells us how likely we are to find an individual at location s in G-space, which depends on the
environmental covariates associated with location s, x(s). Typically, fa(s) is assumed to be uniform (i.e. all
areas within G are assumed to be equally available to the species). Then, if we let w(x(s), β) = exp(xβ), we
end up with the conditional likelihood of the IPP model (eq. (3.8)) (Aarts et al., 2012).

Thinking in terms of weighted distributions will sometimes be advantageous. In particular:
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1. it makes it immediately clear that we are modeling the spatial distribution of observed (or, for telemetry
studies, ‘used’) locations, fu(s), as a function of covariates (through w(x(s), β)), while assuming all
habitat in G is equally available/accessible.

2. it highlights a potential issue with applying this modeling framework in the context of species distri-
bution models in that not all habitat may be equally accessible. In later chapters, we will relax this
assumption by modeling fa(s) using non-uniform distributions, recognizing that nearby locations are
more accessible than far away locations.

3.6 Simulation Example: Fitting the IPP model

To elucidate the above theoretical sections, we demonstrate how to simulate data from an IPP model. We
then use the two approximations to the likelihood discussed above to see if we can recover the parameters
used to simulate the data.

First, we create a landscape consisting of a risk and a resource. There are several ways to generate spatially
correlated random variables. Here we simulate these environmental variables as independent unconditional
Gaussian Random Fields using the functions in the fields package (Nychka, Furrer, Paige, & Sain, 2021).
The resulting output will be formatted as a raster (i.e. a grid of values with an associated spatial extent
and resolution or cell size). We can plot the roster using raster::spplot(env) (Fig. 3.2).

library(fields) # for generating a Gaussian random field
library(raster) # to work with rasters
library(dplyr) # for manipulating data

# Generate 2 covariates
grid<- list( x= 1:1000, y= 1:1000)

obj<- circulantEmbeddingSetup(grid, Covariance="Exponential", aRange=150)
risk<- raster(circulantEmbedding(obj))
resource<-raster(circulantEmbedding(obj))
env <- stack(risk, resource) # environmental layers
names(env)<-c("risk", "resource")

We set the true intensity function to:

log(λ(s)) = 6 − x1(s) + 2x2(s)

where x1(s) and x2(s) contain the values of the risk and resource, respectively, at each location, s, within G
(Fig. 3.2).

# Coefficients for the IPP model:
betas<-matrix(c(6,-1,2), nrow=3, ncol=1)
# Intensity function
lambdas<- exp(betas[1] + betas[2]*risk + betas[3]*resource)
# Point version
lambdas_m<-rasterToPoints(lambdas)

We then simulate random points within G using two steps:

1. We determine a random number of points, nu, to generate using the fact that nu is a Poisson random
variable with mean µ =

∫
G
λ(s)ds.
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Figure 3.2: Geographical distribution of a risk (x1) and resource (x2) on a landscape.

2. Conditional on having nu points within G, we determine their spatial locations by sampling from the
original landscape (approximated here using a really fine grid) with cell probabilities proportional to
λ(s) (eq. (3.8)).

Equivalently, we could have generated independent Poisson random variables for each cell in our fine grid
(see Chapter 3.7.1 for more on the connection between gridded counts and the IPP model).

# Step 1: determine number of random points to generate
# mu = |G|mean(lambda(s)) over the spatial domain
# Area.G = area of the spatial domain
Area.G <- ((resource@extent@xmax-resource@extent@xmin)*(resource@extent@ymax-resource@extent@ymin))
mu <- cellStats(lambdas, stat='mean')*Area.G
n_u <- rpois(1, lambda=mu) # number of points to generate
cat("mu = ", mu, "n_u = ", n_u)

## mu = 1421.823 n_u = 1473

# Step 2: determine their locations by sampling with
# probability proportional to lambda(s)
# x = design matrix holding the risk and resource values in the spatial domain
# n = number of grid cells in the spatial domain
# obs = index for each chosen observation
x <- cbind(rasterToPoints(env))
n <- nrow(x)
obs<-sample(1:n, size=n_u, prob=lambdas_m[,3], replace=TRUE)
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# Step 3: create data frame with observed point-pattern
ppdat<-as.data.frame(x[obs,])

We can then look at the distribution of the locations in both G- and E-space (Figure 3.3).

gspace <- ggplot(data = ppdat, aes(x = x, y = y))+geom_point()+
xlab("Easting")+ylab("Northing")+
ggtitle("a. Geographical Space")

espace<- ggplot(data = ppdat, aes(x = risk, y = resource))+geom_point()+
ggtitle("b. Environmental Space")

grid.arrange(gspace, espace, ncol=2)
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Figure 3.3: Plot of simulated locations in (a) geographical and (b) environmental space.

3.6.1 Maximum Likelihood Estimation (MLE) using Monte-Carlo Integration

To calculate the log-likelihood, we need to evaluate the intensity function at the observed points (eq. (3.10)).
In addition, when estimating parameters using the approximation to the likelihood given by eq. (3.11), we
will need to evaluate the intensity function at a set of random (available or background) points from within
G. We will use matrices and matrix multiplication to perform these calculations.2 We begin by creating a
design matrix (xmat_u) for the observed points. Each row of the design matrix captures the values of the
explanatory variables for one of the points. A column of 1’s is also included for the intercept (eq. (3.7)).

# Create design matrix containing covariates at observed locations
xmat_u <- cbind(1,ppdat[, c("risk", "resource")])
head(xmat_u, n=2) # Look at the first two observations

## 1 risk resource
## 1 1 -1.029812 1.413693
## 2 1 -1.593167 1.303835

2in R, we can use %*% to perform matrix multiplication. If X is an n × p matrix and β is a p × 1 matrix, then Xβ will be an
n × 1 matrix (a column vector). The ith element of this matrix will equal Xi1β1 + Xi2β2 + . . . + Xipβp.
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We next generate a random sample of available points and create a design matrix for these points, xmat_a.

#' First, generate n_a random available points
n_a<-10000
randobs<-sample(1:n, size=n_a, replace=TRUE)
xmat_a <- cbind(1,x[randobs, c("risk", "resource")])
head(xmat_a, n=2)

## risk resource
## [1,] 1 1.913265 1.398941
## [2,] 1 0.453377 -1.696504

We then write a function to calculate the negative log-likelihood using Monte Carlo integration (eq. (3.11)).

logL_MC<-function(par, xmat_u, xmat_a, Area.G){
betas<-par

# log(lambda) at observed locations for first term of logL
# note %*% is used for matrix multiplication in R

loglam.u<-as.matrix(xmat_u) %*% betas
# lambda(s) at background locations for second term of LogL

lambda.a<-exp(as.matrix(xmat_a) %*% betas)
# Now, sum terms and add a negative sign
# to translate the problem from "maximization" to a "minimization" problem

-sum(loglam.u)+Area.G*mean(lambda.a) #negative log L
}

To find the values of β that minimize this function (equivalent to maximizing the likelihood), we will use the
optim function in R, which offers a number of built-in optimization routines. optim requires a list of starting
values for the numerical optimization routine (par = c(4, 0, 0)), the function to be minimized (logL_MC;
note the first argument of this function needs to be the parameter vector that we are varying in order to find
values that minimize our function), and an optimization method used to find the minimum (we choose to
use BFGS but other options are also available). We can pass other arguments (e.g. xmat_u, xmat_a), which
are needed in this case to calculate the negative log-likelihood at a given set of β’s.

#' Now estimate parameters:
mle_MC<-optim(par=c(4, 0, 0), fn=logL_MC, method="BFGS",

xmat_u = xmat_u, xmat_a = xmat_a, Area.G = Area.G,
hessian = TRUE)

The argument hessian=TRUE allows us to calculate asymptotic standard errors using standard theory for
maximum likelihood estimators (Casella & Berger, 2002).3 The solve function in R will find the inverse of
the Hessian, which provides an estimate of the variance-covariance matrix for our parameters. The square
roots of the diagonal elements of this matrix give us our estimated standard errors.

varbeta_MC<-solve(mle_MC$hessian)
ests_MC<-data.frame(beta.hat=mle_MC$par,

se.beta.hat=sqrt(diag(varbeta_MC)) )
#' Add the confidence limits to the data set using the mutate function
ests_MC <- ests_MC %>% mutate(lowerCI=beta.hat - 1.96*se.beta.hat,

upperCI=beta.hat + 1.96*se.beta.hat)
round(ests_MC, 2)

3As our sample size gets large, the sampling distribution of maximum likelihood estimators, θ̂, converges to N(θ, I−1(θ)),
where I−1(θ) is the inverse of the Hessian matrix.



80 CHAPTER 3. OBSERVATION MODELS FOR DIFFERENT TYPES OF USAGE DATA

## beta.hat se.beta.hat lowerCI upperCI
## 1 6.00 0.05 5.90 6.10
## 2 -1.01 0.04 -1.08 -0.94
## 3 2.06 0.04 1.98 2.14

We see that the parameters used to simulate the data, (β0, β1, β2) = (6,−1, 2) all fall within their respective
95% confidence intervals.

3.6.2 MLE using numerical integration

Alternatively, we could estimate parameters using the approximation to the likelihood given by eq. (3.12). To
do so, we need to generate available locations on a regular grid and then determine appropriate quadrature
weights. Quadrature weights reflect the area associated with the tile surrounding each available location and
should sum to the total area of G which we have arbitrarily set to 1. We use the resolution of the sampled
grid to determine the quadrature weights.

# Generate available data using a gridded background with
# n_a available points.
x_samp<-sampleRegular(env, size=n_a, asRaster=TRUE)
# Calculate quadrature weights:
# weights = delta x * delta y where delta x and deltay = size of grid cell
weights <- xres(x_samp)*yres(x_samp)
cat("weights = ", weights, ";", "sum of weights = ",

sum(rep(weights, n_a)), ";",
"area of omega =" , Area.G)

## weights = 1e-04 ; sum of weights = 1 ; area of omega = 1

We then create a design matrix for calculating the intensity function at the quadrature points.

#' Create design matrix containing covariates at background locations
xmat_a2<-cbind(1, rasterToPoints(x_samp)[, c("risk", "resource")])
head(xmat_a2, n=2) # look at the first two observations

## risk resource
## [1,] 1 -0.8045407 0.5393620
## [2,] 1 -1.1663175 0.6490776

We then write a function to calculate the negative log-likelihood for a given set of β’s, using the set of gridded
available locations and their associated quadrature weights via eq. (3.12).

# Likelihood with numerical integration
logL_num<-function(par, xmat_u, xmat_a2, weights){

betas<-par
# log(lambda) at observed locations for first term of logL

loglam.u<-as.matrix(xmat_u) %*% betas
# lambda(s) at background locations for second term of LogL

lambda.a<-exp(as.matrix(xmat_a2) %*% betas)
# Now, calculate the negative log L

-sum(loglam.u)+sum(lambda.a*weights)
}
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And, again we use optim to minimize this function.

#Maximize likelihood
mle_num<-optim(par=c(4,0,0), fn=logL_num, method="BFGS",

xmat_u = xmat_u, xmat_a2=xmat_a2,
weights=weights, hessian=TRUE)

#' Estimates and SE's
varbeta_num<-solve(mle_num$hessian) # var/cov matrix of betaˆ
ests_num <- data.frame(beta.hat=mle_num$par,

se.beta.hat=sqrt(diag(varbeta_num)))
#' Add the confidence limits to the data set using the mutate function
ests_num <- ests_num %>% mutate(lowerCI=beta.hat - 1.96*se.beta.hat,

upperCI=beta.hat + 1.96*se.beta.hat)
round(ests_num,2)

## beta.hat se.beta.hat lowerCI upperCI
## 1 6.08 0.05 5.98 6.18
## 2 -0.95 0.04 -1.02 -0.88
## 3 1.98 0.04 1.91 2.06

We get nearly identical results as when using Monte Carlo integration, which is reassuring.

3.7 Fitting IPP models: Special Cases

3.7.1 Special Case I: Gridded Data

In many applications of SHA models, covariate data come from remote sensing data products that exist as
a raster. In this case, we can estimate parameters of the IPP model by fitting a Poisson regression model
to the count of individuals in each grid cell using the glm function in R (Aarts et al., 2012). A Poisson
glm is appropriate because the IPP model implies that spatial locations of the individuals are independent
and that the number of individuals in grid cell i is a Poisson random variable with mean, µi =

∫
Gi
λ(s)ds.

When all predictors are grid-based, then µi = λi|Gi|, where λi is the value of λ(s) in grid cell i and |Gi| is
the area of grid cell i. This model could be specified using: glm(y ~ x + offset(log(area)), family =
poisson()), where area measures the area of each grid cell. For readers that may not be familiar with an
offset, this term is similar to including log(area) as a predictor, but forcing its coefficient to be 1. There
are two reasons to include an offset: 1) it allows us to directly model densities (number of individuals per
unit area); and 2) it provides a way to account for varying cell sizes in the case of irregular grids or meshes.

Let Ni and Di represent the number and density of individuals in grid cell i. We can formulate our model in
terms of density:

E[Di] = E[Ni]
Gi

= λi (3.15)

=⇒ log
(
E[Ni]
|Gi|

)
= log(λi) (3.16)

=⇒ log(E[Ni]) − log(|Gi|) = log(λi) (3.17)
=⇒ log(E[Ni]) = log(|Gi|) + β0 + β1x1(si) + . . . βpxp(si) (3.18)

If all cells are equally sized, then including an offset will only affect the intercept β0 but not the other
regression parameters. In the case of unequal cell sizes, however, omitting the offset can lead to biased
parameter estimates.
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3.7.2 Special Case II: Presence-Absence Data

What if our usage data consists of binary (0 or 1) presence-absence data within the set of grid cells? Let’s
assume the IPP model is again appropriate. Consider grid cell i that is of area |Gi|, and let yi = 1 if there
is at least 1 observed individual in cell i and 0 otherwise. P (yi = 1) is given by:

P (yi = 1) = 1 − P (yi = 0). (3.19)

If the IPP model is appropriate, then the number of individuals in cell i is a Poisson random variable with
mean λi|Gi| = exp(β0 + β1x1(si) + . . . βpxp(si))|Gi|. Thus,

P (yi = 0) = y0
i exp(−λi|Gi|)

0! (3.20)

= exp(−λi|Gi|) (3.21)

and, we have:

P (yi = 1) = pi = 1 − exp(−λi|Gi|) (3.22)
=⇒ pi = 1 − exp(− exp(β0 + β1x1(si) + . . . βpxp(si))|Gi|) (3.23)

Thus, it is natural to model binary presence-absence data using the so-called “complementary log-log link”
(Baddeley et al., 2010):

yi ∼ Bernoulli(pi), (3.24)

log(− log(1 − pi)) = β0 + β1x1(s) + . . . βpxp(s) + log(|Gi|) (3.25)

We can fit this model in R using:

glm(y~x1+x2+...xp + offset(log(area)), family=Binomial(link=cloglog))

Although it is more common to fit binary regression models with a logit link (i.e. log( pi

1−pi
) = xβ), the

complementary log-log link is appealing because of its connection with the IPP model. Further, it provides
an opportunity to connect different types of usage data (presence-absence and point or count data) under a
common process model (e.g. Fithian & Hastie, 2013; Koshkina et al., 2017; Scotson, Fredriksson, Ngoprasert,
Wong, & Fieberg, 2017). Like the logit link, the complementary log-log link ensures p is constrained to lie
between 0 and 1 as our predictor function goes from −∞ to ∞ (Figure 3.4).

Note, although presence-absence data are frequently used to model species distributions, there is a potential
loss of information when summarizing counts using binary observations. The loss of information by summa-
rizing counts into binary observations becomes more severe when grid cells are large and species density is
high. For example, consider the extreme scenario where all grid cells include at least one observed individual.
In this case, there will be no spatial variation in species occurrence, and we will have lost the ability to
estimate species-habitat associations. It is also important, though not always recognized, that models of the
probability of occurrence are scale dependent unless formulated under a continuous point-process framework
[i.e. with complementary log-log link and offset equal to the log cell size; Baddeley et al. (2010)]. This scale
dependence, and potential loss of information, can easily be seen by binning our simulated count data using
a series of coarsening cell sizes (see Figure 3.5). The expected counts and the probability of presence both
depend on the size of the grid cell. In addition, the probability of presence approaches 1 as the size of the
grid cells increases.
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Figure 3.4: Plot of the predictor function and P (y = 1) = p when using a complementary log-log link function
with a single predictor x.
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Figure 3.5: Gridded counts of the simulated locations shown in Figure 3.3a using grid cells of size a) 50 x
50, b) 100 x 100, and c) 200 x 200. Gray areas in panel (a) represent cells with 0 locations, which are too
numerous to annotate. Note that the expected counts and the probability of presence both depend on the
size of the grid cell, and the probability of presence approaches 1 as the size of the grid cells increases.
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3.8 Imperfect Detection and Sampling Biases

The absolute density of observed individuals will often be driven by various observation-level processes
(e.g. sampling effort, duration of data collection). In this case, our models effectively capture the density
of sightings rather than the density of individuals on the landscape. As a result, the intercept in the IPP
model is often difficult to interpret, and estimates of slope coefficients may be impacted by spatially varying
observation biases. Given these issues, many applications of SHA models include covariates to adjust for
observation biases and (rightly) abandon the idea of estimating absolute densities. In such cases, it can be
convenient to work with the conditional likelihood of the IPP model [eq. (3.8); Aarts et al. (2012)] – i.e. the
likelihood for the distribution of the locations as a function of covariates, conditional on having observed nu

locations. The conditional likelihood will also prove useful for extending our SHA model to address problems
of unequal availability or accessibility of various habitats (see Section 3.5).

3.8.1 Conditional likelihood for IPP model

Here, we build on the simulation example from Section 3.6, demonstrating that we can recover the slope
parameters by maximizing the conditional likelihood (eq. (3.8)), which we define below:

#' Conditional log-likelihood
logLCond<-function(par, xmat_u, xmat_a, MC=FALSE, weights=NULL){

# MC = TRUE for Monte Carlo Integration
# MC = FALSE for numerical integration
betas<-par
n<-nrow(xmat_u) # number of observed individuals

# log(lambda) at observed locations for first term of logL
# (use -1 to remove the term for the intercept)

loglam.u<-as.matrix(xmat_u)[,-1] %*% betas
# lambda(s) at background locations for second term of LogL

lambda.a<-exp(as.matrix(xmat_a)[,-1] %*% betas)
if(MC==FALSE){

-sum(loglam.u)+n*log(sum(lambda.a*weights)) #negative log L
}else{

-sum(loglam.u)+n*log(mean(lambda.a)) #negative log L
}

}
# Using Monte Carlo Integration
mle_Cond_MC<-optim(par=c(0,0), fn=logLCond, method="BFGS",

xmat_u=xmat_u, xmat_a=xmat_a, MC=TRUE,
hessian=TRUE)

varbeta_Cond_MC<-solve(mle_Cond_MC$hessian)
ests_Cond_MC<-data.frame(beta.hat=mle_Cond_MC$par,

se.beta.hat=sqrt(diag(varbeta_Cond_MC)) )

# Now using numerical integration
mle_Cond_NI<-optim(par=c(0,0), fn=logLCond, method="BFGS",

xmat_u = xmat_u, xmat_a=xmat_a2,
weights=weights, MC=FALSE, hessian=TRUE)

varbeta_Cond_NI<-solve(mle_Cond_MC$hessian)
ests_Cond_NI<-data.frame(beta.hat=mle_Cond_NI$par,

se.beta.hat=sqrt(diag(varbeta_Cond_NI)) )

The results are nearly identical to those obtained from maximizing the full unconditional likelihood (Table
3.2).
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Table 3.2: Estimates of Slope Parameters

Method β̂1 SE β̂2 SE
Full Monte Carlo -1.01 0.04 2.06 0.04
Full Quadrature -0.95 0.04 1.98 0.04
Conditional Monte Carlo -1.01 0.04 2.06 0.04
Conditional Quadrature -0.95 0.04 1.98 0.04

3.8.2 Thinned Point-Process Models

Our observations of habitat use will often be influenced by various sampling biases and uneven sampling
effort [e.g. we may oversample areas near roads that are easily accessible by human observers; Sicacha-
Parada, Steinsland, Cretois, & Borgelt (2020)]. These issues are particularly relevant to data collected
haphazardly or opportunistically as part of museum collections or citizen science programs (Fithian et al.,
2015). In such cases, it will often be fruitful to model the data as a thinned point-process model (Warton,
Renner, & Ramp, 2013; Dorazio, 2014; Fithian et al., 2015; Sicacha-Parada et al., 2020). Specifically, we
may think of the observed data as being generated by 2 processes: 1) the biological process model (as
discussed in Chapter 2) written in terms of an Inhomogeneous Poisson Point-Process, and 2) an independent
observation model that “thins” the data, specified using a separate function p(s) that describes the likelihood
of observing an individual, conditional on that individual being present at location s. Typically, p(s) will
also be written as a log-linear function of spatial (and potentially non-spatial) covariates (z1, z2, . . . , zm) and
regression parameters (γ1, γ2, . . . , γm)4:

log(p(s)) = γ0 + γ1z1(s) + . . . γmzm(s)

This leads to the following likelihood for the observed sightings:

log(L(λ, βγ|s1, s2, . . . , sn, n)) =
n∑

i=1
log(λ(si)p(si)) −

∫
G

λ(s)p(s)ds (3.26)

If the covariates affecting λ(s) and p(s) are distinct, then we can think of the thinned point-process model
as one where the intensity function includes both environmental drivers (x) and “observer bias variables” (z)
(Warton et al., 2013). A benefit of the log-linear formulation of both λ(s) and p(s) is that it results in an
additive model:

log(λ(s)p(s)) = log(λ(s)) + log(p(s)) (3.27)
= (β0 + γ0) + β1x1(s) + . . . βpxp(s) + γ1z1(s) + . . . γmzm(s)

In this case, the intercepts of the two processes are not separately identifiable (i.e. we can only estimate their
sum). Thus, we are unable to the model absolute intensity, λ(s), or absolute density of individuals. Similar
issues arise if covariates influence both density and detectability, i.e. we will only be able to estimated the
sum of these effects (but see Section 3.9 for possible solutions using data-integration techniques). If, on the
other hand, the covariates that influence density and detectability are distinct, then we can obtain unbiased
predictions for the distribution of locations, conditional on having observed a set of nu locations, by setting
the z’s to common values (Warton et al., 2013).

Quantitative ecologists have also developed a variety of methods to estimate absolute densities in situations
where we cannot detect all individuals, but these methods will typically require specialized data collection

4As a thinning process, we expect 0 ≤ p(s) ≤ 1, which is not strictly enforced for the log link. Other links could be used, but
the log-link is convenient as it leads to an additive model.
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methods (recall the Fisher quote from the start of this chapter) and additional modeling assumptions. We
will demonstrate one of these approaches, distance sampling, in the next Section (3.8.3).

3.8.3 Simulation Example: Distance Sampling as a Thinned Point Process

To demonstrate fitting of a thinned point-process model, we will consider surveying our simulated individuals
from Section 3.6 using a set of line transects. Specifically, we will place 40 equally-spaced transects throughout
the survey region and assume:

1. all individuals that fall on the transect line are detected.
2. the probability of detecting individuals decreases with their distance from the transect line. A variety

of models can be used to describe how detection drops with distance (Buckland et al., 2005). Here, we
assume that detection probabilities follow a half-normal curve.

These assumptions result in a simple model for p(s), written in terms of a single covariate that depends on
the perpendicular distance, z, between each individual and the nearest transect line (Borchers & Marques,
2017)5:

p(s) = exp
(

−z(s)2

2σ2

)
(3.28)

This formulation of the half normal model has one parameter, σ, which determines how quickly detection
probabilities decline with distance. It is also frequently used to model detection probabilities in spatial mark-
recapture studies, with z(s) measuring the distance between an individual’s latent (i.e. unobserved) activity
center and a set of traps (Royle, Chandler, Sun, & Fuller, 2013).

We can write our model for p(s) as a log-linear model:

log(p(s)) = γ0 + γ1z1(s) (3.29)

with γ0 = 0 (to ensure p(s) = 1 for observations at 0 distance), z1(s) = z(s)2, and γ1 = 1/(2σ2).

Here, we simulate data and show that we can again recover the parameters describing the intensity function.
In the code below, we:

1. Place vertical transects along G using a systematic sampling design with a random starting location
for the first transect.

2. Calculate perpendicular distances between each individual (s1, s2, . . . , s511) and the nearest transect to
determine the probability of observing each individual.

3. Use a binomial random number generator to determine which of the nu = 511 individuals are observed.

# place 40 transects systematically with a random start
xminimum<-extent(resource)@xmin
xmaximum<-extent(resource)@xmax
transects.x<-seq(from=runif(1,xminimum,(xmaximum-xminimum)/40),to=xmaximum, length=40)
#transects.x<-seq(from=runif(1,0,/40),to=dim(resource)[1], length=40)
# determine distance between each observation and nearest
# transect
obs_x<-ppdat[, "x"] # x-coordinates of the n_u individuals
rownames(xmat_u)<-NULL # get rid of rownames and treat as data frame

5in truth, the individual could potentially be detected from multiple transect lines if they are close together, but the probability
is ≈ 0 for all but the nearest transect line
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xmat_u<-as.data.frame(xmat_u)
# Calculate perpendicular distance to nearest transect and square it
xmat_u$z<-sapply(1:n_u, FUN=function(x){min((obs_x[x]-transects.x)ˆ2)})
# Determine detection probabilities using half-normal
sig <- 0.01 #
sig2<- sig*sig
ps<-exp(-xmat_u$z/(2*sig2)) # p(s)
ppdat$detect<-rbinom(n_u, 1, ps)
#observed data
xmat_uobs<-xmat_u[ppdat$detect==1,]
# Available locations
gridobs_x<-rasterToPoints(x_samp)[,1]
rownames(xmat_a)<-NULL
xmat_a_th<-as.data.frame(xmat_a)
# Add (distances to transects)ˆ2 to the dataframe containing available data
xmat_a_th$z<-sapply(1:n_a, FUN=function(x){min((gridobs_x[x]-transects.x)ˆ2)})
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Figure 3.6: Distance sampling applied to the simulated data in Chapter 3. A) Detection probability as a
function of distance from the transect line. B) Line transects (black lines) along with the underlying true
and observed spatial point pattern.

Now, we write the likelihood of the thinned data and again use optim to estimate parameters of the process
and observation model. To make sure that our estimate of σ is positive, we will parameterize the likelihood
in terms of θ = log(σ), which implies σ = exp(θ).

LogL_thin<-function(pars, xmat_u, xmat_a, MC=FALSE, Area.G = 1, weights=NULL){
# MC = TRUE for Monte Carlo Integration
# MC = FALSE for numerical integration
betas[1:3]<-pars[1:3] # parameters in lambda(s)
sig <- exp(pars[4]) # par[4] = theta = log(sigma)
betas[4]<- -1/(2*sigˆ2)
n<-nrow(xmat_u)
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Table 3.3: Estimates of IPP and Distance Sampling Parameters

Parameter True value Estiamte SE
β0 6.00 6.02 0.07
β1 -1.00 -1.02 0.04
β2 2.00 2.05 0.05
σ 0.01 0.01 0.06

# log(lambda(s)*p(s)) at observed locations for first term of logL
loglam.u<-as.matrix(xmat_u) %*% betas

# lambda(s)*p(s) at background locations for second term of LogL
lambda.a<-exp(as.matrix(xmat_a) %*% betas) #second term
if(MC==FALSE){ #quadrature

-sum(loglam.u)+sum(lambda.a*weights) #negative log L
}else{ # Monte Carlo integration

-sum(loglam.u)+Area.G*mean(lambda.a) #negative log L
}

}
mle_thin<-optim(par=c(4, 0,0,log(0.03)), fn=LogL_thin, method="BFGS",

xmat_u = xmat_uobs, xmat_a=xmat_a_th, weights=weights, MC=FALSE,
Area.G = Area.G, hessian=TRUE)

varbeta_thin<-solve(mle_thin$hessian)

We see (Table 3.3) that we are able to obtain accurate estimates of the parameters of the intensity function
and the detection function. Note that it is the strong assumption of perfect detection on the transect line that
allows us to estimate absolute density in this case. If this assumption fails, γ0 ̸= 0 and we will underestimate
density.

3.9 Looking Forward: Data Integration for Addressing Sampling
Biases and Imperfect Detection

Of course, it is possible (and maybe quite likely) that λ(s) and p(s) will be influenced by one or more shared
covariates (e.g. species that prefer forest cover may also be more difficult to detect when present in the forest
compared to when they are in clearings). Unfortunately, in this case, we will not generally be able to separate
out the effect of shared covariates on detection from their effect on species distribution patterns; we will only
be able to estimate a single parameter for each shared covariate equal to βi + γi (Dorazio, 2012; Fithian et
al., 2015). There are some situations, however, where we can take advantage of multiple data sources and
standardized survey protocols to estimate covariate effects on species distribution patterns in the presence of
sampling biases. We mention a few possibilities here, but leave detailed discussions of these approaches to
later chapters.

Quantitative ecologists have developed numerous methods for estimating detection probabilities in wildlife
surveys (Lancia, Kendall, Pollock, & Nichols, 2005) − we saw one such approach in Section 3.8.3 (i.e. distance
sampling). Other popular approaches typically require marked individuals or repeated sampling efforts
either by multiple observers or the same observer at multiple points in time. Examples of methods that
use marked individuals include spatial or non-spatial mark-recapture estimators (Royle, Chandler, Sollmann,
et al., 2013; McCrea & Morgan, 2014) and sightability models (Steinhorst & Samuel, 1989; Fieberg, 2012;
Fieberg, Alexander, Tse, & Clair, 2013). Methods that rely on repeated sampling include double-observer
methods (e.g. Nichols et al., 2000), occupancy models (MacKenzie et al., 2017), and N-mixture models
(Royle, 2004). These latter methods work by assuming population abundance (or presence-absence in the
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case of occupancy models) does not change between sampling occasions (referred to as an assumption of
population closure). If this assumption holds, repeated sampling can provide the information necessary to
model detection probabilities. In particular, if we see a species present at a site during one sampling occasion
and not another, then we know that we failed to detect it during the latter occasion. N-mixture models work
similarly, but rely on variability in counts over time to inform the model of detection probabilities. Yet, both
approaches can break down when their assumptions, which are difficult to verify, do not hold (e.g. Welsh,
Lindenmayer, & Donnelly, 2013; Barker, Schofield, Link, & Sauer, 2018; Link, Schofield, Barker, & Sauer,
2018).

Recently, there have been many efforts to integrate data from unstructured (“presence-only”) surveys with
data from structured surveys that allow estimation of detection probabilities (see recent reviews by D. A.
Miller et al., 2019; and Fletcher et al., 2019; Isaac et al., 2020). Data integration has the potential to increase
spatial coverage, precision, and accuracy of estimators of species distributions (Pacifici, Reich, Miller, & Pease,
2019). Most often, data integration is done via a joint likelihood with shared parameters [e.g. treating the
presence-only data as a thinned version of the same point-process model used to model data from structured
surveys; Dorazio (2014); Fithian et al. (2015); Koshkina et al. (2017); Schank et al. (2017); Isaac et al.
(2020)]. As an alternative to using joint likelihoods, Pacifici et al. (2017) suggested using “data fusion
approaches” that share information by using one data set as a predictor when modeling another or by using
spatial random effects that are shared across multiple data sets (see also Gelfand & Shirota, 2019; Gelfand,
2020). These latter approaches should be more robust to differences in underlying intensity functions since
they make fewer assumptions about shared parameters, and they are also likely to be preferable in cases
where one data source is clearly superior to others. Data may also be integrated across multiple species to
infer spatial variability in detection probabilities, either using data from non-target species as a surrogate
for survey effort (Manceur & Kühn, 2014) or through joint modeling under the assumption that observation
processes are common to multiple species (e.g. Fithian et al., 2015; Giraud, Calenge, Coron, & Julliard,
2016; Coron, Calenge, Giraud, & Julliard, 2018). Other work in this area has included developing methods
to deal with misaligned spatial data (Pacifici et al., 2019) and integrating data that are clustered in space
(Renner, Louvrier, & Gimenez, 2019).

Simmonds, Jarvis, Henrys, Isaac, & O’Hara (2020) used simulations to evaluate the performance of different
data integration frameworks when faced with small sample sizes, low detection probabilities, correlated
covariates, and poor understanding of factors driving sampling biases. They found that data integration
was not always effective at correcting for spatial bias, but that model performance improved when either
covariates or flexible spatial terms were included to account for sampling biases. In another study, Fletcher et
al. (2019) found that models fit to combined presence-only and standardized survey data were nearly identical
to models fit to just the presence-only data due to their being much more presence-only than standardized
data. Using cross-validation techniques, they found that weighted likelihoods led to improved predictions.
Much work still needs to be done to evaluate the performance of various data integration methods under
different data generating scenarios (Isaac et al., 2020; Simmonds et al., 2020).

3.10 Looking Forward: Relaxing the Independence Assumption

As discussed in Chapter 1, locations of individuals will often be clustered in space, and some of the clustering
may be driven by demographic rather than environmental processes. A classic example is the clustering in
space of forest communities driven by limited dispersal capabilities (Seidler & Plotkin, 2006). Autocorrelation
is also an inherent property of telemetry data (as will be discussed in the next Section, 3.11). A key assumption
of the Inhomogeneous Poisson Point-Process model is that any clustering of observations in space can be
explained using spatial covariates. Or, in other words, locations of the individuals in the population are
independent after conditioning on x(s). There are several ways that this assumption can be relaxed. In
particular, there are formal point-process models that include various forms of dependence (attraction or
repulsion of points), and several of these can be fit using functions in the spatstat library (Baddeley &
Turner, 2005). For an example in the context of species distribution modeling, see Renner et al. (2015).
Alternatively, we can allow for dependencies by adding a spatially correlated random effect, η(s), to the
intensity function:
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log(λ(s)) = β0 + β1x1(s) + . . . βpxp(s) + η(s) (3.30)

Usually, η(s) is modeled as a multivariate Gaussian process with E[η(s)] = 0 and Cov[η(s), η(s′)] depending
on the distance between s and s′; we used a similar approach to simulate data in Section 3.6.6

Although adding spatially correlated random effects may at first appear to be a simple extension to the
IPP model, these models can be more difficult to fit to real data, particularly in a frequentist framework
(Renner et al., 2015). Thus, we will leave further consideration of these approaches until later chapters. We
do, however, wish to make two more important points. First, there may be times when we are willing to
estimate parameters (or summarize location data from each of several tagged individuals) using models that
assume independence, but use alternative methods for calculating SE’s that are robust to the independence
assumption [e.g. using a block or cluster-level bootstrap; Fieberg, Vitense, & Johnson (2020); Renner et al.
(2015)]. Second, residual spatial correlation may differ across different data sets, and this may have important
implications for integrated models that combine data under the assumption of a constant intensity function
as discussed in Section 3.9 (see also Renner et al., 2019).

3.11 Telemetry data

3.11.1 Logistic Regression and Resource-Selection Functions

As briefly alluded to in the introduction of this chapter (Table 3.1), telemetry data differ from most survey
data sets in that individuals are repeatedly followed over time. Despite this inherent difference, data from
telemetry studies are often pooled and analyzed using methods similar to those described earlier in this
chapter. In particular, logistic regression is often applied to data sets consisting of observed locations (with
yi = 1) and randomly generated background (referred to as available) locations (with yi = 0). Logistic
regression models are parameterized using a logit link (i.e. log( u

1−u )) rather than complementary log-log link
as described in Section 3.7.2:

log(P (Yi = 1|x)/[1 − P (Yi = 1|x)]) = β0 + β1x1(s) + β2x2(s) + . . . βpxp(s) (3.31)

Rather than use the inverse-logit transform ( eµ

1+eµ ) to estimate P (Yi = 1|x), which largely reflects the number
of available locations used to fit the model, most analyses of telemetry data focus on the exponential of the
linear predictor without the intercept:

exp(β1x1(s) + β2x2(s) + . . . βpxp(s)) (3.32)

referred to as a resource-selection function (RSF) [Section 2.8; Boyce & McDonald (1999)].

Historically, RSFs were described as providing estimates of “relative probabilities of use.” We find this
terminology problematic, however, since the probability of use requires first defining an appropriate spatial
and temporal unit (e.g. use of a 100 km2 area over a 3-month time period); the probability of finding at least
one telemetry location in a grid cell will increase as we increase the grid cell size or the length of a telemetry
study (see discussion in Subhash R. Lele & Keim, 2006).

Ecologists debated for many years whether logistic regression was appropriate for analyzing use-availability
data (e.g. Keating & Cherry, 2004; C. J. Johnson, Nielsen, Merrill, McDonald, & Boyce, 2006). Warton &
Shepherd (2010) ended this debate by showing that the slope parameters of a logistic regression model will
converge to those of an IPP model as the number of available points increases to infinity. The connection
to the IPP model also clarified the role of available points in the model fitting process (they allow us to
approximate the integral in the denominator of the IPP likelihood). With logistic regression, the used

6The model given in eq. (3.30) is referred to as a log-Gaussian Cox process (Møller, Syversveen, & Waagepetersen, 1998).
Alternatively, spatial correlation can be modeled using conditional auto-regressive random effects (Pacifici et al., 2017, 2019).
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Table 3.4: Regression coefficients in infinitely-weighted logistic and down-weighted Poisson regression models
fit to simulated data.

Infinitely-weighted Logistic Down-weighted Poisson
Estimate Std. Error Estimate Std. Error

(Intercept) NA NA 6.02 0.05
risk -1.01 0.04 -0.99 0.04
resource 2.06 0.04 2.03 0.04

locations also contribute to this integral, but the contribution becomes negligible as the number of available
locations increases. Fithian & Hastie (2013) later showed that convergence is only guaranteed if the model
is correctly specified or if available points are assigned “infinite weights.” Therefore, when fitting logistic
regression or other binary response models (e.g. boosted regression trees), one should assign a large weight
(say 5000 or more) to each available location and a weight of 1 to all observed locations (larger values can be
used to verify that results are robust to this choice). Alternatively, instead of increasing the contribution of
the availability points to the integral, we can decrease the contribution of the used locations and switch to a
Poisson likelihood function as discussed in Section 5, Supplement S1 of Renner et al. (2015). The potential
advantage of this approach is that it then becomes possible to estimate the intercept, and thus, the absolute
density of observations.

To demonstrate that infinitely-weighted logistic regression and down-weighted Poisson regression can be used
to estimate parameters in an IPP model, we apply these approaches to our simulated data from Section 3.6.
We begin with infinitely-weighted logistic regression:

# Create a data frame with used and available locations
rsfdat<-rbind(xmat_u[,c("risk", "resource")], xmat_a[, c("risk", "resource")])
# Create y (1 if used, 0 otherwise)
rsfdat$y<-c(rep(1, nrow(xmat_u)),rep(0, nrow(xmat_a)))
# Assign large weights to available locations
rsfdat$w<-ifelse(rsfdat$y==0,5000,1)
# Fit weighted logistic model and look at summary
rsf<-glm(y~risk+resource, data=rsfdat, weight=w, family=binomial())

We see that we get identical estimates of the coefficients and their SEs as obtained when fitting the IPP
model using the conditional likelihood (compare Tables 3.2, 3.4).

To implement the down-weighted Poisson approach, we create small weights (w = 1−6) for the observed
locations and weights equal to the area sampled divided by the number of random points (w = |G|

na
) for the

available locations. We then model Yi = 0 for the available locations or Yi = 1/w for the observed locations.

# A = area sampled
A=1
# Create weights
rsfdat$w2<-ifelse(rsfdat$y==0, A/sum(rsfdat$y==0), 1.e-6)
# Fit down-weighted Poisson regression model
rsfDWP<-glm(y/w2~risk+resource, data=rsfdat, weight=w2, family=poisson())

We see that we again recover the parameter values used to simulate the data, including the intercept (Table
3.4).
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3.11.2 Connection to Utilization Distributions and Animal Home Ranges

In the context of home-range modeling, the distribution of habitat use in geographic space, fu(s), is often
refereed to as a utilization distribution (Jennrich & Turner, 1969; Van Winkle, 1975). We can estimate this
distribution directly using various non-parametric methods, including 2-dimensional kernel density estimators
(Figure 3.7).

# Create data set with locations (x,y)
dataHR = as.data.frame(x[obs,c("x","y")])
# Calculate and plot 2-D density estimate f_u(s) using kde
H <- ks::Hpi(dataHR)
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Figure 3.7: Kernel density estimate of fu(s) (z-axis) for the simulated point pattern data in Figure 3.3; fu(s)
depicts the distribution of habitat use in geographic space, also known as the utilization distribution.

In Section 2.9, we demonstrated that we can also estimate fu(s) using a fitted RSF. What we omitted at
the time, however, was that we first need to determine an appropriate spatial domain of availability, G, in
geographic space. It is common to estimate G using a minimum convex polygon or the 95% isopleth of a
kernel density estimator (KDE) applied to an individual’s locations in geographic space (Figure 3.8); these
same methods are frequently used to determine an outer contour when estimating the size of an individual’s
home range (see e.g. Worton, 1989; Kie et al., 2010; Fieberg & Börger, 2012; Horne et al., 2020).

Once we have determined an appropriate domain of habitat availability, G, we can fit an IPP model using the
methods described in this chapter. We can then estimate fu(s) using eq. (3.14) as demonstrated in Section
2.9.

Although the RSF approach allows us to model fu(s) as a function of spatial predictors, it is somewhat
circular since we have to first estimate G (often with an initial estimate of fu(s) obtained from a KDE) before
estimating β, w(x(s), β), and then fu(s) again via equation (3.14). Others have suggested estimating fu(s)
using a KDE, which then may be regressed against spatial predictors to infer the importance of environmental
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Figure 3.8: Minimum convex polygon (left) and 95th percentile isopleth of a kernel density estimate of fu(s)
(right) for the simulated point pattern data in Chapter 3.

characteristics on habitat use (Marzluff, Millspaugh, Hurvitz, & Handcock, 2004; Millspaugh et al., 2006).
This approach, when used with a log-transformation, can again be shown to approximate an IPP model
(Hooten, Hanks, Johnson, & Alldredge, 2013). Alternatively, Horne, Garton, & Rachlow (2008) suggested
we should simultaneously estimate parameters in fa(s) and w(x(s), β) by directly maximizing the weighted
distribution likelihood formed using eq. (3.14). Horne et al. (2008) referred to this approach as fitting a
synoptic model since it models space use by incorporating both home-range and resource-selection processes.
If we assume fa(s) is described by bi-variate normal distribution, Φ(s, µ, σ2), then we can simultaneously
estimate the mean (µ) and variance parameters (σ2) in fa(s) and the regression parameters in w(x(s), β) by
maximizing the likelihood given by eq. (3.33):

L(µ, σ, β|s1, . . . , sn) =
n∏

i=1

w(x(si), β)Φ(si, µ, σ
2)∫

g∈G
w(x(g), β)Φ(g, µ, σ2)dg

(3.33)

As with IPP models, the integral in the likelihood must be approximated using Monte Carlo or numerical
integration techniques. The same approach has been used to motivate a joint likelihood model for integrating
telemetry data and spatial mark-recapture data (Royle, Chandler, Sun, et al., 2013).

In the home-range literature, an important distinction has been made between the distribution of locations
an animal uses during a specific observation window, referred to as an occurrence distribution, and the
asymptotic (or equilibrium) distribution that results from assuming animals move consistently in a range-
restricted manner, referred to as the range distribution (Fleming et al., 2015, 2016; Horne et al., 2020). These
two distributions represent different statistical estimation targets, which has important implications when
choosing a home-range estimator and when considering the effect of autocorrelation on home-range estimators
(Fleming et al., 2014; Noonan et al., 2019). Autocorrelation is an asset when estimating the occurrence
distribution using time-series kriging, a method that uses autocorrelation to better predict “nearby” locations
in time (Fleming et al., 2016). On the other hand, autocorrelation may impact effective sample sizes and thus
optimal levels of smoothing when using kernel density estimators to estimate the range distribution (Fleming
et al., 2015).

This distinction between describing, retrospectively, the distribution of habitat used by an animal and,
prospectively, the distribution of habitat that an animal will likely use in the future has received less attention
in the SHA literature. Our view is that RSFs capture historic habitat use (analogous to an occurrence
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distribution), which when combined across various sampling instances, can provide insights that may allow
us to predict future habitat use in novel environments. In later chapters we will encounter movement-
based habitat selection models that can be used to generate predictive distributions of animal space-use in
novel environments. In both cases, we will need to consider the role autocorrelation plays in determining
appropriate estimators, including estimators of parameter uncertainty.

3.11.3 Looking Forward: Non-Independence of Telemetry Locations

As alluded to in the previous section, it is important to consider whether the assumption that observed
locations are independent is reasonable when modeling home ranges or habitat selection from telemetry
data. Strictly speaking, this assumption will almost never be met, particularly with modern-day telemetry
studies that allow several locations to be collected on the same day. In particular, observations close in time
are likely to be close in space (Aarts et al., 2008; Fleming et al., 2014). Elsewhere Fieberg (2007) argued that
a representative sample of locations may be sufficient for consistent (asymptotically unbiased) estimation of
utilization distributions that describe habitat use during a fixed observation window (e.g. a breeding season
or annual cycle), analogous to estimating the occurrence distribution. Similarly, if telemetry observations
are collected regularly (or randomly) in time, then the locations may be argued to provide a representative
sample of habitat use from a specific observation window. In these cases, it may be helpful to view our
estimates of RSF parameters, β̂, as useful summaries of habitat use for tagged individuals during these fixed
time periods. The question then becomes, how should we use these summaries to make inferences about a
population or species? The assumption of independence of our locations is clearly problematic, and ignoring
statistical dependence will bias our estimates of uncertainty. What should we do about this? We have a few
options:

1. Calculate a time to independence between observations and either down-weight the contribution of
each observation or subsample from the autocorrelated observations to obtain an independent sample
(Swihart & Slade, 1985). Yet, subsampling involves the removal of valuable data, and it may not always
be possible to achieve independence through subsampling (Noonan et al., 2020).

2. If we are interested in population-level summaries of habitat use, then we may choose to ignore within-
individual autocorrelation when estimating individual-specific coefficients, but use a robust form of SE
that treats individuals as independent when describing uncertainty in population-level parameters (e.g.
Craiu, Duchesne, & Fortin, 2008; Fieberg, Matthiopoulos, Hebblewhite, Boyce, & Frair, 2010).

3. Alternatively, we may be able to address issues related to autocorrelation by choosing a framework that
allows us to model habitat selection and animal movement together (Hanks, Hooten, Alldredge, et al.,
2015; Signer, Fieberg, & Avgar, 2017, 2019). These approaches can then be combined with hierarchical
modeling frameworks that allow for individual-specific coefficients (Muff, Signer, & Fieberg, 2020). We
will revisit these ideas in later chapters of the book.

An advantage of the last approach is that it provides a mechanistic link between spatial covariates and
animal movements, which can be used to explore space-use patterns in novel environments (Signer et al.,
2017; Michelot, Blackwell, & Matthiopoulos, 2019).

3.12 Camera Traps

Camera traps have become a popular and relatively inexpensive tool for monitoring the use of habitats by
multiple species (O’Connell, Nichols, & Karanth, 2010; Wearn & Glover-Kapfer, 2019). Data from camera
traps have been analyzed in many different ways (for an overview, see Sollmann, 2018), but it is not uncommon
to fit models to counts of observations per unit time or to binary (detect/non-detect) summaries created for
pre-specified time periods (e.g. days). Both approaches can be formulated in terms of an underlying spatial
point-process or spatial-temporal point-process model. This feature has facilitated joint modeling of camera
trap and other survey data (e.g. Scotson et al., 2017; Bowler et al., 2019). If individuals can be uniquely



3.13. SOFTWARE FOR FITTING IPP MODELS 95

identified, then it is possible to fit spatial-mark-recapture models to camera trap data as thinned point
processes (Borchers & Marques, 2017); it is also possible to integrate camera trap and telemetry data using
a joint likelihood approach (Royle, Chandler, Sun, et al., 2013; Proffitt et al., 2015; Sollmann, Gardner,
Belant, Wilton, & Beringer, 2016; Linden, Sirén, & Pekins, 2018). Given the ubiquity of camera trap data,
we expect to see further development of approaches to integrating camera trap data with other data types
in the future.

One important consideration when fitting models to camera trap data is that cameras sample very small
areas defined by the camera’s field of view, and therefore, effectively sample points in space. Thus, although
camera trap data are often analyzed using occupancy models, there is no clear connection to a “site” with
well-defined spatial extent (Sollmann, 2018). Further, interpretation of estimates of occupancy is challenging
since this metric will be influenced by both density of individuals and their average home-range size (Efford
& Dawson, 2012; but see Steenweg, Hebblewhite, Whittington, Lukacs, & McKelvey, 2018 for an alternative
point of view). Another important feature to consider when analyzing camera trap data (or other mark-
recapture data) is whether or not lures or attractants have been used to increase detection rates (see e.g.
Garrote et al., 2012; Braczkowski et al., 2016; Iannarilli, Erb, Arnold, & Fieberg, 2017; Maxwell, 2018; Mills,
Fattebert, Hunter, & Slotow, 2019). These effects should also be considered when modeling habitat use-data
as they may induce clustering rather than a thinning of observed data.

3.13 Software for fitting IPP models

In this chapter, we have demonstrated how the IPP model can be fit to simulated data using the full likelihood,
conditional (weighted distribution theory) likelihood, and using infinitely-weighted logistic regression or down-
weighted Poisson regression. Here, we briefly mention open-source software available for fitting the IPP model
to spatial usage data. Advantages and disadvantages of different options for fitting IPP models are discussed
in more detail in Renner et al. (2015), and we encourage interested readers to follow up by reading their
paper (along with its associated supplementary material).

• the spatstat package in R uses numerical integration to fit a wide range of point-process models, includ-
ing models that allow for clustering or competition in space (Baddeley & Turner, 2005). An advantage
of using the spatstat library is that it also has built-in functions for evaluating model assumptions
(e.g. point independence) and fit of the model (e.g. using residual plots). These functionalities will be
illustrated in a later chapter.

• the ppmlasso package in R provides methods for fitting a range of spatial point-process models while
also using regularization techniques to constrain model complexity and avoid overfitting.

• MaxEnt is a popular software program for fitting species distribution models using a maximum entropy
approach (Phillips & Dudik, 2008; Merow et al., 2013). This approach is equivalent to fitting a Poisson
process model but using highly flexible predictors to allow for complex species-habitat associations
(non-linear responses and interactions). As with ppmlasso, a penalization term is used to constrain
model complexity. MaxEnt also includes nice graphical features that allow one to explore areas in
geographical space that require extrapolating outside the range of the data used to fit the model, and
to evaluate which predictors are driving the predictions at any location in space. It is possible to fit
models using MaxEnt using the dismo package in R (Hijmans, Phillips, Leathwick, & Elith, 2017).

• INLA is a general purpose Bayesian software platform that approximates posterior marginal distributions
using integrated nested Laplace approximations rather than using Markov chain Monte Carlo (MCMC)
sampling. It has become a popular method for fitting spatial models in a Bayesian framework (Illian,
Sørbye, & Rue, 2012; Lindgren et al., 2015). The INLA (Lindgren & Rue, 2015) and inlabru (Yuan
et al., 2017) R packages makes it is possible to fit models using INLA via an R interface (for more
information about INLA, see: http://www.r-inla.org/ and for inlabru see https://inlabru-org.github.i
o/inlabru/index.html).

http://www.r-inla.org/
https://inlabru-org.github.io/inlabru/index.html
https://inlabru-org.github.io/inlabru/index.html
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• The glmmTMB package in R (Brooks et al., 2017) can be used to fit linear and generalized linear mixed
models using maximum likelihood via Template Model Builder (TMB) (Kristensen, Nielsen, Berg,
Skaug, & Bell, 2015). TMB uses automatic differentiation to calculate likelihood gradients, which
makes it easier to fit complex models. glmmTMB can fit IPP models to use-availability data via infinitely-
weighted logistic regression or down-weighted Poisson Regression (Renner et al., 2015). Similar to INLA,
glmmTMB can include spatial random effects using a Laplace approximation. The appeal is that it is
relatively stable and fast for larger data sets.

3.14 Concluding remarks

In this chapter, we introduced the Inhomogeneous Poisson Point-Process model as a general framework for
modeling species distributions. The IPP model allows us to work with and integrate several different data
types (point locations, presence-absence data, gridded counts), while also accounting for observation and
sampling biases via a thinning process. Thus, it provides a solid statistical foundation that allows us to link
organisms to their habitat. In fact, it can be shown that most methods for modeling species distributions,
including MaxEnt and resource-selection functions, are equivalent to fitting an IPP model. Nonetheless, it
is important to recognize limitations and inherent challenges with interpreting the output of these models
biologically. As discussed in Chapter 1, there are many reasons why the density of a species may not
accurately reflect habitat suitability or fitness. Furthermore, there is a tendency among practitioners to
approach model building with little thought − i.e. pass whatever remotely-sensed variables are available to
MaxEnt, and let it construct an extremely flexible model that allows the “data to speak”. There are many
issues with this approach. In addition to ignoring sampling biases (Yackulic et al., 2013), machine learning
approaches are likely to lead to overfit models that do not transfer well to other locations (Fourcade et al.,
2018). As we argued in Chapter 2, it is important to carefully consider biological mechanisms when building
process models; classifying predictors as resources, risks, or conditions allows us to anticipate the functional
relationship between predictors and fitness and is an important first step to building more realistic process
models. This simple step may take us quite far when density is proportional to fitness (i.e. when our null
model in Chapter 1 is appropriate). Unfortunately, the null model will often not be appropriate, and thus,
future chapters will be devoted to relaxing its assumptions.
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Chapter 4

Choosing and preparing data

4.1 Objectives

The objectives of this chapter are to:

1. Enumerate the ecological research questions most often asked of Species Distribution Models, linking
those to the underlying statistical form of SDMs. We think about inference, prediction and their associ-
ated uncertainties. These models require response and explanatory variables. In the SDM context, the
response has the form of distribution data, and the explanatory variables are informed by environmental
data.

2. Discuss the possible distribution data types that could be used in SDMs. We arrange those along
a spectrum between spatially- and individually-referenced data. We connect these ideas with the
analytical strands of Chapter 3.

3. Outline different forms of structure (stratification) in the response data (e.g. by behavioral activity,
sex, age, etc.).

4. The diversity of explanatory data is overwhelming. We provide a “classification by bisection” of the key
characteristics of these data, hence reviewing the key analytical difficulties associated with the different
data types. Hence, although we cannot exhaust the data types, we can be quite comprehensive about
the preparation challenges.

5. Introduce problems associated with missing or coarse data.

6. Provide a short primer of Geographic Information System (GIS) operations within R.

4.2 You are here

As we saw in Chapter 1, the ecological processes that permeate the associations between species and habitats
are dynamic and diverse. The multiscale questions raised in Chapter 1 and the mathematical formalisms
proposed in Chapter 2 require more sophisticated SHA models than the ones we currently have available.
Nevertheless, as our research community journeys towards the development of fully ecological SHA models,
that link population dynamic processes with the spatial distribution of conditions and depletable resources, we
need to be able to specify and control the statistical machinery for linking spatial abundance to environmental
variables. As we discussed at the end of Chapter 1, Species Distribution Models (SDMs) are the foremost
available batch of methods that achieve this statistical connection. Much too often in the contemporary
ecological literature, authors including ourselves, dive all too eagerly into the practicalities of running SDMs
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without paying due attention to high-level ecological questions that might affect the inferences from such
models. In such workmanlike papers, attention often returns to ecological interpretation in the Discussion
sections, almost as an obligatory afterthought, often admitting that complications such as depletion, density
dependence, multispecies interactions and transient dynamics are probably influential, but outside the feasible
remit of these studies.

Having appeased our conscience by presenting ecological complexity and notions of fitness upfront (in our
Chapters 1 and 2) we now need to focus on the feasible business-at-hand. Getting off the ground with SHAs
requires that we get down-and-dirty with the practicalities of SDMs. Many of the statistical methods in the
SDM toolbox are neither particularly ecological nor spatial, and most predate the unification brought about
by the Inhomogeneous Point Process framework (see Chapter 3). We will, however, try to embed all these
methods in the common, unified framework of IPPs. In this chapter, we discuss the basic ingredients of
SDMs, the questions they can answer and the response data that we can use with them. To streamline our
thinking about the plethora of possible covariates, we introduce a useful taxonomy of explanatory variables
and consider problems of missing and imperfect explanatory data.

4.3 Typical questions asked of an SDM

The biological questions we usually try to answer with SDMs fall into the three broad categories outlined in
our Preface: estimation, inference, and prediction. In the language of species distributions, we are seeking to
know where the organisms are, why they are there and where else they might be, now or in the future (Aarts
et al., 2008). SDMs are, first-and-foremost, statistical regression models, so you can use your knowledge of
statistical rudiments (think of a generalized linear model) to motivate many of the relevant scientific questions
for species distribution.

For starters, SDMs have at least one response variable Y and at least one explanatory variable X. The
response data are generated by some stochastic process D() with a deterministic component λ. The deter-
ministic component is often the expectation of the process and it is modeled as a function of covariates1

Y ∼ D(λ)

λ = f(X)

The response data (see Section 4.4) relate to the species distribution (e.g., grid counts, telemetry observations,
transect detections), and the explanatory data (see Section 4.5) are habitat attributes.

SDMs also inherit the type of questions often asked in correlational analyses, across all empirical disciplines.
Statistical estimation and inference are the generic names for the batch of formal quantitative processes
used by statisticians to learn from data. Although the phrasing of the questions can be quite statistical and
general, they all have an ecological translation in the context of species distributions (i.e. expected abundance
patterns in space).

With estimation we seek to describe aspects of model parameters. Consider a model of the form

Y ∼ Poisson(λ)

λ = exp(a0 + a1X1 + a2X2)

1This function is a combination of the predictor function (e.g., a linear combination of the covariates) and the link function,
is usually thought of as a transformation operating on λ.
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where Y represents the spatial data (a count of species occurrences in a unit of space) and the X represent
the environmental covariates. We may be interested in estimating the values of the parameters a0, a1, a2.2

These point estimates may give us interesting biological clues. For example, the intercept a0 is associated
with the species abundance at a point where all covariates are zero. The value X = 0 may represent some
interesting baseline scenario. If X measures altitude, then X = 0 is sea-level. Then, the intercept determines
the expected abundance of the species at sea level λ0 = exp(a0). On the other hand, if the covariates have
been standardized (i.e. X̂ = (X − X̄)/SD(X)), then the intercept represents the expected abundance under
the average conditions observed in the data. Biological papers invariably subject the sign and magnitude of
the point estimate for the slope a1 to interpretation (much as we did in Chapter 2). So, questions that we
could ask here include:

• What is the expected baseline abundance of a species under a set of reference conditions (i.e. when the
X are zero)?

• Is abundance expected to increase or decrease along gradients of X?
• If the covariate units have been standardized, which covariate has a stronger effect on expected abun-

dance?

Let’s have a look at a simple example. First we will create some simulated response data Y, whose expected
value lambda is related to two covariates X1 and X2 via the expression λ = exp(2 + 0.2X1 − 0.1X2). We have
hardwired the three parameters of this expression, so as to represent the underlying truth in the simulation.
In real scenarios of statistical inference, these exact values are not known to us3, we will be trying to estimate
them statistically.

# Simulating some artificial data
n<-100 # Sample size
X1<-rnorm(n, 10, 1) # Creating values for environmental variable 1
X2<-rnorm(n, 10, 1) # Creating values for environmental variable 2
X3<-rnorm(n, 10, 1) # Creating values for environmental variable 3
lambda<-exp(2+0.2*X1-0.1*X2) # Setting up an expected response
Y<-rpois(n,lambda) # Simulating response values
dat<-data.frame(X1,X2,Y) # Creating the data frame

# Creating marginal plots
par(mfrow=c(1,2))
plot(X1,Y)
plot(X2,Y)

2Please note that, in contrast to common terminology misuse in the ecological literature, the X’s are not parameters, they
are covariates. We estimate parameters, but we collect data about covariates. Parameters re-weight the influence of covariates
on the response. So, next time you review a paper that talks about “the effect of environmental parameters on space use”,
please put the authors right!

3In the future, we will tentatively refer to this kind of simulation as FITMOG - Found In The Mind Of God!
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par(mfrow=c(1,1))

The parameters and associated standard errors can be retrieved by fitting a GLM to these data.

# Statistical inference
model<-glm(Y~X1+X2+X3, family=poisson, data=dat) # Fitting a model
summary(model)

##
## Call:
## glm(formula = Y ~ X1 + X2 + X3, family = poisson, data = dat)
##
## Deviance Residuals:
## Min 1Q Median 3Q Max
## -2.77868 -0.69363 -0.08104 0.65710 2.13159
##
## Coefficients:
## Estimate Std. Error z value Pr(>|z|)
## (Intercept) 1.878587 0.423568 4.435 9.20e-06 ***
## X1 0.193539 0.023752 8.148 3.69e-16 ***
## X2 -0.088920 0.022836 -3.894 9.86e-05 ***
## X3 0.008277 0.022964 0.360 0.719
## ---
## Signif. codes: 0 ’***’ 0.001 ’**’ 0.01 ’*’ 0.05 ’.’ 0.1 ’ ’ 1
##
## (Dispersion parameter for poisson family taken to be 1)
##
## Null deviance: 180.552 on 99 degrees of freedom
## Residual deviance: 93.459 on 96 degrees of freedom
## AIC: 582.67
##
## Number of Fisher Scoring iterations: 4

Note that the mathematical and probabilistic properties of this GLM are exactly the same as the ones we
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used when simulating the data. This idealized situation will never hold in reality4.

We have included a third (irrelevant) variable in this model to try and misguide the parameter estimation.
In this particular case, the GLM has not fallen for the ruse, managing to estimate values for the parameters
of X1, X2 that have the correct direction and magnitude, both absolutely and relative to each other.

Beyond point estimates, inference may ask more nuanced questions about uncertainty in point estimates.
This may be done via interval estimates (e.g. confidence intervals in frequentist analyses or credible intervals
in Bayesian approaches). For example,

• How uncertain are we about the value of the intercept (e.g., the expected abundance at sea level) or
the slope (e.g., the species response to altitude)?

• Does the interval associated with the slope include zero (i.e., is it possible that the species does not
really respond to altitude)?

In the above model summary, the estimated standard errors suggest that the uncertainty associated with the
first three parameters would lead to confidence intervals that do not enclose zero. In contrast, the fourth
parameter could easily have the value zero5.

# Confidence intervals
confint(model)

## Waiting for profiling to be done...

## 2.5 % 97.5 %
## (Intercept) 1.04821139 2.70851319
## X1 0.14700950 0.24011929
## X2 -0.13366025 -0.04413877
## X3 -0.03668157 0.05333733

Once we start thinking about uncertainty in parameter estimates, more esoteric questions can be asked about
the correlations between the estimates of parameters values. For example,

• If the value of the intercept is, in reality, lower than our point estimate, do we expect the slope to be
steeper than its point estimate?

These measures of uncertainty, captured by the variance-covariance matrix in regression models, become
really important for correctly representing uncertainty in spatial predictions, which we will see later on.

vcov(model)

## (Intercept) X1 X2 X3
## (Intercept) 0.179409716 -6.034394e-03 -6.086601e-03 -5.835692e-03
## X1 -0.006034394 5.641633e-04 3.992457e-05 -2.072392e-06
## X2 -0.006086601 3.992457e-05 5.214672e-04 5.684005e-05
## X3 -0.005835692 -2.072392e-06 5.684005e-05 5.273452e-04

4This is the advantage of FITMOG simulations here. We can exclude model misspecification as an explanation for any
parameter estimation problems

5The default option in R for confidence intervals relies on profile likelihood. Read more about these here: https://fw8051st
atistics4ecologists.netlify.app/mle.html#profile

https://fw8051statistics4ecologists.netlify.app/mle.html#profile
https://fw8051statistics4ecologists.netlify.app/mle.html#profile
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Following on from parameter estimation we may want to conduct whole model inference, focusing on whether
it is worthwhile keeping a covariate in the model. This matters because all empirical models have to tread the
fine line between improving their goodness-of-fit to the existing data and preserving their predictive power in
new situations. It is always possible to construct models that capture all the variability in the existing data by
including more covariates and more flexible functions of these covariates. This added flexibility corresponds
to an increase in the effective degrees of freedom in a model enabling it to track the observations accurately.
However, models that describe existing data very faithfully are unlikely to predict new data successfully.
There are several different schools of thought for model inference (Fieberg et al., 2020). We may ask whether
the estimated slope of a covariate is significantly different from zero (a p-value approach), or we may ask
whether the addition of more flexibility in the model gives us sufficiently large returns in explanatory power
(as a guarantee for predictive power, under some asymptotic argument for information criteria such as the
AIC). Alternatively, we may focus directly on predictive power, by approaches such as cross-validation. All
of these approaches essentially ask the same ecological question:

• Do the data suggest that a particular environmental variable is a useful covariate of species abundance?

The “usefulness” of a covariate will, of course, depend on whether we are interested more in understanding
or prediction (Tredennick, Hooten, & Adler, 2017). The p-values reported in the summary of our GLM
model above (whose significance is - almost too conveniently - indicated by a star system) indicate that X3 is
probably an irrelevant variable. In this example, the same conclusion can be reached using automatic model
selection (using the step() command) with the aid of the AIC6.

modelBest<-step(model, trace=0)
summary(modelBest)

##
## Call:
## glm(formula = Y ~ X1 + X2, family = poisson, data = dat)
##
## Deviance Residuals:
## Min 1Q Median 3Q Max
## -2.72167 -0.65847 -0.09959 0.63003 2.11808
##
## Coefficients:
## Estimate Std. Error z value Pr(>|z|)
## (Intercept) 1.97014 0.33905 5.811 6.22e-09 ***
## X1 0.19357 0.02376 8.147 3.73e-16 ***
## X2 -0.08981 0.02270 -3.957 7.60e-05 ***
## ---
## Signif. codes: 0 ’***’ 0.001 ’**’ 0.01 ’*’ 0.05 ’.’ 0.1 ’ ’ 1
##
## (Dispersion parameter for poisson family taken to be 1)
##
## Null deviance: 180.552 on 99 degrees of freedom
## Residual deviance: 93.589 on 97 degrees of freedom
## AIC: 580.8
##
## Number of Fisher Scoring iterations: 4

Note that much as we would like to make such statistical conclusions more ecological, the correlational nature
of SDMs prevents us. For example, detecting a strong negative relationship between the abundance of our

6Note that p-values and information criteria give similar but not identical conclusions (Murtaugh, 2014). Indeed, different
information criteria may often recommend different final models and these may be different to the suggestions of cross-validation
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study species and altitude may be the result of temperature tolerances. We may want to conclude that
the species struggles to survive in colder, higher ground, but our evidence is purely correlational7. This is
the case, no matter which statistical tool (e.g. p-values, information criteria, or cross validation) is used to
determine if an explanatory variable should stay in the SDM. Nevertheless, all studies involving SDMs will
expend some ink in their concluding sections speculating about why one explanatory variable is negatively
related to abundance and why another variable appears not to explain patterns of abundance. These post-hoc
interpretations are as unavoidably necessary for publication as they are scientifically vulnerable. Nevertheless,
to the extent that they can lead to new hypotheses for targeted experimentation and data collection, they
are a constructive part of the scientific process.

As an exercise, try the following. Set the intercept in the above simulation example to -2, so that λ =
exp(−2 + 0.2X1 − 0.1X2).

1. Does a model with a negative baseline make biological sense? What biological scenario does it represent?

2. What do you see in the marginal plots of these new simulated data?

3. What happens to parameter estimation, confidence intervals, p-values following this small change in
god’s mind?

4. What does model selection conclude?

If parameter and model inference address our need for scientific understanding, projections of SDMs to
the spatial domain satisfy our need for prediction. Fundamental questions on prediction are the following
three:

• What was the detailed distribution of the species in space while we were collecting data? This is
a question of spatial reconstruction, controlling for the distorting effects of partial, error-prone or
imbalanced observation.

• What would be the detailed distribution of the species in space if the environment was different?
This is a question of extrapolation, a task performed deceptively easily in practice, but almost always
guaranteed to give the wrong answers.

• How certain are we about these spatial predictions at different parts of space? This is a question of
propagating different types of uncertainty all the way to final predictions, and finding a concise way of
communicating this complex information numerically and visually, in maps (Jansen et al., 2022).

Environmental covariates are not the only explanatory input in a model. We may be able to understand more
about a system by appealing to structure in the data (e.g. when data chunks can be attributed to particular
study animals or spatial units). These may be investigated via hierarchical models. For example, we may
ask:

• How much of the observed variability in the association between organisms and habitats is attributable
to individual variation and how much is due to differences in the environments that different individuals
experience? Are individuals consistently different from each other, or are all individuals equal (and
equally erratic) in their day-to-day behavior?

Similarly, the idea of propagating uncertainty can lead us to ask challenging questions about “things we know
we don’t know” and “things we don’t know that we don’t know”8. A good question here might be:

7The old “correlation is not causation” adage still bears reminding, although statistics has pushed the envelope towards
causal models in the 20th century (Granger, 1969; Damos, 2016; Loehlin & Beaujean, 2016)

8Rather annoyingly, one of the best statements about uncertainty did not come from a statistician, but from an individual of,
arguably, deeply flawed logic. This particular tongue-twister is attributed to Donald Rumsfeld (1932-2021): “There are known
knowns. These are things we know that we know. There are known unknowns. That is to say, there are things that we know
we don’t know. But there are also unknown unknowns. There are things we don’t know we don’t know.”
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• Are there residual patterns in the spatial data indicating that the organisms cluster (e.g. due to social
attraction), or that we may have missed an important covariate of their distribution that creates
aggregations?

All of the above questions come with associated caveats. Answers to descriptive questions make no attempt
to explain or extrapolate from the data. In answering questions of scientific understanding we inadvertently
use statistical inference as an indirect but necessary substitute to direct experimentation. In questions of
prediction, as we move gradually from spatial map reconstruction towards forecasting and extrapolation, we
risk losing predictive power, without even realizing it.

4.4 Distribution data

4.4.1 Spatially versus individually-referenced data

In Chapter 3, we looked at the different methods that can be used to collect species distribution data in
the field (plot-based surveys, telemetry, transect surveys, camera traps). Our priority there was to unify
the analysis of all these data types under the all-encompassing framework of point processes. However, the
specifics of the statistical analysis will differ depending on features of the data. Most importantly, there
are two aspects that determine the analysis. First, whether the response data are amenable to log-linear or
logistic regression, (or something in-between). Second, what the distribution of sampling effort was across
space, time and population sub-components.

To improve our analytical orienteering, here, we present an overview of distribution data that leads to a more
compact taxonomy of data-types. We will point out the connections with the material of Chapter 3 along
the way.

There is a bewildering diversity of methods that can be used in the field for collecting distribution data, but
not all need to be treated differently at the stage of statistical analysis. For example, a line transect survey
may be conducted from many different platforms, such as observers on-foot, on-board planes/ships/cars,
drones with standard or infrared cameras. The surveys may detect organisms visually, they may detect
visible cues (e.g. nests, latrines) or vocalizations. Clearly, the experience of the field workers conducting
these different surveys will be drastically different. The attentiveness, expertise and effort demanded of the
field worker will also differ greatly. Similarly, the responsibility for dealing with characteristically different
observation biases, weighs heavily on the analyst. However, the basic principles of line transect survey
analysis remain the same across all these practical variations on the survey theme. So, how can we categorize
distribution data in a way that helps us choose the specifics of statistical analysis?

A good starting point is to ask whether the focus of data collection is the individual organism or the unit of
space. This leads to the following fundamental distinction between two pure-form data types:

• Survey data (Section 3.8.3): The focus of data collection is the unit of space (at any given time,
the observer is actively looking at a place, the drone is recording footage from a place, the camera
is stationed at a place, etc.). In theory, any individual in the study population can be detected if it
happens to be where the observer is looking, but not all places will be surveyed. So, sampling effort
in the case of surveys has a characteristically spatial-temporal flavor (How much area did we sweep
through, how long did it take us?).

• Telemetry data (Section 3.11): These are primarily of interest for moving organisms, or propagules
and the focus is on the individual (a particular tag is placed on a single animal). In theory (particularly
with modern global positioning systems), any place in G-space may be visited by a tagged animal, but
only a finite number of individuals will be tagged. So, effort in the case of telemetry is characterized
by individual-temporal dimensions (How many individuals did we catch for tagging, how long did the
batteries last on the tags?).
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OK, so what about the other methods that can be used to glean spatial information about a species? We
can actually think of them either as specific versions or as mixtures of the above two pure-forms. Here are
four examples:

• Plot-based data (Section 3.7.1): A comprehensive sampling of space in the form of a grid is just a
form of survey in which a given cell in the grid is represented by a spot observation (usually, either
made, or notionally assigned to the cell’s centroid). Despite the impression that, with a grid, we are
performing a space-covering survey, for a given amount of effort, the sampling is no more exhaustive
than any other type of survey since an infinite amount of effort is required to cover all cells, as the
resolution of the grid becomes ever-finer.

• Occupancy data (Section 3.7.2): These are most clearly understood as depaupered survey data
(i.e. abundance data with lowered information content, where all non-zero entries replaced by ones,
signalling species presence). Between the occupancy and the abundance scenario, we can envisage a
whole spectrum of abundance classifications (e.g. a three-level classification might involve categories for
no detection, some individuals and lots of individuals). There are increasingly user-friendly approaches
for modeling such categorical response data (Wood, Pya, & Säfken, 2016)9.

• Spatial mark-recapture (which could be an extension of e.g., camera methodology, see Section 3.12):
Trapping may be invasive, as in catching and ringing of birds, or non-invasive, as in the case of camera
photography. This is an interesting example because it is actually a hybrid between the two extremes.
The data are individually-referenced (i.e. we have repeated observations from known individuals, as in
telemetry data) and the spatial effort is restricted to the neighborhoods around the locations where
trapping occurs (i.e. we have spatially localized observations, as in survey data).

• Platform of opportunity data (Section 3.9): This encompasses a vast array of data sources. Tourist
boat and safari observations of charismatic megafauna, citizen scientist (volunteer) records, deer-vehicle
roadside collision data, marine mammal strandings, seabird by-catch on longlines, museum data on the
geographical locations of specimens, fossil record data are all apparently rich sources of information on
the spatial distributions of species. They are essentially surveys with none, little or some information on
the distribution of spatial effort. Take the example of the fossil record. The geological conditions under
which fossils are created and preserved may have nothing to do with the original distribution of a species,
but they will undoubtedly influence the final distribution of discovered fossils. Similarly, the effort of
paleontologists (and, certainly, natural historians from past centuries) is not uniform, since their motives
are not typically related to spatial analysis, but rather efficient fossil discovery. Hence, museum records
are challenging to analyze for species distribution (Graham, Ferrier, Huettman, Moritz, & Peterson,
2004; Chakraborty et al., 2011). At the other extreme, many of the more contemporary citizen scientist
schemes recognize the need to record effort (Bonney et al., 2009; Kelling et al., 2009; Silvertown, 2009;
Hochachka et al., 2012; Bird et al., 2014) and may therefore provide data of comparable qualityto those
obtained by formal scientific surveys.

4.4.2 Stratified response data

Response data may have natural structure which, if known to us, might usefully target particular biological
questions. Here are four examples of structured response data:

1. Behavioural structure: Survey and telemetry studies have occasionally recorded the activity per-
formed by particular individuals at the time of spatial observation. Some studies have chosen to filter
out particular activities (such as commuting or resting) in order to focus on the foraging association
between species and habitat.

2. Spatial and temporal scale: Apparent species-habitat associations may differ at different scales. For
example, a herd of wildebeest might want to be in the broad vicinity of water but, in the presence of

9These are examples of polytomous or polychotomous models - have a look at the next footnote!
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crocodiles, no member of the herd would want to spend much time right on the riverbank. So, apparent
preference for water detected by a large-scale model of herd movement might translate to apparent
avoidance of water at the finer scale of individuals within the spatial range of the herd.

3. Population structure: Related to issues of scale is the possibility of population structure, particularly
in individually-referenced data. A single telemetry location belongs to a particular foray (e.g. a foraging
trip), which belongs to the complete set of forays from a particular animal. The animal itself may belong
to a group of individuals (e.g. organized by age, sex or herd/pack membership) making up a population
sub unit (e.g. a colony). (Fig. 2 in Aarts et al., 2008).

4. Taxonomic structure: More recently, tackling multiple species in a single SDM is becoming increas-
ingly possible and appealing because of the ability to control for the intera between species, such as the
effects of trophic or competitive interactions (Ovaskainen & Abrego, 2020; Tikhonov et al., 2020).

It might be that some of this information can be used to filter the analysis (as in the case of focusing only
on foraging responses - Jonsen, Myers, & James (2007); Camphuysen, Shamoun-Baranes, Bouten, & Garthe
(2012); Langrock et al. (2012)), but it may be desirable to incorporate as explanatory data in the analysis
(e.g. behavioral state, age or sex can be used as covariates - Aarts et al. (2008)). Alternatively, it may
be preferable to recognize structure in the form of a random effect (e.g., individual id used in a population
structured data set - Photopoulou, Fedak, Thomas, & Matthiopoulos (2014); Muff, Signer, & Fieberg (2019))
or to run the analysis with more than one response variable (as is the case of stacked models - Distler, Schuetz,
Velásquez-Tibatá, & Langham (2015); Calabrese, Certain, Kraan, & Dormann (2014))

4.5 Explanatory data

In contrast with distribution data, which usually come in only a handful of possible forms (telemetry, survey,
mark-recapture, occupancy, grid), the list of possible explanatory data is endless. There are as many explana-
tory variables as the biological hypotheses an ecologist can conceive to explain what drives the distribution
of their study species (See? Endless!). Hence, probably the best way to discuss explanatory variables is in
terms of dichotomies 10. These divisions bring to the surface some of the challenges of dealing with particular
types of explanatory data, at all stages (proposition, preparation, fitting, selection, prediction).

4.5.1 Intrinsic versus extrinsic

Although SHA models seek to explain the spatial responses of organisms to habitats, and therefore, by default
they should use extrinsic (e.g. environmental) variables to explain distribution, the observed responses are
often moderated by the type and state of the individuals concerned. Such intrinsic characteristics may include
sex, energetic condition, age, reproductive state, behavioral state and phenotypic morph (think of the stark
comparison between the spatial patterns of grasshoppers and swarming locusts, (Fig. 4.1)). Some of that
information (such as the sex of an individual) may be known and constant. Others, (such as age) will be
known and variable. Others yet, (such as an individuals energetic or mental state) will be both variable
and potentially unobservable. Statistically, the easiest method of including this information is as a latent
covariate, possibly in interaction with the responses to environmental variables.

During data collection, it is never guaranteed that observations of individuals will be representative of the
population. Males may be sampled more than females because larger and more aggressive individuals may
present themselves more easily for capture. So, the key challenge with using such intrinsic information comes
at the prediction stage, where the imbalances of sampling must be redressed by a re-weighting operation
according to population structure. Therefore, to compile a prediction about the population’s distribution,
we need to have access to independent information about the population’s structure.

10From the ancient Greek, meaning “to cut into two parts” or to bisect, if you are more into the hip Roman terminology! The
act of splitting into more than one parts is known as polytomy, or polychotomy.
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Figure 4.1: Gryllus rufescens is a species of short-horned grasshopper in the family Acrididae whose pop-
ulations periodically morph into desert locusts (equivalently named Schistocerca gregaria). The change is
triggered by environmental conditions and, in addition to morphological changes, it causes drastic changes
in the range and coordination of movement of individuals. Photo: Wikimedia Creative Commons.

For example, let us consider a model fitted to telemetry data from an animal species as a function of some
environmental variables X and the age a = {0, 1, 2, 3, ...} of the animals (an intrinsic variable). For a
particular location s the model’s prediction of expected usage by animals of age a is:

λ(s, a) = f(X(s), a)

We can create these predictions for any-and-all age classes in the population. Averaging those age-specific
predictions would give us an aggregate prediction of usage. However, a straight average would be inappro-
priate since not all ages are equally prevalent in the population (e.g., there will usually be fewer very old
individuals). To generate population-level predictions, we can create an age-weighted average by using infor-
mation on the age structure of the population (let’s denote this by some function ψ(a), giving the proportion
of individuals in the ath age class). The re-weighted prediction would then take the form

λ(s) =
∞∑

a=0
λ(s, a)ψ(a)

A SHA model that was structured by sex, age, behavior and condition should ideally have data on the joint
distribution of these traits (i.e., be able to first answer a question like: “What is the probability that a
randomly chosen individual from the population is a fat male, aged 5 that is currently resting?”).

The importance of such considerations for prediction may be high. Consider, for example, a small population
that is increasing because of superabundance of resources. Everything about this population will affect key
aspects of its structure. Its age structure will be biased towards young individuals (growing populations
typically present this characteristic), there may be more males than in crowded populations (e.g., because
the low frequency of agonistic encounters would inflict fewer losses to territorial males), and the activity
budgets of population members may present smaller proportions of foraging (due to high-density resources).
Any characteristic attributes in the association between younger/well-fed individuals and their habitats may
result in noticeable, and not always intuitive responses at the level of population distribution. In our example,
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even if they have the same size currently, growing populations may distribute themselves very differently to
declining ones (Schurr et al., 2012; Barela et al., 2020; Barnett, Ward, & Anderson, 2021).

It is worth noting here that the association between individual traits and species distribution is not causal
only in one direction (i.e. traits shaping spatial distribution). Certainly, animals adapt their use of space
in accordance with their individual needs and state. Ultimately, the composition of populations and the
genotypes of species will depend on the habitats they use (i.e., distribution shaping traits). So, habitat
availability will eventually shape animal traits. In the case of plants, the causal direction from environment
to functional traits is observed more readily. This requires us to model plant species traits (such as wood
density, leaf thickness, flowering patterns) in response to habitat, a question known as the fourth corner
problem (Sarker, Reeve, & Matthiopoulos, 2021). These considerations can somewhat blur the boundary
between response and explanatory variables, so we will leave them for now.

4.5.2 Dynamic versus static

Attributes like altitude, sea depth, geomorphology and, in many cases, land cover, can be assumed static for
the duration of a particular study. In these cases, the expected abundance of the species at a location s and
time t is a function of the explanatory variable at the same place, at any time.

λ(s, t) = f(X(s))

Other variables may be dynamic, but may be conveniently averaged into summary measures (e.g. prevailing
wind speed or direction) over a time interval11.

λ(s, t) = f(X̄(s)) (4.1)

However, this will not necessarily be the case for all relevant features of habitat (Fig. 4.2). For instance,
grazing availability (observable as NDVI), prey availability and predator risk are particularly important for
understanding the distribution of a study species, but they are likely to change, either annually, seasonally
or even diurnally, so that we must model the rate as an explicitly temporal function

λ(s, t) = f(X(s, t))

The immediate inclination of the ecological analyst is to allow such variables to participate in the model in
their true dynamic form, for the sake of ecological realism. However, two practical challenges may advocate
against such an inclusion.

At the stage of model fitting, use of dynamic variables means that every value of the response data needs
to be accompanied by synchronous values of the explanatory variables. “What was the state of the tide,
the local temperature and the phytoplankton density at a given location when a given number of seabirds
were counted?” This can be a tall order since such dynamic data are almost never available continuously
and comprehensively. So, creating the model-fitting data frame for a dynamic SHA may require quite a
hefty stage of pre-processing, during which interpolation techniques are used to estimate the value of the
explanatory variable in the proximity of the response observation.

At the stage of prediction, we are either required to specify the dynamic models to a particular time frame
(e.g. producing a map of species distribution for January 2030), or to combine predictions across a given time
period (e.g. annual distribution of species in 2030, obtained by averaging 12 monthly predictions). As well
as the higher data requirements, such models may rely on the availability of forecasts for the explanatory
variables. These may either not be available (e.g., “What will be the distribution of prey for a focal species in
2030?”), but even if they are, they will come with their own intrinsic uncertainties, posing unique challenges
for uncertainty propagation towards the final SDM results.

11For a time interval, say ∆t, such that X̄(s) = ∆t−1
∫ t+∆t

t
X(s, t)dt
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Figure 4.2: Bathymetry (from the Greek “metro” - meaning measuring - and “bathos” - meaning depth)
and its terrestrial equivalent hypsometry (“hypsos” - meaning altitude/height/elevation) are probably the
first environmental variables to be reliably added to most SDMs. They are more accurately measured than
other variables, they are biologically influential for most organisms, and, importantly, they are static in
ecological time scales. By comparison, variables such as phytoplankton distribution might be accurately
known via remote sensing and might even be more biologically relevant, since many organisms rely more
directly on primary production than depth. However, they are less frequently encountered in SDMs because
they are dynamic. This trait means that phytoplankton maps must either be averaged into aggregate layers
(potentially losing their biological relevance) or treated as successive frames in an animation of synchronous
distribution data. Images: Wikipedia Creative Commons.

So, although dynamic explanatory variables are not impossible to include in SHA models, this should be
done advisedly, taking into account the hunger of such models for data, and the challenges of pre-processing
(either to spatially interpolate or to forecast explanatory data).

4.5.3 Interactive versus non-interactive

In Chapter 1, we considered extensively how ecological dynamics can affect our interpretation of field obser-
vations on species distributions. For example, we argued that resources that are depleted by the action of
the study species may not be good explanatory variables of its distribution. So it is worth considering if a
candidate explanatory variable merely sets the scene12 for the study species or if it is an actor itself.

4.5.4 Local versus neighborhood

Explanatory variables can act in a proximate or lagged fashion. An example frequently encountered in SDMs
looks at the distance from a feature, or the delay following an event. In many cases, we are not interested
in whether an organism is observed exactly at a feature (such as a road, a river, the coastline, or a human
dwelling) but whether its use of space is affected more regionally by that feature. Proximity to the feature,
and thus neighborhoods of different size, can be defined in terms of spatial distance or temporal distance.

Once again, here we are aiming for a comprehensive classification, so we distinguish between three broad cases
of neighborhood effects, depending on whether the distance is evaluated with reference to a single, multiple,
or all points in the map. The covariate layer depicted is some function of distance (e.g. raw distance, inverse
distance, minimum distance, average distance or some more sophisticated function such as a kernel). We
present these three cases with a selection of examples to make them comprehensible.

12The classic ecological literature calls such variables scenopoetic (J. A. Miller & Holloway, 2017)
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Case 1: Distance from single point In the first case, every point in space is evaluated with reference to
its distance from a single, influential point (such as the position of the nuclear plant in Fig. 4.3). Hence, the
effect on the usage of a point in space will depend on its distance from the influential point of reference.

Figure 4.3: Chernobyl and Pripyat radiation exposure intensity (colour contours) and distance (black con-
tours) from the Chernobyl nuclear power station. Note that prevailing winds and geomorphology affected
the exposure contours, creating asymmetries compared to the distance contours. Nevertheless, for many
applications where we have no direct information on the explanatory variable (here, radiation exposure), the
distance-from-point map is a good substitute. Photo: Wikimedia Creative Commons.

Such features can be both attracting and repelling. Patterns of space use by a central-place forager would be
affected by the location of its nest (any energy-conserving, risk-averse animal would be reluctant to forage
too far from its nest), so it should present a negative relationship with the variable “distance from nest”.
Conversely, the use of space of an animal that is intimidated by anthropogenic structures would decrease
near these structures. This aversion would yield a positive relationship between usage and “distance from
road/city/light or noise pollution”. In general we may write,

λ(s, t) = f(X(s − ∆s, t− ∆t)),

where, the variable X is calculated as a function of distance (∆s) or time lag (∆t).

In the example of radiation exposure (Fig. 4.3), we know (or would like to hypothesize) that radiation levels
may be lower further away from the reactor, but we may not have access to the detailed color contours shown
there. How can we offer this hypothesis to an SDM? We might postulate that radiation diffuses in the area
around the nuclear reactor, so that radiation intensity at any point will depend, not only on how far it is from
the reactor, but also how much time has elapsed since the meltdown. Diffusion models have a long tradition
in the biological sciences (Okubo, 1980) and could be used to construct an elegant model for X. Indeed,
we may choose to integrate time out of this problem as we did in eq. (4.1), to get a proxy of aggregate, or
average radiation received over time by a particular location.

To better illustrate the point, let’s first look at a simple example of this distance-based scenario13. Let us
consider a central-place forager whose nest is in the middle of a square grid. We can define the grid as an R
matrix and calculate Euclidean distances using the coordinates of the rows and columns

d<-101 #Grid cells in each direction
x0<-y0<-round(d/2) # Coordinates of nest

13These sort of operations are efficiently performed by spatial analysis packages such as raster, and more recently, terra‘
(https://rspatial.org/terra/).

https://rspatial.org/terra/
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coords<-expand.grid((1:d),(1:d)) # Paired coordinates in grid
dis<-sqrt((coords[,1]-x0)ˆ2+(coords[,2]-y0)ˆ2) #Vector of distances by Pythagoras
dists<-matrix(dis, nrow=d, ncol=d) # Matrix definition

Having created a matrix of distances, we can then go ahead and modify this according to whichever mathe-
matical transformation we want to use. In Figs 4.4a,b,c we show three examples of such transformations.
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Figure 4.4: Simple transformations of a square distance matrix. In (a), the untransformed distances from
the center (large values in dark, small values in light colors). In (b), the inverse distance (1/d), tending to
zero away from the center. In (c) 1/d0.01, presenting a slower decay away from the center. In (d), a periodic
function of distance (sin(d)) producing a ripple effect.

There are also several raster-based libraries for generating distances in R. In Fig. 4.5 we show two applications
of a distance operation via the command gridDistance. In Fig. 4.5a, we show calculated distances along a
regular grid. These distances are approximate, based on the repeated application of a 3x3 mask of distances
to local cells in the raster. The approximate nature of the calculations gives rise to the hexagonal appearance
of the color bands (compare with the more exact distance calculation of Fig. 4.4. However, paying this price
(of approximation) enables us to calculate other measures of distance, such as the ones shown in Fig. 4.5b.
In this example, we have introduced a vertical wall on the left side of the arena. The central place forager
needs to circumnavigate that obstacle to reach cells behind the wall, which increases the effective distance of
those obscured (or “shaded”) cells from the center of the raster.

d<-101 #Grid cells in each direction
x0<-y0<-round(d/2) # Coordinates of nest
m1<-matrix(1, d, d) # Square arena
m1[x0,y0]<-2 # Characteristic value for nest
m1[35:40,10:90]<-0 # Introduction of obstacle

# Creation of the raster
dat1<-list("x"=seq(0,d,len=d),

"y"=seq(0,d,len=d),
"z"=m1)

r1<-raster(dat1)

d1<-gridDistance(r1,origin=2) # Obstacle is permeable

## Loading required namespace: igraph
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d2<-gridDistance(r1,origin=2, omit=0) # Obstacle is impermeable
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Figure 4.5: Calculation of distance from the center of a raster, via the command gridDistance. In (a), the
accessibility of points is unobstructed, whereas in (b) we have introduced an obstacle to movement.

Case 2: Distance from several points In many physical scenarios we are interested in the distance of any
given point in the map from entire shapes (e.g., coastlines or other isopleths, rivers), linear structures (e.g.,
fences, roads), boundaries around structures (e.g., designated parks, wind turbine complexes), or complex
networks of scattered points (e.g. a set of colonies, food patches, small water bodies). In these cases, every
point on the map will have multiple distances, from every point on the shape of interest. In order to assign a
single value to each point in the map, we need to somehow summarize all these distances into a single value.
Typical choices of summaries are the minimum or the average. We can, for instance, consider the minimum
distance of a point from water (i.e., coastlines, river networks and lakes) or we could consider the average
distance of a point from all nearby human dwellings (e.g. within a 1km radius). The example in Fig. 4.6
illustrates the use of the gridDistance() function in determining minimum distances from a structure. A
more interesting illustration of this idea, generated by cartographer Joshua Stevens is shown in Fig. 4.7.

d3<-gridDistance(r1,origin=0)
plot(d3, main="Coastline distance")
polygon(c(34,40,40,34),c(9,9,90,90))

Case 3: Distance from all points The nuclear power-plant example in Fig. 4.3 is a good (if grim)
metaphor for thinking about the influence of a single point on the space around it. Other examples might
include plumes of pollen emanating from a plant or the density of foraging activity around a colony of bees,
bats, seabirds or seals. We can generalize this concept of “influence” to all the points on the map. The idea is
the following: Each point sj can potentially affect every other point si. Let us call that influence Ui→j . This
function generalizes to the point itself so that we can also consider Ui→i. What does this self-impact mean
physically? Simply, that there will always be some radiation reading at the exact location of the Chernobyl
reactor, that there is almost certainly some pollen right on-top of a pollinating tree and that some colony
members will, at any time, be located at the colony itself.

The magnitude Ui→j of the influence will depend on two quantities. First, some measure Ii of how influential
the ith point is at-the-source. In the three examples we have been using, this would be the total radiation
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Figure 4.6: Distance from a linear feature. The same rectangular island previously used as an obstacle is
now used as the origin. Every point on the rectangular “coast” is considered in combination with every other
point on the plane and the minimum distance to the island is plotted.

Figure 4.7: Nearest distance to coast shown with the aid of color and relief. The points most remote to the
shore (at land and at sea) are indicated (oceanic and continental poles of inaccessibility). Photo: Joshua
Stevens (https://www.joshuastevens.net/blog/mapping-the-distance-to-the-nearest-coastline/).

https://www.joshuastevens.net/blog/mapping-the-distance-to-the-nearest-coastline/
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released by the Chernobyl explosion, the total amount of pollen produced by the plant and the total number
of colony members. Since different sources will not have the same overall intensity, it is useful to distinguish
between them. The second quantity, will be generated by a function Ki→j describing how amenable the
jth point is to be influenced from the location of the ith point. This function we will call a kernel, and
express it in terms of the distance d(si, sj) between the source and the receiver of influence. In the simplest
scenario, a kernel is a function of straight-line (i.e., Euclidean) distance. In more sophisticate scenarios (as
was the dynamic, non-isotropic diffusion contours in the Chernobyl reactor), we might also consider a kernel
that depends on elapsed time, or asymmetry-inducing forces, such as wind fields or sea currents. These more
elaborate scenarios can be tackled by merely redefining the measure of distance between two points so, to
keep things simple without losing generality, you can think of d(si, sj) as the Euclidean distance in space.

A simple, but extensively used mathematical model for a kernel is the Gaussian model

K(d) = K0exp(−κd2).

Here, the crucial coefficient is κ, which determines how far-reaching the influence of the source point is (large
values of κ give a steep exponential decay and therefore result in very localized influence). The coefficient
K0 ensures that the total volume under the surface K integrates to one14.

Putting, everything we have so far together we get the following expression for the influence received by point
sj from point si:

Ui→j = IiK(d(si, sj))

Now, of course, point sj is not just influenced by a single point si, but from every point si. The total influence
it receives is

U(sj) =
∑
All i

IiK(d(si, sj))

This operation is known as kernel smoothing because it takes an initial surface I and smooths (or smudges,
or blurs) it into a new surface U . When the kernel is a Gaussian function, then the operation is known as a
Gaussian blur (see Fig. 4.8). How does all this relate to constructing biologically useful covariates for SDMs?

Consider, for example, the effect of primary production on an apex predator such as a dolphin, a tuna, a bull
shark or a seabird. None of these animals feeds directly on phytoplankton and yet, it is certain that they are
indirectly affected, as energy percolates through the marine food web. This process of energy flow takes time,
and as the species concerned move across the seas, they are almost certainly consumed by their predators at
a different place from which they consumed plankton. Hence, a model of the distribution of krill, might show
a closer association with plankton in space and time, than a model of the distribution of an apex predator.
As the energy of plankton travels through the food web, driven by the forcing of sea currents, its impact on
the predators may be felt at another place and time in the future.

4.6 Data scales and missing data

The discussion related to smoothing in the previous section opens up the wider topic of density estimation.
The general issue we want to consider in this section is how best to deal with deficiencies in the explanatory
data15. We will think of two types of deficiencies, limited sample size and observation error. Our illustrations
will use the standard data layer of altitudes available in R named volcano which comes as a matrix (Fig.

14The full form of the Gaussian kernel is K(d) = 1
2πσ

exp

(
− 1

2
d2

σ2

)
, where, the dispersion parameter σ determines the rate

of decay with distance and the scaling parameter K0 = (2πσ)−1 adapts to the choice of σ
15The concepts of scale, autocorrelation, smoothing and interpolation introduced in this last part of the chapter, go much

deeper into the heart of spatial modelling, but we will motivate them from the point of view of explanatory variables for now.
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Figure 4.8: The blurring operation in this figure (implemented by a filter called Gaussian Blur) is a good
metaphor for neighborhood effects. As the range of influence of each point in the map increases, the combined
effects of multiple neighboring points have the effect of blurring the sharpness of the colors. A process of
diffusion over time can also be imagined by thinking of the three frames in the picture as time frames of
increasing lag from the starting instant. Photo: Photo: Wikimedia Creative Commons.

4.9a). We will artificially damage this complete and precise data layer. First, we will assume that the spatial
coverage of our sampling is partial. We will do this by taking a random subset of points uniformly from
space. These points will be treated as the locations of sampling stations, or alternatively, the visible areas
from a satellite on a cloudy day (Fig. 4.9b). Second, we will assume that, in addition to the gaps, the
data contain errors. There are many mechanisms that could corrupt the data in this way. For example, the
instruments used for measurement (e.g. handheld instrument, or satellite remote sensors) may be imprecise.
Alternatively, the variable being measured may be intrinsically stochastic, so that replicate measurements
are needed to summarize it. In our example, we will assume that the standard deviation of observation error
scales with the underlying mean value (Fig. 4.9c).

# Recording dimensions of true covariate layer
zmin<-min(volcano)
zmax<-max(volcano)
xmax<-dim(volcano)[1]
ymax<-dim(volcano)[2]

# Creating data set with gaps
n<-500 #Number of sampling locations
# Random placement of locations
allCells<-expand.grid(1:xmax,1:ymax) #Coordinates of all map cells
si<-sample(1:nrow(allCells), n, replace=F) # A sample of cells
sx<-allCells[si,1]
sy<-allCells[si,2]
vol1<-volcano*0 # Creating empty data layer
vol1[cbind(sx,sy)]<-volcano[cbind(sx,sy)] #Reading values at sampling locations

# Creating data set with gaps and errors
vol2<-vol1 # Copying layer with gaps
# Adding normal errors
vol2[cbind(sx,sy)]<-vol2[cbind(sx,sy)]+rnorm(n,0,20)

So, the task of density estimation is to retrieve the picture in Fig. 4.9a from the data in Figs 4.9b and c. In
the case of Fig. 4.9b, this is just-about-possible by squinting really hard when you look at the picture, but
quite a bit harder in the case of Fig. 4.9c. There is an easy way to improve coverage of space at the same
time as achieving an element of error correction, by simply plotting the data in a coarser scale. We will do
this here with simple base-R operations, but (as always with these operations) there are efficient methods for
adjusting the resolution when working with rasters. We will introduce the down-scaling factor sc which will
determine how many of the original cells need to fit inside each new (larger) cell. Based on that scalar, we
define the new limits of the map (Step 1) and the coordinates of the new cells (Step 2). The new maps are
generated by binning the high resolution values into this coarser map and averaging replicate values falling
inside the down-scaled cells (Step 3).
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sc<-10 # Down-scaling factor for new map

# Step 1: New map maxima (nunber of coarser cells)
xmaxN<-ceiling(xmax/sc) # New xmax
ymaxN<-ceiling(ymax/sc) # New ymax

# Step 2: New coordinates of original sampling stations
sxN<-ceiling(sx/sc) # New x coords
syN<-ceiling(sy/sc) # New y coords

# Step 3: New maps generated by binning and averaging in new, coarser resolution
vol1N<-tapply(vol1[cbind(sx,sy)], list(sxN, syN), mean)
vol2N<-tapply(vol2[cbind(sx,sy)], list(sxN, syN), mean)

This operation has some rather spectacular results. The sparse data in Fig. 4.9b, (representing 9% of the cells
in the original map), has given rise to a shape (Fig. 4.9d) that reconstructs the original map reasonably well -
at least requiring less squinting from you! More impressively, the even more heavily corrupted data in Fig. 4.9c
(containing observation errors), have been tortured into confessing a pattern (Fig. 4.9e) vaguely reminiscent
of the truth. What the human eye could not reconstruct was accomplished via two fairly commonplace
operations:

1. Binning: The aggregation of cells into larger units via a scaling operator increased the chance that, at
least one observation fell in each new larger cell, hence achieving better coverage of space with color.
This countered the effect of observation gaps.

2. Averaging: The combination of replicate values via an estimator (the average) resulted in less pro-
nounced stochastic variations in the map. This countered the effect of observation errors.

Let’s formalize what we have done in symbols. First, the binning operation. We defined a unit region (a
square cell) as all the points in the neighbourhood of a position (xi, yi). The ith cell is therefore defined as
follows: Ci = (xi − ∆x, xi + ∆x] × (yi − ∆y, yi + ∆y]. We collected all the observations of altitude (say H)
in that cell. The vector of observations in the ith cell (say Hi) is the subset of all observations located in the
cell (Hi = {Hj ∀ j s.t.(xj , yj) ∈ Ci}). Let’s denote the number of observations in Hi by ni.

We can we then, think about the averaging operation. The new value (i.e. the estimate) represented in the
ith cell is:

Ĥi = 1
ni

ni∑
j=1

Hj (4.2)

Of course, the benefits of this form of space-filling and error-correction are not cost-free. They have involved
two penalties. First, there is information loss. We have lost resolution, and by representing several observa-
tions by their average, we have lost information on how variable the observations were within each cell. In
particular averaging observations in the data set that contained no observation error has led to diminished
variation, where extreme (very high or very low) observations are replaced by less pronounced values. Second,
the value of sc was chosen (via a process of trial-and-error, not shown above) until we achieved continu-
ity without losing too much of the fine detail in the maps. This was a subjective decision, that could be
challenged as arbitrary. We will discuss methods that achieve reconstruction of the underlying surface more
objectively, while preserving resolution and information. However, first, we need to introduce the important
concept of autocorrelation.
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Figure 4.9: A spatial layer for an environmental variable (a) may be corrupted by imperfect sampling. We
consider two such imperfections. First, the data collection may only have covered a subset of G-space (b),
hence presenting multiple gaps between the data. Alternatively, (or simultaneously, as in c), the data may
contain errors, either because the measurements are imprecise, or because the true variable is stochastic
and not enough replicates have been taken to remove the effect of such stochasticity in the data plotted on
the map. Binning these data in a coarser grid and averaging any observations that happen to fall together
inside the new (larger) cells leads to plots (d) and (e), correspondingly for the data sets without and with
observation error.
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4.7 Autocorrelation, a spatial modeller’s best friend

If “auto” means self and correlation measures similarity, autocorrelation must imply a statistical measure
of self-similarity. But what is being correlated with what? Informally, we compare an observation with a
temporally lagged or spatially shifted version of itself. Given a measure of distance between two points (in
space, but also in time), the concept of positive autocorrelation expresses the notion that everywhere
can be similar to everywhere else, but nearby places (or times) are more likely to be similar than faraway
ones.16 That is not to say that abrupt changes do not exist in the natural world, but that they are rare
(metaphorically speaking, environmental variables are more often characterized by smoothly undulating hills,
than precipitous grand canyons).

We can make the concept of spatial autocorrelation more tangible with a simple experiment in one-dimensional
G-space. The black curve on the left-hand panels of Fig. 4.10 is a cross-section from the middle of the volcano
altitude data layer (the volcano’s crater is the dip seen between points 20 and 40 on the x-axis). The red
curves in the left hand plots are exact replicas of the black curves, but they are shifted to the right, at
ever increasing lags. Every time we re-position the red curves, we pair up the corresponding black and red
points in the region where the curves overlap, and we calculate a simple Pearson correlation. The right-hand
plots show the correlation coefficients calculated in this way, at different lags between the two curves. The
correlation, calculated in this way, is called autocorrelation, and the plot of autocorrelation against lag is
known as a correlogram. The correlograms on the right-hand column of Fig. 4.10 raise four interesting
points:

1. The left-most point of the correlogram is always 1.

2. As lag increases, the correlogram decreases because points further apart on the volcano need not have
the same altitude.

3. The correlogram does not need to decrease monotonically (it can go up as well as down), and it can
even take negative values.

Of the above observations, the mechanism generating point 1 is obvious. We have maximum autocorrelation
on the left because we are correlating a curve with an exact (minimally shifted) copy of itself. Point 3 is
more interesting. Negative autocorrelations at larger lags can be the result of spurious relationships. In our
example, as we shift the red version of the volcano to the right, eventually we end up correlating the western
incline of the mountain with the eastern decline. These are sloped in opposite directions, giving us overall
negative values in the correlogram17. However, point 2 is of most interest for our discussion here. Although
it is not profound that autocorrelation should tend to decrease in intermediate lags, the rate at which it
drops away from 1, is vitally important for describing a landscape. If autocorrelation decays slowly towards
zero, that means that similarity is preserved even for relatively large lags, and therefore the landscape is not
changing very abruptly. Conversely, if autocorrelation collapses from 1 to a small value within a couple of
lags, that implies a highly variable environment (in essence, taking a couple of steps away from your current
position, places you in a totally different environment). Hence, environmental layers with high autocorrelation
are our proverbial “undulating hills” whereas low-autocorrelation layers are our “precipitous grand canyons”.

The idea of autocorrelation certainly extends to more than one dimension. For spatial layers, such as the
volcano altitude example, it is perhaps a little hard to imagine a shifting landscape since there are many
directions in which a landscape can me moved in relation to itself. The algorithms for calculating autocor-
relation in these cases involve looking at pairwise combinations of points in the landscape, recording their
distances and estimating correlations between pairwise samples that are characterized by similar distances

16Geographers may not have introduced the concept of spatial autocorrelation, but they certainly nailed its intuitive definition.
Tobler’s first law of geography says that everything is related to everything else, but near things are more related than distant
things (Tobler, 1970). Admittedly, other laws of geography are harder to find. The second law of geography anticipates that
over larger areas, geographic variables are unpredictably heterogeneous. Statisticians might say, non-stationary.

17There are sometimes more interesting reasons for negative or non-monotonic correlograms. These are particularly interesting
when the x-dimension is time, instead of space. Wave-like (periodic) curves can give rise to successive positive-negative-positive
autocorrelations as the curves go in-and-out of phase with themselves at increasing lags
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Figure 4.10: Shown on the left-hand panels are the correspondences between a curve (in black) and a copy
of itself (in red), shifted at ever-increasing lags. Shown on the right-hand panels are the pairwise Pearson
correlation coefficients calculated from each correspondence, at each lag.
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(lags). Spatial correlograms can be found in the package ncf via the function correlog(). Fig. 4.11 is
an illustration of the correlog() function using the full volcano layer (instead of just a one-dimensional
cross-section from it). The function uses a lag increment (here, set to 2) to decide on the width of the
distance bins into which pairs of points will be organized. The re-sampling option (here set to zero, to reduce
computation) is used to evaluate significant variations of the correlation from zero (to help the user filter
out spurious correlations). Here, we have simply truncated the plot at distances greater than 60, to avoid
plotting such spurious correlations.

x<-seq(1,xmax,2) # x coordinates at steps of 2
y<-seq(1,ymax,2) # y coordinates at steps of 2
coords<-expand.grid(x,y) # combinations of coordinates

# Calculation and plot of correlogram for altitude at the predefined coordinates.
xi<-coords[,1]
yi<-coords[,2]
zi<-volcano[cbind(xi,yi)]
co<-correlog(xi,yi,zi, increment=2, resamp=0)
plot(co, xlim=c(0,60), ylim=c(-1,1), main="Correlogram for volcano data")
abline(0,0)
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Figure 4.11: Correlogram of the volcano data set.

So, what is the role of autocorrelation in spatial modeling? Quite simply, it is the most central and useful
concept for spatially-explicit analyses. In fact, the phrase “spatially-explicit analysis”, can be thought of as
an abbreviation for “analysis relying on spatial autocorrelation”18. In Section 4.6 we introduced the problem
of incomplete spatial coverage and observation stochasticity (due to inherent variability or measurement
error). In the next two sections we will examine how the idea of autocorrelation can be used to interpolate
between data and to reduce (smooth out) the amount of error in the final results. The skill required of you,
as the reader of the next three sections will be to identify where autocorrelation is hiding in the methods
introduced, and how it is being employed.

18Ironically, in much of the applied literature, autocorrelation is treated as a curse.
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4.8 Estimation by weighted average

The property of positive autocorrelation was employed to great effect in the binning and subsequent averaging
operation implemented in eq. (4.2). We were effectively generating an estimate of altitude for the center-
point of the square cell from measurements in the neighborhood of that center-point. The average is a well
recognized and widely used statistical estimator. Using only neighboring points to generate the estimate is
where the assumption of positive autocorrelation is hiding: We are using proximity to determine what is
relevant and what is not. Perhaps you can see that binning and averaging has two shortcomings. First,
by setting the size of the square cell, we arbitrarily decided what the appropriate “scale of relevance” was.
Second, by simply averaging all observations in the cell, we have implicitly assumed that all observations
inside the cell are equally relevant and all observations outside the cell are totally irrelevant. This is obviously
not true, since there is nothing magical about the scale of the grid that we arbitrarily selected. There is a
solution that takes care of both of these problems simultaneously. It involves creating our estimate from all
observations in the data, but weighting their influence on the estimate according to their relevance.

Ĥi =
n∑

j=1
wijHj , (4.3)

where n is the total number of observations in the spatial data set and wij is the weight associated with
the jth observation when attempting to estimate the variable for the ith point in a prediction grid19. Here,
“relevance” is a function of distance. By the assumption of positive spatial autocorrelation, we would expect
close-by observations to be more informative (relevant) to the point being estimated and far-away observations
to be less relevant. The rate at which relevance and the weights in the above equation decay with distance
must therefore be written as some function of the spatial autocorrelation characterizing the landscape. There
are different ways of achieving this. In the next two sections, we will examine two, the variogram and the
variance of a kernel. Furthermore, an interesting question arises when we consider the special scenario of
a prediction point coinciding with an observation point. In other words, if we are generating an estimate
for a position where we also have an observation, do we believe that our estimate should be identical to the
observation, implying that there is no intrinsic error or variability in such a measurement? If we do, then we
want our space-filling surface to go directly through the cloud of measurements, an operation that we will
call interpolation. Alternatively, if we permit some mobility around the observations (presumably because
our variable is stochastic or our observations imprecise), then we are in the realm of an operation called
smoothing. We will examine those in more detail below.

4.9 Interpolation by Kriging

The very general method of Kriging is a cornerstone of the branch of geostatistics (an area of statistics that
was developed around mining exploration, initially). Estimation by Kriging is based on the weighted average
operation of eq. (4.3), and the way that it calculates the weights is based on a curve, called the variogram.
The variogram is not too dissimilar, as a concept, to the correlogram because it also measures similarity of
points at increasing distances. Consider a point si in space that has a corresponding value Hi for the random
variable of interest. In order to produce an estimate Ĥi via weighted averaging of the values Hj at proximate
locations, we want to quantify the gradual decay of relevance of all our observation points at increasing
distances from si. Kriging does this by first learning from the relationships between available observations.
To organize our presentation, we focus on rings of non-zero thickness20 around an observation at si (see Fig.
4.12).

We therefore select the subset of data points whose distance from si is in some range (r, r + ∆r] (note that
this is essentially a bin in polar coordinates). The relevance of those points can be defined as their variance
from the value Hi, at si

19In general, the term “weight” in statistics implies that the sum of weights is equal to 1, so that, here,
∑n

j=1 wij = 1.
20Singular, annulus, plural annuli.
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Figure 4.12: To construct the variogram for a particular landscape we need to begin by considering a point of
interest (in the center of the plot). Each annulus of given thickness around this point may contain a number
of observations. To determine the relevance of these observations (and hence the relevance of any observation
at that particular distance, we can look at variance of these measurements from the true value at the focal
point.
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var(si, sj) = 1
nr

∑
(Hi −Hj)2,

where nr is the total number of observation points found in the annulus defined by (r, r + ∆r] (ten points
in the illustration of Fig. 4.12). Here, we make the assumption that the process is isotropic, meaning that
points within the annulus have the same relevance, no matter in which direction they are, in relation to the
central point. This process can be repeated for all annuli around the observation Hi and then repeated for
every observation, in relation to all other observations. Each time we view a particular annulus of radius
r around a particular observation, we obtain a value of var(si, sj), which we can plot on the axes of r and
var(r). Plotting all those values together gives us a scatterplot called the empirical variogram. In Fig.
4.13, we generate a tidier version of that scatterplot by combining the variances obtained for each distance
band. If you want to see the full scatterplot of variances calculated from the perspective of each data point,
simply switch on the option cloud=TRUE in the variogram function from the package gstat. The quantity
usually plotted on the y-axis, is called the semivariance, defined as γ(r) = 1

2 var(r).

# Construction of volcano data frame from error-free sample
dat<-data.frame("x"=sx,"y"=sy,"H"=vol1[cbind(sx,sy)])
# Conversion of data frame to spatial object
coordinates(dat)= ~ x+y
# Calculation of the variogram
vg<-variogram(H~1, data=dat, cutoff=60, width=1)
# Use the following instead, if you want to see the detailed cloud of calculated variances
# vg<-variogram(H~1, data=dat, cutoff=60, width=2, cloud=TRUE)

# Fitting a variogram curve to the cloud
fit.vg<-fit.variogram(vg, model=vgm(model="Sph"))

# Visualisation
# The following is the easy way to plot the empirical and model fitted variograms

# plot(vg, xlab="Distance", model=fit.vg)

# However, we wanted to have more control over the graph output
# So we extract and plot the raw values from the fit.vg object

fittedValues<-variogramLine(fit.vg, maxdist=60, n = 60)

par(bg="white")
plot(vg$dist, vg$gamma, xlab="Distance",ylab="Semivariance")
lines(fittedValues, lwd=2)

# Creation of inset
par(fig = c(0.4,.98, 0.05, .8), new = T)
image(xl,yl,vol1, zlim=c(zmin,zmax), axes=F, frame=T, ylab=NA, xlab=NA)

We have taken one step further by fitting and plotting a model variogram to the points (the curve in Fig.
4.13). We have a selected a so-called spherical model because it has a suitably asymptotic shape that followed
the characteristics of our empirical semivariogram well. However, there is a wealth of pre-implemented models
in gstat (just type vgm() for a list of all available models). There are three observations we can make about
the shape of this curve.

1. Increasing variogram: As distance from the focal point increases, the variance does too. This
means that, the further away we go, the more uncertain we become about the value of the focal point.
Further-away points are less relevant to and informative about the value at the focal point.
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Figure 4.13: The empirical and model variograms derived from the volcano data set. Inset is a reminder of
the data being used to construct these variograms.

2. Variogram intercept on left-hand-side: In geostatistical terminology, the intercept of the variogram
is called the nugget. We can see that the empirical and model variograms in Fig. 4.13) both start
from zero. This implies that an observation made at the focal point contains no uncertainty about the
variable’s true value at that location. This is a key, desirable characteristic of interpolation. However,
the variogram need not have a zero intercept. If we suspect that there is some variability, even at zero
distances, we can change the nugget to a non-zero value.

3. Variogram plateau on right-hand-side: In geostatistical terminology, the asymptote of the vari-
ogram is called a sill. But why should the variance present an asymptote as distance increases? Strictly
speaking, it need not have this property, unless the landscape is what statisticians might call stationary.
Imagine a landscape seen at very large scale and summarised by a histogram of altitudes. Plotted for
the entire landscape, this histogram presents the overall variability of altitudes. Now imagine that we
cut out a circular region from that landscape. How large does the circle need to be before we get a good
approximation of altitudes in the entire landscape? In stationary landscapes a large enough cirular
region will achieve a good approximation of the overall landscape. In non-stationary landscapes the
statistical composition of altitudes changes from one region to the next and the variogram keeps on
increasing as new parts of the landscape present us with new information at ever-increasing distances.

Kriging uses the properties of the variogram model to assign weights to observations at different distances. So,
having estimated the variogram parameters from the similarity between observations and other observations,
Kriging can go on to make predictions about points where no observations have been made. That is how we
can “fill” space by an interpolation methods, such as this. The word “fill” is in inverted commas because, of
course, we cannot possibly make predictions about every point in space, just about points on a regular grid
with a sufficiently fine resolution to give us detailed plots. There are two ways to generate kriging predictions
in gstat. Either by using the command predict which requires some manipulation of gstat objects, or by
using the wrapper function krige. We will follow the latter approach here. The options provided to krige
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below are the simplest possible, and collectively, they are known as ordinary kriging. We prepare the
prediction data frame datPred which comprises the centrepoints of cells in our regular grid. The resulting
kriging object contains information for the mean prediction var1.pred (in our example, the complete map
of interpolated altitude for the volcano), as well as a map of associated variances for the predictions in all
cells var1.var.

# Construction of prediction data frame
datPred<-data.frame("x"=allCells[,1],"y"=allCells[,2])
# Conversion to spatial data frame
coordinates(datPred) <- ~ x + y
# Application of kriging
H.kriged <- krige(H ~ 1, locations=dat, datPred, model=fit.vg)

## [using ordinary kriging]

H.kriged

## class : SpatialPointsDataFrame
## features : 5307
## extent : 1, 87, 1, 61 (xmin, xmax, ymin, ymax)
## crs : NA
## variables : 2
## names : var1.pred, var1.var
## min values : 93.9999999999999, -1.70530256582424e-12
## max values : 193, 162.677743822435

We can plot the spatial predictions from this kriging objects very quickly using a spatial object plot (Fig.
4.14b). The interpolated object also contains a map of estimation variances (Fig. 4.14c). Note that these
fluctuate in space depending on how close a prediction point is to the location of sampling stations (where
altituse is assumed to be known without error).

volci<-data.frame("x"=allCells[,1],"y"=allCells[,2], "H"=volcano[as.matrix(allCells)])
coordinates(volci)<- ~ x+y
p1<-spplot(volci, cuts=20, colorkey=TRUE, main="a. Truth")
p2<-spplot(H.kriged["var1.pred"], cuts=20, colorkey=TRUE, main="b. Interpolated altitude")
p3<-spplot(H.kriged["var1.var"], cuts=20, colorkey=TRUE, main="c. Variance of estimate")
# The plots produced by spplot are trellis plots (library lattice) so
# we use grid.arrange to combine them
grid.arrange(p1,p2,p3, ncol=3)

4.10 Smoothing by nuggets and kernels

The idea of smoothing simply relaxes the interpolation requirement (i.e., forcing the reconstructed surface
to pass exactly through the measurements). Physically, smoothing acknowledges that for some variables,
a single observation at a given location does not reveal the true value of the variable. In the case of a
static variable, such as the altitude of our volcanic landscape, it is hard to justify the need for smoothing if
the measurement is precise enough. Satellite radar or laser altimeters can measure with a precision of 2cm.
However, if measurements at the same place were likely to vary, we might conceive of schemes in the field that
can avoid elaborate statistics after the data-collection has happened. For example, if the altimeter was not
entirely precise, the surveyor could stay at that location and take repeat measurements. Interpolation could
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Figure 4.14: True volcano values (a) compared to Interpolated surface (b) obtained by Kriging the error-free
sample of volcano altitude, accompanied by the corresponding variances of the estimates at all points on the
map (c).

then be performed on the average of, say, 5 measurements. In many cases however, one fleeting measurement
is all that the survey platform (e.g., the sonar of a traveling boat) can grab. Even, in the altitude case,
measurements can suffer from bias on any given day. For example, barometric altimeters use air pressure
to infer altitude, but as a result they are vulnerable to changing weather conditions. So, the altitude of our
volcano’s caldera may appear to change between a fine and a stormy day, and repeat measurements would
be needed on different days to try and counter the issue.

The broader set of geostatistical extensions to kriging can account for this by letting the intercept of the
variogram (the nugget) move up from zero. A non-zero variance at a zero distance means that uncertainty
is permitted at the exact locations of the sampling stations. Most geostatistical libraries, including the
gstat library we use above, will assume that the nugget has been measured via replication in the field and
therefore ask for an estimate of its value to be provided as a user input. For example, if we know that the
variance of replicate measurements at any given location is 22.45, then we could suggest that the nugget of
the semivariogram model is vgm(model="Sph", nugget=11.225).

In Section 4.6 we had generated noisy observations of altitude (you can see them in Fig. 4.9c), by adding
Gaussian errors to the measurements, from the distribution ϵ ∼ N(0, 20). The semivariance of this distribu-
tion is 202

2 = 200. We can attempt to reconstruct the volcano map from these error-prone observations:

# Note, use of vol2, i.e. the sample containing errors
datE<-data.frame("x"=sx,"y"=sy,"H"=vol2[cbind(sx,sy)])
coordinates(datE)= ~ x+y
vgE<-variogram(H~1, data=datE, cutoff=60, width=1)
fit.vgE<-fit.variogram(vgE, model=vgm(model="Sph", nugget=T))

fittedValuesE<-variogramLine(fit.vgE, maxdist=60, n = 60)

par(bg="white")
plot(vgE$dist, vgE$gamma, xlab="Distance",ylab="Semivariance")
lines(fittedValuesE, lwd=2)

# Creation of inset
par(fig = c(0.4,.98, 0.05, .8), new = T)
image(xl,yl,vol2, zlim=c(zmin,zmax), axes=F, frame=T, ylab=NA, xlab=NA)



128 CHAPTER 4. CHOOSING AND PREPARING DATA

0 10 20 30 40 50 60

40
0

80
0

12
00

Distance

S
em

iv
ar

ia
nc

e

Figure 4.15: Semivariogram of altitude dataset containing measurement errors. The raw data are shown in
the inset.

The resulting empirical variogram in Fig. 4.15 is a little noisier than Fig. 4.13, but still presents a surprisingly
clear pattern of increasing and asymptoting variance (would you have been able to discern this pattern
simply by looking at the raw data in the inset of Fig. 4.15?). Remember, that the points of the empirical
semivariogram are averages of several variances, each calculated from the viewpoint of each point. If you
really want to see this ugly cloud, try:

vgE<-variogram(H~1, data=datE, cutoff=60, width=1, cloud=TRUE)
plot(vgE, xlab="Distance")

Note also that the intercepts of the empirical and fitted semivariograms start from a higher value, close
to 400. How do we use this object for spatial prediction? Here, we need a sleight-of-hand. If we try to
use a prediction grid which has points exactly overlapping with the locations of the sampling stations, then
kriging will revert those points to the measured values. So, instead, we define a dataPred data frame whose
coordinates are very slightly shifted by 0.01 units of length to the north-east (any other small shift would
have done the job). The predictions shown in Fig. 4.16b are distinctly distorted through the effects of the
error, but the volcano shape is clearly reconstructed. Also, look at the very high uncertainty values produced
in Fig. 4.16c, compared to Fig. 4.14c.

datPred<-data.frame("x"=allCells[,1]+0.01,"y"=allCells[,2]+0.01)
coordinates(datPred) <- ~ x + y
H.krigedE <- krige(H ~ 1, locations=datE, datPred, model=fit.vgE)

## [using ordinary kriging]
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p2<-spplot(H.krigedE["var1.pred"], cuts=20, colorkey=TRUE, main="b. Smoothed altitude")
p3<-spplot(H.krigedE["var1.var"], cuts=20, colorkey=TRUE, main="c. Variance of estimate")

grid.arrange(p1,p2,p3, ncol=3)
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Figure 4.16: True volcano altitude layer (a) compared with smoothed surface (b) obtained by Kriging the
error-prone sample of volcano altitude, accompanied by the corresponding variances of the estimates at all
points on the map (c).

If we compare the numerical summaries of the original data containing error, with the smoothed map, we
note that the range of values generated by smoothing (78, 202) is narrower than the original range of the
data (50, 239) and much closer to the range of values in the true volcano altitude map (94, 195). So, the
extra dispersion in the data that was introduced by sampling error, has been “ironed out” via the effect of
smoothing.

#-------- Summary of the original data --------
datE

## class : SpatialPointsDataFrame
## features : 500
## extent : 1, 87, 1, 61 (xmin, xmax, ymin, ymax)
## crs : NA
## variables : 1
## names : H
## min values : 49.5520234047013
## max values : 239.142250930605

#----- Summary of the smoothed estimates -----
H.krigedE["var1.pred"]

## class : SpatialPointsDataFrame
## features : 5307
## extent : 1.01, 87.01, 1.01, 61.01 (xmin, xmax, ymin, ymax)
## crs : NA
## variables : 1
## names : var1.pred
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## min values : 78.1468908853042
## max values : 202.461843911943

The main ingredients that have gone into the smoothing and interpolation operations above could be sum-
marized as follows:

Ingredient 1. Estimation is via weighted average: Predictions at new (unobserved) locations are
generated as the weighted average of locations where measurements have been made.

Ingredient 2. Weights are distance functions: The weights in the weighted average estimator determine
the influence of a given measurement on a particular prediction. The influence (or, relevance) of any given
surveyed location on a prediction decays with distance from the predicted location. The derivation of weights
in the case of kriging, is fairly mathematical, so above we have not presented any of its details (you could do
a lot worse than Wikipedia for a short introduction to the technical details of kriging weights).

Ingredient 3. Autocorrelation is learned from data: The rate of decay of influence is determined by
spatial autocorrelation. We saw that a correlogram is one way to visualise autocorrelation in one or two
spatial dimensions, but in the case of kriging, the task is performed by a kindered function, the semivariance.
There is an optimization (model fitting) algorithm that determines the rate of decay, by tuning the model to
the existing data.

These same conceptual ingredients can be baked into a completely different cake, a method called kernel
smoothing, that we have encountered before in Chapter 3, when talking about utilization distributions and,
also, this chapter, in our discussion of the Gaussian blur filter. Keeping an eye on the above three properties,
we can efficiently describe how kernel smoothing operates.

Ingredient 1: Prediction by kernel smoothing uses the same weighted average estimator seen in eq. (4.3):
the estimate of the variable at new locations is the linear combination of all observations, weighted by some
set of values that collectively add up to 1.

Ingredient 2: In kernel smoothing the weights are derived in a more straightforward way compared to
kriging. We use a positive and real-valued function, the kernel, that decays symmetrically as distance from
the observation increases. In 1D space, this could be a bell-shaped curve, and in 2D space it could be
a bell-shaped surface. The one- and two-dimensional Gaussian function is often used as the default (see
Gaussian blur in Section 4.5.4), but many other kernel shapes are possible (once again, if you scroll down
this Wikipedia page you will find a list of kernels: uniform, tirangular, etc.).

Ingredient 3: The width of the kernel is determined by a single parameter (e.g., in the case of a Gaussian
kernel, it would be the standard deviation). The parameter is known as the smoothing bandwidth and
that’s where spatial autocorrelation is hiding in kernel smoothing. A wide kernel means that influence of an
observation on the estimate at a point (i.e., the autocorrelation) decays slowly with distance. Conversely, a
narrow kernel means that the influence of points at large distances is practically zero (low autocorrelation in
the landscape). The bandwidth parameter can be estimated from the data. A training data set is required,
as was the case in kriging. The gold-standard technique is cross-validation, but approximate criteria exist to
save on computation.

Previous occurrences of kernels in this book were applications to two different data sets. In Section 3.11.2, we
used kernel smoothing (via the command kde from the library ks) on point process data. In that example,
each occurrence of the animal in space was allowed to diffuse its influence in the area around it. Biologicallty
the justification for smoothing was a little as follows: We observed the animal at a particular location and not
at a location nearby. This was the result of chance, since it is unlikely that nearby locations are qualitatively
very different (spatial autocorrelation!). To represent the intensity of the point process, we therefore diffused
the influence of a single point to the nearby locations.

In section 4.5.4 we discussed kernel smoothing as a blurring operation, to try and reduce the sharpness of
a completely known spatial layer. In that context, the data were error-free and complete maps, but we
wanted to represent spatiotemporal lags in their effect on species. Smoothing there, was a metaphor used
to manipulate precise information. There are several image-processing libraries in R that can do this (e.g.,
command blur in package spatstat).

https://en.wikipedia.org/wiki/Kriging
https://en.wikipedia.org/wiki/Kernel_(statistics)
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In the volcano example we are looking at here, we want to apply smoothing to an incomplete map of
measurements containing error. We seek to fill space with estimates where observations were not made
and we want to reduce the variability in the data wherever observations were made. An appropriate R
implementation for the task is the command sm.regression in library sm. The library also has the command
h.select for automatic estimation of the kernel’s bandwidth. An alternative function - but without cross
validation options in smoothing - is smooth.2d in library fields, which also has extensive functions for
broader geostatistical analysis.

# Using existing data-frame of observations with error
datE<-data.frame("x"=sx,"y"=sy,"H"=vol2[cbind(sx,sy)])
head(datE)

## x y H
## 1 57 21 154.7813
## 2 31 16 193.1606
## 3 4 27 109.1924
## 4 75 35 113.6469
## 5 63 12 153.1291
## 6 54 46 131.7169

# Bandwidth estimation
bandw<-h.select(datE[,1:2], datE[,3], method="cv")
# Application of smoothing with found bandwidth
mod<-sm.regression(datE[,1:2], datE[,3], h=bandw, ngrid=200,display="none", hull="FALSE")

Note that we have requested the results to be produced for a very high resolution grid (ngrid=200), compared
to the resolution of the original volcano data. We have also silenced the default graphical output to customize
the graphics a little (delete the display option for a perspective plot or use the options slice for a contour
plot, image for an image plot). The default option hull="TRUE" generates predictions within a convex hull
defined by the positions of the outermost sampling stations in the data. We have set this to "FALSE" because
we want the full prediction grid to be populated. However, this default choice used by the authors of the
library makes a more philosophical point about the analysts’ reluctance to use density estimation methods
such as smoothing for extrapolation, outside the spatial span of the data. To access the kernel estimates for
plotting (such as the map shown in Fig. 4.17c), you can obtain the matrix mod$estimate from the object
estimated via sm.regression, above.

zmin<-min(datE$H)
zmax<-max(datE$H)

par(mfrow=c(1,3))

image(xl,yl,volcano, main="a.Reality", xlab="Longitude", ylab="Latitude")
contour(xl,yl,volcano, col="White",add=T)

image(xl,yl,vol2, zlim=c(zmin,zmax), main="b.Sampling error", xlab="Longitude", ylab="Latitude")

image(mod$estimate, zlim=c(zmin,zmax), main="c.Kernel smoothing estimates", xlab="Longitude", ylab="Latitude")
contour(mod$estimate, col="White",add=T)

par(mfrow=c(1,1))
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Figure 4.17: The true volcano altitude map (a), sampled with error at a subset of locations (b). Reconstruc-
tion of the altitude layer using kernel smoothing with bandwidth obtained via cross-validation (c).

4.11 Concluding remarks

Most broadly, the questions asked of SDMs pertain to two key priorities, scientific understanding and spa-
tial/temporal prediction. Both of these are, at some level, scientifically vulnerable. The correlational nature
of SDMs means that any statistical finding will be circumstantial, so ecological understanding can only be
extracted with caution, at the user’s own risk. Although such models can get quite complicated, as we will
see in the following chapters, they are always, in principle, regression models. As such, they always require
some response data and some explanatory data. The response data in the case of SDMs come in a handful
of formats, but for the most part, they are either survey or telemetry data. The explanatory data come in
a much wider variety of forms. Their types can be best understood in terms of dichotomies (e.g., intrinsic
versus extrinsic, dynamic versus static, interactive versus non-interactive, local versus neighborhood). Much
of the preparation of explanatory data for use in SDMs requires us to treat possible deficiencies in spatial
data layers, usually related to data-gaps and observation errors. Both of these can be tackled by binning ex-
planatory data into spatial grids of coarser resolution, but better approaches exist under the banner of density
estimation techniques. The two density estimation techniques we have examined (kriging and smoothing)
both use a weighted averaging approach, where the weights are derived from the fundamental concept of
spatial autocorrelation.
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