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The global biodiversity crisis is escalating rapidly, with nearly a million species facing extinction risk in the near
future. Monitoring of Essential Biodiversity Variables (EBV; key variables measured to detect changes in
biodiversity) over time is important for biodiversity conservation, which in turn necessitates baseline estimates
of EBVs. Using camera-trap data for six years (2013-2018) and a Bayesian multispecies occupancy model, we
estimated species richness and species-specific occupancy of a mammalian community in Pakke Tiger Reserve,
India. We detected 28 species of mammals in our camera traps. The model-based estimate of species richness
during the study period was 41 (95 % CRI: 39-42) species, with no evidence of any substantial temporal vari-
ation. We found that carnivore and herbivore species richness was higher in greener habitats and that omnivore
species richness was higher at lower-elevation sites. Annual average species occupancy probability (at the scale
of 4-km? sampling units) did not vary substantially between years but was lowest in 2014 (0.54, 95 % CRI:
0.20-0.84) and highest in 2013 (0.59, 95 % CRI: 0.27-0.87). Mean species-specific occupancy averaged across
the years varied substantially among species, ranging from a low of 0.03 (95 % CRI: 0.00-0.08) for the masked
palm civet Paguma larvata to a high of 0.94 (95 % CRI: 0.87-0.98) for the Asian elephant Elephas maximus. Mean
occupancy probability was highest for herbivores followed by omnivores and carnivores. Species-specific
detection probability (for a 30-60-day survey period) was not influenced by survey effort but increased with
body mass for carnivores and decreased with body mass for herbivores and omnivores. We propose a framework
for efficient monitoring of species and community-level EBV, utilizing data collected during the monitoring of
high-profile species of conservation concern, such as tigers Panthera tigris in India.

have been successful in many cases. Examples include a high success rate
of the Endangered Species Act in the USA in preventing the extinction of

1. Introduction

Long-term and consistent monitoring is critical to biodiversity con-
servation. It helps detect adverse changes in species distribution and
abundance, and species richness, thereby enabling timely management
actions that can help reverse declining trends, and it is central to
assessing management efficiency and adaptively deciding on future
management strategies (Yoccoz et al., 2001; Lindenmayer et al., 2012).
Existing biodiversity monitoring programs such as Project Tiger in India
are often specialized, focusing predominantly on single charismatic
species. Single species-focused monitoring and conservation approaches

listed species (Schwartz, 2008) and the recovery of tiger Panthera tigris
populations in India, enabled by a long-term monitoring and conserva-
tion program (Karanth et al., 2011; Karanth et al., 2004). Despite these
success stories, single species monitoring programs have been critiqued
for being costly and reactive to threats (Harvey et al., 2017; Laycock
et al., 2011). Monitoring programs that focus on a single species can
potentially lead to data that are unrepresentative of overall biodiversity;
consequently, populations of understudied species might decline
without notice (Jetz et al., 2019). An alternative approach shifts the
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focus from single species—centered conservation and monitoring pro-
grams to one that considers an entire biological community with an
overarching goal of monitoring high-level Essential Biodiversity Vari-
ables (EBV): the key variables measured to detect changes in biodiver-
sity such as genetic composition, species traits, species abundance,
community composition, and ecosystem structure and function (Pereira
et al., 2013; Jetz et al., 2019). However, it is not possible to monitor all
species at all times and places, so management decisions must be made
about what biodiversity metrics are most likely to be useful for
conservation.

The first step towards community-level monitoring is to elucidate the
composition of the biological community and understand ecological
interactions therein (Parrish et al., 2003; Poiani et al., 2000). Species
richness (i.e., the number of species present in a region) has long been of
interest to ecologists and conservation biologists as a metric of com-
munity composition and as a unit of conservation. This is because esti-
mating species richness is logistically pragmatic and can be easily
incorporated into long-term biodiversity monitoring programs (Cheyne
et al., 2016; Fleishman et al., 2006; Gaston, 2000; Yoccoz et al., 2001).
However, species richness, while necessary, may not by itself be a suf-
ficient metric to assess biological communities—even though species
richness may be constant over time for a region, the underlying structure
of the community need not be static as the identity of individual species
might change (Farris et al., 2017; Yoccoz et al., 2001). Therefore, it is
often helpful to complement data on species richness with species-
specific information on distribution, abundance, space use, and
ecological interactions among species (Mendenhall et al., 2014; Prat-
Guitart et al., 2020; Sundqvist et al., 2013).

Conventionally, the number of species observed or detected in a
given area has been used as a measure of species richness. However,
detection of all species (or individuals of a particular species) present is
rarely possible, and some of the species that are present may not be
detected; imperfect detection of species (or individuals of a given spe-
cies) inevitably results in undercounting of species and individuals
(Boulinier et al., 1998; Iknayan et al., 2014; MacKenzie et al., 2018;
Williams et al., 2002). Furthermore, when resources are limited, the
question of which indicator species to monitor to assess overall
ecosystem health becomes critical. Often charismatic species which are
economically and culturally important are monitored more intensively
but these monitoring efforts often also lead to the collection of large
amounts of opportunistic data on several other species. Statistical
methods that can utilize all focused and opportunistic data to combine
species- and community-level monitoring can help managers detect
changes in the community and take management actions as needed.
Multi-species hierarchical occupancy models (MSOMs) provide a sta-
tistical modeling framework that allows estimation and modeling of
both community- and species-specific parameters, while also accounting
for imperfect detection (Dorazio and Royle, 2005; Gelfand et al., 2005;
Kery and Royle, 2008). This modeling approach permits information
sharing across species, which allows the inclusion of rare and undetected
species in the species richness estimates and uncertainty in occupancy
estimates to be propagated to community metrics (Iknayan et al., 2014;
Kery et al., 2010; Kery and Royle, 2016; Steenweg et al., 2017; Zipkin
et al., 2009). The hierarchical structure of MSOMs allows data from the
entire sample to inform species richness estimates while explicitly ac-
counting for the effects of the survey-, site-, and species-level drivers of
detectability and occupancy (Iknayan et al., 2014; Tingley et al., 2020).
Using data augmentation techniques, MSOMs can accommodate the fact
that some species from the community species pool may go undetected
throughout the sampling process. It does so by assuming that all species
(observed and unobserved) are a random sample from the studied
community which allows for estimation of mean community-level
response to ecological and anthropogenic factors (Royle et al., 2007;
Zipkin et al., 2009).

The wide use of increasingly cost-effective technologies, such as
camera traps, has revolutionized the monitoring of terrestrial wildlife
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species, particularly mammals (Steenweg et al., 2016), and increased
monitoring capacity while lowering associated costs. A pioneering
initiative to monitor tiger populations in India nearly three decades ago
(Karanth and Nichols, 1998) has over time paved the way for extensive
use of camera traps in large-scale biodiversity monitoring programs
across the world (Steenweg et al., 2016; Wearn and Glover-Kapfer,
2019). Even within India, the monitoring of tigers and their prey is
now conducted at massive, country-wide scales, with the help of camera
traps and line-transect surveys (Jhala et al., 2019). Data thus collected
are used to provide information on the changes in distribution and
abundance of tigers and their prey and are used to make management
recommendations and funding allocation decisions for protected areas.

Despite technological and statistical advances, reliable information
on non-target species distribution and abundance, and species richness
and community composition, are not available from most protected
areas in India, much like other regions in the Global South. This limits
the capacity of scientists to address important ecological questions and
hampers the ability of wildlife managers to monitor and protect
ecological networks against extreme changes (Lindenmayer and Likens,
20105 Nichols and Williams, 2006). Pakke Wildlife Sanctuary and Tiger
Reserve (PTR) in Northeast India (92 36'E, 26 54'N) harbors high
biodiversity as it lies at the intersection of the Eastern Himalayas and
Indo-Burma Biodiversity Hotspots (Myers, 2003; Myers et al., 2000).
Although species such as the tiger, leopard Panthera pardus fusca, and
dhole Cuon alpinus have received some attention from ecological studies,
scientifically robust baseline information on most other members of the
mammalian community in PTR, and ecological interactions among
them, is largely missing (Selvan et al., 2014; Velho et al., 2016). The
government of India collects camera-trap data at PTR every year, pri-
marily for monitoring tiger and leopard populations; similar monitoring
programs are in place at tiger reserves across India (https://ntca.gov.
in/monitoring/#monitoring). These data can be leveraged to quantify
community- and species-specific parameters for the mammalian com-
munity. Effective monitoring of the mammalian community in PTR is of
paramount importance because Northeast India, where the park is
located, is now considered to be a deforestation hotspot, making many
species of mammals vulnerable to local extinction (Myers, 2003; Myers
et al., 2000; Reddy et al., 2016).

Our goal was to estimate baseline community-level and species-
specific metrics for mammals in PTR, which when monitored over
time, can allow early detection of critical changes in the richness and
composition of this mammalian community. Our second goal was to
explore ecological and anthropogenic drivers of the spatial ecology of
the mammalian community in PTR. Working in tandem with the wildlife
managers of PTR, we applied MSOMs to six years (2013-2018) of
camera trap data to quantify and understand variation in species rich-
ness and spatial ecology of the mammalian community in PTR. Our
specific objectives were to 1) quantify species richness and assess the
influence of ecological and anthropogenic factors affecting it; 2) explore
species-specific distribution and habitat use patterns for individual
species and species groups (based on body mass and diet), and 3)
elucidate ecological and anthropogenic factors affecting species and
group-specific occupancy. We predicted that: 1) overall species richness
of PTR will not substantially vary over time—PTR is a well-managed
protected area facing low anthropogenic pressure; also, our study
period is not very long, so we expected the mammalian community in
PTR to be stable; 2) site-specific species richness will be positively
influenced by forest cover and NDVI, and negatively influenced by
elevation, and distance to the park boundary and villages; 3) the influ-
ence of ecological covariates on mammalian occupancy will show
species-specific and group-specific signatures while anthropogenic
covariates will have a negative effect across species, especially on large
herbivores and carnivores as they are more sensitive to human distur-
bance (Schuette et al., 2013). Our third goal was to develop a framework
for utilizing data collected from long-term population monitoring pro-
grams and opportunistically from other short-term projects and MSOMs
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to estimate species richness, species-specific occupancy and habitat use
patterns, and factors influencing these patterns. We propose a workflow
based on MSOMs to quantify baseline information for the community
and species-specific EBVs; this information will be helpful for detecting
any downward trends in species richness and occupancy, and for
adjusting management plans when warranted.

2. Methods
2.1. Study area

We carried out the study in Pakke WLS and Tiger Reserve, an 862
km? protected area in Arunachal Pradesh (AP) situated within the
Eastern Himalayan Region (EHR) in India (Myers, 2003). The dominant
vegetation type in PTR is Assam valley tropical evergreen forest, which
is further divided into nine habitat types: subtropical broad-leaved pri-
mary and secondary forest (~ 40.0 %), Himalayan moist temperate
forest (~ 2.0 %), tropical moist-deciduous, and semi-evergreen forest
(~38.0 %), secondary bamboo forest (~4.0 %), degraded land (~4 %),
wetlands and riverine (~2 %), and grassland (~1 %) (Roy et al., 2015)
(Fig. 1). The terrain is undulating with an elevation ranging from 150 to
2300 m above sea level. Climate is subtropical with temperatures
ranging from 12 to 36 °C. The average annual rainfall is 2500 mm,
primarily received during the monsoon season (June-September). PTR
is home to about 42 species of mammals, about 282 species of birds, and
has high plant diversity (Kumar, 2014; Tag et al., 2012). It is protected
under the Indian Wildlife Protection Act of 1972; logging and hunting
are not allowed within the reserve, but regulated tourism and ranger
patrols are allowed; some human habitations are located immediately
outside the reserve boundary. PTR is a well-managed protected area
with strong leadership that enjoys positive socio-political engagement
from local tribes (Ghosh-Harihar et al.,, 2019). Surrounded by
community-managed state forests with varying degrees of anthropo-
genic disturbance, PTR is a part of the Kameng Protected Area Complex,
the largest (3500 kmz) contiguous forested area in the EHR (Velho et al.,
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2016). Other protected areas within this complex include Sonai Rupai
WLS in Assam, the Eaglenest, and Sessa Orchid WLS in AP, and the
reserve forests associated with them. This is an ecologically sensitive
region of India because it is home to endangered species such as tiger
and Asian elephant Elephas maximus and contains elephant migration
corridors.

2.2. Camera trap surveys

Camera traps have received widespread use in wildlife research, and
data generated from camera trap surveys have been used to estimate
species richness, population density, and other population parameters,
and to quantify occupancy, habitat use, and species interaction patterns
(Rich et al., 2016; Karanth et al., 2017; Prat-Guitart et al., 2020; Sunarto
etal., 2015; Tobler et al., 2008). Between 2013 and 2018, we conducted
annual camera trap surveys in the winter (November — March) in Pakke
Tiger Reserve (Fig. 1). We overlaid a 2 km x 2 km grid on the study area
and placed 1-3 camera traps (Panthera V4, Cuddeback Attack 1149 or
similar) per grid cell about 25 cm above the ground on elephant trails or
human trails. Cameras were triggered by animal movement and
remained active 24 h a day for 30-60 days (Table 1). No lure or bait was
used. Each grid cell was considered as a replicate survey site and com-
munity and species-specific inferences were made at the grid-cell level.

Camera-trap images were managed using Camelot software version
1.5.9 (Hendry and Mann, 2018), and species were identified manually.
The detection of a species within 30 min was recorded as a single
detection event. We pooled detections over five full days (i.e., 5 x 24-h
periods) into one camera-trap survey; thus, there were 6-12 secondary
sampling periods (surveys) per year. The number of cameras per grid cell
ranged from 1 to 3, and the number of surveyed grid cells in any given
year ranged from 68 to 92 (Table 1). Based on the existing literature,
anecdotal evidence, and our knowledge of PTR and its wildlife we
created a list of 42 species of mammals that are likely to occur in PTR
(Supplementary Material S1). We excluded flying, aquatic, and small
burrowing mammals from this study because they would be unlikely to
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Fig. 1. Map of the study area with landcover types and camera locations marked with black circles, and human habitations (village locations) marked with orange ‘=’
signs. Inset marks a map of India with the red square indicating the location of Pakke Tiger Reserve. (For interpretation of the references to colour in this figure

legend, the reader is referred to the web version of this article.)
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Table 1

Description of camera-trap surveys conducted between 2013 and 2018 in Pakke
Tiger Reserve, India. The number of 4-km? sampling unit grid cells, the number
of surveys, the number of species of mammals detected, and the total number of
carnivores, herbivores, and omnivores that were detected annually from 2013 to
2018 are presented.

Year No. of No. of No. of mammal No. of carnivores/
grid survey species detected herbivores / omnivores
cells periods® detected

2013 70 8 24 7/7/10

2014 78 12 27 7/9/11

2015 76 12 24 7/8/9

2016 68 12 24 7/9/8

2017 80 6 25 6/9/10

2018 92 10 24 6/8/10

# Each survey period is composed of 5 24-h periods.

be detected by cameras under our study design.

We considered three ecological and two anthropogenic covariates
that were hypothesized to influence species richness and species-specific
occupancy probabilities (Table 2, Supplementary Material S2). Ecolog-
ical covariates included: (i) the proportion of forest cover (hereafter
“forest cover”) in the grid cell calculated using landcover data (Roy
et al., 2015); (ii)) normalized differential vegetation index (NDVI)

Table 2

Description of ecological and anthropogenic factors used to model species
richness (r), probabilities of species occupancy (y), probabilities of species
detection (p), the direction of a-priori predictions of the influence of covariates
on the parameters, and data sources for the factors hypothesized to influence the
occupancy probability of mammalian species of Pakke Tiger Reserve, India
during 2013-18.

Covariate Description Parameter  Direction Source
Ecological
Elevation of the Ly Varies United States
Elevation grid-cell center with Geological Surveys
from sea level species digital elevation
model
NDVI Average ny + United States
Landsat Geological Surveys
normalized Landsat NDVI
differential
vegetation
index (NDVI)
Forest cover  The proportion ny + Roy et al. (2015)
of the grid-cell
categorized as
‘forest’
Anthropogenic
Distance to The distance of Ly + The geographic
the the grid-cell location of villages
village center to the obtained from
nearest village Pakke Tiger Reserve
Forest Department
Distance to The distance of oy + Geographic data
the the grid-cell files obtained from
boundary center to the Pakke Tiger Reserve
nearest Forest Department
boundary point
Detection
Effort Number of p + Data collected
cameras per during field surveys
grid-cell x Total
number of days
cameras were
active
Body mass Average body p + Supplementary
(Not mass of species Material S1
species- (KG)
specific)
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calculated from the United States Geological Survey (USGS) Landsat
NDVI data; (iii) and the average elevation of the grid cell calculated from
USGS digital elevation model data (hereafter “elevation”). Anthropo-
genic covariates included (iv) distance from the grid cell center to the
nearest village (hereafter, “distance to the village™), and (v) distance
from the grid cell center to the park boundary (hereafter, “distance to
boundary™). The distance variables were calculated using the distance
function from the rgeos package (R interface for Geometry Engine Open
Source) (Bivand, 2020) implemented in the R computing environment
using R 4.1 (R Core Team, 2022). All covariates were standardized to a
mean of zero and a standard deviation of one. We allowed detection
probability to be affected by survey effort (hereafter “effort”), defined as
the product of the number of cameras in the grid cell, and the number of
days cameras in the grid cell were active during a particular sampling
occasion. Effort ranged from a minimum of 6 to a maximum of 36 across
grid cells, with a mean of 28 (SD = 7). We allowed detection probability
to also vary with the average body size of the species (Supplementary
Material S1). Predicted effects of our chosen covariates, along with
justifications, are presented in Table 2. Many of the individual species
known to be part of PTR mammalian community have home range sizes
larger than the survey grid cell area of 4 km? (Supplementary Material
S1); individual home ranges can include multiple grid cells. For those
species, our occupancy estimates quantify the proportion of grid cells (i.
e., the study area) used by the species rather than true occupancy
probability (MacKenzie et al., 2018; Mackenzie and Royle, 2005;
Steenweg et al., 2018).

2.3. Modeling framework

The conventional approach to estimating species richness by the
number of species detected at a given area typically underestimates the
number of species actually present, as this approach does not account for
imperfect detection, i.e., failure to detect a species that is in fact present.
Occupancy modeling is a statistical framework that permits estimation
and modeling of species richness and occupancy patterns while also
accounting for imperfect detection (MacKenzie et al., 2002; MacKenzie
et al., 2018; Tyre et al., 2003). For our study, we adopted the hierar-
chical formulation of community occupancy or a multi-species occu-
pancy models (MSOM) framework with data augmentation because this
approach (Dorazio and Royle, 2005; Dorazio et al., 2006; Kery and
Royle, 2016): (i) permits estimation of species richness while accounting
for imperfect detection using temporally and/or spatially replicated
detection history data; (i) permits community- and species-level ana-
lyses, as well as analyses based on species subsets such as guilds (Kery
and Royle, 2008, 2016); and (iii) is efficient as it allows information
sharing across species (or subsets of species), which improves the pre-
cision of parameter estimates for data-deficient species and can be used
simultaneously to monitor species and communities (Devarajan et al.,
2020).

We used the hierarchical MSOMs proposed by Dorazio and Royle
(2005) and Kery and Royle (2008, 2016) where the model is formulated
in terms of a latent binary process z; , 1 the true state of presence or
absence of species k at a grid-cell i during year t; z; ¢, = 1 if the species k
is present in grid-cell i at time t; 0 otherwise. It was modeled as:

Ziks ™~ Bernoulli(l//[‘kv[)

where y; i, . is the grid cell and year-specific occupancy probability of
species k. All z; i, ¢ are conditionally independent, given the values of
covariates in the model for y; 1

The observed data are detection frequencies over 5 24-h periods at
grid-cell i of species k during year t, denoted as y; i, 1, and were modeled
as:

Yiks ~ Binomial (pi,k,I*Zi.k,tv 5) .

Here, p; i is the probability of detection of species k at grid-cell i



V. Chaudhary et al.

given the species is present in grid-cell i in a particular sampling year t
and the binomial index of 5 represents the 5 secondary occasions in our
design. All y; i,  are conditionally independent, given z; i, . and the
values of covariates in the model for p; .

We formulated the model as a hierarchical model, which included
species-specific and year-specific random effects (Kery and Royle, 2008,
2016). We linked species-specific models to the community by assuming
species-specific parameters were random effects drawn from a normal
distribution with hyperparameters (i.e., mean and dispersion) that
characterize the community, or “the average species”, and the dissimi-
larity of the parameters among species. As different guilds (diet-groups;
carnivores, herbivores, and omnivores), may have a different response
to ecological and anthropogenic covariates, we divided species into their
respective guilds (Supporting Material S1). Then, to assess group-level
effects, we allowed for species-specific parameters to be governed by
both guild- and community-level hyperparameters. Specifically, we
allowed guild-specific random effects to have different means for each
guild (hyper-means) but shared variance (hyper-dispersions) (see BUGS-
language code of the model in the Supporting Material S10). Occupancy
and detection probabilities were modeled as logit-linear functions of
site-specific covariates (Table 2). We fitted a single model of occurrence
probability with a limited number of covariates for which we had a
priori justification (Zipkin et al., 2009; Table 2):

l(’git(W[,k.z) = Pox +B1uXi + P Xo + oo+ By X + 1k (€Y

Here, fo, x-~Normal (uz0, v, 6%0), Hpo, vand o%o are the guild-(v)-specific
mean and the variance of the community prior for the occupancy
intercept for species k; fm, « represents the slope associated with the site
covariate m on species k such that

P ~ Normal (ﬂ/xm,w 5/2fm>

(note again the mean depends on guild v and the dispersion does
not), and X, is a grid-cell specific covariate (elevation, forest cover,
NDVI, distance to nearest village, and distance to the park boundary). As
we linked species-specific parameters to the community-level param-
eter, we assumed species-specific parameters were random effects
derived from normally distributed community-level hyperparameters
drawn independently, with different means but the same dispersion for
the three guilds. These hyperparameters specify the mean response and
the variation among species of a guild and community to a covariate. We
followed Broms et al. (2016) and adopted weakly informative priors so
that, for each guild, the S, coefficient was modeled as Normal (usm, v,
O'lzjm) where pgm, v is the guild-specific mean and a/%m is the community-
level variance; such that pugy, , ~ Normal (0, 2.25%]), and aﬁm—vhalf —
Cauchy (2.2521). The half-Cauchy distribution is the same as the Stu-
dent's t distribution with one degree of freedom and it is truncated below
0 (Broms et al., 2016). The parameter &  represents a random year-
effect in logit(y) for species k such that &; x ~Normal (O, %2‘, K- We
then modeled these species-specific variances hierarchically by
assuming that their log transform was a draw from another normal
distribution, on the mean and SD parameters of which we placed Uni-
form(0,10) and half — Cauchy (2.252I) priors.

Detection probability for species k at site i was modeled as:

logit (Pz,k) = Qois + Q1x X effort; + ay ) X bodymassy + gaai s + Esiieix  (2)

where ag, , ; is the normally distributed species-specific and year-
specific random effect (intercept) such that ag, x, ~Normal (a0, v,
o20), a1, k is the normally distributed slope associated with the survey
effort at site i for species k such that aq, k~Normal (a1, vk, 621), and as,y
(% is the guild-specific slope associated with the body size for the guild v
to which species k belongs and we assumed as, y~Normal (0, 2.25%1).
Like the $ parameters, we also treated ap and a; as random effects drawn
from community-level normal distributions with guild-specific means,
but dispersion parameters that were shared for all species (regardless of
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guild). eqara i, k, ¢ and &ire i, k account for species-specific overdispersion at
the site and at the site/year level in detection probability. We chose a
more robust formulation for both by preferring a zero-centered t-dis-
tribution with 4 degrees of freedom over the more customary normal to
accommodate some of the lack of fit detected in our model (see below) in
exploratory runs when such Gaussian priors were chosen (the t-4 is a
customary solution to lead to robust Bayesian statistical inferences
relative to a normal assumption, Lunn et al., 2013). We then placed the
same half-Cauchy priors as above on the dispersion parameters of both t-
4 distributions.

Even though camera-trap data were collected from PTR every year,
the entire reserve was not surveyed. Imperfect detection of species (or
individuals) is commonplace in camera trap surveys, and it is highly
likely that not all species that were present at PTR were detected by our
camera traps. To account for species that were missed altogether and to
make inferences about the overall species richness (or community size),
we augmented the observed data (i.e., the detection histories for 28
species of mammals that we detected at least once) with 14 species that
were not detected in our study, but which are known to occur in PTR.
This estimate of 14 species that were potentially present at PTR but were
not detected was based on our review of published or unpublished re-
ports, field guides, and anecdotal information regarding mammalian
species present in similar habitats in Northeast India. Thus, we had the
augmented detection history data for a total of 42 species, including
detection histories for the unobserved species composed of all zeros
(indicating that these species were not detected during our study). The
presence of all species k (including the augmented ones) was modeled
using a latent binary variable w(k), where w(k)~Bernoulli (), and the
probability of their presence being modeled as Q~Uniform (0, 1); it was
then linked to the site-specific occupancy as 2; k. (~Bernoulli (y; k, ¢ * W)
(Kery and Royle, 2008, 2016). We note that the information about un-
detected species arises from the null encounter history (0, 0,....,0), and
so the Bayesian analysis conditions on that and obtains a posterior
sample of P (p, y) conditional on the data. This enables estimation of a
typical p and y for an undetected species. Furthermore, in the usual
capture-recapture sense one is also able to estimate how many such
species there are in the community (J.A. Royle, personal explanation).
To evaluate the influences of species with low detection rate on the
overall species richness, we repeated the analysis by replacing the
detection histories of two least detected species (Asiatic golden cat and
slow loris) by null encounter histories and comparing the results.

We estimated the posterior distribution of parameters using the
Markov Chain Monte Carlo (MCMC) method implemented in JAGS
v3.4.0 through program R version 4.1 using package jagsUI v1.5.2
(Kellner and Meredith, 2021). We generated three chains of 50,000 it-
erations after a burn-in of 10,000 and thinned by 40. We assessed
convergence using the Gelman-Rubin statistic (Gelman et al., 2014) and
by visual inspection of trace plots. To gauge the fit of our model, we
conducted a Bayesian posterior predictive check (Conn et al., 2018) on a
Chi squared discrepancy measure which yielded a Bayesian p-value of
0.009. That means that our data set was more variable than what we
would expect under the model and the estimated parameters, and thus
technically, that our model did not fit our data. However, the “lack of fit
ratio”, i.e., the ratio of the summed (over the data set) value of that
statistic for the observed data and for the replicated (simulated) data,
was only 1.17. This ratio is directly analogous to the so-called “over-
dispersion factor” (c-hat) typically computed in chi-squared goodness of
fit tests in the capture-recapture literature (e.g., Williams et al., 2002) or
in GLMs for count data when using quasi-likelihood for a Poisson or
Binomial response (McCullagh and Nelder, 1989). There, the standard
way to accommodate such “overdispersion” is by multiplying standard
errors of the estimates by the square-root of the value of c-hat. Informal
application of such an approach in our case shows that we would then
have to increase the SEs (or more precisely, posterior standard de-
viations) by about 8 %. We considered this as very small and therefore
assumed that it was safe to ignore as we think it is inconsequential to our
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inferences.

In addition, for each data point, we also computed a sort of “pseudo-
residual” as the difference of the chi-squared discrepancy of the
observed and of the expected (i.e., simulated) data sets. This approach
lets one gauge which data points contribute particularly to a significant
chi-squared Goodness of fit test result. We then plotted these pseudo-
residuals against everything in our analysis (i.e., all classifications and
covariates) and could not detect any striking patterns. This confirmed to
us that our approach to believe that the lack of fit detected in the sig-
nificant Bayesian p-value represented just unstructured additional noise
not captured by our model, rather than a structural problem of the
model.

We draw inferences on community and species-specific responses
from 3000 posterior samples for each parameter and report posterior
means and 95 % Bayesian credible intervals (CRI; 2.5 % and 97.5 %
percentiles) unless otherwise stated. We considered the effect of a co-
variate to be statistically important if the 95 % CRI for the regression
coefficient did not overlap with zero.

3. Results

During the study period (2013-2018), we detected a total of 28
species of mammals; these included 7 species of carnivores, 10 species of
herbivores, and 11 species of omnivores. In terms of body mass, species
ranged from 1.5 kg to 4000 kg; 10 were classified as large, 6 medium-
sized, and 12 as small mammals (Supplementary Material S1). The
slow loris was detected only once, whereas the Asian elephant (N =
3325) and sambar (N = 4390) were the most frequently detected species
(Supplementary Material S3).

3.1. Species richness

The estimated overall species richness of mammals (excluding small
burrowing, aquatic, and flying mammals) in PTR was 41 (95 % CRI:
39-42) species. Grid cell level estimates of species richness ranged from
19 (95 % CRI: 13-26) to 28 (95 % CRI: 24-33) (Fig. 2). There was no
evidence for annual variation in species richness within the study area
(Supplementary Material S4). Overall species richness and annual grid-
cell level species richness remained unchanged when we replaced the
data for the two least-detected species with null detection histories
(Asiatic golden cat and Slow loris) (See Supplementary Material S11).
Species richness decreased with elevation in the case of omnivores and
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Fig. 2. Grid-cell specific species richness of mammals estimated based on data
collected from camera-trap surveys conducted over six years (2013-18) in
Pakke Tiger Reserve, India. Estimates presented here represent species richness
estimates of 4-km? sampling units averaged across years (2013-2018).
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increased with NDVI in the case of carnivores and increased with forest
cover in case of herbivores (Table 3). Distance to the village or distance
to the park boundary had no discernible effects on species richness
(Table 3).

3.2. Species-specific occupancy and detection probabilities

Annual occupancy probability (of 4-km? sampling units) averaged
for all species did not vary substantially between years but was lowest in
2014 (0.54, 95 % CRI: 0.20-0.84) and highest in 2013 (0.59, 95 % CRI:
0.27-0.87). Annual variation in occupancy was stronger in the case of
tiger, large Indian civet Viverra zibetha, small Indian civet Vivericula
indica, serow Capricornis thar, sambar, and barking deer Muntiacus
muntjac (Fig. 3, Supplementary Material S5, S6); year-to-year variation
in occupancy of these species appeared random, without a directional
temporal trend. Mean species-specific occupancy averaged across the
years varied substantially among species, ranging from a low of 0.03 (95
% CRI: 0.00-0.08) for the masked palm civet Paguma larvata to a high of
0.94 (95 % CRI: 0.87-0.98) for the Asian elephant (Table 4). Occupancy
was higher for herbivores compared to other dietary groups across the
years (Fig. 4). Given the magnitude and direction of posterior densities,
occupancy probability for most species appeared to respond negatively
to elevation and positively to NDVI and forest cover; however, uncer-
tainty was high and CRI for occupancy probability often included
0 (Supplementary Material S7). Occupancy of tiger, barking deer,
sambar, leopard cat, and common civet declined with elevation, and
occupancy of elephant and black bear increased with NDVI (Supple-
mentary Material S7, S8). Similarly, most species appeared to respond
positively to distance from the nearest village but CRI for occupancy
probability often included 0 (Supplementary Material S7, S8). Occu-
pancy of barking deer, wild boar, and small Indian civet declined as
distance from park boundary increased (Supplementary Material S7,
S8). There was no evidence that the sampling effort influenced detection
probability (Table 4, Supplementary Material S9) but detection proba-
bility increased with body mass for carnivores 0.66 (95 % CRI:
0.40-0.87) and decreased with body mass for herbivores —0.70 (95 %
CRI: —1.03 to —0.57). and omnivores —0.30 (95 % CRI: —0.57--0.01).

4. Discussion

Anthropogenic land-use change is causing a significant reduction in
the land and sea area available for wildlife; therefore, it is essential that
protected areas like PTR are not only established and expanded but are
also effectively governed based on ecologically sensible indicators that

Table 3

Posterior mean (x) and 95 % credible interval (95 % CRI) estimates of the
community level hyper-parameters for the factors hypothesized to influence the
species richness, mean occupancy probability (covariate 1 to 5) and mean
detection probability (covariate 6) of mammalian species of Pakke Tiger
Reserve, India during 2013-18 (Table 2) for each guild. We report posterior
means and 95 % CRI. Statistically substantial (95 % CRI do not overlap 0)
community-level hyperparameters that influence species-specific occupancy
and thereby species richness are in bold font.

No. Covariate Carnivores Herbivores Omnivores
1. —0.32 0.06 —0.27
Elevation (—0.67-0.03) (—0.44-0.60) (—0.48—-0.07)
Distance to the 0.15 0.30 —0.05
village (—0.19-0.48) (—0.18-0.85) (-0.22-0.13)
3. Distance to the —0.33 —0.59 —0.12
boundary (—0.74-0.06) (—1.50-0.08) (—0.12-0.39)
4. NDVI 0.35 —0.07 0.10
(0.08-0.67) (—0.62-0.37) (—0.07-0.29)
5. Forest cover —0.02 2.20 0.49
(—1.58-1.38) (0.12-4.41) (—0.40-1.233)
Effort —0.03 —0.01 —0.03
(—0.07-0.0) (—0.04-0.01) (—0.05-0.007)
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Fig. 3. Average species-specific occupancy of 4-km? sampling units and 95 %
credible intervals for six species of mammals with substantial evidence of
temporal variation in occupancy estimates for species captured during camera-
trap surveys conducted over six years (2013-18) in Pakke Tiger Reserve, India.

Table 4

Species-specific naive occupancy averaged across years and estimated occu-
pancy (of 4-km? sampling units) averaged across years (7 ) along with 95 %
credible intervals for species 7 detected during camera-trap surveys conducted
over six years (2013-2018) in Pakke Tiger Reserve, India. The sample unit to
which occupancy pertains is the grid cell.

Species Naive w (95 % CRI)

Binturong (Arctitis binturong) 0.02 0.67 (0.07-0.97)
Gaur (Bos gaurus) 0.42 0.56 (0.40-0.72)
Asiatic golden cat (Catopuma temminicki) 0.01 0.23 (0.00-0.99)
Serow (Capricornis thar) 0.05 0.13 (0.04-0.32)
Dhole (Cuon alpinus) 0.26 0.74 (0.43-0.99)
Elephant (Elephas maximus) 0.84 0.94 (0.87-0.98)
Mongoose (Herpestes spp.) 0.11 0.58 (0.42-0.75)
Hog deer (Axis porcinus) 0.04 0.64 (0.07-0.99)
Porcupine (Hystrix spp.) 0.49 0.58 (0.42-0.75)
Otter (Lutrogale perspicillata) 0.03 0.04 (0.01-0.13)
Yellow-throated marten (Martes flavigula) 0.20 0.91 (0.62-0.99)
Macaque (Macaca spp.) 0.14 0.93 (0.68-0.99)
Barking deer (Muntiacus muntjac) 0.68 0.80 (0.65-0.94)
Himalayan goral (Naemorhedus goral) 0.04 0.09 (0.00-0.10)
Clouded leopard (Neofelis nebulosa) 0.11 0.73 (0.31-0.99)
Slow loris (Nycticebus bengalensis) 0.01 0.05 (0.00-0.20)
Common civet (Paradoxurus hermaphoditis) 0.17 0.23 (0.11-0.40)
Masked palm civet (Paguma larvata) 0.03 0.03 (0.00-0.08)
Marbled cat (Pardofelis marmorata) 0.07 0.46 (0.12-0.97)
Leopard (Panthera pardus fusca) 0.40 0.92 (0.72-0.99)
Tiger (Panthera tigris) 0.33 0.53 (0.31-0.78)
Leopard cat (Prionailurus bengalensis) 0.35 0.44 (0.30-0.62)
Sambar (Rusa unicolor) 0.85 0.89 (0.80-0.96)
Wild boar (Sus scrofa) 0.47 0.81 (0.57-0.99)
Capped langur (Trachypithecus pileatus) 0.04 0.06 (0.01-0.14)
Black bear (Ursus thibetanus) 0.09 0.20 (0.08-0.44)
Small Indian civet (Vivericula indica) 0.14 0.16 (0.05-0.30)
Large Indian civet (Viverra zibetha) 0.44 0.48 (0.32-0.65)
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Fig. 4. Box plot showing mean, upper and lower quartile of the distribution of
occupancy estimates of 4-km? sampling units for the three guilds (carnivores,
herbivores, and omnivores) of mammals surveyed during camera-trap surveys
conducted over six years (2013-18) in Pakke Tiger Reserve, India.

are monitored regularly (Watson et al., 2016). We aimed to quantify
community composition (species richness) and species-specific distri-
bution and habitat use patterns (two of the five EBVs) for mammals of
PTR, a protected area situated in the ecologically diverse Eastern
Himalyan Region. We applied multi-species occupancy models to six
years (2013-2018) of camera trap data to provide baseline estimates of
mammalian species richness and species-specific occupancy in PTR. Our
results revealed that: (i) the mammalian community of PTR is diverse,
composed of about 41 species, 28 of which were detected during our
study, and is fairly stable over time; (ii) greener forested habitats at
lower elevation supported a more diverse mammalian community
compared to less green habitats at higher elevation,; (iii) species-specific
occupancy varied across species with higher occupancy for herbivores
than carnivores and omnivores; and (iv) lower elevation greener forested
habitat supported higher occupancy of most species but distance to the
village and distance to the reserve boundary did not influence most
species-specific or group-specific occupancy probability in a specific
direction.

The mammalian community of EHR is vulnerable to anthropogenic
land-use change, which is intricately linked to climate change; it also
faces additional pressures such as poaching and ineffective legal
enforcement of wildlife policies (Penjor et al., 2021). Long term
persistence of this community depends on proactive conservation mea-
sures such as increased wildlife habitat and efficient protection efforts
(Penjor et al., 2021). PTR has been under effective management, and
enjoys high levels of community engagement; consequently, the reserve
currently faces low (but growing) anthropogenic pressure (Ghosh-Har-
ihar et al., 2019). Thus, we expected the mammalian community of PTR
to be stable, with little or no year-to-year variation in species richness;
our results were consistent with this expectation. There was minimal
temporal variation in species richness with no apparent temporal trend
(Supplementary Material S5). This result is consistent with the literature
showing that multi-year species richness is generally stable locally or
regionally, despite the general global decline in biological diversity (Batt
et al., 2017). These results also emphasize the role of effective conser-
vation strategies implemented in a well-managed protected area, such as
PTR.

Consistent with our expectations, we found that greener forested
habitats (driven by carnivores) and those at lower elevations (driven by
omnivores) typically supported a more diverse mammalian community
as compared to less green habitats and those at higher elevations. Spe-
cies richness of small mammals varies with altitude, and peaks around
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median elevation (Andrade and Monjeau, 2014; McCain, 2004; Rickart
et al., 2011). In some tropical areas, lowlands typically support higher
species richness than highlands (Drouilly et al., 2018; Gallo et al., 2009).
Areas with high NDVI values tend to have higher plant species richness
and primary productivity, likely supporting more species of mammals
(Pau et al., 2012). For example, variation in plant species richness
accounted for 75 % of the variability in species richness of the South
African mammalian community (Andrews and O'Brien, 2000).

Anthropogenic pressure and species richness are usually negatively
related (Farris et al., 2015; Perillo et al., 2017) which is true for some
parts of EHR as well (Penjor et al., 2021). We, therefore, expected that
areas closer to the reserve boundary or the local human settlements
would support a less diverse community of mammals. Studies have
shown land use and anthropogenic pressure to be the primary drivers of
species richness and species-specific occupancy probabilities (Goswami
etal., 2021; Pettorelli et al., 2010; Van der Weyde et al., 2018). Contrary
to our prediction, we found no evidence that distance to the reserve
boundary or to the nearest village affected mammalian species richness,
likely due to the low anthropogenic pressure that PTR currently expe-
riences. The legal protection status of PTR allows for only a limited
range of human activities (i.e., ranger patrols and regulated tourism)
within the park boundaries. Furthermore, with 17 people per km? (2011
census conducted by the Government of India) Arunachal Pradesh is one
of the least populated states in India. However, anthropogenic pressure
could increase in the future with greater development and expansion of
the human footprint in the area. A demonstrated negative relationship
between anthropogenic pressure and mammalian species richness (see
Penjor et al., 2021) and space use (Goswami et al., 2021) in the EHR,
suggests that maintaining PTR as an undisturbed, well-managed pro-
tected area will be key to sustaining diverse and stable mammalian
community of the region.

Species-specific occupancy did not vary strongly over time except for
tigers, sambar, large and small Indian civets, serow, and barking deer.
(Fig. 3). Occupancy for these species varied across years but did not
appear to follow a consistent increasing or declining trend. Our results
provide much-needed information on the spatial ecology of under-
studied species of Northeast India and Southeast Asia, including the
clouded leopard Neofelis nebulosa, marbled cat Pardofelis marmorata, and
Asiatic golden cat Catopuma temminicki. Our occupancy estimates for
clouded leopard were higher than those estimated for a clouded leopard
population in Nam Et-Phou Louey (NEPL) Reserve, Lao PDR (Rasphone
et al., 2019), Bhutan (Penjor et al., 2018), and in Peninsular Malaysia
(Tan et al., 2017). Our occupancy estimates for the marbled cat are
higher than those estimated in NEPL (Johnson et al., 2009; Rasphone
et al.,, 2019). Marbled cats are generally infrequently encountered in
camera traps elsewhere in their range (Sunarto et al., 2015; Tempa et al.,
2013), suggesting that they probably occur at low densities across their
range. Our mean occupancy estimates for Asiatic golden cats were
higher than those reported from Malaysia (Sunarto et al., 2015) and
Northeastern Bangladesh (Rahman et al., 2021) and similar to those
reported from NEPL (Rasphone et al., 2019). Uncertainty was high for
our mean occupancy estimates for Asiatic golden cat. We note, however,
that some of the differences in occupancy and detection probabilities of
the above-mentioned species might be caused by differences in study
design and field conditions. We found that herbivores occupied a larger
proportion of surveyed grid cells as compared to carnivores and omni-
vores (Fig. 4). Herbivores, particularly the group-living species, typi-
cally occur at much higher densities relative to solitary large carnivores
and omnivores demonstrating higher use of the surveyed grid cells.

Protected areas such as PTR are cornerstones for conservation and
are essential for the maintenance of biodiversity and the persistence of
threatened species (Dorji et al., 2019; Oberosler et al., 2020; Velho et al.,
2016). Long-term monitoring is essential to mitigate anthropogenic and
other threats to biodiversity within protected areas. However, most of
the current monitoring and conservation efforts, even within protected
areas are focused on a subgroup of charismatic mammalian species
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(Amori and Gippoliti, 2000; Ceballos and Ehrlich, 2009), and single-
species focused monitoring cannot fully ensure the conservation of all
co-occurring species (Bifolchi and Lode, 2005; Roberge and Angelstam,
2004). Assessing and maintaining the viability of threatened pop-
ulations, such as that of declining mammalian fauna, is of conservation
and management concern. In this context, estimates of community
composition and species-specific distribution of such species can serve as
a reliable metric for assessing the effectiveness of management efforts
and quantifying the influence of increasing anthropogenic influence on
biological diversity (Devarajan et al., 2020). We posit that recent ad-
vances in technology and knowledge provide a great opportunity to
revisit the single-species monitoring approach and move towards a more
comprehensive community-based monitoring and conservation, espe-
cially in areas where extensive monitoring efforts are already taking
place for large carnivores or other charismatic species.

Like most tiger reserves in India, camera-trap surveys in our study
area are conducted with a focus on tigers and other large predators;
however, these surveys produce a wealth of biodiversity information by
photo-capturing any species that walks in front of the camera traps
(Tobler et al., 2008). We argue that these data, collected at no additional
cost, could be used to conduct comprehensive biodiversity assessments
to design appropriate management plans and evaluate the effectiveness
of protected areas and legislation. We propose a workflow to capitalize
on a large amount of existing (and future) data resulting from ongoing
monitoring programs such as those targeting tigers in India (Fig. 5).
Camera-trap and other data collected from legally mandated and other
surveys (e.g., academic research projects) can be analyzed using the
MSOM s to provide an assessment of the overall biodiversity of the region
as well as species-level estimates (such as distribution and habitat-use
patterns) while accounting for imperfect detection, species identity,
site-specific variations (specifically ecological factors, anthropogenic
threats, and protection effectiveness), and year-specific variations.
Furthermore, this approach can be integrated with other research and
monitoring programs to report EBVs (mainly community composition
and species distribution) which can be utilized to detect anthropogenic
changes and the effectiveness of conservation programs.

In this study, we provide information on two of the five EBVs (i.e.,
community composition and local species-specific distribution patterns)
from PTR which can be used to comparatively assess the effectiveness of
the management regime, and to detect changes in community compo-
sition and other community- and species-level metrics. Currently,
community-level information of the type we present here is not available
from much of South Asia (but see Bajaru et al., 2020; Penjor et al., 2021;
Rahman et al., 2021; Syiem et al., 2018), although such information is
becoming increasingly common from other parts of the world (Devar-
ajan et al., 2020; Krebs, 2020; Rasphone et al., 2019; Zipkin et al., 2009).
Our study is the first to present a robust baseline assessment of the entire
mammalian community (excluding flying, aquatic, and small burrowing
mammals) in PTR and from Northeast India in general. The framework
we present here (Fig. 5) could be replicated in other key habitats and
protected areas to reliably assess and monitor mammalian communities
and other important components of biodiversity. Such monitoring ef-
forts are critical to meet the challenges of biodiversity conservation in
the Anthropocene. It allows for the incorporation of valuable but often
sparse, opportunistic, and inconsistent datasets on multiple species for
many of which we lack robust estimates of species-habitat association.

Our results indicated that the mammalian community in PTR was
relatively stable, with no discernible change in species richness during
our six-year study (2013-2018). It may be argued that, in the absence of
catastrophic events, six years may not be enough time for a mammalian
community to undergo detectable change, because many mammals in
our study area are long-lived. We view species richness as relative in
time and space, and the definition of species richness requires the
specification of time and geographical range (Nichols et al., 1998). We
suggest that our estimate of mammalian species richness can be used as
the baseline against which to compare any future changes in richness
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Fig. 5. A framework for capitalizing on existing datasets generated from species-focused population monitoring programs (e.g., tiger monitoring surveys in India)
and other opportunistic surveys to learn about ecological communities and constituent species. These data can be analyzed using a multispecies occupancy modeling
framework to estimate the baseline Essential Biodiversity Variables (EBVs), such as regional species richness and species occupancy or space use patterns as well as to
understand the influence of ecological and anthropogenic (related to both disturbance and management) factors on EBVs. Monitoring these EBVs over time can
potentially allow early detection of critical changes in the diversity and composition of the community and species-specific response to changes, which can be
compared to baseline estimates to detect the change and implement appropriate management intervention in a timely fashion. The workflow is conceptually similar
to adaptive management workflow and permits double-loop learning, and adaptation in monitoring and management (Williams and Brown, 2018).

over time to detect any downward trends so that necessary mitigation
measures can be taken without delay. Hierarchical community models
like MSOMs which we use here improve the precision of diversity and
species-specific estimates through information sharing as data are more
efficiently used relative to single species occupancy models thereby
offsetting the cost of multispecies monitoring and improving individual
species estimates especially for rare species (Iknayan et al., 2014;
Tingley et al., 2020). These benefits arise from the Bayesian shrinkage
property as each species' estimates inform the community-level mean
and variance and as a result estimates of individual species are pulled
towards the community mean (lknayan et al., 2014; Tingley et al.,
2020). The Bayesian MSOM modeling approach allows information
sharing across species and permits simultaneous estimation of
community-level and species-specific parameters even for species that
are rare, elusive, and infrequently detected (Kery and Royle, 2008;
Hobbs and Hooten 2015; Iknayan et al., 2014).
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