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Abstract

Integrated community models—an emerging framework in which multiple data

sources for multiple species are analyzed simultaneously—offer opportunities to

expand inferences beyond the single-species and single-data-source approaches

common in ecology. We developed a novel integrated community model that com-

bines distance sampling and single-visit count data; within themodel, information is

shared among data sources (via a joint likelihood) and species (via a random-effects

structure) to estimate abundance patterns across a community. Parameters relating

to abundance are shared between data sources, and the model can specify either

shared or separate observation processes for each data source. Simulations demon-

strated that the model provided unbiased estimates of abundance and detection

parameters even when detection probabilities varied between the data types. The

integrated communitymodel also providedmore accurate andmore precise parame-

ter estimates than alternative single-species and single-data-source models in many

instances. We applied the model to a community of 11 herbivore species in the

MasaiMara National Reserve, Kenya, and found considerable interspecific variation

in response to local wildlife management practices: Five species showed higher

abundances in a region with passive conservation enforcement (median across spe-

cies: 4.5× higher), three species showed higher abundances in a region with active

conservation enforcement (median: 3.9× higher), and the remaining three species

showed no abundance differences between the two regions. Furthermore, the com-

munity average of abundance was slightly higher in the region with active conserva-

tion enforcement but not definitively so (posterior mean: higher by 0.20 animals;

95% credible interval: 1.43 fewer animals, 1.86 more animals). Our integrated com-

munitymodeling framework has the potential to expand the scope of inference over

space, time, and levels of biological organization, but practitioners should carefully

evaluate whether model assumptions are met in their systems and whether data

integration is valuable for their applications.
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INTRODUCTION

Improved and expanded inferences on biodiversity patterns
and trends are required to address concerns over wide-
spread species losses (Cardinale et al., 2012; Dirzo
et al., 2014). Although there is much value in single-species
analyses, syntheses across taxa may grant managers and
policymakers a broader perspective when enacting conser-
vation decisions. Similarly, syntheses across data sources
may enhance confidence—or avoid overconfidence—in
conservation decisions, especially as data are limited for
many species worldwide (Borgelt et al., 2022; IUCN, 2022).
Despite the benefits of cross-species and cross-data synthe-
sis, most ecological analyses focus on a single species or a
single data source, likely because of challenges inherent in
implementing complex analyses. However, two innova-
tions in statistical ecology offer a path forward for the uni-
fied analysis of communities using multiple data sources:
hierarchical community models and model-based data
integration.

Hierarchical community models estimate species-specific
parameters under the assumption that they come from
shared community-level parameters, thereby permitting
synthesis across species (Figure 1; Devarajan et al., 2020;
Dorazio et al., 2006). Community models are structured
such that species-specific parameters (e.g., intercepts,
covariate coefficients) are treated as random effects
drawn from community-level distributions (Kéry &
Royle, 2015; Zipkin et al., 2009). Biologically, this model
structure implies that species within communities show
similar abundance patterns. For example, land-cover
change from grassland to forest may drive declines for
species that use grasslands—though not necessarily all
such species. Community models can accommodate
this type of heterogeneity while also providing infer-
ences on the mean community-level response to a covari-
ate such as land-cover change. Hierarchical community
models hold two primary advantages over single-species
approaches. First, community models expand the scope
of inference by providing both species- and
community-level inferences that summarize the com-
munity average as well as among-species variation in
ecological quantities. Thus, community-level patterns
(e.g., community-level responses to a covariate) can be
succinctly reported with quantitative metrics and associ-
ated uncertainty, in contrast to post hoc summaries of
multiple single-species models (Kéry & Royle, 2015).
Second, community models can provide more accurate
and precise inferences than single-species models, particu-
larly for data-poor species, as parameters for these species
are informed by data across the community
(Guillera-Arroita, 2017; Kéry & Royle, 2015; Zipkin
et al., 2009). Importantly, hierarchical community

modeling is a framework rather than a specific model;
many types of ecological models can be analyzed using a
community modeling approach, including occupancy
models (Dorazio & Royle, 2005), N-mixture models
(Yamaura et al., 2012), and distance-sampling models
(Farr et al., 2019; Sollmann et al., 2016).

Integrated models combine multiple data sources
within a single analytical framework and provide opportu-
nities to expand the scope of inference by estimating param-
eters that are unidentifiable in analyses of individual data
sources (Zipkin et al., 2019). Perhaps the most widely recog-
nized type of integrated model is the integrated population
model in which demographic data (e.g., mark–recapture)
are combined with count data to make inferences about
population dynamics (Schaub & Kéry, 2021; Zipkin &
Saunders, 2018). However, data integration can be
performed with any number of data sources (e.g., counts,
presence-only data, detection–nondetection surveys); the

F I GURE 1 Graphical overview of integrated community

model that combines distance sampling and count data. The

parameters within the overlapping rectangles are shared between

data sources. djsi is the distance measurements to animals from the

distance sampling surveys. cCst and cDsi are the number of animals

observed from the single-visit counts and distance sampling data,

respectively, while NC
st and ND

si are the corresponding latent

abundances and λst and λsi the corresponding expected abundances.

α0s is the species-level intercept for expected abundance and is

modeled from a community distribution with mean μα0 and SD σα0 .
πCs and πDs are transect-level detection probabilities for the count

and distance-sampling data, respectively, and are modeled via

detection functions that include scale parameter intercepts γC0s
(counts) and γ0s (distance sampling). These species-level intercepts

are drawn from community-level distributions with means μCγ0
(counts) and μγ0 (distance sampling) and SDs σCγ0 (counts) and σγ0
(distance sampling). An updated graphical overview of the model

for the case study is provided in Appendix S1: Figure S5.
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common theme is the combination of multiple data
sources to expand or improve inferences (Schaub & Kéry,
2021). Integrated models combine distinct data sources
via a joint likelihood, analyzing each data source with a
distinct submodel (rather than indiscriminately pooling
discrepant data) to account for differences between data
sources (Fletcher et al., 2019; Isaac et al., 2020).
Describing each data set with a submodel means that
integrated models can combine different data sources
(e.g., count and presence–absence data) or data with
mismatched spatiotemporal resolution (Gilbert et al., 2021;
Isaac et al., 2020; Pacifici et al., 2019). Beyond the concep-
tual appeal of applying all available sources of information
to ecological problems, integrated models can provide
more precise inferences than nonintegrated models due to
the greater amount of available data (Fletcher et al., 2019;
Gilbert et al., 2021). Limitations of data integration include
increased model complexity (which may preclude use by
many practitioners) and compromised estimation and pre-
diction of key ecological parameters (e.g., abundance,
occurrence) if large volumes of biased, low-quality data
swamp smaller amounts of high-information-content data
(Simmonds et al., 2020). All told, data integration
remains an active area of research (Isaac et al., 2020) as
ecologists identify new combinations of data sources to
integrate and move beyond single-species perspectives
(Doser et al., 2022).

Hierarchical community models and data integration
have both advanced biodiversity analyses but have devel-
oped in separate spheres. Integrated community models—
that is, hierarchical community models that incorporate
multiple data sources—are an appealing prospect that com-
bine the benefits of integrated and community modeling
(Barraquand & Gimenez, 2019; Doser et al., 2022; Péron &
Koons, 2012; Quéroué et al., 2021; Zipkin et al., 2023). In
this study, we developed an integrated community model
that combines distance sampling (a high-information data
source that permits estimation of detection probability) and
single-visit counts (a low-information data source
containing no information on the detection process).
Despite recent developments in community
distance-sampling models using a single data source (Farr
et al., 2019; Goyert et al., 2016; Sollmann et al., 2016) and
single-species integrated models that combine
distance-sampling and other data sources (Farr et al., 2021;
Kéry et al., 2022; Schmidt et al., 2022; Schmidt &
Robison, 2020; Zhao et al., 2021), community-level inte-
grated models coupling distance sampling with other data
sources have yet to be described or applied. Potential bene-
fits of this modeling approach include estimating ecological
quantities (e.g., covariate effects) with greater precision,
particularly for data-poor species, and estimating latent
abundances for multiple species in locations where only

single-visit count data are available. We developed a simu-
lation study to evaluate our model’s performance when
detection probabilities vary between count and
distance-sampling data. We also present a case study in
which we applied the model to count and
distance-sampling data sets on a community of 11 herbivore
species from the Masai Mara National Reserve in Kenya. A
rise in anthropogenic activity has led to the decline of both
resident and migrant herbivores in parts of the reserve
(Green et al., 2019), yet species-specific responses to distur-
bance along with population abundances have yet to be
reported for this community. Our integrated community
model provides a method to estimate herbivore abun-
dances and the effects of disturbance in the reserve by
combining distance sampling and transect count data.

METHODS

Model description

Overview

The key aspect of the integrated community model is that
information is shared between data sources (via a joint
likelihood) and among species (via a random effects
structure; Figure 1). We specify a species-specific model
of abundance and integrate distance sampling and
single-visit count data such that both data sources inform
the parameters underpinning abundance (Farr et al., 2021;
Kéry et al., 2022). The observation process can be modeled
such that detection probability is shared between data
types (requiring a strong assumption about identical
observation processes between data types) or separate for
the two data types via a latent detection function for the
single-visit count data (Kéry et al., 2022). Relevant
covariates can be incorporated into the models for both
abundance (e.g., habitat) and detection probability
(e.g., species-specific traits, time of day). Information is
also shared among species by assuming that each
species-level parameter in both the abundance and detec-
tion model components come from parameter-specific,
community-level distributions (Kéry & Royle, 2015). By
specifying an integrated community model, inferences
can be made for rare or infrequently detected species for
which single-species and/or single-data-source models
provide highly uncertain inference or fail to converge.
We describe the model below and how to apply it using a
Bayesian framework. As a Bayesian model, prior distribu-
tions are required for model parameters; we provide sug-
gestions for choosing appropriate priors for some of these
to guide future practitioners. Throughout this model
description, we use D superscripts to distinguish parameters
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related to distance sampling from parameters related to
the count submodel, indicated with C superscripts.

Distance sampling submodel

Distance sampling: Data

Distance sampling is an established method of estimating
wildlife abundance via the assumption that the detect-
ability of a focal individual (or group of animals) decays
with distance (Buckland et al., 2001). The required data
are (1) the count of animals detected during a survey and
(2) the distances measured from the observers to each
animal or group of animals. We describe the model using
distance bands to accommodate scenarios in which
observers collect categorical distance observations
(e.g., animals classified as being within, for instance,
0–100 or 101–200 m of observers); for cases in which
observers collect continuous distance measurements, dis-
tance measurements can be categorized into distance
bands post hoc. Selecting the number of bins is an arbi-
trary decision; fewer coarse bands leads to less precise
estimates of abundance, but increasing the number of
bands comes with the trade-off of increased computa-
tional burden (Kéry & Royle, 2015). Distance sampling
does not require temporal replication since detection
probability is inferred from the observed distances (rather
than from temporally replicated surveys, as in other
abundance estimation methods; Royle, 2004). Therefore,
we present a context in which multiple species (indexed
with s; Appendix S1: Table S1) are surveyed using dis-
tance sampling across multiple transects (indexed with i).
The transects are assumed to be independent. While we
describe the model for use with data collected along line
transects (e.g., along trails or roads), our approach can be
adapted for use with data collected at points (e.g., avian
point counts) with a modification of the detection func-
tion; we refer readers to chapter 8.5 of Kéry and Royle
(2015) for a demonstration of how this is performed.

Distance sampling: Observation model

In the distance sampling submodel, the detection proba-
bility for an animal or group of animals follows a
half-normal function (see Buckland et al., 2001 for alter-
native detection functions) of the group’s distance to the
observer and a scale parameter that governs how quickly
detectability decays over distance. Distances to animals
are classified into k = 1,…,K distance categories.
Detection probability πks within distance category k for
species s is a half-normal function of the distance

category’s midpoint xk and scale parameter ωs, multiplied
by each bin’s proportion of the total width of the sur-
veyed area Pk:

πks ¼ exp −
x2k
2ω2

s

� �
×Pk: ð1Þ

In the simplest case, the scale parameter ωs is modeled
using only a species-specific intercept, γ0s:

log ωsð Þ¼ γ0s: ð2Þ

However, covariates that describe variation in detec-
tion over space (e.g., vegetation height), time (e.g.,
weather), or among species (e.g., body mass) could
be added. The species-specific intercepts are treated
as random variables drawn from a community-level
distribution:

γ0s �Normal μγ0 ,σγ0
� �

, ð3Þ

where μγ0 is the average decay rate (on a log scale) across
the community of species, and σγ0 is the SD among
species-specific intercepts. Priors are required for these
community-level hyperparameters. For μγ0, we suggest
using weakly informative priors based on prior predictive
checks using the distances over which data are collected,
since what constitutes an appropriate prior depends on
the scale of the distances used in Equation (1) (Kéry &
Royle, 2015). For example, a Normal(6, 2) prior would be
appropriate for moderately detectable taxa surveyed
out to 1000m (Appendix S1: Figure S3). For σγ0 , an
Exponential (1) prior would be appropriate for a commu-
nity in which among-species variation in detectability is
moderate or poorly known (McElreath, 2020). Detection
probability for the whole transect, πs, is the sum of the
detection probabilities for each distance category:

πs ¼
XK
k¼1

πks: ð4Þ

The distance class djsi of the observed group or individual
j of species s at transect i is modeled using a categorical
distribution:

djsi �Categorical νsð Þ, ð5Þ

where νs is a vector of length K that holds the conditional
cell probabilities. Cell probabilities in a categorical distri-
bution must sum to one; thus, the probability of an obser-
vation being in distance category k, νs, is constrained as
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the detection probability within each distance class
divided by the sum of detection probabilities of all dis-
tance classes:

νs ¼ πks
πs

: ð6Þ

Finally, the count cDsi is modeled using a binomial distri-
bution, with the number of trials being the latent abun-
dance ND

si and with detection probability πs:

cDsi �Binomial ND
si ,πs

� �
: ð7Þ

Distance sampling: Latent abundance model

Latent abundance ND
si is modeled as a Poisson random

variable (Equation 8). For cases where abundance shows
evidence of overdispersion (i.e., greater variation than
expected with a Poisson distribution in which the mean
and variance are equal), alternative forms such as a
Poisson–gamma mixture (also known as the negative
binomial distribution) or a Poisson–lognormal distribu-
tion can be used (Kéry & Royle, 2015); see the case study
for an example.

ND
si � Poisson λsið Þ, ð8Þ

where λsi is the expected abundance for species s at tran-
sect i. Expected abundance can be modeled on a log scale
as a function of covariates:

log λsið Þ¼ α0s + α1szi, ð9Þ

where α0s is the intercept and α1s is the species-specific
effect of transect-level covariate zi. As with the detection
model, the species-level parameters in the abundance
model are assumed to be random variables drawn from
community-level distributions:

α0s �Normal μα0 ,σα0
� �

, ð10Þ

α1s �Normal μα1 ,σα1
� �

: ð11Þ

Finally, priors are required for the community-level
hyperparameters. While prior choice may vary depending
on existing information about the system or study objec-
tives, we suggest using common weakly informative
priors such as Normal(0, 2) priors for the community
means and Exponential(1) priors for the SDs
(McElreath, 2020).

Count submodel

Counts: Data

Count data without additional information necessary to
estimate detection probability (e.g., distance measure-
ments, temporal replication) are commonly collected, for
example, by many volunteer-based science programs. Data
for the count submodel are thus total counts of species in
a predefined sampling unit, which are assumed to be inde-
pendent across space. The submodel for single-visit count
data permits abundance estimation by integrating param-
eters related to abundance informed by the distance sam-
pling submodel (Figure 1). Below, we use t to index
transects to emphasize that the count data need not come
from the same transects as the distance sampling data
(indexed with i).

Counts: Observation model

Since the count data contain no information about the
detection process, detection probability must either be
borrowed from the distance sampling submodel (see
case study) or estimated with a latent detection func-
tion (Kéry et al., 2022). Borrowing detection probability
from the distance sampling submodel is only appropri-
ate if detection probability can be assumed to be con-
stant between data types and the maximum distance to
which animals are surveyed when count data are
known. If these assumptions are not met, the
model-based approach we describe here offers a flexible
approach to the common situation in which the obser-
vation process varies between data types. With this
approach, count data are viewed as latent
distance-sampling surveys in which distances are not
collected, but critical assumptions—like detectability
decaying over distance—still apply (Kéry et al., 2022).
Below, we use C superscripts to differentiate parameters
related to the count data from similar parameters in the
distance-sampling submodel. Detection probability πCks
within distance category k for species s is a half-normal
function of the distance category’s midpoint xk and scale
parameter τs, multiplied by each bin’s proportion of the
total width of the surveyed area PC

k :

πCks ¼ exp −
x2k
2τ2s

� �
× PC

k : ð12Þ

As in the distance-sampling submodel (Equation 2), we
describe the simplest case of the scale parameter τs
being modeled with only a species-specific intercept, γC0s:

ECOLOGY 5 of 16
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log τsð Þ¼ γC0s: ð13Þ

The species-level intercept γC0s is modeled as a draw from
a community-level distribution with hyperparameters μCγ0
and σCγ0 :

γC0s �Normal μCγ0 ,σ
C
γ0

� �
: ð14Þ

Detection probability for the whole transect, πCs , is the
sum of the detection probabilities for each distance
category:

πCs ¼
XK
k¼1

πCks: ð15Þ

Finally, the count cCst of species s at transect t is modeled
with a binomial distribution:

cCst �Binomial NC
st,π

C
s

� �
, ð16Þ

where NC
st is the latent abundance of species s at

transect t.

Counts: Latent abundance model

The latent abundance NC
st of species s at transect t is

modeled with a Poisson distribution:

NC
st � Poisson λstð Þ, ð17Þ

in which expected abundance λst is estimated via shared
parameters with the latent abundance component of the
distance-sampling submodel:

log λstð Þ¼ α0s + α1szt: ð18Þ

Note that the intercept α0s and covariate coefficient α1s
are shared with the distance-sampling submodel
(Equation 9). Thus, abundance for each surveyed transect
(via either distance sampling or counts) is estimated
using the shared information across both data sources.

Model assumptions

Our integrated community model makes several assump-
tions that are important to understand in its application.
First, the model makes the same assumptions as those
found in traditional distance-sampling models, namely,
that (1) animals are distributed uniformly in the surveyed

space, (2) detection probability equals one on the transect
(i.e., distance = 0), (3) individuals (or groups) are
detected at their original location, and (4) distances
are measured without error (Buckland et al., 2001;
Kéry & Royle, 2015). In addition, data are assumed to be
independent, both among spatial replicates within one
data source and across data sources. Practically speaking,
this assumption would be violated if neighboring tran-
sects “shared” animals—in the most extreme case, if all
the animals from Transect A moved to Transect B
between surveys. Next, the model assumes no errors in
species identifications (i.e., no false positives). Finally, an
important assumption is that shared parameters between
data sources (Figure 1) reflect commonalities in the obser-
vational and ecological processes. Parameters underpin-
ning abundance patterns—such as the intercepts and
slopes in the equation for expected abundance—are
shared and thus assumed to be the same between data
sources. This is akin to a closure assumption: unless a
model structure is added (e.g., covariates, overdispersion
parameters, or parameters for abundance losses and
gains), any changes in abundance between surveys violates
the assumption. Similarly, if using the simplest form of the
model in which detection probability is shared from the
distance-sampling submodel (see case study), detection
probability is assumed to be the same across the two
types of data.

Simulation study

We developed a simulation study to evaluate the perfor-
mance of the integrated community model. Our goal was
to assess inferences under the realistic scenario of having
greater amounts of count than distance-sampling data
and of differing observation processes between data
sources. We also compared the model’s performance to
alternative nonintegrated and single-species models.

We simulated communities of 15 species, choosing
data-generating parameter values that paralleled the case
study (see below). We designed the simulation such that
the distance-sampling and count data came from differ-
ent transects (indexed with i and t, respectively) within
the same domain, meaning that abundance patterns
(i.e., average abundances and abundance–covariate rela-
tionships) were identical between transects with the two
data sources. However, we simulated twice as much
count data (100 transects) as distance-sampling data
(50 transects) under the assumption that it was more
common to have more of the easier-to-collect count data
than the labor-intensive distance-sampling data. We simu-
lated the latent abundance of each species at a transect as
a draw from a Poisson distribution. We simulated λsi=t, the
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expected abundance for species s at transect i or
t (Equation 9), as a function of an intercept and one
covariate. We simulated species-specific intercepts (i.e.,
α0s in Equation 9) as Normal μα0 ¼ 0:87,σα0 ¼ 1:95

� �
.

Similarly, we drew each species’ covariate effect (α1s in
Equation 10) from a Normal μα1 ¼ 0:05,σα1 ¼ 0:25

� �
distri-

bution, meaning that species’ abundances tended to show
weak positive relationships with the simulated covariate
but with considerable variation (Appendix S1: Figure S1).

To simulate distance-sampling data, we first divided
the simulated true abundances of each species into ran-
domly sized groups to mimic the case study in which we
measured distances to groups of animals (rather than
individuals). We then randomly assigned distances up to
1000 m to each simulated group at distance sampling
transects i = 1,…,50. We simulated species’ scale param-
eter ωs (which governs how quickly detection decays
over distance; Equation 1) as a function of intercept γ0s
(Equation 2), which we drew from a
Normal μγ0 ¼ 5:5,σγ0 ¼ 0:25

� �
distribution. For reference,

with intercept γ0s ¼ 5:5, detection probability would be
0.59 at 250m and 0.12 at 500m (Appendix S1: Figure S2).
We simulated the detection of each group as a Bernoulli
trial with probability dependent on the distance to the
group and the species’ detection function (Appendix S1:
Figure S2). Finally, we computed the observed count for
a transect as the sum of the sizes of observed groups.

We simulated count data on transects t = 1, …, 100 in
the same way (thus treating single-visit counts as latent
distance sampling surveys) (Kéry et al., 2022), except
we drew the scale parameter’s intercept γ0s from a
Normal μγ0 ¼ 5:0,σγ0 ¼ 0:25

� �
distribution. For reference,

with intercept γ0s ¼ 5:0, the detection probability would
be 0.24 at 250m and 0.003 at 500m (Appendix S1:
Figure S2). Thus, the detection probability for the count
data tended to be lower than the distance-sampling data,
which may be common in unstructured or semistructured
monitoring in which generating count data is not the pri-
mary focus of data collection (Johnston et al., 2022).
Finally, we derived the observed count as the sum of the
sizes of observed groups and subsequently discarded the
distance observations. We treated the two data sources as
coming from transects of equal spatial extent (i.e., assum-
ing animals were counted within 1000m of transects for
both distance sampling and count data).

Additionally, we evaluated the following five alterna-
tive models that used a single data source and/or included
only one species: community distance sampling, commu-
nity count only, single-species integrated, single-species
distance sampling, and single-species count only (see
Appendix S2 for details on each of these). We used the
same parameter settings to simulate data for each of these
alternative models. For the single-species models, we only

ran models for the rarest (species observed at least once
with the lowest sum of observed counts) and most com-
mon species (species with the highest sum of observed
counts) in the simulated community, since rare species
may be sensitive to biases induced through shrinkage of
model estimates toward community averages (Harrison
et al., 2018).

We fit the models with Nimble (de Valpine
et al., 2017) through R (R Core Team, 2023), using three
Markov chain Monte Carlo (MCMC) chains run for
200,000 iterations, discarding the initial 100,000 as
burn-in and thinning by 100. Models would have con-
verged with fewer iterations (likely half the number
used), but we wished to be conservative, and runtimes
were short (~30 min) with the settings used. We used
Normal(0, 2) priors for abundance intercepts and covari-
ate coefficients, Exponential(1) priors for SD parameters,
and an uninformative Uniform(0,10) prior for the scale
parameter intercept in the detection function
(Appendix S1: Figure S3; McElreath, 2020). We ran 1000
replicate simulations for each model and considered

chains with convergence diagnostic bR <1.1 to have con-
verged (Brooks & Gelman, 1998). We assessed accuracy
by visualizing the distribution of absolute bias (x− x,
where x is the posterior mean for a parameter estimate
and x is the true value) and interpret relative bias across

replicates as 100
P

x− xP
jxj . We evaluated model precision by

calculating the coefficient of variation as s
jxj, where s is the

posterior SD of parameter estimate. Scripts to reproduce
the simulations are archived on Zenodo in Gilbert (2024).

Case study: Herbivores in Masai Mara
National Reserve

We applied the model to a community of 11 resident her-
bivore species (Table 1) from the Masai Mara National
Reserve in southwestern Kenya (Appendix S1: Figure S4;
henceforth “reserve”). Herbivore declines in the region
are associated with rising anthropogenic pressures, such
as livestock grazing and tourism, which vary in intensity
within the reserve (Green et al., 2019). The reserve is
unfenced, 1510 km2 in size, dominated by grassland,
and divided into two zones managed by different entities
(Appendix S1: Figure S4). The Mara Triangle is managed
by a not-for-profit that actively enforces rules restricting
grazing and poaching (Walpole & Leader-Williams, 2001).
In contrast, the Talek region is managed by local govern-
ment; similar laws restricting grazing and poaching exist
but are only passively enforced (Green et al., 2018, 2019).
The Talek region is also adjacent to Talek town
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(Appendix S1: Figure S4), an urban area that has grown in
recent decades, with concomitant increases in livestock
grazing and tourism (Green et al., 2019).

Distance-sampling data were collected from July 2012
to March 2014. We divided the area surveyed into 18 tran-
sects, each ~10 km (10.3 ± 1.0 km) in length; 13 were in
the Mara Triangle and five in the Talek region
(Appendix S1: Figure S4). Observers drove the transects
on three consecutive days every 4–6 weeks; transects in
the Mara Triangle were surveyed 16 times, while the
Talek transects were surveyed 13 times (with one transect
only surveyed on three occasions). Observers began driv-
ing transects at sunrise, counted groups of herbivores
within 1000 m of the transect, and measured their dis-
tance from a vehicle with a laser rangefinder (Nikon
Laser 1200). Conspecifics within 200 m of each other
were considered a single group. Observers recorded
19,240 groups during 288 surveys (18 transects × 16
repeated visits), ranging from a maximum of 5548 groups
(Thomson’s gazelle, Eudorcas thomsonii) to a minimum
of 147 groups (eland, Taurotragus oryx) per species. The
mean number of animals observed (Table 1) ranged from
a minimum of 3.4 (hartebeest, Alcelaphus buselaphus) to
a maximum of 261 (Thomson’s gazelle). In summary, the
distance sampling data provide (1) counts of each species
and (2) distance measurements to each group of animals
(Figure 1, Appendix S1: Figure S5). We binned the dis-
tance measurements into 40 distance bands, each 25 m in
width.

Count data came from a long-term (since 1988) but
less intensive (no distance measurements) monitoring
program in the reserve (Appendix S1: Figure S4; Green
et al., 2019). We used count data that overlapped with the

2-year timeframe of distance sampling to ensure that spe-
cies’ abundances and detectability were comparable
between data sources. Observers surveyed nine transects
~3 km (3.4 ± 1.2 km) in length: six were in the Mara
Triangle and three in the Talek region (Appendix S1:
Figure S4). Observers drove the transects biweekly for a
total of 294 surveys (the number of surveys ranged from
27 to 36 per transect) between sunrise and 10:00 h and
counted the total number of herbivores within 100 m of
the transect (Boydston et al., 2003; Green et al., 2019).
Mean counts across surveys ranged from 0.1 (giraffe,
Giraffa camelopardalis) to 29.7 (Thomson’s gazelle;
Table 1). In summary, the count data provide
species-specific herbivore counts per transect with no
accompanying distance measurements. While the same
transects were surveyed multiple times, populations were
not closed between repeated surveys (since animals could
move during the 2-week periods between surveys), thereby
making application of N-mixture models inadvisable (Link
et al., 2018; Royle, 2004).

We made several adjustments to the model for the
case study (Appendix S1: Figure S5). Since the
distance-sampling and count data were collected within
the same area by the same observers using a similar
methodology and the maximum distance to which ani-
mals were surveyed for the counts was known, we used
the simplest form of the model in which detection proba-
bility is shared from the distance-sampling submodel to
the count submodel, which assumes that detection proba-
bilities are equal between the two data types
(Appendix S1: Figure S5). Next, anticipating that
larger-bodied species would be more detectable over
greater distances, we included average species-specific

TAB L E 1 The 11 species of herbivores from the case study in the Masai Mara National Reserve, Kenya.

Common name Scientific name Distance sampling Counts

African buffalo Syncerus caffer 46.1 ± 118.0 2.5 ± 17.4

Eland Taurotragus oryx 4.8 ± 16.9 0.2 ± 1.7

Elephant Loxodonta africana 16.7 ± 30.4 0.5 ± 2.2

Giraffe Giraffa camelopardalis 6.6 ± 8.8 0.1 ± 1.0

Grant’s gazelle Nanger granti 6.2 ± 17.1 0.7 ± 2.2

Hartebeest Alcelaphus buselaphus 3.4 ± 7.6 0.3 ± 1.5

Impala Aepyceros melampus 142.0 ± 206.0 7.0 ± 17.4

Thomson’s gazelle Eudorcas thomsonii 261.0 ± 526.0 29.7 ± 60.7

Topi Damaliscus lunatus 158 ± 223.0 13.7 ± 31.9

Warthog Phacochoerus africanus 19.9 ± 27.1 1.6 ± 3.1

Waterbuck Kobus ellipsiprymnus 9.4 ± 26.4 1.5 ± 6.6

Note: The distance sampling column reports the mean and SD of counts from distance sampling surveys, while the counts column shows the mean and SD of

the counts from single-visit counts. The difference in magnitude between data types is because transects for the single-visit counts were ~3.4% of the area of the
transects for distance sampling.
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body mass MASSs from the PanTHERIA database (Jones
et al., 2009) as a covariate in the scale parameter regres-
sion within the detection function (Equation 19). In addi-
tion, expecting differences in detection probability between
regions due to the taller vegetation in the Mara Triangle,
we allowed intercepts to vary between regions, indexed
with r (1=Mara Triangle, 2=Talek):

log ωsrð Þ¼ γ0sr + γ1MASSs: ð19Þ

We drew species-level intercepts from community-level
distributions for each of the two regions:

γ0sr �Normal μγ0r ,σγ0r
� �

: ð20Þ

Since the count data showed evidence of overdispersion
(Table 1), we modeled latent abundance with a
Poisson–gamma mixture rather than a Poisson distribu-
tion. Furthermore, since the same transects were sur-
veyed multiple times, we included an index for visit h in
addition to species s and transect i (distance sampling) or
t (counts) for the latent abundance. We allowed the
overdispersion parameter ρ to take on unique values for
each transect–visit combination, thereby accommodating
variation in latent abundance between repeated visits
(e.g., due to the movement of animals in and out of tran-
sects). Thus, for example, we modeled latent abundance
at distance sampling transects as

ND
sih �Poisson ρsihλsið Þ, ð21Þ

where ρsih is an overdispersion parameter drawn from
species-specific gamma distributions (modeled indepen-
dently by species, i.e., not drawn from a community-level
distribution) with shape and scale hyperparameters ζs:

ρsih �Gamma ζs,ζsð Þ: ð22Þ

Hyperparameter ζs requires a prior distribution; we chose
a weakly informative Gamma(4, 2) prior. Because ani-
mals were counted within 1000m of transects for dis-
tance sampling but within only 100m for counts, we
calculated separate bin-level detection probabilities for
the two data sources because the 25-m bins represented
0.025 and 0.25 of the total width surveyed for distance
sampling and count data, respectively (Equation 1). We
subsequently calculated a separate transect-level detec-
tion probability πCs for the count data by summing the
bin-level detection probabilities for only the first four
bins, rather than all 40 (Equation 4), since animals were
counted to only 100m (i.e., four 25-m-wide bins). Next,
we updated the log-linear regression for expected

abundance such that the intercept was indexed by region
r (1=Mara Triangle, 2=Talek). Species’ intercepts
for the individual regions were drawn from a
community-level distribution specific to each region. We
also included area offsets Ai since transects were of differ-
ing lengths:

log λsið Þ¼ α0sr i½ � + log Aið Þ, ð23Þ

α0sr �Normal μα0r ,σα0r
� �

: ð24Þ

To understand the differences in abundance between
the two regions, we computed the differences bet-
ween intercepts for the two regions as derived variables,
for example, exp αs2ð Þ− exp αs1ð Þ. We fit the model with
Nimble (de Valpine et al., 2017) through R (R Core
Team, 2023) using three MCMC chains run for 900,000
iterations, discarding the initial 300,000 iterations as
burn-in and thinning by 200. As in the simulation study,
we used standard weakly informative priors for model
parameters (McElreath, 2020). To ensure that the
model had converged, we inspected parameter traceplots
and checked that the convergence diagnostic bR was <1.1
(Brooks & Gelman, 1998). We report posterior means and
95% credible intervals (95% CI) for parameters in the case
study results below. Data and code are archived on
Zenodo in Gilbert (2024).

RESULTS

Simulation

The integrated community model provided unbiased esti-
mates of species-level parameters even when detection
probabilities varied between data types (Figure 2). Across
species, relative bias was less than 5% for the abundance
intercept and slope parameters, the scale parameter inter-
cepts for the distance-sampling and count detection func-
tions, and latent abundance at distance-sampling and
count sites (Figure 2, Appendix S1: Table S2). Model esti-
mates of community-level parameters were somewhat
less accurate (probably because the simulated communi-
ties were relatively small, i.e., 15 species); for example,
relative bias for σα1 , or the SD among species-level abun-
dance slopes, was 15.35%, while absolute bias was 0.04
(Appendix S1: Tables S2 and S3).

The integrated community model tended to provide
more accurate and more precise estimates of model
parameters compared to alternative single-species and
single-data-source models (Figure 3, Appendix S1:
Tables S2–S4, Figures S6 and S7). These improvements
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were particularly apparent for rare species (Figure 3,
Appendix S1: Figure S7). For example, relative bias for
the abundance intercept of rare species was −6.65%
for the integrated community model but −36.66% for the
integrated single-species model (Appendix S1: Table S2,
Figure S6). Similarly, the mean coefficient of variation for
the abundance intercept of rare species was 0.43 for the
integrated community model but 0.48 for the community
distance-sampling model (Appendix S1: Table S4,
Figure S7). Models containing only count data performed
poorly (Figure 3), in many cases not converging; for exam-
ple, 100% of the replicate simulations had at least one
parameter that did not converge for the community
count-only model, and 51.3% of parameters across

replicates did not converge (Appendix S1: Table S5). Thus,
results for count-only models should be interpreted
with caution; for example, while the community
count-only model gave the most precise estimates of
the abundance intercept for rare species (Appendix S1:
Figure S7), these estimates showed extreme negative
bias (Figure 3). For reference, 13.9% of the inte-
grated community model replicate simulations had at
least one unconverged parameter, while only 1.5e−04

(i.e., 163 out of 2.318 million) parameters across all
simulations did not meet the convergence threshold
(Appendix S1: Table S5). All parameters that had con-
vergence problems were latent abundance variables at
either distance-sampling (ND

si) or count (NC
st) transects

F I GURE 2 Distribution of absolute bias for selected parameters across 1000 replicate simulations for the integrated community model

fit to distance sampling data from 50 sites and count data from 100 sites and with lower detection probability for count data on average

(Appendix S1: Figure S2). The model provides unbiased estimates of parameters even when detection probability varies between data types;

the annotations show relative bias aggregated across replicates and species.
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and would have likely converged if run for more itera-
tions (maximum bR¼ 1:22).

Case study: Herbivores in Masai Mara
National Reserve

Most species (eight out of 11) showed abundance differ-
ences between the two regions with differing man-
agement regimes (Figure 4). Thomson’s gazelle, topi
(Damaliscus lunatus), and Grant’s gazelle (Nanger granti)

showed higher abundances on average in the Talek
region, which experiences higher levels of human influ-
ence and only passive enforcement of grazing and
poaching restrictions (Figure 4). In contrast, impala
(Aepyceros melampus), buffalo (Syncerus caffer), waterbuck
(Kobus ellipsiprymnus), warthog (Phacochoerus africanus),
and elephant (Loxodonta africana) were more abundant in
the Mara Triangle, where there is active conservation
enforcement (Figure 4). Average community-level abun-
dance was slightly higher (but not definitively so) in the
Mara Triangle (0.20 more animals; 95% CI: 1.43 fewer

F I GURE 3 Absolute bias of integrated community model relative to five alternative single-species and single-data-source models for

rare (dark blue) and common (light blue; most are too narrow to see immediately) species. Boxplots show distributions (over 1000 replicate

simulations) of the difference between the posterior mean and the true value (dashed red line indicates a difference of zero, i.e., a perfect

estimate). Note that certain parameters are not estimated in some of the alternative models; for example, the models containing only

distance-sampling data do not estimate a detection intercept for the count submodel.
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animals, 1.86 more animals). Additionally, the community
average for abundance was more uncertain for Talek,
likely because of the greater variation in abundance
among species compared to the Mara Triangle (Figure 4).
Beyond these between-region generalizations, most species
showed considerable variation in abundance among tran-
sects within regions and between surveys on individual
transects (Appendix S1: Figures S8 and S9).

Species had higher detectability in the Talek region
than in the Mara Triangle; for example, the community
average of detection probability at 500 m was 0.19 [95%
CI: 0.12, 0.28] in Talek but only 0.07 [95% CI: 0.03, 0.12]
in the Mara Triangle. The detectability of larger species
decayed more gradually over distance compared to
smaller species; the effect of body mass on the detection
function scale parameter was estimated to be 0.16 [95%
CI: 0.07, 0.24]. For context, this relationship implies that,
at 500 m, the smallest species would have detection prob-
abilities of 0.02 [95% CI: 0.00, 0.05] and 0.08 [95% CI:
0.03, 0.15] in Mara and Talek, respectively, while the
largest species would have detection probabilities of 0.23
[95% CI: 0.10, 0.37] in Mara and 0.41 [95% CI: 0.26, 0.57]
in Talek. Average transect-level detection probability πs
for the distance-sampling data ranged from 0.160 [95%
CI: 0.156, 0.165] for Thomson’s gazelle in the Mara
Triangle to 0.45 [95% CI: 0.36, 0.59] for waterbuck in the
Talek region. Transect-level detection probability for

the count data was considerably higher (since animals
were surveyed to only 100m); for example, count detec-
tion probability was 0.91 [95% CI: 0.90, 0.91] for
Thomson’s gazelle in the Mara Triangle and 0.99 [95%
CI: 0.98, 0.99] for waterbuck in the Talek region.

DISCUSSION

Our integrated community model combines distance-
sampling and single-visit count data for multiple species,
bringing together the respective benefits of hierarchical
community modeling and data integration. Simulations
showed that the integrated community model gives unbi-
ased estimates of abundance and detection parameters
under the realistic scenario of having larger amounts of
count data than distance-sampling data and when the two
data types differ in the way they are observed. Simulations
also demonstrated that data integration generally
increases precision of modeled quantities (by effectively
increasing the sample size) and that integrated commu-
nity models offer greater precision gains than integrated
single-species models (Figure 3, Appendix S1: Table S4,
Figure S7). Finally, simulations also suggested that the
integrated community model can improve the accuracy of
parameter estimates for rare species, especially intercepts
for abundance and the latent detection function within

F I GURE 4 Average abundance (log scale) of herbivores within each region. Points and bars show means and 95% credible intervals for

species’ abundance estimates. The vertical lines and shaded rectangles show the means and 95% credible intervals for the community

average of abundance. Species accompanied by an asterisk show between-region differences in abundance with 95% probability; the color of

the asterisk denotes the region in which abundance is greater.
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the count submodel (Figure 3). In real-world applications,
biases may arise because the model shares abundance
parameters between submodels for each data source
(Figure 1), meaning that the model assumes that abun-
dance patterns are comparable within the areas sampled
by the two data sources (or that major differences can be
described with covariates).

Under what circumstances is data integration for
communities appropriate? Given the assumption of
shared abundance parameters between data sources, we
recommend applying the model to data sets that sample
shared abundance patterns, such as data collected from
overlapping or similar regions and time spans (Fink
et al., 2010; Pease et al., 2022; Rollinson et al., 2021).
While integrating data for overlapping locations and time
periods might raise concerns about nonindependence
between data sources, previous studies (focusing on inte-
grated population models) have found few ramifications
of dependence between data sources (Abadi et al., 2010;
Weegman et al., 2021). In the case study, the distance
sampling and count transects overlapped (Appendix S1:
Figure S4), which provides confidence that abundance
patterns sampled by the two data sources were similar. In
contrast, it would be inadvisable to integrate distance
sampling data (e.g., avian point transects) with counts
(e.g., eBird data) from completely disparate regions,
when underlying abundance patterns (i.e., parameters
within Equations 9 and 18, and their corresponding
hyperparameters) have major differences that are not
modeled. Similarly, in the case study, we restricted analy-
sis to the 2 years during which distance sampling data
were collected. While the count data stretch back to the
late 1980s, estimating abundance over many years of
sampling might be challenging since average abundances
of some species have likely shifted over 30 years with
increasing levels of human disturbance in the Talek
region (Green et al., 2019). We also used the simplest
form of the model, which assumes shared detection pro-
cesses between data sources; since both data sources were
collected by the same field biologists using a similar
methodology (driving transects) and surveying to a
known distance (out to 100 m), this assumption seems
reasonable. In contrast, the separate-detection form of
the model is preferable for most data integration scenar-
ios because count and distance-sampling data are likely
to be collected differently (e.g., by different observers, or
maximum distances to which animals are surveyed for
counts might be unknown). A final consideration is how
to define the focal community (Pacifici et al., 2014).
Defining the community should follow study objectives
(Pacifici et al., 2014), particularly with regard to
community-level parameters (Figure 1). Grouping species
with different life histories may impair interpretation of

community-level parameters. For example, in the case
study, we omitted hippo (Hippopotamus amphibius) due
to its preference for aquatic habitats, which are unlike
the habitats preferred by the other herbivores considered.

The case study highlights how the integrated commu-
nity model can be used to estimate abundance underlying
both distance-sampling and single-visit count data, the
latter of which contain no information about detection
probability (Appendix S1: Figures S8 and S9). Variation
in herbivore abundance between the two regions with
differing management regimes seemed to be associated
with the species’ sizes (Figure 4). Smaller-bodied taxa like
Grant’s and Thomson’s gazelles were more abundant in
the Talek region (higher anthropogenic disturbance),
while larger-bodied species like elephant and buffalo
were more abundant in the Mara Triangle (less distur-
bance due to active conservation enforcement). Three
(non-mutually-exclusive) mechanisms may have contrib-
uted to this pattern. First, grazing produces short,
high-productivity forage preferred by small herbivores
(especially gazelles) while reducing resources for larger
species such as elephants that require large amounts of
forage (Estes, 1991). Second, the greater presence
of humans in the Talek region may create a “human
shield” for smaller herbivores from disturbance-sensitive
predators, which prefer to prey upon smaller herbivores
rather than large ones (Berger, 2007; Farr et al., 2019;
Steyaert et al., 2016). Third, larger herbivores may experi-
ence higher levels of persecution by humans due to the
destruction of crops or perceived competition for forage
(Hoare, 1999; Teixeira et al., 2021). Regardless of the
mechanism, our integrated community model permits
inference for both species-specific and community-level
responses to management regime (Figure 4).

Integrated community modeling is a promising innova-
tion in the evolution of quantitative methods for biodiver-
sity data (Zipkin et al., 2023). This framework combines
the respective advantages of integrated and community
modeling, allowing researchers to leverage multiple
sources of information for multiple species within a
streamlined model. The framework we present here inte-
grates distance-sampling and single-visit count data for
communities. Distance sampling is a wildlife monitoring
staple (e.g., Buckland et al.’s [2001] distance-sampling book
has >6000 citations as of 2023) and is applied in many sys-
tems, including avian point counts (Sillett et al., 2012),
aerial surveys of large mammals (Schmidt et al., 2012), and
transect counts of insects (Moranz et al., 2012). Our model
can be used for any of these distance-sampling applica-
tions, although minor adaptations are required for use with
point—rather than line—transects (Kéry & Royle, 2015).
Single-visit counts are an even more common type of data
and often come from volunteer-science programs like
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eBird (Johnston et al., 2021). Counts have the advantage of
being relatively easy to collect, potentially over broad spa-
tiotemporal scales or for many species. However, such
counts have a disadvantage: They cannot provide inference
on abundance since they contain no information on the
observation process. Researchers with single-visit count
data could collect distance-sampling data with which to
“inoculate” the count data to estimate detection probability
via our model. If meeting assumptions about shared abun-
dance patterns between data sets is not feasible, users
might build model structure (e.g., random effects or
covariates) to account for differences in abundance pat-
terns between data sources. In summary, our approach
using these two common data sources in biodiversity moni-
toring will likely soon be joined by additional integrated
community models that include other data sources. We
believe such models will see application in many biological
systems and play an important role in quantifying biodiver-
sity patterns and trends in light of ecology’s data
revolution.
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