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A multistate dynamic occupancy model to estimate local
colonization-extinction rates and patterns of co-occurrence
between two or more interacting species
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2Dapper Stats, Portland, Oregon 1. Although ecology is rife with theory that explores how multiple species co-occur
through space and time, the field lacks robust statistical models to parameterize
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are collected across multiple sampling occasions. This model estimates how com-

Handling Editor: Robert B. O'Hara munity composition at a site may change across sampling occasions by assuming
the latent occupancy state is a categorical random variable. We used a multino-
mial-logit model to parameterize species specific parameters and pairwise inter-
actions between species, both of which can be made a function of covariates.
These transition probabilities between community states can then be converted
to occupancy or co-occurrence probabilities to determine how community com-
position varies along an environmental gradient or through time.

3. As an example, we estimate patterns of co-occurrence between coyote Canis la-
trans, Virginia opossum Didelphis virginiana, and raccoon Procyon lotor in Chicago,
Illinois, USA with data from a multiyear camera trapping study. Models with pair-
wise interactions between species greatly out performed models that assumed
independence between species. Opossum and raccoon, for example, were far less
likely to go extinct in habitat patches where coyotes were present.

4., Community composition at a site depends on species interactions and the local
environment. Our model can separate such effects by estimating the underlying
processes that define species occurrence patterns. As a result, our model can
more explicitly quantify a wide range of ecological dynamics and therefore be
used to empirically test ecological theory, such as estimating priority effects at a
site or turnover rates between species, both of which can be made to vary as a

function of covariates.
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1 | INTRODUCTION

Many ecological investigations focus on patterns of species occu-
pancy rather than abundance, as occupancy-based sampling designs
require less effort and are well-suited to answer questions about
species distributions (MacArthur & Wilson, 1967), metapopulation
(Levins, 1969) or metacommunity dynamics (Holyoak, Leibold, &
Holt, 2005), and species invasions (Elton, 1958). However, providing
robust estimates of species occupancy patterns requires correctly
partitioning observed variation between underlying ecological and
observational processes. Estimated occupancy probabilities can be
highly biased when observational error or sampling design are not
properly addressed in a model (MacKenzie et al., 2002). Indeed, the
realization of ecologists’ fallibility and the impact this may have on
our inferential capacity has been a motivating force in the devel-
opment of statistical methods that account for observational error
(MacKenzie, Royle, Pollock, Bailey, & Hines, 2006).

Among the statistical techniques that correct for species de-
tectability, the patch occupancy modelling framework developed
by MacKenzie et al. (2002) has proven to be an effective technique
to understand and model species distributions (Bailey, MacKenzie,
& Nichols, 2014; hereafter referred to as occupancy models). Since
their introduction over 15 years ago (MacKenzie et al., 2002), occu-
pancy models have been developed to incorporate multiple seasons
(MacKenzie et al., 2006), patterns of co-occurrence for any num-
ber of species within a single season (Rota, Ferreira, et al., 2016),
patterns of co-occurrence for a dominant and subordinate species
across multiple seasons (MacKenzie et al., 2006), and dynamic pro-
cesses for entire communities through the inclusion of continuous
and discrete covariates (Dorazio, Kery, Royle, & Plattner, 2010).
These models produce robust likelihood estimates, facilitating the
testing of hypotheses on species occupancy or colonization-extinc-
tion dynamics, all while accounting for the vagaries of sampling.

Although Rota, Ferreira, et al. (2016) developed an occupancy
model to test how species interactions and features of the physical
environment influence species occupancy for 22 species, their model
lacks the ability to estimate these factors across multiple primary
sampling periods (i.e., through time). This is unfortunate as many re-
introduction programmes, biodiversity surveys, and metapopulation
studies monitor the occupancy status of species at sites for multiple
years to quantify temporal changes in species’ distributions or their
colonization-extinction dynamics (Broms, Hooten, Johnson, Altwegg,
& Conquest, 2016; Fidino & Magle, 2017). Furthermore, while mod-
els exist that can estimate the impact one species may have on an-
other’s colonization or extinction rate they either lack the ability
to include continuous covariates (Miller, Brehme, Hines, Nichols, &
Fisher, 2012), can only estimate dominant-subordinate interactions
(Jones & Kroll, 2016), or can only be fit to two species (Chambert
et al., 2018; Yackulic et al., 2014). As patch colonization and extinc-
tion are the processes that define a species’ occupancy pattern across
a landscape there is a clear need to develop a class of model that can
estimate how interspecific interactions and changes in the local envi-
ronment influence local colonization and extinction rates.

Here, we introduce a multivariate occupancy model for the
analysis of potentially interacting species when data are collected
across multiple seasons. Similar to Rota, Ferreira, et al. (2016), our
model assumes that the partially observed true occupancy state
is a multivariate Bernoulli random variable. We further generalize
this framework so that data collected at locations across multiple
sampling periods can be used to estimate species local colonization
and extinction probabilities. After introducing our model, we use it
to estimate co-occurrence patterns between coyote Canis latrans,
Virginia opossum Didelphis virginiana, hereafter opossum, and rac-
coon Procyon lotor with data from a large-scale long-term camera
trapping study of medium to large mammals in Chicago, lllinois, USA.
Overall, our model is a robust and general way to estimate patterns
of co-occurrence and interspecific associations between species

across space and time.

2 | MATERIALS AND METHODS

2.1 | Sampling protocol and data structure

The sampling protocol for our dynamic co-occurrence model
(DCOM) is similar to the multiple-season protocol developed by
MacKenzie et al. (2006) where k in 1, ..., K sampling locations (i.e.,
sites) are randomly selected within an area of interest and each site
is surveyed over t in 1, ..., T sampling occasions (hereafter seasons).
Within each season jin 1, ..., J repeat surveys occur wherein detec-
tion/nondetection data of | species across sites are recorded. Like
the multiple-season protocol, we assume closure within a single sea-
son (i.e., the occupancy status of species i at a site does not change
across the J repeat surveys conducted during season t).

This sampling protocol allows for the estimation of local coloniza-
tion and extinction events that occur between seasons which could
vary via local habitat covariates or the presence of other species.
We define colonization as the probability that a species occupies a
site at time t that it did not at t — 1 and extinction as the probability
that a species is absent from a site at time t that it occupied at t - 1.
To model changes in community composition through time we devi-
ate from how these data are represented in the classic multi-season
sampling protocol to use the Categorical distribution, an alternative
parameterization of the multivariate Bernoulli distribution (Robert,
2014). Detections (y,y; = 1) and nondetections (y,,; = 0) are typi-
cally modelled as Bernoulli trials of the underlying occupancy state,
Yiktj|Zie ~ Bernoulli(p,,zy.), where py;is the conditional probability of
detecting species i at site k during season t on survey j and z, is the
true occupancy state of speciesi at site k during season t. Instead, we
denote the 2! possible combinations of species observed on a single
survey as rin 1, ..., R community states. Two species, A and B, have
R =4 possible community states at a site: unoccupied (U), species
A (A), species B (B), and both species (AB). These community states
can be represented as the vector [1, 2, 3, 4] and the probability of
transitioning from one state to the next between seasons can be
estimated. For tractability, we describe this model for two species
but it can be generalized to 3 or more species as seen in our example.
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2.2 | The dynamic co-occurrence model

For ease of presentation, we assume that occupancy (y), coloniza-
tion (y), extinction (), and detection (p) probabilities are constant
across time, surveys, and sites. Let z,; denote the true community
state at site k on time t, which could take one of R =4 states for
two species. We assume that z,; depends on the community state
at time t - 1 and a mixture of local colonization and extinction rates.
Because there is no information on the community state at a site
before sampling begins we model the latent community state at time

t = 1 as the following Categorical random variable:

state from one time step to the next. If each transition is estimated
separately in ¢ then R x R parameters must be estimated from the
data. However, varying constraints may be used to represent differ-
ent ecological hypotheses or reduce the number of estimated pa-
rameters (MacKenzie et al., 2006). In this two species example we
model transitions between community states, or columns of ¢, with
eight parameters (Table 1).

Different combinations of the parameters in Table 1 generate the
component rates of ¢ that describe how the local community transi-

tions between the R states:

From state
Ly 2(a) 3] 4[aB)
[ A=) APl (1=~ A1P)e? elPeblA |
b= g wg | 7B (L—eh(1—yBH)  gABE (1-cAmerls |
e AYPA (o AB) 1By AR Pl
4am 74P (1—ef)yP P —ef)  (1-eMP)(a P |

7)1 ~ Categorical(y),

(1)

where w is a vector of length R that contains the probability
Zj4_q is in each of the R community states such that Zle v, =1
To do so, R-1 of these state probabilities are estimated
independently while one is obtained through subtraction (e.g.,
v =[(1 —Yy — Y3 — lI/4)le/2le/3vll/4])-

Following the first season, the community state at a site can ei-
ther stay the same or transition to a new community state in the
following season. Assuming that transitions between states are
conditional on the community state in the previous time step we
can store these transition probabilities in square R x R community
transition matrix (¢) whose columns sum to 1. Similar to Miller et al.
(2012), the matrix ¢p contains the component rates that describe the

probability a community moves between states or stays in the same

TABLE 1 Probabilities used to estimate

In Equation 2, we assume a species colonization and extinction
rate depends on the presence or absence of other potentially inter-
acting species in the previous time step. This parameterization can
be used to test a variety of ecological hypotheses. For example, the
impact that one or multiple species in a habitat patch has on the likeli-
hood of other species colonizing that patch (i.e., priority effects) could
be estimated from the posteriors of a Bayesian analysis as P(y* > yAIB)
or P(yB > yBIA) for inhibitory effects and P(y* <y*!B) or P(yB < yBIA) for
facilitative effects. Additionally, while Equation 2 assumes the prob-
ability one species replaces another (i.e., turnover rates) are either
AyBAor yABB it may be of interest to estimate these rates separately
when modelling the spread of an invasive species (MacKenzie et al.,
2006). Equation 2 also illustrates the primary motivation for describ-
ing community states numerically as the community state at time

t — 1indexes which column of ¢ is used to estimate the state at time t:

Verbal description
The colonization probability for species A given species B absence at timet - 1
The colonization probability for species B given species A absence at timet - 1

The colonization probability for species A given species B presence at time

The colonization probability for species B given species A presence at time

The extinction probability for species A given species B absence at timet - 1
The extinction probability for species B given species A absence at timet - 1

The extinction probability for species A given species B presence at timet - 1

. Parameter
changes between community states
through time in a two species dynamic A
co-occurrence model /B
/A8
t-1
/BlA
t-1
EA
B
£AB
BIA

The extinction probability for species B given species A presence at time t - 1
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Zy¢|z¢_1,v,€ ~ Categorical(¢, )fort=2,...,T. (3)

Here ¢,  is a vector of R transition probabilities from column z;_,
of ¢. The partially observed process model that estimates the true
community state, z, is linked to the observed data, Vit through a

detection model:

Vil Zie ~ Categorical()»zkt) (4)

where 2, is column z, of an R x R community detection matrix (A)
whose columns sum to 1. The elements in A contain the probability

of detecting each state given the true state:

We have set the first probability, w,, as a reference category (i.e.,
ﬂ;(’“ = 0). Calculating the reference outcome in this way is identical
to obtaining it through subtraction. For Equation 7, x, is a vector
of habitat covariates measured at site k whereas a,, a3, and a, are
conformable parameter vectors, including the intercept. To accom-
modate the intercept, the first element of x, must be 1. For ease of
exposition x, has the same dimensions and values within Equation 7
but this is not a requirement. Different covariates could be used for

each probability.

True state
Ly 2[a) 3] 4ap)
g o [ 1 (=pY) (107 (- p )1 P
A= Z o | 0 0 pAIB(1 - pBlA) (5)
95 3w | O 0 p” (1—pHB)pBia
é das | O 0 0 pAIB pBIA |

Here p* and p*B are respectively the probabilities of detecting spe-
cies A given the absence (") or presence (p*B) of species B, while
o8 and pBlA are the probabilities of detecting species B given the ab-
sence (pB) or presence (pB4) of species A. If detection probabilities
are thought to be independent of the presence or absence of other

species, p*B and pBA can simply be exchanged with p* and p5.

2.3 | Including covariates

The presence of one species at a site is not likely the sole factor influenc-
ing the presence of another species. Local environmental characteristics
may also be important predictors of the presence of wildlife. Likewise,
the influence one species may have on another could vary across envi-
ronmental gradients (LaManna, Hemenway, Boccadori, & Martin, 2015)
or habitat types (Atuo & O’Connell, 2017). Covariate information of this
type can be included in any of the parameters of this DCOM.

(2016), the R community state
probabilities at site k and time t = 1 (Equation 1) are modelled as a

Following Rota, Ferreira, et al.

function of covariates with the multinomial-logit link:

vl == 1+exp<ﬂf2)+exp(ﬂi”31>+exp(”sz”’fa*”k“)
v == 1+exp<ﬂf2)+expe(:i2()ﬁ52xp (B2 +° +8)
(6)
v =wi= 1+exp(ﬂf2)+ex§:i2()ﬁfzxp“’:2*”fﬁ s
29yt eXp(BL2 + 63 +4)

1+EXP(g;2) +EXP(5, )+ EXPIB, % + 5,2 +5,%)

where f, are site-level logit-linear predictors of the R states
B =exp(0)=1
ﬂ —XT
BE=X 3

B =xj

The remaining parameters in Equation 7 can be best under-
stood by determining the number of species they are associated
with, which Dai, Ding, and Wahba (2013) define as the 'order’ of a
parameter. For S species and order level O there are (2) parameters
of that order. With two species, Equation 7 has two 1st order oc-
cupancy parameters, ﬁ,‘("z and ¥°, which represent the log odds that
species A and B occupy site k in the absence of one another. %“, a
2nd order parameter, is the difference in log odds when both spe-
cies are present compared to when one species is present at a site.
Therefore, 2nd order parameters are associated with the probabil-
ity that two species occur together via Equation 6. A three species
system would have three 1st order parameters (A, B, C), three 2nd
order parameters (AB, BC, AC), and one 3rd order parameter (ABC).
Setting 2nd or higher order parameters equal to zero is equiva-
lent to assuming independence between pairwise or higher order
groups. For example, if ﬂ“"‘ is set to zero in Equation 7, the model
assumes species A and B are independently distributed.

As with the first season, each probability within Equation 2 can
may be made a function of covariates and the order of each parameter
can be determined. To do so, we generate logit-linear predictors for

each parameter:

AT BT

ﬂk _xkbA ﬁk =X, 8a8
vE T yBA _ T

ﬂk _xka ﬁk =X, 3piA
A _ T AIB
ﬁk —xde ﬁk

B_ T BA _ T
ﬁli _xkdB ﬁ,i _xkhB\A

— !
—thA|B

where x, denotes a vector of habitat covariates while b, d, g and h
are coefficients that describe each species colonization-extinction
rates in the presence (g and h) or absence (b and d) of one another.
These logit-linear predictors are then combined and exponentiated
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to represent the numerator of the multinomial-logit link for each

transition probability:

v 2(a)
A
11y 1 exp(f;, )
’YA
2[a) exp(ﬁk ) 1
(&)
Wy = E .
b A
5 B B +B6 +
Bl 3w exp(ﬂk ) €xp ~BlA
k
A B B B|A
diam) | exp(B, +06 ) exp(B] +5 )

Note that transitions with 2nd order parameters include 1st order
parameters. For example, the log odds species A colonizes a site that
had species B in the last time step is ﬂ,fA + ﬁ:A‘B. Using the coefficients
in Equation 8, this would be x[ by + x/8xs. Given this parameteriza-
tion, ga g denotes the logit-scale difference in species A colonization
rate given the presence of species B. If g5 = 0, then yf'B = y;‘ and the
presence of species B does not influence species A colonization rate.
Dividing each element of w by its respective column sum completes
the multinomial-logit link function, converts each transition to a prob-
ability between 0 and 1, ensures that the columns sum to 1, and re-
sultsin an R x R community transition matrix for each site, or ¢,. Note
that the diagonal of the matrix in Equation 9 (i.e., the probability that a
site remains in the same state) is set as reference categories. For more
information on how Equation 9 relates to the community transition
matrix in Equation 2 see supplemental material.

A near identical process can be used to include covariates for site
and/or survey-specific detection probabilities:

True state

The definitions for covariates (v) and parameter vectors (I and

m) are the same as in Equation 8 except they (a) describe the logit

From state
3[B) 4iaB)
A A|B T
. g+ B+
exp(3 ) exXp 5 5la
Br + Bk

)

A4 L AIB
Pe + 0k +> exp(B2” + 62"

A|B

)

1 exp(3" + 65

A A|B
exp(B +8 ) 1

probability of detecting each species given the true community state
and (b) include covariates that vary by site and sampling occasion.
Just as Equations 10 and 11 illustrate how survey specific covariates
can be included, temporally varying covariates may be added to ¢ or
A in the same way. Doing so would result in an R x R transition matrix
for each site and season of the latent state (¢,) and an R x R detec-

tion matrix for each site, season, and survey (Mtj)-

2.4 | Deriving occupancy probabilities from the
transition probability matrix

Each element in ¢ represents the probability a community transi-
tions from one state to another and ¢ does not contain absorbing
states (i.e., states that, once entered, cannot be left). Therefore, ¢
is an irreducible stochastic matrix and it is possible to derive a sta-
tionary probability vector é of length R that describes the expected

A|B

(10)

L) 2a) 3(p] 4aB]
g B! 1 1 1
Ci= % 2 | O en(®) 0 exp(5f, + ")
S [0 0 en(8)) exp(3f) + 30"
S o 00 0 exp(Bl + 8+ 8L +60) |

Unlike Equation 9, we have set the observed state U as the refer-
ence category as it is the only observable state that can occur across
all true community states. Equation 10 results in a R x R matrix for
each site and survey, or 4,;, which therefore requires the following
linear predictors:

By =Vl
By =Vis
5"

BIA
o _ T
B =ViMga

—yT
_ijmA\B

(11)

occupancy probability of each community state by solving the equa-
tion § = 6¢p where 26 = 1. Ecologically, é is the expected probability
of observing each community state given the estimated coloniza-
tion-extinction rates. As with Rota, Ferreira, et al. (2016), marginal
occupancy probabilities for each species can be derived from é§ by
summing together each state a species is part of. For example, with
two species, P(z = A) = 65 + 4

The stationary probability vector § can also be made a func-

tion of covariates (e.g., §,) so long as they are incorporated into the
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transition matrix through Equation 9. Furthermore, under a Bayesian
analysis, parameter uncertainty may be propagated through & or
8, by calculating it during each step in an MCMC chain. Thus, not
only does our model estimate local colonization-extinction rates
between species, it can also be used to estimate the marginal occu-
pancy probabilities of each species within a community and the oc-

cupancy probability of each community state across space and time.

3 | EXAMPLE: CO-OCCURRENCE OF
COYOTE, OPOSSUM, AND RACCOON IN
CHICAGO, IL

Here, we apply our DCOM to coyote, opossum, and raccoon detection/
nondetection data from a large-scale long-term biodiversity monitor-
ing survey throughout the greater Chicago metropolitan area. To ob-
tain these data, Bushnell motion-triggered camera traps were placed
in urban green spaces during the spring, summer, fall, and winter for
28 days per deployment at sites along three separate 50-km transects.
These transects start in downtown Chicago and radiate outwards to
the northwest, west, and southwest along a gradient of urbanization.
At each site, one camera was attached to a tree roughly 1.5 m from the
ground. Sites were located at least 1 km from one another. For additional
details on this sampling protocol see Magle, Lehrer, and Fidino (2016).
Although sampling is still ongoing, we focus our analysis on a sub-
set of seasons whose photos were identified to the species-level by
experts. This includes 13 seasons from spring 2011 to spring 2013.
Sites were included if they had >2 seasons worth of data (n = 103).
Each 28 days deployment served as a primary sampling period and
detection histories were generated at each site by treating each
week of sampling as a repeat survey (median days active per deploy-
ment = 27). This resulted in a total of four repeat surveys within each
primary sampling period per site and season. For three species (A, B, C)
there are eight observable community states (1), 24, 3(g} 41cp Siasp
61acp 7iacp @nd 8(apcy)- A community state was considered detected at
a site if the species attributed to that group were identified in photo-
graphs that occurred within a given sampling week (U = no species,
A = coyote, B = opossum, C = raccoon). For an example of a three

species community transition matrix, see supplemental material.

These three species were selected because the presence of
coyote within urban remnant canyon habitat has been shown to de-
crease the relative abundance and occupancy of opossum and rac-
coon (Crooks & Soulé, 1999). Thus, we sought to determine if this
trend generalized across urban environments and whether or not
it varied across levels of urbanization. We fit six candidate models
that represent varying hypotheses as to how coyote, opossum, and
raccoon may influence each others’ colonization-extinction rates.
We used three factors to quantify the level of urbanization around
each site: mean tree cover, mean impervious cover, and mean hous-
ing density. These variables were calculated within a 1,000 m buffer
centred on a camera trap with v. 2.14 of QGIS (QGIS Development
Team, 2016). We then applied principal component analysis to these
data and used the first principal component which explained 78.76%
of the variation. This metric (hereafter URB) was then multiplied by
-1 so that positive values indicated sites with higher housing densi-
ties (more urban) while negative values were sites with higher levels
of tree cover (more available natural habitat).

Because a small number of sites were sampled in the first sea-
son (n = 34) we kept parameterizations for initial occupancy simple
and assumed all species were independently distributed during the
first time step (i.e., ﬂ,‘j’ABC = ﬂ,‘fAB = ﬂk"’Ac = ﬁk"’sc = 0). For the detection
model, we also did not include interactive effects between all spe-
cies. Instead, because coyote are the largest predator in the region
we only included the influence that they may have on opossum and
raccoon detection.

Our first and largest model, M,, reflects the hypothesis that coy-
ote, opossum, and raccoon influence one another’s colonization-ex-
tinction rates and that these rates vary with urbanization (Table 2).
To test this, the nine 1st order occupancy, colonization, and extinc-
tion parameters (e.g., y*, v, €€, etc.) and 12 2nd order colonization
and extinctions parameters (e.g., yA5, €€ etc.) were modelled in-
dividually as functions of URB. Our next models, M, and M, also
assume that species influence each other’s colonization-extinction
rates. However, M, models 2nd order colonization and extinction
parameters as a function of URB while species-specific 1st order pa-
rameters are kept at their intercept. M5 does the opposite of M, and
assumes 2nd order colonization and extinction parameters do not

vary with URB but 1st order parameters do (Table 2).

TABLE 2 The six models fit to the

Models .
coyote, opossum, and raccoon detection/

Model components M, M, M, M, Ms M, nondetection data®
Includes species interaction Yes Yes Yes Yes - -

parameters
URB on 15t order parameters Yes — Yes — Yes —

(e.g., €9
URB on 2" order parameters Yes Yes - - - —

(e.g., y"1B)
Coyote influences opossum and  Yes Yes Yes Yes — -

raccoon detection

Note. ?URB is the first principal component of the mean canopy cover, mean impervious surface, and

mean housing density within 1,000 m of a camera trap.
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Our fourth model, My, is an intercept-only DCOM which assumes
that species influence one another’s colonization-extinction rates
but no rates vary with URB. M; is further simplified and assumes
species do not influence each others’ colonization-extinction rates
but species occupancy, colonization, and extinction rates vary with
URB. This model is similar to a standard dynamic occupancy model
that assumes independence between species (Dorazio et al., 2010).
M, assumes that all species-specific occupancy, colonization, and
extinction rates are kept at their intercept (i.e., a null model). We
assumed Logistic(0,1) priors for all logit-scale parameters. Note that
for all of these models, we assumed 3rd order interactions did not
occur (i.e., 3rd order coefficients were set to zero). This meant that
probabilities conditioning on two species being present in a habitat
patch (e.g., 7AIBS) were a function of the species-specific 1st order
and pairwise 2nd order parameters.

To compare the relative fit of each model, we calculated the con-
ditional predictive ordinate of each data point (CPO; Hooten & Hobbs,
2015). Following this, the summary statistic —%,,log(CPO,,) for site k
and time t was used to assess the overall model performance, where
lower values indicate better model fit (Hooten & Hobbs, 2015). Models
were fit in JAGS v. 4.2.0 (Plummer, 2003) with the runjags package
(Denwood, 2016) in R v. 3.4.3 (R Core Team, 2017). After a 400-
step adaptation and 100,000 step burn-in posteriors were sampled
500,000 times. MCMC chains were thinned by 10 so that a total of
50,000 samples were obtained. To check model convergence, we in-
spected trace plots of MCMC chains to ensure proper mixing and con-
firmed that Gelman-Rubin diagnostics for each parameter were <1.10
(Gelman et al., 2014). Stationary occupancy probability vectors were
derived from the transition probability matrix of the best fit model.

4 | RESULTS

A total of 3958 trap weeks of data were collected between spring
2011 and spring 2013 from a maximum possible 5,356 trap weeks

TABLE 4 First order colonization and
extinction estimates from the best fit

model. Estimates are on the logit scale Process

Colonization

Extinction

Species

Coyote

Opossum

Raccoon

Coyote

Opossum

Raccoon

TABLE 3 Model selection results of the six candidate models fit

data®
No. latent No. detection
Model parameters parameters CPO ACPO
M, 30 5 5,246.34 0.00
My 21 5 5,289.46 43.12
Ms 18 3 5,345.42 99.08
M, 33 5 5,476.11 229.77
Mg 9 3 5,479.06 232.72
My 42 5 5,792.01 545.67

Notes. °CPO, conditional predictive ordinate. Models were compared
with the summary statistic —X,,log(CPO,,) for site k and time t. Lower
values indicate better model fit. ACPO is the number of CPO units each
model's CPO is from the best-fit model.

(103 sites x 13 seasons x 4 weeks per deployment). Coyote, opos-
sum, and raccoon were collectively detected on 1,063, 872, and
1,425 trap weeks. Model selection results indicated that pairwise in-
teractions between species influenced their colonization-extinction
rates (Table 3). Two models that estimated interactions between spe-
cies (i.e. Mg and M,; Table 2) outperformed models that assumed spe-
cies were independently distributed by >40 CPO units (Table 3). The
top model, M5, assumed that URB did not influence pairwise interac-
tions but did influence species specific colonization-extinction rates.

For species-specific parameters, the best fit model indicated that
(a) all species colonization rates decreased with URB and (b) raccoon
and opossum extinction rates increased with URB (Table 4). There
was weak evidence that coyote extinction rates decreased at higher
levels of URB.

Pairwise interactions influenced colonization rates between
four species pairs as evidenced by 95% credible intervals of
pairwise intercept terms not overlapping zero (Figure 1). On av-
erage, opossums were more likely to colonize sites with raccoon
than sites without raccoon (ggpojrac = 0.81; 95% Cl = 0.02-1.59).

Quantile
Parameter Estimate 2.5% 97.5%
Intercept -1.75 -2.44 -1.16
URB slope -0.48 -0.76 -0.21
Intercept -2.00 -2.73 -1.32
URB slope -0.42 -0.71 -0.19
Intercept -1.16 -1.73 -0.61
URB slope -0.67 -0.95 -0.42
Intercept -0.18 -0.77 0.38
URB slope -0.21 -0.45 0.02
Intercept -0.01 -0.72 0.69
URB slope 0.22 0.00 0.46
Intercept -0.28 -0.90 0.32

URB slope 0.31 0.06 0.58
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Opossum were also more likely to colonize sites with coyote
(Sopojcoy = 1.73; 95% Cl =0.96-2.60; Figure 1). Similar to the
opossum, raccoon were more likely to colonize sites with coy-
ote present (gracicoy = 0-96; 95% Cl = 0.18-1.78). Finally, coyotes
were more likely to colonize sites with opossum (gcoyjopo = 1.70;
95% Cl = 0.75-2.79; Figure 1).

Three pairwise interactions influenced species extinction rates.
Contrary to previous research (Crooks & Soulé, 1999), opossum
were less likely to go extinct in habitat patches with coyote pres-
ent (hopojcoy = —0.72; 95% Cl=-1.29 to -0.14). Raccoon were
less likely to go extinct in habitat patches that contained coyote
(hracjopo = —1.54; 95% Cl = -2.21 to -0.91). Finally, coyote were
less likely to go extinct in habitat patches with raccoon present
(hcoyjrac = —1.54; 95% Cl = -2.27 to -0.84) (Figure 2).

As the transition probability matrix of the best fit model varied
as a function of urbanization (i.e., ¢;), we derived the stationary oc-
cupancy vector 8, for each community state across this covariate
over all samples of the posterior distribution (Figure 3). At low levels
of urbanization, sites were far more likely to have all three species
present or opossum and raccoon present than any other community
state (Figure 3). As urbanization increased, the likelihood of observ-
ing all three species at a site decreased and sites were most likely to
not have these three species (Figure 3a).

With regard to detectability, coyote had the highest weekly de-
tection probability at 39.89% (95% Cl = 37.08-42.81) followed by

Higher housing density

intervals

raccoon (33.60%; 95% Cl =26.74-40.38) and opossum (19.31%;
95% Cl =13.61-26.15). Opossum and raccoon were much more
detectable when coyote were present at a site. Opossum detection
probability increased to 62% (95% Cl = 59.31-66.37) with coyote
present while the probability of detecting raccoon with coyote pres-
ent was 61.79% (95% Cl = 58.49-64.97).

5 DISCUSSION

|
We have presented here a DCOM that can estimate species interac-
tions between any number of species, can allow interactions to vary
as a function of covariates, and corrects for imperfect detection. We
also illustrate how the estimated colonization-extinction rates of a
community can be converted into occupancy probabilities so that
co-occurrence patterns between species may be explored across en-
vironmental gradients. Given these capabilities, our DCOM may be
an especially useful tool to empirically test different metacommunity
paradigms (Holyoak et al., 2005). While Dorazio et al. (2010) have al-
ready developed dynamic occupancy models to test some aspects of
metacommunity theory (e.g., species sorting along a gradient), our
proposed model adds the ability to test for additional relevant com-
ponents such as priority effects and other types of species interac-
tions that could not have been estimated previously. Thus, our model

adds even more versatility to the occupancy modelling framework
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while simultaneously allowing for more explicit tests of predictions
from ecological theory.

Similar to Rota, Ferreira, etal. (2016), our DCOM can require
a large number of parameters to estimate species associations.
Fortunately, there are many methods available for dimension re-
duction that have already been implemented in BUGS or JAGS. For
example, a variety of variable selection techniques could be incorpo-
rated into the model by modifying the priors of a Bayesian analysis
(Hooten & Hobbs, 2015). In addition, like other joint species distribu-
tion models (JSDMs), it is critical to remember that the results do not
necessarily prove the existence of causal species interactions. Other
environmental variables not included within a model may be the rea-
son why the presence of one species at a site influences another if
those two covary along an unmodelled environmental gradient. In
our own example, it is more likely that habitat patches suitable for
opossum are also suitable for raccoon because they have overlap-
ping diets (Feldhamer, Thompson, & Chapman, 2003). As such, pair-
wise interactions should be considered in context of both the species
modelled and the environment they are sampled within. Regardless,
our example illustrates the utility of estimating pairwise interactions
between species as models that included interactive effects greatly
outperformed standard models that did not (Table 3). Further, de-
rived occupancy probabilities from our example closely track the ob-
served data (Figure 3) and help tease apart the processes that drive

future occupancy probabilities in a flexible model based framework.

Higher tree cover

Higher housing density

In addition to being critical of the estimated biotic interactions
from JSDMs, ecologists have an ever growing number of JSDMs to
choose from when modelling species codistributions (for a review
see Dormann et al., 2018). For example, there are many approaches
that can estimate species spatio-temporal patterns for large, spe-
cies rich, datasets (e.g., Ovaskainen et al., 2017; Thorson et al., 2016;
Warton et al., 2015). However, such techniques do not currently cor-
rect for imperfect detection and do not explicitly model temporal
changes in species co-distributions by estimating colonization and
extinction rates. Since estimating local colonization and extinction
rates is typically a better predictor of future occupancy patterns
(Yackulic, Nichols, Reid, & Der, 2015), our approach may be more
useful to predict how species distributions may change into the fu-
ture under new habitat or climatic conditions. Likewise, as species
interactions could vary along environmental gradients (LaManna
et al., 2015), a major strength of our DCOM is the ability to model
interactions as a function of covariates. JDSMs that use a covariance
matrix approach to estimate co-occurrence make it more difficult to
include covariates on species interactions, though such techniques
make it easier to estimate associations between a greater number of
species. Therefore, the choice of model to be used will likely depend
on the goals of a study, the data that are available, and the number
of species associations to be estimated.

Our DCOM could be used to answer a variety of applied ecologi-

cal questions. For example, our model could determine how invasive
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species influence wildlife communities by estimating species-specific
colonization-extinction rates in the presence and absence of an inva-
sive competitor (Sanders, Gotelli, Heller, & Gordon, 2003). Because
standard occupancy models assume that species are independently
distributed they cannot elucidate interactive effects when they
occur, whereas our DCOM can estimate interactions between any
number of species. This DCOM could also determine the effective-
ness of monitoring surrogate species in conservation biology (Caro
& O'doherty, 1999). While understanding the habitat associations of
surrogate species may suggest habitat patches to conserve, estimat-
ing the probability of observing one or more surrogate species in a
habitat patch given the presence of others could provide a more ro-
bust metric for use in conservation applications. Finally, we anticipate

that this approach can be used to estimate where species are more or

0.75- :
0.50-. ]
0.25-. ]
0.00-. ] . ; -

a community state relative to all other
states across all seasons. Vertical lines
represent the standard error associated to
each naive occupancy estimate.

N
N

less likely to co-occur, facilitating follow-up smaller scale experiments
to test potential mechanisms of coexistence (Chesson, 2000).
Numerous extensions to our modelling framework are pos-
sible. In our current formulation, we only assume a species local
colonization or extinction probabilities depend on the modelled en-
vironmental gradients and not the spatial location of or distances
between habitat patches. To make our model more spatially ex-
plicit, concepts from metapopulation ecology could be incorporated
so that the probability a site is colonized is partly a function of its
euclidean distance to other habitat patches that contain the target
species (Hanski, 2001). Likewise, a least cost path approach could
be used in favour of euclidean distance and methods exist to es-
timate resistance coefficients from patch occupancy data (Howell,

Muths, Hossack, Sigafus, & Chandler, 2018). Our model also assumes
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independence between sampling points, which may not hold true for
species with relatively large home ranges such as the coyote in our
example. Although Rota, Wikle, et al. (2016) relax this assumption
with a two species occupancy model, the question remains whether
such an approach can be generalized to >2 species or through time.

As data become more accessible and cheaper to collect over
larger areas and longer time spans, ecologists are able to test theo-
ries over scales that were previously unattainable. This is facilitated
through advances in computational speed and ecological statistics.
One major hurdle that limits Big Data-based ecological research is the
ability to understand how to correctly quantify uncertainty related to
the patterns and processes underlying the data. The model we pres-
ent is a versatile approach that can fit a multitude of sampling designs
and hypotheses. It can also be used to provide empirical support to
ecological theory that explores how potentially interacting species
co-occur. Thus, our DCOM is an important improvement to modelling

species distributions and interactions through space and time.
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