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1  | INTRODUC TION

Perhaps out of the two approaches, we thought, 
there might emerge a picture more complete and 
even more accurate than either alone could produce. 
And so we went.
� Sea of Cortez—Steinbeck and Ricketts (1941)

Species distributional modelling has its roots dating back to 
niche models first developed more than a century ago (Grinnell, 
1917). However, the field has come of age as an ecological and 

management tool in the past two decades (Elith & Leathwick, 
2009; Guillera-Arroita et al., 2015; Guisan & Thuiller, 2005). 
Species distribution models (SDMs) are used to infer range 
extent and niche breadth, as well as to predict the effects of 
changing climate (Pearson & Dawson, 2003; Thomas et al., 
2004) and spread after invasive species introductions (Ficetola, 
Thuiller, & Miaud, 2007), to quantify community interactions 
(Clark, Gelfand, Woodall, & Zhu, 2013; Pollock et al., 2014), 
and to inform management of threatened species (Dicko et al., 
2014; Guisan et al., 2013). Many of the most heavily refer-
enced ecological papers in recent years define methods used 
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Abstract
1.	 With the advance of methods for estimating species distribution models has come 

an interest in how to best combine datasets to improve estimates of species dis-
tributions. This has spurred the development of data integration methods that si-
multaneously harness information from multiple datasets while dealing with the 
specific strengths and weaknesses of each dataset.

2.	 We outline the general principles that have guided data integration methods and 
review recent developments in the field. We then outline key areas that allow for 
a more general framework for integrating data and provide suggestions for im-
proving sampling design and validation for integrated models.

3.	 Key to recent advances has been using point-process thinking to combine estima-
tors developed for different data types. Extending this framework to new data 
types will further improve our inferences, as well as relaxing assumptions about 
how parameters are jointly estimated. These along with the better use of informa-
tion regarding sampling effort and spatial autocorrelation will further improve our 
inferences.

4.	 Recent developments form a strong foundation for implementation of data inte-
gration models. Wider adoption can improve our inferences about species distri-
butions and the dynamic processes that lead to distributional shifts.

K E Y W O R D S

data fusion, integrated distribution model, joint likelihood, spatial point process, species 
distribution modelling

http://orcid.org/0000-0002-3011-3677
http://orcid.org/0000-0001-8651-9804
mailto:dxm84@psu.edu


     |  23Methods in Ecology and Evolu
onMILLER et al.

for modelling species distributions (e.g. MacKenzie et al., 2002; 
Guisan & Thuiller, 2005; Elith et al., 2006; Phillips, Anderson, & 
Schapire, 2006, among others). The result is that SDMs now in-
corporate many types of data, functional forms for covariate rela-
tionships, and methods to account for uncertainty.

In parallel to method development are extensive ongoing ef-
forts to generate, catalog and disseminate data streams that pro-
vide these raw data needed to build species distribution models 
(Edwards, Lane, & Nielsen, 2000; Sullivan et al., 2009). Ideally, we 
would collect these data using systematic study designs, where 

TABLE  1 Definitions of terms used to describe integrated species distribution models

Measures of distribution

Abundance Number of individuals within an area (density is abundance scaled by area)

Occurrence Whether the focal species occurs within an area (also occupancy or presence)

Index A metric positively correlated with abundance or probability of occurrence

Static distribution The distribution of individuals at a single point in time

Dynamic distribution The distribution of individuals as it changes across time (measures of change, including local extinction and local 
colonization, intrinsic rate of increase, or expansion and contraction of species’ range). Change in distribution is a 
function of the individual processes with demographic parameters (survival, reproduction, and movement)

Data

Standardized data Data collected using a standardized sampling design and fixed protocol at known sampling locations

Nonstandardized data Data not collected under standardized protocol, where sampling locations and sampling effort are often unknown 
and sampling protocol varies

Detection/Nondetection 
data

Recorded observations of whether or not a species was observed during a given sampling occasion (note this is not 
the same as true presence)

Count data Observations of number of individuals observed during a given sampling occasion

Presence-only data Observations only include locations where the species was observed

Cell The spatial extent of sample units for which observations are gathered and predictions made (also grain or site)

Domain The extent of the study area for which estimates are generated

Z/N/B Denotes the true state of a location. Z for presence–absence, N for abundance, and B for biomass

Y/C/b Denotes the observed data for a sampling occasion. Y for detection nondetection, C for count data, and b for 
biomass collections

Observation uncertainty

False-negative Species is present in a given cell, but no individuals are detected. (also sensitivity)

False-positives Species is not present in a given cell, but it is recorded as being present. (also mis-identification or 1-specificity)

Effort A direct or indirect measure of sampling intensity at a site. (e.g. survey hours, no. observers, or total individuals 
collected for all species). Costs associated with sampling intensity are an important component of effort

Location error Mis-specification of the spatial location of observations

Integrated estimator types

Joint Likelihood Estimator where parameters are constrained to be equal across data types and parameter estimates maximize fit 
across all data types

Data-weighting A joint likelihood estimator where likelihoods for individual datasets are differentially weighted with weights 
assigned a priori or based on model validation of fit

Covariance Estimator where parameter values are specified to as correlated across data types

Covariate Estimator where values from one data type are used to generate a set of predictors used in the model for another 
data type

Offsets Additional information from a second data type is included as an offset in a log-linear model

Priors Additional information for a second data type is included as Bayesian priors in a species distribution model

Ensemble Multiple model estimates are averaged post hoc to generate a consensus estimate

Spatial Autocorrelation Accounting for additional spatial structure and cross-correlation between parameters using models of spatial 
autocorrelation

Model checks

Goodness-of-fit Measures of how well a model meets assumptions about the data. Are data a realistic reflection of parameter 
values estimated by the distribution model?

Validation Measures of how well a model predicts independent data collected for the system
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the sample location, effort, and sampling methods follow a stan-
dardized protocol (hereafter, standardized data; see Table 1 for 
terminology and definitions used in this paper). Some examples 
of large-scale standardized datasets include the North American 
Breeding Bird Survey (Sauer et al., 2017), North American Forest 
Inventory and Analysis (Smith, 2002), and camera trap data col-
lected by the Tropical Ecology Assessment and Monitoring 
Network (Ahumada et al., 2011). Standardizing data collection 
facilitates direct comparisons among locations, times, and condi-
tions and more accurate accounting for observational uncertainty. 
However, for most species, nonstandardized data will be more 
abundant and widely distributed. For nonstandardized data collec-
tion methods, effort, collection protocol and even exact location  
may not be specified prior to collection and may not be included 
in collection records. Examples of widely available nonstandard-
ized datasets include museum samples (Newbold, 2010), citizen 
science observations (Bird et al., 2014; Hochachka et al., 2012), 
and historical records (Tingley & Beissinger, 2009), as well as other 
opportunistic data collection methods. These data sources pro-
vide an incredible wealth of knowledge about where species occur 
now and in the past. However, inference from these datasets is 
challenged by our ability to account for observational uncertainty 
and to estimate true occurrence rates (Yackulic et al., 2013a).

Methods that combine and integrate these data are crucial to 
take advantage of the wealth of data now available (Dorazio, 2014; 
Pacifici et al., 2017; Zipkin & Saunders, 2018). Our goal is to facilitate 
efforts to integrate multiple data sources to estimate species’ distri-
butions. We review recent work on data integration, highlight key 
concepts underlying integrated estimators, and outline the process 
for combining data and testing results. In addition, we outline key 
innovations that we believe will usher a more general framework for 
data integration. Finally, we discuss approaches to study design and 
model validation in the context of data integration. Throughout, we 
place a strong emphasis on methods that combine standardized and 
nonstandardized data, leveraging the strengths that come with each 
of these data types.

2  | WHAT HA S BEEN DONE SO FAR?

We wanted to see everything our eyes would accom-
modate, to think what we could, and, out of our seeing 
and thinking, to build some kind of structure in mod-
eled imitation of the observed reality.
� Steinbeck and Ricketts (1941)

Integrated methods combine multiple datasets to improve pre-
dictions made about species distributions. Recent developments 
have been predicated on the following premises: (a) Species’ distri-
butions are the aggregated spatial locations of all individuals of the 
same species across a geographic domain; (b) The distribution can 
be described as a spatial point process in which the local intensity 
(i.e. density) of individuals varies. (c) Species distribution models 

are a direct or indirect model of this underlying point process. (d) 
Data integration requires linking each data source to the common 
underlying point process while accounting for differences among 
data types.

Before proceeding, we need to discuss two key concepts that 
underlie most integrated models: spatial point processes and joint 
likelihood methods. Each has a long history of use in statistics and 
ecological applications. However, their combined application to dis-
tribution modelling is relatively recent and has spurred much of the 
development in this area.

2.1 | A Unifying Framework: Spatial Point Processes

In the following we will highlight features of point processes that can 
be used to draw a link between occurrence and abundance, among 
different data types, and across different spatial extents (Dorazio, 
2014; Hefley & Hooten, 2016; Renner et al., 2015). Detailed and 
thorough descriptions of spatial point processes can be found else-
where (Cressie, 2015; Diggle, 2013; Dorazio, 2014; Hefley & Hooten, 
2015; Renner et al., 2015).

A spatial point process describes the distribution of event loca-
tions across some spatial domain (e.g. locations of individuals of the 
same species). Points arise from a random process, described by the 
local intensity λs, which measures the expected density of points at 
a given location, s, in space. If points arise independently and at ran-
dom, this local density can be described by a homogenous Poisson 
distribution and is referred to as a Poisson point process. If event loca-
tions are independent but the intensity varies spatially, the distribu-
tion arises from a inhomogeneous point process (λs varies). If all events 
are not observed, such as is the case when sampling and detection 
are incomplete, the observed points come from a thinned point pro-
cess. Point processes can be described as continuous distributions 
or as discretized measures across a gridded set of cells. Modelling 
distribution data can directly employ a set of statistical methods de-
veloped to model continuous point processes (Renner et al., 2015); 
Or, by understanding the underlying distributions that govern the 
point process, one can specify relationships to other methods used 
to model species distributions.

We plot random realizations with different intensities for a ho-
mogenous Poisson point process in Figure 1. As is common for many 
species distribution modelling methods, we can discretize observa-
tions into a set of smaller cells. A couple of patterns emerge when this 
is done. Local abundance and occurrence depend on the intensity 
of the process and the cell size. As intensity increases and cell size 
increases, the proportion of occupied cells increases. Alternatively, 
when the expected number of individuals per cell is small, occupancy 
and density are nearly equivalent. This occurs when density is low 
enough so that cells rarely contain more than one individual.

If we know the underlying point generating process, we can also 
specify a mathematical relationship between density and occupancy 
and how the relationship changes based on the cell area. Table 2 
shows the expected occupancy given local intensity and some data 
generating distribution. A Poisson distribution is usually the default 
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for integrated models. Counts will be distributed as a Poisson ran-
dom variable regardless of cell size when animals occur randomly 
across space at a constant intensity (i.e. a homogenous point pro-
cess). However, when over-dispersion occurs (zero-inflation or local 
clumping) it may be useful to consider other data generating distribu-
tions (e.g. Hostetler, 2015; Knapp et al., 2016), which in many cases 
are straight forward to fit if space is discretized. An extreme example 
of over-dispersion occurs when counts are not actual individuals but 

signals (e.g. scat samples or bird calls) clumped around the locations 
of individuals (Chambert, Waddle, Miller, Walls, & Nichols, 2017).

It is possible to link observations across different spatial scales. 
A useful result is that if occurrence is modelled as a function of local 
intensity, occupancy is no longer scale dependent, but instead can 
be determined based on cell area (Dorazio, 2014; Koshkina, Wang, 
Gordon, Dorazio, & White, 2017). Consider the following example for 
a Poisson point process. Let A be the area of the cell, λ the expected 

F IGURE  1 We simulated homogenous 
Poisson point processes for three levels 
of intensity, λ, and for two cell sizes. The 
expected abundance per cell, E(N), and 
expected proportion of occupied cells, E(z) 
depends on the combination of intensity 
and cell size
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density per unit of area, ψ expected occupancy in a cell of area 1. 
The expected number of individuals per cell is E(N) = λ × A and the ex-
pected probability a cell is occupied is E(Z) = 1 − (1 − ψ)A. We can now 
combine this information to scale across distributions and areas. For 
example, expected occupancy for area A given λ is E(Z) = 1 − (e−λ)A. 
And the expected density given ψ and a Poisson point process is 
E(N) = −ln(1 − ψ) × A. This ability to generate expectations across 
scales and data types creates a flexible framework for linking differ-
ent data types and species distribution models. Similarly, it is possible 
to account for scale dependency in relationships to predictor variables 
when fitting integrated distribution models (Pacifici et al., 2017).

Recent studies demonstrate it is possible to use the toolbox devel-
oped for modelling spatial point processes to estimating distributions  
for many data types (Dorazio, 2014; Fithian, Elith, Hastie, & Keith, 
2014; Hefley & Hooten, 2015, 2016; Renner & Warton, 2013; Renner 
et al., 2015; Warton, Renner, & Ramp, 2013). The result is that if it is 
possible to link multiple data types to a common point process, it is 
possible to combine the methods in an integrated estimator.

2.2 | Joint-likelihood methods

Joint-likelihoods have been the preferred methods for which multiple 
data types are integrated in a single estimator. The joint likelihood ap-
proach uses multiple data types to simultaneously estimate a shared 
set of parameters (Figure 2). For each data type, a likelihood is speci-
fied that is to be maximized or fit using Bayesian methods. In joint 
likelihood methods the shared set of parameters within each of the 
individual likelihoods is constrained to be equal across likelihoods. 
Parameter estimates are those that maximize the combined fit of all 
data. It is possible to develop shared parameterizations across a wide 
set of data types and spatial resolutions. This may involve different 
measured response variables (e.g. probability of occurrence vs. local 
density) and responses measured at different spatial resolutions.

Joint-likelihood methods are not new to ecological parameter es-
timation (see Table 3 for examples of joint-likelihood methods to esti-
mate ecological parameters). The most analogous example might be 
integrated population models (not to be confused with integral projec-
tion models [Ellner & Rees, 2006]), which combine data types (often 

mark-recapture and count or abundance data) to improve precision 
of estimates of population growth rate and underlying demographic 
parameters (Besbeas, Freeman, Morgan, & Catchpole, 2002; Besbeas, 
Lebreton, & Morgan, 2003; Schaub, Gimenez, Sierro, & Arlettaz, 2007).

2.3 | Recent efforts at data integration

Recent efforts to construct species distribution models using data 
integration methods have primarily been motivated by two goals: (a) 
build a more accurate SDM and (b) relax assumptions, increase iden-
tifiability, and overcome limitations that might come with models 
incorporating only nonstandardized data. We recognize that species 
distribution models often lump multiple data types into the set of 

TABLE  2  It is possible to link count-based approaches with 
occurrence-based approaches by determining the probability the 
count model is equal to 0 (i.e. the species does not occur at a site)

Distribution
Probability 
zi = 0/Ni = 0

Poisson e−λ

Zero-inflated Poisson σ + (1 − σ)e−λ

Negative Binomial (

1−p
)r

Zero-inflated Negative Binomial σ+ (1−σ)
(

1−p
)r

Note. parameters are as follows: zi is the true occurrence state of site i 
where zi = 1 if the site is occupied; Ni is the true abundance of a site; λ is 
the intensity parameter for a Poisson distribution; p and r are parameters 
defining a negative binomial distribution; σ is zero inflation correction for 
a zero-inflated model.

F IGURE  2 Data integration methods have typically relied on 
joint-likelihood methods, where two or more data types are related 
to a common underlying species distribution. Efforts based on 
specifying correlation or covariate structure are possible in cases 
where joint likelihoods cannot be specified or where both data 
types should not be put on an equal footing. In the case of the 
correlation method, a separate species distribution is estimated for 
each data type in the analysis, with a correlation structure specified 
to share information across the datasets. In the case of the 
covariate method, the first dataset is used to generate covariates 
that are then used to predict the distribution of the second dataset. 
In the case of both, the correlation and covariate models, the 
information content of the second dataset is estimated
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observations used for estimation (e.g. combining multiple sources of 
nonstandardized data into a presence-only estimator). However,  for 
our purposes we will only consider estimators that treat each data 
type on an individual basis, dealing with the intricacies that went into 
collecting data from that source.

The ability to combine data types has been recognized since the 
early implementation of occupancy estimation methods. The ability 
to treat data collected from different methods as independent visits, 
with separate detection probabilities but a shared underlying distri-
bution of occurrence has been recognized as a valid way to estimate 
occupancy (MacKenzie et al., 2006). The ad hoc integration of data 
types has been expanded to more fully deal with specific nuances 
of multiple data types by Nichols et al. (2008) and to improve esti-
mates when both false negatives and false positives occur in a data 
type (Hanks, Hooten, & Baker, 2011; Miller et al., 2011, 2013, 2015). 
Although these can be thought of as joint-likelihood methods, the 
use of a common estimation framework (i.e. occupancy estimation) 
makes data integration relatively straight-forward.

More recently, efforts have focused on combining data from 
designed surveys and presence-only data (Dorazio, 2014; Fithian 
et al., 2014; Fletcher, Robert, Greene, & Tye, 2016; Koshkina et al., 
2017; Pacifici et al., 2017). A common approach has been to treat 
presence-only data as coming from a thinned point-Poisson process 
and jointly estimating the observation intensity with the response 
variable for the standardized dataset. This approach was predicated 
on the development of methods for analysing presence-only data 
using a point-process framework. Point process models have been 
adapted to estimate distributions and model observation error 
from presence-only data (Warton & Shepherd, 2010; Warton et al., 
2013) as an alternative to MaxEnt (Phillips, Dudík, & Schapire, 2004; 
Phillips et al., 2006). Other recent papers build on these methods 
(e.g. Fithian & Hastie, 2013; Renner et al., 2015) including work by 

Renner and Warton (2013) that demonstrate the functional equiva-
lence of point process and MaxEnt methods.

This flexibility to model presence-only data using a likelihood 
framework underlies the more recent advances that implement data 
integration for multiple data types. These models focus on combin-
ing presence-only with standardized datasets where observation 
error is explicitly addressed. Examples include using occurrence 
data where detection is assumed to be 1 (Fithian et al., 2014), an 
N-mixture model to estimate abundance from repeat count data 
(Dorazio, 2014) and spatial capture recapture data (Tenan, Pedrini, 
Bragalanti, Groff, & Sutherland, 2017), and occupancy data from 
temporal and spatial replicated observations (Fletcher et al., 2016; 
Koshkina et al., 2017; Pacifici et al., 2017).

Other recent examples exploit the relationship between individ-
ual abundance and probability of detecting a species that occurs at 
a site (i.e. Zipkin et al., 2017). This relationship has previously been 
recognized in the occupancy literature (Royle & Nichols, 2003). 
Pacifici et al. (2017) also exploit this relationship, although indirectly 
through correlation structure rather than a joint parameterization 
structure. Clare, McKinney, Depue, and Loftin (2017) address an-
other key issue for data integration, which is when observations 
from two datasets are not independent.

Consistent among these studies is that when data integration has 
been employed, the integrated model represented an improvement 
over using a single data source (increased accuracy, increased preci-
sion). In addition, linking presence only observations to a standardized 
dataset allows for local density or occurrence probability to be directly 
estimated rather than just an estimate of relative occurrence proba-
bility. This feature is especially appealing, as methods that attempt to 
derive true occurrence probabilities based on presence-only data and 
single surveys with incomplete detection (e.g. Lele & Keim, 2006; Lele, 
Moreno, & Bayne, 2012; Royle, Chandler, Yackulic, & Nichols, 2012) 

TABLE  3 Examples of data types and demographic parameters for studies combining multiple data sources. Although not exhaustive, this 
list provides an overview of different types of studies that combine multiple data sources with joint-likelihood methods

Data types Demographic parameters Example(s) from the literature

Mark-recapture-recovery or capture–recap-
ture, count data, and/or fecundity data

Abundance, survival, reproduction Besbeas et al. (2002, 2003), Brooks, King, and Morgan 
(2004), Schaub et al. (2007a), King, Brooks, and Coulson 
(2008), Schaub and Abadi (2010), Abadi et al. (2012), 
Wilson, Gil-Weir, Clark, Robertson, and Bidwell (2016), 
Ahrestani et al. (2017), and Eacker, Lukacs, Proffitt, and 
Hebblewhite (2017)

Mark-recapture-recovery or capture–recap-
ture, count data

Survival Catchpole, Freeman, Morgan, and Harris (1998)

Radiotelemetry, mark-recapture data Survival, movement rates Powell, Conroy, Hines, Nichols, and Krementz (2000)

Secondary sources of data Detection probability in occu-
pancy models

Ruiz-Gutierrez et al. (2016)

Count, presence–absence data Abundance, survival, reproduction Zipkin et al. (2017)

Capture–recapture data, presence–absence 
data

Abundance, survival, reproduction Sanderlin et al. (2018) and Freeman and Besbeas (2012)

Spatial capture–recapture Density Gopalaswamy et al. (2012), Sollmann et al. (2013a,b), and 
Chandler and Clark (2014)

Capture–recapture, presence–absence data Abundance Blanc, Marboutin, Gatti, Zimmermann, and Gimenez (2014)
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have come under criticism for strong assumptions (Hastie & Fithian, 
2013; Phillips & Elith, 2013; Ward, Hastie, Barry, Elith, & Leathwick, 
2009). Likewise correcting for relative sampling bias with presence only 
data requires that predictors be known and uncorrelated with the true 
distribution (Dorazio, 2012). Data integration can make detection and 
sampling effort identifiable, as well as true occurrence probabilities, by 
conditioning on the standardized dataset. Fithian et al. (2014) employ a 
unique approach that also incorporates information from other species 
to identify where sampling effort has been greatest, while Pacifici et al. 
(2017) model effort using covariates derived from the data source they 
employ. We explore this in more detail in the next section.

3  | CRE ATING A MORE FLE XIBLE AND 
GENER AL FR AME WORK FOR DATA 
INTEGR ATION

Let’s go wide open. Let’s see what we see, record 
what we find, and not fool ourselves with conven-
tional scientific strictures.
� Steinbeck and Ricketts (1941)

Recent developments lay a strong foundation for data integration 
methods. For the most part, this effort has focused on simple detec-
tion nondetection or count data and joint-likelihood approaches to link 
other data types to presence-only data. Our goal now is to draw atten-
tion to other concepts that we believe can underlie an even more gen-
eral framework for future developments of data integration methods.

3.1 | Rethinking what are distribution data

Many of the methods used to estimate abundance or occurrence are pro-
hibitively costly to implement when the interest is in understanding pat-
terns at the scale of a species’ range. This precludes their use when the 
goal is to estimate large-scale patterns of distribution. As a result most 
large-scale distribution models rely solely on presence only and presence 
absence data collected using nonstandardized designs. Data integra-
tion opens the possibility to combine spatially rich data sources with a 
more focused set of standardized data. We believe this will improve our 
inferences about species distribution and will provide added resolution 
regarding spatial variation in density as well as patterns of occurrence.

There are a range of data types and estimators that can be used 
to estimate species abundance. However, they are rarely used for 
distribution models because limitations prohibit collecting data 
across a species’ range. In general, abundance estimation methods 
rely on either mark-recapture or count-based methodology. Mark-
recapture uses three general classes of models, depending on if 
the population is closed to births, deaths, immigration and/or em-
igration. These are closed abundance estimators (Otis, Burnham, 
White, & Anderson, 1978), open abundance estimators (Jolly, 1965; 
Schwarz & Arnason, 1996; Seber, 1965) or both (Kendall, Pollock, & 
Brownie, 1995; Pollock, 1982). Mark-recapture data also allow one 
to obtain estimates of survival and reproduction of individuals (Jolly, 

1965; Schwarz & Arnason, 1996; Seber, 1965), key demographic pa-
rameters influencing the spatial distribution of individuals through 
time. More recently spatially explicit capture recapture methods 
have been used to estimate density across a defined spatial do-
main (Efford, Borchers, & Byrom, 2009; Royle, Chandler, Sollman, & 
Gardner, 2014; Royle, Chandler, Sun, & Fuller, 2013). Alternatively, 
distance sampling has emerged as a standardized approach for esti-
mating density based on locations of observations relative to the ob-
server (Buckland et al., 2001). Other count-based methods include 
N-mixture models (Royle, 2004), double-observer methods (Nichols, 
Hines, Sauer, Fallon, & Heglund, 2000), and removal designs 
(Farnsworth et al., 2002). All these methods estimate abundance or 
density at some given spatial scale and can readily be linked to other 
data types usually collected at much larger spatial scales, including 
those used for presence only data, by relating these patterns to the 
underlying point process. Alternatively, fisheries and plant applica-
tions often focus on biomass, which similarly might be combined 
with data across scales or be linked to density or occurrence data.

Opportunities for data integration are not limited to tradi-
tional static species distribution models, but also could be utilized 
when distribution dynamics are of interest (Zipkin et al., 2017). 
Dynamic models range from simple abundance models that esti-
mate local changes in occurrence or abundance across space and 
time (Amburgey et al., 2018; Miller et al., 2018) to more complex 
models that incorporate demographic parameters and life-stage-
specific abundances (Davis, Hooten, Phillips, & Doherty, 2014; 
Zipkin et al., 2014). Changes in the distribution of species through 
time (expansion, contraction) are influenced by individual popula-
tion processes governed by survival, reproduction, and movement. 
Presence-only data have been under-utilized for estimation of dy-
namics because it is difficult to disentangle changes in effort and 
detection from actual changes. However, single-species occupancy 
models (MacKenzie et al., 2002) can be used to evaluate changes in 
occupancy from local extinction and colonization, while accounting 
for imperfect detection. Recent efforts with single-species occu-
pancy models (Dail & Madsen, 2011; Rossman et al., 2016; Zipkin 
et al., 2014) allow one to estimate occupancy/abundance, survival, 
and reproduction with occupancy only data. Integrated approaches 
with large-scale efforts to collect multiple types of data (i.e. BBS 
count data and capture–recapture data from the Monitoring 
Avian Productivity and Survivorship [MAPS] program illustrated 
in Ahrestani, Saracco, Sauer, Pardieck, and Royle (2017) could be 
used to evaluate changes in species distribution.

Data integration methods do not need to be limited to single-
species distribution models. Community approaches to estimating 
distributions have been especially promising for sharing information 
among species about both where species occur and how they are ob-
served given the data collection method (Fithian et al., 2014; Iknayan, 
Tingley, Furnas, & Beissinger, 2013). Multi-species occupancy mod-
els (Dorazio, Royle, Söderström, & Glimskär, 2006; MacKenzie et al., 
2006) extend single-species occupancy models (MacKenzie, Nichols, 
& Hines, 2003; MacKenzie et al., 2002) and allow estimation of un-
known species richness and species turnover (local extinction and 
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colonization), while accounting for imperfect detection probabili-
ties (Royle & Dorazio, 2008). Another set of community modelling 
methods focus on estimating species interactions (Clark et al., 2013; 
Lapointe, Giroux, Bélanger, & Filion, 2000; Mackenzie, Bailey, & 
Nichols, 2004; Ovaskainen, Roy, Fox, & Anderson, 2016; Rota et al., 
2016; Warton et al., 2015). Information about the occurrence or 
abundance of one species informs the presence of another. Similarly, 
these models have been extended to incorporate community dy-
namics (Davis et al., 2017; Miller, Brehme, Hines, Nichols, & Fisher, 
2012; Yackulic et al., 2013b). These methods could naturally be ex-
tended to incorporate data integration methods.

3.2 | Flexible data integration methods

Most of the effort devoted to integrated models has focused on 
joint-likelihood approaches. However, Pacifici et al. (2017) and 
Merow, Wilson, and Jetz (2016) introduce data integration ap-
proaches that relax the need to specify parameter relationships 
directly. Why is this useful? First, it is not uncommon to collect 
nonstandardized data that is informative but for which it may not 
be possible to develop an unbiased estimator of species distribu-
tion. The goal in this case is to harness the information from non-
standardized data while letting these data tell us the degree to 
which that information informs the distribution. Second, it is not al-
ways possible to specify a shared set of parameters. It may instead 
be possible to specify a set of parameters that will be correlated 
across data types based on the shared underlying species distribu-
tion. Finally, in some cases it may be computationally infeasible to 
combine data types into a single joint-likelihood estimator. In this 
case, alternative methods that incorporate additional information 
may reduce computation time while still improving accuracy and 
precision of distribution estimates.

The first alternative approach requires the specification of a like-
lihood for each dataset. However, instead of constraining parameters 
to be equal as is done in joint-likelihood methods, one can specify a 
correlation structure between parameters in the two models (Pacifici 
et al., 2017; Figure 2). Specifically, the spatial variation in the state 
variable for the two datasets is assumed to be correlated (i.e. if cor-
relation is high, then where abundance or occurrence is greatest in 
one dataset will match where it is greatest in the other). Consider 
data types used in the estimator of Dorazio (2014). The goal was to 
build an integrated model based on density estimates from an N-
mixture and presence-only data types. Now rather than constrain-
ing local densities estimated for each cell across the landscape to 
be the same for each data type, they could instead be specified as 
correlated, where the degree of correlation is estimated. If the esti-
mated correlation is high (i.e. ρ ~ 1), this would suggest the two mod-
els are estimating the same process and information sharing will be 
high. In cases where unexplained variation in effort or other sources 
of heterogeneity occur in the nonstandardized data, the estimated 
correlation should be <1 and the degree of information transfer to 
estimates from the standardized dataset reduced. Specifying a cor-
relation structure between datasets may also be useful when spatial 

grain of observations varies greatly among datasets. For example, 
spatial location from broad-scale surveys such as eBird data may be 
imprecise, suggesting that distribution be estimated for large-grain 
sizes while avian point count surveys, say from BBS, may have very 
precise locations where observations occur. It may be tenuous to as-
sume both datasets can describe common parameters in this case 
(see the worked example in Supporting Information Appendix A for 
an example of this).

An alternative approach also suggested by Pacifici et al. (2017) 
is to incorporate the second dataset as a set of predictors for the 
distribution model for the first dataset (Figure 2). The covariate 
or covariates are used as explanatory variables in the distribu-
tion model the same way that other environmental predictors 
are included. The idea is to generate a set of covariates from one 
dataset and determine the ability to predict the distribution for 
the second. The covariate used may be these data directly incor-
porated, a summary of these data, or even a distribution model 
built using these data. This approach can be implemented using 
standard analytical packages, negating the need to develop new 
code, reducing both time and effort needed to generate inte-
grated estimates.

Other approaches also fall under this category. The first is 
the offset approach employed by Merow et al. (2016) to inte-
grate expert opinion data into distribution estimates. By speci-
fying an offset within a log-regression model, they were able to 
incorporate expert maps into predictions, greatly improving the 
accuracy of estimated distributions. Another obvious approach 
to incorporate additional information is using priors in a Bayesian 
hierarchical model (e.g. Gopalaswamy et al., 2012). Predictions 
from one dataset can inform predictions from the second through 
the specification of informed prior estimates for relevant param-
eters. Finally, methods that employing data-weighting still rely on 
a joint-likelihood framework to combine data, but allow for the 
weight given to each dataset in fitting estimates to be adjusted 
(Francis, 2011; Maunder, Crone, Punt, Valero, & Semmens, 2017).

In combination, all these methods provide a much more flexible 
tool kit for data integration than the typical joint likelihood approach 
seen in most applications to date.

3.3 | Improved accounting for observational 
uncertainty

We knew that what seemed to us true could be only 
relatively true anyway. There is no other kind of 
observation.
� Steinbeck and Ricketts (1941)

The relationship between the true state of a location and our ob-
served data depends on multiple sources of uncertainty. These include 
whether sampling occurred at a site, how much effort was expended 
sampling the site, the rate of species detection, the false positive 
detection rate, and whether location error occurs in observations 
(Hefley, Brost, & Hooten, 2017; MacKenzie et al., 2002; Miller et al., 
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2011; Royle & Link, 2006; Tyre, Tenhumberg, & Field, 2003; Yackulic 
et al., 2013a). A robust set of methods are available for accounting 
for multiple sources of uncertainty when standardized protocols 
are used to collect data, especially in the case where repeated ob-
servations occur at the same sites. Less attention has been given 
to explicitly dealing with uncertainty for nonstandardized data 
types. Data integration methods provide an opportunity to im-
prove our observation models for presence only datasets. Here, 
we focus on observational processes often ignored in traditional 
models, variation in sampling effort and false positive errors due to 
mis-identification.

3.3.1 | Effort

We welcomed this help, for in general work … the 
more hands and eyes involved, the better.
� Steinbeck and Ricketts (1941)

Survey effort is generally held constant or directly measured 
when collecting standardized datasets. Even for nonstandardized 
data collection, some measure of effort is often recorded or can 
be extracted from the collected data. For example, the eBird citi-
zen science database of bird location records includes information 
regarding the length of time, distance travelled, number of observ-
ers, and whether a complete list of species observed was entered 
as part of each data record (Sullivan et al., 2009). In other cases, 
one can frequently derive locations and timing of most visits from 
multi-species databases based on whether at least one species’ re-
cord occurs in a cell for a given date. Similarly, the number of spe-
cies observed or the observation of common species is a function 
of overall effort for that cell (Fithian et al., 2014). In other cases, 
sampling effort is a function of spatial features such as distance 
to road or city, or whether a location is on publicly accessible land 
(Fithian et al., 2014).

Pacifici et al. (2017) and Stauffer, Miller, Williams, and Brown 
(2017) provide examples where effort is accounted for in nonstandard-
ized datasets. The relationship between effort and detection can be 
exploited when estimating occurrence to make true occurrence prob-
abilities identifiable (Stauffer et al., 2017). This is because expected 
probability of observing a species in a cell, given a local occurrence 
probability ψ, detection rate per unit effort p, and effort E is given by

For abundance, in the case where the count is a measure of ob-
servation intensity (e.g. total number of bird calls heard) and individ-
uals are not identified, effort can be used to correct for variation in 
observations. The relationship between the observed count C, true 
abundance N, intensity of observed signals per unit effort S, and ef-
fort E is as follows:

In the case where individuals can be identified and each individ-
ual has an equal and constant probability of being detected per unit 

of effort, N is identifiable when effort varies the observed count will 
take the form of the following:

where p is the probability of detecting an individual per unit effort 
and E is effort. These represent versions of thinned point processes 
and can be modelled as such (Warton et al., 2013).

While in many cases, effort is a known variable (e.g. hours of sam-
pling), it is also possible to treat E as an unknown variable to be estimated. 
Estimating effort is useful when actual effort is ill defined and when there 
is a need to control for multiple measures of effort. E will be a function 
of some set of covariates X, which positively index effort: E ~ f(X). Such 
a function should be constrained so that E is always ≥0, E is equal to 0 
when all X’s are 0, and the relationship between E and X is positive.

3.3.2 | Mis-identification

They so wanted it to be a sea-serpent. Even we hoped 
it would be.
� Steinbeck and Ricketts (1941)

Another source of uncertainty, which may be more prevalent in 
nonstandardized data is the presence of false positive errors. These 
may occur due to mis-identification, as well as mis-specification of 
when and where the observation occurred. False positive errors can 
lead to significant bias when estimating distributions and dynamics 
(Miller et al., 2015). However, once mis-identification is accounted for, 
including data sources with ambiguous detections can still improve 
inferences about species distributions and factors that predict those 
distributions (Louvrier et al., 2018b; Miller et al., 2011, 2015). The co-
variate and correlation methods described previously relax the need to 
account for false positive errors in the secondary dataset for estimates 
to be unbiased. Instead, presence of false positive errors should reduce 
covariance between results for the second dataset and reduce the ex-
tent to which the second informs results for the first.

In the case of a joint-likelihood, or where the primary dataset also 
includes false positive errors, accounting for this source of error is im-
portant when the goal is an unbiased estimate of occurrence. Methods 
to account for false positives in occurrence modelling are well de-
veloped (Chambert, Miller, & Nichols, 2015; Louvrier, Chambert, 
Marboutin, & Gimenez, 2018a; Miller et al., 2011, 2013; Ruiz-Gutierrez, 
Hooten, & Grant, 2016) and all build on the simple hierarchical mixture 
model allowing for false positive detections first developed by Royle 
and Link (2006). A key feature of much of this effort has been integrat-
ing multiple data sources to better deal with mis-identification.

3.4 | Leveraging spatial dependence

Recent developments have focused on the explicit incorporation of 
spatial structure in SDMs (Johnson, Conn, Hooten, Ray, & Pond, 2012) 
and autocorrelation in the occupancy process (Royle & Dorazio, 2008). 
The advantages touted for spatial modelling are the ability to bor-
row information across nearby sites to reduce uncertainty, improved 

P(Y=1|p,ψ,E)=ψ× (1− (1−p)E).

E(C) = N × S × E.

E(C)=N× (1− (1−p)E),
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ability to make predictions for locations without data, and accounting 
for dependence between nearby observations necessary to obtain 
valid estimates of uncertainty. Leveraging information from an addi-
tional source(s) of data extends the potential of incorporating spatial 
structure in SDMs. For example, it is often rare to record observations 
at the same locations for all data sources, making direct comparisons 
of the data sources difficult. However, given that nearby locations are 
likely to have similar densities of individuals, it is possible to leverage 
spatial dependence to provide an indirect comparison of data sources.

The SDM literature provides many different examples of spatial 
models, however, the general form is to assume g(ψ) varies by location 
with a mean that depends on covariates such as land-use category or 
regional climate, and covariance between the occupancy probabilities 
at two locations is modelled in terms of the spatial configuration of the 
data locations and g() refers to the appropriate link function (Johnson 
et al., 2012). The choice of covariance model depends on the nature 
of these data. If the spatial locations are areal, that is, defined only at 
a fixed number of spatial regions (such as counties), then modelling 
spatial dependence using the adjacency matrix of the regions in the 
study using a conditionally autoregressive model (CAR) is appropriate 
(Banerjee, Carlin, & Gelfand, 2014). If the spatial locations are single 
points in space, such as trap locations, then a geostatistical model 
(Banerjee et al., 2014) for the covariance as a function of the distance 
between points is preferred. The CAR model has the advantage of 
computational simplicity because dependence is defined locally which 
can be exploited using sparse matrix operations. On the other hand, 
geostatistical models are arguably more flexible and realistic, even 
when applied to areal data defining distance using regional centroids.

An important complication likely to arise in spatial data integra-
tion is the so-called “change of support problem” (Finley, Banerjee, 
& Cook, 2014; Gelfand, Diggle, Guttorp, & Fuentes, 2010; Hefley 
et al., 2017). That is, data sources may produce data that measure 
occupancy or abundance at different spatial resolutions, such as 
measurements of abundance at a single point location vs. a summary 
of an entire transect. One approach is to use the courser data as a 
covariate in the model for the fine-scale data, as in the covariate 
model (Pacifici et al., 2017). This has the advantage of simplicity but 
may suppress uncertainty in the courser data source. Another ap-
proach is to assume that the latent process of interest (occupancy or 
abundance) is shared by all data sources, and then average the latent 
response to the data’s resolution (Gelfand et al., 2010) in the likeli-
hood. As discussed previously in the context of the joint-likelihood 
model, this is ideal when both data sources are of high quality, but 
may be misleading if one is poor.

3.5 | Flexible integration methods—A worked  
example

To help illustrate concepts in this section, we include an example 
analysis which illustrates combining data without a joint likelihood 
and including spatial information and explicit modelling of effort 
as an unknown random variable in nonstandardized data collec-
tion. A full description of the data, statistical models, and code can 

be found in Supporting Information Appendix A. To summarize, 
we consider two datasets, both collected for black-throated blue 
warblers for a subset of the state of Pennsylvania, USA. The first 
dataset follows a formal study design with standardized fixed ra-
dius point counts conducted at random locations throughout the 
study area. The second dataset comprises nonstandardized data 
collected by eBird. Location and effort come with a large degree 
of uncertainty. For this dataset, we summarize counts at a larger 
scale, 1/24th by 1/16th degree latitude and longitude blocks along 
with three measures of relative effort. Combining data using a joint 
likelihood presents difficulties in specifying a shared parameter 
and instead we link data via correlation and by using the second-
ary dataset as a covariate. For the correlation model, we explicitly 
estimate effort as an unknown variable and estimate the response 
variable for the eBird dataset as either a Poisson count process 
and occurrence. In the covariate model, we scale eBird counts by 
assumed effort. For all models we also explicitly estimate spatial 
autocorrelation using a multivariate conditional autoregressive 
model and account for forest cover and elevation when predicting 
responses. Data is analysed using the freely available WinBUGS 
software with model likelihoods written in the standard bugs 
language.

4  | DESIGNING AND VALIDATING 
INTEGR ATED SPECIES DISTRIBUTION 
MODEL S

‘If you believe this,’ he says in effect, ‘perhaps you are 
not right, but at least you are not a fool’.
� Steinbeck and Ricketts (1941)

4.1 | Model validation

Model validation is an essential step in any statistical analysis. 
In data integration analyses, it will often be important to vali-
date that combining data source improves fit as compared to a 
single-source analysis, or to select among different data inte-
gration strategies (e.g. a joint-likelihood vs. covarying models). 
If both data sources are considered to be equal, measures of fit 
and validation based on the joint or full likelihood of both data-
sets may be reasonable. When one data source instead comes 
from a standardized data collection protocol and the others are 
nonstandardized, it seems reasonable to validate the model 
using the standardized data source to compare methods. For ex-
ample, one might perform cross-validation and select the model 
with the smallest prediction error on the withheld observations 
from standardized data source. In other cases, such as when 
the quality of all data sources is unknown then model selection 
is not straightforward. If all data are treated equally, then it is 
likely that fit to the largest data sources will overwhelm the oth-
ers, and if this data source is noisy or biased then the selection 
results are dubious.
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Multi-objective optimization (Branke, Deb, & Miettinen, 2008) 
may provide a path forward. One possible solution is to combine 
measures of fit across the different sources of data using a weighted 
average, either post hoc as is done in ensemble methods or within 
a joint-likelihood weighting framework (Francis, 2011). The weights 
control our faith in each data source. On one extreme, if one data 
source is of high quality, it would be given weight one and all other 
weights would be set to zero. On the other extreme, setting all the 
weights to be equal puts all data sources on an equal footing. Of 
course, selecting the weights remains a subjective decision and so 
this approach does not provide a definitive solution. However, a 
Pareto diagram (Branke et al., 2008) that plots each model’s mea-
sure of fit in a scatterplot can help visualize the results, and rule out 
models that are not Pareto efficient, that is, models that are outper-
formed by another model for all data sources.

4.2 | Optimal sampling design

We planned to collect marine animals in a remote 
place on certain days and at certain hours indicated 
on the tide charts.
� Steinbeck and Ricketts (1941)

Carefully considering the sampling design, that is, the times and 
locations to make observations, is paramount when survey resources 
are limited (Legg & Nagy, 2006). A general framework for identifying 
the optimal design for ecological studies includes setting the objective 
function (e.g. classification accuracy) and the constraints (e.g. sample 
size) on the design (Laber et al., 2018; Reich, Pacifici, & Stallings, 2018; 
Taha, 2011). The most important component is having clear objectives 
(Boulinier, Yoccoz, Nichols, & Boulinier, 2001) as this can have a major 
impact on the optimal design. For example, Sanderlin et al. (2014) 
determined a different optimal sampling design with single-season, 
multi-species occupancy models when the objective was maximum 
accuracy of species richness or detection probability (fewer sites, more 
visits) than rare species occupancy probability (more sites, fewer vis-
its), concurrent with the results of single species occupancy sampling 
designs (Field, Tyre, & Possingham, 2005; Mackenzie & Royle, 2005). 
Guillera-Arroita, Ridout, and Morgan (2010, 2014) similarly found 
that when detection was of interest, more effort should be used con-
ducting repeat surveys to obtain more accurate detection estimates. 
Optimization of designs could be solved with linear programming or 
with graphical solutions (i.e. Sanderlin, Lazar, Conroy, & Reeves, 2012; 
Sanderlin et al., 2014). Part of the optimization framework should also 
include exploring both parametric uncertainty (Guillera-Arroita et al., 
2010, 2014; Sanderlin et al., 2014) and decision uncertainty.

There have been many model developments combining multiple 
data  sources. In contrast much less attention has been given to sam-
pling design of integrated models. While we often see improved pre-
cision with joint models (Besbeas et al., 2002; Schaub & Abadi, 2010) 
these will come with some cost associated with collecting additional 
data. Collecting some additional data sources may be more efficient 
(improved precision per unit effort) than others (Clement, 2016; 

Sanderlin, Block, Strohmeyer, Saab, & Ganey, 2018). These consid-
erations are important during initial study design or when there is 
an opportunity to collect additional data. By using an optimal design 
framework, you can explore sampling design and cost trade-offs as-
sociated with additional sources of data and how to spatially allocate 
samples to optimize parameter accuracy. Determining the optimal 
locations of additional samples is particularly important with SDMs, 
especially with citizen scientists. Programmes could be designed to 
target specific habitats or regions of interest, or areas with the most 
uncertainty, to meet study objectives. With rare or elusive species 
characterized by low occurrence or detection probabilities, addi-
tional sampling may be beneficial. Often, rare species are of most 
conservation concern. Multi-phase/stage designs, or when pilot 
data or first stage/phase of a project, can be used in an occupancy 
framework to optimally allocate samples with rare species (Guillera-
Arroita et al., 2014; Pacifici, Dorazio, & Conroy, 2012; Pacifici, Reich, 
Dorazio, & Conroy, 2016).

With spatial occupancy designs, the goal is to select loca-
tions from the set of all possible locations to optimize some 
criteria (efficient estimation of state variable or covariate, pre-
diction of response across design space). Although the spatial 
design literature is rich in examples and applications of these 
types of designs (Mateu & Müller, 2012), ecological data pose 
unique design challenges. Data are often non-Gaussian, sub-
ject to many different sources of error, and often severely 
correlated spatially and temporally. Typical spatial designs at-
tempt to maximize coverage for spatial interpolation by plac-
ing sampling locations uniformly over the study domain (e.g. 
space-filling designs) or to improve covariance estimation by 
clustering sample locations. Reich et al. (2018) apply these prin-
ciples of spatial optimal design to ecological data while explor-
ing the advantages of integrating auxiliary data to inform the 
design of species distribution modelling. Reich et al. (2018) use 
a novel objective function that minimizes misclassification rate 
of occurrence probabilities and show that using auxiliary data 
refines the appropriate sampling locations and ultimately re-
duces uncertainty across a species’ distribution. We believe this 
avenue of explicitly incorporating error rates in the optimality 
criteria is a fruitful endeavour and holds promise to improve 
the overall ability of mapping species distributions. It is natural 
to think of auxiliary data as not only informing the design, but 
potentially as a calibration sample if the quality is high or with 
genotyping error (i.e. Sanderlin et al., 2012).

5  | CONCLUSIONS

Data integration can improve species distribution estimates 
while properly accounting for data collected under different 
sampling designs. Recent developments in integrated distri-
bution models, many of which are highlighted here, provide a 
framework for future work. The key point that we believe are 
most relevant are:
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1.	 Point process thinking provides a common framework that 
facilitates the unification of a wide range of different estimators 
and data types.

2.	 When fitting integrated models, consideration should be given to 
the wide range of flexible methods available for integrating data 
and not  just joint-likelihood approaches.

3.	 While much of the current development in data integration has 
focused on static models of species distributions, applications of 
data integration methods to estimate range dynamics and com-
munity responses to change are natural extensions and will be at 
the frontier of new developments.

4.	 Predictions can be improved by careful thought about how data is 
collected and utilized. Opportunities for improvement include 
greater incorporation of spatial information, measures of effort, 
and explicitly modelling sources of observation error.

5.	 It is important to be cognizant of the new challenges that come 
with integrated estimators including how to validate data, dealing 
with nonindependence among datasets, and design of surveys.

The rapid development of methods in recent years demonstrates 
the potential for data integration to provide “a picture more com-
plete.” Our hope is that this review points to a flexible and robust 
toolbox that is key to future developments.
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