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INTRODUCTION

Wildlife monitoring seeks to provide accurate and precise
inferences on population parameters across space and
time for target species. Quantifying population parame-
ters is essential for tracking biodiversity trends (Ledger
et al., 2023), evaluating extinction risks (Ceballos et al.,
2017; Gobush et al., 2022; Humle et al., 2016), developing
conservation plans (e.g., IUCN SSC Primate Specialist
Group, 2020), and assessing the effectiveness of man-
agement actions (Nichols & Williams, 2006; Palm
et al., 2020). However, estimating population parameters,
especially population density or abundance, presents
major challenges for many species, particularly those that
cannot be directly sampled due to their elusive behavior
or limited visibility in the landscapes they inhabit (Laing
et al., 2003; Pandong et al., 2018; Plumptre, 2000).

The gold standard for estimating abundance is through
mark-recapture methods in which animals are captured,
marked (e.g., with ear tags), and resighted or recaptured
on subsequent sampling occasions (Otis et al., 1978;
Pollock, 1976). However, such methods are costly in
terms of time and effort. Thus, estimating abundance
through mark-recapture is not feasible for many species
and systems. Consequently, there are a number of
methods to estimate abundance using “unmarked” count
data in which animals are not individually identifiable
including N-mixture (Royle, 2004) and distance sampling
(Buckland, 2001) models. These methods account for
individuals missed during sampling by estimating detec-
tion probability from either repeated sampling or ancil-
lary distance measurements. While less effort-intensive
than mark-recapture, unmarked methods still require
direct observations of animals, which can be difficult to
obtain for elusive species (Lollback et al., 2015; Pandong
et al., 2018) and those that inhabit landscapes with lim-
ited visibility such as dense forests (Ahrestani et al., 2018;
Laing et al., 2003; Marques et al., 2001).

Species that are difficult to directly observe can be
monitored using indirect signs such as dung, tracks, or
nests (Gusset & Burgener, 2005; Laing et al., 2003;
Morgan et al., 2016). Distance sampling is the most com-
mon method for indirect sign data and involves counting
the number of signs along transects and measuring dis-
tances to the observed signs (e.g., Kouakou et al., 2009;
Kiihl et al., 2017; Mohanarangan et al., 2022; Piel et al,,
2015). Indirect sign methods have been used to estimate the
population density of many terrestrial mammals, including
ungulates (Jung & Kukka, 2016; Marques et al., 2001;
Twahirwa et al, 2023), elephants (Meier et al., 2021;
Twahirwa et al., 2023), and apes (Kouakou et al., 2009;
Kiihl et al., 2017; Rainey et al., 2010; Spehar et al., 2010).
To obtain inferences using indirect sign data, surveys are

typically conducted using a systematic or randomized
protocol (e.g., through distance sampling) with a model
fit to the data to estimate sign density. Sign density is
then converted to animal density via conversion factors
(Cappelle et al., 2019; Hedges et al., 2012; Kuehl
et al., 2007). Conversion factors require data on (1) the
sign decay rate, which is estimated by collecting informa-
tion on the duration that signs remain visible in the field
(Laing et al.,, 2003; Morgan et al., 2016; Plumptre &
Reynolds, 1996) and (2) the sign production rate, which
is obtained by observing groups of animals in the field or
enclosures to estimate the number of signs produced
within a defined time interval (Mohanarangan et al.,
2022; Plumptre & Harris, 1995; Wing & Buss, 1970).
Indirect sign surveys are typically obtained using one of
two methods: the standing crop sign count and the
marked sign count (Plumptre & Reynolds, 1996). The
standing crop sign count requires only one survey visit
and relies on a priori knowledge of sign decay and produc-
tion rates to convert sign density to animal density, as the
time period over which signs are produced is unknown
and inestimable using a single survey (Plumptre &
Reynolds, 1996). However, sign decay rates vary across
seasons and sites, representing a significant limitation of
the standing crop sign count method (Bessone et al., 2021;
Hedges et al., 2012; Kuehl et al, 2007; Plumptre &
Harris, 1995). The marked sign count offers a solution:
sites are visited on at least two occasions, removing the
need to estimate the sign decay rate a priori, provided the
interval is sufficiently short that fresh signs do not disap-
pear between the first and second visit (Hashimoto, 1995;
Plumptre & Reynolds, 1996). During the first visit, all
existing signs of the species are marked; subsequent visits
record the number of new signs produced. The number of
signs produced over a known time interval is then used
with a sign production rate (which still must be obtained
from the literature or ancillary data) to calculate animal
density.

While the marked sign count is an effective method
to estimate the abundance of difficult-to-observe species,
it involves discarding data from the first visit because the
duration over which the original signs have been visible
is unknown. Although discarding these data is standard
protocol for the marked sign count method, it represents
a loss of information because data from the first visit
inform the long-term habitat use of the species, while
data from subsequent visits describe the current species
distribution (Spehar et al., 2010). For example, elephant
dung observed during the first visit is estimated to be visi-
ble for 75-147 days on average (Nchanji & Plumptre,
2001), while the mean decay rates for chimpanzee nests
varied between 37 and 91 days (Kouakou et al., 2009;
Plumptre & Reynolds, 1996). Thus, harnessing the
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information in both visits through a joint likelihood may
improve the estimation of covariate effects on the abun-
dance and prediction of spatial abundance patterns.

Another limitation of indirect sign methods is
their typical reliance on conventional distance sampling,
which does not account for spatial variation in animal
density (Kéry & Royle, 2016). Under conventional dis-
tance sampling, population density estimates are posi-
tively biased if transects sample multiple habitats that
host differing population densities (Fewster et al., 2009).
Variance estimators based on post-stratification have
been developed to minimize positive bias under maxi-
mum likelihood inference (Fewster, 2011; Fewster et al.,
2009). An alternative to conventional distance sampling
is hierarchical distance sampling, which allows variation
in density to be explicitly modeled with covariates, an
important objective for characterizing species’ ecological
niches (De La Fuente et al., 2021), predicting the impacts
of environmental change (Waldock et al., 2022), mapping
spatial variation in density (Miller et al., 2013), and
informing conservation prioritization and management
(Johnston et al., 2015).

Here, we describe a modified hierarchical distance
sampling model that accommodates spatial variation in
sign density using the information from all visits of the
marked sign count data to estimate model parameters,
rather than discarding data from the first sampling event.
We apply our modeling framework to populations of
eastern chimpanzees (Pan troglodytes schweinfurthii) and
African savanna elephants (Loxodonta africana) that
inhabit Maramagambo and Kalinzu Forest Reserves in
Western Uganda. Eastern chimpanzees are listed as
endangered on the IUCN Red List (Humle et al., 2016).
Their populations are declining throughout most of their
range due to habitat loss, pet trade, bushmeat, diseases,
and climate change (Humle et al., 2016; Plumptre, 2010).
African savanna elephants are also classified as endan-
gered (Gobush et al., 2022) due to range contraction of
more than 50% since the 1940s, habitat loss, poaching for
ivory, and climate change. Given the declining popula-
tion trends of these species, estimates of abundance
across space and time are urgently needed to inform local
conservation actions. Both species are difficult to directly
observe in forests and are instead surveyed using indirect
signs, as chimpanzees construct nests for sleeping each
night and elephants produce large dung piles. These indi-
rect signs (i.e., nests and dung) remain visible for several
days to months, depending on decay rates, and have a
higher chance of being detected than the animals them-
selves (Morgan et al., 2016; Nchanji & Plumptre, 2001).
The data for our analyses come from transects that were
surveyed in 2007 and again in 2021. Our objective is to
improve the estimation of expected density by combining

visit one, and subsequent visit data through partially shared
covariate effects in a joint likelihood. Additionally, we illus-
trate the limitations of existing approaches for analyzing
indirect survey data while providing an easy-to-implement
alternative. Specifically, we aim to demonstrate how our
framework can be used to estimate precise spatiotemporal
patterns of population density. We conclude by providing
recommendations on best practices for using indirect
count data in population analyses.

METHODS
Study area and species

Our study was conducted in Maramagambo Forest
Reserve (0°26'50.87" S, 29°54'11.98” E) and Kalinzu
Forest Reserve (0°23/47.73” S, 30° 3'42.17" E) within
Queen FElizabeth Conservation Area in western Uganda
(Figure 1). The two forest reserves are contiguous and
cover an area of 580 km® (Maramagambo: 443 km?;
Kalinzu: 137 km®). Maramagambo is dominated by
semi-deciduous forest with thickets at the edges and lies
on the Albertine Rift floor 915-1250 m above sea level,
while Kalinzu is a moist evergreen forest and lies on the
Rift escarpment 1250-1845 m above sea level (Howard,
1991). The region experiences a tropical climate character-
ized by two wet (March-May and September—November)
and two dry (June-August and December-February) sea-
sons, with annual rainfall and temperature ranging
between 1150-1400 mm and 14-28°C, respectively
(Hashimoto et al., 1999; Howard, 1991). A total of
58 mammal species have been recorded in our study
area (Plumptre et al., 2007), including eight primate
species. Some of the threatened large mammal species
that occur in these forest reserves include chimpan-
zees, L’hoest’s monkey (Cercopithecus lhoesti), African
savanna elephants, leopard (Panthera pardus), African
golden cat (Caracal aurata), and hippopotamus
(Hippopotamus amphibius). Maramagambo Forest
forms part of the Queen Elizabeth National Park and
the northern and southern boundaries are contiguous
with savanna woodland forming an extensive protected
area system (>2500 km?).

Data collection

We conducted indirect surveys of chimpanzees (nests)
and elephants (dung) in Maramangambo and Kalinzu
Forest Reserves following a distance sampling methodol-
ogy in September-November 2007 and January-March
2021 (Figure 1). However, elephants and their dung were
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FIGURE 1 Map of the study area and line transects used to survey indirect signs (i.e., three visits ~25 days apart on average) of

chimpanzee and elephant populations across an elevation gradient within two contiguous forest reserves in western Uganda during the 2007

and 2021 surveys.

not observed in Kalinzu Forest Reserve in either of the
two survey periods. We established forty-six 3-km line
transects with a spacing of 2.5 km following a systematic
random sampling design using Distance 5.0 (Thomas
et al., 2010). Transects were established in 2007 (WCS &
MUIENR, 2008) and resurveyed in 2021. Transects were
sampled three times per survey period following a
marked sign count approach. Data from the first visit
(Visit 1) of the marked sign count are equivalent to data
collected using the standing crop method, which we
deemed inappropriate for our application because the
sign decay rate in the study area was unknown a priori.
Of the 46 line transects, 36 were in Maramagambo Forest

Reserve and 10 were in Kalinzu Forest Reserve
(Figure 1). Transects were cut through the forest follow-
ing a north compass direction three weeks before data
collection to minimize disturbance to animals. The sur-
veys were conducted by experienced field research assis-
tants who had been previously involved in surveying
large mammals in the Albertine Rift region (Plumptre
et al., 2003). Four survey teams, consisting of three peo-
ple each, collected data on the signs of the presence of
chimpanzees (nests) and elephants (dung) starting in the
morning (~7:00 am). Field assistants walked the transects
at a speed of approximately 1 km per hour. Distance mea-
surements to chimpanzee nests were recorded in meters
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using a rangefinder or tape measure, while distances to
elephant dung were recorded in centimeters using a tape
measure. The average time between replicate surveys
during each field campaign was 25 days (SD = 2.5,
range 20-33), which was short enough to ensure that
no chimpanzee nests or elephant dung would have
decayed between visits (Nchanji & Plumptre, 2001;
Plumptre & Reynolds, 1996). Chimpanzee nests and
elephant dung piles were marked by attaching a ribbon
to an adjacent tree/sapling. Finally, we obtained eleva-
tion data (spatial resolution: 90 m X 90 m) across the
study area to use as a predictor variable in our analyses
(Farr & Kobrick, 2000). To account for variation in ele-
vation along the length of the line transect, we
resampled elevation data to 1 km? and obtained eleva-
tion values for the midpoint of the 3-km transect.
Elevation strongly covaries with annual mean tempera-
ture and precipitation, which are known to influence
the distributions of the focal species across their ranges
(Carvalho et al., 2021; Jiang et al., 2020).

Modeling approach
Overview

We applied conventional and hierarchical distance sam-
pling models to assess the status of chimpanzee and ele-
phant populations in 2007 and 2021 (Table 1), by
converting sign density (chimpanzee nests; elephant
dung) into animal density using production rates from
the literature and the number of days between the first
and last survey visits. Distance sampling is widely used to
estimate the density of wildlife populations and can be
applied to either direct or indirect observations of

animals (Buckland, 2001; Miller, Pacifici, et al., 2019;
Miller, Rexstad, et al.,, 2019). We assumed that each
adult chimpanzee builds 1.09 nests a day (Plumptre &
Reynolds, 1997) and that each elephant produces
17 dung piles per day (Wing & Buss, 1970). Sign pro-
duction rates are less variable than decay rates, and
thus using rates from the literature is common practice
(e.g., Kouakou et al., 2009; Nchanji et al., 2008;
Sanz, 2004).

The assumptions underlying distance sampling are
that objects on the transect are observed with perfect
detection (i.e., when distance = 0), transects are placed at
random, objects are detected at their original location,
and distance measurements are recorded without error
(Buckland, 2001). For line transect distance sampling, the
effective strip width within which observations are made
enables the estimation of the area sampled, which is
important in calculating sign (and hence animal) density
in the surveyed area. Indirect observation data are typi-
cally analyzed using conventional distance sampling
approaches (e.g., Kouakou et al., 2009; Mohanarangan
et al., 2022; Piel et al., 2015; Spehar et al., 2010; Wanyama
et al., 2010). The drawback of conventional distance sam-
pling is that it does not account for variation in density
among transects (Kéry & Royle, 2016). In addition,
encounter rate variance (i.e., variation in the number of
objects detected per transect) influences the precision of
density estimates, especially when there are considerable
differences in the spatial distribution of animals in the
study area (Buckland et al., 2004; Fewster et al., 2009). To
model spatial variation in density among transects, we
adopted a hierarchical distance sampling model—an
extension of conventional distance sampling that allows
the inclusion of covariates that account for variation in
density among transects (Kéry & Royle, 2016).

TABLE 1 Capabilities of the models employed: Models were fitted using either Bayesian or maximum likelihood (ML) inference.

ML Bayesian inference
Conventional Conventional Hierarchical Modified hierarchical

Outputs distance sampling distance sampling distance sampling distance sampling
Realized density v v 4

Expected density v 4

Effect of covariates 4 v

Sign decay rates 44

Change in population v 4 v

Spatial prediction v v

Temporal prediction v v

Note: Checkmarks identify the capabilities of a model, while the double checkmarks identify cases in which the modified hierarchical distance sampling model
outperformed simpler versions in the case studies. Realized density is estimated, assuming the count of signs as fixed (i.e., no random variation) while expected

density is estimated as a function of covariates.
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The marked sign count method involves collecting
indirect sign data across multiple visits (in our study,
three visits). Data from the first visit describe the distribu-
tion and abundance patterns of the target species over
a longer term, but unknown, time frame; data from
subsequent visits describe the distribution and abun-
dance patterns over a shorter, known time frame. The
standard approach of analyzing marked sign count data
involves discarding data from the first visit. As such,
inference on spatial variation in abundance using the
standard approach is informed by only the short-term
distribution of the species. We thus modified our
approach to include data collected during the first visit
via a joint likelihood (of the hierarchical distance sam-
pling model) in which some parameters are shared
between the first and subsequent visits (Figure 2). Our
modified model uses data from all visits to improve
density estimation; the model includes partially linked
abundance submodels (i.e., separate intercepts but shared
covariate effects) and independent observation submo-
dels between Visit 1 and Visits 2-3 (Figure 2).

Conventional distance sampling using marked
sign data

In conventional distance sampling, realized animal den-
sity across the study area, 13, is assumed to be a function
of the number of signs, ¢;, detected along the line transect
Jj» the total area surveyed a, the average probability of
detection of signs within the surveyed region p, the sign
production rate (i.e., conversion factor from sign to ani-
mal density) r, and the time interval (i.e., conversion fac-
tor) between the first, second, and third visits ¢:

2.

aprt’

D= (1)

The time interval is calculated by summing the aver-
age number of days that signs remained visible between
Visits 1 and 2, and Visits 2 and 3. We estimate p using a
half-normal detection function g(x) that describes the
probability of detecting a sign (i.e., nests, dung) condi-
tional on perpendicular distance x from the line transect:

Average defection probability

7
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FIGURE 2

Modified hierarchical distance sampling model with shared covariate effects across all visits. Subscript v=1 and

v=2,3 indicate whether model parameters are associated with either Visit 1 or Visits 2-3 of the marked sign count data, while j indexes

transect. y; are the observed distances to signs, o is the scale parameter, which determines how rapidly detection probability declines with

distance, g(x) is the detection function, p is the average detection probability across the surveyed area, ¢; is the count of signs, N; is the true

(latent) number of signs, ; is the expected density of signs, f is an intercept, B, and B, are the linear and quadratic effects of elevation z; on

expected sign density, and g; is the area surveyed by transect j. Shared parameters are shown with a dashed box.
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where o is a scale parameter that determines how quickly
detectability decays over distance x. The average detec-
tion probability p is derived using the following equation:

13=J g0, 3)

where w is the effective strip width within which observa-
tions were made, [x*] is the probability distribution of
observed distances, which is equal to % assuming random
placement of transects with respect to the signs. The inte-
gral of Equation (3) is solved by specifying a probability
density function f(x) of observed perpendicular distances
to estimate parameters of g(x):

f(x) :Wg&. (4)

We fit conventional distance sampling models using
both maximum likelihood (Distance in R; Miller, Pacifici,
et al,, 2019) and Bayesian inference (JAGS; Plummer,
2003, jagsUI package in R; Kellner, 2021). For Bayesian
inference, we used Uniform (1, 25) and Uniform (1, 5)
priors for the scale parameter ¢ for chimpanzees and ele-
phants, respectively. The bounds of the uniform priors
were substantiated with a prior predictive check to
visualize the implied relationships between detection
probability and distance, and to assess whether these
relationships were biologically reasonable (Appendix S1:
Figure S1). For maximum likelihood inference, we used
three encounter rate variance estimators that reduce bias
in density estimates: (1) overlapping strata (O2) and
(2) nonoverlapping strata (S2) that have been developed
for systematic line transect designs, and (3) a random
design-based estimator (R2) that performs well for both
random and systematic designs when objects are distrib-
uted uniformly in space (Fewster et al, 2009;
Appendix S1: Figure S2). We defined strata as spatially
adjacent transect pairs, which are grouped together in a
post-stratification process under the assumption that
such groupings have similar spatial patterns of animal
density (Fewster et al., 2009).

Hierarchical distance sampling model using
marked sign data

Hierarchical distance sampling models estimate the aver-
age probability p of detecting objects within the surveyed

area by integrating the detection function g(x) across all
distance measurements in relation to the probability den-
sity of x, [x*], as specified in Equation (3). We estimated
g(x) by modeling the relationship between perpendicular
distance measurements from the line transect to signs
(i.e., nest, dung), assuming a half-normal detection func-
tion as specified in Equation (2). To estimate the average
detection probability, p, we classified distance measure-
ments into distance classes (h=1,2,...,H) with class
width k and distance breaks [bg,b1], [b1,b2],..., [bH—1,bH]
to enable implementation in a Bayesian framework
(Kéry & Royle, 2016). We computed detection probability
for distance class h and transect j, pj;, by numerically
integrating the detection function g(x) from the distance
class’s first break point by, _1 to its second break point by,
adjusted by distance class width k:

bn
J g(x)dx
Dy =" (5)

The number of distance measurements within each
distance class at transect j, y; (bolded to denote that it is a
vector), follows a multinomial distribution:

y; ~Multinomial (cj, p; ) , (6)

where ¢; is the total number of observed signs at line
transect j, that is, ¢;= ),y and p; is a vector of condi-
tional cell probabilities, that is, the probability that an
object is within distance class h. Conditional cell proba-

bilities must sum to 1 and thus p; = Zp%' Next, the total
nEhi

number of observed signs on a transect, ¢;, follows a bino-
mial distribution with parameters N; (the true number of
signs at line transect j) and p, the average detection prob-
ability of an object within the sampled area, calculated

asp=> Py’
¢j ~ Binomial (N},p). (7)

True abundance of signs N; at each line transect j is
modeled as a negative binomial distribution fitted as a
Poisson-gamma mixture:

Nj ~ Poisson (pjkj>, (8)

where p; controls for overdispersion and is modeled as a
draw from a gamma distribution. We modeled expected
sign density }; as a function of covariates using a log-link
function:
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log () = By + B2 + P2 + log (a), ©)

where f, is the intercept, p; is the linear effect of eleva-
tion z;, B, is the quadratic effect of elevation, and q; is the
area surveyed by transect j. We standardized elevation to
have a mean of 0 and SD of 1.

We fit our models using R (R Core Team, 2023) and
JAGS (Plummer, 2003) software with the jagsUI package
(Kellner, 2021). We ran three parallel chains for 60,000
iterations with a burn-in of 10,000 iterations and thin-
ning rate of 10 to obtain 15,000 posterior samples. We
used Normal (0, 10) priors for parameters f, p;, and f,,
and Uniform (1, 25) and Uniform (1, 5) priors for the
scale parameter ¢ for chimpanzees and elephants, respec-
tively. We assessed convergence by visually inspecting
trace plots and checking that the convergence diagnostic
R < 1.1 (Gelman, 2004).

Modeling innovation: Modified hierarchical
distance sampling model using marked sign
data from all sampling events

Our modified hierarchical distance sampling model
combines data from the first visit of the marked sign
count method and all subsequent visits by linking
parameters in a joint likelihood for the abundance
model and estimating separate observation models
(Figure 2).

We estimated the expected density of signs (i.e., chim-
panzee nests, elephant dung) with separate intercepts for
the first and subsequent visits while covariate effects
(i.e., elevation) were shared across visits. In the equations
below, v indexes visit:

log (}”j,v:l) =PBop1 + P13+ BZZJZ +log (aj)’ (10)

log (7‘j, v:2,3) =Bop—23 T P1g + Bzzjz + log (aj)’ (11)

where A;,—; is the expected density of signs for Visit 1,
Ajv—23 is the expected density of signs for Visits 2-3,
Po.,—1 is the intercept for Visit 1, f,,_, is the intercept
for Visits 2-3, p,andf, are the linear and quadratic
effects of elevation z; that are shared across the two equa-
tions, and g; is the area surveyed by transect j.

The number of days in which signs have been visible
during the first visit (i.e., decay rate) is an important
parameter in the estimation of animal density following
the application of a standing crop method to carry out
surveys (Bessone et al., 2021; Kuehl et al., 2007; Morgan
et al., 2016) and assessing the impacts of climate change

(Bessone et al., 2021). We estimated the mean number of
days (i.e., decay rate) over which signs observed during
Visit 1 of the marked sign count data (i.e., equivalent
to standing crop data) were visible using the modified
hierarchical distance sampling model. We assumed
that population density remained unchanged between
Visit 1 and Visits 2-3. Sign decay rates are traditionally
estimated in the field by collecting information on the
duration required for the signs to decay (Laing et al.,
2003; Morgan et al., 2016; Plumptre & Reynolds, 1996).
Given that both the standing crop (i.e., Visit 1) and
marked sign counts produce similar density estimates
(Kouakou et al., 2009), we derived the duration (S; in
days) over which signs remained visible after Visit
1 using the following equation:

N,—
§——v=1 (12)
Dv:2,3 ra

where N,_; is the total number of signs across transects
observed during Visit 1 corrected for imperfect detection,
D,_, 3 is the realized density of animals per square kilo-
meter from Visits 2-3, and is estimated using
Equation (1), r is the sign production rate, and a is the
sum of the areas of all the transects. Unlike the tradi-
tional model, the modified hierarchical distance sam-
pling model allows the estimation of sign decay rates
for the first visit in the analysis of marked sign
count data.

All parameters in our modified model were esti-
mated using Bayesian inference with R and JAGS and
weakly informative priors as specified in the previous
section. We calculated the average population sizes for
chimpanzees and elephants for the 2007 and 2021 sur-
veys by multiplying the estimated local realized densi-
ties by the area (in square kilometers) of the forest
reserves. We predicted the expected density of chim-
panzees and elephants across the study area in 2007
and 2021 using Equation (11) and estimated the change
in local population density by subtracting 2007
predicted density from the 2021 predicted density using
the R package raster (Hijmans, 2023). In a post hoc
analysis across time, we summarized the posterior dis-
tribution of differences to estimate the probability that
a change in population density had occurred at specific
percentages (e.g., 5%, 10%, 30%). First, we estimated
the percentage change in realized density (e.g., 10%)
using 2007 as the base year, and then computed the
proportion of posterior samples greater or less than the
estimated value to obtain a probability of a change in
population density (R Core Team, 2023). In the results
below, we report the means and 95% credible intervals
(95% CIs) of model estimates.
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Evaluating bias and precision

The relative bias between the expected and observed
signs of chimpanzees and elephants for the hierarchical
and modified hierarchical distance sampling models was
evaluated using leave-one-out cross-validation. Sign
count data for one transect was omitted, and then we fit
the models using the remaining transects (Appendix S1).
We estimated relative bias across the omitted transects
using the following equation:

Relative bias =

> (expected signs per transect — observed signs per transect)
> (observed signs per transect)

(13)

We report coverage (i.e., measure of whether the 95%
CI for the predicted expected sign count contains the
observed value). We assessed the precision of expected
density estimates from the hierarchical and modified
hierarchical distance sampling models by plotting the
effect of covariates obtained using Visit 1 data, Visits 2-3
data, and Visits 1-3 data.

RESULTS
Expected and realized density

We estimated both expected and realized density
(Efford & Fewster, 2013; Royle et al., 2013) of chimpan-
zees and elephants in the study area (Table 2). Expected
density was estimated as a function of covariates
(Equations 9 and 11 for the hierarchical and modified
hierarchical models), assuming that the sign counts are
drawn from a probability distribution, whereas realized

density was estimated assuming that the sign counts are
fixed (i.e., no distribution assumption using Equation 1
for all three model types). The results show that expected
density estimates obtained from a modified hierarchical
distance sampling model are more precise compared with
the hierarchical distance sampling model estimates
(Table 2). However, the realized density estimates were
more similar for conventional, hierarchical, and modified
hierarchical distance sampling models (Appendix S1:
Table S1).

We compared density estimates (realized and
expected) of chimpanzees and elephants from conven-
tional, hierarchical, and modified hierarchical distance
sampling approaches across space (Figure 3).
Conventional distance sampling can only estimate den-
sity at the sampled transects (Figure 3a,b). In contrast,
the hierarchical distance sampling models can be used
to predict density across the study area (Figure 3c,d).
The standard hierarchical distance sampling model
(which includes data from Visits 2-3 only) generally
predicted lower densities of chimpanzees but higher
densities of elephants compared with the modified
hierarchical distance sampling model (which includes
data from all visits).

Bayesian implementation of the conventional dis-
tance sampling model produced more precise estimates
than any of the maximum likelihood estimators
(Figure 4). As a result, the population density estimates
for both chimpanzees and elephants across the two sur-
vey periods were more precise for all models fitted using
Bayesian inference compared with the maximum likeli-
hood estimate obtained using the default variance esti-
mator (Appendix S1: Table S1). The precision of density
estimates from the maximum likelihood implementation
of conventional distance sampling varied—sometimes
dramatically—according to the choice of the variance
estimator (Figure 4).

TABLE 2 Expected and realized density as estimated from hierarchical (HDS) and modified hierarchical (MHDS) distance sampling
models.
Expected density Realized density
Site Year HDS Ccv MHDS (6)% HDS Ccv MHDS (6)%
Chimpanzees
MKFRs 2007 1.12 25.99 1.15 22.08 1.29 6.6 1.29 6.5
MKFRs 2021 1.15 24.79 0.86 21.05 0.94 7.5 0.94 7.4
Elephants
MFR 2007 0.07 34.45 0.087 28.19 0.17 13.1 0.17 13.4
MFR 2021 0.65 22.8 0.58 20.66 0.57 7.3 0.57 7.4

Note: The sites are Maramagambo and Kalinzu Forest Reserves combined (MKFRs) and Maramagambo Forest Reserve (MFR). CV refers to the coefficient of variation.
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FIGURE 3 Spatial variation in density of (a-c) chimpanzees and (b-d) elephants in 2021 using conventional distance sampling

(CDS) (a, b; Visits 2 and 3), hierarchical distance sampling (HDS) (c, d, left column; Visits 2 and 3 with elevation covariate), and the
modified hierarchical distance sampling (MHDS) (c, d, right column; Visits 1-3 with elevation covariate). Chimpanzee estimates are for the
Maramagambo and Kalinzu Forest Reserves, while elephant estimates are for Maramagambo Forest Reserve only. The modified hierarchical
distance sampling (right column) shows spatial variation in density after accounting for both long-term (Visit 1) and recent patterns (Visits

2 and 3) of habitat use by chimpanzees and elephants.

Model validation: Modified hierarchical
distance sampling model

The estimated bias between expected and observed sign
densities for chimpanzee and elephant populations
showed a similar pattern of underfitting or overfitting for
the hierarchical and modified hierarchical distance sam-
pling models across transects (Figure 5a; Appendix S1:
Figures S3 and S4). The relative bias of sign density was

—0.17% (i.e., 2021 survey) and —0.36% (i.e., 2007 survey)
for hierarchical distance sampling, and -0.21%
(i.e., 2021 survey) and —0.14% (i.e., 2007 survey) for the
modified hierarchical distance sampling for chimpan-
zees. For elephants, the relative bias of sign density
was 0.21% (i.e., 2021 survey) and 0.13% (i.e., 2007 sur-
vey) for hierarchical distance sampling, and —0.12
(i.e., 2021 survey) and 0.07% (i.e., 2007 survey) for the
modified  hierarchical distance sampling for
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FIGURE 4 Realized density estimates for chimpanzees and
elephants (2007 and 2021 surveys), averaged across the study area
using conventional distance sampling (Visits 2 and 3). JAGS
indicates estimates generated using Bayesian inference

(i.e., conventional, hierarchical, and modified hierarchical distance
sampling models), while 02, S2, and R2 show maximum likelihood
inferences using different encounter rate variance estimators.
Points represent the mean values, while the thin vertical lines show
the 95% credible and confidence intervals for Bayesian and
maximum likelihood inferences, respectively. O2 and S2 variance
estimators are based on post-stratification and have been developed
for systematic line transect designs, while R2 is based on random
transect designs. Chimpanzee estimates are shown for the
Maramagambo and Kalinzu Forest Reserves, while elephant
estimates are for Maramagambo Forest Reserve only.

chimpanzees. The 95% CI contained the observed value
for all the models and years (Appendix S1: Figures S3
and S4). The modified hierarchical distance sampling
modeling integrates the variability in sign abundance
across space and time, resulting in expected density
estimates that are intermediate between Visit 1, and
Visits 2 and 3 (Figure 5b; Appendix S1: Figures S5-S7).

Density estimates from the modified
hierarchical distance sampling model

The modified hierarchical distancing sampling model
that included all sampling events (i.e., Visits 1-3) pro-
vided inferences that were not possible using either con-
ventional or hierarchical distance sampling that used
data only from Visits 2 to 3 (Table 1). First, the modified
hierarchical distance sampling model estimated more

precise covariate effects on expected animal density
(compared with the standard hierarchical distance sam-
pling model) using data from all visits (Figure 6). For
example, the coefficient of variation (i.e., the ratio of the
SD to the mean) for the linear effect of elevation on
chimpanzee nest density in 2007 was 14% versus 18% for
the modified hierarchical versus standard hierarchical
models. Similarly, the coefficient of variation for the lin-
ear effect of elevation on elephant dung density in 2007
was 15% versus 27% for the modified hierarchical versus
standard hierarchical models. Second, combining the two
datasets (i.e., Visit 1 and Visits 2-3) in the same modeling
framework enabled estimation of the number of days that
signs collected during the first visit were visible. We esti-
mated that chimpanzee nests were visible for 66 days
(95% CI: 54, 80) and 90 days (95% CI: 76, 105), while ele-
phant dung was visible for 30 days (95% CI: 23, 38) and
253 days (95% CI: 188, 332) for the 2021 and 2007 sur-
veys, respectively (Tables 3 and 4).

Population status and change (2007, 2021)

Chimpanzee realized density was higher in Kalinzu than
in Maramagambo in both years (Table 3). For Kalinzu,
we estimated a realized density of 3.74 (95% CI: 3.19, 4.4)
individuals per square kilometer in 2007 and 2.71
(95% CIL: 2.23, 3.3) in 2021, translating to approximately
512 (95% CI: 437, 603) individuals in 2007 and 371
(95% CI: 306, 452) individuals in 2021. The probability that
the population of chimpanzees in Kalinzu declined by 10%
was 0.95. In Maramagambo, we estimated chimpanzee
realized density of 0.59 (95% CI: 0.46, 0.74) in 2007 and
0.44 (95% CI: 0.37, 0.55) in 2021, or an estimated popula-
tion size of 261 (95% CI: 204, 328) individuals in 2007 and
195 (95% CI: 164, 244) in 2021. The probability that chim-
panzee density in Maramagambo had declined by at least
10% was 0.84 (Table 3). The biggest losses in chimpanzee
expected density from 2007 to 2021 were estimated to have
occurred along the Kalinzu-Maramagambo border
(Figure 7). In 2007, chimpanzee expected density increased
with elevation until 1310-1380 m, at which point it began
declining (Figure 6). In contrast, for the 2021 survey, chim-
panzee expected density showed a monotonic increase
with elevation (Figure 6).

We estimated a realized density of 0.17 (95% CI: 0.13,
0.21) elephants per square kilometer in 2007 and 0.57
(95% CI: 0.49, 0.66) in 2021 for Maramagambo, translat-
ing to 75 (95% CI: 58, 93) and 253 (95% CI: 217, 292) indi-
viduals in 2007 and 2021, respectively (Table 4). We
estimated a 0.94 probability that population density of
elephants had increased by at least 100% (~75 individ-
uals, Table 4). The largest increase in elephant expected
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FIGURE 5 (a)Estimated bias in sign density per transect and (b) effect of covariates (log scale) on expected sign density of

chimpanzees. Hierarchical distance sampling (HDS) and modified hierarchical distance sampling (MHDS) indicate model results from
hierarchical and modified hierarchical distance sampling models, respectively. Modified hierarchical distance sampling model (Visits 1-3)
characterizes both short-term and long-term patterns of habitat use as reflected in covariate effects intermediate between those estimated by

models using Visit 1 or Visits 2 and 3 data.

density was observed toward the western boundary of
Maramagambo that borders Queen Elizabeth National
Park (Figure 7). For both the 2007 and 2021 surveys,
elephant expected density decreased with -elevation
monotonically (Figure 6). The areas with the greatest
changes were determined by visual inspection of maps and
referencing the legend to assess the magnitude of change.

DISCUSSION

We extended indirect sign methods to improve inference
on population parameters of elusive species by
implementing a modified hierarchical distance sampling

model that uses data from all marked sign count visits
(i.e., Visit 1 and Visits 2-3) to inform spatial variation in
expected density of a focal species (Figure 2). The modi-
fied hierarchical distance sampling model improved the
precision of covariate effects on expected sign density by
accounting for both long-term (Visit 1) and recent pat-
terns (Visits 2-3) of habitat use by chimpanzees and ele-
phants (Figure 6). By partially sharing parameters in the
ecological model, the model accounts for the variability
in expected density across sites that neither of the indi-
vidual models would be able to characterize. Our model-
ing approach is akin to data integration, which
represents an improved way of estimating population
parameters by linking submodels (Kéry & Royle, 2021;
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Miller, Rexstad, et al., 2019; Zipkin et al., 2023).
Additionally, incorporating Visit 1 data accounts for
some of the variation due to zero inflation in habitat
use observed in subsequent visit data (Dénes et al.,
2015). In a similar vein, Pandong et al. (2018) devel-
oped a zero-inflated N-mixture model that used Visit
1 data as an indicator for orangutan habitat suitability
while accounting for imperfect detection. Their results
showed that incorporating Visit 1 data improved the pre-
cision and reliability of orangutan density estimates.

2007 2021
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FIGURE 6 Effect of elevation on the expected density of
chimpanzees and elephants for the 2007 and 2021 surveys
estimated using the modified hierarchical model approach (blue;
data from all three visits) and the standard approach (orange; data
from only the second and third visits). Lines show means and the
shaded areas show the 95% credible intervals. The modified
approach improves the estimates of covariate effects on expected
animal density by accounting for both the long-term (Visit 1) and
recent patterns (Visits 2 and 3) of habitat use by chimpanzees and
elephants.

Relative bias between the expected and observed sign
densities of chimpanzees and elephants was minimal for
both the hierarchical and modified hierarchical distance
sampling models—suggesting that combining Visit 1 and
Visits 2-3 does not bias parameter estimates (Figure 5a;
Appendix S1: Figures S3 and S4). However, the increase
in precision of covariate effects is due to the modified
hierarchical distance sampling model integrating over
spatial and temporal variation of Visit 1 and Visits 2-3
data—thus improving the model’s predictive ability
(Figure 5b; Appendix S1: Figures S5-S7).

Obtaining reliable estimates of population density for
wildlife species is challenging, especially when using
indirect count methods (Ahrestani et al., 2018; Wanyama
et al,, 2010). Under traditional analysis frameworks,
detecting changes in population density between survey
periods is challenging when using indirect count data
due to a lack of precision (Piel et al., 2015; Plumptre,
2000; Wanyama et al., 2010). For example, a population
change of even 30%-50% is unlikely to be detected when
monitoring mammal populations in African rainforests
using indirect count methods under conventional dis-
tance sampling (Plumptre, 2000; Wanyama et al., 2010).
Our study shows that using Bayesian inference to esti-
mate the posterior distribution of a change in population
density between two survey periods enables assigning a
degree of belief that a change in density has occurred at a
specific percentage (Tables 3 and 4). For example, we
estimated with near certainty (0.98 probability) that the
chimpanzee population density declined by at least 10%
(i.e., ~75 animals; [95% CI: 66, 85]) across the study area
from 2007 to 2021 for the two forest reserves combined
(Table 3). Estimating the posterior distribution for a
change in population density between two survey periods
facilitates the detection of smaller changes in density
(e.g., 5%). Our results are parallel to those of Kiihl et al.
(2017), who estimated a decline of 80.2% between 1990
and 2014 of the western chimpanzee (Pan troglodytes
verus) across its range. The estimated declines were due
to habitat loss, human-wildlife conflicts, diseases, pov-
erty, and a breakdown in protected area management.

TABLE 3 Realized density (mean and 95% CI), the probability of change by certain percentages of decrease between 2007 and 2021,
and the number of days (mean and 95% CI) that signs of chimpanzees remained visible estimated using the modified hierarchical distance

sampling model.

Density Probability of change No. days
Site 2007 2021 5% 10% 30% 50% 2007 2021
MKFRs 1.29 (1.13, 1.46) 0.94 (0.81, 1.09) 0.99 0.98 0.35 0 90 (76, 105) 66 (54, 80)
MFR 0.59 (0.46, 0.74) 0.44 (0.37, 0.55) 0.91 0.84 0.35 0.04 130 (98, 169) 58 (41, 79)
KFR 3.74 (3.19, 4.4) 2.71(2.23,3.3) 0.98 0.95 0.4 0.02 68 (55, 83) 72 (56, 91)

Note: MFR and KFR refer to Maramagambo and Kalinzu Forest Reserves, respectively, while MKFRs represent estimates for the two forest reserves combined.
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During the surveys, all anthropogenic threats (e.g., signs
of logging, snares, mining) observed along transects were
recorded. Thus, chimpanzee declines could be attributed
to increased human activities such as cutting poles and
trees, pit sawing, gold mining, and laying of snares. The
2023 chimpanzee conservation action plan for Uganda
ranked habitat loss as the major threat affecting the per-
sistence of chimpanzees across their range in the country
(MTWA, 2023).

We estimated that the population density of elephants
increased by 50% from 2007 to 2021 in Maramagambo
(~38 individuals) with a probability of 0.99 (Table 4). A
recent aerial survey of large mammals in the neighboring
savanna habitat that is contiguous with Maramagambo
estimated a significant increase in the local abundance of
elephants between 2014 and 2018 (Lamprey et al., 2023). As
such, most of the increase in population density of
elephants in Maramagambo may be attributable to

TABLE 4 Realized density (mean and 95% CI), the probability of change by certain percentages of increase between 2007 and 2021, and
the number of days (mean and 95% CI) that signs of elephants remained visible estimated using the modified hierarchical distance sampling

model.
Density Probability of change No. days
Site 2007 2021 5% 50% 100% 150% 2007 2021
MFR 0.17 (0.13, 0.21) 0.57 (0.49, 0.66) 1 0.99 0.94 0.41 253 (188, 332) 30 (23, 38)

Abbreviation: MFR, Maramagambo Forest Reserve.

Chimpanzee
Modified hierarchical distance sampling model

Elephant
Maodified hierarchical distance sampling model

Change in expected density (2021—-2007) per km*
|

=0.97 0.00 1.20
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FIGURE 7 Map showing the spatial changes in expected density from 2007 to 2021 for chimpanzees and elephants. Chimpanzee
estimates are shown in the Maramagambo and Kalinzu Forest Reserves, while elephant estimates are shown in the Maramagambo Forest

Reserve only. The decline in chimpanzee population density was estimated to be higher in Kalinzu compared with Maramagambo, while the

increase in the population density of elephants was more pronounced toward the western boundary of Maramagambo.
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immigration from the savanna habitat, possibly for
thermal regulation, to escape bush fires, and/or a lack
of forage during the December-February dry season. A
study on the distribution and abundance of elephants in
Queen Elizabeth National Park revealed immigration into
and emigration from the contiguous Kibale National Park
during the June-August and December-March dry sea-
sons, respectively (Buss & Savidge, 1966). Our results sug-
gest that the aerial surveys, which usually cover open
habitats like savanna, may underestimate elephant popu-
lation sizes as individuals move into forests. Although it
is difficult to estimate elephant densities in forested habi-
tats, the indirect sign data suggest that Maramagambo is
an important habitat for elephant populations in the
landscape. Considering that African savanna elephants
are endangered and have lost a substantial amount of
habitat over the last century, our results provide critical
information for conservation planning to further enhance
and aid in their recovery.

Combining all available sign data in the modified
hierarchical distance sampling model enabled the estima-
tion of the number of days that the sign data from Visit
1 remained visible (i.e., the decay rate). Previous sign
decay rate estimates obtained from field observational
studies in East and West Africa forests varied between
29 and 147 days and 45 and 144 days for elephant dung
and chimpanzee nests, respectively (Bessone et al., 2021;
Kouakou et al.,, 2009; Meier et al., 2021; Nchanji &
Plumptre, 2001; Plumptre & Reynolds, 1996). One of the
major factors that influences the decay rates of chimpan-
zee nests (Bessone et al., 2021; Kouakou et al., 2009;
Morgan et al, 2016) and elephant dung (Nchanji &
Plumptre, 2001) is precipitation. As the frequency and
intensity of precipitation increases, the sign decay rate
should also increase. Generally, chimpanzee nests and
elephant dung decayed faster in 2021 compared with
2007 (Tables 3 and 4). However, while chimpanzee nests
decayed faster in Kalinzu (high elevation with more precipi-
tation) than in Maramagambo (low elevation with less pre-
cipitation) in 2007, they decayed more slowly in Kalinzu
than in Maramagambo in 2021. This may be because the
2021 survey was made in the December-February dry
season, while the 2007 data were collected during the
September-November wet season, which differentially
affects decay rates in both forests. The standing crop
(i.e., Visit 1 signs) sampled during the 2007 survey would
have been produced during the June-August dry season,
and we thus expect more nests and dung to have been
visible (i.e., slower decay rates; Tables 3 and 4). Similarly,
the standing crop sampled during the 2021 survey is
likely to be a function of the September-November wet
season, and most of the signs would have decayed
(i.e., faster decay rates; Tables 3 and 4). However, similar

chimpanzee nest decay rates between Maramagambo and
Kalinzu in 2021 suggest that precipitation patterns were
more similar in the September-November wet season in
which most of the nests observed during Visit 1 would
have been produced. Regional climate models predict
that the Albertine Rift will become warmer and wetter,
with mean annual precipitation projected to increase by
3% by 2030 and 12% by 2090 from a 1990 baseline
(Seimon & Picton Phillips, 2012). In addition, a study on
the variation of rainfall patterns in western Uganda that
incorporated ground measurements, remotely sensed
data, and human perceptions indicated that rainy seasons
were becoming wetter and the dry seasons were becom-
ing drier across a 23-year period between 1983 and 2016
(Salerno et al., 2019). Thus, it is important to estimate
survey-specific sign decay rates to enable the accurate
conversion of sign density to animal density due to high
variability in the sign decay rates across seasons and
weather. For example, the nest decay rate of the pygmy
chimpanzees (Pan paniscus) was found to be increasing
over a 15-year period in the Congo basin as a result of
decreasing precipitation, suggesting potential climate
change impacts (Bessone et al., 2021).

Estimating sign decay rates using the modified hierar-
chical distance sampling model assumes that population
density is stable over time (i.e., between Visit 1 and Visits
2-3). Due to the seasonal movement of elephants into the
forest during the dry season (2021 survey), Visit 1 and
Visits 2-3 dung data may have represented different sub-
sets of the population, which would violate the assump-
tion of a stable population across sampling visits. Thus,
the estimated elephant dung decay rate for the 2021 sur-
vey (i.e., 30 [23, 38] days) may not be representative of
the resident elephant population in Maramagambo
(Table 4). To deliver meaningful sign decay rates, it is
important that the animal populations are stable across
all surveys.

Chimpanzee expected density generally increased
with increasing elevation; in 2007, this relationship was
estimated as unimodal with a peak between 1310 and
1380 m (82% of Kalinzu occurs at an altitude greater or
equal to 1380 m), but in 2021, the relationship was
estimated as monotonic (Figure 6). These different
chimpanzee-elevation relationships between the two sur-
vey periods may reflect overall declines in chimpanzee
density in 2021 and/or seasonal difference in habitat use.
Changes in fruiting patterns have been found to influence
the distribution of a chimpanzee community in Nyungwe
National Park along an elevation (1744-2951 m) gradient
(Green et al., 2020). For elephants, expected density gener-
ally decreased with elevation; this relationship was mono-
tonic for both the 2007 and 2021 surveys. The differences
in spatiotemporal abundance patterns of elephants in the
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study area across an elevation gradient between 2007
(survey conducted in wet season) and 2021 (survey cond-
ucted in dry season) might be explained by the seasonal
movement of elephants during the dry season from the
savanna habitat into the forest to feed on tree foliage,
access streams, and to remain in proximity to the water in
Lake Edward (Eltringham, 1977). Using a static variable
such as elevation that correlates with climate variables to
model the abundance of species across time thus pro-
vides a window into the seasonal patterns of habitat use.
Our modified hierarchical distance sampling model
offers several advantages over traditional approaches to
analyzing indirect count data, most notably (1) the abil-
ity to make inferences on spatial patterns of density and
(2) the use of data from all visits to improve the estima-
tion of covariate effects on density (Figure 6). Using con-
ventional distance sampling models, we found that the
precision of realized density estimates for chimpanzees
and elephants varied according to the encounter rate
variance estimator used in maximum likelihood
implementations, and that Bayesian inference provided
much more precise density estimates (Figure 4).
However, studies that apply conventional distance sam-
pling using maximum likelihood rarely report the vari-
ance estimator used. Conventional distance sampling
models are widely used for indirect count studies and
will likely continue to be the status quo given the avail-
ability of user-friendly software (Buckland, 2001). To
facilitate a transition to Bayesian analysis, we provide
the complete code for our analyses, including data for-
matting, model fitting, and postprocessing.

Based on our results, we suggest the following recom-
mendations to improve the use of indirect count data for
wildlife monitoring:

1. Analyze data with Bayesian inference to improve the
precision of animal density estimates and to assess
changes in population density over time. Bayesian
inference facilitates interpretation of population
changes (it is easy to compute changes in density over
time with uncertainty from posterior distributions)
and does not require the use of the delta method
(a theorem that allows the approximation of parame-
ter uncertainty under assumption of asymptotic distri-
bution; Beutner, 2024) to approximate uncertainty,
leading to more precise estimates.

2. When indirect count data are collected following the
marked sign count approach, we recommend applying
the modified hierarchical distance sampling model
when making inferences about population density
across space and time; conventional distance sampling
may be a viable alternative when the aim is to esti-
mate only average population density across a study

area or large variations in spatial abundance patterns
is not expected.

3. Incorporate Visit 1 data in the analysis of marked sign
count data and include relevant covariates. Multiple
(noncollinear) covariates that are hypothesized to
influence the distribution and abundance of the target
species can be included in the modified hierarchical
distance sampling model to account for variations in
patterns of abundance.

4. Consider reanalyzing historical indirect count data
collected via a marked sign count approach using the
modified hierarchical distance sampling model to
evaluate any changes in sign decay rates across space
and time in relation to climate change or other types
of land use changes.

Despite the extra effort required to obtain conversion
factors, indirect count methods remain critical for esti-
mating population densities of species that are difficult to
study directly. The modified hierarchical distance sam-
pling model presented here maximizes the use of all
available data collected with marked sign count proto-
cols, thereby producing the most complete picture of
cryptic populations, including spatiotemporal density
and the abiotic factors that affect realized patterns of
abundance. Improved methodological approaches will
provide enhanced opportunities to detect changes in
hard-to-study animal populations, leading to better con-
servation outcomes in the long run.

AUTHOR CONTRIBUTIONS

Samuel Ayebare and Elise F. Zipkin conceptualized the
study and the analysis and wrote the original draft.
Samuel Ayebare conducted all analyses. Neil A. Gilbert
supported the analysis and contributed to writing the
manuscript. Andrew J. Plumptre and Simon Nampindo
collected the data and contributed to writing the manu-
script. All authors reviewed and edited the manuscript.

ACKNOWLEDGMENTS

We are grateful to the Uganda Wildlife Authority and
National Forestry Authority for the permission to carry
out the surveys in Maramagambo and Kalinzu Forest
Reserves. The surveys of chimpanzees and elephants
were carried out by the Wildlife Conservation Society.
This project was supported by funding from the Wildlife
Conservation Society’s Graduate Scholarship Program
and the Beinecke African Conservation Scholarship
(Samuel Ayebare), World Wildlife Fund’s Russell
E. Train Education for Nature Program (Samuel Ayebare),
an NSF Postdoctoral Research Fellowship in Biology
2208894 (Neil A. Gilbert), and a National Science
Foundation grant DBI-1954406 (Elise F. Zipkin). We

85U017 SUOWIWOD 8A1IE81D 3|edl|dde aus Aq peueAob afe Ssolle O ‘8SN JO S3INJ 10} Akeiq 38Ul UQ AB|1A UO (SUOHIPUOD-PUe-SWB)W0D A8 | 1M AIq Ul U0//:SdNy) SUOIPUOD pue Swie | 81 88S *[6202/20/S0] Uo ARiqiaulluo A8|iMm ‘Aiseaiun ates uebiyol N AQ 0STOZ ZS99/Z00T OT/10p/wod A8 | im Areiqijpul|uo s feuno fess//:sdny wo.j pepeojumod ‘Z ‘5202 ‘52680ST2



ECOSPHERE

17 of 20

thank the subject-matter editor, two anonymous
reviewers, and dissertation committee members for con-
structive comments on the manuscript.

CONFLICT OF INTEREST STATEMENT
The authors declare no conflicts of interest.

DATA AVAILABILITY STATEMENT

Data (Ayebare et al.,, 2024a) and code (Ayebare et al.,
2024b) are available from Dryad (https://doi.org/10.5061/
dryad.4j0zpc8nz) and Zenodo (https://doi.org/10.5281/
zenodo.14199995), respectively.

ORCID

Samuel Ayebare ‘© https://orcid.org/0000-0003-1215-486X
Neil A. Gilbert @ https://orcid.org/0000-0003-0949-5612
Andrew J. Plumptre ‘© https://orcid.org/0000-0002-9333-
4047

Elise F. Zipkin ‘© https://orcid.org/0000-0003-4155-6139

REFERENCES

Ahrestani, F. S.,, N. S. Kumar, S. Vaidyanathan, L. Hiby,
D. Jathanna, and K. U. Karanth. 2018. “Estimating Densities
of Large Herbivores in Tropical Forests: Rigorous Evaluation
of a Dung-Based Method.” Ecology and Evolution 8(15):
7312-22. https://doi.org/10.1002/ece3.4227.

Ayebare, S., N. A. Gilbert, A. J. Plumptre, S. Nampindo, and E. F.
Zipkin. 2024a. “Data From: Improving Population Analysis
Using Indirect Count Data: A Case Study of Chimpanzees and
Elephants.” Dataset. Dryad. https://doi.org/10.5061/dryad.
4j0zpc8nz.

Ayebare, S., N. A. Gilbert, A. J. Plumptre, S. Nampindo, and E. F.
Zipkin. 2024b. “Improving Population Analysis Using Indirect
Count Data: A Case Study of Chimpanzees and Elephants.”
Code. Zenodo. https://doi.org/10.5281/zenodo.14199995.

Bessone, M., L. Booto, A. R. Santos, H. S. Kiihl, and B. Fruth. 2021.
“No Time to Rest: How the Effects of Climate Change on Nest
Decay Threaten the Conservation of Apes in the Wild
[Dataset].” Edmond. https://doi.org/10.17617/3.6E.

Beutner, E. 2024. “Delta Method, Asymptotic Distribution.” WIREs
Computational Statistics 16(1): e1634. https://doi.org/10.1002/
wics.1634.

Buckland, S. T., ed. 2001. Introduction to Distance Sampling:
Estimating Abundance of Biological Populations. Oxford:
Oxford University Press.

Buckland, S. T., D. R. Anderson, K. P. Burnham, J. L. Laake, D. L.
Borchers, and L. Thomas. 2004. Advanced Distance Sampling:
Estimating Abundance of Biological Populations. Oxford:
Oxford University Press.

Buss, I. O., and J. M. Savidge. 1966. “Change in Population Number
and Reproductive Rate of Elephants in Uganda.” The Journal
of Wildlife Management 30(4): 791. https://doi.org/10.2307/
3798287.

Cappelle, N., M. Després-Einspenner, E. J. Howe, C. Boesch, and
H. S. Kiihl. 2019. “Validating Camera Trap Distance Sampling
for Chimpanzees.” American Journal of Primatology 81(3):
€22962. https://doi.org/10.1002/ajp.22962.

Carvalho, J. S., B. Graham, G. Bocksberger, F. Maisels, E. A.
Williamson, S. Wich, T. Sop, et al. 2021. “Predicting Range
Shifts of African Apes under Global Change Scenarios.”
Diversity and Distributions 27(9): 1663-79.

Ceballos, G., P. R. Ehrlich, and R. Dirzo. 2017. “Biological
Annihilation via the Ongoing Sixth Mass Extinction Signaled
by Vertebrate Population Losses and Declines.” Proceedings of
the National Academy of Sciences of the United States
of America 114(30): E6089-E6096. https://doi.org/10.1073/
pnas.1704949114.

De La Fuente, A., B. T. Hirsch, L. A. Cernusak, and S. E. Williams.
2021. “Predicting Species Abundance by Implementing the
Ecological Niche Theory.” Ecography 44(11): 1723-30. https://
doi.org/10.1111/ecog.05776.

Dénes, F. V., L. F. Silveira, and S. R. Beissinger. 2015. “Estimating
Abundance of Unmarked Animal Populations: Accounting for
Imperfect Detection and Other Sources of Zero Inflation.”
Methods in Ecology and Evolution 6(5): 543-556. https://doi.
0rg/10.1111/2041-210X.12333.

Efford, M. G., and R. M. Fewster. 2013. “Estimating Population Size
by Spatially Explicit Capture-Recapture.” Oikos 122(6):
918-928. https://doi.org/10.1111/j.1600-0706.2012.20440.x.

Eltringham, S. K. 1977. “The Numbers and Distribution of
Elephant Loxodonta africana in the Rwenzori National Park
and Chambura Game Reserve, Uganda.” African Journal of
Ecology 15(1): 19-39. https://doi.org/10.1111/j.1365-2028.1977.
tb00375.x.

Farr, T. G., and M. Kobrick. 2000. “Shuttle Radar Topography
Mission Produces a Wealth of Data.” Eos, Transactions
American Geophysical Union 81(48): 583-85.

Fewster, R. M. 2011. “Variance Estimation for Systematic Designs
in Spatial Surveys.” Biometrics 67(4): 1518-31. https://doi.org/
10.1111/j.1541-0420.2011.01604.x.

Fewster, R. M., S. T. Buckland, K. P. Burnham, D. L. Borchers, P. E.
Jupp, J. L. Laake, and L. Thomas. 2009. “Estimating the
Encounter Rate Variance in Distance Sampling.” Biometrics
65(1): 225-236. https://doi.org/10.1111/j.1541-0420.2008.01018.x.

Gelman, A., ed. 2004. Bayesian data analysis, 2nd ed. Boca Raton,
FL: Chapman & Hall/CRC.

Gobush, K. S, C. T. T. Edwards, D. Balfour, G. Wittemyer, F.
Maisels, and R. D. Taylor. 2022. Loxodonta africana (Amended
Version of 2021 Assessment). The IUCN Red List of Threatened
Species 2022: .T181008073A223031019. https://doi.org/10.
2305/TUCN.UK.2022-2.RLTS.T181008073A223031019.en.

Green, S. J., B. J. Boruff, P. Niyigaba, I. Ndikubwimana, and C. C.
Grueter. 2020. “Chimpanzee Ranging Responses to Fruit
Availability in a High-Elevation Environment.” American
Journal of Primatology 82(5): €23119. https://doi.org/10.1002/
ajp.23119.

Gusset, M., and N. Burgener. 2005. “Estimating Larger Carnivore
Numbers From Track Counts and Measurements.” African
Journal of Ecology 43(4): 320-24. https://doi.org/10.1111/j.
1365-2028.2005.00581.x.

Hashimoto, C. 1995. “Population Census of the Chimpanzees in the
Kalinzu Forest, Uganda: Comparison Between Methods With
Nest Counts.” Primates 36(4): 477-488. https://doi.org/10.
1007/BF02382870.

Hashimoto, C., T. Furuichi, Y. Tashiro, and D. Kimura. 1999.
“Vegetation of the Kalinzu Forest, Uganda: Ordination of

85U017 SUOWIWOD 8A1IE81D 3|edl|dde aus Aq peueAob afe Ssolle O ‘8SN JO S3INJ 10} Akeiq 38Ul UQ AB|1A UO (SUOHIPUOD-PUe-SWB)W0D A8 | 1M AIq Ul U0//:SdNy) SUOIPUOD pue Swie | 81 88S *[6202/20/S0] Uo ARiqiaulluo A8|iMm ‘Aiseaiun ates uebiyol N AQ 0STOZ ZS99/Z00T OT/10p/wod A8 | im Areiqijpul|uo s feuno fess//:sdny wo.j pepeojumod ‘Z ‘5202 ‘52680ST2


https://doi.org/10.5061/dryad.4j0zpc8nz
https://doi.org/10.5061/dryad.4j0zpc8nz
https://doi.org/10.5281/zenodo.14199995
https://doi.org/10.5281/zenodo.14199995
https://orcid.org/0000-0003-1215-486X
https://orcid.org/0000-0003-1215-486X
https://orcid.org/0000-0003-0949-5612
https://orcid.org/0000-0003-0949-5612
https://orcid.org/0000-0002-9333-4047
https://orcid.org/0000-0002-9333-4047
https://orcid.org/0000-0002-9333-4047
https://orcid.org/0000-0003-4155-6139
https://orcid.org/0000-0003-4155-6139
https://doi.org/10.1002/ece3.4227
https://doi.org/10.5061/dryad.4j0zpc8nz
https://doi.org/10.5061/dryad.4j0zpc8nz
https://doi.org/10.5281/zenodo.14199995
https://doi.org/10.17617/3.6E
https://doi.org/10.1002/wics.1634
https://doi.org/10.1002/wics.1634
https://doi.org/10.2307/3798287
https://doi.org/10.2307/3798287
https://doi.org/10.1002/ajp.22962
https://doi.org/10.1073/pnas.1704949114
https://doi.org/10.1073/pnas.1704949114
https://doi.org/10.1111/ecog.05776
https://doi.org/10.1111/ecog.05776
https://doi.org/10.1111/2041-210X.12333
https://doi.org/10.1111/2041-210X.12333
https://doi.org/10.1111/j.1600-0706.2012.20440.x
https://doi.org/10.1111/j.1365-2028.1977.tb00375.x
https://doi.org/10.1111/j.1365-2028.1977.tb00375.x
https://doi.org/10.1111/j.1541-0420.2011.01604.x
https://doi.org/10.1111/j.1541-0420.2011.01604.x
https://doi.org/10.1111/j.1541-0420.2008.01018.x
https://doi.org/10.2305/IUCN.UK.2022-2.RLTS.T181008073A223031019.en
https://doi.org/10.2305/IUCN.UK.2022-2.RLTS.T181008073A223031019.en
https://doi.org/10.1002/ajp.23119
https://doi.org/10.1002/ajp.23119
https://doi.org/10.1111/j.1365-2028.2005.00581.x
https://doi.org/10.1111/j.1365-2028.2005.00581.x
https://doi.org/10.1007/BF02382870
https://doi.org/10.1007/BF02382870

18 of 20 |

AYEBARE ET AL.

Forest Types Using Principal Component.” African Study
Monographs 20(4): 229-239.

Hedges, S., F. Maisels, and S. Blake. 2012. “Estimating Absolute
Densities of Elephant Populations Using Dung Counts along
Line Transects: Field Methods.” In Monitoring Elephants and
Assessing Threats: A Manual for Researchers, Managers
and Conservationists, edited by S. Hedges, 172-213.
Himayatnagar: Universities Press (India).

Hijmans, R. 2023. “raster: Geographic Data Analysis and
Modeling.” R Package Version 3.6-23, https://CRAN.R-project.
org/package=raster [Computer software].

Howard, P. C. 1991. Nature Conservation in Uganda’s Tropical
Forest Reserves. Gland,I Switzerland and Cambridge: TUCN.
xvii + 313 pp.

Humle, T., F. Maisels, J. F. Oates, A. Plumptre, and E. A.
Williamson. 2016. Pan troglodytes (errata version published in
2018). The ITUCN Red List of Threatened Species 2016:e.
T15933A129038584. https://doi.org/10.2305/TUCN.UK.2016-2.
RLTS.T15933A17964454.en.

TUCN SSC Primate Specialist Group. 2020. Regional Action Plan for
the Conservation of Western Chimpanzees (Pan troglodytes
verus) 2020-2030. IUCN, International Union for
Conservation of Nature. Gland, Switzerland: https://doi.org/
10.2305/TUCN.CH.2020.SSC-RAP.2.en.

Jiang, F., P. Song, J. Zhang, Z. Cai, X. Chi, H. Gao, W. Qin, S. Li,
and T. Zhang. 2020. “Assessing the Impact of Climate
Change on the Spatio-Temporal Distribution of
Foot-and-Mouth Disease Risk for Elephants.” Global
Ecology and Conservation 23: e01176. https://doi.org/10.
1016/j.gecco0.2020.e01176.

Johnston, A., D. Fink, M. D. Reynolds, W. M. Hochachka, B. L.
Sullivan, N. E. Bruns, E. Hallstein, M. S. Merrifield,
S. Matsumoto, and S. Kelling. 2015. “Abundance Models
Improve Spatial and Temporal Prioritization of Conservation
Resources.” Ecological Applications 25(7): 1749-56. https://doi.
0rg/10.1890/14-1826.1.

Jung, T. S., and P. M. Kukka. 2016. “Influence of Habitat Type on
the Decay and Disappearance of Elk Cervus canadensis Pellets
in Boreal Forest of Northwestern Canada.” Wildlife Biology
22(4): 160-66. https://doi.org/10.2981/wlb.00186.

Kellner, K. 2021. “jagsUI: A Wrapper Around “rjags” to Streamline
“JAGS” Analyses.” R Package Version 1.5.2, https://CRAN.R-
project.org/package=jagsUI (Version package Version 1.5.2)
[Computer Software].

Kéry, M., and J. A. Royle. 2016. Applied Hierarchical Modeling in
Ecology: Analysis of Distribution, Abundance and Species
Richness in R and BUGS. Amsterdem, The Netherlands; Boston,
MA: Elsevier/AP, Academic Press is an imprint of Elsevier.

Kéry, M., and J. A. Royle. 2021. “Applied Hierarchical Modeling in
Ecology: Analysis of Distribution, Abundance and Species
Richness in R and BUGS.” In Dynamic and advanced models,
Vol. 2. London, Oxford, UK; CA, MA: Academic Press is an
imprint of Elsevier.

Kouakou, C. Y., C. Boesch, and H. Kuehl. 2009. “Estimating
Chimpanzee Population Size With Nest Counts: Validating
Methods in Tai National Park.” American Journal of
Primatology 71(6): 447-457. https://doi.org/10.1002/ajp.20673.

Kuehl, H. S., A. Todd, C. Boesch, and P. D. Walsh. 2007.
“Manipulating Decay Time for Efficient Large-Mammal

Density Estimation: Gorillas and Dung Height.” Ecological
Applications 17(8): 2403-14. https://doi.org/10.1890/06-0934.1.
Kiihl, H. S., T. Sop, E. A. Williamson, R. Mundry, D. Brugiere, G.
Campbell, H. Cohen, et al. 2017. “The Critically Endangered
Western Chimpanzee Declines by 80%.” American Journal of
Primatology 79(9): €22681. https://doi.org/10.1002/ajp.22681.

Laing, S. E., S. T. Buckland, R. W. Burn, D. Lambie, and
A. Amphlett. 2003. “Dung and Nest Surveys: Estimating Decay
Rates.” Journal of Applied Ecology 40(6): 1102-11. https://doi.
0rg/10.1111/j.1365-2664.2003.00861 ..

Lamprey, R. H.,, M. Keigwin, and C. Tumwesigye. 2023. “A
High-Resolution Aerial Camera Survey of Uganda’s Queen
Elizabeth Protected Area Improves Detection of Wildlife and
Delivers a Surprisingly High Estimate of the Elephant
Population.” bioRxiv, 2023-02. https://doi.org/10.1101/2023.02.
06.525067.

Ledger, S. E. H., J. Loh, R. Almond, M. Boshm, C. F. Clements, J.
Currie, S. Deinet, et al. 2023. “Past, Present, and Future of the
Living Planet Index.” npj Biodiversity 2(1): 12. https://doi.org/
10.1038/s44185-023-00017-3.

Lollback, G. W., R. Mebberson, N. Evans, J. D. Shuker, and J.-M.
Hero. 2015. “Estimating the Abundance of the Bilby (Macrotis
lagotis): A Vulnerable, Uncommon, Nocturnal Marsupial.”
Australian Mammalogy 37(1): 75. https://doi.org/10.1071/
AM14024.

Marques, F. F., S. T. Buckland, D. Goffin, C. E. Dixon, D. L.
Borchers, B. A. Mayle, and A. J. Peace. 2001. “Estimating
Deer Abundance From Line Transect Surveys of Dung: Sika
Deer in Southern Scotland.” Journal of Applied Ecology 38:
349-363.

Meier, A. C., M. H. Shirley, C. Beirne, T. Breuer, M. Lewis,
J. Masseloux, L. Jasperse-Sjolander, A. Todd, and J. R. Poulsen.
2021. “Improving Population Estimates of Difficult-to-Observe
Species: A Dung Decay Model for Forest Elephants With
Remotely Sensed Imagery.” Animal Conservation 24(6):
1032-45. https://doi.org/10.1111/acv.12704.

Miller, D. A. W., K. Pacifici, J. S. Sanderlin, and B. J. Reich. 2019.
“The Recent Past and Promising Future for Data Integration
Methods to Estimate Species’ Distributions.” Methods in
Ecology and Evolution 10: 22-37. https://doi.org/10.1111/2041-
210X.13110.

Miller, D. L., M. L. Burt, E. A. Rexstad, and L. Thomas. 2013.
“Spatial Models for Distance Sampling Data: Recent
Developments and Future Directions.” Methods in Ecology and
Evolution 4(11): 1001-10. https://doi.org/10.1111/2041-210X.
12105.

Miller, D. L., E. Rexstad, L. Thomas, L. Marshall, and J. L. Laake.
2019. “Distance Sampling in R.” Journal of Statistical Software
89(1): 1-28. https://doi.org/10.18637/jss.v089.i01.

Mohanarangan, A, S.  Chinnaiyan, S.  Kaliyaperumal,
S. Shanmugavelu, and A. A. Desai. 2022. “Age-Specific
Differences in Asian Elephant Defecation, Dung Decay, Detection
and Their Implication for Dung Count.” Ecological Solutions and
Evidence 3(2): €12145. https://doi.org/10.1002/2688-8319.12145.

Morgan, D., C. Sanz, J. R. Onononga, and S. Strindberg. 2016.
“Factors Influencing the Survival of Sympatric Gorilla (Gorilla
gorilla gorilla) and Chimpanzee (Pan troglodytes troglodytes)
Nests.” International Journal of Primatology 37(6): 718-737.
https://doi.org/10.1007/s10764-016-9934-9.

85U017 SUOWIWOD 8A1IE81D 3|edl|dde aus Aq peueAob afe Ssolle O ‘8SN JO S3INJ 10} Akeiq 38Ul UQ AB|1A UO (SUOHIPUOD-PUe-SWB)W0D A8 | 1M AIq Ul U0//:SdNy) SUOIPUOD pue Swie | 81 88S *[6202/20/S0] Uo ARiqiaulluo A8|iMm ‘Aiseaiun ates uebiyol N AQ 0STOZ ZS99/Z00T OT/10p/wod A8 | im Areiqijpul|uo s feuno fess//:sdny wo.j pepeojumod ‘Z ‘5202 ‘52680ST2


https://cran.r-project.org/package=raster
https://cran.r-project.org/package=raster
https://doi.org/10.2305/IUCN.UK.2016-2.RLTS.T15933A17964454.en
https://doi.org/10.2305/IUCN.UK.2016-2.RLTS.T15933A17964454.en
https://doi.org/10.2305/IUCN.CH.2020.SSC-RAP.2.en
https://doi.org/10.2305/IUCN.CH.2020.SSC-RAP.2.en
https://doi.org/10.1016/j.gecco.2020.e01176
https://doi.org/10.1016/j.gecco.2020.e01176
https://doi.org/10.1890/14-1826.1
https://doi.org/10.1890/14-1826.1
https://doi.org/10.2981/wlb.00186
https://cran.r-project.org/package=jagsUI
https://cran.r-project.org/package=jagsUI
https://doi.org/10.1002/ajp.20673
https://doi.org/10.1890/06-0934.1
https://doi.org/10.1002/ajp.22681
https://doi.org/10.1111/j.1365-2664.2003.00861.x
https://doi.org/10.1111/j.1365-2664.2003.00861.x
https://doi.org/10.1101/2023.02.06.525067
https://doi.org/10.1101/2023.02.06.525067
https://doi.org/10.1038/s44185-023-00017-3
https://doi.org/10.1038/s44185-023-00017-3
https://doi.org/10.1071/AM14024
https://doi.org/10.1071/AM14024
https://doi.org/10.1111/acv.12704
https://doi.org/10.1111/2041-210X.13110
https://doi.org/10.1111/2041-210X.13110
https://doi.org/10.1111/2041-210X.12105
https://doi.org/10.1111/2041-210X.12105
https://doi.org/10.18637/jss.v089.i01
https://doi.org/10.1002/2688-8319.12145
https://doi.org/10.1007/s10764-016-9934-9

ECOSPHERE

19 of 20

MTWA. 2023. “National Chimpanzee Conservation Strategy for
Uganda (2023/24-2032/33).” Kampala, Uganda: Published by
Ministry of Tourism, Wildlife, and Antiquities.

Nchanji, A. C., P. F. Forboseh, and J. A. Powell. 2008. “Estimating
the Defaecation Rate of the African Forest Elephant
(Loxodonta cyclotis) in Banyang-Mbo Wildlife Sanctuary,
South-Western Cameroon.” African Journal of Ecology 46(1):
55-59. https://doi.org/10.1111/j.1365-2028.2007.00808.x.

Nchanji, A. C., and A. J. Plumptre. 2001. “Seasonality in Elephant
Dung Decay and Implications for Censusing and Population
Monitoring in South-Western Cameroon.” African Journal of
Ecology 39(1): 24-32.

Nichols, J., and B. Williams. 2006. “Monitoring for Conservation.”
Trends in Ecology & Evolution 21(12): 668-673. https://doi.org/
10.1016/j.tree.2006.08.007.

Otis, D. L., K. P. Burnham, G. C. White, and D. R. Anderson. 1978.
“Statistical Inference From Capture Data on Closed Animal
Populations.” Wildlife Monographs 62: 3-135.

Palm, E. C, S. Fluker, H. K. Nesbitt, A. L. Jacob, and M.
Hebblewhite. 2020. “The Long Road to Protecting Critical
Habitat for Species at Risk: The Case of Southern Mountain
Woodland Caribou.” Conservation Science and Practice 2(7):
€219. https://doi.org/10.1111/csp2.219.

Pandong, J., M. Gumal, L. Alen, A. Sidu, S. Ng, and L. P. Koh. 2018.
“Population Estimates of Bornean Orang-Utans Using
Bayesian Analysis at the Greater Batang Ai-Lanjak-Entimau
Landscape in Sarawak, Malaysia.” Scientific Reports 8(1):
15672. https://doi.org/10.1038/s41598-018-33872-3.

Piel, A. K., N. Cohen, S. Kamenya, S. A. Ndimuligo, L. Pintea, and
F. A. Stewart. 2015. “Population Status of Chimpanzees in the
Masito-Ugalla Ecosystem, Tanzania.” American Journal of
Primatology 77(10): 1027-35. https://doi.org/10.1002/ajp.22438.

Plummer, M. 2003. “JAGS: A Program for Analysis of Bayesian
Graphical Models Using Gibbs Sampling.” In Proceedings of
the 3rd International Workshop on Distributed Statistical
Computing, 20-2 [Computer Software].

Plumptre, A. J. 2000. “Monitoring Mammal Populations With Line
Transect Techniques in African Forests.” Journal of Applied
Ecology 37(2): 356-368. https://doi.org/10.1046/].1365-2664.
2000.00499.x.

Plumptre, A. J. 2010. Eastern Chimpanzee (Pan troglodytes
schweinfurthii): Status Survey and Conservation Action Plan,
2010-2020. Gland, Switzerland: TUCN.

Plumptre, A. J., D. Cox, and S. Mugume. 2003. “The Status of
Chimpanzees in Uganda.” Albertine Rift Technical Report
Series No. 2. Wildlife Conservation Society.

Plumptre, A. J.,, T. R. B. Davenport, M. Behangana, R. Kityo,
G. Eilu, P. Ssegawa, C. Ewango, et al. 2007. “The Biodiversity
of the Albertine Rift.” Biological Conservation 134(2): 178-194.
https://doi.org/10.1016/j.biocon.2006.08.021.

Plumptre, A. J., and S. Harris. 1995. “Estimating the Biomass of
Large Mammalian Herbivores in a Tropical Montane
Forest: A Method of Faecal Counting That Avoids
Assuming a ‘Steady State’ System.” Journal of Applied
Ecology 32: 111-120.

Plumptre, A. J., and V. Reynolds. 1996. “Censusing Chimpanzees in
the Budongo Forest, Uganda.” International Journal of
Primatology 17(1): 85-99. https://doi.org/10.1007/BF02696160.

Plumptre, A. J., and V. Reynolds. 1997. “Nesting Behavior of
Chimpanzees: Implications for Censuses.” International
Journal of Primatology 18: 475-485.

Pollock, K. H. 1976. “Building Models of Capture-Recapture
Experiments.” The Statistician 25(4): 253. https://doi.org/10.
2307/2988083.

R Core Team. 2023. R: A Language and Environment for Statistical
Computing. Vienna: R Foundation for Statistical Computing.
https://www.R-project.org/.

Rainey, H. J., F. C. Iyenguet, G.-A. F. Malanda, B. Madzoké, D. D.
Santos, E. J. Stokes, F. Maisels, and S. Strindberg. 2010.
“Survey of Raphia Swamp Forest, Republic of Congo,
Indicates High Densities of Critically Endangered Western
Lowland Gorillas Gorilla gorilla gorilla.” Oryx 44(1): 124.
https://doi.org/10.1017/S003060530999010X.

Royle, J. A. 2004. “N -Mixture Models for Estimating Population
Size From Spatially Replicated Counts.” Biometrics 60(1):
108-115. https://doi.org/10.1111/j.0006-341X.2004.00142.x.

Royle, J. A., R. B. Chandler, R. Sollmann, and B. Gardner. 2013.
Spatial  Capture-Recapture.  Academic  Press;  USGS
Publications Warehouse. MA: Elsevier/AP, Academic Press is
an imprint of Elsevier. https://pubs.usgs.gov/publication/
70048654.

Salerno, J., J. E. Diem, B. L. Konecky, and J. Hartter. 2019. “Recent
Intensification of the Seasonal Rainfall Cycle in Equatorial
Africa Revealed by Farmer Perceptions, Satellite-Based
Estimates, and Ground-Based Station Measurements.”
Climatic Change 153(1-2): 123-139. https://doi.org/10.1007/
$10584-019-02370-4.

Sanz, C. M. 2004. “Behavioral Ecology of Chimpanzees in a Central
African Forest: Pan Troglodytes Troglodytes in the Goualougo
Triangle, Republic of Congo.” PhD diss.,, Washington
University, Saint Louis.

Seimon, A., and G. Picton Phillips. 2012. “Regional Climatology
of the Albertine Rift.” In The Ecological Impact of Long
Term Changes in Africa’s Rift Valley, edited by A. Plumpre,
18-38. UK: Nova Science Pub Inc.

Spehar, S. N., P. D. Mathewson, S. A. Wich, A. J. Marshall, H. Kiihl,
and E. Meijaard. 2010. “Estimating Orangutan Densities Using
the Standing Crop and Marked Nest Count Methods: Lessons
Learned for Conservation: Assessment of Orangutan Nest
Count Methods.” Biotropica 42(6): 748-757. https://doi.org/10.
1111/j.1744-7429.2010.00651.X.

Thomas, L., S. T. Buckland, E. A. Rexstad, J. L. Laake,
S. Strindberg, S. L. Hedley, J. R. B. Bishop, T. A. Marques, and
K. P. Burnham. 2010. “Distance Software: Design and Analysis
of Distance Sampling Surveys for Estimating Population Size.”
Journal of Applied Ecology 47(1): 5-14. https://doi.org/10.1111/
j-1365-2664.2009.01737 .X.

Twahirwa, C. J., D. Tuyisingize, A. Sekabanza, P. Twagirimana,
T. S. Stoinski, R. Muvunyi, and Y. Van Der Hoek. 2023.
“Positive  Population Among Meso- and
Megaherbivores Follow Intensive Conservation Efforts in
Volcanoes National Park, Rwanda.” Wildlife Biology: e01118.
https://doi.org/10.1002/wlb3.01118.

Waldock, C., R. D. Stuart-Smith, C. Albouy, W. W. L. Cheung, G. J.
Edgar, D. Mouillot, J. Tjiputra, and L. Pellissier. 2022. “A
Quantitative Review of Abundance-Based Species Distribution

Trends

85U017 SUOWIWOD 8A1IE81D 3|edl|dde aus Aq peueAob afe Ssolle O ‘8SN JO S3INJ 10} Akeiq 38Ul UQ AB|1A UO (SUOHIPUOD-PUe-SWB)W0D A8 | 1M AIq Ul U0//:SdNy) SUOIPUOD pue Swie | 81 88S *[6202/20/S0] Uo ARiqiaulluo A8|iMm ‘Aiseaiun ates uebiyol N AQ 0STOZ ZS99/Z00T OT/10p/wod A8 | im Areiqijpul|uo s feuno fess//:sdny wo.j pepeojumod ‘Z ‘5202 ‘52680ST2


https://doi.org/10.1111/j.1365-2028.2007.00808.x
https://doi.org/10.1016/j.tree.2006.08.007
https://doi.org/10.1016/j.tree.2006.08.007
https://doi.org/10.1111/csp2.219
https://doi.org/10.1038/s41598-018-33872-3
https://doi.org/10.1002/ajp.22438
https://doi.org/10.1046/j.1365-2664.2000.00499.x
https://doi.org/10.1046/j.1365-2664.2000.00499.x
https://doi.org/10.1016/j.biocon.2006.08.021
https://doi.org/10.1007/BF02696160
https://doi.org/10.2307/2988083
https://doi.org/10.2307/2988083
https://www.r-project.org/
https://doi.org/10.1017/S003060530999010X
https://doi.org/10.1111/j.0006-341X.2004.00142.x
https://pubs.usgs.gov/publication/70048654
https://pubs.usgs.gov/publication/70048654
https://doi.org/10.1007/s10584-019-02370-4
https://doi.org/10.1007/s10584-019-02370-4
https://doi.org/10.1111/j.1744-7429.2010.00651.x
https://doi.org/10.1111/j.1744-7429.2010.00651.x
https://doi.org/10.1111/j.1365-2664.2009.01737.x
https://doi.org/10.1111/j.1365-2664.2009.01737.x
https://doi.org/10.1002/wlb3.01118

20 of 20

AYEBARE ET AL.

Models.” Ecography 2022(1): ecog.05694. https://doi.org/10.
1111/ecog.05694.

Wanyama, F., R. Muhabwe, A. J. Plumptre, C. A. Chapman, and
J. M. Rothman. 2010. “Censusing Large Mammals in Kibale
National Park: Evaluation of the Intensity of Sampling
Required to Determine Change: Censusing Large Mammals.”
African Journal of Ecology 48(4): 953-961. https://doi.org/10.
1111/j.1365-2028.2009.01197 x.

WCS & MUIENR. 2008. “Five Years of Biodiversity Investment in
Uganda-Productive Resources Investment for Managing the
Environment-Biodiversity =~ Monitoring  Final = Report.”
Unpublished Report to USAID. https://library.wcs.org/doi/ctl/
view/mid/33065/pubid/DMX1171200000.aspx.

Wing, L. D., and L. O. Buss. 1970. “Elephants and Forests.” Wildlife
Monographs 19: 3-92.

Zipkin, E. F., J. W. Doser, C. L. Davis, W. Leuenberger, S. Ayebare, and
K. L. Davis. 2023. “Integrated Community Models: A Framework
Combining Multispecies Data Sources to Estimate the Status,

Trends and Dynamics of Biodiversity.” Journal of Animal Ecology
92(12): 2248-62. https://doi.org/10.1111/1365-2656.14012.

SUPPORTING INFORMATION

Additional supporting information can be found online
in the Supporting Information section at the end of this
article.

How to cite this article: Ayebare, Samuel, Neil
A. Gilbert, Andrew J. Plumptre, Simon Nampindo,
and Elise F. Zipkin. 2025. “Improving Population
Analysis Using Indirect Count Data: A Case Study
of Chimpanzees and Elephants.” Ecosphere 16(2):
€70150. https://doi.org/10.1002/ecs2.70150

85U017 SUOWIWOD 8A1IE81D 3|edl|dde aus Aq peueAob afe Ssolle O ‘8SN JO S3INJ 10} Akeiq 38Ul UQ AB|1A UO (SUOHIPUOD-PUe-SWB)W0D A8 | 1M AIq Ul U0//:SdNy) SUOIPUOD pue Swie | 81 88S *[6202/20/S0] Uo ARiqiaulluo A8|iMm ‘Aiseaiun ates uebiyol N AQ 0STOZ ZS99/Z00T OT/10p/wod A8 | im Areiqijpul|uo s feuno fess//:sdny wo.j pepeojumod ‘Z ‘5202 ‘52680ST2


https://doi.org/10.1111/ecog.05694
https://doi.org/10.1111/ecog.05694
https://doi.org/10.1111/j.1365-2028.2009.01197.x
https://doi.org/10.1111/j.1365-2028.2009.01197.x
https://library.wcs.org/doi/ctl/view/mid/33065/pubid/DMX1171200000.aspx
https://library.wcs.org/doi/ctl/view/mid/33065/pubid/DMX1171200000.aspx
https://doi.org/10.1111/1365-2656.14012
https://doi.org/10.1002/ecs2.70150

	Improving population analysis using indirect count data: A case study of chimpanzees and elephants
	Abstract
	INTRODUCTION
	METHODS
	Study area and species
	Data collection
	Modeling approach
	Overview
	Conventional distance sampling using marked sign data
	Hierarchical distance sampling model using marked sign data
	Modeling innovation: Modified hierarchical distance sampling model using marked sign data from all sampling events
	Evaluating bias and precision


	RESULTS
	Expected and realized density
	Model validation: Modified hierarchical distance sampling model
	Density estimates from the modified hierarchical distance sampling model
	Population status and change (2007, 2021)

	DISCUSSION
	AUTHOR CONTRIBUTIONS
	ACKNOWLEDGMENTS
	CONFLICT OF INTEREST STATEMENT
	DATA AVAILABILITY STATEMENT
	ORCID
	REFERENCES
	SUPPORTING INFORMATION


