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ABSTRACT

All great ape species and subspecies are currently classified as endangered or
critically endangered in the IUCN Red List, with wild populations declining at
unprecedented rags. Among them, the bonobd?&n paniscysis perhaps the least
known. With only 30% of its geographical range having been surveyed, the data needed
for assessing its status and trend were lacking until 2016, preventing an update of its
conservation status.

Here, | investigated novel and traditional field methods for the assessment of
bonobo populations, using data acquired in Salonga National Park (SNP), Democratic
Republic of the Congo (DRC). First, | used 16,700 carapraideos to apply camera
trap distance sampling (CTDS), a recent method for estimating population density, to
the bonobo and 13 other species. Secondnalysedl,511 bonobo nests and 15 years
of climatic data (2008018), to investigate factors involved in nest decay, evaluating
the effects of inaccurate nest decay times on density estimates via traditional nest
counts. Finally, I integrated datasets from 13ahént surveys in SNP conducted over
two time periods (2002008; 20122018) including detection/nowletection, count
data and CTDS to estimate bonobo status and treisthg spedically calculated nest
decay times

| showed that CTDS was an excellentthmd providing wildlife density and
abundance, particularly important for threatened species, and highlighted issues in the
application to different species, with reactivity to the cameras being the main source of
bias for the bonobo. | found that decreagi precipitation triggered longer decay times
of bonobo nests in SNP, with the number of storms being the main factor driving nest
decay although a behavioural adaptation with bonobos strengthening nest structure in
response to harsh precipitation. In adidh, | showed that failure to account for nest
specific biotic and abiotic conditions, would lead to bonobo estimates biased up to 60%.
Finally, | showed that an integrated analysis helped mitigating biases peculiar to specific
survey methods, revealingnaimportant, stable bonobo population in SNP. Here, a
pristine habitat and the presence of rangers exerted a positive effect on bonobo
abundance, as did ancestral taboos.

The results of this thesis showed that new methodologies like CTDS, providing
density estimates without the need of conversion factors, retain high potential for

future population monitoring and conservatian Nevertheless, with necessary
1



precautions such as application of time specific decay rates, implementation of
traditional methods stl provides accurate assessment of status and trend. The methods
and recommendations described here are meant to serve as basis for a-nadge

assessment, informing the new bonobo conservation strategy due in 2022.
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CHAPTER 1

General introduction

1.1 Background

Since the industrial revolution, 200 years ago, the world human population has
grown exponentially triggering a dramatic increase in the demand for natural resources
such as food, energyand space. Humar@@pressure on the environment is now
overwhelmingnatural processes, leading to environmental changes at multiple levels
(Zalasiewicz et al.,, 2010Never in the course of historjhas a single species so
LINR F2dzy Rt @ Ay Tf dzSYOSR 9nd N& feras(Cruiizén2 2063 & = |
Steffen, Crutzen and McNeill, 2007)

One of the most pernicious effects of human activities on the planet is its impact
2y O0A2RAOGSNAAGES 6 ArépériedbelfyAn0$ox1a00 Briesinighed ( A 2
than the background rates estimated before the appearancél@io sapiensn the
plaret (Ceballos et al., 20150though human activities also impact the biodiversity of
vascularplant® 9 f f Aa> ! yiAfft YR YNBTFTOIZ HamMuT | d
2019) the animal kingdom is particularly affected: insg@sinn, 2005; Hallnran et al.,

2017; SancheBayo and Wyckhuys, 2019; van Klink et al., 20f€) (Briggs, 2011;
McCauley et al., 2015amphibians(McCallum, 2007; Wake and Vredenburg, 2008)
reptiles(Gibbons et al., 2000; Bohm et al., 201dyds(Sanderson et al., 2008onroe

et al., 2019pnd both land and marine mammadlSeballos and Ehrlich, 2002; Cardillo et
al., 2005; Turvey et al., 2007; Ripple et al., 2015; Jarabeljorreta et al., 2019pare
threatened worldwide.

In addition,the geographical range of mangeiesis also contracting as a result
of human encroachment, and so are their population size, their number in the wild
(IUCN, 2020a)This is leading to an anthropogefmciuced global defaunatio(Dirzo et
al., 2014) with 30% of the living terrdésal vertebrate beingin dangerof extinction
(IUCN, 2020and population sizes declining by 28vbaverage over the past 40 years
(Dirzo et al., 2014) arge bodied species are reported being particularly affected, mainly
as a result ofl) active selection by human hunters since the late Pleisto¢8aadom
et al., 2014)o present daygRipple et al., 2019R) slow reproduction rate and 3) big
home range sizéCardillo et al., 2005; Karanth et al., 2010; Dirzo et al., 20etprious
examples are elephan{Blake et al., 2007; Maisels et al., 2013; Wittemyer et al., 2014)
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rhinoceros (Zafir et al.,, 2011; Brook et al., 201dnd big felids(Black et al., 2013;
Henschel et al., 2014; Bauer et al., 2015; Brugiére, Chardonnet and S204kg¢,but
also marine mammalsuch as whales, dolphins and porpoigdsirvey et al., 2007;
Pennisi, 2017; Jaramillcegorreta et al., 2019)

Similarly alsothe greatapes(Figire 5.1), belonging to our familythe Hominidae
are declining across theieggraphical rangéJunker et al., 203Zarvalho et al., 2021
Orangutans Rongo abeliand P. pygnaeus subsppand P. tapanulij, gorillas Gorilla
gorilla subpp. and G. beringei subssp.bonobos Pan paniscysand chimpanzee§P.
troglodytes subsppare large, slow reproducing species, inhabiting large home ranges
in areas where human populatisnandby that human activityare increasing steadily
0 Wn K n y ISEveral spaaes and subspecies showed catastrophic population declines
and localextinction, recent examples being the Sumatr&n ébel)) (Wich et al., 2016)
and Bornean OrangutarP(pygmaeu$ (Santika et al., 2017jhe Western chimpanzee
(P. t. verup(Kuhl et al., 2017) Y R KS D NJGdpS gidne)i (PEBphNdiet dl.) 0
2016) As a result, all 14 great ape species and subspecies are presently threatened and
classified as Endangered or Critically Endangered in the Red List of Threatened Species
issued by the International Union for the Conservation of Nature (IUCN a2Qkéble
1.1). The principal causes for this trend are strictly anthropogenic, with human borne
infectious diseaséKondgen et al., 2008; Inogwabini and Leadalliams, 2012; Dunay
et al., 2018; Strindberg et al., 2018gbitat destruction(Junker et al.,@12; Wich et al.,

2016; Voigt et al., 2018)nd illegal huntingWalsh et al., 2003; Hart et al., 2008; Kuhl et

£ X wnndT bQIA2NI Y SiG lasnmbjdr dhiversv importantly, MR y R 0
recent study on chimpanzees has demonstrated that anly does human activity
yS3ALdA@Ste FFSOGa | LIR alsy radiddsdhiit hehagiofiral R & y |
diversity. By that,part of thel LJIS& Q 0 SKI @A 2 dzNJ  islayfisks tO dzf {0 dz
disappear even before we coulknowits entire diversity (Kuehl et al., 2019).

Given their current status, the remnants of great ape populations require
immediate action and effective conservation strategies. Being flagship species, umbrella
species and environmental indicator species, their consemas of pivotal importance
In fact by protecting great apes)sotheir habitat andthe animal communitiesherein
can be equally protecte(Chapman et al., 2020 addition, since the tinsof Charles
Darwin(1809- 1892 and Thomas H. HuxI€$825 - 1899, great apes, and particularly

African apes, have been used as model species for the study of human evolutionary
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history (Darwin 1871; Huxley, 1863p fact,the Homolineage split from gorillas about
15.1 million years ago, and from the gerRen(including chimpanzees and bonobo) as
recently as 12.1 million years ago, according to the latest estimates (Moorjani et al.,
2016), with dimpanzees and bonobos slrag 98% of their genomeavith us humans
(Prufer et al., 2012)Despite the close relatedngswith bonobo and chimpanzee having
separated less than 1 million years aidon and Hey, 2005)jhese great apes show a
remarkable diversity in their social structure and astonishing behavioural flexibility. By
that, the study of living great apes allows to glimpse into the origins of our speciB®s
SOt dz GAy 3 3NBE lre$pordibd3c eRdviradingntal icdnsrainisdwithAthgir
subsequent evolutionary outcomdsiockings et al., 2015 herefore,not only would

their disappearance be catastrohi FNR2Y (KS LIR2AYyld 2F @GASg 2
biodiversity, but alsdrom an ethical and scientific perspective, depriving the world of
our closest relatives and precluding our chances to understan@vbutionary history

of our speciegWrangham, 1987; McGrew, 1992)

Table 1.1/ dzZNNBy & O2y aSNBF A2y ail 1dz2-aRFOBNBP Ga { I
ALISOAFAO O2yaSNBIiGAzy aidliddza FOO02NRAYy3 (2 L
endangered).

Genus Species Subspeas Common name Status
paniscus Bonobo EN
verus Western chimpanzee CR
Pan eliottii NigeriaCameroon chimpanzee EN
troglodytes :
troglodytes Central chimpanzee EN
schweinfurthii Eastern chimpanzee EN
. gorilla Western lowlandjorilla EN
gorilla o : :
_ diehli Cross River gorilla CR
Gorilla . . :
) ) beringei Mountain gorilla EN
beringei X .
graueri Eastern lowland gorilla CR
abelii Sumatran orangutan CR
pygmaeus Northwest Bornean orangutan CR
Pongo pygmaeus morio Northeast Bornean orangutan CR
wurmbii Southwest Bornean orangutan  CR
tapanuliensis Tapanuli orangutan CR

¢2 LINRPGSOG 3INBIG I (BHErel. IS Yegd ty knowLtbit Jdzf |
status in the wild, and particulartjeir 1) distribution across their geographical range

i.e. presence / absenc¢e) relative abundance or density, i.e. numbrindividuak
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within a specified area at a given moment; 3) populatitrend, i.e. changes in
population size across periods of time (Sutherland, 2006). These indicators are
fundamental to the establishment of effective conservation strategies and action plans
(IUCN, 2017)Importantly, they can beelated to measures of &bitat suitability and
threatsfor the investigation othe factors driving ape density and distribution over the
area of interes{Kuhl et al., 2008 onsequentlythe conservation of great apes requires
carefully designed surveys, usiagpropriate fietl data collection techniques, as well as
analytical methods providing accurate estimates population status (Nichols and
Williams, 2006).

Figure 1.1DS2 ANJ LKA OF f RA & NRX 06 dzii A 2 y -spedies @UCK, 12680 | LIS & ¢
African apes fop): bonobo, chimpanzeePén @p.) and gorilla Gorilla $p.); Asian apes
(bottom): orangutan Pongospp.).

e S R
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1.2. Greaapessurvey methods

1.2.1. Detecting and counting great apes

Great apes inhabit the tropical rainforests of So#iithst Asia (orangutans) and
sub-Saharan Africdgorillas, chimpanzees and bonobos), where direct observaifon
unhabituated apess hard due tgooor visibility inthick vegetation (Kuhl et al., 2008).

They are hunted in most of their geographical range (Hart et al., 2008; Kuhl et al., 2009;

b @ran et al., 2012) and tend to be elusive and wary of humans. For these reasons,
ANBFG 1LSaAaQ Y2yAG2NRAYy3 dzaAy3d RANBUESI 203
habituated to human observers. As the process of habituatiantake up to five years
(Williamson and Feistner, 2003), direct monitoring is neither feasible nor cost effective
over large landscapes. Therefoumtil nowgreat apesveremonitored by using inidect
ardya 2F LINBaSyOS:zI O2dzyiAay3da FLISaQ (4N OSa
individual animals (Khl et al., 200&eat ape ggnscanbe collected opportunistically,

by recording any gn of ape presence encountered, or systematically, @kimg 1)

paths of least resistance through a survey area (Walsh and White, 1999), called
GNBO2Yy Yyl AaalyOS gltlaég 2N aNBOOSa¢T HO |
placedacrossthe survey areaRuckland et al., 2001; 2015) Ol f f SR & A Y F
recces, the observer is allowed to deviate from/liés path, whereas no deviations are
permitted on line transects, where the observer mutictly follow the predetermined

line (Kahl et al., 2008).

In order to obtain reliable information on greatpe distribution and density,
carefully designed studies are kedccording tothe studyobjectives surveyscan be
designed to maximize detections of a particular spedmsusng on specific habitater
targeting locations such as trails and feeding sities maximiz the probability of
encountes (Karanth and Nichols 1998, Head et al. 2013, Dedpitspenner et al.

2017). However, randomized designs generallymore appropriate Buckland et al.,
2001; Burton etal., 2015; MacKenzie et al., 2002, Rowcliffe et al. 208@g3tematic
designs (with a random stapoint), providedata representig the different habitats
and features of the study areagnsuring accuracy in the resulting estimates of
distribution and desity Buckland et al., 2001These designs require an eveoverage
of the study area as well asadequate randomization,replication (i.e. numberof
transects)and effort (i.e. length / duration of each sampling unit, according to the

method usedare reeded This wayit is possible tanitigate biasesarising fromspatial
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variabilityin density / occurrence ahdirect signs ofreat apes (Buckland et al., 2001;
2015; Burton et al., 2015; MacKenzie et al., 2003; 2015)

Great apes leavdlifferent siqis of presence such as feeding remains and
footprints. However, for monitoring purpose, research@ave mostly exploited great
LIS MO SEONBYSyi(da o0AdPSd Rdzy3aoT wHO &f SSL
GOFffaég | yR imed remiogly BYSdelices2permittingbservations of
individuals, i.e. cameraaps.

1) Great apdaecesare easily recognizable and trained field staéinaccurately
discriminate betweerthe sympatric species gorilla and chimpanzee (Head et al., 2011).

The use of dung for monitoring purpose is almost impossible for the arboreal orangutan,
and studies are rare also for African apes (Takenoshita and Yamagiwa, 2008; Todd et al.,
2008). However, dung surveys have gained momentum in recent years, as they were
used in genetic studies (Arandjelovic et al., 2010; McCarthy et al., 2015; Brand et al.,
2016). Here, faeces are collectad libitumin the study area, maximizing sample size by
targeting feeding and sleeping sites, or frequently used paths (Arandjelosic 2011).

HO 9@OSNE YyAIKO 6SFYSR LJSa odzaft R aidNdz0
GySadaédo !'fGK2dzZAK az2YSUAYSa odaAatd 2y (KS
Stewart, 2018), particularly in gorillas (Yamagiwa, 2001), nests are colynmon
constructed in trees, where small branches and twigs are bent and broken over a larger
side branch, forming an oval, ndgte structure to sleep at night (Goodall, 1962), and
sometimes during day (i.e. day nests) (Fruth and Hohmann, 1996). Great siseane
constructed at predictable rates (of about 1 nest / day), last long in the forest, and are
easily spotted by the human eye (Fruth and Hohmann, 1994). Because of these
characteristics, nest counts have become the gold standard for monitoring greatia
the wild (Kuhl et al., 2008).

3) Great apes exhibit a rich vocal repertoire (Boesch and Crockford, 2005; Clay,
Archbold and Zuberbiihler, 201%almi,l I YYSNEOKYA RGO Z | 30B3; 52 NJ
Spillmann et al., 20950f particular interest are loud da| long distance vocalisations
used toadvertise fithess (Delgado, 2006), defending territorial boundaries (Wich and
Nunn, 2002; Wrangham, Wilson and Hauser, 2007), coordinating group movements
(Gruber and Zuberbuhler, 2013) and signal the presence df fléedurek and Slocombe,

2013; Kalan and Boesch, 2015)ud calls can be recorded byrhan observers while in

the forest,or, more recentlyby recording devices (Heinicke et al., 2015). First developed
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in marine environments for detecting cetaceaZimner, 2011), passive acoustic
monitoring methods (PAMs) were recently adapted to terrestrial habitat and species
(Blumstein et al., 2011), including great ape populations (Kalan et al., 2015; Spillmann et
al., 2015; Kalan et al., 2016; Crunchant et al., 2020

no DNBIFG FLSaQ AYlF3Sa FNBE GeLmAOlftte 2
cameratraps (CTs). &neratrap studies have seen an exponential increase in the last
decade (Burton et al., 2015), offering innovative approaches to monitor species in an
economical and minimally invasive way (Rovero and Zimmermann, 2016). The passage
of animals in the area in front of the camera activatefrared sensors designed to
detect 1) movement (Active Infrared SensdGhIR) or 2) differences in surface
GSYLISNI GdzNBa o0SG6SSy G4KS FyAYlrf FyR (KS
with the latter being moe common(Welbourne et al., 2016). By that, either still images
or videosare obtained. CTs can be set at definle¢ations(such as feeding sitesy
animal paths) to maximize the number of still images / videos obtained during a
sampling session, or can be distributed systematically in the study area (e.g. according
to an evengrid generated from a random origjrto obtain standardized information,

representative of theentire area of study (Rovero and Zimmermann, 2016).

1.2.2. Analytical methods
yy 2NRSNJ (2 FylrfteasS | aLlSoOAaAsSaqQ adldad
(location specific presence/absence data); 2) abundatumaijon specificourt data),
to estimate its density / abundance. Consequently, analytical methods specific to each

data type were developed in the past (Kéry and Schaub, 2011)

1.2.2.1 Distribution
{LISOASAE RA&AUONRAROdziAZY Y2RSt&a o0{5a@0 | NJ

across a landscapilith and Leathwick, 2009 hey make use of presence / absence

data, binary datausefulii 2 SadAYIFGS F aLISOASaQ 2 OO0dzNNI
environmental covariates. Consequently, any observation or indirect sign can de use

G2 O2yFTANXY | ALISOASAQ LINB &Sy &pabiesishisend S NT
if any sign of presence is found in the area, we can rarely beisigabsen. In fact,

even if a species is present in an area, we might misscause ofmperfect detection
(MacKenzie et al., 2002015. This is the most frequent scenario in wildlife surveys. In

such cases, presence / absence data should more appropriately being referred to as

detection / nondetection data(Kéry and Royle, 2015 everal methods were developed
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for the analysis of dete@n /nonrRS G SOGA2Y RIGF F2NJ SadAyYlr
(reviewed in Guisan and Thuillgf2005)and MartinezMinayaet al.,(2018). Below, |
will describe three of the most commanethodsrelevant to great apes.

A. Logistic regression

Detection / nondetectiondata can be modelled using logistic regression, a regression
specific for the analysis of binary data, implemented using generalized linear (GLM)
(McCullagh and Nelder, 1988y generalized additive models (GAN)ood, 2017)
Logigic regressioncan be usedo estimate a species occurrence probability while
investigating the influence of environmental and anthropogenic covarifiith and
Leathwick, 2009)Although logistic regression models were used for assessing great ape
distribution (Davies et al., 2019}hey were unable to account for false absence (i.e.
when a species is present but not detect¢iparce and Boyce, 2008)s a result, some
great ape researcher@unker et al., 2012)ombined logistic regression with methods
requiring presence only data, such as maximum entropy models.

B. Maximum entropy models

Maximum entropy model§Phillips, Dudik and Schapire, 20d#gcame a popular
framework for studies modelling a species distribution using presemtg data,
particularly after the release of the opesource software Maxen{Phillips and Dudik,
2008) TheMaxent approachmodels species distributiorusing a maximon entropy
principle to determine the largest spread (i.e. maximum entropy) in a geographic
dataset of species presence in relation to a set of background environmental variables
(Elith et al., 2011)n practice, a survey grid is superimposed over the s@ea, where
each cell (i.e. location) within the grid is assigned values of environmental factors
potentially explaining the species distribution. Then, the softwextracts a sample of
background locations (where presence is unknovamd contrass them against
locationsof known presence to estimateellspecificrelative occurrence rate (ROR).
whw @IfdzSa FNBE | YSIadaNE 2F I OStftQa &adz
interpreted in different ways, including the species occurrence prolmaliMerow,

Smith and Silander Jr, 2018y that, it is possible to generate cells of pseatisence

if ROR is estimated being e.g., lower than M&ximum entropy analyses were used in
several studies modelling the distribution of gorillé&yijamahe2008; Van Gils and
Kayijamahe, 2010; Etiendem et al., 2013; Thorne et al., 2013; Onojeghuo et al., 2015;
Ginath Yuh et al., 2020; Kehou, Dainou and Lagoute, 2€i#ii)panzeegTorres et al.,
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2010; Junker et al., 2012; Fitzgerald et al., 2018; Ginath traih 2020; Kehou, Dainou
and Lagoute, 2021pbonobogHickey et al., 2013nd orangutangRahman et al., 2019)
The main advantages of this successful framework were the possibility to work with
presenceonly data and the suitability for investigatinge factors explaining a species
distribution (Elith and Leathwick, 2009The main disadvantage, however, was their
inability to explicitly account for imperfect detectio®isan and ThuilleR005) This is
exactly what the next family of models, so edlloccupancy models, are capable of.

C. Occupancy models

Occupancy modelgMacKenzie et al., 20032015, are hierarchical logistic
regression models developed to address the issue of false absences in species
distribution analysis involving detection / natetection data(Kéry and Schaub, 2011)

As suggested bguisan and Thuillef2005)the approaches desibed above had the
main disadvantage of modelling a species apparent rather than the true distribution.

. @ 22AyGte Y2RStftAy3a | &aLISOASaQ wmo 2
probability, occupancy models simultaneously evaluate both the observdtmoaess
generating the detection / nowletection data (including false absences) and the
biological process, representing the true occupancy of the species of interest. However,
they require replicated surveysk(2) of the same locations and within a &mof
population closure, i.e. there is no birth /death or immigration / emigration, to correctly
estimate a species detectioprobability. This can be achieved through 1) temporal
replication, i.e. the samesite is surveyed repeatedly at different times) 3patial
replication, i.e. several sampling units (e.g. transects) are surveyed within thesg@me
3) replication by independent obsengii.e. thesamesite is surveyedsimultaneously
by more than one observer.

In practice, an occupancy model is carapd of two levels:

O ~ Bernoulli (§) Lev. 1
orj| O~ Bernoulli (ON) Lev. 2

Where O is the latent(i.e. true) occupancyat site r and - the occurrence
probabilty; o is the observed occupanat siter for replicatej and™ is the detection
probability.Both- andaA can be modelleds a function of covariategquivalently to a
logistic regressio(Engler, Guisan and Rechsteiner, 2@94). & GKIF 4> | aLJSO.
probability in cells that were found empty, & functionof the probability a cell was

occupied §) and the probability that the species was missed because of imperfect
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detection (1- A). Occupancy models can be implemented with a frequentist, maximum
likelihood approach(MacKenzie et al., 2002015, in a Bayesian framewor{Rue,
Martino and Chopin, 2009r with machine learning algorithms such as Randemest
6/ I YLI2&mn/ SNdg B8N YR !

Because replicated surveys could be highly costly in great ape halitdtket al.,
2008) occupancy models were less successful than maximum entropy n{&dietsptre
et al., 2016; Santika et al., 2017; Szantoi et al., 2017; Plumptk, &021) However,
they recently found additional application in the analysis of acoustic detection  non
detection data(Kalan et al., 2015; Kalan et al., 2016; Crunchant et al., 2020)

1.2.2.2 Density and abundance

In community ecologypopulation sted b ¢ O0A ®S P ydzgspeBmit 2 F A
aredd YR RSyaAide as5¢é oA geBadefingd SreaNjrelzvear®N) 2 F
informative parameter, providingnformation for monitoring temporal trends in
population status and comparing populations across gitéishols and Williams, 2006)

As suchthey arecrucial informationfor effective wildlife conservation in general, and

great apes in particularThe analytical méiods used to estimate animal density and
abundance require count data, which are typically collected following Distance Sampling
(DS) protocol¢Buckland et al., 2002015 and analysed in the dedicated opsource
a2F06I NS a5AaGFHy0S¢ o0¢K2Yla SiG Fftd®X wnwmn

A. Line transect nest counts using distance sampling

Nests counts, rather than ape counts, were the gold standard for monitoring great
ape density and abundance over the past 40 y€Kishl et al., 2008). Nests were most
often counted along line transec{&igure 1.2usingDS(Buckland et al., 20022015,
either from the groundPlumptre, 2000pr from the air, using helicoptef&ncrenaz et
al., 2004)or drones(Wich et al., 2015; Bonnin et al., 201&)ne transect Distance
Sampling (LTDS), account for the fact that objects i.e., animals or their indirect signs, are
imperfectly observed in the field. In fact, the probability of detecting an object,
decreases with itencreasingdistancefrom the obsewer (Buckland et al., 2002015.
Therefore, LTDS required counting great ape nests, but also measuring their distance
from the transect(Buckland et al., 2012PS then fits functions describing the decrease
in detection probability with the increasingsdance to the observe(Buckland et al.,

2001, 2015. By that, estimates of the number of nests in the surveyed area can be

obtained, even if some were miss@uckland et al., 2012However, density estimates
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of great ape nests can be considered rekabhly if the following assumptions are
fulfilled: 1) sampling units€.g.line transects) are placed randomly with respect to the
distribution of the nests; 2) nests located on the transect line are always detected; 3)
observatiors of nests are independédrevents; 4) distances are measured accuraiely
distance measurements are as close to the true distance as posailalgyreciselyi.e.
errors associated with distance measurement are as small as poéBintkland et al.,
2001, 2015. In addition,African great apes are social animals and nests are usually
found in groupgPlumptre and Reynolds, 1997)o prevent violation of assumption (3),
researchers used to measure distances to the nest group centre (rather than to the
individual nests), includingy the same group those nests estimated being constructed
in the same night by their colour and degree of decomposifflnmptre and Reynolds,
19970 LYy LN} OGAOSTI AYRAQDGARdzZEE ySada oSNB |
to very old(Tutin and Fernandez, 1984hnd those assigned to theameclasswere
considereda nest group. However, more recent works have clearly shown within group
variation in the time needed for nests to decompof&/alsh and White, 2005)
Therefore, it is now common prace to record distances to individual negBuckland
et al., 2012) Violation of assumption (3) is not particularly problem#&Backland et al.,
2012) as point estimates of density are not affectéacontrastthe estimatel variance
can be affected by violation oB), but estimators robust to violatiorare available
(Fewster et al., 2009)

Conversion factors

If correctly applied nest count in combination with DS provide accurate and
reliable estimates of great ape nest dégs (Kuhl et al.,, 2008) However, for
conservation and management purposes, ape density (rather than nests) is needed.
Nest density must be converted into ape density using conversion factors, namely 1)
proportion of nest builders in the population; 2) fdainest production rate; 3) nest
decomposition time (in days).

1) Proportion of nest builders in the populatigks only weaned apes build nests,
the proportion of individuals constructing nests in the population of interest is a
required parameter to estnate ape density using nest counts. However, this
information is difficult to obtain unless specific observational studies of the community
of interest are carried out. Such studies are rare, and so are the studies providing a value

for this parameter, vith reported values ranging between 0.7 and (K@ihl et al., 2008)
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For these reasons, researchers avoided correcting estimated densities by the proportion
of nest builders Insteaddensity is estimated forthe number of weaned individuals,
rather thanall individuals in thgpopulation(Kihl et al., 2008)

2) Daily nest production ratésreat apes build a new nest every night, but the rate
of construction has been found to be hightean 1 nest / day(Kuhl et al., 2008)n fact,
great apes build dayests, which seldom differ in structure and appearance from those
built at night and might also reuse previously constructed ne¢fsuth, Tagg and
Stewart, 2018)Rates of construction are thus needeyrecting for biasesarising for
the construction & day nests and nest reusknoring day nests (i.e. apesnstructing
more than 1 nest/day) would result in underestimated densitlést accounting for nest
reuse (i.e. apes constructing less than 1 nest/day) would lead to overestimated densities
(see Egations 1 and 2, below)However, here as well, rates are derived from
observations of habituated apes, and very few nest productiate estimates are
available in the literaturgranging between 1 and 1.9 nests / d#tihl et al., 2008)

3) Nest decompsition time.The time needed for great ape nests to decompose
and disappear from the environment is reported beimghly variable across species,
space, and timgwith reported values ranging between a day and two y¢iigl et al.,
2008; Mathewson et al 2008; Mohneke and Fruth, 2008eliable estimates of density
and abundance requirsurveyspecificestimatesof nest decomposition time (or nest
decay) As nests built the same day and time by a group of apes show different
decomposition timesnest sgecific factors are known to drive nest deqdjorgan et al.,
2016; Walsh and White, 2005)Continuous monitoring of a large sample of nests
representativefor the period of survey retursithe most reliable estimatéy analysing
nest survival (Mohneke and Fruth, 2008; Morgan et al., 2016; Lapuente et al., 2020).
However, these studies atgne consumingandtime-efficient methodssuch addidden
Markov chain analysis (Mathewson et al., 20@8H logistic regressioflLaing et al.,
2003)have beendeveloped andecommended(Kuhl et al., 2008)Conversion factors
are known to be highly variable and specific to each ape population, and values specific
to the population of study are required to obtain accurate estimgtedl et al., 2008)

Types of nest counts

Standing Crop Nest Counts (SCN@jinand Fernandez, 1984) requires all three
conversion factors described above. Transects are surveyed only once and field

researcher must record all nest encountered regardless of their age. The estimated
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density of nestsr. v Qtained by the appliation of DS, is then converted into ape
density r+ _gsing the following formula:

O_ Equation 1

nHUi RFug-u
where =sis the proportion of nest buildergpis the nest construction rate andis the
estimate nest decay time.

Marked Nest Counts (MNC) (Plumptre and Reynolds, 1996) does not require
estimates of nest decomposition time. In a first passage, all nests encountered on a
transect are marked. Then, in subsequent passages, only frasitlnésts are counted.

The intervals between passages must be short enough so that no new built nest could
disappear before a new passage occur. Freshly built nest depgity, »J vQtained
by the application of DS, is then converted into ape dengity__using the following
formula:

'O—~ Ecuation 2

NFEUL FUaUQ
where =ais the proportion of nest buildersyis the nest construction rateris the
proportion of nests remaining until the next passage ®d the interpassage interval,
in days.

Advantages and disadvantages

DS using nest counts the most widely used method for monitoring great ape
density and abundance. has the remarkable advantages of requiring little field
equipment, benefiting from a consolidated mathematical framework, epeuarce
software and a vast community of users adevelopers, making the method easily
accessibleHowever,the dependenceon highly variable conversion factors scaling the
numberof estimated nests tothe number of apes, is a major disadvantagstimating
time and sitespecific factors, is time consungiand many LTDS studies borrowed values
published fordifferent sites and/or time periods, potentially inducing bias in density
estimates(Aebischer et al., 201.71n addition, great apes build nesh specific locations
(Davies et al., 2019; Hernandéxguilar, 2009Serckx et al., 2016As suchnest counts
might not provide information on ranging and foraging areasd sofail to reflectthe
totality of great apehabitat requiremens. Finally in LTDS surveygood ramlom design
with sufficient effort ensuresepresentative samjhg and therefore accuracyof nest
densityestimates However, thisignificantlyincreaseghe labor neededwith walking

long distancein the remote areas typically inhabited by great ajgihl et al., 2008)
27



In Chapter 3, | describe the importance of obtaining accurate conversion factors,
particularly nest decay time, to obtain unbiased estimates of great ape density and show

biotic ard abiotic factors affecting nest decomposition rate in natural conditions.

Figure 1.2. Field researchers walking a line transect in Salonga National Park, Democratic

Republic of the Congo.
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B. Camerarap methods

To overcome the limitations of LTDS, great eggearches have been looking for
analytical methods providing estimates without the nefl conversion factors. fie
technological advancements making genetic studies, acoustic devices, and ¢eapsra
cheaper and more easily accessible, provided the basis for such developments.
However, datafrom acoustic devices were mainly used for estimating grapé
distribution (Kalan et al., 2015; Crunchant et al., 202(spite methods for density
estimationwere recently proposedStevenson et al., 2021$imilarly,genetic studies
still require laboratory analysis and equipmenhhibiting their wide application.
Conversely, CT@igure 1.3)have become extremely successful tools for remotely
monitoring wildlife in the past 20 years resulting in the development of different
methods for the estimation of animal densifiRovero and Zimmermann, 201g§ome
of these methods being also applicabte dcoustic and genetic data. In the following
paragraphs | will concentrate on methods developed for the analysis of CT images by
reviewing the most common, with a particufcuson those used for great ape density
estimation.

a. Capturerecapture methods

The first density estimators based on CT footage were designed for large,
individually recognizable species, usingcapturemark-recapture (CR) framework
(White, 1982; Karanth and Nichols, 1998) CR, animals from a closed population had
to be capturedat leasttwice. In the first capture event, all captured animals were
individually marked (or tagged), so that they could be recognized in subsequent capture
events. Using the most basic modetapture probability must be constant, both
between individudanimals and capture eventand each individual in the population
being sampled must have a na@ero probability of being detectednough time must
occur between events so that captured animals can disperse in the study area, but not
so much that the assnption of population closure is violated. For example, if the
population in study shows seasonal migration, the study should be conducted before
the migration occurs. Then, the method was based on the assumption that the
proportion of marked individuals the population is equal to the proportion ofiarked
individuals in the recaptured population(White, 1982) Regardless, CR methods
required individual recognition othe recorded animalseither via molecular methods,

the classification of individuapecific calls (acoustic surveys) or by markings individually
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assigned to the animals, such adefidsbeingidentified by their coat patterr{Jackson

et al., 2006) The major disadvantage was that CR estimates were arutectedto the
spatialdistribution of the populationof study.With the effective surveyed arebheing
difficult to estimate CRmethods estimated population size within an area of unknown
size rather than densityn fact, if animals move in and outtbe study areaabundance
estimates would refer to a larger area than the one covered by the C{Sollmann,
Mohamed and Kelly, 2013)

To overcome the limitation of CR methqdSpatially Explicit Capture Recapture
(SECR) methods were develop@gbrchers and Efford, 20Q8By determining the
activity centers of individuanimalsand thenestimaingthe number of activity centers
in the study area, SECR provided both population deri3ignd abundanceN in a
defined area. SECR incorporated information about the geographical distribution of
traps in the study area and accounted for the fact thainaals located closer to traps
were more likely to be capturedhan those further away. By that, SECR methods
modelledheterogeneity in detection probability and variable temporal sampling effort
at different trap locationgBorchers and Efford, 2008; Efford, Borchers and Byrom, 2009;
Borchers, 2012).ike CR methods, SERC requinglividualsin the population ofstudy
to be identifiable and thatat least a proportion beingletected more than oncet
different locatiors and thatthe probability of detection is > 0 for each individual in the
population (Efford, Borchers and Byrom, 200ERC models were a promgsin
advancement and proved efficient in many applied studies, including estimates of ape
density, both by using Cts{ LISKI NJ SiG | f @ uwnmpT BSFsaLINB a
SECR), and genetic material obtained from faeces (ge8E{tRMcCarthy et al.2015).

They alsohave potential for the analysis of acoustic dg&tevenson et al., 2021)
However, by requiring individuals to be individually recognizable, the number of species
that could be surveyed usinGTs and acoustieSECR remains limitedvherea the
applicability of genetkSECR is limited by the costs of the laboratory analyses required.

Mark-resight models/Arnason, Schwarz and Gerrard, 199&gre similar to CR
methods, but allowed fordensity estimates when only a subset of the animals was
uniquely identifiable(Neal et al., 1993; Hein and Andelt, 1995; Rich et al., 201§
sighting probability of the marked subset is assurteederepresentative of the sighting
probability of the atire population (Arnason, Schwarz and Gerrard, 1998y that,

spatially explicitmark-resight models were also developed, addressing the néed
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relate population estimates to an area of known si&ich et al., 2014; Alonso et al.,
2015) Although suithle for the analysis of CT images and genetic studies, MS models
were never applied to great ape populations.
b. Unmarked methods

The need for the recognition of individuals was the main limitation of CR methods
in CT studies. To overcome this issue, several methods have been developed in recent
ESINRZ (y26y | a Y2RSfta SadAaWibékerd, 2Ry a A G

The first method for estimating animal density from CT data in the absence of
individual identificationwasthe random encounter mod¢REM)Rowcliffe et al., 2008)
The REM adapted mechanistic model othe collisionrates between gas molecules
(Hutchinson and Waser, 200 animal movemerd within their habitat It required
estimates ofanimal sped, average group siz@nly for species moving in groups) and
of the CTdetectionarea, to provideanimal density using maximurikelihood methods
(Rowcliffe et al., 2008)rhe main advantages of REM were 1) animals did not need to be
individually identifiable, 2) estimates were referred to an area of known size (i.e. the CTs
detection area)and 3) conversion factors were not ng@iged. Similar to DS methods,
REM modééd estimated animal detectability as a function of the distances and angles
at which animals were first detectg@®owcliffe et al., 2011 Consequently,ssumptions
of the REMwere alsosimilar to DS methodswith the population of studypeingclosed,
and observationeingindependent events. Animalgereassumedo bedetected with
certainty within the CT detection zorand expected tomove randomly in their space,
according to the HutchinseWaser model. Consequdwpt animal should not react to
the camera being attracted to it or avoidingkinally, CTs were tze deployedandomly
within the study aregRowcliffe et al., 2008BREM models have been applied to several
speciegZero et al., 2013; Anile et al., 2014; Cusack et al., 2015; Caravaggi et al., 2016)
but never to great apesHowever these studies highlightethe difficulties in correctly
estimating animal spesgkand in Lilly satisfying certain assumptiorns.g. random animal
movements and camerplacemen). Therefore, despite continuous developments
(Rowcliffe et al., 2011; Rowcliffe et al., 2013; Hofmeester, Rowcliffe and Jansen, 2017;
Palencia et al., 2019he broad gplicabilityof REMs still beingully tested (Burton et
al., 2015; Chauvenet et al., 2017; Gilbert et al., 2021)

A recent extension of REM models is tRandom Encounter and Stayifigne

mode| REST(Nakashima, Fukasawa and Samejima, 20R@lying onthe same
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assumptions and mathematical framework as REM, REST did not require estimates of
animal speed, a significant improvement over classical RGl\bert et al., 2021)
Instead, REST included the time animals spent in the CTs detection area, @ stagin
which is easily extracted from CT foota@éakashima, Fukasawa and Samejima, 2017)

In a recent papefPalencia et al., 202ihvestigating red deerQervus elaphgswild

boar Sus scrophaand red fox Yulpes ulpes populations, REST and REM eviaund

to providesimilar densities. Given its recent development, REST was never applied to
great ape population.

Recently, theSECR methad described above for marked individualsere
extended to allow density estimates of unmarkegopulations Using the same
mathematical framework and assumptions of SE@R)arkedSECRUSECR) exploited
the spatial correlation in countat each location to estimatéhe number and location
of individual activity centers(Chandlerand Royle, 2013)However, this promising
method required spatially intensivéampling effort involving the deployment of many
cameratraps and estimateswere found tolack precision unless supplemented with
ancillary data such as genetic sampling or telemetry (Evang Ritenhouse, 2018;
Linden, Sirénand Pekins, 2018; Sollmann et al., 2014) present, uSEQ#kasnot been
applied to great apes.

More recently Moeller et al.,(2018)proposedthree newmethodsfor estimating
density of unmarked animals from CT data.

1) The Time To Event model(TTE) as the REM, required estimates of animal
movement rate and had similar assumptions. THEE use detection rates within the
OF YSNI Qa Fuaing theRime uintil e\ fi&wdEtection of an animalccurs (i.e.,
an event) within an arbitrarily defined sampling unit. It is mathematically similar to
popular survival models, estimating the time needezy (i A f Fy FYAYlFt Qa
(Efron, 1988)In the TTEonly the first detection of an animal withian arbitrarily
definedsamplingunit contributes information and detection probability is assuméal
beOSNI I AY 6AGKAY (Vkeler, LukacandrHo®d, R0O1Ghdse ek S &
among the main disadntages of the method in its current formulati¢Gilbert et al.,
2021)

2) TheSace To Event model (STEXid not use remotely triggered videos, but
rather time-lapse images, taken at predefined moments and regardless of the presence

of an animal(Gilbertet al., 2021) The STE theoountsthe animalscapturedat each
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time-lapse photowithin pre-defined sampling occasioiis.g. hourly periods Although

the STE relied on the same assumption of the Pp&HEect detectionwithin the field of
view was consideredhore likely with time-lapse photoqGilbert et al., 2021)Animal

density was estimated bgalculating thesampledarea multiplying the ara covered by
the camera field of view (up tthe maximum distance at whighe given speciesan be
identified) by the number oftime-lapsesbefore an animal is first observeioeller,

Lukacs and Horne, 2018)

3) Finally, thelnstantaneous Samplinghodel (IS) is similar to the STE bwges
counts of animals in vievat each timelapse photg without considering sampling
occasiongMoeller, Lukacs and Horne, 2018)

Moeller et al. (2018) tested these three methods mentioned above orel&n
(Cervus canadengsigopulation showinghat accuracy ofhe TTE modelassensitive to
animal movement rates. They foundthe STE and IS methotts perform well, being
unbiased when compared &erial survegof the area However, at present this remains
the only studyapplying these methods.

Recently, Howe et a{2017)proposed to apply Distance Sampling theory to CTs
data. Camera trap distance sampligtGTDS) extended point transect distance sampling
by considering a CT as a human observer, whose field of view lgte$tto the area
covered by the CT. Animals captured by a CT are then associated to their distamce
the CT using reference videos previously collected by field resear(Hevee et al.,
20170 5A &l yOSa NS NBXO2NRSR aK2 imNSRISFR yBR
probability is assumed to be certain at the camera, decreasing with distance to the
camera(Howe et al., 2017)CTDSIsed a consolidated mathematical framework, open
source software and éarge commurnty of users and developers. Theadvantages
resulted in several recent studies, validating the method and showing its applicability
under different field conditiongCappelle et al., 2019; Corlatti et al., 2020; Harris et al.,
2020; Cappelle et al., 2021; Palencia et al., 2021; Amin,e2G#11) | describe CTDS in
detail in Chaptee.

FinallyCamposCandelaet al.(2018) and Lucet al.(2020) proposed density estimators
for unmarked populationsy using animahomeranges anduse of spacein two
simulation studies. These methods werever tested in the field, and the simulation
study proposed in CampédSandela et al. (2018), was criticized for beungble to

properly account for realistic animalbehaviair, in another study simulating its
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application to a mooseA(ces alcespopulation(Abolaffio, Focardi and Santini, 2019)
CT data could also be used in other popular frameworks such as-khiture model
(Royle, 2004)an approach evaluating both the observed and latent population by using
replicated surveys at the samadependent locations. Mixture models require strict
assumptions, includingopulation closureequal detection probability for all individuals
and an animalbeingdetected by a camera is nbkeingdetectedin subsequent survey
periods (Royle, Dawson anBates, 2004)In addition, and similar to the CR models
described above, theliad the major disadvantage that the effective sampling area of
camerasvasunknown(Kéry and Royle, 201,5nd that they are sensitive to assumption
violations.As a resultjt was suggested that Nlixture models should be treated as
indices of relative abundanc¢eather than estimators of animal densif@ilbert et al.,
2021)

(Photo: Jonas Abana Eriks@RNS Surv@ 7

Figure 1.3. Installing a camer&rap in the forest ofSalonga National Park, Democratic Republic
of the Congo.
1.2.2.3 Population trends

Anotherimportant information in great ape conservation is the status of a
LJ2 Lddzf F GA2Yy | ONR & & (Budkirsl,Goudie an@ Bofolterfs,2@®re,a G NB y
field data froma minimum oftwo periods are required to model temporal changes with
respect to desity and abundance, assessing the impact of factors considered being
important predictors of ape distributio(Btrindberg et al., 2018Pefining if a population
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is stable, increasing or decreasing in the wild is crucial tea#sessment of a species
conervation status, for the definition of specific action plans and for the establishment
of conservation strategieIUCN, 2017) Recent studies investigating great ape
population trends have showitatastrophic decline This concernghe Western
chimpanzeg(Kuhl et al., 2017the Central chimpanzee and Western lowland gorilla
(Strindberg et al., 2018} K S D NJ dz&Pnmgire & 8l.NF0I6hNd the Bornean
(Santika et al., 2017; Voigt et al., 20B8)d Sumatran orangtan (Wich et al., 2016)
These sidies used nest count data and different analytical methods to compare past
and present great ape abundance, including occupancy models (Plumptre et al., 2016),
GLMs (Wich et al., 201&uhl et al., 2017Voigt et al., 2018) and GAMs (Strindberg et
al., 218). However, Santika et al. (2017), made use of data coming from different
sources, including traditional and aerial nest counts and presence data obtained from
interviews, and integrated them in a single model jointly analysing otdag
occurrence anébundance, an approach described below.
1.2.2.4 Integrating data from different sources
''yiAf NBOSydGftezr addzRASa Sg@rftda GAy3a |

information availableusing above mentionedccupancy models (MacKenz¢ al.,

2003 2019 for the analysis of detection/nedetection data, Distance Sampling (DS)
(Buckland et al., 2002015, for the analysis of count data from standardized line and
point transects and CaptufRecapture (CR) methods for investigating aalim
abundancewhile considering demographic parameters such as survival and recruitment
(Lebreton et al., 1992However, in recent years, there has been a growing interest in
methods for the joint analysis of detection/nedetection, count,and demographic
data. Integrated Population Model¢lIPMs) allow for the integration ofcount and
capturerecapture data tanvestigatepopulation dynamicsestimating parametersuch

as survival, recruitment, and fecundity. By integrating data from different so(Riasl

et al., 2019) IPMs were found to improve the precision of the estimated parameters
(Schauband Abadi 2011) and were thus extended riwore taxa. These included birds
(Besbeas et al., 2002; Fay et al., 2019; Jansen et al., 2019; Margalida et alan2020)
mammals such as tigerBd¢nthera tigri3 (Dey et al., 2017Wwolves Canis lupus(Horne

et al., 2019) polar Ursus maritimus(Regehr et al., 201&nd black (Jrsusamericanu¥
(Sun, Fuller and Royle, 2018ar; mule (Odocoileus hemionugMHatter, Dielman and

Kuzyk, 2017and Eld Panolia eld)i(Bowler et al., 2019)eer.Importantly, he principles
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of data integration used in IPMswere alsoextended to models permitting the joint
analysis of detection/nofetection and count dataobtaired with different methods.
Data deriving from traditional ground survef&pkin et al., 2017 cameratraps (Bowler

et al., 2019), acoustic devic@sarr et al., 2021)nterview surveys (Santika et al., 2017)
and citizen sciencésun, Fuller and RoyleQ29) were all used to improve inference of
population status and dynamict addition, theseapplications allowednvestigating
ecological drivers of specific distribution and abundafé&egman et al., 2017jhe
assessment of impacts and threatBobbins et al., 202Q) and the evaluation of
conservation effectivenegSaunders, Cuthbert and Zipkin, 20X8)eat ape survey data
are typically sparse, obtained from different sources which might entail different levels
of standardization and accuraéyloussy et al., 2021)herefore, a framework such as
described above, has a high potential for the study of ape populations in tlie wi
However, as mentioned above, only Santika et al. (2017) applied an integrated approach
to the orangutan In Chapter 5, | apply this method to the bonobB. (paniscus
integrating detection/nordetection and count data obtained from reconnaissance

walks line transects and camettaap surveys.

36



1.3. The bonobo

1.3.1. History

The great ape species subjeftthis thesis iperhaps the least knowamong the
extant great ape species: the bonobirst reason for our limited knowledge, tise
0 2 Y 2 ety recent éscovery Morphologically similar tthe chimpanzee to the
untrained eye, bonobos were mostly thought to bRimpanzees untithe early 2@
century,beingrecognized as a subspecies of the (then) western chimpahzegodytes
niger var. marungensigReichart, 1884)Themarungensigopulations were reported
being distributed from the Marungu hills, on the shores of Lake Tanganyika -wesgh
of the Congo River, in what was the Congo Free 18885- 1908; Thompson, 2001)
It was orly in 1928 that the bonobo was first described yast another chimpanzee
subspeciesPan satyrus paniscySchwarz, 1928gventually becominghe speciesPan
paniscus called Pygmy chimpanzet@ive years later(Coolidge Jr, 1933)'he common
VI YS 4. ®af firét Aséd21 years later by Tratz and He¢k954) most likely a
YAAAYOGSNLINBGFGAZ2Y 2F GKS yIYS a.2t202¢ %
geographical rangéDeWaal and Lanting, 1998)evertheless, the name remained, and
is now globally recognizetlVe also kow that theindividuals of the Marungu hills were
chimpanzees, and that the two speci€&n troglodytesand Pan paniscusseparated
between 0.83 and 0.86 MYA years di¢on and Hey, 2005)

Bonobo and chimpanzee populations are geographically separated by the Congo
River(Takemoto, Kawamoto and Furuichi, 201Wjth the bonobo only being found on
0KS NAGSNDa f SifeikasallULK, 20204 hskhr&a, 55800 kifatShe
hearth of the Congo Basin, falls completely within the borders of the Democratic
Republic of the Congo (DRC), making the bonobo endemic to the cqUid@N and
ICCN, 2012)Largely covered by pristine lowland rainforest, accessibility to areas of
bonobo presgy OS KI @S 6SSy fAYAGSR o6& GKS I O1
LINBRIFG2NE O2ft 2yAlftAayYy dzyiAiAf (K Sandpdiizl i NBE Q
unrests, dictatorship, and wagver since. As a resulthere are fewerbonobo field
studiesif compared to other African apes such as gorillas and chimpanzees. The first
research in the wild dateto less than 50 years ago, with the pioneering work of
Toshisada Nishid@ishida 1972) and Arthur D. Horn (Horn, 1980) at lake TuAilsan
and NoelBadrian (Badrian, 1977t Lomakoand Takayoshi Kan(Kano, 1980t
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Yalosidi Since other researchers have studied bonobos in the wild, expanding our

knowledge of this unique species.

1.3.2. Ecology and behaviour

Like chimpanzees, bonobos live in fissiosion societies of up to 80 individuals
(Kingdon et al., 2013)nhabiting home ranges typically between 20 and 4¢ lamge
(Hashimoto et al., 1998; Beaune et al., 20E8)hough reported ranging in areas as big
as 80 km (Terada et al., 201580cial groups are characterised by male philopatry and
femaleexogamy(Furuichi et al., 1998yith females typically emigrating from their natal
groups as they approach sexual matuatyd males remaining within their nat group
oYl yI ZHowepephMhereas as in other malkilopatric species, in chimpanzees
the strongest intefindividual affiliations are observed between mal@oesch, 1996)
females are the most gregariogender among bonobggorming strong affiliions with
other group members, despite being only distantly related to thé@&ano, 1982;
Hohmann et al., 1999; Furuichi, 200®)ale bonobosisuallydo not associate with one
another (Parish, 1994; Hohmann et al., 199But ratherform alliances with ferales,
above all withtheir mother, with whom they build strong anlhsting relationships
(Hohmann and Fruth, 2003aln contrast to chimpanzeedemales have the higher
statusin bonobo communitiefDe Waal, 1995)In truth, the social system is rather
egditarianz ¢ A 0 K {1 doinamcs ¥atus Beid@ enhanced by the strong alliances
formed with other individuals within the community (Fruth and Hohmann, 2003)
Bonobo communities are also reportéol be more tolerant if compared to chimpanzee
societies, with rarer episodes of aggressive behavi@g Waal, 1995)but see Fruth
and Hohmanr(2003) andconflicts are settled within a rich frame of social behaviours,
the most famous being the use of sexualeractions Best example is the scalled
G3ASY Al fa fénideefdnaly Btéraction used aa way to reduce tensionand
strengthen alliancebetween femaledn absence of genetic bond®arish, 1994; De
Waal, 1995; Hohmann et al., 1999 ¢ & 2-gNiIS Hfa S¢ Ay GKS RSTFAYA
Hohmann(2006) Such a peculiar social structure has been mainly explained by the
habitat inhabited by the bonobo. Although some populations are found in ferest
savanna mosaic at the fringes of their geographical ragSgeckx, 2012), bonobos live
in an equatorial region, dominated lewergreenowland primary forestonterra firma
as well as temporarily and permanentiyjundaed soil (Fruth et al., 2016) These
habitats are characterized by abundant food and limiteseasonality, providing
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continuous and predictable food sources. Bonobos are frugivo(blahimann et al.,
2012) with a diet mainly including fruit, leaves and herbs, but also hpinegrtebrates
(Badrian and Malenky, 1984; Bermejo, lllera and Pi, 199&Grb et al., 2007; Beaune
et al., 2013), and meat fromctively hunéd vertebrates such as antelopes anbnkeys
(Hohmann & Fruth 1993, 2008urbeck and Hohmann, 2008uchastable and plentiful
environment and particularly the permanent presence ofrrestrial herbaceous
vegetation (Malenky and Wrangham, 1994gsproposed as the main driver releasing
competition for food resources, hence allowing a more peaceful and tolerant society
(White, 1998; Furuichi, 2009As all other great ape specibsnobos build individual
nests, platforms in the trees obtained by intertwining brancheberethey spendthe
night, safe from predatorsAlthough infant apeslso attempt to build nests, they never
last. At night, they do ndbuild own nests sleepng jantly their mother(Fruth, Tagg and
Stewart, 2018)

1.3.3. Conservation status

Similar to othergreat apesthe bonobois threatened in the wildFruth et al.,
2016) Already 40 years ago, the species was reported to be declining ifSbRGan
et al., 181) because ofits small geographical rangdow densities, and patchy
distribution (Fig 1.1)Today we know that the threatgo the bonobo includéhabitat
destruction(Hickey et al., 2013human transmitted diseasgnogwabini and Leader
Williams, 2012 and poaching of adults for meat with surviving infants or immatures
captured and sold as petHart et al., 2008)In addition,5 w/ Q& L2t AGA Ol €
(Waller and White, 2016)annual population increases Wn K n y | deforestatiorc 0
rate (Tyukavina et al., 2018)nd the relaxatiorin recentgenerations, of the ancestral
Odzft GdzN¥ £ Gl o0o22a | 3 KTioinpson) Nest@ and Kabanda,2Q08)dzY LJ
are also negatively affecting wild populationghe bonobo is currety classified as
¢Endangered by the IUCN(Fruth et al., 2016) However, informationof bonobo
LJ2 LJdzt | G A B lackign @06 lofiitsig&ographical range. In fact, nfast studies
carried out to date were concentrated in small areas, focussingeanbionobo groups
(Furuichi et al., 1998; Eriksson, 1999; Dupain et al., 2000; Van KrunkelswésiaBited
Draulans, 2000; Hohmann and Fruth, 2003b; Reinartz et al., 2006; Inogwabini et al.,
2008; Serckx, 2014b; Surbeck, Coxe and Lokasola,.28¢&h v/ Qa LRt AGA O
geographical setupfew attempted to cover larger areas (but see Kgn984)and
Grossmanret al.,(2008).
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1.3.3.1 Bonobo survey methods: pasesentfuture

Like other great ap® until today bonobo abundance and distribution were
assessed by using nest counts along line transé&tis main objective of these surveys
was to provide estimates of bonobo population density in specific sites, which was
obtainedvia DS methods and analysdBlgdke, 2005; ftksson, 1999; Grossmann et al.,
2008; Hart, 2009; Ikati et al., 2017; 2018; Maisels, 2015; Maisels, Nkumu and Bonyenge,
2010; Maisels et al., 2009; 2010; Omasombo, Bokelo and Dupain, 2005; Reinartz et al.,
2006; 2008; Serckx, 2014; Van Krunkelsven, Inbowand Draulans, 2000; ZSM, 2017;
2018. Only one study focused on bonobo distribution across its entire range, using
Maxent analyseto investigatethe factors driving bonobo occurrence in DRC (Hickey et
al., 2013).

Nest count surveys (using LTDS) wenesideredhe method ofchoice for bonobo
monitoring, a species rarely observed direcittythe field However, the application of
LTDSvaschallenging in bonobbabitat, representing somef the remotest areas of the
planet. Here, the lack of infrastruate prevented rapid deployment of survey teams,
requiring days only to reack surveystarting point. In addition, LTDS requue
experienced researchers, whmeeded equipment and provisionthat had to beback
carriedthrough the forest by teams of porteramajortask in the swamps andhickets
typical ofbonobo habitats. As such, bonobo LTDS surweys highly costly in terms of
field personnel and logistics.

The advent of novel surveyethodsusingcameratraps (described in Section 1.2)
provided the possibility to survey bonobowith fewer workers, significantly reducing
the costs associated with salaries and logistiCafpelle et al., 20)9Here, patially
explicit capturerecapture methods (SECR) were agglito a known group of
chimpanzeesn TaiNF G A2y I f t I N]J X /23S RQLZG2ANB 0585
could be applied to the bonobo. However, SECR reqtheeglentification of individual
apes an issue significantly limitinigs applicability for larg-scale surveysThe recent
development of machine learning algorithms allowing individual idmatiion of
animals in CT videos (Crunchant et al., 2017; Schofield et al., 2019), ptmeséend
the applicability of SECR to the bonobo in coming years. Similarly, nuwalrkedCT
methods(see section 1.2.2.2) retain higltentialfor future bonobo surveys. However,
at present only one othesemethods, i.e. CTD&as beenapplied to a great ap the

chimpanzee (Cappelle at., 2019) Althoughrequiring fewer field personnel and time
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in the field (Cappelle et al., 2019), the time needed for processing and analysing the
resulting images is a major disadvantage (Cappelle et al., 2019; Paleatia2821).

Here too, automatised methods are under development and could increase the
applicability of CT methods in the future (Haucke et al.,2021; Norouzzadeh et al., 2021;
Wei et al., 2020; Whytock et al., 2020) Chapter 2, $how theapplicabilityof CTDSto

the bonoboandanother13 sympatric species.

1.3.32 Salonga National Park

Salonga National PaiSNP), is situated ithe centre of bonobo current range.
With its 36,000 krfy the size of Wales, it is the second largest fopstected area in
the world and the largest in Afric&stablished in 1970, SN&>divided intwo blocks,
north and south, separated by an inhabited corrid®000 knd) where the majority of
the population inhabiting the Park prior to its establishmentrevdorcefully moved
(Thompson, Nestor and Kabanda, 2008pwever, 9 villages still exist within the park
border (Figre 1.4).

Since 1970, SNP was managed by the national conservation authoritystitet
Congolais pour la Conservationde laNature / / b € = | Y R &mayaQes bys 1 mc 3
GKS 22NIR 2ARS Cdzy R T2 NJ conbidisdofigk sextdrs, C¢ @
adminisered by an ICCNheadquarter supervising severalanger patrol postsat t € X
responsiblefor the monitoring, control andaw enforcement Figurel.4). In the late
1990s, following the outbreak of conflict, ICCN patrols wagaificantlyreduced,and
the park was left mostly urattended for almosta decade(Grossmann et al., 2008).
Today, SNP conservation status has significantly improved, although #@isé# serious
concern mainly due to ongoing poaching, lack of surveillance and uncertainty of long
term funding (IUCN, 2020b)

From an elevation of 356 increasing southwards to 500, SNP isomprised of
more than 90% of pristine primary mixedrain forest, encompasisig a low plateau
covered by swamp forests, river terraces with an associated riverine foresa high
plateau with dry fores{Van Krunkelsven, Bilaia and Draulans, 2000)he remaining
10% are representely savannahs, regenerating forest, cultivation,nstees, and water
bodies This large, pristine protected area harbors extraordinary biodiversity (Appendix
1), being recognized as one thie most important site in the Congo basin for species
such as theCongo petowl! (Afropavo congensjsand the forest Eephant (oxodonta

cyclotig. At least eight monkey species are found in SNBhuapa red colobus
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(Piliocolobus thlloni), Angola colobusQolobus angolengisz ! f f Sy Qa &gl Y
(Allenopithecus nigroviridis black mangabeylL6phocebusaterrimusg, goldenbellied
RS . NI TGetcapithecs hgglec®e 6

221 FQa Cekgpithéctis wolfiand redtailed monkey Cercopithecus ascanjus

mangabey Cercocebushtysogasteb

The ungulate community is also rich and includes forest buffg8yncerus caffgr
sitatunga Tragelaphus spekiand the endangered bongdfagelaphus eurycerusiop
predators are represented by the leopardanthera pardusandthe African golden cat
(Caracal aurata The diversity of birds, reptiles, amphibiansshf and insects is
unknown, but expected to be equally high and to include many species yet to be
described (IUCN, 2020b)Most importantly for the purpose of this thesis, SNP
recognised as the stronghold of bonobos in the Wiicuth et al., 2016)
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FHgure 1.4. Location and main natural and administrative features of Salonga National Park

(SNP).

Since its creation, very few ecological monitoring studies have been cauted

SNP For the bonobo, the firgbreliminarysurvey vascarried out byKano(1992) who

O2dzf R y20G FAYR O2yFANNIGAZ2Y 27F (KIS} LISQA3
updated the distribution map proposed by Kano, including observations made in SNP

whilst the first systematic surveys were conducted mad#l areas of the park by Van
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Krunkelsven, Inogwabini and Draulg@2900)and Reinartz et al(2006) Between 2003
FYR HAannX GKS LINPINIF YYS aLY9>S daz2yAld2NRYy:
a large survey of SNP also recording signs of bopoegence, although its focus were
elephant signgBlake, 2005)The first intensive bonobo survey in SNP was finally carried
out between 2006 and 2008, using a combination of recces and line transect distance
sampling(Grossmann et al., 2008; Maisels, Nkuand Bonyenge, 2010; Maisels et al.,
2010) This survey also established the basis for {mm monitoring in an area close

to the park heaefuarter in Monkoto: LokoféLiengola et al., 2010The early years 2000
saw the establishment of two researches: Etate(Reinartz, 2003)n the block North,

and LuiKotalg§Hohmann and Fruth, 20039cated in the buffer zoneglose to the
south-westernfringe ofthe blockSouth(Figurel.4). The first conductedesearch on
bonobo ecologyand monitoring and stopped operating iI8NP in 2019. The second is
still operating and conductingsearch orthe ecology andhe social behaviour of three
habituated bonobo groups More recently, between 2012 and 2018, largescale
inventory, includingflagship speciedike the bonoba was carried out by various
organizations throughout th@ark and the corridor coveringn areaof almost 40,000
kmz2(IUCN, 2020b) personally coordinated the collection ofrajor part of this dataset
covering 17,127 k@ from September 2016 to April 2018 the block south of SNP

prior to commencing this PhD.
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1.4. Preamble

The idea of this thesis spraedin February 2018, in the village of Anga, Kasai, DRC,
at the fringes of SNP, where | was coordinating the invembtiie block Souttof SNP
The inventory, led by my main supervisor, Prof. Barbara Fruth, was entering its final
phases. At the timeseveral studies focusing on great apes other than the borvobie
investigating great ape status and trend, leading tdafes of conservation status in the
IUCN Red List of Endangered Spe(f#smptre et al., 2016; Wich et al., 2016; Kuhl et
al., 2017; Santika et al., 201A)similar assessment for the bonolwas impossible due
to limited data (Fruth et al., 2016)Next to thetraditional LTDSapproach we were
pioneeringly applying CTDS, only recently descritptalve et al., 2017)Althoughwe
were not fully aware of the amount of data coming out of the prbj¢lce extent with
over 400 LTs and over 700 CT locations, and data collected across 21 months was
promisingto fill an important gap. However, the persém analyse thee valuable data
was yet unknown

An upcoming call fofully funded PhD scholarships dtiverpool John Moores
University, whereat the time Prof. Fruth was Reader in Primate Behaviour and
Conservation, seemed the perfect opportunity proceedwith my academic career
complemening my experience as fid researcher. We proposed to use the ndata
collected in SNP to calibrate a model useful for the assessment of the -vaidge
bonobo population status and trend. Four months later, | wrapped up the project in SNP,
and was on my way to Liverpool.

This dissertation is the result of two yearsfield work in SNP, and three years of
deskwork as a PGR student. It focuses on methodological aspects crucial to the
assessment of bonobo populations, hence their conservation.

In Chapter 2 use the CT data collected in the block South of SNP to appig @
the bonobo and 13 other sympatric species. It involveanthsspent watching videos,
processing more than 38,000deo clis. The results revealetthe density of species
underrepresented in the literature, including the first ever published for @engo
peafowl (Afropavo congensjs giant ground pangolinSMmutsia gigantep and the
cusimanses(rossarchus spp.an obscure genus of social mongooses. | describ issues
and caveats in applicability, but also the high potential of this methodology fardut

bonobo population assessment.

44



Chapter IJleakwith problems arising when using inaccuratengersio factors in
LTDS, focussing of nest decomposition time. The study was conceived in April 2020,
during the first Covid lockdown. A few months earlierthminy supervisory team, |
decided to analyse bonobo population status and trend in SNP using an integrated
approach, exploiting all available sources of information and, most importantly,
integrating traditional (LTDS) and novel methods (CTDS). Thisdniairéliariation
with Bayesian statistics, particularly with the coding language of &arpenter et al.,
2017) an emerginggutting-edgeplatform for Bayesian statistical modelling never used
in great ape literature. The particularly complicated model | was aiming to develop could
not be implemented using existing packages, implying | had to learn how to code it
myself. As | was struggling deliver a working model, we realized that to correctly scale
nest density to bonobo density, we had to incluatthocconversionfactors, particularly
nest decomposition time. To this aim, we decided to analyze atlemy database of
1,511 bonobo nestollected between 2002 and 2018 at the research site of LuiKotale,
using a Bayesian approach in Stan. Working on a simpler survival model, | found that
bonobo nest decay had lengthened by 17 days over the last 15 years as a result of
declining rainfall irthe Congo Basin, showing that failure to account for these changes
would lead to largely overestimated population densitjportantly, | improved my
coding skillendobtained a crucial parameter for my integrated model.

In Chapter 4l estimatebonobo population status and trend in SNP over the past
10 years by integratingthe finding of previous chapters. Specificallyysed a unique
dataset including detection/nowletection and count data from 13 surveys conducted
between 2002 and 2018 by tBfent organizatios operating in SNP, includinmgcces,
line transects and CTD&valuated in Chapter.2includedad hocperiod-specific nest
decay times to convert nest abundance to bonolestimated in Chapter 3nd showed
the influence of ecologidaand anthropogenic factors on the species presence and
density. | found a stable bonolmopulation in SNP between two perio@0022008;
2012-2018)showing that the integration of different data sources can helpnitigate
bias peculiar to specific stey methods. These results provided a rare positive story in
great ape conservation by revealing the importance of pristine habitats, tolerance from
local communities and law enforcement, strongly supporting the preservation of SNP.

Most importantly, as thesame approach could be used to estimates bonobo ramige
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population status and trend, | set the basis for future studies and for the upcoming
bonobo conservation action plgihUCN and ICCN, 20X)e in 2022.

Finally,by summarizing the overarching results obtained in previous chapters, in
Chapter5 | highlight the implications for bonobo monitoring and conservation, providing
suggestions for future applications and insights into ongoing research.

In the following pags, | will present each research chapter as a journal manuscript,

either already published (Chapter 2 and 3) or curreimtlgreparation(Chapter 4).
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2.1 Abstract

With animal species disappearing at unprecedented rates, we need an efficient
monitoring method providing reliable estimates of population density and abundance,
critical for the assessment pbpulation status and trend.

We deployed 160 camera traps systematically over 743 locations covering
17,127 km of evergreen lowland rainforest of Salonga National Park, block South,
Democratic Republic of the Congo. We evaluated the applicability of eamnap
distance sampling (CTDS) to species different in size and behaviour. To improve
LINSOAAAZ2Y 2F SadGAYFrGaSasx ¢S SO fdzZ (38R0 (g2
for detection by camera traps.

We recorded 16,700 video clips, revealing 43 d&fe animal taxa. We
estimated densities of 14 species differing in physical, behavioural and ecological traits,
and extracted speciespecific availability from available video footage using two
Y S i K 2 RAaé (Gappele et al., 2019) Y R AR® (Rdivdiffe et al., 2014) With
sample sizes being large enough, we found minor differences betw€amand ARoin
estimated densities. In contrast, low detectability and reactivity to the camera were
main sources of bias. CTDS proved efficient for estimating density of homogenously
rather than patchily distributed species.

Synthesis and application@ur applicatbn of camera trap distance sampling
(CTDS) to a diverse vertebrate community demonstrates the enormous potential of this
YSGK2R2t 238 F2N) adzNwSea 2F GSNNBaGNAREFE ¢
status and trends that can translate into effee conservation strategies. By providing
the first estimates of understudied species such as the Congo peafowl, the giant ground
LI y32ft Ay |yR GKS OdaAaAYlIyaSasz /¢5{ YI& 0
conservation status in the IUCN Red List oéatened Species. Based on the constraints
we encountered, we identify improvements to the current application, enhancing the

general applicability of this method.
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2.2. Introduction

The use otamera tra (CTs) to study wildlife has seen an exponéitaease in
the last decade(Burton et al., 2015)offering innovative approaches fabtaining
& LJS Cdistiiution, density, abundance, behaviour and community structure in an
economi@l and minimally invasive wayRovero and Zimmermann, 20163nimal
density is an extremely informative parameiarcommunity ecology, providing data for
monitoring temporal trends$n population status and comparing populations across sites
(Nichols and Williams, 20Q&yucialinformationfor effective wildlifeconservation.

The first density estimatrsbased orcamera traffootage were designed for large,
individually recognizable species, usinGaptureRecaptureg(CR) frameworkKaranth
and Nichols, 1998)The methodvasapplied to few mammals, mainly feliddentified
by their coat pattern(Karanth, 1995; Jackson et al., 2Q0Bpwever, defining the
effective surveyed area was problematic and CR metresignated population size
within an areaof unknown size,rather than density(Sollmann, Mohamed and Kelly,
2013) Mark-reSightmethods (MS)Rich et al., 2014and Spatially Explicit Capture
Recapturanethods (SECKEfford, Borchers and Byrom, 200@re a big improvement
By estimating the area effectively samplelnsity estimates becam&atistically valid
(Sollmann et al., 2014However, requiring at least a proportion of individuals to be
recognizable, they were not applicable to all speciRecently, the development of
statistical estimators of animal densibhas overcome these linations. SECR methods
have been extended allowirgensity estimatesof unmarked population§Chandler and
Royle, 2013) Here, sampling effort must be spatiallyintensive and estimates lack
precision unless supplemented with auxiliary data such as genetiplsay or telemetry
(Sollmann et al., 2014; Evans and Rittenhouse, 2018; Linden, Sirén and Pekins, 2018)
Random Encounter ModgIREMs)Rowcliffe et al., 2008yere considered a promising
development. REMs assumha certain detection within an estimated area in front of
the camera andby using Hutchinsoand Wasef2 gas mode(2007)to describe animal
movement, requir@ estimates ofaverage animal speed for estimating animal density.
Animal speed however, is hatd estimate accurately , and REMs broad applicability is
still being tested(Sollmann, Mohamed and Kelly, 2013; Chauvenet et al., 20%17)
address these issues, recent studies have used a modified version of R&ddshima,
Fukasawa and Samejinf2017)replaced animal speed with the time detected animals

remain in the camera field of vie@btained from recorded videQswhereasd | Y LJ2 a 1t
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Candeleet al., (2017)in a simulation study antoeller, Lukacs and Horr{@018)in a
study on elksCervus canadengjircumvented the need for animal average speed by
collapsing sampling occasions into predetermined instantaneous moments where the
surface covered by the camera field of viesasknown and 100% detectability assumed.
Although these methods were a promising development for estimating density of
unmarked species, they remain to be testediariousfield situationsand, assome(e.g.
Nakashima, Fukasawa and Samejima (207gmpos &hdela et al., (2017)) are
mathematically demanding, broad applicability without a uendly software seems
unlikely.

Camera trapDistance SamplingCTDSjHowe et al., 2017js another recently
proposed method for density estimations of unmarked p@tigns It uses a Distance
Sampling (DS) approa¢Buckland et al., 20020195, adjusting point transect distance
sampling to the use of camera traps. Similarly to Moedteal., (2018) and Campos
Candelaet al., (2017), CTDS makes use of predeterminestantaneous snapshot
moments, but assumes 100% detection at 0 m only, accounting for imperfect detection
by modelling detectability as a function of distance. In additidfis only detect animals
when available, a problemvhen studying arboreal or subterranean species. Therefore,
CTDS requires estimates of speapscificc @I A £ AOIA E MBPD ail KS LINR L2
species is available for detectio8o far, two methods have been used for estimating
GAE YY) 6ACaé (Capelleet al, 2019NB FSNE (2 GKSTEGMRKBekg T | O
defined as the number of 1 hotintervals with at least ongideo. 2) AR@ (Rowcliffe et
al., 2014)estimatesdAs by fitting acircular kernel distributiorio times of independent
detections with the peak of activity defined by the maximum value dhe kernel
distribution. Importantly,A y 0 2 (i K A¥iSdktkagdftom the same videos used
for estimating density CTDSwas applied towild populatiorsof a E6 Sf f Q&4 Rd
Philantomba maxwellifHoweet al,, 2017) and Western chimpanzed®an troglodytes
verusAy ¢ O bl GA2y I f(Cappellst al., 2019 sefirnifyQuhb@aged NB
estimates for the latterin addition, by using a DS approa€i,DS takes advantage of a
consolidated mathematical framework, opaource software and a vast community of
users and developersnaking the method easily accessible. Theref@&DS®ould be
considered among the mogiromising methoddo assess animal densjtparticularly
suitable for habitats wherespecies taking advantage of dense vegetation for their

cryptic existencarerarely encountered.
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hdzNJ LI I ySGQa GNRLAOFE NIAYyF2NBadaz LI N
provide these features. Disappearing with unprecedented speedlogicalnformation
for the vast majority of terrestrial vertebrates is urgently requifBdCN, 200a). Central
' TNRAOIF Q& /2y 32 0 &AofevedrgheBnddinfoests, with T,0003ird1 n1 n
and 400 mammal species currently knoW@ampbell, 2005)lts heart, the Cuvette
Centrale 800,000 krin size situategouth of the Congo River, Democratic Rejmbf
the Congo (DRMasii KS O2y Ay SydQa fFNBSad LINRPGSOG:
rainforest: Salonga National Park (SNBR)IWCNNorld HeritageSte. Here, weestimate
vertebrate densityby applying CTDS to the large and remote South blocRaddnga
National Park, assessiagpliability of the methodology in relation tepeciesspecific
propertiessuch as 1) siz@)activity patterns 3) sociality; 4) abundance; 5) distributjon
and 6) reactivity to CTs'he latter referring to any respon& behaviour occurring
because of the presence of an observer (i.e. the CTs) causing the animal to modify its
travelling trajectory. This either by moving away from the camera (avoidance), by

approaching it (attraction), or by stopping, standing in frohthee camera.

2.3. Materials and methods

2.3.1.Study area

Salonga National Park (36,000 3pnsituated in theCuvette CentraleDRCHigure
2.1a), consists of two blocks, Nortmd South We investigated block South (17,127
km?), composed 099% of primary lowland mixed forest%of savannahs, regenerating

forest, cultivation marshesand water bodiegBessone et al., 2019)

2.3.2.Data collection

Camera traplata were collected between September 2016 and May 2018 as part
of a comprehensive biodiversity inventory (RS®vey©), conducted along 405
systematically placed sample units (i.e. line transegsherated from a random origin
The 1 km transects runmg eastwest were evenly spaced by 6 KiFigure2.1b). Two
infrared camera trag (Bushnell Trophy Caiv, Model 119776) ¢ A 0K |y 3t S 2
45°and intertrigger lag time = 1 syere set up at 250 m and 750 m from the beginning
of each transectRigure2.1c). To avoid disturbance caused by the passage of field teams,
cameras wereystematicallypositioned 50 m to the north or south of the transect line,
oriented north between 70 and 90 cm above grourdiven the size of SNP and the
limited number of dewes (n = 160), the study area was divided into 37-a@as
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covering 380 krhon average (range = %21,188km?, SD = 274.8pach surveyeance

CTs were relocated to a new sabea after a minimum of two weeks (averag88&.4

days, range 14 78, SD 42.4). Of the 405 transects, 27 were not surveyed due to their
proximity to major rivers, or armed poachers, resulting into 3d8seyed line transects
(Figure2.1B). Due to logistical constraints, one transect remained without, and four
transects with onf one CT each, resulting in 750 sampling locatidmse of installation,

habitat type and GPS location were noted for each device. Cameras were active 24h/day
YR &aSyaz2Nl aSy ai iFodidigcassidanlofpoteéntiliimiiatibns offodr 3 K ¢

survey design, se®ox2.1.
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Figure2.1. Location and Survey DesigkDemocratic Republic of the Congo (DRC; light blue)
with CongoRiver (blue line) Cuvette Centralégreen) and Salonga National Park (SNP; yellow);
B) SNP, block South with surveyed (black dots) and unsurveyed (white dots) line tra®ects;
Camera trap locations along line transect.
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2.3.3.Camera trap distance sampling

2.3.3.1.Measurements

Following Howeet al.,(2017) we measureR A a i yOSa 0SG46SSy (K

Om) and the midpoint of each detected animal @dial distance) in eachvideo at
predetermined snapshot moment{s observationslpy comparing animal locations to 1

m distance labels recorded during camera installation (from 1 to 12Pm@determined
snapshot moments represent observations syecific times of daystarting with a
aylrLlaK2d Fd YARYAIKG nnK nnYAY nését®d oA
secorts, a value considered appropriate to obtain adequate sample sizes even for fast
moving and rare species (Howeal.,2017). Temporal effort is then determined by the

value oft (1 KS f &, yhal IBwed thie effort- seeBox 22).

We expectedthat specesspecific featurescould potentially affect CTDS
estimates. Therefore, for each observation we also recorded 1) individual maturity
(immature / adult), 2) animal group size, and 3) reactive behasi@aeBo0x2.3).

2.3.3.2.Speciespecific availability
We corrected for specie& LISOAFTAO | GF At oAt AGE ehalg | LI
OH N MO TARE Y Rv 2 w é &l &(FOFAP calculatingARoby using the R package
GFrOGAGAGEE ow (Higardld). 16 Srtdey © ensureviduépendence of

observations of times of detection we used the number of capture events, defined as
the first video recording the same individual / animal group, while subsequent videos of
the same individual / group were discarded. A nexgrt was recorded when a different

individual / animal group entered the field of view.

2.3.3.3. Density estimation

Densities were estimated by applying the formulaHafweet al.,(2017) (sedBox
2.2 for further details) All operational days, excludingags of camera installation and
retrieval, were considered when calculating survey effdkt reactivity to CTs is
expected to induce biaBuckland et al., 20012015, we discarded all observations
where animal behaviour indicated a reaction to CTs. Then, we left and / or right
truncated each dataset after visual inspection of the histogram of obseraddl
distanced~ig 2.8We fitted the detection functions to theemainingradial distances and
calculated speciesspecific density in Distance 7.3Buckland et al., 20012015,
correcting for bothACaand ARq andconsidereds CTD$nodels (half normal with 0 and

1 hermite polynomial adjustment terms; hazard rate wiittand 1 cosine adjustments
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terms; uniform with 1 and 2 cosine adjustment term#&) CTDS violation of the
assumption of independence of observations is expected. Violation does not affect point
estimates of abundance (Buckland et al., 200015 = 6 dzi A Yy GRNBARLASONSESA 20y
which is partially addressed by defining predetermined instantaneous snapshot
moments (Howe et al., 2017; Moeller et al., 2018). In addition, the assumption can be
relaxed by estimating variances using a nonparametaotgtrap, resampling points
with replacement(Buckland et al., 2002015, and by using model selection methods
adjusted for oveddispersed data Accordingly, we estimated variance from 999
bootstrap resamples, with replacement across camera locatiorss satected between
competing models comparing QAIC scores, following astiep method(Howe et al.,
2019)

2.3.4.Considered species

Recorded species were considered suitable for density estimation if 1) thberu
of independent capture events wag0; 2) the number of recorded radial distances was
X  yBockland et al., 2015¥ o testgeneralapplicaility of the method, weselected
species showing differences in size, activity, abundance and distributicerpsit
Information on the following speciespecific traits was acquired from published
literature: 1) body mass, a proxy of body s{&mith et al., 2003)2) activity pattern
(diurnal, nocturnal or crepuscular); 3) sociality (gregariousadlitary); 4) expected
abundance; 5) expected distributiondmogeneous or heterogeneoyq25: (Kingdon

et al., 2013); and 6) conservation status (IUC2020a).

Box2.1. Survey design limitations

The size of SNP block South prevented us from surveying the whole studsjradtaneously,
suggesting violation of the assumption of population closure. However, DS estimates a
severely affected by this violation (Buckland et al., 2001; 2Gk&with our sampling locations
coveringan area of 36 kdeach, area size is larger than home ranges published for 12 of th
species considered (Table82. The remaining two were the elephant and the honey badg
Hephants can range over territories larger than 1000?kBlake et al., 2009)Thus, same
individuals could have been detected in different safeas.However, elephantscan be
individually recognized by morphological characterist{&oswami et al., 2012). Whe
investigating our video footageye did not detect double captures across safeas. ldney
badgers were reported to have home ranges as large as 500(Beyg et al., 2005)n
savannahsOur average sutarea was 380 kfand rainforest counterparts are likely to hav
smaller homeranges (e.g. chimpanzé€kindshield et al., 201),)due to sasonality being lesd
pronounced close to the equator. Therefore, double detections were unlikely as were dra
fluctuations in population size over the 18 months of our study.
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Box2.2. Estimatinganimaldensity with CTDS
We estimated densities applying the following form(itioweet al., 2017)
5[ - ,)ﬁlA =F M
gH"Su- 0
whereng is the number of observations at cameégav is the maximum distance betwee
object and camera considered or truncation distande,is the estimated probability of

detection of an animal at a snapshot moment asd= Hﬁu is the sampling effort at camers;

location k. Here, Tk is the sampling effort at camera in secondst is the timeinterval of
predetermined snapshot moments (set to 2 s)s the horizontal angle of view of the came
in radians (i.e. 0.785), se- represents the proportiorof a circle covered by the oeera (i.e.
0.125)
Finally,Ais the specific availability. This value is required for species that spend p
their active time e.g. feeding in trees or hidden in shelters, hence not being always e(
available for detection.
Ais defined by Capple et al.,(2019)as:
Iy
/ #A4ﬂs‘f9
where nr is total number of videos of a speci€k,s the activity time represented a
number of Xhour intervals when the species was recordegds number of videos at peak timg
Ais defined by Rowcliffet al.,(2014)as
W "Qw
¢ AQA O w
where fx is a circular probability density function fitted to a set of videos recordeq
particular times of day (in radians), afrdax (= peak of activity) is the tangent to the maximu
offxina24K 2 dzNJ O Of S o6 YSI &dzNBR |4 NI RAIFYya ¥FNI
that in a 24hour cycle, the entire population was continuously activénadx, ARois estimated
as the raio of the area undefxd 6 FaBdithe area undeimax (Figure2.2).
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Figure 2.2Species Specific AvailabiliyRo)exemplified for the Congo peafowl over a 2day following
Rowcliffeet al.,(2014). Availabilitys estimated as the ratio of the area under the blue lihg (shaded
in grey), representing the relative speciggecific activity extracted from videdips, and the area within
the rectangle (in white) defined by the maximum of the cuffreax)equaling the peak of activity, and
0.
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Box2.3. Measuring radial distances

The application of CTDS requires the establishment of clearly visible distance cate
In practice, these were established using tape measures accordirkjgtoe 2.3, and by
presenting numbered sheets for each metric interval in front of the activeeca. Operators
presenting the distance labels touched reference points (trees, branches, termite mounds
so that these specific areas could be easily identified during wecessing. Thesé
measurements were recorded on vidsequences (referenceideosc Videos 1, 2, 3 and 4 i
G{dzLILI2Z NI AYy3 +£ARS2aé03X |YyR dzaSR (2 YSI ad;
OF YSNY |G LINBRSUGUSNNYAYSR ayllLlakK2id Y2YSyia
animal locations to the 1 m distancedlsSt & 0 OF @ & { dzLJLJ2 R Weypibvidd
an example of the data recorded at each snapshot mome
(https://besjournals.onlinelibrary.wiley.com/action/downloadSupplement?doi=10.1111%2
365-2664.13602&file=jpe136062up-0013VideoS1S5.zip.

FHgure 2.3 Measurements taken at indicated distance intervals from the canteya for reference
videos(N'Goran et al., 2016)

At Max. width Distance markers

Table2.1. Radial distance and other relevant information record€@meratrap: identifier of specific
camera trap; Day: dayf predetermined snapshot moment (year/month/day); Time: time

predetermined snapshot moment (hours: minutes: seconds); Individual: identifier for each indiy
within the field of view at Time of Day; Radial distance: Distance from Camera to intlizidLiene of
Day; Age class: adult / immature for each individual at Time of Day; Reaction: Observation on re
to camera (yes = reacting ; no = non reacting) ) of each individual at Time of Day.

Cameratrap Day Time Individual ~ Radialdistance Age class  Reaction
C1_T159 2017/05/23  9:46:26 1 4.5 Adult no
C1_T159 2017/05/23  9:46:28 1 4.5 Adult no
C1 T159 2017/05/23  9:46:30 1 4.5 Adult no
C1 T159 2017/05/23  9:46:32 1 4.5 Adult no
C1 T159 2017/05/23  9:46:34 1 4.5 Adult no
C1_T159 2017/05/23  9:46:36 1 4.5 Adult no
C1 T159 2017/05/23  9:46:36 2 25 Immature no
C1 T159 2017/05/23  9:46:38 1 5.5 Adult no
C1 T159 2017/05/23  9:46:38 2 25 Immature no
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24. Results

A total of 160 camera trap were fully functional and actia 743locations Total
effort was 27,045 camera days, returnitif§,734 videos showing animals belonging to
43 different taxa Appendixl). Averagenumber of specieper locationwas4.7 (range O
¢ 24, SD = 3.040f thes 43 taxa, 29provided adequate datdor density estimation.
Table2.2 shows 14 out of these, selected due to their differences in biological (body
mass), behavioural (activity pattern, sociality), ecological (abundance, distribution) and
conservation (IURS status) traits. Except for the eadhic Congo peafowl, althosen
species were mammal$able 23 shows

speciesspecificinformation obtained from Camera Traps (GCTis¢ludingactivity
times, availability according to Cappek al., (2019) and Rowcliffeet al., (2014)
(examples provided iRigure2.4), as well as truncation distance. Detectability positively
correlated with body size, witmsall-sizedspecies being undetectedvithin the first 2 m

from the cameraKigure2.5).

Table2.2 Species (Common namsgientific namg selected for method evaluation. Body mass
(average in kgi;Smithet al., 2003); Activity pattern $D= strictly diurnalsN= strictly nocturnal,
mD = mainly diurnalmN = mainly nocturnalCr =crepuscular); Socialityg(= gregarioussS=
solitary); Approximate expected abundangeper km?) available from literature; Distribution
available from literature; IUCN status (IU@@20a). * Genetta servalinand G. maculata; **
Crossarchus alexandmdC. ansorgeiReferencesKingdonet al.,(2013)

ID Species Body Activity Sociality Approximate Distribution IUCN
mass (kg) pattern expected status
abundance
[n/ km?]

1) Congo 1.4 sD G Unknown Homogeneous VU
peafowl®
Afropavo
congensis

2) Forest elephant 3940.0 mD G 0.05 Heterogeneous EN
Loxodonta
cyclotis

3) Bonobo 34.0 sD G 0.42 Homogeneous EN
Panpaniscus

4)  Allen@ swamp 4.7 sD G 100 Heterogeneous LC
monkey
Allenopithecus
nigroviridis

5) Honey badger 8.0 mD S 0.03 Homogeneous LC
Mellivora
capensis

6) African golden 10.6 mD S 0.04¢0.1® Homogeneous VU
cat
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Caracal aurata

7)

Genets
Genetta sp.

2.0c19

sN

0.8¢4.5

Homogeneous

LC

8)

Cusimanses
Crossarchus sp

0.7¢1.5"

mD

Unknown

Homogeneous

LC

9)

Aardvark
Orycteropus
afer

52.3

sN

1¢2

Homogeneous

LC

10)

Giant ground
pangolin
Smutsia
gigantea

33.0

sN

Unknown

Unknown

VU

11)

Sitatunga
Tragelaphus
spekii

78.0

mD

92¢ 180

Heterogeneous

LC

12)

Water
chevrotain
Hyemoschus
aquaticus

10.8

sN

1.5¢5

Homogeneous

LC

13)

Brushtailed
porcupine
Atherurus
africanus

1.9

sN

2.4¢13

Homogeneous

LC

14)

Fourtoed sengi
Petrodromus
tetradactylus

0.2

Cr

210

Homogeneous

LC

a McGowan, Kirwan and Sharpe (2019)
I K I I reat., 2026) y

b: .
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Table 23 Speciesspecific information obtained from camera traps (CTs). Individual locations: Number of CT locations with detect@agter8;eventsNumber of
videoOf A LJAT ¢20GFf wl RALT RAAGIFYyOSay ¢20l f 2F¢ Y& AMINBRZYNSRAREF RARAFYORATR (W
OLISNOSyYy(Glr3IsS 2F ¢2GFt 0T wlkERAFE RAaAlGlIYyOSa awSl Ol A GA (baalf ActvitydindeT; fhdzMuinBeNof &cfivityNJ R A |
hours per 24kday used when calculating specific availability after Cappelié., (2019); AvailabilityACa): specific availability calculated after Cappeitel.,(2019);
Availability(ARQ (S.E.): specific availability (standagrror) calculated over 24h after Rowcli#é al., (2014); Truncation [m] left ; right: meter(s) of left and right
truncation of radial distances. * sé&&0x2.2.

ID Species Individual Capture Total Radial djstancqs RadiaAlI dis:[a[lces Activity  Availability Availability Truncation
locations  events Radial QLYY GdzNBE dwSE OUA ¢ timeT (AC)* (ARQ [m]
distances [hr]* (S.B)* left ; right
1) Congo peafowl 73 137 3,104 249 ( 8%) 240 ( 8%) 12 0.57 0.34(0.04) 1; 8
2) Forest elephant 14 20 840 68 ( 8%) 676 (80%) 24 0.15 0.34(0.10) 0;12
3) Bonobo 66 100 5,604 1,376 (25%) 515 (11%) 14 0.45 0.34(0.05) 0;12
4) Allen@ swamp monkey 12 49 1,067 81 (17%) 209 (19%) 12 0.31 0.39(0.04) 3; 8
5) Honey badger 18 21 217 None 48 (22%) 11 0.38 0.28 (0.07) 0; 7
6) African golden cat 23 25 84 None 6 ( 7%) 13 0.34 0.45(0.07) 0; 7
7) Genets 63 95 431 None None 11 0.61 0.43(0.03) 2, 7
8) Cusimanses 24 34 1,301 72 ( 5%) None 13 0.44 0.44 (0.06) 2; 7
9) Aardvark 46 54 354 None 25 ( 7%) 12 0.45 0.31(0.04) 0; 6
10) Giant ground pangolin 15 24 119 None None 11 0.50 0.40(0.07) 1; 8
11)  Sitatunga 10 23 417 101 (24%) None 14 0.41 0.64(0.11) 0; 7
12) Water chevrotain 38 152 1,462 None None 12 0.61 0.34(0.03) 1; 6
13) Brushtailed porcupine 140 527 1,765 48 ( 3%) None 12 0.62 0.34(0.02) 2; 8
14) Fourtoed sengi 7 40 216 None None 13 0.31 0.28(0.05) 2; 5

59



Capture events < 50
Elephant (n = 20)
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Capture events > 50
Aardvark (n = 54)
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Capture events > 100
Water chevrotain (n = 152)
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Figure2.4. Camera trapgderived daily activity patterns for 1) Capture events < 50 (Elephant); 2)
Capture events > 50 (Aardvark); 3) Capture events > 100 (Water chevrotain). Solid lines show
availability ACa) as relative frequency of capture events for each houerval according to
Cappelleet al., (2019); Dashed blue lines show availabil&Rr( as relative frequency of capture
events fitted over 24 hours according to Rowcldfeal. (2014).
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Left truncation Right truncation

o2 02
e 2
ol ol1
o - 0 -
-~ 9 o9
)
0
o © - © - =
£ o3 °10 °10 o3
~ .
°
o
1]
~ < -
L .
8 o6 el12 . 012 6
e o5 : 5
o _
S « o4 « - B o4
g ol :;3\'\ ‘ :g :13
o14 AN o14
o - : o -
o | o |
1 1
T T T T T T T T T T T T
0 1 2 3 5 6 7 8 9 10 1 12
Distance (m) Distance (m)

Figure2.5. Speciesspecific truncation distances (m) for L&ftincation (left); and Rightruncation
(right). Blue lines represent linear regression ftefincation R = 0.48, p < 0.01; rightuncation R
=0.19,p = 0.07) with 95% confidence intervals (light blue areas). Black dot with number indicates
ALISOASAT ydzYoSNER aSS aL5¢ Ay ¢l ofS mo

Of the 14 speciesmmature individuals were never detected sevenmade up less
than 10% of observationa another four, ad more than 10% in three species only (Table
2.3). Therefore, we decided to exclude observations of immature individuals, providing
population estimates for adults only. Three different types of reaction to CTs (i.e.
attraction, avoidance and olfactory)aese recognised in seven species (Tab®; 2xamples

are provided irFigure2.6.
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Attraction Olfactory reactivity Avoidance
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Figure2.6. Reactivity to camera traps (CTs). Columns: Left (yellow): Attraction (honey badger);
Middle (grey): Olfactory (elephant); Right (green): Avoidance (bonobo). Rows: Top: reactive
observations included; Middle: reactive observation excluded; Bottom: fittebfimodel after
right-truncation (honey badger); binning (elephant); as is (bonobo). Bars prelative frequency
of detectionsper distance intervaprior to truncation (reactivity observations includedpashed
black lines show distances of truncatjoDashed blue lines detection probability as a function of
distance(1.0 = 100%after truncation(reactivity observationsvere discarded)

Table2.4 shows density estimas for each species after bootstrapping, corrected for

speciesspecificactivity patterns, providingedected model and Coefficient of Variation.

62



Table2.4 Speciesspecific density estimates. Selected model for density estimatimwing akey function (HN = Half normal; HR = Hazard rate; UNI = Uniform); b)
series expansionc$ = cosine;hp = hermite polynomial); c) adjustment termBadial distances (=observations): Number of measurements after truncation and
discardingpf immatures and reactive individual©gensity ACa) [ind/km?] (95% &): Bensity of mature individuals per kmz2 correctfat availability using\Ca (Cappelle

et al, 2019)with 95% confidence intervalsif}; Density ARQ [ind/km?] (95% &): Density ofmature individuals per kmz2 correcteédr availability usingARo (Rowcliffe

et al, 2014)with 95% confidence intervalsi@}, CV:ACa ; ARo Estimated coefficient of variation for 1) DensiGa), 2) DensityARQ.

ID Species Selected model Radial distances Density AC3 [ind/km?] (95% @&) Density ARQ [ind/km?] (95% &) CvV
a; b;c ACa ;ARo
1) Congo peafowl UNI ;co; 1 2,383 0.91(0.66¢ 1.27) 0.76(0.55¢1.06) 0.17; 0.17
2) Forest elephant HN ;hp; 0 151 0.03(0.01¢ 0.07) 0.02(0.01¢0.03) 0.44; 0.45
3) Bonobo HR co; 0 3,658 0.70(0.32¢ 1.53) 0.54(0.24¢1.21) 0.41; 0.43
4) Allen@ swamp monkey HN ;hp; 0 691 0.53(0.24¢1.14) 0.20(0.09¢0.43) 0.41; 0.40
5) Honey badger HN ;hp; 0 121 0.05(0.02¢ 0.09) 0.03(0.01¢0.06) 0.39; 0.41
6) African golden cat HN ;hp; 0 78 0.04(0.02¢ 0.07) 0.02(0.01¢0.03) 0.36; 0.36
7) Genets HN ;hp; 0 374 0.27(0.17¢0.43) 0.18(0.11¢0.28) 0.24; 0.23
8) Cusimanses HN ;hp; 0 1,104 1.16(0.58¢ 2.36) 0.62(0.31¢1.26) 0.37; 0.37
9) Aardvark HN ;hp; 0 255 0.20(0.10¢ 0.34) 0.15(0.09¢0.26) 0.27; 0.28
10) Giant ground pangolin HN ;hp; 0 112 0.05(0.02¢ 0.13) 0.03(0.01¢0.08) 0.50; 0.54
11) Sitatunga HN ;hp; 0 253 0.12(0.03¢ 0.42) 0.07(0.02¢0.25) 0.71; 0.74
12) Water chevrotain HN ;hp; 0 1,250 0.72(0.38¢ 1.35) 0.68(0.37¢1.27) 0.33; 0.32
13) Brushtailed porcupine HN ;hp; 0 1,624 0.71(0.48¢ 1.03) 0.64(0.44¢0.96) 0.20; 0.20
14) Fourtoed sengi HR co; 0 191 289.46(2.67¢ 31,294.00) 181.09(2.16¢ 15,177.00) 17.20;12.71
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ACa corrected estimatesonsistentlyprovided higher densities thaARq with ACGa
and ARocorrectedestimates beingimilar with at least 100 capture events (Tabla &nd
Figure2.7). 9 AGA Y 6S&aQ LINBOAAAZ2Y &AAIYAFAOLyOGt &

locations with at least one capture event (fsgnsformed¢ R = 0.63; p < 0.01).
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Figure2.7. Relative speciespecific concordance of density estimates corrected Vigo(Rowcliffe
et al, 2014) andACa (Cappelleet al., 2019) by number of capture events. Relative accordaAB®(
/ AC3): 1.0 = 100% accordance. Blue line represents linear regne®8= 0.62, p < 0.01) with 95%
O2yFARSYOS AYyiGSNBIfa ofA3IKG o6fdzS FNBFrod . fF0
Table2.1.

A similar trend, with precision increasing with higher numbers of recorded radial
distances or estimated deaities, was not significant (séggure2.8). These results were
confirmed by anultiple regressioranalysis, where precision was modelled as a function of

the three aforementioned variabldsee Bble 25), suggestingrecision was mainly driven

by thenumber of individual locations and sample size.
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Figure 2.8 Relative
speciesspecific precision
(Coefficient of variation
(%)) as a function of 1)
log-transformed number
of individual locations
with at least one capture
event (top¢ RR=0.60; p <
0.02); 2) logtransformed
number of radial
distances used in the
analysis (centre¢ R =
0.14;p = 0.22; 3) density
corrected for availability
with ARo(Rowcliffeet al,
2014) pottom ¢ R =0.19;
p = 0.0§9. After visual
exploration of diagnstic
plots for outlier and
leverage, the Foutoed
sengi data point QV =
1271%) was
from analyses. Blue lines
represent linear
regression with  95%
confidence intervals (light
blue area). Black dot with
number indicates species
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Table 25. Multiple linear regressionf€=0.71 ; F = 5.16 (7,59 =0.04) predicting density estimate
precision (i.e. coefficient of variation) as a function of seven explanatory variables (all log
transformed): 1)d 5 Sy ARdii®& Y 0R Smwaturk individ@ak per km2 correctedr availability
usingARo(Rowcliffeetal> HnamMpd OF H2yaéyY ydzYoSNI 2F /¢ £ 20
Gwl RA I f RAAGIFYOSasey G201t 27F YSI a osMSyRARYNT RA |
[20FG0A2yacyY AYy(ABHI OYR2 W dXD SREZFA 3/ RA OARR dzl
NI RA I f RAAGF Yy OSacé¢ YARG ahd Bumbed of ineagure@ fadiaRdistadcdsii@® o
G[ 20FGA2ya 6y0 Y NI RAumber oRihdividualylddsiéng ahd dugiieiSald O
YSI &adzZNBER NIRAIFE RRAGYYDSOTIrxdyasSywhRBRAEI® RAA
(ARQ and number individual locations and number of measured radial distafcstsnated B
estimated regressin slopes S.E. standard error of estimated regression slopes pByalue
significance of explanatory variable (weakly significant vajpe(1) in bold). The Fotmed sengi
(CVv=1,271%) was excluded from analyses after visual exploration of diagptsts for outlier

and leverage (high leverage exerted). Such a large C.V was possibly mainly due to the small numbe
of individual capture locatios(n = 7, see Tab3), or topoor reliability of the detection function

for this speciesmodelled usig observations between 2 and 5 m only.

Explanatory variables Estimated B S.E. pvalue
Intercept 957.82 399.41 0.06
1) Density ARQ 4729 11048  0.69
2) Locations -235.70 103.08 0.07
3) Radial distances -118.83 54.39 0.08
4) Density ARQ : Locations -0.19 33.40 0.99
5) Density ARQ : Radial distances -4.17 17.91 0.82
6) Locations (n) Radial distances 29.72 13.90 0.08
7) Density ARQ : Locations : Radial distances -3.35 5.50 0.57
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2.5. Discussion

Our results are the first application of CTDS to a rspiéicies animal community and
showthe enormous potential of this method for biomonitoring. However, as in other CTs
studies (Burton et al., 2015), biological, ecological and behavioural featurestealfe
specific detectability. In the following, we will discuss how six of these features could
influence the applicability of CTDS: 1) body size/massociality; 3) activity pattern; 4)

distribution; 5) abundance and 6) reactivity to the camera.

2.5.1Body size / mass

Our results confirmprevious studieqTobler et al., 2008; Rowcliffe et al., 2011;
Sollmann, Mohamed and Kelly, 20138howing that bodiysize positively correlates with
detectability (Table2.3 and Figure2.5). In such cases, we tefruncated our data when
estimating density, a method known to effectively address low detectability at short
distances(Buckland et al., 20012015. However, left truncation implies loss of data
needed for achieving accurate estimates, especiallydor species. Therefore, we suggest
that deploying cameras at a height of 50 cm above ground would increase detection rates
of smallsized species. Although surprisingly found to be detected imperfectly within the
first 2 m from the CT despite an averageoslder height of 95 cmHgure2.6), left
GNXzy OF GA2Y ¢l & y20 I LILX ASR (2 28.&Reaciviiyf® 0 2 :
OF YSNI ¢0d !''a SELISOGSR:E StSLKIyGa 6SNB RS
size both body length angidth were considered when measuring radial distances, and fit

was improved by binning data in 2 m intervafsg(ire2.6).

2.5.2.Sociality

When applying distance sampling to gregarious species, detection naégsbe
inflated, as detecting the first anirhan a group increases the probability of detecting
others (Treves et al., 2010However, wefound no clear evidence for overestimated
density in gregarious speci€Bable 26) and obtained satisfactorgoefficients of variation
(< 29%) for both brushkailed porcupine (solitary) and Congo peafowl (gregarious), with low
precision equally affecting solitary and gregarious species when capture events were rare
(Table2.4).
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Table2.6. Density estimates as (in bold) for figeegarious species, using two different methodological approaches to ©ERSty ARQ [ind/km?] (95% &; CV.):
speciesspecificdensity of mature individuals per km? correctéal availability usindARo(Rowcliffeet al., 2014)with 95%confidence intervals (CIs); Species (median
group size; average group sjZ&l). Method 1: conventional CTDS; Method@roup size covariat@adial distances measured to the group centre and group size
included as covariate (Plumptead Cox, 2006))

Speies
Congo peafowl Forest elephant Bonobo ltftSyQa ag Cusimanses
(1;1.732.59 (1;1.750.99 (2;2.742.09 (1;1.902.42 (2;2.244.69

Method 1:
conventional CTDS  0.76(0.55-1.06 0.17  0.02(0.01-0.03 0.45 0.54(0.24-1.21;0.43 0.20(0.09-0.43 0.4) 0.62(0.31-1.26 0.37)

Method 2:

group size covariate  0:67(045-1.000.21)  0.02(0.01-0030.37  0.52(0.24-1.16 0.4  0.21(0.09-0.430.41)  0.50(0.26-0.97,0.34
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2.5.3.Activity patterns

Although differences in the specific availability calculated according to Capgtelle
al., (2019), and Rowcliffet al.,(2014)were minorwith large sample sizeARopresened
major advantagesl) @lculations providd standard errors of estimated availabilitiéhat
could be included in the estimation of total variance of density) 2nehlues appeard to
be less influenced by the peak of observatamd stochasticitfFigue 2.4 and Table2.3).
Both methods rely on the assumption that at peak time, 100% of the population is available
for detection (Rowcliffe et al., 2014), with asynchronous activity patteofisndividuals
within speciesleading to an overestimation of aciiy time, hence underestimated
densities Here, the visual analysis of the activity patterns obtained (Fig),&eened to
suggesthat the two carnivoregi.e.golden cat and honey badger) and the sitatunga might
have showrasynchronous activity patterns our study ARais consistently calculated over
24 hours, whereaéCarefers to the housintervals of observedctivity, considering activity
hours with one apture event only Figure2.4). In ACa activity intervalsmay remain
undetected due to low sample sizpotentiallycausingunderestimation of survey effort.
For example, we observed elephants from 20 capture events only, revealing activity in 11
of 24hour-intervals Figure2.4). Elephant activity however, is reported to occur throughout
a 2-day(Kely et al., 2019suggestingve missed.J- NIi 2 F G KS & Ly$hdeA S & ¢
available knowledgeould beusedto interpret results according to spesispecific ecology
and behaviouywith ARoactivity timefitted over 24 hours, additional sources of vaian
were avoided Figure2.4). In sum, sample sizdarger than 100 capture eventdlowed
accurate and consistent estimat@sgure2.7). Limited numbers of capture events however
lead to underestimatedACa inflating density values (Tabl@s3 and 2.4). Therefore, we
recommend longer CT deployment, allowing a minimurhQ@f capture events per species
and the useARo(Rowcliffeet al., 2014 for the calculation of specific availabilitynless
supported by large enough sample sizes, comparing specific availability and density

estimates across different studies is precarious and should be performed with care.
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2.5.4.Distribution

We expected high variability in encounter rates for heterogmmdy distributed
species, leading to imprecise density estimates due to spatial varigBiockland et al.,
2001; 2015)In fact, all the species we expected being heterogeneously distributed (Table
2.2), showed a coefficient of variation > 40%, due ter lIsample size and observations
obtained from very few locations (TabB4 ¢ but see alsd-igure2.8). Future research
should aim at increased spatial effort with synchronous camera deployment to reduce
potential bias and strengthen precision (Bucklaal., 2015). When this is not possible, a

stratified random design mighihcrease estimate precisigfrcster and Harmsen, 2012)

2.5.5.Abundance

Consequentlywhile precision wamoresatisfactory for abundant species, it was also
good CVhbelow 35%) for rare, but widespread species such as the gandtthe aardvark
(Table2.4 andFigure2.8), with precision being mainly a function of sample size (i.e. number
of radial distances) and heterogeneous distribution (i.e. number of individual locations with
at least one capture eventTable 25). When estimating density of abundant species, a
limiting fador was the time required for distance measurements from vidéps. To
reduce time of analysis, 1) snapshot interval t could be increased, or 2) observations may
be restricted to peak of activity only (Howe et al., 2017). For validatvengompared the
full with the reduced methods for all species, and obtaireessistent densies despite
increased snapshot intervals and peak of activity observations dalylé 27). However,
in the case of rarer species, the application of these methods would furtshrce the

number of exploitable radial distances, making safe estimates impossible.
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Table2.7. Speciesspecific @&nsity estimates (in bold) of mature individuals per km2 corredtedavailability usindARo(Rowcliffeet al., 2014)with 95% confidence
intervals (in italics) (ClI); Coefficient of variati@\j(using different analytical effort and number of radial distances used in aaalysigNA = analysis not performed

due to low sample size (n < 60 radial distances)). ®kkthi-ull: full effort with distance measurement at each 2s snapshot moment; Reduced snapshot moments:
decreased effort by increasing time between snapshot moments 1) t=6s,2)t=30s, 3) t = 60s; Reduced activilgrézaes] difort by focusing greak of activity

only; Parameters (Hourg); Hours = number of hourly intervals considered in the analysisnterval between snapshot momentsstimates corrected for availability
based orRowcliffeet al.,(2014); no correction for availability jerformed when considering only the peak of activity (all animals are assumed to be active).

METHOD Full model Reduced snapshot moments Reduced activity focus
Parameters 24 hours ;t=2s 24 hours ;t=6s 24 hours ;t=30s 24 hours t=60s lhour;t=2s
. Density : Density . Density . Density : Density
ID Species dis;?}(ilea; 95% Cl dis;?g:; 95% Cl diszi?:; 95% Cl dis?a?:ii 95% Cl distF;?]?:I:; 95% Cl
Ccv Ccv Ccv CcVv CcVv
Congo 0.76 0.76 OOSlZ)? 0.74 0.84
1) peafowl 2,383 0.55-1.06 787 0.54-1.07 147 1 00 79 0.50-1.08 319 0.46- 1.52
17% 17% : 20% 31%
18%
Forest 0.02
2) elephant 151 0.01-0.03 52 NA 12 NA 6 NA 19 NA
45%
0.54 0.53 001.2? 0.56 0.45
3) Bonobo 3,658 0.24-1.21 1,175 0.21-1.03 234 1 08 121  0.21-1.20 492 0.12- 1.71
43% 42% . 43% 7%
45%
Allen's 0.20 0.21 0.11
4) swamp 691 0.09-0.43 225 0.09-0.48 44 NA 15 NA 104 0.02- 0.56
monkey 40% 44% 99%
Honey 0.03
5) badger 121 0.01-0.06 40 NA 7 NA 4 NA 45 NA
41%
African 0.02
6) 78 0.01-0.03 24 NA 9 NA 5 NA 16 NA
golden cat 36%
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0.18 0.20 0.27
7) Genets 374 0.11-0.28 123 0.12-0.32 26 NA 10 NA 61 0.08- 0.90
23% 25% 67%
0.62 0.63 0.61 157
8 Cusimanses 1104 0317120 32 081129 g0 0% 33 NA 122 0.04-60.81
37% 37% 1.28 £05%
39%
0.15 0.15 0.31
9) Aardvark 255  0.09-0.26 87  0.09-0.23 22 NA 14 NA 67 0.12- 0.84
28% 25% 52%
Giant 0.03 NA
10) ground 112 0.01-0.08 36 10 NA 9 NA 35 NA
pangolin 54%
0.07 0.05 0.35
11) Sitatunga 253  0.02-0.25 80  0.01-0.16 15 NA 7 NA 117 0.07- 1.68
71% 70% 93%
0.68 0.68 0.72 0.72
Water 0.37-1.27 0.36-1.30 0.35- '
12) hevrotain 1,250 390 427 31% 98 147 47 NA 184 0.29- éfoi
38%
0.64 0.62 0.55
Brush 0.66
13) tailed 1,624 0'44'0'906 527 0'45'0'909 97 0.1 52 NA 166 0.33- 1.32
porcupine 20% 20% 0.95 3704
29%
Fourtoed 181.09 266.49
19 engi 191  2.16-15,177 64 2.83-25,113 14 NA 5 NA 58 NA
1,271% 1,450%




2.5.6.Reactivity to the camera

Reactivity tothe camera is known to bias density estimates, as it violates the
assumptions of Distance SampliBy¢kland et al., 2001; 201 ttraction to CTs, providing
a high number of observations close to the camera has been previously addressed with left
truncation (Cappelle et al., 2019). However, to minimise induced bias we consistently
excluded all snapshstshowing evident reactivity tine camerarom analysisnot only for
species attracted to CTs, such as the honey badgguie2.6), but also for the elephants,
showing strongolfactory reactivity by insistently smelling the area in front of the camera
(regardless of the distance intervalelephants when using all observations including the
80%showingreactivity, estimates were inflated up teo orders of magnitudéFigure2.6).
Avoidance is less frequent, b(Kalan et al., 2019¢ported itfor the bonobo. We confirm
02y202aQ I @2 A R |resultifg irefeker abseiSatidds WitlirNite first 2 meters
(Figure2.10). However,bonobos were not undetected, buather observed further away
and lefttruncation was not applicableLack of dection close to the camera can be
levelled out by excess of detection further aw®uckland et al., 20)5but densitieswere
inflated by 15%because bonobo neophobia seems to be coupled with curiosity from a
secure distanceTherefore, we discarded ahapshots showing reactive behavioufis
study suggests reactivity to CTs being the most impacting form of bias in CTDS. Not
accounting for reactivitycould resultin largely inflateddensity estimates and future
studies should carefully examine thelgos to detect reactive behaviours. fleduce visual
and olfactory reactivity, we recommertd either deployCTdor at least one monttprior
to the survey, allowing animals t@abituateto camerasor record reference distance labels
after the survey, redcing the time ofCTsetdzLJ> | YR o6& GKIF G aO2y il
odour. If neither is possible, methods not influenced by reactivity to CTs (e.g. SECR), is tc

be favoured over CTDS.

74



1) CONGO PEAFOWL 2) ELEPHANT

| | 20 |
1 1 1
15- i i i
1 1 15- 1
1 1 1
1.0- ceb 1 |
1 1.0 1
1 1
0.5 i 0.5 :
1 i
L 1
0.0 1 ———== y i 0.0 et —_——
3) BONOBO 4) ALLEN'S SWAMP MONKEY
15- i 15- i i
1 1 I
1 1 1
1.0- 1 1.0- !
1 1
1 1
1 1
0.5- 1 0.5- |
1
1
0.0 o e i : 0.0 — '.
5) HONEY BADGER 6) GOLDEN CAT
60- i 307 i
1 1
1 1
1 L] 1
40- ! 2.0- 3
I 1
1 1
1 1
20- I 10 einalEEa! !
1 reued 1
L | Fi e
0.0 ot e e ; i 0.0 o e e |
7) GENETS 8) CUSIMANSES
% 1.5- i i 1.5- i i
g 1 I 1 1
1 1 1 1
2 1o ! 10- oo ! y
a 1 Pl 0 1
= | © 1
-g 1 1
© 0.5 05- |
2 i i
a 1 il I TL—:_
0.0 ), e ; . 0.0 ; o i e ;
9) AARDVARK 10) GIANT GROUND PANGOLIN
20- 1 20- ; i
1 1
1 1
15- 15- y
1
1
10- 10- . i
e 1
T 1
0.5- 0.5 1. y
. ||. |
0.0 o " ———— ; ; 0.0 —
11) SITATUNGA 12) WATER CHEVROTAIN
1.5- : 1.5- : :
I 1 1
1 1 1
10- e [ ! 10- |-t !
T 1 1
1 1
T 1 1
0.5- 1. I 0.5- 1
i 1 1
] 1
0.0 g vy ; ; 0.0 — 'l = ;
13) BRUSH-TAILED PORCUPINE 14) FOUR-TOED SENGI
2.0- 1 2.0- 1 1
o 1 1
1.5- 1.5- T :
10- ool 1.0- :
!
0.5- | 0.5 :
0.0 . 0.0 1 : -
001 2 3 2 5 6 7 8 10 12

D1iustanc1é inter\ralsu(m)1
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2.5.7.Conclusion

Camera trap distance sampling is an excellersurvey method providing
standardized and comparable information on wildlife density and abundance, particularly
important for threatened species. Because of its highly diverse vertebrate community, SNP
block South represents an excellent téigld, showing CTDS applicability to one of the
remotest and least known rainforestreas of the globe. Density values foretiCongo
peafowl, the giant ground pangolin, and the cusimanses presented here, are the first ever
obtained, and are of critical conservation importance providing the basis for IUCN Red List
species assessments Despite limitations in comparability due tonethodological
differences and a sitspecific ecological setp, eightout of 11 densities obtained fell
within published rangegTable28)® | 2 S@SNE 2dzNJ SAGAYIF GSac
confirmed:longitudinal assessments of densitging standardisethethods such as those
detailedherewill validate our results and shed light on the status of these cryptic species
Gontinuous monitoring and population trend evaluatiane crucial informatiorior wildlife
conservation Allowing simultaneous surveys ddrge portions of theerrestrial vertebrate
community(Figure 211), ratherthan single specieshe information CTDS can provide are
of pivotal importancefor the development of conservation plansf multi-d LIS OA S &
communities It mayrevealthe delicacy ofocation specifi@cological equilibg, crucialfor

the conservation of thentegrity of the few remnant intact habitats of our planet.
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Table2.8. Comparison of speciespecific densities from CTDS (this studygvailable literature. Speciesommon name of considered species or species groIS
density (this study; adults only): mmax: estimated density ranges from CTDS; Published density (immatures includedjaxnirange from reference study (or poin
density when range unavailable); Survey method: used in the reference;dRedgrence: reference of cited study; Published henawege [km?]: ming max:range
from reference study (or point homenge when range unavailable); Referenederence of cited study.* only neftuilders (infants excluded); ** adults only.

ID Species CTDS density Published density [ind / km?] Published homerange [kmZ]
[ind/kmZ]
(this study)
(min- max) (min-max)  Survey method Reference (min- max) Reference
1) Congo peafowl 0.55-1.06 Unknown  Not available Not available Unknown Not available
2) Forest elephant 0.01-0.07 0.03-0.06 Line transects (Bessoneet al, 25.90-2,226.30 (Blakeet al.,2008)
Dung count 2019)
3) Bonobo 0.24-1.53 0.20-0.40% Line transects (Bessoneet al, 12.30-31.50 (Hashimotoet al., 1998)
Nest count 2019)
4) Allen's swamp 0.09-1.14 100.00 Deduced from (Kingdoret al,, 0.50-0.70 (Kingdoret al,, 2013)
monkey size of 3 groups 2013)
and their home
ranges
5) Honey badger 0.01-0.09 0.03 Capture (Begg, 2001 126.00- 544.00 (Begget al.,, 2005)
recapture
6) African golden cat 0.01-0.07 0.04-0.10  Cameratraps 6. I KIIetd,t Unknown Not available
SECR 2016)
7 Genets 0.11-0.43 0.30-4.50 Spotlight (Monadjem, 1998) 1.00-10.00 (Fuller, Bikneviciuand Kat,
Night counts 1990)
8) Cusimanses 0.31¢2.36 Unknown Not available Not available Unknown Not available
9) Aardvark 0.09¢0.34 0.70-0.80** Telemetry (Taylorand Skinner, 2.00-3.00 (Taylorand Skinner, 2003}
2003)
10) Giant ground 0.01-0.13 Unknown Not available Not available Unknown Not available
pangolin
11) Sitatunga 0.02-0.42 150.00-180.00  Countin one (Magliocca, Quéroui 0.09-12.00 (Kingdoret al,, 2013)

forest clearing
(gathering)

and GautierHion,
2002)
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12) Water chevrotain 0.37-1.35 0.30-2.00 Drive counts (Hart, 2001) 0.22-0.30 (Kingdoret al., 2013)
with nets

13) Brushtailed 0.44-1.03 2.40-13.00 Drive counts (Noss, 1998 0.11-0.22 (Kingdoret al., 2013)
porcupine with nets

14) Fourtoed sengi 2.16- 31,294 210.00 Capture (FitzGibbon, 1995 0.01 (FitzGibbon, 1995
recapture
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Figure2.11 Nine of 43 species captured by camera traps in Salonga National Park, D&pC
Congo peafowl, forest elephant, sitatunddiddle: African golden cat, bonobo, giant ground pangolin;
Bottom: yellowbacked duiker, aardvark, leopard.
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3.1 Abstract

Since 1994, IUCN Red List assessments apply globally acknowledged standards t
assess species distribution, abundaracel trends. The extinction risk of a species has a
major impact on conservation science and international funding mechanisms. Great ape
species are listed as Endangered or Critically Endangered. Their populations are often
assessed using their unique habftconstructing sleeping platforms, called nests. As nests
rather than apes are counted, it is necessary to know the time it takes for nests to disappear
to convert nest counts into ape numbers. However, nest decomposition is highly variable
across siteand time and the factors involved are poorly understood.

Here, we used 1,511 bonob®&n paniscysnests and 15 years of climatic data
(2003%;2018) from the research site LuiKotale, Democratic Republic of the Congo, to
investigate the effects of climate ahge and behavioural factors on nest decay time, using
a Bayesian gamma survival model. We also tested the logistic regression method, a
recommended timeefficient option for estimating nest decay time.

Our climatic data showed a decreasing trend in goi¢ation across the 15 years of
study. We found bonobo nests to have longer decay times in recent years. While the
number of storms was the main factor driving nest decay time, nest construction type and
tree species used were also important. We also fowewdence for bonobo nesting
behaviour being adapted to climatic conditiongmelystrengthening the nest structure in
response to unpredictable, harsh precipitatiddy highlighting methodological caveats, we
show that logistic regression is effective in estimating nest decay time under certain
conditions.

Our study reveals the impact of climate change on nest decay time in a tropical
remote area. Failure to accourfor these changes would invalidate biomonitoring
estimates of global significance, and subsequently jeopardize the conservation of great

apes in the wild.
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3.2. Introduction

In the past 50 years, a marked increase in global mean temperature due to
anthropogenieinduced climate change has affected tropical rainforests inhabited by the
great apes, orangutan$6ngo spp,)gorillas Gorilla spp.) chimpanzeesRan troglodytes
subspp.)and bonobosRPan paniscygMalhi and Wright, 2004; Mba et al., 2018aeed et
al., 2018) The rise in mean temperatures has induced a reduction in average precipitation
in many areas of the tropid@vialhi and Wright, 2004; Maidment, Allan and Black, 2015;
Tamoffo et al., 2019)ncreased the length of the dry seas(Warengo et al., 2011; Asefi
Najafabady and Saatchi, 2013; Jiang et al., 2ah€)disrupted the very functionality of
rainforests worldwide(Walther et al., 2002; Bush et al., 202@)s such, climate change
poses a threat to the conservation of great apespaals that are highly endangered, with
all species and subspecies currently classified as Endangered or Critically Endangered in th
Red List of Threatened Spec(83CN, 2024).

For effective monitoring and conservation of remaining populations,
conservatbnists must have accurate knowledge of the size of these populafiictols
and Williams, 2006)Great apes live at low densities and are difficult to observe directly in
their habitat. However, they are unique among the Awmman primates in that all waned
individuals, independent of sex and afferuth, 2016 0 dzA f R & ( NJHzO G dzNE :
LI I 0F2N¥ase aoSRaé¢ 2N aySadaedod ¢KS OF LI o
(Videan, 2006) with infants and occasionally juveniles sharing night nests with their
mothers. Usually, the nest foundation is composed of a strong side branch, with smaller
branches and twigs shaped over it, forming an oval, fikststructure to accommodate a
sleepng ape at nigh{Goodall, 1962)and sometimes for resting durirtbe day (i.e. day
nests)(Fruth, Tagg and Stewart, 2018)ew nests are built every night; reuse of previously
constructed nests occurs where construction material is limited (degnandezAguilar
(2009) but is relatively raré¢Fruth, Tagg and Stewart, 2018)though sometimes built on
the ground(Koops et al., 2007; Tagg et al., 20X3rticularly in gorillagYamagiwa, 2001)
nests are commonly constructed in trees. Several hypothisesest building in great apes
have been proposedFruth, Tagg and Stewart, 2018)cluding increased comfort and
sleep qualityFruth and McGrew, 1998; Stewart, Pruetz and Hansell, 2007; van Casteren et
al., 2012; Cheyne et al., 2018nhanced thermorgulation(Samson, 2012; Stewart et al.,
2018) reduced predation riskPruetz et al., 2008; Stewart and Pruetz, 2048} insect

avoidancgLargo, 2009; Samson, Muehlenbein and Hunt, 2048%t building in great apes
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is thought to have been a crucial coonent in hominid evolutiorfFruth, Tagg and Stewart,
2018) Today, nest counts are used as proxies for assessing great ape population density
and abundance in the wilcaind thus areonsidered as an important conservation tool. As
nests persist for long ithe forest and are easily observed by the human @yith and
Hohmann, 1994)nest counts, rather than ape counts, have become the gold standard for
monitoring presence/absence, abundance and density of apes in the past 40(Yeérs

and Fernandez, 198 Kuhl et al., 2008; Stokes et al., 2010; Junker et al., 20M&thods

such as Standing Crop Nest Counts (SCN@)n and Fernandez, 1984h combination

with Distance SamplingBuckland et al., 2001; 2015have provided accurate density
estimates reqiring only a single visit to the field. However, there are some disadvantages.
Nest production rat€Plumptre and Reynolds, 1997; Kuhl et al., 2008; Kouakou, Boesch and
Kahl, 2009and nest decomposition or nest decay tir\alsh and White, 2005; Morgan

et al., 2016ji.e. conversion factors) are highly variable across species, space and time, but
are required to scale down the number of counted nests to the number of @géd et al.,

2008) in order to permit estimations of great apé€Buckland et al., @.2) Nest survey
methods not requiring the use of conversion factors have been propéBkanptre and
Reynolds, 1996)ut they demand multiple visits to the survey site, which is often hard to
implement. More recently, the advent of camera traff&overoand Zimmermann, 2016)

has allowed an estimation of great ape abundance via the remote observation of
individuals6 5 SA LINBa M9 AY A LISY Yy SNI S .Hdwever, canrerrapT /|
methods have not yet been fully validated and they require mastly equipment than

nest count methods. Thus, nest count surveys remain highly relevant, with SCNC being the
most commonly used method for estimating ape density in the wild, both via traditional
ground(Ndiaye et al., 2018; Akenji et al., 2019; Deasal., 2019; Lapuente et al., 2024)

aerial (Wich et al., 2015; Simon, Davies and Ancrenaz, 2i®)transects. Finally, to
investigate population trends, a crucial body of information in conservation science, it is
necessary to compare estimates gfeapopulation density obtained at different points in
time (Kuhl et al., 2017; Santika et al., 2017; Strindberg et al., 2018} generally
recommended to apply sitand timespecific conversion factors to data generated from a
particular surveyKuhlet al., 2008) ideally obtained by monitoring large samplesesbts
(representative of the survey period) until full decomposit{gtiihl et al., 2008 However,

as such studies could last several months, more 4affieient methods have been

developed, sah as the retrospective estimation of nest decay with a single revisit of a
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marked nest, using logistic regressidbaing et al., 2003)or hidden Markov chain
(Mathewson et al., 2008 nalysis. Nevertheleswiith the exception of some authors who
have moctlled decomposition time across sit¢Santika et al., 2017; Strindberg et al.,
2018) published decay times have been applied to different s{i@slsh et al., 2003;
Reinartz et al., 2008; Stokes et al., 2010; Haurez et al., 2014; Kihl et al.ag6/br)time
periods(Kamgang et al., 2018; Simon, Davies and Ancrenaz,.Zl}i9)is problematic, as

nest decomposition may differ with differing climate conditions, leading to inaccurate
population density estimate@Morgan et al., 2006; Kihl et al., 201Rest-specific factors

are known to drive nest decay; for example, nests built at the same time by members of
the same group of apes exhibit different decomposition tin{dtorgan et al., 2016)
However, rainfall is often reported as the most important valgakaffecting nest
decomposition time, with lower rainfall resulting in longer decay tirf\@slsh and White,
2005; Kouakou, Boesch and Kihl, 2009; Morgan et al., 2016; Kamgang et al., 2020)
Therefore, a drier climate would be expected to increase the fonevhich great ape nests
would remain visible in the foresfMorgan et al., 2016)This knowledge has serious
implications for great ape conservation. When using SCNC, applying an inappropriately
short nest decay time would produce a falsely high popatatiensity resul{Buckland et

al., 2012) Therefore, if we do not use values obtained for the specific survey period and
location in question, we cannot account for climatdated changes in mean
decomposition time, thus hindering our ability to corrgoéistimate population trends.

Here, we used lonterm datafrom the research site LuiKotaldohmann and Fruth,
2003), Democratic Republic of the Congo (DRE)nvestigate the impact of climatic
conditions on nest decomposition. We investigated 1%) years of daily rainfall and
temperature data, and Ba total of 1,511 bonoboR. paniscusnests observed from
construction to disappearanceAs variables influencing nest decay time, we considered
climate measured as 1) rainfall and 2) storms, as wel) &agBitat location (swamp versus
dry forest), 4) construction type (height, position within tree, exposure), 5) construction
behaviour, and 6) tree species.

1) Rainfall:as rain has been reported to be the most important factor affecting
nest decayWalsh and White, 2005; Kouakou, Boesch and Kihl, 2009; Morgan et al., 2016;
Kamgang et al., 2020)we expected high levels of precipitation to accelerate

decomposition.
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2) Storms:some authors found no correlation between average rain and decay
time (Mathewson et al., 2008)As rain can come in different forn{&iu, 2011) and
thunderstorms with short and heavy rain may have a different influence on nest decay than
continuous, lghter rain, we expected the number of storms, characterized by a high level
of precipitation in a short time, to accelerate nest decay.

3) Habitat location:in contrast to heterogeneous primary forests on slopes
and plateaus, those in riverine valleys andaswps are more protected from storms, due
to their topographical position. Therefore, we expected nests built in heterogeneous dry
forests to decompose faster than those built in swamps.

4) Construction type:if 1 or 2 were true, we would expect the effect be
more pronounced in nests built a) high rather than low in tr@dsrgan et al., 2016)and
b) on side branches rather than in the fork at the treetops. This is because the wind forces
bend upper trunk parts more than lower ones, and distal positionsentioan central ones.

We also expected nests to decay faster when c) open to the sky, as they would be more
exposed to the elements than those protected by upper layers of foljyggan et al.,
2016) and when d) formed by the integration of material afveral trees(Fruth and
Hohmann, 1993)rather than of a single tree.

5) Construction behaviourfollowing recent finding¢Stewart et al., 2018we
expected nests constructed for rainy or colder nights to persist longer, as more foliage is
used for thermalinsulation and solid branches in single trees are chosen over smaller
branches integrated from several trees to withstand strong winds accompanying changes
in weather.

6) Tree speciesas tree species rather than nest characteristics have been
reported to irfluence decomposition timgAncrenaz, Calaque and Lackmfamcrenaz,
2004; Kouakou, Boesch and Kuhl, 2009; Kamgang et al.,, 202@ssessed differences
between the most common trees used for nesting by the bonobos of LuiKotale.

We modelled the average tienfor a bonobo nest to fully decay in a Bayesian
framework, using a gamma survival model describing the time between nest construction
and full decompositior{Perry et al., 2019; Kelter, 2020)e then compared our results
with those obtained using the recnmended application of estimating nest decay with a
single revisit of a marked nest, using logistic regres@iaing et al., 2003a timeefficient

and retrospective method.
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3.3. Materials and methods

3.3.1. Study area

A > 4 oA

2S 02ttt SOGSR RIFIiGlF 0SG6SSYy Hnno FYR HAW
{Z HACHH®THO 90 ¢Sald 2F {Fft2y3l blFidAz2yl
and a stronghold for wild bonobdgruth et al., 2016)Figure3.1). The study & is situated
in an area of lowland heterogeneous primary for@dbhmann and Fruth, 2003 Here,
two bonobo communities were habituated to human observers by 2007 (Bompusa West;
ca. 40km2 home range) and 2015 (Bompusa East; ca. 30km2 home range)tivegpec
(Fruth and Hohmann, 2018Jhe climate at LuiKotale is equatorial, with abundant rainfall
throughout the year, except for ahortdry season in February andl@ngerdry season

between May and August.

0 500 1000 1500 km

3

DR Congo

Salonga National Park
—— Rivers

LuiKotale research camp

Bonobo nest groups

N

Figure3.1. Nest groups (n = 182; orange trideg) monitored in the LuiKotale Study area (2003
2018) situated west of Salonga National Park (yellow) in the Democratic Republic of the Congo
(light blue). Landsa8 image courtesy of the U.S. Geological Survey.
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3.3.2. Data collection

3.3.2.1 Climate data

We measured daily rainfall (mm#Antwice per day (at 6:00 and 18:00) using a rain
gauge open to the sky. We measured minimum and maximum daily temperature (°C) using
a thermometer in the forest. We recorded weather (i.e. rain, sun or cloudf)ur time
intervals: (a) 6:0§10:00; (b) 10:06§14:00; (c) 14:0018:00; (d) 18:066:00 (i.e. night time);
with interval (c) being the time during which bonobos built nests. This allowed us to extract
the following variables: 1) daily rainfall throughotet lifetime of a nest; 2) daily number
of storms throughout the lifetime of a nest, with storm being defined as a single interval of
rain in an otherwise sunny day, with a minimum of 20 mm of rainfall within the time
intervals mentioned above. The rain hi@mdoccur in the evening or night, as morning storms
are extremely rare in the study area; 3) rain on construction date (i.e. if rain was recorded
in interval (c), on the day of construction); 4) minimum temperature on construction date;
and 5) differenti@ G SYLISNI G dzNBE 2y 02y aiNHzOGA2Yy RI
bias due to the use of different thermometers across time. We then compiled a full climatic
database for the 15 years of study (2@@818) to investigate 1) trends in climate

conditionsat LuiKotale and 2) differences between survey periods.

3.32.2Nest decay data

We derived data on nests from direct follows of bonobos. Field staff marked the
location of all nest sites included in this study in the eveniegsited them the morning
after construction, and recorded GPS coordinates and habitat type. For each nest, we
noted: 1) height (m); 2) exposure; 3) position in tree; and 4) construction type. For each
nest tree, we recorded 5) height (m); 6) lowest branch (m); and 7) species GrBblé/e
registered types of nest constructio@cross two periods, nine years apditable 3.4).
Period 1 (P1) included nests constructed across 35 months between August 2003 and July
2007. Period 2 (P2) included nests constructed across 24 months betiuge®016 and
June 2018. We further distinguished five surveys, lumping nests into ten to 13 consecutive
months, reflecting a full year of data collection (TaBld): 1) August 2003July 2004
(Survey 1, S1); 2) February 2D&cember 2005 (Survey 2, S2);July 2006July 2007
(Survey 3, S3); 4) July 2Ql6ne 2017 (Survey 4, S4); 5) July 20aie 2018 (Survey 5, S5).
S1 included the nests analysed by Mohneke and R2@68) which included 24 fresh nest
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groups (n= 218 individual nests) betweeAugust 2003 and February 2004 and applied
SCNC and marked nest count methods

Although one person onlyl B)estimated and followed the majority of nests, we
divided nest height by tree height to use relative nest height accounting for possible
differences in observer estimates. All relevant field research staff were trained in
estimating nest and tree height using a clinometer. We visited nests on a weekly basis,
recording age class, until complete decomposition. We defined five age c{@sgesand
Fernandez, 1984jlistinguishing nests consisting of 1) fresh and green leaves; 2) green but
dry leaves; 3) brown/black leaves; 4) no leaves but the structure of broken and bent
branches still visible; and 5) nests recognizable only if the place of constru@sknown
to the observer. We considered a nest fully decomposed when it entered class 5. We
Ol t Odzt I (i Spost ofaa the nanbér Sfédays between the day of construction and
the day before it was found to be fully decomposed. If a nest was ngtdeltomposed at
iKS SyR 2F (GKS addzReées g¢Buckidyyand daR&R 197R)i
Consequently, in censored nests, the time to decay was smaller than the true but unknown
time to decay.

This study was purely observational, involving nests beftind by bonobos. The
methods described aboveompliedwith the requirements and guidelines of th€ CNand

adhered to the legal requirements of the host country, DRC.
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3.3.3. Statistical analysis

3.3.3.1. Defining factors

The following nest characterisg were binary: forest typd-), nest exposuretd, nest
position @), nest construction typed and rain at constructionR). As nests were
constructed in 85 different tree specieSy, we assigned a single category to trech of
the most recurrent 10 tree species (1 to 10), and included all other species in a separate
category (i.e. 11) (Tablg1l). Because the top 10 tree species varied between P1 and P2,
we repeated this process ffdl) all investigated nests; 2) nests constructed in P1; and 3)
nests constructed in P2.

The following variables were continuous: nest heigh), felative nest heightH),
average precipitationW) and daily number of stormsS( We classified these intthe
F2fft26Ay3 GKNBS OF(iS3a2NASE o6FlaSR 2y GKSA|
¢m {503 Gl A3IKE OoYSIY b m {50 I y3). daSRAdzY$

Some of the factors described in Table 1 measured the same phenomenon in
different ways (i.e. absolute nest height / relative nest height; minimum temperature /
differential temperature). To avoid problems of overfittifilyicElreath, 202Q)we fitted
four different models including all possible combinations of these variables and selected
the top ranked models by using Paresmoothed importance sampling (PS(8ghtari,
Gelman and Gabry, 201 Average daily rainfall and average number of storms throughout
the lifetime of a nest posed a similar issue, as we expected these two variables to be
correlated (if there is a lot of rain, there are many storms). However, the phenomena they
described were different and could both be important in driving nest decomposition.
Therefore, we first fitted a model including both variables, and verified thatgosterior
distribution of the parameters was not correlated (i.e. no overfitting) following Veletari
al.,(2017) Then, we looked at the decrease in expected log predictive density (ELPD) given
by removing one or the other covaria(&abry et al., 208). A big decrease would suggest
that the removed covariate exerted a high contribution to teeplanatorypower of the
model. A small decrease would suggest a low contribution. We applied the same process
to all other variables, running different modeladileaving one variable out at a time. By
looking at the decrease in ELPD values given by removing a particular variable, we
evaluated the importance of each factor in driving nest decomposition time. We performed
model comparison and selection using the. &8 O1 I 3 &/ehtafi, B&man and Gabry,

2017)
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Table3.1. Nest type categories definitions, and sample sizes used in this study.

Factor Description Categories Number
of nests
Forest type B Primary heterogeneous inundated Swamp 84
forest
Primary heterogeneous foreston  Terra firma 1,427
terrafirma
Nest exposurel) Nest closed to sky by above Close 544
vegetation
Nest open to sky Open 967
Nest position P)  Side branch Side branch 1,326
Treetop Top 185
Nest construction Nest located in a single tree Single tree 1,257
type (© Nest using branches of 2 or more Integrated 254
adjacent trees
Nest absolute Nest height from the ground (m)  Low =<13 326
height &) Medium 13¢23 874
High >=23 311
Nest relative Nestheight from the ground (m)/ Low <0.8 234
height H) Tree height (m) Medium  0.8¢0.95 937
High >0.95 340
Average Average daily precipitation during ¢ Low <3 210
precipitaion W) y SaiGQa tAFTSGAYS Medium 3¢9 1,056
High >9 245
Average storms  Average daily number of storms  Low <0.02 196
S RdzZNAYy 3 | ySaidQa Medium 0.0%0.12 1,059
High >0.12 256
Minimum Minimum temperature recorded on Low =<18 261
temperature (T)  day of construction (°C) Medium  18¢22 1,084
High >=22 166
Differential Difference between maximum and Low =<4 302
temperature ©) minimum temperature at day of Medium 4¢8 868
construction (°C) High >=8 341
Rain at No rain between 14:00 and 18:00 No 1,291
construction )  on day of construction
Rainbetween 14:00 and 18:00 on Yes 220
day of construction
Tree species3p) Tree species where nest was 1c¢11 See
constructed. The 10 most recurren Table3.8

species were assigned to a specifi
category. All other species were
included in the eleventh category
(including integrated nests).
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3.3.3.2. Modelling nest survival

Nest survival analyses have been previously conducted using four main methods:
KaplanMeier models(Mohneke and Fruth, 2008%urvival analyse@organ et al., 2016)
provided by the software MARMVhite and Burnham, 1999idden Markov chain analysis
(Mathewson et al., 2008; FlewBrugiere and Brugiere, 201@nd logistic regressions
(Laing et al., 2003; Kouakou, Boesch and Kuhl, 26@9g we modelled the average time
to full decay of a bonobo nest using a Bayesian gamma survival model describiimgehe t
between nest construction and full decompositiRelter, 2020) The gamma distribution
properly describes the length of time between events and provides more flexibility than
the typically used exponential distributiqRerry et al., 2019)n order b include censored
nests (i.e. nests for which the exact time to full decay was not observed), we modelled fully
decayed nests using a gamma cumulative probability distribution, which provided the
probability that a nest has disappeared after a certain bemof days. Conversely, we
modelled censored nests by using the complementary cumulative probability distribution,
which essentially returns the probability a nest has not disappeared after a certain number
of days(Kelter, 2020)

In mathematical terms,dr each fully decayed nestwe modelled the days to full
decayDdas

0® "Qoa & o Eq.1
And censored nest®cas
oOdb p "Quaa & Eq.2

where the shape parameter of the gamma distributiorkjsdefined as the mean

RSO2YLRAAGA2Y GAYS > YdZf GALX ASR o6& GKS NJ
E t12]

¢KS YSIYy RSO2YLRA&A (i Acgnype rollelied depending did nést O K

specific factors, using a linearodel with a logink function, such as

t A@HB O RO A D r 6 1 6 sO 5w Eq.3
AY z°Y 10 m Y ¢ Yn
where Greek letters represent specific parameters of variables estimated by the
model for each categoly and capital letters represent variables (see Table 1). This allowed

us to investigate differences in mean decomposition time for nests belongingdb e
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category within our variables. We assigned a weakly informative prior to each parayneter

in the linear model
wx &€ £1 & Eq.4

wherey represents any of the parametersin equation3, and a positivaveakly
AYVF2NXYIEGASBS LINA 2N G2s1(2®3LJ NI YSGSNI ¢ Ay !
[x Q& a 6 Eq.5

Finally, in order to validate our model, wesed our gamma survival model to
independentlyreanalyze greviouslypublished datase{fMohneke and Fruth, 2008)-or
that, we only includednests investigated in Mohneke and Fruth (2Q08xcluding all
subsequent nestsonsidered in this study

Another method used in great ape conservation is logistic regression an@lssig
et al., 2003) This method has the advantage of allowing average nest decay time to be
estimated retrospectively, with only one revisit of madkenests. It has thus been
recommended as the most cosffective approach for obtaining sigpecific nest decay
time (Kdhl et al., 2008; Stokes et al., 201Bublished studies using logistic regression
analysis have focused on African great apes (T&B)ewhilst orangutan researchers have
mainly used the Hidden Markov Chain meth@ddathewson et al., 2008but seeWich et
al.,(2016) Voigt et al.(2018). Logistic regression studies differed considerably in terms of
the number of nests included, swey length and the time between the day the nests were
marked and the day they were revisitethple 3.2).

However, nest decay is not constant across tiWalsh and White, 2008nd nests
built at the same time could decay at different raf@ddorgan et al, 2016) Therefore, if the
sample of nests is of inadequate size, or not representative of the climatic variation across
the period of study, average nest decay estimates can be biaséag et al., 2003)n order
to assess the reliability of this method, we dskgistic regression to estimate mean
decomposition time of the same published dataset used to validate our nddEhneke
and Fruth, 2008)following the protocol described bigouakou, Boesch and K{&009)
We investigated 1) different survey lengttes: full length of study), and b) hdéngth of
study; and 2) different intervals between nest marking and revisit: a) 2 weeks, b) 1 month,
c) 3 months after the last nest group was marked, d) 3 months after each nest group was
marked(Kamgang et al., 2020and e) a random number of days (between 7 and 360) after

the nest was marke@Serckx et al., 20b}. We then binary labelled the individual nests as
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4550F8SRé I nZ AT GKS RIdGS 2F NB@GAaAG 20
if the date of revisit occurred before the known date of decay. We compared the results to
the known mean decay timé@Mohneke and Fruth, 200&nd adopted the most reliable
scenario to investigate the effect of sample size on the precision of the estimate. Here, we
randomly selected a sample of nests comprising a) 75%, b) 50% and c) 25% of the nes
groups included in the original dataset (10 random draws each) and compared the results
with those obtained by 1) Mohneke and Fry@008)and 2) our gamma survival modéi.
addition, to further explore the effects of sample size on estimated decay time, we
repeated the same analyses for a larger dataset: S4, presented in this study.

We developed our gamma survival model (Apperlix Ay  W{ dof-tje@dE |
platform for Bayesian statistical modellif@arpenter et al., 2017using the R interface
RStan(Stan Development Team, 2020)Ye used R Version 4.00R Core Team, 202@)
run two chains for each survival model (4,000 iterations; 2,000 of warmup), to perform

exploratory and logistic regression analyses and to create figures.
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Table3.2. Studies using a logistic regression for estimating the average decay time for great apes (Species) across differersst&angpke (n): numbef individual
nests included in the study. Survey duration: the duration of the study in months. Revisit: time after which the nesteswséezlr

References:(Serckx et al., 20b¥; 2(Morgan et al., 2006} (Kamgang et al., 2020)(Kouakou, Boesch and Kiihl, 200¢Murai et al., 2013)°(Tweh et al., 2015)
(Wich et al., 2016) (Voigt et al., 2018)

Species Study area Sample (n) Survey duration Reuvisit

Pan paniscus Lake Tumba; Democratiepublic of 610 22 months Weekly
the Congd

Pan troglodytes troglodytes  Goualougo Triangle; Republic of Coh¢ 92 7 months NA

Pan troglodytes troglodytes ~ Mbam Ndjerem National Park; 309 15 months 3 months after nest marking
Cameroon

Pan troglodytes verus Tai National Park;d®e d'lvoire! 141 6 months  Weekly, until 80% nests were decay:

Pan troglodytes verus Rio Muni Landscape; Equatorial 76 3 months From 14 to 202 days after nest markii
Guine&

Pan troglodytes verus Severakites; Liberi& 165 5 months  From 6 to 310 days after nest markii

Pongo abelii Several sites; Sumatra, Indon€sia 753 NA NA

Pongo pygmaeus Sabangau and Lesan; Borneo, 423 (Sabangau 118 months (Sabangat Weekly
Indonesid 88 (Lesan) 20 months (Lesan

95



34. Results

3.4.1. Climate

Between 2003 and 2018, the climate recorded in LuiKotale showed a significant
trend of decreasing average rainfall (linear regress8r: 0.363p = 0.013) and differential
temperature & = 0.248;p = 0.049), but revealed no difference in the number of storms
peryearFigure3.20 @ [/ 2y aSljdzSy Gt e Ay wHnnobunant &6t \
2F F ySaild g1 a KAIKS NdoxdriktésyV=2F9024px@.000)HP1 aiso 6 t
showed larger temperature variation between day and night on construction date (
257941 p < 0.001). However, the daily number of storms in the lifetime of a nest was higher
AY HamcbHAamy OWE54656=0.002)0bHnNnT O

These results were also confirmed by the analysis of monthly climate data across our
two study periodskigure3.3). When investigating average monthly rainfall and differential
temperature, a marked decrease from P1 to P2 becamedeen; despite a tendency for
more storms in P2, the number of storms per month was statistically similar across periods
(Figure 3.40 @ | OO2NRAyYy3If &> wnnobunannt HLa I &

temperature variation.
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Figure3.2.Climate in LuiKotal Central Congo Basin, DRC (22038)] STiU X d&! @SWI 3 S
average rainfall per year (mmAnshows a significant decreasing trend across the years (linear
regressionR = 0.363p=0.013); ToNA IKG X G5 Af & Yyalrragednily mumbeiofi 2 NJ
storms per yearR€ = 0.063;p = 0.348; NS); BottorNRA I K G = &5 A F T S NByaveraget G ¢
differential temperature fnaxmin °Q per year (C°)R = 0.248p = 0.049).
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Fig 3.3. Monthly trend of average rain (light blue bars) and number of storms (dark blue line) across
1) periods (P1 = green background; P2 = yellow background), and 2) years (delimited by vertical
lines).Horizontal solid lines represent 1) average montiaynfall between periods (blue) and 2)
average monthly number of storms between periods (yellow). Red vertical bars show the number
of nests included in the study in each month (divided by 10, for graphical purposes).
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3.4.2. Model diagnostic and validation

Following the results of the model selection proceduB®X 3.}, we included both

average rainfall\y) anddailynumber of stormg9), defining the mean nest decomposition
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where Greek letters represent specific parameters of variables estimated by the

model for each categorny and capital letters represent variables (see T&ilg. All models
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and Gabry, 2017)being equal to 1 for all parameters. To assess the reliability of our

converged wellFigure3.50 ~
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estimates, we examined the Paretodiagnostic (Vehtari, Gelman and Gabry, 2017)

showing that our model was well specifi€fdable3.3) and results were credibld-gure
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Fig 3.5.Traceplots of the realized iterations (n=2000) for the main model (i.e. including all nests),
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convergence. Similar results were obtained for all other models de=trin the study (i.e. by
periods or by survey). Warmup iteration (n = 2000) are not shown

Table 33. Model checking and diagnostic using Pareto smoothed importaacepling (PSIS) leave
one-out crossvalidation(Vehtari, Gelman and Gabry, 201Fpr each model we provide 1) Number

of datapoints: number of individual nests; 2) Number of parameters: number of parameters
SadAYFGSR o0& GKS Y2RSt ofF T ( NEBPRYSH:s8iOae8 bg) LJI
pointwise predictive densityHLMP) and relative standard error (SE), 4) p (SE): effective number of
parameters (p) and relative standard error (SE); 5) looic: leave one out information criterion with
relative standard error (SE); 5) Parétdiagnostic values: reliability and approximatenvergence

of the PSI$%ased estimates (values < 0.7 are considered acceptable (Vehtari, Gelman and Gabry,
2017)); 6) Monte Carlo SEBIf PDpointwise values of the Monte Carlo standard error (SELSD

In S3, one data point was found having a Paketalue > 0.7, indicating a highly influential data
point, possibly biasing the estimated diagnostics. Byreing the model leaving out the influential
data-point (Mohneke and Fruth, 2008) ¢S 206 il AyYSR NBfALIo0ofS SaGAY]

Model Number  Number of ELPD p (SE) looic (SE) Pareto k Monte

of data parameters (SE) diagnostic  Carlo SE
points values of elpd
MAIN 1,511 35 -7088.8 22.8 14177.7 1,511<0.5 0.1
(67.9) (1.0) (135.8)
P1 832 35 -39384 21.3 7876.8 832<05 0.1
(47.0) (1.1 (94.0)
P2 679 35 -3138.1 233 6276.0 679<0.5 0.1
(49.7) (1.6) (99.4)
S1* 278 23 -1167.1 13.3 2334.2 278<0.5 0.1
(27.8) (1.9) (55.5)
S2* 305 23 -14469 15.1 3113.9 305<0.5 0.1
(26.3) (1.6) (52.7)
S3* 249 23 -1155.3 12.6 2310.6 248 <0.5 NA
(27.4) (1.5) (54.8) 1<1.6
S3b* 248 23 -1149.0 115 2298.9 248 <0.5 0.1
(27.4) (1.2) (54.7)
S4* 450 23 -23249 13.6 4649.8 450<0.5 0.1
(27.0) (1.2) (54.1)
S5* 229 23 -806.3 12.8 1612.7 226<0.5 0.1
(35.9) (1.8) (71.8) 3<0.7
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Figure3.6.Nest survival curve. Survival curve including all nests (n = 1,511; blue sokdting)%
confidence intervals (dashed blue lines). Black dots: proportion of nests still present after a certain
number of days (censored nests (n = 203) included).

3.4.3. Nest decay time

We monitored 182 nest groups, totaling 1,511 nests across two periods (P1 and P2),
9 years apart. Monitored nests were constructed both in the dry (n = 643) and rainy season
(n = 868), with all months being represented (average nunab@ests/month = 128; min
=50 (May), max = 180 (June)). Peremt surveyspecific information are provided ifable
3.4

The estimated average nest decomposition time for the full dataset was 95.5 days
(SD = 1.93, seféigure3.78). When lookingat @ F SNy 0Sa 06SG6SSy LISN.
OSNBRdzA HnamcbHAaMyOI ¢S 20aSNBBSR | aA3Iy)
decomposition time of 87.5 days (SD = 2.22) in P1 and 106.7 days (SD = 3.1B)garB2 (
3.7b). These results were only partially supgar by the analysis of yearly nest
decomposition cycles (i.e. specific surveys), with S1 and S3 in P1 showing average
decomposition times consistently shorter than all other periods. Interestingly, S2, including
305 nests from Februagpecember 2005, showea mean decomposition time similar to

those recorded in PZ{gure3.7c).
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Table3.4. Period and surveyspecific information.

Number of Number of Number of censored
Period Survey Study length (dates) nest groups individual  individual nests (%)
nests
12 months
S1  (08/2003%07/2004) 33 278 45 (16.2%)
10 months
P1 S2  (02/200512/2005) 30 305 23 (7.5%)
13 months
S3  (07/2006;07/2007) 23 249 22 (8.8%)
35 months
Total (P1) (08/2003;07/2007) 86 832 90 (10.8%)
12 months
sS4 (07/2016;06/2017) 57 450 26 (5.7%)
P2 12 months
S5 (07/2017%06/2018) 39 229 87 (26.4%)
24 months
Total (P2) (07/2016;06/2018) 96 679 113 (16.6%)
59 months
Total (study) 182 1,511 203 (13.4%)

Using the dataset analyzed in Mohneke and F{@008) we also conducted a logistic
regression analysis. A randomly selected time to revisit (specific to each nest group)
NBGdz2NYySR +y I @SNF3IS RSO2YLIR2AaAGA2(FableirsyS 2
which we used to analyze datasets with reduced sangute. A reduction to 75% of the
original dataset had limited effect on the estimated decay tiRgre3.8). In contrast,
when reducing sample size to 25% of the original dataset, particularly for S4 of our study
(Figure3.8), results became variable. #édmilar trend was observed when analyzing the
reduced dataset using our gamma survival moBejre3.9). However, here the estimated
decay times were less variable than those obtained with a logistic regression analysis.
Finally, the time interval betwen nest marking and revisit influenced the estimated decay
time when analyzing the data from Mohneke and Fr(2808)(n = 218), whereas results

were more consistent for S4 (n = 450able 3.5.
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Figure3.7. Posterior distribution of estimated measecomposition time. a) All nests (n = 1,511);

b) nests fron the first (P1; n = 832; green) and second period (P2; n = 679; orange; ¢) nests from
different surveys from P1 (S1 (n = 278); S2 (n = 305); S3 (n= 249); green curves) and P2 (S4 (n =45
S5 (n =229); orange curves). Coloured dashed lines show the mean values of the posterior
distributions. Curves with larger breadth indicate higher uncertainty.
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Fig3.8. Estimated mean decay time of 10 datasets randomly selected from (a) Mohneke andZa@®and (b) S4this study), using logistic regressidhaing et al.,
2003) Cloudsof dots represent 500 mean decay times estimated via bootstrapfflogiakou, Boeschnd Kih| 2009) with boxplots representing quartiles and
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intervals (dashed lines) for a) decay time for Mohneke and K2@A8) and b) S4 estimated via gamma survivabelgthis study).
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Table3.5. Decay time (mean; (95% CI) of nests assessed for different survey times of 1) dataset published by Mohneke @8@&y@hSurvey 4 (this study), using

a a) Logistic regressidhaing et al., 2003) Yy @S a0 A3 GAy3 RATFTFSNBYy(d GAYSa 2F NBGAAAG Ot NPLRNIAZY 2
Different survey time (n = sample size): a) Full: complete dataset, b) Half 1: first half of the survey; c) Half 2: $ieabiinek Isairvey. 2) Different intervals between

nest marking and revisit (for logistic regression only): a) 2 weeks = 2 weeks after the last nest group was marked;by1lmamith after the last nest group was
marked; ¢) 3 months = 3 months after the lasst group was marked; d) 3 months after marking = 3 months after each nest group was marked, €) Random = random
number of days between 7 and 360 days after each nest group was marked. Observed mean decay time for the full dataskbyeptutmeke and-ruth (2008)

was 75.5 days (95% confidence interval = §382.5).

Logistic regression Gamma survival

3 months after

Dataset Survey time 2 weeks 1 month 3 months marking Random NA
cull 85.3 78.2 38.9 82.5 78.2 77.7
(n= 218) (84.0- 89.8) (77.4- 87.5) 36.0-64.6  (79.7-84.2) (77.3- 80.6) (71.0- 84.9)
[0.243] [0.170] [0.004] [0.367] [0.238] [NA
66.4 70.5 86.1 78.7 68.1 77.8
['\gj]hnekea”d Fruth '(:\af 125) (63.5- 67.3) (68.2-71.9) (83.9-91.9)  (78.1-83.2) (66.6-70.1) (69.9- 86.6)
[0.536] [0.448] [0.192] [0.352] [0.248] [NA
Half 2 90.9 76.7 NA 84.7 93.8 78.5
(n = 93) (81.8- 94.0) (74.3- 82.4) NA  (81.8-88.1) (92.9-97.6) (68.1- 90.4)
[0.419] [0.279] [0.000] [0.387] [0.236] [NA
cull 104.8 105.4 102.1 96.9; 102.3; 104.6;
(n = 450) (103.6-107.5)  (104.6- 108.1) (100.6-112.5)  (88.5-98.9)  (100.6-109.1) (98.7-110.5)
[0.275] [0.238] [0.111] [0.464] [0.293] [NA
Half 1 96.5 91.42 97.4 84.4; 90.8; 87.2;
S4 [this study] (= 221) (92.5- 98.4) (87.4-94.1) (94.7-100.6)  (82.1-87.0) (87.9- 95.5) (77.8-97.7)
[0.412] [0.326] [0.140] [0.389] [0.294] [NA
Half 2 1015 102.4 101.1 103.7; 114.2; 109.1;
n = 220) (100.2-103.1)  (101.4-104.3) (100.3-109.9)  (93.2-116.4)  (111.6-126.4) (98.1-121.9)
[0.511] [0.441] [0.201] [0.537] [0.292] [NA
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3.4.4. Factors affecting decomposition time

Table 36 shows that bonobo nests tended to persist longer if construc®dn(th
material from single rather than multiple trees (i.e. integrated) and, in contrast to our
expectation, if exposed to the ski)(

Bonobo nests also survived longer if built in therywtop of a tree crownR) (in
contrast to side branches) and at lower heighd)((in contrast to nests built in upper parts
of a tree). However, nests built on side branches in the apical section of a tree had a
decomposition time 29 days shorter théimose built in the fork at the top of the tree (i.e.
top nests). As a result, nest heigdT did not turn out to be a significant predictor of
average nest decomposition time (Tabl&;3Figure3.12 and Box 3.). Forest typeK) had
limited influence omest decomposition timeBox 3.). In contrast, our results suggest that
tree species$p was an important factoBox 3.}, with nests constructed on species such
asScorodophloeus zenksthowing a shorter decomposition time (average = 89.93; 95% ClI
=74.16-107.59 than nests built on more solid species, suclasnidium mannifaverage
=109.82 ; 95% CI87.9%133.28. Table 338 shows the estimated nest decay time for the
most recurrent tree species.

As expected, nests exposed to high levels of precipitation across their liféfine (
showed the fastest decompositiorFigure 3.11). However, there were inconsistencies
acrossperiod NBIF NRAy3d (GKS O2yRAGAZ2Yya aAy(iSNXS
G2 aFS¢é¢ tlradAya GKS t2y3aSad Ay twmI | yR
longest in P2Rox 3.). Conversely, the number of storms in the lifetime of a n&stvas
consistent across periods. In contrast with our prediction, nests exposed to fewer storms
survived less than those exposed to numerous storms, with the longest decomposition
time being exhibited by nests exposed to intermediate oiffegure 3.11). Here, nst
construction type differed significantly between the different categories. Among those
SELIAaSR (2 | a[26é ydzYoSNI 2F ad2Nyaz (KS
GKFEG 20aSNBSR T2N yS ashuaredStest@ a5 = 0.@22) or 6 |
GaSRAdzY¢ v dzY 0&N5.2p % 0.G01). £ odlvelisely) the proportion of top nests
ga FT2dzNJ GAYSa KAIKSNI I Y2y3ad GKS wsa7iBp SEI
< 0.001). Finally, neither rainy conditioR) @nd/or differentialtemperature between day
and night D) at day of construction had a significant influence on nest decomposition time
(Figure3.12 andBox 3.).
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Table 36. Factors influencing nest decomposition time: results of the survival modedr each
category (parameter) included in the model we show 1) Parameter mean: posterior mean with 95%
confidenceinterval (95% Cl)dg-scale); and 2) Average decomposition time: with ¥¥fidence
interval (95% CI) (natural scale (Days)).

Parameter mean Average decomposition

Factor Categay Parameter (95% CI) time (95% ClI)

Logscale Natural scale (Days

Forest type B Swamp 1 0.52 (6.13:7.48) 87.09 (75.08100.01)

Terra firma 2 0.62 ¢6.087.59) 95.96 (92.1899.91)

Nest exposure)  Close By 0.42 (6.13:6.94) 87.39 (82.2892.61)

Open . 0.56 ¢6.01,7.06)  100.18 (95.5B104.99)

Nest position P) Side branch T1 0.52 ¢6.16-7.02) 93.85 (89.9597.84)

Top ", 0.65 ¢6.04-7.14)  107.11 (96.35118.56)

Nest construction  Single tree Iy 0.67 (5.53:6.89) 98.45 (94.41102.62)

type © Integrated I 0.50 ¢5.6%:6.74) 82.95 (75.6590.60)

Nest relative Low "1 0.43 (5.025.79) 102.38 (93.06112.04)

height () Medium ‘s 0.37 (5.0%:5.74)  96.43 (91.98100.97)

High '3 0.29 (5.13:5.61) 88.52(81.31,96.06)

Average Low c1 0.30 (5.206b5.83)  92.41 (80.68104.89)

precipitation W) pedium 2 0.35(5.1755.88)  96.98 (92.85101.21)

High .3 0.26 ¢5.23:5.80) 89.08 (80.0898.98)

Average storms$ Low "1 -0.17 €5.49%5.05) 46.05 (39.9152.60)

Medium P 0.70 (4.64,5.88) 109.41 (104.56114.37)

High "3 0.27 (5.0455.46) 71.82 (64.4579.59)

Differential Low 1 0.32 (5.185.87) 93.13 (85.88100.55)

temperature ©) Medium 1, 0.36 (5.16:5.92)  96.70 (92.15101.24)

High 13 0.33(-5.17.5.88)  94.17 (87.4B101.51)

Rain at No 1 0.61 ¢5.91,7.32) 95.23 (91.3699.17)

construction ®  yeg P 0.62 ¢(5.8%7.34)  96.86 (88.48105.49)
Scaleparameter ‘ 0.02 (0.02:0.02) NA
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Box3.1. Results of model selection procedure.

Models containing differential temperaturel¥) and relative nest heightH) returned a
better fitting than those containing minimum temperature at constructidhgnd absolute nest
height @) (Table 2; Models 1 to 4). However, although the raw average daily amhof rainfall
0 KNP dz3 K 2 dzii W) ang tBesrawCaderade daiySnuraber of storn$s Were correlated
O{ LISENYIyQa OomNIBplid.nA)y weidi8 adl detect signs of correlati
betweenW and Srelated parameters after reclassificati (Figire 3.10.

10

-10

0
c

Figure3.10. Scatter plots of the relationship between the posterior distributions of the parameters
MO ! SNIF IS NIAY 6.0 YyR HO ! @SNIF IS adz2N¥a o

(S was the most important factor in our main model (including all nests, from [
periods) (Tabl&.7 ¢ Models 5 b 15), with other important variables being nest exposutg
nest construction type@ and tree speciesSP. All other factors added very little to the overg

predictive power of the model.

Table 3.7.Differences inexpected log predictive density (D) between competing models an
estimated standard errors of the differences. If the difference between models is higher thar
standard error, models with higher ELPD are expected to have better predictive perfornvdodels 1
to 4 include all varialeks specified in Table 1, but with different combinations of those describing
height @Avs.H) and temperature at constructio {s.D), with model 4, includingd and D, returning the
best predictive performance (bold). ELPD differencdeafing out one variable at a time (4.a to 4.)) &
then compared to the full model (Model 4). If an important variable is excluded, then the ELPD diffe
GAUK GKS TFdAft Y2RSt 6Aff 0S KAIKSNIP ¢KS iagt§
factor describing nest decomposition time. Its exclusion returns the worst predictive performance
better thanthe nullmodel G ' @F NA I 6f S& aAIYyAFAOLy Gt e Ay(

Model  Model description Difference inELPD Standard error
1 Differential temperatureD & absolute heighA -11.8 5.7
2 Minimum temperatureT & absolute heighA -9.4 5.7
3 Minimum temperatureT & relative height H -6.5 4.4
4 Differential temperatureD & relative heightH 0 0
4.a Model 4¢ Differential temperatureD -0.2 1.7
4.b Model 4¢ Average raitww -0.4 1.7
4.c Model 4¢ Forest typeF -1.1 1.7
4d Model 4¢ Rain at constructioiR -1.2 1.0
4.e Model 4¢ Relative heighH -1.9 2.6
4.f* Model 4¢ Nest positionP -2.8 2.5
4.9* Model 4¢ Construction typeC -7.2 3.4
4.h* Model 4¢ SpeciesSP -7.4 5.8
4.i* Model 4¢ Nest exposurés -7.6 4.9
4.j* Model 4¢ Average storm$ -97.6 11.6
5 Null model -181.0 17.9
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Fig3.11. Factors influencing nest survival. Survival curves (bold, coloured lines) and 95% amnfiden
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Figure3.12. Posterior distribution of contrasts (differences in days) between categavithin the

factors listed in Table 1 (main text). If the mass of the contrasts (coloured lines) overlaps 0 (dashed
grey line) then the difference between mean decay times for 2 categories is not significant. 1) Blue
lines (left): contrasts of binaractors. 2) Red lines (right): contrasts of three level factors (Dark red
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Table3.8. Decay time for nest constructed in tree species (categories; parameters) in this study (All), and bpeuodefP1, P2). Species: Geansl species name;
Vernacular name: local (Lonkundu) name of tree species; Sample: number of individual trees for each category; Paraméégnepriogcale: posterior mean

with 95% confidence Interval of each paramejer | GSNIF 3S RSO2YLI2aA A2y

ALISOAS&a£0Y I inclgifigkh®dedofintedsaded destS OA S & =

GAYS

0 ppiz

/ Lo

y I G dzNJ €

Survey Category Species Vernacular Sample Parameter Parameter mean Average decomposition
name (95% CI) time (95% CI)
Logscale Natural scale (Days)
12 Dialium spp. Maku pembe 383 -1 -0.04 ¢€2.87-2.79) 87.39 ( 81.3%1 93.52)
20 Dialium spp. Maku rouge 139 -, -0.03 €2.86- 2.80) 88.65 ( 79.25 99.07)
3 Greenwayodendron suaveolens Bodzinda 99 .3 0.2 (2.65-3.06) 111.47 ( 98.43125.50)
4 Plagiostyles africana Bondenge 48 - 4 0.21 €2.62- 3.07) 113.1( 94.71132.26)
5 Monopetalanthus microphyllus Bokese 40 - s -0.05 €2.89-2.79) 86.91 ( 68.98105.51)
ALL 6 Scorodophloeus zenkeri Bopidiji 42 . ¢ -0.08 €2.89-2.73) 84.31 ( 67.60102.17)
7 Santiria trimera Botalala 40 -+ 0.12 €2.74- 2.96) 103.37 ( 84.55124.06)
8 Anonidium mannii Bodzingo 34 .3 0.34 €2.51-3.17) 128.93 (105.77153.04)
9 Cynometra sessiliflora Eaka 27 -9 0.23 €2.57-3.04) 114.9 ( 87.89145.59)
10 Gilbertiodendron dewevrei Bolapa 25 .10 -0.02 €2.89-2.78) 89.57 ( 66.22113.90)
11 Other species 634 -1 0.05 ¢2.80-2.89) 96.05 ( 90.74101.64)
12 Dialium spp. Maku pembe 203 - -0.08 €2.77-2.84) 79.11 ( 72.49 86.54)
2° Dialium spp. Maku rouge 74 - -0.08 €2.76- 2.85) 79.30 ( 67.61 91.56)
3 Greenwayodendron suaveolens Bodzinda 59 .; 0.19 €2.42- 3.16) 104.47 ( 89.03120.45)
4 Monopetalanthus microphyllus Bokese 27 -4 -0.18 €2.86-2.71) 72.64 ( 55.44 92.45)
5 Cynometra sessiliflora Eaka 24 .5 0.15 ¢2.52- 3.10) 100.77 ( 77.67128.09)
P1 6 Gilbertiodendron dewevrei Bolapa 21 - -0.05 €2.67-2.93) 82.80 ( 59.71105.65)
7 Scorodophloeus zenkeri Bopidiji 18 .- -0.14 €2.80- 2.76) 75.70 ( 54.57100.22)
8 Santiria trimera Botalala 16 - 0.19 ¢€2.48- 3.16) 104.97 ( 79.65133.60)
9 Maesobotrya bertramiana Kalanga 16 -9 -0.09 €2.86- 2.85) 79.78 ( 57.20105.06)
10° Diospyros spp. Mandza 14 . 10 -0.12 ¢€2.78- 2.75) 77.18 ( 51.44105.91)
11 Other species 359 -1 0.07 €2.63-3.01) 92.18 ( 85.59 98.69)
P2 12 Dialium spp. Maku Pembe 180 - -0.17 €2.69- 2.63) 96.27 ( 87.13106.41)

aolts
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2° Dialium spp.

Maku Rouge

65

* 2 -0.13 €2.61- 2.64) 99.94 ( 84.29117.23)
3 Greenwayodendron suaveolens Bodzinda 40 -3 0.07 €2.44-2.83) 121.86 ( 99.85144.63)
4 Plagiostyles africana Bondenge 36 -4 0.08 €2.44-2.91) 123.83 (100.54 150.77)
5 Scorodophloeus zenkeri Bopidiji 24 .5 -0.18 €2.62-2.72) 95.50 ( 72.08121.39)
6 Anonidium mannii Bodzingo 24 . ¢ 0.10 ¢2.40-2.91) 126.65 ( 97.49158.92)
7 Santiria trimera Botalala 24 .4 -0.03 €2.52-2.82) 111.60 ( 84.60143.76)
8¢ Grewia spp. Bopfumo 10 -3 -0.32 €2.85- 2.65) 84.21 ( 52.61119.40)
9 Trichoscypha arborescens Bohungwu 12 . -0.41 €2.89-2.42) 76.94 ( 50.99107.96)
10 Monopetalanthus microphyllus Bokese 13 - 10 0.00 ¢€2.53-2.85) 115.08 ( 78.27158.39)
11 Other species 252 -1 -0.01 ¢2.48-2.81) 112.39 (101.93123.22)

2Includes fiveDialiumspecies identical by vernacular nanf:angolense; D. gosswellerl D. kasaiense; D.pachyphyllum; D. tessmannii
bIncludes twoDialiumspecies identical by vernacular nanfie:corbisieri; D. zenkeri

Includes fiveDiospyrospecies identical by vernaculaame:D. bipendensis; D. gilletii; D. iturensis; D. melocarpa; D. zenkeri
dIncludes threeGrewiaspecies identical by vernacular nan@: coriacea; G. oligoneura; G. pinnatifida
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3.5. Discussion

Longterm studies have revealed the dramatic impact of climate change on Central
African rainforests. Only recently, an analysis of phenological data coveringyeaB2
period raised severe concerns of the impact of climate change on Central Africarsforest
(Bush et al., 20200ur study, although only covering 15 years of climate data, reaffirms
that climate change is impacting upon the very heart of the second largest forest area on
our planet, the Congo Basin. Here, we showed the steady decline oflf@ofass years,
and the impact of this on bonobo nest decay times. This connection is relevant to all great
ape density estimations using distance sampling, and is therefore of major importance to
the interpretation of all biomonitoring estimates, pastgsent and future, inferring global
significance in the conservation efforts of great apes in the wild.

Many studies have reported an effect of climate on great ape nest decomposition
time, with drier conditions resulting in longer decay tim@uakou, Besch and Kihl,
2009; Stewart, Piel and McGrew, 2011; Morgan et al., 2016; Kamgang et al., @020)
studylinks the decomposition of 1,511 bonobo nests to climatic data spanningyad
period, and supports this claimn LuiKotale, bonobo nests constted in 20162018
showed a mean decay timedHays longer than nests constructed in 2Q2807, when
average monthly rainfall was highdfigure3.7). We also found that average nest decay
time varied significantly from one year to another in the same pkriwith nests in S2
exhibiting a decomposition time one month longer than those constructed in the previous
(S1) and subsequent (S3) years. The year 2005 (S2) was characterized by a very short d
season, with a single month (July) of extremely limitecciation. In addition, most rain
and storms in that year were concentrated at the end of the survey (between November
and December 2005) (F3g7). Therefore, a long dry climate at the beginning of the survey
(FebruargAugust) may have triggered a long#zcay time for most nests. Indeed, nests
constructed between February and August 2005 showed an average decay time 20 days
longer than those constructed after the end of the dry seasons, highlighting the atypical
conditions of that year. This clearly denwirates how using a decay time estimated in a
different period, or in a different survey (e.g. S2), could result in a severe bias in bonobo

density estimates.
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3.5.1Factors affecting decomposition time

Several studies have reported the amount of ragcturring in the lifetime of a nest
as the most important factor affecting nest decomposition tiffk@uakou, Boesch and
Kuhl, 2009; Morgan et al., 2016; Kamgang et al., 2020)ever, others did not find a clear
pattern in support of this clainfMathewsonet al., 2008) Here, we assumed events of
extreme precipitation (i.e. storms) to affect nest decomposition time more than continuous
rains. By investigating both factors, we found that the occurrence of storms, rather than
rainfall, was the most importargarameter explaining differences in nest decay time (Table
3.6, Figure3.10 and Box 3.). As expected, high values of rain were related to faster
decomposition time (Table.@). However, the correlation was not significaRiqure3.12),
and the observegattern varied between periods, with P1 showing no differences between
NI Ay OF{dS32NASas |yR tH aK2gAy3d ySada St
f2y3aASN) (KIy ySata SELSNASYyOAy3 o2 ia6anda[ 2 ¢
Appendix3). In contrast, the number of storms showed a consistent, yet unexpected
LI GGSNYy ® Ly tAYS 6AGK 2dzNJ SELISOGF GA2y&as
GAYS wn RIFI&a FlLaGSN GKFyYy GKS YSIy @It dzS
were associad with a decomposition 49 days faster (Tablé)3With 88% of nests
SELISNASYOAY3 a[26¢ ydzYoSNB 2F aG2N)a 06857
February, or between May and August, our results suggest a shorter decay time for nests
constructed inthe dry season, at odds with the expectation of a longer decay time. We
suspect that the reasons for such a pattern are behavioural. It has been recently suggested
that chimpanzees adjust nest construction type in response to the we#8tewart et al.,
2018) Chimpanzees built thicker, more insulated nests in colder conditions, increasing the
number of broken branches and choosing larger support branches, in moister and windier
weather (Stewart et al., 2018)Here, we found no influence on decay timerain and
temperature at the time of nest construction, the proxies we chose to investigate a
behavioural influence on nest decomposition time (TablésaBdFigure3.12). In addition,
we did not record nest construction measures, such as those descmbghamson and
Hunt, 2014; Morgan et al., 2016; Stewart et al., 2018pwever, we found nests
SELISNASYOAY3I | a[26¢é ydzYoSNI 2F &aid2Nya (2
and more frequently comprising materials from more than one tree (i.egrated nests).
Indeed, our results showed that integrated nests lasted 15.5 days fewer than those

constructed using material from a single tree, whilst a nest in the treetop exhibited a longer
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decomposition time than one built on side branches (TablaBgse results suggest that
bonobos in LuiKotale exhibit flexible nest building behaviour, constructing less durable (e.g.
located on side branches) but more comfortable (e.g. integrated) nests during the dry
season when strong nest support is not requideelcause of a predictable absence of
storms. Although involving significantly fewer rains, we observed a similar number of
storms per month in 201¢2018 (P2) as in P1 (262007) and a less obvious dry season
(Figure3.3andFigure3.4). This suggests that, in P2, rain was less predictable and was more
likely to appear during a storm. Bonobos might have adapted to such a climate by
strengthening nest structure to cope with unpredictable and intense precipitation, thus
enabling longer deay time.

Other studies found nests exposed to the open sky to decay faster than those
protected by upper foliagéMorgan et al., 2016)However, we found an opposite trend,
GAUK ahLISyé¢é¢ ySada &adzNIDAJAyY 33 andFiguieS.N). Th& | v
reason for this may also be behavioural. Building a nest open to the sky allows an ape to
dry quicker, avoiding exposure to persistent dripping water from above foliage after rain
(Baldwin et al., 19815uch open nests may require stronger suppod a thicker structure
to resist wind(Stewart et al., 2018)potentially resulting in open nests lasting longer than
those shielded by vegetation but not built as strong. In addition, and in contrast to our
expectations, the difference between the heigbt the nest and its survival was not
statistically significant, further supporting the importance of bonobo Hastding
behaviour on decay time.

In order to better understand the adaptability of great ape nesting behaviour to
climatic conditions, futug studies should record nest structure in greater detail. In
particular, such detail includes measures of nest thickness and stréSgiinson, 2012;
Samson and Hunt, 2014; Stewart et al., 2018aterial usedFruth and Hohmann, 1994,
Morgan et al., 2016and nest position on the branches (i.e. distance from the trunk).

Here, we defined a storm in a rather crude way, looking at single, abundant bursts of
rain (minimum of 20 mm/rf), following bright sunshine in the afternoon or clear sky at
night. However, anore sophisticated classification would incorporate wind spgttéwart
et al., 2018) Indeed, it is likely that strong winds, in combination with heavy rain, are very
effective in dismantling great ape nests, particularly those constructed further away f

the tree trunk or with flimsier supports.
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Habitat (i.e. forest type) did not significantly affect decomposition time in LuiKotale
(Figure3.11), probably because of the limited number of nests in our study constructed in
swamp forest (5%). However, atcordance with other studiefAncrenaz, Calaque and
LackmaprAncrenaz, 2004; Kouakou, Boesch and Kihl, 2009; Kamgang et al,, \2820)
found that the tree species had an important influence on nest decomposition to& (
3.1). Here, we observed a larganation between and within species (Tal@8). Dialium
ALISOASa 6SNB (KS Y2aid FTNBljdsSSyidte dzaSRI 4
used in 25% of nests (Tal#e). HoweverDialiumis the most frequently occurring genus
in LuikotalgBeaune et al., 2013We also found that nests constructed in species such as
Anonidium manni{129 days) oPlagiostyles africanél 13 days) lasted considerably longer
than those constructed in treesish asScorodophloeus zenkgB4 days) oifrichosypha
arborescen$77 days; only used in PZpble3.8). To further investigate this phenomenon,
future studies should include information on the phenotypes and biomechanical properties

of the nesting treespeciegSamson, 2012; Samson and Hunt, 2014)

3.5.2.Nest decay and great ape conservation

Nest decay values are widely used in the monitoring of great ape populations to
convert nest density into ape densifKihl et al., 2008and are therefore of great
importance when assessing IUCN extinction risk categories. In recent years, new protected
areas have been created following nest count studies and great ape conservation
strategies, such as Moye®Bafing National Park, Guin@@cesch et al., 2020Management
plans and conservation strategies continue to be based on nest count surveys, as are
studies assessing the effectiveness of conservation intervent{Stekes et al., 2010;
Kablan et al., 2019)

Many studies have shown thdlhe average nest decomposition time is extremely
variable(Plumptre and Reynolds, 1997; Mathewson et al., 2008)s recommending the
use of values reflecting timend sitespecific nest decompositiofiLaing et al., 2003; Kuhl
et al., 2008) However, unt 2008, the few published decay times were commonly applied
to all great ape survey@viorgan et al., 2016)subsequently, best practice guidelines for
great ape monitoring were published, discouraging such decigidiil et al., 2008)In
recent years, @me studies have included survspecific decay time by either observation
(FleuryBrugiere and Brugiere, 2010; Serckx et al., BOVaigt et al., 2018; Lapuente et al.,
2020)or modelling(Spehar et al., 2010; Murai et al., 2013; Tweh et al., 2015;ksagttal.,

2017; Strindberg et al., 2018; Heinicke et al., 201®thers have incorporated values
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obtained in the same area from an earlier sur¢&yegory et al., 2012; Carvalho, Marques
and Vicente, 2013; Piel et al., 2015; Plumptre et al., 2016; SiDavies and Ancrenaz,
2019) from a site close to the surveyed ar@dathewson et al., 2008; Stokes et al., 2010;
Danquah et al., 2012; Haurez et al., 2014; Spehar et al., 2015; Dias et al,,a20t&mn
averaged published valuédebischer et al., 2017Pur findings highlight the problematic
nature of this approach. Even within a short period of 3 years (P1 in this study), decay time
showed a betweefyears fluctuation of as many as 44 dayg(re3.7). As an example, if a
bonobo SCNC survey was perfeanat LuiKotale in 2005, in which a constant nest
production rate (= 1.37 nest/individu@Kuhl et al., 2008)and decay time calculated from

the year before (i.e. S1) were applied, a real bonobo population of 30 individuals would be
overestimated by 60%to 48 individuals. In addition, our results suggest that it is
problematic to model nest decay using tree species @dhcrenaz, Calaque and Lackman
Ancrenaz, 2004)or abiotic factors such as rainfall and habitat ty@antika et al., 2017)

Both abiotic and biotic factors must be included in order to obtain reliable estimates,
reflecting the high variability observed in our study.

The most reliable estimates of nedecomposition time are obtained via continuous
monitoring of a sample of nests large enough to be representative of the period of survey
(Kuhl et al., 2008 However, such a protocol is infeasible in most cases, where financial and
time resources are lited. Therefore, more timefficient methods, such as the
retrospective estimation of nest decay with a single revisit of a marked (hestg et al.,
2003) are recommendedStokes et al., 2010YJsing a logistic regression on subsets of our
longterm data, we obtained consistent estimates in many caségure3.8and Table3.5).
However, we also found a considerable amount of variation, mainly due to 1)
unrepresentative sample size and 2) inappropriate interval between nest marking and
revisit.

When we nimicked a smaller sample size by randomly reducing our full dataset to 75
and 25 % to investigate decay representativity, biased decay time estimates became more
apparent the smaller the samplerifure 3.8 and Figure 3.9). This effect was more
pronounced 6r the lyear (S4; July 20g8une 2017), than for the-@onth survey
(Mohneke and Fruth, 2008)n field conditions, this happens when nest groups included in
the decay study do not represent the possible factors affecting d@d&lsh and White,
2005) Acording to our results, the time between nest marking and revisit also affected

the precision of decay time estimates. Here, inconsistent estimates became apparent when
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reanalyzing the survey by Mohneke and Fr{@008) while the analysis of S4 returned
consistent estimates, possibly because of the larger sample size. This was more
pronounced when evaluating different times of revisit for half the survey time (i.e. 3
months in(Mohneke and Fruth, 2008% months in S4) (Tab&5). Great ape nests do not
decay steadilfWalsh and White, 2005put short periods of heavy rains, for example, can
accelerate decomposition of many nests at a time. Therefore, including or excluding such
periods can affect the precision of the estimatesgardless of thenethod used for analysis

and particularlywhensample sizeare small Thiswas unlikely to be an issue in our study
due to the sampling of,511 nests. Howevewith lower samplesizes the inclusion ofa
random effect for nest groupmight allow controlling for the issue, both in logistic
regressios and survivalnalysesIn addition, when we set the revisit time at 3 months
after the last nest group was marked, in the analysis of the datiieat Mohneke and

Fruth (2008),all nests (except one) were already decayed at revisit, rendering the method
invalid. It is thus important to select a revisit time that corresponds to the known or
expected decay time for the area of study. While too few days can exclude or include
perioRa 2F Tl aid ySaid RSOrex SEOSaargSte 2y
revisit, thus making analysis impossible altogether.

In sum, logistic regression provides an excellent method for effectively estimating
surveyspecific nest decay timeith only two visits. However, it remains imperative to use
a sample size that is representative of the whole nest population, and an appropriate time
between visits. To best reflect the conditiots which nests are exposed, nest decay
studies must starbefore the survey and continue throughout, with revisits taking place
during or immediately after the survel,aing et al., 2003)

Concerning sample size, Bucklagidal., (2001) recommended a minimum of 50
individual samples to allow reliable modellingdafng decay time using logistic regression.
However, as bonobo nest decay time is not only affected by ecological parameters such as
habitat, rainfall or number of storms, but also by behavioural factors such as construction
type and choice of tree speciethe decay time of bonobo nests shows a larger variation
than that of dung. Therefore, we found that for bonobo nests, a minimu2b0iests are

needed for reliable estimate$-igure3.9).

3.5.3.Conclusions

The Congo region plays a key role in asseggimtgal warming conditions. Due to

the lack of real data from this region, models that prospect the impact of climate change
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into the future are so far contradictorfHaensler, Saeed and Jacob, 2013; Hua et al., 2019)
Here, 15 years of data collection ealed a marked decrease in yearly rainfall and
differential temperature between 2003 and 2018, but a constant number of storms. As a
result, most of the rain in recent years at LuiKotale has come in the form of storms. Drier
conditions have resulted in lger nest decay times, suggested to be further prolonged by
the building of stronger nests necessitated by rarer, but harsher and more unpredictable,
precipitation. Climate change is a reality in the middle of the Congo Basin, and this trend is
likely to exend across the range of great ape distribution. As climate change continues to
affect both the process of nest decomposition and ape nest construction behg¥igure

3.13), great ape nest decomposition times are likely to increase furthirture years. This

will create an opportunity for the erroneous conclusion of increasing ape numbers even
when populations are stable or decreasing. In conclusion, we stress the absolute necessity
to obtain and apply accurate, survspecific nest decay @mates. Failure to account for

the variation of decay time both between and within sites will lead to unreliable population
estimates, having serious implications for our understanding of the dynamics of great ape

populations and jeopardizing the very fodations of the conservation of great apes.
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Figure3.13. Bonobo nests observed in Salonga National Park, Democratic Republic of the Congo.
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4.1. Abstract

The iconic great apes, a group of high conservataing have declined dramatically
over the past decades. Among them, the bonoBarf paniscysis considered endangered
in the IUCN Red List. However, with only 30% of its geographical range having been
surveyed, detailed information is missing.

Here, we used anique dataset comprising detection/neshetection and count data
from 13 surveys conducted between 2002 and 2018, including 8,310 km of reconnaissance
walks and line transects and 27,045 camera tays in Salonga National Park (SNP) and
buffer zone, amarea of 45,000 krhin total. We obtained data on bonobo presence and
density in order to compare 2 time periods (268Q08; 20122018), provide a population
trend and investigate the influence of ecological and anthropogenic factors on the species.
To do &, we jointly modelled bonobo occurrence and density data in a purposely
developed Bayesian model, explicitly accounting for method specific detection probability
and spatial autocorrelation.

We found that SNP is a bonobo stronghold with a populationirenérom 13,288
and 20,208 mature individuals. Forest cover and herbaceous understorey were good
predictors of bonobo abundance, while proximity to villages and the number of human
signs negatively affected its numbers. Notably, we detected a positivetefie the
presence of rangers on bonobo occurrence, as well as higher bonobo densities in areas
where the local communities showed ancestral taboos agamesikilling of these great
apes.

Our results also suggest that the integration of different datarses can help
mitigate biases linked to specific methods providing an approach useful for the assessment
of species lacking detailed survey data. Confirming a stable bonobo population, we provide
an encouraging story in great ape conservation and advagaténued preservation of the
integrity of SNP and its biological and cultural heritage in order to sustain this stronghold

for wild bonobo.
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4.2. Introduction

The exponential growth of the human population and its activities over the past 200
years hae dramatically increased animal extinction rates (Ceballos et al., 2015), with 30%
of the living terrestrial vertebrates being endangered by extinction (IUCN 2020a).

YY26Ay3d | aLSOASaQ 3IS23INF LIKAOFE RA&GN
individuds), density (i.e., number of individuals per specified area), population trend, (i.e.,
changes in abundance across time) and the main threats to the species are pivotal for its
viability assessment, informing both international and national conservatimnagities of
specific conservation strategies. As a consequence, wildlife conservation efforts require
appropriate field data and analytical methods providing accurate estimates of population
status (Nichols & Williams 2006). Field data may include dalesérvation of animals or
animal signs (Plumptre 2000), acoustic records (Blumstein et al., 2011) and daapera
observations (Rovero & Zimmermann 2016) that provide information on presence (i.e.,
detection/non-detection), count (i.e., number of observedjects in the surveyed area) or
demographic data (e.g., survival and recruitment rates). Frequently, field data for a
particular species are spatially and temporally limited. They are typically sparse, are
obtained from different sources, and entail difent levels of standardization and accuracy
(Moussy et al., 2021). For example, count data collected for monitoring purposes retain
more information (Nichols & Williams 2006) but are usually spread over smaller areas than
presence data gathered by citizenientists (Altwegg & Nichols 2019) or lamforcement
patrols (Keane et al., 2011).

''yGAf NBOSyidfeéesr addRASa S@Ftdza aAay3a
information. The gold standard in ecological modelling were a) Occupancy models
(MacKenzie et al., 20032015 for the analysis of detection/nedetection data and b)
Distance Sampling (DS) (Buckland et al., 2001; 2015), for the analysis of count data from
systematic line and point transects. In addition, DS data were exploited in spatiglling
using generalized linear (GLM) and generalized additive models (GAM) (Miller et al., 2013),
and incorporated in hierarchical models for the analyses of population status and trends
(Bowler et al., 2019%-arr et al., 2021Santikaet al., 2017; Sollmann et al., 2015), including
state-space models (Clark & Bjgrnstad 2004) and dynanmmuXture models (Royle 2004).

The latter required multiple visits of a site conducted over a minimurtwof periods, in
order to evaluate changes inopulation abundance across periods by modelling-site

specific survival and recruitment (Chandler & Clark 2014).
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These successful frameworks provided the basis for the development of models
jointly analyzing detection/nowletection, count, and demographiata. Developed first in
fishery studies (Maunder & Punt 2013), Integrated Population Models (IPMs) improved
previous methods by increasing the precision of the estimated parameters (Schaub & Abadi
2011). From fisheries, IPMs were extended to a large nurobspecies (Besbeas et al.,
2002; Dey et al., 2017; Hatter et al., 2017; Bowler et al., 2019; Horne et al., 2019; Jansen et
al., 2019) and more recently used for the joint analysis of detectionfhetection and
count data deriving from traditional groanhsurveys (Zipkin et al., 2017), caméraps
(Bowler et al., 2019), acoustic devices (Doser et al., 2020), aerial and interview surveys
(Santika et al., 2017) and citizen science (Sun et al., 2019). These applications enabled th:
investigation of ecologal drivers of specific distribution and abundance (Jansen et al.,
2019), the assessment of impacts and threats (Dobbins et al., 2020), and the evaluation of
conservation effectiveness (Saunders et al., 2018), showing the high potential of data
integrationfor wildlife conservation (Kuhl et al., 2020).

With all 14 species and subspecies classified as endangered or critically endangered
in the Red List of Threatened Species issued by the International Union for the Conservation
of Nature (IUCN 2020a), gregies (orangutansPongo spp.gorillasGorilla spp.bonobos:

Pan paniscys and chimpanzeesP. troglodytey are of the highest conservation
importance. Inhabiting thick tropical forests, they are rarely observed directly and are thus
commonly monitored bytaking advantage of their unique habit of sleeping in purposely
odzA f 0 &aGNHz2OGdzNBa Ol £t SR aySaliaé oCNHziK S
by field researchers, typically by applying Standing Crop Nest Counts (SCNC) (Tutin &
Fernande 1984), a method requiring a single visit and analyses in a DS framework
(Buckland et al.2001). However, SCNC requires conversion factors scaling the number of
counted nests to the number of apes. Nest production rate, the average daily number of
nestsbuilt by an ape, and nest decay time, the average number of days a nest would take
to disappear from the forest (Buckland et &001), are key. With both values being known

to be highly variable across space and time, it was recommended to use purposely
estimated, surveygpecific conversion factors to obtain unbiased estimates (Kuhl et al.,
2008). While SCNC has been found to bias the true population size due to inaccurate
conversion factors in some cases (Aebischer et al., 2017), estimating ad hodyvalnes

and resourcedemanding and not always performed (Kuhl et al., 2008). Recently, camera

traps (CTs) allowed primatologists to move away from classical nest counts (Spehar et al.,
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still present caveats, requiring full validation (Spehar et al., 2015). Consequently, the
integration of nest counts with other sources of information is expected to provide more
precise estimates of great ape abundance and populati@nd, particularly when
analyzing sparse data collected with different methods (Horne et al., 2019). Recent studies
of great ape population trends, have modelled nest count data only, using occupancy
models (Plumptre et al., 2016), GLM (Wich et al., 2811l et al., 2017; Voigt et al., 2018)

or GAM (Strindberg et al., 2018). An analysis integrating traditional SCNC, aerial nest counts
and presence data from interviews (Santika et al., 2017) has only been applied to the
Bornean orangutanR. pygmaeus

Here, our objective was twofold. First, we wanted to demonstrate how data
integration could improve the effective assessment of species status. And second, we
aimed to show how such integrated approach can inform conservation management,
providing pivotal iformation with regards to the sociecological setting favoring species
persistence.

The bonobo is an endangered great ape endemic to the lowland rainforest south of
the Congo River, in the Democratic Republic of the Congo (DRC). With its density and
distribution unknown in 70% of its geographic range, and the remaining 30% being
surveyed sparsely (Fruth et al., 2016), this ape is an ideal candidate on which to develop a
trend analysis that integrates diverse and limited available information. At the loééne
ALISOASEAQ RAAGNAROdzOAZ2Y Nry3ISs tASa {2y
considered a bonobo stronghold (Fruth et al., 2016). Remarkably, SNP is one of the few
sites which has been surveyed twice over large areas (24,080 ravidingooth bonobo
detection/non-detection and count datal(@able 4.). First, between 2002 and 2008 with a
O2YoAYylFLGA2Yy 2F NBO2yyl AdaalyOS gl t1a aNBO
using a combination of recces, SCNC, and Cafiraya Distance Sampling/ ¢ 5{ ¢ &1 2
et al., 2017), a recent method estimating animal density by extending point transect DS to
the use of CTs.

Here, we exploit this unique database integrating bonobo detection and density data
over 2 periods, applying 3 different methods. Wevdloped a single Bayesian model to
estimate bonobo abundance and distribution. By that, we assess past and present bonobo
population status in SNP and provide a population trend over the past 10 years. By

integrating CTs and traditional nest count datag whow how bonobo presence and
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abundance is affected by ecological predictors, anthropogenic threats, and proxies of

protection considering areapecific socieultural factors.

4.3. Materials and methods

4.3.1. Study area

SalongaNational Park (36,000 kin DRC, is divided in 2 blocks, north and south,
separated by an inhabited corridor (9,000 mFrom an elevation of 350 m increasing
southwards to 500 m, SNP is composed of more than 90% primary mixed lowland rain
forest, the ramaining 10% represented by savannahs, regenerating forest, cultivation,
marshes, and water bodies. SNP consists of six sectors, administered by-quiaeid of
0KS yFidAz2ylt O2yaSNBIiA2y | dziK2NAG& WLYa
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Figure4.1. Location of Salongdational Park (SNP) in DRC (a):sedtors surveyed (b); and details
of survey methods (c). Stdectors (soliccolours 1, 4, 6 and 8) surveyed in both periods of study
(P1 [20022008] and P2 [2012018]); subsectors (patterns; 2, 3, 5, 7) surveyed @ ¢hly. The
corridor (9) was surveyed with recces in P1 and with standing crop nest counts (SCNC) in P2.
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4.32. Bonobo data

We included data on bonobo presence and abundance from 13 different surveys
(Table 4.}, 10 of which were obtained from th&JCN SSC A.P.E.S. database (Heinicke et
al., 201®) conducted between 2002 and 2018 over 9 s@gtors Figure4.1b) and within
2, Tyear periods: 20022008 (P1), and 20122018 (P2)In P1, we included detection /
non-detection data from recces and SCNbtained in 5 subectors, using count data from
4 subsectors only. In P2, we included detection / rdetection data from recces, SCNC
and CTDS (IJUCR2D20b), obtaining count data from SCNC for all 9sediors Figure4.1b).

CTDS was only applieddrsubsectors Figure4.1b). Overall, our analyses included 4,352

km of recces, 3,958 km of line transects (SCNC), and footage from 27,045 days of camer:
trap footage (CTD%Jable 4.1)In P1, we surveyed 2,617 km of recces and 362 km of line
transects irb subsectors, revealing density for 4 sskctors. In P2, we surveyed all 9 sub
sectors, including 1,735 km of recces, 3,596 km of line transects and 27,0451&/®DS
allowing a comparative approach for 4 ssiéctors. In all surveygxcept one)sampleunits

were evenly spaced and deployed systematically from a random oftgg¥.2). We
georeferenced the location of bonobo signs including direct observations, nests, dung, and
other indirect signs, using tracklogs of the paths walked and waypointsdeddy the

survey teams.
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Cameratraps were located along linteansects in sutsector 1 to 4 (P2 only).
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Table 4.1 Surveys included for period 1 (P1: 26@D08) and period 2 (P2: 20:2918) Bonobo density (n/kr) is scaled using a fixed nest construction rate (=1.37)
and the periodspecific nest decay applied in this study (P1 = 90.5; P2 = 103.7 days). Oridiesl sted a nest decay time of 78 days (Mohneke and Fruth, 2008).

wS00Sa¢ T NBEO2yylAaalyOoS ¢sFft1aT a{/ b/ r {GFYyRAY3 / NRLI bSad /2dzyiarT
Period Dates Subsectors Method E(fli(r)'rg Bonobo(gﬁ(rrlr?izt)y Reference Comment
Jul 2003 1 km transect lines. Focus oglephant. Included for
May 2004 Al Recces 123 /- (Blake, 2005) detection / nondetection only.
Apr 2006 lvaelima Recces 511 /
Jun 2006 Y SCNC 88 0.43 1.4 km transect lines. In Lokofperpendicular distance:
Mar 2005 Recces 583 / taken to the midpoint of nest group and analysi
May 2005 Lokofa SCNC 77 0.23 (Grossmann et al., 200¢ performed accordinglyBuckland et al., 2m). lyaelima
Oct2006 Lomela Recces 515 / and Lomela not entirely surveyed.
P1 Nov 2006 SCNC 95 0.72
Oct 2007 : .
Dec 2007 Corridor Recces 476 [/ (Maisels et al., 2009) /
g%\é %%%% Corridor Recces 409 [ (Maisels et al., 2010) /
Transects lines of different length (range = 235111 m).
Nov 2004 Etate* SCNC 102 0.58 (Reinartz et al.,2008; Repeated passages in Etate carea (only first passag
Apr 2008 ' Reinartz et al., 2006)  used); single passage in remaining area, including ran
and targeted transects. Not entirely surveyed.
Jan 2014 viondjoku  SCNC 1,085 0.27 .
May 2017 : ' ) (ZSM, 2017; 2018) Long transect lines (range = 1,0427,160 m), segmentec
Feb 2012 Etate, SCNC 1.370 0.47 ' ! in 1 km lines for analyses.
Mar 2016 Watshikengo ' '
Apr 201 :
Ty 2012 Lokofa SCNC 66 0.18 (Maisels, 2015)
Nov 2015 . .
May 2016 Lomela SCNC 300 0.50 (lkati et al., 2017) 2 km transect lines
P2 Sep 2017 Corridor SCNC 402 0.20 (Ikati et al., 2018)
. Recces 1,735 /
lyaelima,
Sep 2016 Lokofa, : . :
Apr 2018 Monkoto, SCNC 373 0.27 (Chapter 2this thesi3 1 km transect lines
SouthWest 27.045
CTDS CTdays 0.54
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Bonobo nesting sites are known to be linked to fisEale local conditions (Serckt
al., 2016) Thereforefor the analysis of detection/nonetection data, we superimposed a
fine scalegrid (cell size = 1 kinnumber of cells = 44,898) on SNP and corrfBiaure4.3).
We coded each cell with either "1" (bonobo detected), (98t detected), or a missing code
(not surveyed). We calculated metheagecific survey effort as the length of the paths
(transect or recce) in each cell (or number of camera days) and extractedde@I&d
covariates: forest cover, a proxy of environnt@nsuitability, distance to the closest city,
village, river, all proxies of anthropogenic threats, and whether a cell was within 15 km

from a PP, accounting for direct protection from rangers.
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Figure 4.3. Grids used for data analysis and prediction, supposed over the study area. a)
Prediction grid (cell size = 42 Rmb) detail of occupancy grid used for the analysis of detection /
non-detection data (cell size = 1 Km
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4.3.3. Ecological and anthropogenic variables

GlSderived variables were extracted from the analysis of spatial data and La@dsat
satellite imagery (courtesy of the U.S. Geological Survey) in different Geographic
Information System (GIS) software, particularly QGis 3Q&s Development Team 2020)
ArcMap 10.1ESRI 201@nd ENVI 5.5.@&Xxelis Visual Information Solutio2820).

1) Forest coveF. Bonobos typically inhabit mature primary mixed rainforestema
firma, a habitat providing high tree diversity and food availability (Feital.,2016; Hickey
et al.,2013; Reinartet al.,2006). In addition, they are also known to use secondary and
seasonally inundated forest (Hashimoto et, d1998) at times of high fruit availability
(Mulavwa et al. 2008; Serckx et al2014) and were seen iriorestsavannah mosaic
habitats (Pennec et al2020; SerckxX2014).

Hypothesis: The proportion of forest coverage F is positively correlated to both bonobo
occurrence probability and bonobo mean density.

To test our hypothesis, we first extracted habitgpes in SNP and corridor from Landsat 8
satellite imagery in ENVI 5.5.3 (Exelis Visual Information Solu#688), creating a raster
(grain size = 1 ha) distinguishifidpabitat types: 1) forest (including seasonally inundated
lowland and secondary fest); 2) swamps and permanently inundated forest along main
rivers; 3) savannahs; 4) human settlements (including villages and cultivations}) and
roads and rivers. Second, we created a binary raster of forest cover by discriminating forest
(1) from all other habitats (25). Finally, we assigned values f by calculating the
proportion of forest within each 1 kircell (occupancy model), and each transkuffer,

with width equallingtwice the specific truncation distance used in the DS anafgeisnt
models)

2) Distance to citie€. Here, we defined Cities (C) as urban areas of more than 5,000
people. In Central Africa, cities are known to be hubs of the commercial bushmeat trade,
affecting great ape abundance even more than local hunting (Kiddl, &009). SNP has a
long history of intensive poaching, mainly driven by the high demand of cities such as
Kinshasa, Mbandaka, and llefigart et al.,2008),with commercial poaching reported to
be ongoinglUCN 20206).

Hypothesis: Distance to cities &sjtively correlates to bonobo abundance and distribution.

To test the influence o€ we first created a cost distance raster to the most important

cities around SNP (grain size ha) in ArcMap 10.fESRI2018) dza Ay 3 GKS &/ ;

algorithmproRS R Ay (GKS a{ LI GAILf Fylrfteaaé A0Sy
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travelling speed according to habitat type, weighing according to field observations (MB,
pers. obg.with the least costly obtaining the value 1, and the costligxt\alues were
allocated as follows: 1) forest (5); 2) swamps and permanently inundated forest (10); 3)
savannahs (2); 4) human settlements (2); &phdoads and rivers (1). Fingllye averaged
the obtained cost distance raster values within each P kail (occupancy model), each
transectbuffer (count modelsjnd within each42 kn? cell (predictions)to obtain site
specificcostdistance to citieC
3) Distance to village¥. Here, we defined villages (V) as human settlements ranging
between 50 and ®00 people. The proximity to human settlements is reported to be
among the most negative drivers of bonobo abundance and distribution in(BiRk:yet
al.,2013) However, SNP is peculiar in having villages within its border, where some authors
found hidh bonobo densitiegGrossmanret al.,2008; Thompsomet al.,2008)
Hypothesis: Distance to villages positively affects bonobo abundance and distribution.
We expected the effect to vary with area of SNP. To test the influentt wé followed
0KS 020S LINRPOSRANEE ®&SS a5AaGFkyO0S G2 OA
4) Distance to river& Access to areas gfeat ape distribution in Central Africeuch
as distance to roads, hal®en shown to negatively affect ape abundari&&rindberget
al., 2018) Within DRC, patrticularly around SNP, rivers replace roads, connecting SNP to
both cities and villages.
Hypothesis: Distance to rivers (R) positively affects bonobo abundance aimiticst.
Totesttheinfluenced® ¢S F2ff 26 SR (i KSDidtanc 10 SitieddNPGO S R
5) Proximity to ranger patrol posk. The conservation status of SNP is still of serious
concern due to ongoing poachifgJCN 2026). For its protection, currently 31 ranger
patrol posts (PPs) with usually less than 10 rangeah,are permanently based near or
within a village. From PPs, ngers operate antpoaching patrols and monitor the
bushmeat tradgllambu 2006)
Hypothesis: Proximity of a PP (K) positively affects bonobo abundance and distribution.
To test the influence dk we used distance to PP aproxy. First, we designatedaffer
of 15 km radius around each PPQ&S This radius has been reported being the furthest
distance invested for subsistence hunting in other sites inSabaran AfricdFaet al.,
2015) Second, we dummy coded each 1%aall (occupancy model), each transéctffer
(count modelspndeach 42 km2 cell (prediction)da a mMé¢ @G KSy A kbik SO
YR Gné AT y2i00 . & GKIG 6SK20GFAYSR (KS
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For the analysis of count data, we fitted methoaind surveyspecific detection
functions in Distance 7.3 (Thomas et al., 2010), obtaining density estimates of bonobos
(CTDS) and bonobo nests (SCNC). Arounttéineects, we extracted the same Gl&ived
covariates listed aboverithin a bufferof width equal tothe specific truncation distance
used in the DS analysis each side of the transect (width = truncation distance. xigje,
we focused orstrips around the transect® account for finescale environmental features
important for bonobo nestig sites (Serckx et al., 2016) SNP Block South, we also
recorded the number of human signs/100 m, a proxy of human presence and hunting
intensity, the proportion of bonobo feeding trees and the proportion Mérantaceae
coverage (i.e., a family of herbaceous plants consumed by bonobos (Reinartz et al., 2008)),
accounting for food availability, and the density of black mangal@gscpcebus aterrimys
and other primates, proxies of intepecific competition

6) Human enounter rate H. Human activities such as hunting and logging have been
reported asthe most important drivers of great ape decrease worldwide (Kilall.,2017;
Plumptreet al.,2016; Walstet al.,2003; Wichet al.,2016). In SNP, higher encounter rates
of human signs were negatively correlated with bonobo density (Magtels,2009, 2010;
Reinartzet al.,2006).

Hypothesis: Human encounter rate negatively affects bonobo abundance and distribution.
For this, we first recorded the number of human signs (direct observations of humans,
hunting and fishing camps, snares, gun shells, paths, machete cuts, and felled trees
(N'Goranet al., 2016)) along line transects in the field. By that, we obtained demt
specific values of human signs per 100 m of transédtinally, for prediction from M1
(Block South only, in P2), wesignel the value ofH recorded in the field to the specific
42kn¥ cell containing the transe@ndestimated the value ofiin unsuveyed 42 kricells

(n = 27)by mean of &5AMusing the mgcv package in R 4.0.4 (R Core Team, 2020). We
specified a Tweedie distribution, log link and an iterative search to estithatgpower
parameter. The modeihcluded 4 GIS extractedexplanatory varibles i) forest coverF
(normalized)ii) distance to village¥ (normalized)iii) distance to river&® (normalized)iv)
longitude and latitudef the cell centroid The latter was transformed toxknorth and east

of the centre of the survey region, making the covariate isotropic (Miller et al., 2(Hdje,

we fitted the model uggthin plate regression splines féyVand R, and a twaimensional
smooth function for longitude/latitude, accounting for spatial correlationsoagsted with

location(Miller et al., 2014)
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7) Proportion of bonobo feeding treed. Food availability is a critical factor driving
spatial distribution and abundance of bonobos (Hohmatral., 2012; Mulavwaet al.,
2008; Sercket al.,2014b; White 1998).
Hypothesis: Density of bonobo feeding trees (T) positively affects bonobo abuladance
distribution.
For this, we first identified all tree species with a diameter at breast height (DBH) >= 20 cm
along 500m of each transect within 1,5m to each side of the transect (Bestahg2019).
¢CKSY > 6S RdzyYyYeé 0O2RSR t&nke gak (leaf NB\Sr, fluig of thertle@ A -
species was known to be consumed by bonobos (Beatiaé,H n Mo 0 X | YR dné
were known to be consumed. Finally, we divided the number of feeding trees by the total
number of trees, providing the traest specific proportion of bonobo feeding tre€sFor
prediction, we asignedthe value ofT recorded in the field to the specific 42 Rroell
containing the transect and estimatédin unsurveyed cells by meaiof a GAM model
usingaBinomial distribution, logit link and an iterative search to estimate the valtesth
parameter. The model included 2 GIS extracted explanatory variables i) forest FEover
(normalized)ii) longitude and latitude of the cell centro{ttansformed, see laove)

8) Proportion of Marantaceae M Terrestrial herbaceous vegetation (THV),
particularly species of the familarantaceae (M)(Malenkyet al., 1996; Sercket al.,
2016; Teradaet al., 2015), were found to be a good predictor of bonobo nest density in
SNP in a previous study (Reinatal.,2008).
Hypothesis: Density of Marantaceae (M) positively affects bonobo abundance and
distribution.
For this, we first recorded the understorey kaath each tree recorded in the 500x3strip
RSAONAOSR 102055 RAAONRAYAYIFGAYy3 0SG6SSy
@SASGF GA2Y 0 TManantaceadd X YV REéETO oG sB2REE OAPSOD
RdzyYeé O2RSR SI OK d&theYuhderdtofey was ddidedidfrantacedaes A
o0 | YR dané -a4%).Bythat wecaldulStetdthd traasdci specific proportion
of MarantaceaeM. For prediction, weaassigné the value oM recorded in the field to the
specific 42 krhcell ontaining the transect and estimated in unsurveyed cells by mean
of a GAM model usingBinomial distribution, logit link and an iterative search to estimate
the value oftheta parameter. The model included 2 GIS extracted explanatory variables i)
forest coverF(normalized)ii) longitude and latitude of the cell centro{transformed, see

above)
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9h i KSNJ LINR Y IP.iH&ENG of BiBnaldprniates by bonobos was observed
at Lilungu (Sabater I8t al.,1993) and LuiKotale (Surbeaikd Hohmann 2008), the study
site closest to SNP.

Hypothesis: Density of primates (P) positively affects bonobo abundance and distribution.
However, field observations from LuiKotale (Fruth pers. comm.) suggest high primate
densities impacting bonobos due to intgpecific competition over food. At least 8 monkey
species are present in SNAppendix ). Tshuapa red colobuRi{iocolobus thotini), Angola
colobus Colobus angolensiss ! f £ Sy Q&  AllgnopithekusyragyodirSigblack
mangabey llophocebus aterrimdisgoldenbellied mangabeyGercocebus chrysogaskter

RS . NITTFEQa Y2yl1Se o/ SND2 LICé&dostaedsavoly &at SO
red-tailed monkey Cercopithecus ascanjusrFor this, we first recorded perpendicular
distance to the centre of each monkey group observed along the line transects used for
bonobo nest counts. From these data, we calculated transect spgcifnate densityP in
Distance 7.3 (Thomazt al.,2010), taking into account group size (Plumgtrel Cox 2006).

As above, for prediction wesaignedhe value ofPrecorded in the field to the specific 42

kn?? cell containing the transect and estimat&in unsurveyed cells by meaof a GAM
model usinga Tweedie distribution, log link and an iterative search to estintagepower
parameter. The model only included a twlimensional smooth function for
longitude/latitude, accounting for spatial correlatioftsansformed, see above)

10) Black mangabey densityd. Of all primate species mentioned above, black
mangabeys were thenost likely food competitors of bonobos given their overlapping
repertoire (Kingdoret al.,2013), and their abundance in SNP (Bessirad.,2019).

Hypothesis: Density of black mangabey (B) negatively affects bonobo abundance and
distribution.
For this, we calculated transespecific black mangabey densiB in Distanceand

extracted the values d needed for predictioras described above.
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4.3 4. Sutistical analysis

4.34.1 Model definition

We integrated heterogeneouslgollected data across different areas and time
periods! & / ¢ RI G 6SNB 2yfeée I @FIAfFofS FT2NJ (K
a singleperiod model integrating detection/nodetection and count data from recces,
SCNC and CTDS, where additi@talogical variables allowed a more detailed analysis of
the factors important to bonobos$B(ox4.1). Our model estimated bonobo occuparoyy
SELX AOAGfe | O02dzyiAy3 F2N) YSGK2R &LISOATA
multiple visits to thesame site, but we surveyed onbp7 cells (1.3%) with all methods
simultaneously imputing values for unsurveyed cells (McElreath 20Z0erefore, we
estimateddo 2y 2062 RSGSOGA2y LINRPoloAftAGE -~ FyR 2
we appliedallmét 2 Ra® 2 S Y2RSf{ SR . I & byadkamtiapi A 2
for method-specific survey efforvnly. Here, although some environmental features might
haveinfluenced =, we did not include other covariatess the variable we expectdd be
important, i.e. the proportion ofMarantaceae M aproxy forunderstoreythickness was
not available fothe NS O0Sa® 28 It a2 SELISOiibrBeced @G &
lower probability of detection in swampy areas, where attentwas possiblyower due to
the difficulties in movinghrough difficult terrain Howeverwe did not expect the same to
apply to line transects, where attention was required to be high regardless of the habitat.
In addition, the habitatrelated variablewe used, i.e. forest coverF, also included
savannahs and open areas, where detection probabilifg expected to be high due to
goodvisibility. Therefor& ¢S RSOARSR (2 Y2RSft -~ | %® |
account for spatial autocorrelation, esncluded an intrinsic Conditional Auf®egressive
component (iICARjJakingadvantage of a specifically developed pridtorris et al., 2019)
computing the pairwise difference of neighbouring elements (i.e., cells) of a random spatial
variable< By encodig the neighbour relations between cells in 2 vectors, this approach is
more efficient than specifying a full adjacenoyatrix andrequired less memory and
computational power (Morris et al., 2019).

We modelled count datdlusing a zero inflated model. Herge assumed our density
data to be representative of bonobo abundance in the study area, which is true when, like
in this study, thalistribution of sampling efforisrandom throughout the study are@liller
et al., 2013. Specificallyg S FANBR G SadAYFGSR . X GKS LINRO

transect using a logistic regression model. Then, we used a gamma regression to model
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YSGK2R aLISOAFAO >3 NBLNBaSyilAy3da (GKS ydzyo
tNF yaSOoid Ly | BoS4)2wé Bxteld2dRVA by ingladindyboriobo presence
and abundance data collected in P1, in the North Block and corridor. By that, we estimated
the updated parkwide bonobo abundance for P2 and bonobo population trend lestw
periods We excluded the observati@obtained by CTand estimated method specific
detection probability FNRBY OStfa adz2NBWSe@SR oy I ynpbo
(P1: n = 266; P2: n = 53@ccounting for swey effort (i.e. line length)By that, we aimed
to control for differences in survey protocols and design, specific to eaghanisation
(Table 4.1)Then,weS & G A Yl 0§ SR . | &derived godayiaies ik 8nyoccapancyD L |
model, imputing values for cells not surveyed and accouritingpatial autocorrelation.
Bonobos live in communities of several individuals and have large home ranges (Fruth and
Hohmann, 2018)Therefore, b provide biologically meaningful predictions of bonobo
occurrence, we first predicted occupancyNE 6 I © A f A4Tdls, and thefi avaraggdy”
the values obtained over 42 Keells (Figure 4.3), approximatively matching bonobo home
range sizes in the arg&ruth and Hohmann 2018n both models, we predicted bonobo
occurrence and abundande each 42 knt cell of the superimposed grid (Figure 4.3),
consideringa cellto beoccupied if 1) we recorded at least one bonobo gignoccurrence
probability was assumed to be equal tg 2) the predicted occurrence probability was >
0.5. Similarly, we modlled count data separately for each periading the zero inflated
regression described aboyalthough here we modelled survespecific probabilities of
204ASNPAY3 ySada 2y + tAyS GNryaSod .3z Oz
design, speific to each organisation (Table 4.1). Finally, Ml B RA OG SR 062y 20
O2Yy RAGA2Y I 82 ke yells.piedicted to befotcupied. We deliberately avoided
extrapolating bonobo abundance to areas not surveyed during Pl and estimated
population rend only in subsectors surveyed twice.

To provide some limitedinformation on theestimatedparameters without affecting
the posterior distribution we set weakly informative priofd.emoine, 2019)In logistic
regressions, we useNormal (0,1.4) for the intercepts (Northrupnd Gerber 2018) and
Normal(0,0.5) for the slopes (McElreath 2020), assigning a specifically developed prior for
the iICAR componert and a standard normal prior fats standard dewation *, Normal
(0,2) (Morriset al.,2019).In gamma regressions, we usBdrmal(0,5) for the intercepts
andNormalo nZndp0 F2N) 0KS af2L5asx O02yaildNIAYyAy
was set wider in M1Box 4.),Gammad n ®o X ndo0 HKSNB > gl a Sa
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returning largely different density estimates (nests vs bonobos); and narrower ilBbR (
4.2), where we estimated nest density onlgamma(0.1,0.1). For the estimation of nest
RSOlI& GAYS ' infomn&tivepBoiGahma@d®a:1) aihdda positive informative
LINA 2 NarArga(0.4,0d.1).

We investigatel the influence of different nest decomposition time, scaling
estimated nest abundance to bonobo abundance by using 3 approaElresa period
specfic nest decay time, using nests constructed from 3 months before the beginning of
each of the two periods until their end. Second, a fixed, purposely calculated nest decay
time. For these approaches, we estimated nest decomposition times from 1,511 bonobo
nests followed from construction to decomposition between 2004 and 2018 at LuiKotale
research sit{Hohmann and Fruth, 2003blpcated in Salonga National Park (SNP) buffer
zone (02° 45.610'20° 22.723")gee Chapter B Finally, a literature nest decaéiyne for all
periods and surveys, usedpnevious surveys inNg® (Mohnekeand Fruth 2008).
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Box 4.1Model 1¢ M1

M1 integrated detection nofdetection data from reconnaissance walks (recces), standing
nest count (SCNC) and camera tdigtance sampling (CTDS) and density data from SCN(
CTDS in SNP block south, between 2016 and 2018. It included 1) a single season occupan
estimating the latent bonobo occupancy accounting for metispecific detection probability
2) a gamma egression, modelling density data conditional on bonobo occupying a\Wie
modelled the latent bonobo occupan&for all sites(n = 17,010) i@ sub-sectors as
O ~ Bernoulli (€ ;)

0i;{ O~ Bernoulli(O;xn;j)
whereOA a4 G KS f I Sy {thed&drerics# pyobabilitylay/sie o is the observed
occupancy for site and methodj and " is the average detection probability for methqd
estimatedabove.
We estimated detection probability using only the obseationsobtained from sites (n = 507)
surveyed withJmethods (n = 3) and modelled as a function of survey effgrivith logitlink

Eq 1l

logit(A;) = 1+ L Eq 2

whereh is the intercept for methoq.
2 § Y2 R Séast fuittion of covariates, with logdihk (Appendix S6)

1T CEDILSHT F+ 4G+ @GVt [ TR A Eq 3
whereh 1 andi pare the intercepts and (1 to 4)are covariatespecific slopes, varying by su
sectors(n = 4) and bk (n = 2) i.e., being within 2&m from a patrol post or ndk (except for ™
fixed).<is the spatial autocorrelation component for sitewith * being its standard deviation
Here we expwited Bayesian imputatio§McElreath 2020jo include sites we did not visit an
retained no detection data.
Finally, we predicted bonobo occupancy in SNP block sO$iPS @ | S NI Ay 3
in each 1 krhcell, over 42 krhcells (n = 405), approximatively the size of a bonobo home r3
(Fruth & Hohmann, 2018). Here, each 42kl was assumed beirmgrtainly2 O O dzLJA S F
if we recorded any sign of bonobogsence.
We modelled bonobo density conditional on 1) the site being occupied 2) the transects ha
bonobo signs. Both SCNC and CTDS trasaextypically zeranflated, with transects bearing
no bonobo signs for two main reasons. First, if there wace bonobos in the area, wd
conditionedDon occupancy)(i.e., if a site is predictei beempty, then density on the transeg
would be 0, see Eg. 7). Second, if bonobos were present in the area, but the transect b
signs of their presence, we estimii SR . X { K S indidyBodobdsigiis orii teans Gaff
formethodj® 2 S Y2RSft f SR j, comd@idnkl 8n-bankbosyhEving feéh detect
with any method either on the transect, or within a 487 area around the transect (i.e., th
transectwas within the home range of a bonobo community) as

Zwj~ Bernoulli 6 ) Eq 4
wherez,,is a matrix where each transect was dummy coded as O if no bonobo signs were
onthe transecw6 2 0 A SNIDS&# RSyhaA Gy Rda m AF o02950p2 &
2 S GKSy S adndbdrderisify Bt transeat for methodj as

Aw;~ Gamma [ ;] )) Eg5

where d;j is a matrix containing observed density (objects/km2) estimated with Distancq
(Thomas et al., 2010), for transacand methodjZ ;s the mean bonobo density for transe
wand methodiF YR ¢ A& GKS NI GS LI NFYSGSNI F2NJ
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Box 4.1Model 1¢ M1

2 S Y2 R S6 4 fBtiorrof covariates (with ldigk), conditional on the transect havinmtp
1 (transects withd = 0, where modelled above), as

1T G)=t43s1 LAA12/GH 3 Vit 4Rt 1 SHut ) 6, Tt 7M1 88441 94 Eq6

whereh 3 is the intercept varying by sukectorsand method;j; 1 (1 to 8)are covariatespecific
slopes varying by methogd andt 9 is an additional intercept varying by methgdnd byk i.e.,
being within 15 km from a patrol post or not.
Finally, we predicted bonobo density in SNP block s@stedfor methodj in 42km? cellg (n =
405) the size of a bonobo home rangenditional on the cell bearing bonobo signs and on {
cell being acupied (as predicted by the occupancy model) as

OY6 B = DgjX Z5j X U7Y0 g Eq7
Here,Dsnpg 1 estimated with SCNC, returned bonobo nest density, wbdsipg» estimated with
CTDS, returned bonobo density. Therefore, we first scaled bonobo nest density to bq
density using the following formul@utinand Fernandez 1984)
OYs b R
PY s
where 1.37 is the fixed nest production rgfdohnekeandFruth 2008)and’ is the average nes
decomposition specifically calculated between 2016 and 2018 fronb6iébonestsn followed
from construction to full decompositigrand modelled as

Yo~ Gammas RR) Eq9

wheret is the rate parameter of the gamma distribution.
By that, we obtained bonobo abundance in SNP block sNattpdy averaging bonobo densit]
obtained from SCNC and from CTDS inccatid multiplying by 42 (kf), the grain size of ou
prediction grid

[ 00D Eq8

T@i GOOXBR, Ovb
C

G°v5 Eq 10
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Box 4.2Model 2¢ M2

M2 integrates detection nowletection data from recces and SCNC and density data from $
in SNP and its corridor in two periods, P1 (20@R08) and P2 (2012 and 2018). It includes
two single season occupancy models estimating pesipecific latenbonobo occupancy; 2) twq
period-specific gamma regressions, modelling bonobo nest density data conditional on bg
occupying a site.
We modelled the latent bonobo occupan®jin SN° and corridor for site(n = 44,898) in period
tas
O+ ~ Bernoulli (S ;)

0itf O+~ Bernoulli (O;: N))
whereO A &4 GKS I ( Sy i)thedddrdehde grdbability af &tein.periodt; 0ij: is
the observed occupancy array for sitemethodj and periodt; ~; is the average detectior]
probability for methodj estimatedabove. We estimated the detection probabilityusing only
observations obtained from sites (n = 805) surveyed with both methmodslelled as a function
of survey effort;;andas

Eq 11

logit(A;) = 4+ Lij Eq 12
whereh is the intercept for methoqg.
We modelled- i; as a function of covariates
logit(€ ) = 4 1set 1 RF+ T GG+ @GVt [ TR+ WYurt 1A Eq 13
whereh 1 is the intercept andl (1 to 4)are covariatespecific slopes, varying by sabctorsand
periodt, i 5is an additional intercept varying lsyt andkii.e., being within 1%m from a patrol
post or not, andkis the spatial autocorrelation component, withbeing its standard deviation
Here too, unsurveyed cells were included using data imputation.
Finally, we predicted bonobo occupancy in SNP and cor@sxpo & | 3 3 NI3H2 kinA
cells (n = 1,069), assuming a cell baiagainly2 O O dzLJA S Ranysign df borobo plesenc
was recordedAs in M1, we modelled bonobo densiyconditional on the site being occupie
YR GKS (N} yasSota KI @Ay, e @rchabiitydt inding dydkodigriy
on transectw for methodj in periodt conditional on bonobos having been detected with eith
method on the transect, or within a 4an? area around the transect as
Zwj~ Bernoulli (> v) Eq 14
Wherez,: is an array where transects were dummy coded as O if no bonobo signs were
(d = 0) and 1 if bonobo signs were recordedlf{ n0® 2 S Y2RStf SR t,
accounting for differences in survey designs from different organizatighable4.1).
We then estimated, bonobo density at transectin periodt as
ad,r~ Gamma i o 1) Eq 15
whered:; is a matrix containing observed nest density (nestgkestimated with Distance 7.3
(Thomaset al.,2010) in the area surveyed hbyansectw in periodtZ i3 the mean nest density
in the area surveyed byransectw in periodt YR ¢ A a GKS NI (8% wel
Y2 RSt fas & funetion of covariates (with Idimk), conditional on the transect hng
estimated nets density > 0 (transects witls 0, where modelled above), as
l0g(t w,) = 43se+ 11Fw+ 12:Gr+ 13:Viv+ 1 4R+ 1541 Eq 16
whereh 3 is the intercept varying by sukectors and periodt; 1 (1 to 4)are covariatespecific
slopes varying by peridgdandi 5is an additional intercept varying by peribend byk, i.e. being
within 151 Y FNBY I LI GNBf LlRad 2N y20d 2 S signy L

141



Box 4.2Model 2¢ M2

Finally, we predicted bonobo nest density in SNP and corbdirin 42kn¥ cellq (n = 1,069) the
size of a bonobo home range conditional on the cell bearing bonobo signs on tradisecton
the cell being occupied (as predicted by the occupancy medel)
OY6 §:= Dy X Zp X U706 g Eq 17
Dsnpneeded scaling to bonobo density using BgHowever, here we were also interested
looking at the effect of different decomposition time on our estimates. Therefore, we modsé
nestdecompositiomas
Yn~ Gamm4s R R Eq 18
wherey is a vector (n = 1,511) of nest decomposition times is the average decompositio
time for studyg (n = 5) and is the rate parameter of the gamma distribution.
Then, we first obtained bonobo density in SNP and corid@Punder three scenarios: 1) singl|
OADSDOYSI Yo' M¥PIBOA RHOLISNERRS D ' m T YSI-Y
A LISOA FTA Q). We tibeh offaibed 'banobo abundance in SNP and corrideKP by
multiplying DSNP, by 42 (km), the grain size of our prediction grid under the ebrdifferent
scenarios.

4.34.2 Simulation study

Before running our models, we investigated their accuracy and precision in a
simulation study where we varied 1) the percentage of surveyed cells and 2) the number
of transects. For the purpose, we used a simplified version of the model described above,
including two covariates only and fixed nest decomposition time.

First, we simulated the true occupandy (rea) by generating a vector of occurrence
LINROFOATAGE X YAYAO{AY3A wmtInnn &adz2NwsSe O
and Hl)inthresubd SOG2NE L ¢gA0GK ALISOAFAO Ay idSNDOSL
obtained sectord LISOAFA O YSIy 2 O0iemNG sinufated theBhsdrved { A
occupancy @), for three different methodg g A (i K & LISOAFAOZ FAESR |
We investigated 4 survey coverag®%, 10%, 15% and 20%, simulating coverages similar
to our surveys (M1: P2 = 13%; M2: P1 = 7%, P2 = 16%). In each scenario, we selected on
OStfa adNWSe@SR gAl0K ff YSiK2RAaLinaZed®adi A Y
occupancy model. Finally, we estimated the remaining parameters in the main occupancy
model, with methodd LISOA FA O FAESR -

Second, we simulated a varying number of survey lRji®. transects) independent
of the cells generated above. Vilevestigated 200, 600, 1200 and 3600 transects to assess

the effect of sample size on the model accuracy, mimicking the number of transects in our

surveys (M1: P2, n = 377; M2: P1, n = 272; P2, n = 3200). We set a fixed -spthidid
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probability of obs®lJdA Y3 062y 202 &A IWER 23 A tiledieniE SRy >
forSF OK UGN} yaSoOid o002y RAGAZ2YIFE 2y . 06SAy3 L
from a gamma distribution as a function of covariakand H2 (obtained from the same
distribution used forFland HI0 = ¢ A (i K Y S { K 2 Robtainid§ @ ik @f NI
20a3SNWUSR o02y202 ySad o6{/ b/ 0 YR 062y2062 6
sectord LISOA FA O Ay (i SNDSLIY R, ahntih@d O8O N B A GadrE 2 h
1 Hor each variable. Finally, we defined fixed conversion factors (nest decomposition time
= 95 days; nest construction rate = 1.37) to scale the simulated nest density obtained with
method 1, to bonobo density (simulated in method 2). We then asslithe true density

D, to be the average estimated by the two methods. By that, we obtained average density
>ij, In each sector and for each method. For each scenario, we generated 10 databases anc
run 1 chain of 2,000 iterations (warmup = 1,000) repestéd = 10) in R 4.0.4 (R Core Team
2020) using Rstan 2.21.2 (Stan Development Team 2020). Finally, we verified the accurac
of our model by comparing the posterior distribution of the estimated parameters (from

the 10 samples aggregated) with the truewes.

4.34.3 Model selection

As our study estimated bonobo density and distribution over a large area, we
expected geographical differences in the effects of expplanatory variables in the park.
Similarly, nest counts provided data on bonobesting sites only whilst CTs provided
information on the full range of bonobo spatial use, including travelling, foraging, and
nesting. Therefore, we were interested in estimating sactor and methodspecific
parameters (see Eqg. 2, 4,%-Box 4.1; . 14, 16, 18, 20Box 42).

To do so, we first wrote a set of candidate linear models addressing our research
questions by including different combination of varying intercept and slopes for our three
YIEAY LI NFYSGSNREY M0 2pooDabiiiygNdbatrénSectiiN@gbbndbo f A |
airdya o06,.0T o0 02y202 YSIYy RSyairde o>00 ¢
variables, by examining pairs plots of the posterior distribution (Gabay.,2019) and re
ran the models by excluding onawable from each collinear pair based on our research
questiors. We used data from the block South of SNP in P2, where a larger number of
covariates were available and separately analysed detectionttetection data from
three methods to evaluate (1), dncount data from two methods for evaluating (2) and

(3). We also fitted interceponly models, assessing whether our predictors were

143



meaningful. For each main parameter, and each sampling method we run 1 chain of 2,000
iterations (wamup =1000) for all cadidate model using RStan (Stan Development Team
2020), comparing their predictive power by evaluating the expected log predictive density
69[t50 dzaAy 3 (\eBarinGelhdin@idIGabg/, 201fHere the ndodel with
the lowest ELPD provided theest ft to the data and was set as the reference for
O2YLI NAy3a 20KSNJ Y2RSt a o0& @&lpd) {odzthe iedt fittig G K ¢
model. If a model fitted best one method (e.g. CTDS) but poorly another (e.g. SCNC), we
summed up the differeces in ELPD for each method and selected the one returning the
KA3IKSal -Bipd wadzSblledtfan ifs standard error (SE) we considered the model
SljdzA @1 £t Sy (2 (-KIfd =®.8)aRinallf, ¥ thel Besf fitingd modebwiaZ non
better than the null model, we used an intercephly model.

We developed our models in StgiCarpenter et al., 2017)sing RStan(Stan
Development Team, 2020) R 4.0.4R Core Team, 2028ndfit the final models by running
2 chains of 10,000 iteratiaeach(warmup = 9,000).

This study was purely observational, involving signs left behind by bonobos and
remotely acquired images. The methods described above complied with the requirements

and guidelines of the ICCN and adhered to the legal requirements ob#tecbuntry, DRC.

4.4. Results

4.4.1.Preliminary analyses

4.4.1.1 Simulation study

In our simulation study,he true value of the parameters was consistently included
within the 95% confidence interval of the posterior distribution estimated in madel
(Table 2 and 430 @ / 2y aSljdzSyidtes 2dz2NJ Y2RSt &l A
methodd LISOAFA O -IZY R YRS 8K2RI 2ANDISOAFAO >3 (K
(Figure4.4 and 4.5).

ax

w»
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Table4.2. Mean value and 95% CI of parameters modelling detection probabilftr 4 different scenarios: 5%; 10%; 15% and 20% coverage of the area of study,

compared with the real value used to generate the data.

Model Parameter  Real value Estimated mearvalue for varying coverage (95% CI)
5% 10% 15% 20%
hi, 2.00 1.54 (0.68; 2.84) 1.59 (0.8%; 2.61) 1.62 (0.88; 2.64) 1.60 (0.28; 2.57)
hi, 1.00 0.67 (0.18 1.34) 0.71 (0.27 1.24) 0.73 (0.31¢ 1.21) 0.68 (0.28; 1.22)
his -1.00 -1.09(-1.44¢-0.77)  -1.17 ¢1.45¢-0.91)  -1.10 (1.36¢-0.85 -1.13 ¢1.38¢ -0.89)
i1 0.60 0.44 (0.05 0.92) 0.51 (0.16¢ 0.94) 0.46 (0.21¢ 0.81) 0.50 (0.25; 0.92)
. i1, 0.40 0.33(0.13% 0.58) 0.33 (0.1% 0.56) 0.33 (0.16; 0.51) 0.36 (0.24,0.51)
i 13 0.00 0.04 €0.27¢0.51) 0.07 €0.18¢ 0.30) 0.07 €0.08¢ 0.23) 0.05 ¢0.09-0.21)
2 -0.20 -0.13 ¢0.62¢ 0.47) -0.21 ¢0.58¢ 0.10) -0.19 ¢0.52¢ 0.10) -0.17 ¢0.45¢ 0.08)
12 -0.50 -0.42 ¢0.86¢ -0.15) -0.43 (0.67¢-0.22) -0.45 (0.67¢ -0.28) -0.43 €0.63¢ -0.28)
I d 0.00 0.09 (0.18¢ 0.36) -0.05 ¢0.31¢ 0.19) -0.04 ¢0.22¢ 0.14) -0.04 (0.20¢ 0.13)
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Table4.3. Mean value and 95% CI of parameters modelling the probability of detecting bonobo sings on a transecy’ R Y S | yor Kdff¢féntistedarios:

200; 600; 1200 and 3600 transects, compared with the real value used to generate the data.

Estimated mean value for varying number of transects (95% CI)

Model Parameter  Real value
200 600 1200 3600
1 0.60 0.61 (0.51¢ 0.70) 0.61 (0.56¢ 0.65) 0.60 (0.56¢ 0.64) 0.60 (0.57 0.63)
) ' 2 0.30 0.31 (0.23%; 0.40) 0.30 (0.265 0.35) 0.30 (0.26¢ 0.34) 0.30 (0.28;0.32)
h2, 5.00 4.98 (4.8%5.08) 5.01 (4.9% 5.06) 5.00 (4.9%; 5.05) 5.00 (4.97 5.02)
h2, 4.00 3.99 (3.85; 4.11) 3.99 (3.9 4.05) 4.01 (3.9%; 4.07) 4.00 (3.97 4.03)
h 2, 2.00 1.94 (1.57 2.29) 1.96 (1.7% 2.17) 2.02 (1.86 2.16) 2.00 (1.91¢ 2.10)
h3, 0.20 0.05 ¢0.78¢ 0.74) 0.17 ¢€0.19¢ 0.51) 0.22 ¢0.20¢ 0.27) 0.22 (0.07 0.38)
h3, 0.00 -0.13 (0.67¢ 0.40) -0.02 (0.35¢ 0.30) 0.03 ¢0.20¢ 0.27) -0.03 (0.18¢ 0.12)
S h o -0.50 -0.60 ¢1.70¢ 0.36) -0.57 €¢1.00¢ -0.09) -0.49 €0.79¢ -0.18) -0.53 (0.74¢-0.34)
11F 0.50 0.51 (0.42;0.59) 0.50(0.45¢ 0.55) 0.50 (0.46¢ 0.54) 0.50 (0.48;0.52)
11y -0.30 -0.31 €0.39¢ -0.22) -0.31 ¢0.35¢ -0.27) -0.30 €£0.33¢-0.27)  -0.30¢0.32¢-0.28)
12 0.20 0.17 €0.23¢ 0.53) 0.18 (0.015 0.34) 0.18 (0.04 0.32) 0.20 (0.145 0.27)
124 -0.05 0.02 (0.27¢ 0.33) -0.05 ¢0.21¢ 0.11) -0.04 (0.17¢ 0.10) -0.05 (0.11¢ 0.03)
"y 0.10 0.11 (0.07 0.15) 0.10 (0.08; 0.12) 0.10 (0.08 0.11) 0.10 (0.09; 0.11)
‘2 0.50 0.60 (0.31¢ 1.16) 0.52 (0.38,0.71) 0.50 (0.38; 0.63) 0.51(0.44¢ 0.59)
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Figure4.4. Estimated detection probability (by method,1 = SCNC, 2 = Recces, 3 = Cabb
occurrence probability (by subsector,n =3) for 4 survey coverages (5%, 10%; 15%; 20%). Grey
dots represent 10,000 draws from the posterior distribution, with boxplots representing quartiles

and variability of the samples.
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for 4 survey efforts (200; 600, 1,200; 3,600 transects). Grey dots represent 10,000 draws from the
posterior distribution, with loxplots representing quartiles and variability of the samples. Vertical
dashed lines show the true value of simulated parameters.
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4.4.12 Model selection

We selected explanatory variables and random effects following our model selection
procedure.Here,we found no signs of collinearity models estimating . The model
returning the best results included an intercept varying by-sabttor and slopes varying by
sector and byroximity to aLJ- NP PR ([3bladid). However, in modelsstimating.

YR > gntnk&yelyiti®f) and black mangabey densiB) (Figure4.6) to be highly
collinear. As black mangabeys were the most common species in SNP block south, the two
variables wereproviding the same informatianTherefore, we decided to exclude
including onlyBin our modelsBlack mangabefeedinghabitsoverlapwitht KS 02y 2 6
(Kingdan et al. 2013) Therefore,B was more interestingas it provided the chance to

B

investigate interspecific competition.
i

AW P- y L e o
\ | rF g ‘ i N

o4
:
.
‘

-

Figure 4.6. Pair plots of the posterior distribution of parameters describing the effect of black
mangabey densitBagainst primate derisy Pon mean density from (left) SCNCand (right)CTDS
Both plots show a strong correlation and indicates issues of collinearity

Models describing the probability of founding bonobo signs on transectgere not
different from the null model (Table 4.53uggesting the processas mostly driven by
chance Therefore, we discarded all proposed models and selected an inteocéypt
regression, with intercept varying by method in M1, and by period (accogntor
differences between surveys using different transect lengths and designs) in M2.

Similarly, the simplest modelyhich assumed homogeneity of slopesturned the

best fit when estimating mean densityand was selected for the analysis (Table 4.5).
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Table4.4. Comparison of models estimating occurrence probabilitgp DNB S1 f S G S NA eshidtteiNGy &h&yladlel, italicskapitsl fedeMtiepresent
variables and italics subscripted letters represents indexed v@ryitercepts and slopes. Hereindicates the parameter varying by ssbctor |, and k indicates
parameters varying by proximity to a patrol pd&&tThe models in bold fitted the data best and were include in the final models.

Model ID Model n-Elpd(SE) Sum-Elpd
Recce’ SCNE CTDS

1 hwb Fbm CeH Vo RE1 {§ p -528.4 (10.8) -81.7 (5.5) -100.4 (7.2) -710.5

2 hwb EFbw Cti Wie Rt § p -398.8 (11.0)  -123.9 (6.2) -160.1 (7.0) -682.8

3 h Wi AF+ 20,GH 3V +i 4R+ 5y 0.0 (0.0) 0.0 (0.0) 0.0 (0.0) 0.0

' 4 " mb Fbvm Cti Vi® Rt J p -336.6 (8.5)  -160.3 (7.6) -260.1 (8.7) -757.0
5 how+i 1F+i 2GH 3V +i 4R+ 5 -16.1 (1.8) -19.3 (1.5) -18.1 (6.9) 53.5

6 hom -2077.9 (24.2) -495.4 (15.5) -1896.4 (31.3) -4469.7
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Table4.5. Comparison of models estimating the probability ioiding bonobo sings on atransect | YR Y S| y
estimated by the model, italics capital letters represent variables and italics subscripted letters represents indexgdmarygiepts and slopes. Heligndicates the
parameter varying by subectorl, andk indicates parametersarying by proximity to a patrol po& The models in bold fitted the data best and were include in the

02y2062

Reprgserit fiatameteds D NB

final models.
N Elpd (se) Sum
Model ID Model
SCNE CTDS n Elpd
1 hgb F# [CHIZV+HLI4R+I5H+1GT+17M +418B+19+Ld 0.0 (0.0) -2.3(3.2)* 0
2 hgb F# HCHLZV+14R+15H+16T+17M +18B+19;+Ld -1.0 (2.2)* -1.1 (1.8)* 0
3 h gb F HCHL 3V +14iR+15H+16T+17M +18B+19;+Ld -3.6 (6.2)* 0.0(0.0) 0
) 4 h b jFm HCHLI3V+14R+15H+L{ 6T+L17M +18B +19«+Ld -1.6 (2.6)* -2.0 (1.7) -2.0
5 hgb jFM HCH+L3V+I4R+15H+16T+17M +18B+19«+Ld -0.7 (1.5)* -3.4 (3.0)* -3.4
6 h o -3.8 (11.0)* -2.6 (8.5)* 0
1 hgb FM [ICHLIZV+14R+15H+1 6T +17M +1 8B +19; 0.0 (0.0) 0.0 (0.0) 0
2 h gb F HC+H13V+14R+15H+16T+17M +18B+1 9 -3.6 (1.8) -3.5(1.3) -7.1
S 3 h gb F# HC+43ijV+14ij R+15k H+1 6T +17M +1 8B +1 9« -0.8 (3.3)* -5.3(1.7) -5.3
4 h b jFim HCH13V+14R+1 5 H+16T+17M +18B +1 9« -6.0 (1.7) -4.1 (3.1) -10.1
5 h gb jFM HCH+13V+HI4R+{5H+1GT+17M +1 8B +1 9« -3.1(0.9) -2.3(0.5) 5.4
6 h o -13.7 (6.7) -41.9 (6.4) -55.1

* Model score considered equal to the one returning the lowePB?Standing crop nest countsCamera trap distance sampling.
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4.4.2. Main results

4.4.2.1 Bonobo status and trend in SNP

Using purposely obtained nest decay times (R/5 (SD = 22) days; P2 = B)/
(SD = 32) days), we estimated the preseriionobo density in SNP to be 0.37
individuals/knt (SD = 0.04; range = 0.29.45), resulting in 16,468 weaned bonobos (SD =
1,766; Cl 43,289¢ 20,209. For P2, our models predicted that bonobos occupied 66% of
the park and corridor, with bonobo abundange SNP and corridor varying considerably
when using different decayimes (Table4.6 and4.7). We found the highest bonobo
densities in SNP in the southern portion of the smdttors, namely in lyaelima, Lomela and
Watshikengo (Table @.and Figure4.7). Comparing®1 and P2, bonobo population trend
was positive (increasing) when using a fixed decay time, and stable when using a period

specific decay timel@ble4.7 and Figure4.8).

Sub-sectors (e)
1) Lokofa

2) Monkoto

3) South-West
4) lyaelima

5) Mondjoku
6) Etate

7) Watshikengo
8) Lomela
9) Corridor

0 10 20 30 40km

0 20 40 60km

Legend

Bonobo density
individuals/km *

100
Jo2
[ o4
B o6
I 038
I 10
[ Sub-sectors

0 5 10 15 20 25km

0 20 40 60 80km

Figure 4.7. Predicted bonobo density in Salonga National Park (SNParegisom (a) to (d) show
densities predicted for the 4 suectors surveyed in period 1 (P1: 262@08); square (e) shows
predictions for SNP and corridor in period 2 (P2: 22028).
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Table4.6. Posteriodistribution of bonobo densityl¥), abundancelN) and population trend in Salonga National Park (SNP) and Hsesiibrs, estimated by our models
by applying a periodpecific nest decay time. Total abundance estimates and population treneséaibrs swveyed twice, n = 4), were obtained from the analysis of
standing crop nest counts (SCNC) only. In SNP block South-§éctais), estimated abundances are compared with those obtained by integrating density data

obtained from camerdrap distance sampiig (CTDS).

SNP SNP Block South
(SCNCQC) (SCNC and CTDS)
Subsector Period 1 Period 2 Period 2
(2002- 2008) (2012-2018) (2012-2018)
Etate D= 0.43 (0.160.78) 0.34 (0.0 0.80)
N= 431 (166- 785) 346 (27¢ 810)
lyaelima D= 0.56(0.35¢ 0.81) 0.56 (0.32; 0.83) 0.51 (0.0% 0.86)
N= 3,758 (2,34% 5,456) 3,738 (2,172, 5,610) 3,251 (31%;5,418)
Lokofa D= 0.18 (0.04; 0.41) 0.22 (0.05;0.48) 0.33 (0.0 0.93)
N= 391 (77¢ 894) 470 (118 1,042) 662 (59¢ 1,836)
Lomela D= 0.40 (0.2% 0.63) 0.55 (0.3% 0.79)
N= 2,281 (1,29%; 3,564) 3,128 (1,99%; 4,494)
Trend
Total N 6,861 (4,904; 9,297) 7,682 (5,64%10,139) 1.15(0.7% 1.71)
Corridor D= 0.29 (0.18;0.43)
= 2,685 (1,62%; 3,971)
Mondjoku = 0.15 (0.05; 029)
= 678(235¢ 1,324)
Monkoto” = 0.28 (0.11¢ 0.52) 0.28 (0.02 0.82)
= 981 (378 1,799) 922 (65¢ 2,686)
South-West = 0.35 (0.17¢ 0.59) 0.37 (0.0x 0.74)
= 2,072 (1,01@; 3,524) 2,023(164c 4,040)
Watshikengo = 0.39 (0.2%; 0.60)
= 2,388 (1,374 3,630)
Total N 16,486 (13,28¢ 20,208) Total N 6,858 (4,20@ 10,629)




Table 4.7. Posterior distribution of estimated bonobo abundandd) @nd population trend in
Salonga National Park (SNP), calculated applying different nest decay Wwaeobtained total
abundance estimates and population trend in ssdrtors surveyed twice (n = 4) in both periods
(Period 1 and Period 2) from the analysfistanding crop nest counts (SCNC) only. Total abundance
for the entire SNPwas obtained in P2 only from SCNC data and included akesttbrs (n = 9).
Provided abundances refer to weaned bonobo only.

Subsectors surveyedwice Entire SNP
. Population Bonobo
:[Ai\:qzlled nest decay Bonobo abundancéN rend abundanceN
Period 1 Period 2 Period 2
(2002-2008) (2012-2018) (2012-2018)
Period ifi t
eriocrspeclic nes 6,861 7,682 1.15 16,486

decay time (this
study)

Fixed nest decay time 6,391 8,203 1.31 17,604
(Bessone et al., 2021) (4,604¢ 8,606) (6,043¢10,855) (0.85¢1.91) (14,214¢21,545)
Literature nest decay
time (Mohneke &
Fruth, 2008)

(4,904¢ 9,297) (5,647¢ 10,139) (0.74¢1.71) (13,289¢ 20,208)

7,640 9,805 1.31 21,046
(5,433¢ 10,413) (7,136 12,903) (0.85¢ 1.91) (16,724 25,789)

Figure 4.8. Posterior Nest decay time
distribution of bonobo W Period-specific
population trend in = e
Salonga National Park
(SNP), calculated using
a 1) periodspecific
(blue) and 2) fixed
(green) nest decay
time. No changes ing
bonobo  abundance
between periods
would result in a
variation = 0, indicated
by the dashed vertical
line.
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4.4.2.2 Integrating camera trap and nest count data

T T
o 5000 10000
Variation in bonobo abundance

When integrating CTDS data, we estimated higher densities in the South Block than
when using SCNC data alone (0.41 vs 0.35 bonobf)/krowever, with CTDS estimates
GLISNOSYy (i O2STFAOASY(lH 2F O NRFGAZ2Y &/ +£& T
(CV = 21%) (Tab#e6) remained similar to the one obtained by SCNC analysis using the
Distance software (CV = 17%¢¢ Chapter 2
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4.4.2.3 Drivers of bonobo abundance and distribution

Forest cover was a positive predictor of bonobo occurrence in both models and
periods Figure4.9a and Appendix § although neither bonobmest (SCNC), nor bonobo
density (CTDS) were affected (Appendband 9. Instead, bonobo nest density was
positively correlated to the proportion oMarantaceae (Figure 4.9), but not to the
proportion of feeding trees (Append&6). In addition, black mangabey density was not an
important predictor of either nest (SCNC) or bonobo (CTDS) density (Ap@ergionobo
occurrence was positively influenced by the presence of a PP, a proxy of direct protection,
in both models and peods Figure4.10c), but not bonobo mean density (Appendiand
9). Bonobo density from CTDS however, was negatively affected by the encounter rates of
human signsKigure4.9e). The presence of a PP also influenced the effects of proximity to
villages In general, sites further away from villages yielded higher occurrence probabilities
(Figure4.10a and b)However, if a PP was present, the relation was inverted in many cases,

with higher occurrence probabilities closer to villages (Appe6dird §.

Figure 4.9. Importance of explanatory variables (mean [lines] and 95% CI [shaded areas]) on bonobo
occurrence, by period (P1: 20@D08; P2: 2012018), and abundance, by method (SCNC; CTDS).
Occurrence probability o ffdeBticavef (a), distance tavers (b), distance to cities (c). Mean
density> n/km?) (right) proportion ofMarantaceae(d), human signs per 100 m (e); distance to
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