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abstract

Rafflesia pricei (Raftlesiaceae), an endangered holoparasitic plant
with large, elusive flowers, faces conservation challenges in Sabah,
Malaysia, due to its cryptic life cycle and habitat vulnerability. This
study used species distribution models (SDMs) to analyse envi-
ronmental factors shaping its distribution, aiming to identify areas
suitable for new populations and inform conservation efforts. Cre-
ating SDMs for a poorly known species as R. pricei can be a diffi-
cult task because occurrence data is limited, therefore the method
‘ensemble of small models’ was used, implementing three stan-
dard algorithms: generalised linear models, generalised boosted
regression models, and support vector machines. Analysing eleva-
tion, bioclimatic variables, edaphic characteristics, and cloud cover
data revealed a complex interplay of drivers. Initial assessments
highlighted elevation, consistent with known sub-montane occur-
rences. However, a refined model identified the mean daily mean
air temperature of the coldest quarter as the most significant pre-
dictor, suggesting a critical role for subtle temperature variations
in flowering, host physiology, and pollination. Moisture-related
bioclimatic factors also had considerable influence, while edaphic
characteristics were less prominent. The study highlights the frag-
mented and undersized nature of habitats suitable for R. pricei in
Sabah. This fragmentation, combined with sensitivity to environ-
mental changes and threats from deforestation and agriculture,
necessitates targeted conservation. Identifying key environmen-
tal drivers provides a scientific basis for selecting and managing
potential reserves to safeguard R. pricei and its host. The study
advocates for consolidating larger, interconnected habitat patches,
particularly within the Heart of Borneo initiative, to maximise
long-term survival and ecosystem preservation. By revealing
R. pricei’s environmental dependencies, this research is anticipa-
ted to enhance the monitoring and conservation management of
the species. Further research into eco-physiological responses to
key factors, including El Nifio impacts, is recommended.
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Oco6mmMBOCTi Ta yMOBHI IOLIVPEHH s BUAY Rafflesia pricei
(Raﬁlesmceae), napaSMTI/mHm KBIiTKOBOI pOCTUHM,
eHgeMika bopHeo: aHasTi3 Ha OCHOBiI MOJIeTIOBAaHH A
€KOJIOTIYHOI HilTi

Bonogumup Turap, Ipuna Kosunenko, Muxaiino HaBakaTuksau

Pestome. Rafflesia pricei € BpasnMBOO TOJIONAPasSUTUYHOI POCIMHOK 3 BeMMKuMy KBiTkamu. Lleit Bup
3pocrae B Cabaxy, Maaiisis, Ta CTUKA€TbCS 3 mpobeMamMy 30epeskeHHs Yepes CBill IIPUXOBAHMIT KUT-
TEBUI LMK/ Ta PYMHYBaHHA CepelOBUINA iCHYBaHHA. Y LIbOMY HOCIIPKEHHI BUKOPUCTAHO MOJENi I0-
muperHs BuAiB (SDM) s aHasisy eKomorivHnx (pakTopis, 10 BUSHAYAIOTD 1OTO MOIMIMPEHHS, @ TAKOX
BISIBJICHHsI HOBUX IIOIY/LALIN Ta iHpopMyBaHHs mpo mpupopgooxoponHi sycwurst. CrBopenss SDM s
MAJIOBiJOMOTO BUJY, TAKOTO 5K R. pricei, MOXXe OyTH CKIafHIM 3aBJAHHAM 4depe3 0OOMEXeHICTh [JaHUX,
TOMY 6y/I0 BUKOPUCTaHO METOJ] «aHCAaMOII0 MajIMX MOfeIiell», 10 BK/IIOYAE TPU CTAaHAAPTHI aITOPUTMU:
y3arajbHeHi /IiHiiHI MOfeIi, y3araibHeHi OyCTMHIOBI perpeciiiHi Mofe/i Ta OIIOPHMX BEKTOPHMX MAIINH.
AHani3 Bucotu Haj piBHeM Mopsi, OIOKTIMaTHYHUX 3MIHHMX, efadiqHMX XapaKTepUCTHUK Ta JaHUX IPO
XMapHICTbh BUSBUB CKIaJHY B3aeMOZito ¢akropis. [TouaTkoBi OLIHKY MifKpeCININ BaXIUBICTb BUCOTIH,
IO Y3TOMPKYETHCA 3 BiJOMVMMM MiCI[AIMM 3POCTAHHSA Y CYOMOHTaHHMX nicaX. OffHaK, yTOYHeHa MOJIe/b BY-
3HAYWIa CEpPefHIO TOOOBY TeMIEPaTypPy MOBITPs HAXOIOMHILIOTO KBapTaly K Hall3HAYHIIINII TIpeanK-
TOP, IO CBiYNTH IPO KPUTUYHY POJIb HABiTh He3HAYHNUX TeMIIepaTyPHIX KOMMBaHb y LBiTiHHI, izionorii
POCIVHU-TOCTIONApPs Ta 3amuieHHi. biokmiMaruyHi pakTopiu, OB’ A3aHi 3 BOJIOTICTIO, TAKOXX MaJIy MOMIT-
HUJI BIUIUB, TOAI 5K efjadivHi XapaKTepUCTUKYU BUABMUINC MEHII BayIUBUMI. [JOCTII>KEHHA MiIKPeCIoe
(parMeHTOBaHICTb Ta HELOCTATHII po3Mip npupaaTHux i R. pricei cepemoBuiy icHyBanH: B Cabaxy. L1
(parMeHTalis, y O€fHAHHI 3 Yy T/IMBICTIO BUAY JO 3MiH HaBKO/IMIIHBOIO CepelOBUIIIA, 3yMOBIIOE HE00-
XifHICTD Iii/lecIpsAMOBaHMX NIPUPOJIOOXOPOHHNUX 3aXOfiiB. € HarayibHa morpeba y KoHcomianii 6inpummx,
B3a€MOIIOB A3aHUX Ji/LTHOK IPOXXMBAaHHA, 0COOMMBO B paMkax ininjatusu «Cepue bopHeo», mis Makcu-
Misanii JOBrocTpOKOBOTO BYDKMBAHHA BUJY Ta 30epexkeHHA eKOCUCTeMN. BuaBiAioun ckiagHi ekonoriyui
3aJIOKHOCTI R. pricei, e TOCTII)KEHH, SIK OYiKY€ThCs, HOKPALINTh MOHITOPVHT Ta YIPaBIIiHHA 30epesKeH-
HAM LIbOTO BUJY. PekoMeHyIoTbCA MofabIli JOCTiKeHHA eKoIoro-(i3ionoriyHnx peaxiiit Ha KJII0YO0Bi
(akTOpM, BKIIOYA0YN BIUIMB TaKUX KIIMaTMYHUX Ay, AK Enp-Hinbiio.

Knwouosi cnoa: Rafflesia pricei, Cabax, MOfe/TIOBaHH IO PEHHS BB, IPUPOZOOXOPOHHI IpiopuTeTn

Appeca s 38’a3ky: Turap Bonogumup; Incturyt soonorii im. I. Illmanbraysena HAH Ykpainn; Byn. Borpa-
Ha XMmenpHuIbkoro 15, Kuis, 01054 Ykpaina; Email: vtytar@gmail.com; orcid: 0000-0002-0864-2548

Introduction

Throughout the biosphere, parasitic relationships exist across various life forms, including vas-
cular plants [Nickrent 2020]. The peculiar world of parasitic plants has always fascinated scientists.
Their bizarre structures, complex life cycles, and intricate relationships with their hosts continue to
spark curiosity and inspire research [Gonzalez et al. 2024]. These parasitic plants often utilise special-
ised organs called haustoria to penetrate into and extract water and nutrients from their host plant,
typically attaching to shoots or roots [Westwood et al. 2010]. Parasitic plants can be further catego-
rised based on their photosynthetic capabilities: hemiparasites retain the ability to photosynthesise,
while holoparasites are entirely reliant on their host for sustenance [Kuijt 1969]. The family Rafflesia-
ceae exemplifies a fascinating realm of holoparasitic plants. Notably, members of this family lack both
chlorophyll and most of their functional vegetative system, including roots and shoots [Bendiksby et
al. 2010]. Their existence hinges entirely on a specific host plant from the genus Tetrastigma (Miq.)
Planch., a group of vines of the grape family, Vitaceae, found within the tropical rainforests of South-
east Asia. Molecular data analysis reveals that the Rafflesiaceae family encompasses three distinct
genera: Rafflesia R. Br. ex Gray, Rhizanthes Dumort., and Sapria Griff. [Bendiksby et al. 2010].

Rafflesia has long been known and celebrated in Malaysia where thirteen species have been re-
corded, of which eight occur in Peninsular Malaysia and a further five in the states of Sabah and
Sarawak (Borneo).
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Fig. 1. Rafflesia pricei in

full bloom in the Raffle-

sia Forest Reserve, 19 De-

M cember 2019; photo taken
. by M. Navakatikyan.

Puc. 1. Rafflesia pricei B
IIOBHOMY PO3KBITi B 3aII0-
Biguuky Rafflesia Forest
Reserve, 19 rpynnsa 2019 p.;
¢oro spobneno M. Haga-
KaTUKSIHOM.

Among these, of our special interest is a species named R. pricei Meijer, 1984 found largely in
Sabah (Fig. 1). This remarkable plant thrives in humid, tropical climates, typically established in the
understorey of rainforests. It prefers well-drained, nutrient-rich soil, which supports the growth of
its host vines. The presence of shade is crucial as sunlight can be detrimental to its growth. Given
these conditions, R. pricei is particularly sensitive to environmental changes, making it vulnerable to
deforestation and habitat loss due to agricultural expansion and human encroachment. Conservation
efforts emphasise the importance of protecting not only this unique flowering plant but also its host
plants and the entire ecosystem in which it lives. In Sabah, all Rafflesia species, together with their
host Tetrastigma species, are listed under Total Protected Plants under the Wildlife Conservation
Enactment 1997 [Malabrigo et al. 2023].

Despite having one of the biggest single flowers produced by a plant (the mature flower of R. pricei
can reach a diameter of up to 30 centimetres), it is almost impossible to see when it is not blooming.
For most of its life the parasite lives inside its host in a very reduced form as a thread just a cell wide
[Nikolov et al. 2014; Nikolov & Davis 2017]. Eventually, a flower bud emerges, taking about nine
months to bloom, after which it lasts for only a few days. Precisely where the vines are, and the para-
sites inside them are, is largely unknown as Borneo’s forests are difficult to survey. Time and financial
constraints are preventing a comprehensive population survey in Sabah. Therefore, it is challenging
to establish protected areas to securely preserve Sabah’s national flowers, in particular the species
R. pricei.

Fortunately, recent decades have brought forth some practical tools for assessing population sta-
tus and risks over large areas, including habitat suitability model predictions [Renjana et al. 2022].
Amongst such are species distribution models (SDMs), which have become one of the most widely
used tools in ecology [Guisan & Zimmermann 2000; Guisan & Thuiller 2005; Rathore & Sharma
2023], and their use has been increasing over the last two decades [Hao et al. 2019]. The principle of
SDM:s is to relate species occurrences to environmental data in order to gain ecological insights [Elith
& Leathwick 2009]. This family of methods has gained a broad range of applications, including the
identification of areas for conservation and guiding the efforts to locate new populations of known
species of conservation concern [Fois et al. 2018]. The resulting habitat maps show areas where the
considered species is predicted to reside. This information is crucial for conservation efforts and se-
lecting suitable reserve locations.
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Therefore, considering the cryptic character and invisibility of R. pricei for much of its life, this
study is aimed to:

« Find the effective environmental factors that play roles in its distribution by using SDMs;

o Conclude where it is most promising to search for new populations, and find which current

areas could be turned into reserves to foster conservation of the species.

The results of this study can be used to enhance monitoring efforts and improve conservation-
based management and can help to inform and update the distribution of R. pricei in the future,
provide a deeper insight into the ecology of the species.

Materials and Methods
Study area

The Malaysian state of Sabah (73 904 km?) is located between latitudes 4°8’ and 7°22’ north of the
equator on the north-eastern tip of the island of Borneo. The western and eastern regions are divided
by the Crocker Range, which runs almost parallel to the west coast, extending from the southern end
of Marudu Bay in the north and southwards along the western part of the state to the border with Sar-
awak. The narrow western lowland plains contain areas of low, flat ground that is densely populated,
while eastern Sabah is characterised by low dissected hills, gentle slopes, and poorly drained flatland
and low-lying swampy zones that have been extensively logged and converted to permanent agricul-
ture where soil and terrain is suitable [Payne 1988].

According to Nais [2001], there are several populations of R. pricei in Sabah: Crocker Range,
Mount Kinabalu, Mamut Copper Mine area in Ranau, Langanan Waterfall area, Poring Hot Springs,
Bukit Lugas, Bukit Tunturugung near Bundu Tuhan, Ranau. This species was also found in Sarawak
and Brunei Darussalam. Till date, Sabah has been recorded to have the largest distribution of R. pricei
compared to other locations in Borneo [Lestari et al. 2020].

Occurrence records

The occurrence records of R. pricei were obtained from published inventory and expedition re-
ports, and information summarised in the Global Biodiversity Information Facility database [GBIF
2024]. These were supplemented by a field survey conducted in the Raftlesia Forest Reserve in De-
cember 2019, where several sites with wild specimens of the parasitic flowering plant are reachable
via hiking trails from the reserve’s information centre (05°46.64'N, 116°20.60'E). The record localities
were compiled into a CSV database (.csv).

Environmental datasets

Habitat data for species distribution modelling were obtained from previous research and down-
loaded from available websites using the ‘geodata’ R package [Hijmans et al. 2023] allowing to access
geographic data including climate, elevation, land use, soil, crop, species occurrence, administrative
boundaries, and other geospatial data.

We included to our research the Shuttle Radar Topography Mission digital elevation model
(SRTM30) [Farr et al. 2007] to capture fine-scale variations in terrain known to influence species
distributions. Particularly in rough terrain ecosystems, topographic features including aspect, slope
angle, and elevation above sea can affect site parameters like sunlight distribution, humidity, and
nutrient availability, each of which can be primary determinants of local species distributions, as well
as plant growth and mortality patterns [Hadley 1994]. Among the SRTM30 elevation features the
following were employed: eastness, elevation, northness, roughness, slope, the topographic position
index (tpi), and the terrain ruggedness index (tri).

Valuable insights into climate patterns were obtained from the Chelsa Bioclim+ climate data set,
a comprehensive and high-resolution dataset that offers a wide range of climate variables, including
standard bioclimatic variables featuring temperature and precipitation metrics like annual mean
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temperature, temperature seasonality, precipitation of wettest quarter, precipitation of driest quarter
and a diverse cluster of others [Brun et al. 2022]. We employed the following: mean annual air tem-
perature (biol), mean diurnal air temperature range (bio2), isothermality (bio3), temperature season-
ality (bio4), mean daily maximum air temperature of the warmest month (bio5), mean daily mini-
mum air temperature of the coldest month (bio6), annual range of air temperature (bio7), mean daily
mean air temperatures of the wettest quarter (bio8), mean daily mean air temperatures of the driest
quarter (bio9), mean daily mean air temperatures of the warmest quarter (biol0), mean daily mean
air temperatures of the coldest quarter (bioll), annual precipitation amount (biol2), precipitation
amount of the wettest month (bio13), precipitation amount of the driest month (bio14), precipitation
seasonality (biol5), mean monthly precipitation amount of the wettest quarter (biol6), mean month-
ly precipitation amount of the driest quarter (biol7), mean monthly precipitation amount of the
warmest quarter (biol8), mean monthly precipitation amount of the coldest quarter (biol9), mean
monthly climate moisture index (cmi_mean), accumulated precipitation amount on growing season
days (TREELIM) (gsp), mean temperature of the growing season (TREELIM) (gst), mean monthly
near-surface relative humidity (hurs_mean), net primary productivity (npp), mean monthly surface
downwelling shortwave flux in air (rsds_mean), mean monthly vapor pressure deficit (vpd_mean).

The information on edaphic characteristics also plays a crucial role in determining the suitable
locations for Rafflesia species to thrive and reproduce, as well as their susceptibility to environmen-
tal changes and disturbances [Siahaan et al. 2024]. Therefore, soil data was added to the research by
downloading data from the SoilGrids 2.0 source [Poggio et al. 2021]. SoilGrids 2.0 covers a wide
range of soil properties, of which we used (accounting for the depth interval of 5 to 15 cm): bulk den-
sity of the fine earth fraction (bdod), cation exchange capacity of the soil (cec), volumetric fraction of
coarse fragments (> 2 mm) (cfvo), proportion of clay particles (< 0.002 mm) in the fine earth fraction
(clay), total nitrogen (N) (nitrogen), soil pH (phh20), proportion of sand particles (> 0.05/0.063 mm)
in the fine earth fraction (sand), proportion of silt particles (= 0.002 mm and < 0.05/0.063 mm) in the
fine earth fraction (silt), soil organic carbon content in the fine earth fraction (soc), organic carbon
density (ocd).

In our work we specifically evaluated the effect of cloud cover frequency on predicting the poten-
tial distribution of R. pricei in Sabah. This is because cloud cover frequency can influence numerous
important ecological processes, including reproduction, growth, survival, and behaviour, yet the as-
sessment of its importance has remained remarkably limited [Wilson & Jetz 2016; Pacayan et al. 2019;
Gerstner et al. 2024]. We included the MODIS-derived mean annual cloud cover product [Wilson &
Jetz 2016], which integrates 15 years of twice-daily remote-sensing-derived cloud observations. For
our purpose we used: mean monthly cloud frequencies, their mean annual, inter- and intra-annual
variability, and the seasonal cloud concentration index.

All variables were employed at a spatial resolution of 30 arcseconds.

Disturbingly, correlations between environmental features can pose challenges in SDM develop-
ment, as highly correlated variables can lead to multicollinearity, which possibly can affect model per-
formance and interpretation [Brun ef al. 2020]. To avoid problems with multicollinearity and reduce
the dimensionality of predictor layers, we conducted a principal component analysis on the layers and
retained the predictor axes that cumulatively explained at least 70% of data variation [Stevens 1992],
which were used as new predictors. The use of PCA-derived variables is advised because, instead of
dropping variables, which may contain useful or interpretable information about the regional envi-
ronment, it allows summarising the broad axis of feature variation across the study area, favouring
both efficient prediction and interpretability [De Marco & Nobrega 2018; Velazco et al. 2019].

Species distribution modelling

The ‘flexsdm’ R (v. 3.3.3) modelling package [Velazco et al. 2022] was used for determining the
potential geographic distribution of R. pricei across Sabah. The choice fell on ‘flexsdm’ because of its
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high manipulation and parametrisation capacity based on different functions and arguments. These
attributes enable users to define a complete or partial modelling workflow specific for a modelling
situation.

Creating SDMs for such a poorly known species as R. pricei can be a difficult task because occur-
rence data is limited, which can lead to model overfitting. To address the issues associated with mod-
elling the spatial distributions of such species, Lomba et al. [2010] and Breiner et al. [2015] proposed
the method ‘ensemble of small models’ or ESM. ESM is a good choice for distribution modelling since
it minimises the model overfitting [Radomski et al. 2022], which is acceptable given the limited sam-
ple size of presence points available in this investigation. In ESM, many bivariate models are created
with pairwise combinations of each predictor variable, then an ensemble is performed. In ‘flexsdm,
the ensemble is created using the average of suitability across all of the ‘small models;, weighted by
Somers’ D [Somers 1962]. In our case we used three standard algorithms to model the distribution
of R. pricei: generalised linear models (GLM), generalised boosted regression models (GBM), and
support vector machines (SVM). We defined our model’s calibration area as a 5 km buffered area of a
minimum convex polygon around the presence points and randomly selected pseudo-absence loca-
tions. It has been suggested that random creation of pseudo-absences could be an appropriate strategy
to overcome the limitations of presence-only data sets [Chefaoui & Lobo 2008].

The ensemble predictions were evaluated with the continuous Boyce index [Boyce et al. 2002], one
of the most reliable presence-only evaluation metrics, not prone to overestimate the predictive power
of models built on a limited amount of data. It is continuous and varies between —1 and +1. Positive
values indicate a model that presents predictions that are consistent with the distribution of presences
in the evaluation dataset, values close to zero mean that the model is not different from a random
model, and negative values indicate counter predictions [Hirzel et al. 2006]. Values exceeding 0.9 can
be considered as evidence of excellent predictive performance. Final ensemble predictions were pro-
duced by averaging the models and weighting them according to the Boyce index.

Further we developed a predictive model for the whole of Sabah to obtain a distribution map of
the habitat suitability of R. pricei with management purposes. In this case, we use the extent of the
State of Sabah as our prediction area.

Model interpretability

A critical challenge in the adoption of machine-learning models is their inherent lack of interpret-
ability, often referred to as the ‘black box’ problem. Shapley Additive exPlanations (SHAP) [Lundberg
& Lee 2017; Lin & Gao 2022] represents a significant advancement in addressing this concern by pro-
viding a framework for understanding how models arrive at their predictions. SHAP offers various
advantages over other variable importance methods, including its model-agnostic nature. Leveraging
game theory concepts, SHAP provides a robust framework for variable importance attribution in
machine-learning models, despite the number of used variables. The SHAP value quantifies the mag-
nitude and direction of the variable’s influence on the prediction [Lundberg & Lee 2017; Lundberg et
al. 2018]. The R package ‘shap-values’ (https://github.com/pablo14/) in a modified version was used
to calculate SHAP values for selected models. A summary plot offers a comprehensive view of the
most influential variables in a model and ranks them based on their effect on the model’s predictions.
Also, the package can produce SHAP dependence plots, a model agnostic visualisation tool that helps
understand the relationship between a variable and the model’s prediction [Niemann et al. 2020]. In
other words, SHAP values can be integrated into global explanations such as variable importance, but
using a completely different from a range of widely applied so far variable selection methods [Bourhis
et al. 2023; Song & Estes 2023; Wadoux et al. 2023; Frazier & Song 2025].

In this work we apply a two-stage approach, where we first train our models using all the predic-
tors within each of the mentioned above categories: elevation features (SRTM30), bioclimatic features
(Chelsa Bioclim+), edaphic characteristics (SoilGrids 2.0), and MODIS-derived cloud cover, and
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calculate SHAP values for features within these groups to get a group-level importance score. Features
with the highest SHAP values are considered the most important. Further we choose to keep only
the top five most important within each group and discard the rest. In the following step we re-train
our model using only the selected predictors in an expectation that this can lead to a simpler, more
interpretable model with potentially improved performance by removing noise from less important
features. Once again, we rank the employed features based on their effect on the model’s predictions.

Maps of habitat suitability in the GeoTIFF format were processed and visualised in SAGA GIS
[Conrad et al. 2015]. Statistical data was analysed using the PAST software package [Hammer et al.
2001] and the R environment (https://www.r-project.org).

Results and Discussion
Important environmental factors that play roles in the distribution of R. pricei

Elevation features

In general, the genus Rafflesia has been discovered to grow in lowland and hill primary, over-
logged, and old secondary forests at altitudes ranging from 300 to 1600 m a.s.l. [Nais 2001]. Raffle-
sia pricei is reportedly found at elevations between 400 and 1300 metres in sub-mountainous hilly
forests. For instance, in 2016 a new locality of R. pricei was found in a montane forest, on a hillside
600 slope, at 1277 m a.s.l. [Lestari et al. 2020]. Willem Meijer [Meijer 1984] suggested that possibly
R. pricei prefers higher altitudes than the other species of Rafflesia. Using the ‘Add Grid Values to
Points’ tool in SAGA GIS, information easily can be extracted from the elevational grid data at given
specific occurrence locations. This shows that specimens of R. pricei in Sabah have been found at
elevations between 20.7 and 1600 m a.s.l., with an average of 1141 + 46 SE; however, around 62% of
known records have been made at locations lying between 1200 and 1400 m a.s.l. These findings align
with physico-geographical descriptions of low montane forests near Mount Kinabalu, the Crocker
Range and its surroundings in Borneo, dominated by a mix of dipterocarp and other broadleaf trees,
and where Tetrastigma leucostaphylum (Dennst.) Alston, a host for R. pricei, found for instance in the
Rafflesia Forest Reserve [Chung et al. 2012]. Typically, the vine is considered to grow between eleva-
tions of 600 and 1400 m a.s.l. [Rafigpoor & Nieder 2006; Wahab et al. 2021].

After the original values from the input data have been replaced by its SHAP values, passing the
matrix of SHAP values to the bar plot function of the package ‘shap-values’ creates a global feature
importance plot, where feature importance is calculated by averaging the absolute SHAP values for
each feature across all predictions. This provides a measure of how important each feature is on aver-
age for all predictions (Fig. 2). The further a value is from zero, the more influence it will have on the
prediction, whereas values near zero will have less of an impact on predictions. In this case top five
elevation features have been ranked in the following order: elevation [0.1906], roughness [0.0053],
terrain ruggedness index (tri) [0.0050], slope [0.0037], topographic position index (tpi) [0.0020].
Figures in square brackets are averaged absolute SHAP values. These results indicate that elevation is
indeed the most important factor in this analysis, with an averaged absolute SHAP value of 0.1906.
This value is significantly higher than the other elevation features considered, suggesting that eleva-
tion plays a dominant role in shaping the R. pricei habitat and influencing the processes favouring or
supressing the species.

Analysis of the corresponding SHAP dependence plot points out that the impact of elevation on
the model’s predictions follows a non-linear pattern. A locally weighted scatterplot smoothing (us-
ing the ‘smoothing spline’ module in PAST) indicates a global trend, peaking at an elevation of 1275
metres. This suggests that the influence of elevation on the model’s output is most pronounced around
this specific altitude.

However, it is important to note that the other factors, while less influential based on the SHAP
values, still contribute to the overall picture. Roughness, terrain ruggedness index, slope, and topo-
graphic position index all have non-negligible impacts, albeit to a lesser degree than elevation, but
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each provide valuable information about the complexity and variability of the landscape, which can
be crucial for various applications such as hydrological modelling, ecological studies and geomor-
phological analysis of the R. pricei habitat. A deeper understanding of the underlying relationships
between these factors and the outcome of interest would require further investigation.

Bioclimatic features

Climate is a core aspect of a species’ niche, and climate-based SDMs should therefore be useful
tools for assessing the suitability of different locations for species [Abdulwahab et al. 2022].

Rafflesia pricei exhibits a strong preference for Southeast Asian locations with well-established
tropical rainforest ecosystems. These ecosystems are characterised by consistently high temperatures,
high humidity, and regular precipitation, the conditions that are pivotal for the successful growth and
development of the host vines upon which the parasite is obligately dependent.

As mentioned, we chose the bioclimatic variables provided by CHELSA. One key reason for such a
selection is that the underlying algorithm for composing this data set incorporates orographic predic-
tors, which perform well in predicting important factors modified by elevation [Karger et al. 2020].
This is significant because elevation proved to be a leading variable amongst the considered elevation
features.

Once again, using the SHAP framework for elucidating variable importance attribution in ma-
chine-learning models, top five bioclimatic features have been ranked in the following order (Fig. 3):
mean monthly climate moisture index (cmi_mean) [0.0494], mean daily mean air temperatures of the
wettest quarter (bio8) [0.0158], annual precipitation amount (bio12) [0.0147], precipitation amount
of the wettest month (bio13) [0.0070], mean monthly precipitation amount of the wettest quarter
(bio16) [0.0067]. As previously, averaged absolute SHAP values are in square brackets. In this row,
the SHAP value furthest from zero, with a considerable magnitude, corresponds to the mean monthly
climate moisture index, highlighting its significant and overwhelming influence on the prediction in
terms of the considered bioclimatic variables.

The climate moisture index is a key variable that provides valuable information about water avail-
ability and is calculated as the difference between precipitation and potential evapotranspiration
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Fig. 3. Bar plot of global Chelsa Bioclim+ feature
importance based on the mean absolute magnitude
of the SHAP values: cmi_mean (mean monthly cli-
mate moisture index), bio8 (mean daily mean air
temperatures of the wettest quarter), biol2 (annual
precipitation amount), biol3 (precipitation amount
bio12- of the wettest month), biol6 (mean monthly pre-
cipitation amount of the wettest quarter); value =
mean absolute SHAP values.

Puc. 3. CroBnuacta giarpamMa Ba>KIMBOCTI ITIO-
6anpHux o3Hak Chelsa Bioclim+ Ha ocHOBI cepep-
HbOro abcomorHoro 3HadeHHs Illerrii: cmi_mean
(cepenHiit MicsTaHMIT iHAEKC KTIMaTHYHOI BOTIOTOC-
i), bio8 (cepenus moboBa cepenHs TeMmmepaTypa
IOBIiTpsA HAJBOJIOTIIIOTO KBapTaly), biol2 (piuna
bio16- KiZnbKicTb omazis), biol3 (kinbKicTb omazis HalBO-
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[Hogg 1997]. Positive values indicate that precipitation exceeds the amount of water that could po-
tentially evaporate, suggesting sufficient moisture availability. The corresponding SHAP dependence
plot reveals a non-linear relationship between the index and the SHAP values. Specifically, high initial
index values are associated with a substantial increase in SHAP values. However, this trend reverses
around 160 kg/m?/month, after which SHAP values begin to decrease.

In general, there appears to be an emphasis on moisture factors. While temperature (bio8) is in-
cluded, the prominence of variables directly or indirectly related to moisture suggests its highly sig-
nificant role in the model’s predictions. Indeed, in the tropics, rainfall has a more significant effect
because it varies greatly in amount and in seasonal distribution, while temperature has largely insig-
nificant seasonal variation [Kedri et al. 2018].

Moisture plays a crucial role in the growth and survival of Tetrastigma, the host vine of R. pricei.
Moisture is a critical factor for the health and survival of Tetrastigma vines, therefore adequate mois-
ture levels ensure proper growth, nutrient uptake, and overall vigour, which are essential for support-
ing the parasite. Fortunately for Rafflesia, vines are one of the best sources of water. Vines move mas-
sive quantities of water, which may be one of the physiological reasons that Rafflesia colonise them,
suggests in an interview Charles Davis, professor of evolutionary biology at Harvard University [Shaw
2017]. The flowers mostly consist of water themselves and the exponential growth of the blooms in
the final stages of development is made possible ‘primarily by pumping massive quantities of water
into the flower; says the professor.

However, excessive moisture is likely to create a range of problems, including root rot, nutrient
leaching, and increased disease susceptibility. As indicated by the curvilinear behaviour of the SHAP
dependence plot, maintaining a balance of moisture is essential for the health of the Tetrastigma vine
and, consequently, for the survival of R. pricei.

Edaphic characteristics

As said, Rafflesia species are parasitic plants that rely entirely on their host plants for survival.
The genus Tetrastigma is a common host for Rafflesia, and the edaphic characteristics of the soil
where these host plants grow are destined to play a crucial role in the success of the intricate parasitic
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based on the mean absolute magnitude of the SHAP
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o earth fraction (silt), organic carbon density (ocd),
proportion of clay particles in the fine earth frac-
tion (clay), total nitrogen (nitrogen); value = mean
absolute SHAP values.
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relationship [Siahaan et al. 2024]. Tetrastigma species are commonly found growing in the hillsides
and valleys of shady and moist primary rainforests [Lianah et al. 2015]. These vines typically prefer
well-drained soils with a loamy texture [Wahab et al. 2021a], which provide a good balance of water
retention and aeration, essential for the healthy growth of the host plant.

Employing the SHAP framework for feature importance analysis in machine learning models, the
top five influential edaphic variables were ranked as follows (Fig. 4): soil organic carbon content in the
fine earth fraction (soc) [0.0401], proportion of silt particles in the fine earth fraction (silt) [0.0341],
organic carbon density (ocd) [0.0060], proportion of clay particles in the fine earth fraction (clay)
[0.0044], and total nitrogen (nitrogen) [0.0033]. The averaged absolute magnitude of the SHAP values
for each feature is presented in square brackets.

This information provides important insights into the key edaphic factors driving ecological pro-
cesses in the investigated environment. Saying specifically, soil organic carbon (soc) is considered a
significant contributor to soil water retention [Ramirez et al. 2023] and heavily influences soil fertility
[Bagwan et al. 2023; Singh et al. 2016]. An analysis of the corresponding SHAP dependence plot indi-
cates that the impact of soil organic carbon on the model’s predictions follows a bell-shaped pattern,
reaching a maximum of around 66 g/kg. This can be considered a high concentration as far as the
global average of soil organic carbon content is significantly lower, typically ranging from 10 to 30 g/
kg. It is pertinent to note here that tropical forests, in particular, store up to 32% their carbon in the
soil [Pan et al. 2011].

In another methodologically related paper soil organic carbon was found to be the most important
modelled biophysical variable affecting the occurrence of the host plants of R. arnoldii on Sumatra
[Renjana et al. 2022]. In this ecosystem, likely due to the relatively dense canopy cover, the vegetation
creates a warm and moist microclimate, accelerating litter decomposition [Wang et al. 2010], which
may enhance the accumulation of soil organic carbon.

The corresponding feature importance analysis also strongly points towards the soil texture, par-
ticularly the presence of silt, which is believed to play a crucial role in determining water and nutrient
availability [Lal 2020], which prevents waterlogging, root damage, and decaying.
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MODIS-derived cloud cover

As is the case with all tropical regions, our study area is affected by persistent cloud cover, which
during a high cloud-cover season can be considerably blanketed by clouds, compared to a low cloud-
cover season [Perbet et al. 2019].

Using the SHAP framework for exploring variable importance attribution in machine-learning
models, top five features in this category of predictors representing mean monthly cloud frequen-
cies have been ranked in the following order (Fig. 5): September (mean09) [0.0415], July (mean07)
[0.0161], May (mean05) [0.0108], February (mean02) [0.0056], and August (mean08) [0.0046]; aver-
aged absolute SHAP values are in square brackets.

Among the MODIS-derived cloud cover variables, the mean monthly cloud coverage for Sep-
tember exhibited the greatest influence on the prediction, as indicated by its SHAP value with a pro-
found absolute magnitude in this row. The nature of this influence is not clear, but perhaps could be
linked with its transitional character in Sabah, Malaysia, falling between the southwest monsoon
(May to September) and the northeast monsoon (November to March). September marks the end of
the southwest monsoon, which is generally associated with increased rainfall and cloud cover. The
northeast monsoon is the primary source of rainfall during this period and is essential for maintain-
ing the high levels of humidity and soil moisture that support the rich forest ecosystems housing the
Tetrastigma and Rafflesia species. Possibly, conditions in September play a crucial role in setting the
stage for the arrival of the corresponding monsoon, however this is only an assumption.

In the second phase of our approach, we re-train our model using only previously selected vari-
ables, five from each pool of environmental predictors, i.e. elevation and bioclimatic features, edaphic
characteristics, cloud cover, and ranked the employed features based on their effect on the model’s
predictions in terms of the SHAP approach. The top five appeared in the following order (Fig. 6):
mean daily mean air temperatures of the coldest quarter (biol1) [0.0318], mean monthly cloud fre-
quency for September (mean09) [0.0229], elevation [0.0185], mean monthly cloud frequency for Au-
gust (mean08) [0.0136], and precipitation amount of the driest month (bio14) [0.0125]. SHAP values
are in square brackets. Surprisingly, soil properties were entirely absent from the five most significant

mean09-

mean07-

Fig. 5. Bar plot of global MODIS-derived cloud
cover feature importance based on the mean abso-
lute magnitude of the SHAP values: mean monthly
cloud frequencies for September (mean09), July
(mean07), May (mean05), February (mean02), Au-
gust (mean08); value = mean absolute SHAP values.
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MIOTHOI Benn4yHM 3HadeHb [lleni: cepenni Micavni
JaCcTOTY XMapHOCTI 3a BepeceHb (mean09), mumeHb
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cepriens (mean08); value = cepenui abcomoTHi 3Ha-
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Puc. 6. CroBryacra fiarpaMa 17106a1bHOI BOXXIMBOCTI 03HAK Y MOZIeNi 3 BUKOPUCTAHHAM JIMIIe TOIepeTHbO
BifjibpaHnx 3MiHHUX: CepefHs J0O0Ba TeMIlepaTypa IOBiTpst HalixonoaHimoro kBaprany (bioll), cepents mi-
CSIYHA YacTOTa XMApHOCTi 3a BepeceHb (mean09), BucoTa Haj, piBHEM MOps, KiIbKiCTh ONafiiB HaMCyXilIoro
micsans (biol4), kinpkicTs onaais HaitBosorimoro micsans (biol3), cepenHs MicsiYHa YacTOTa XMAPHOCTI 3a JIU-
enb (mean07), cepefHs MiCsIYHA 9aCTOTa XMapHOCTI 3a TpaBeHb (mean05), cepepHs f060Ba MiHIMaIbHa TeM-
HepaTypa HOBITps HalixomoaHimoro micsus (bio6), cepefHs MiCsYHA 4YaCTOTAa XMApPHOCTI 3a moTuit (mean02),
BMICT OpraHi4HOrO BYIVIEL[I0 B IPYHTi (SOC), HEPIiBHICTb MICLIeBOCTI, cepefHs piuHa TeMIeparypa MOBITps
(biol), 3arajpHmit BMicT asory (N) (a30T), yacTKa IIMHMCTMX YacTMHOK (clay), 9acTka My/IMCTUX 4aCTUHOK
(silt), minpHicTs Opraniuxoro Byrerio (ocd), iHmexc TonorpacgivyHoro moaoxKeHHs (tpi), iHAEKC mepeciyeHoCTi
penbedy (tri), Haxw; value = cepenni abcomtorHi 3Havenns Hlemi.

predictive factors. For instance, soil organic carbon content, ranking eleventh in the row of twenty
predictors, accounted for just 3.4% of the influence seen from the coldest quarter’s mean daily air
temperatures (see: Fig. 6).

Because Sabah experiences a tropical climate, meaning relatively consistent warm temperatures
throughout the year, this circumstance inherently reduces the extreme variations one might see in
temperate climates. Accordingly, the overall difference between the ‘coldest’ and ‘warmest’ quarters is
generally not as drastic as in regions with distinct seasons, although subtle variations do occur. There-
fore, even more unexpected is the profound significance of the mean daily mean air temperatures of
the coldest quarter. In this respect elevation must play a crucial role in temperature variations. Higher
elevations, such as those in the mountainous regions of the Crocker Range and areas surrounding
Mount Kinabalu, experience significantly cooler temperatures compared to coastal areas, especially at
night. This means that while coastal areas may have relatively small differences between the warmest
and coldest quarters, highland areas will have larger differences in temperature ranges. Information
found in published sources indicate that within the Crocker Range, such as in Gunung Alab, daily
temperature ranges of 13-25°C [Nainar et al. 2022]. This shows that there is a large swing in daily
temperatures, which would also lend to larger swings in quarterly temperatures. Analysis of the cor-
responding SHAP dependence plot shows that the impact of coldest quarter’s temperature on the
model’s predictions can be described by a horizontal trend followed by a steep descent after reaching
the mean quarterly day temperature of about 22 °C, above which SHAP values quickly drop to zero
and negative figures.
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The coldest quarter’s temperature likely acts as an indicator of broader seasonal changes, even
if those changes are subtle. It might correlate with shifts in rainfall patterns, humidity, or sunlight,
which collectively influence vegetation. The model might be picking up on this broader environ-
mental signal through the coldest quarter’s temperature. Ultimately, the importance of this variable
is determined by its contribution to the model’s predictive power. The fact that it ranked as the most
important predictor suggests that it provides valuable information for understanding and predicting
vegetation patterns in this mid-altitude zone of Sabah.

In more specific terms analysing the daily mean air temperature of the coldest quarter could pos-
sibly give a better understanding of the ecological requirements of R. pricei and its Tetrastigma host.
As already mentioned, Rafflesia has a very unusual and complex life cycle, entirely dependent on its
Tetrastigma host. It exists as a parasitic form within the host, only producing its massive flowers at
certain times. The environmental cues that trigger flowering are still not fully understood, but tem-
perature fluctuations, even subtle ones, could play a role. The coldest quarter’s temperature might be
one of the factors that influence the timing of Rafflesia’s flowering, affecting its reproductive success.
Tetrastigma vine’s health and vigour are crucial for Rafflesia’s survival. If the host vine is stressed due
to temperature variations during the coldest quarter, it could negatively impact Rafflesia’s develop-
ment and flowering. The coldest quarter’s temperature might affect the vine’s physiological processes,
such as photosynthesis and nutrient uptake, indirectly influencing Rafflesia. Both the parasite and
host might have specific temperature requirements or tolerances for optimal growth and reproduc-
tion. The mean daily mean temperature of the coldest quarter could be a critical factor determining
whether these requirements are met. Even slight deviations from their preferred temperature range
could affect their survival and distribution. The impact of temperature on Rafflesia and Tetrastigma
could be intertwined with other environmental factors, such as rainfall, humidity, and sunlight. The
coldest quarter’s temperature might interact with these factors to create a specific microclimate that
influences Rafflesia’s development and flowering. Along with that a non-seasonal flowering pattern
seems to be characteristic of Rafflesia species in general and the blooming period depends on the
individual bud’s development cycle, which can vary significantly, but here, not everything is clear yet
as far as in some species flowering appears to be seasonal [Hidayati et al. 2016].

Rafflesia flowers are pollinated by flies (Diptera: Brachycera), attracted by their carrion-like scent.
For instance, species of the genera Lucilia and Chrysomia were reported to be pollinators of R. pricei
[Beaman et al. 1988]. The activity of these pollinators is likely influenced by temperature. Cooler
temperatures during the coldest quarter might affect the flies’ behaviour, potentially impacting Raffle-
sia’s pollination success. In this respect, as exemplified by the species R. tuan-mudae, the ability of
Rafflesia flowers to generate internal heat [Patifo et al. 2002] could be seen as an adaptation not only
to enhance the dispersal of the flower’s pungent odour but also create a favourable microenvironment
within the central floral chamber that allows visiting pollinators to operate at a lower metabolic cost
[Shaw 2017].

Considering these factors, it is possible that the mean daily mean air temperature of the coldest
quarter plays a significant role in the ecology of R. pricei and its Tetrastigma host. It could influence
the timing of flowering, the health and vigour of the host vine, and even the activity of pollinators.
Further research specifically focusing on the temperature requirements and tolerances of these spe-
cies would be needed to confirm these hypotheses.

In addition, we consider it might be important to give a brief mention of the El Nifio phenomenon,
which significantly influences the climate in Sabah, particularly during the December to February
period, and which aligns with the northeast monsoon season and the coldest quarter of the year. El
Nifno has had a significant impact on Malaysia, particularly in Sabah and Sarawak, causing hot and
dry weather [Thirumalai ef al. 2017; Kemarau & Eboy 2021], leading to significantly higher daytime
temperatures in Sabah, often exceeding 35 °C. These effects of temperature, though currently fairly
irregular, could perhaps negatively affect the well-being of Rafflesia species and its vine host.
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Model performance evaluation

From various sources we had at our disposal 57 occurrences scattered across northern Borneo,
after excluding duplicate records and those outside of Sabah, 39 georeferenced occurrences were left
for the modelling.

The results of the performance evaluation of the ESMs constructed based on different modelling
techniques are shown in Table 1. The SVM algorithm produced the highest values (mean 0.988 +
0.003 SE), while GLM had the lowest (mean 0.959 + 0.001 SE), with a statistically significant differ-
ence (p < 0.05). Because of their excellent predictive performance, all produced models were subse-
quently employed in the construction of a weighted ESM. This was done despite the published fact
that the use of different modelling techniques within an ESM framework was shown not to improve
performance significantly [Breiner et al. 2015]. Nonetheless, we consider that other basic ideas in
this case should also be taken into account, such as that different algorithms may capture different
aspects of the species—environment relationship due to their varying assumptions and methodologies
[Peterson & Soberdn 2012].

Table 1. Ensembles of small models (ESM); accuracies of performance are given by the continuous Boyce
index

Tabnuys 1. Aucam6ni manux mopeneit (AMM); oliHKM TOYHOCTI MOJIe/Teil 3a3HaYeHi Oe3nepepBHUM iHeK-
coMm boiica

Ensembles of Elevation features Bioclimatic features Edaphic characteristics | MODIS-derived cloud
small models (ESM) (SRTM30) (Chelsa Bioclim+) SoilGr ids 2.0) cover
GLM* 0.959 0.955 0.962 0.958
GBM 0.976 0.989 0.966 0.978
SVM 0.993 0.991 0.979 0.987

* GLM: generalised linear models; GBM: generalised boosted regression models; SVM: support vector machines.

Mapping habitat suitability and identification of conservation areas

Model outputs were used to map habitat suitability throughout Sabah (see: Fig. 6). Regions that
have the value more than 0.5 are indicative of those regions which accommodate more suitable habi-
tats for the considered species, while the value less than 0.5 are indicative of the opposite [Renjana et
al. 2022; Tsegmed et al. 2023].

The predicted highly suitable habitats (i.e. > 50%) of R. pricei cover, in total, an area of around 2160
sq. km scattered across 83 patches within the administrative unit, comprising a mere 3% of Sabah’s
territory. In truth, it must be said that more than 70% of these patches of projected high suitability
are each in size of less than one tenth of a square kilometre, suggesting that the highly specialised
ecological requirements of the parasite can hardly be met within such a small-scale area. So, for ex-
ample, because R. pricei relies entirely on its host vine, Tetrastigma spp., for survival, ‘patch’ viability is
more about the health and extent of these host vines. In smaller, isolated patches, the distribution and
health of Tetrastigma vines are disrupted, reducing the availability of suitable hosts. A viable Raffle-
sia population likely needs a continuous network of Tetrastigma vines, perhaps of an area of several
square kilometres. In essence, the futility of undersized patches is underscored by the ongoing pro-
cesses of shrinking and fragmentation of rainforests, which are directly jeopardising the survival of
Rafflesia by destroying their core habitat and disrupting their delicate ecological balance [Malabrigo
et al. 2023]. In this respect perhaps an account also should be taken of the creation of ‘edge effects,
where the conditions at the forest edge differ significantly from the interior [Magnago et al. 2015;
Qie et al. 2017]. These edge effects can be detrimental to any species that thrive in the stable, interior
conditions of the rainforest, which, however, sooner or later, find themselves, for varying reasons, to
occur in small forest patches that are subjected to instability and may not be sufficient to support their
livelihood.

Given that the predicted highly suitable habitat for R. pricei is fragmented across numerous patches
representing a small fraction of Sabah’s land, prioritising the search for new populations should focus
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on exploring areas associated with existing highly suitable patches and within the same or nearby el-
evational and environmental ranges. Furthermore, the identification of potential reserve areas should
concentrate on consolidating clusters of these highly suitable patches, particularly those exhibiting
the largest contiguous areas and connectivity, to maximise conservation effectiveness and long-term
viability of the species. In these terms it is most promising to search for new populations and find
which current areas could be turned into reserves to foster conservation of the species by focusing on
the largest projected contiguous area of habitat suitability located between longitudes of 115.89° and
116.69°E, and latitudes of 5.25° and 6.04°N (Fig. 7).

This area covers of around 1400 sq. km and comprises approximately 65% of predicted by the SDM
highly suitable habitats of R. pricei in Sabah. While this region represents the largest and most prom-
ising concentration of predicted highly suitable habitat, it is important to acknowledge that not every
part of this extensive area will be uniformly suitable, but it undoubtedly holds the greatest potential
for discovering new R. pricei populations and identifying key areas for targeted conservation efforts.

This significant contiguous area of high habitat suitability for R. pricei falls within the broader
context of the ‘Heart of Borneo' (HoB) initiative, a transboundary conservation agreement aimed
at protecting the biodiversity and rainforests of Borneo [Sloan et al. 2019] (Fig. 8). Recognising this
overlap presents a compelling opportunity to integrate R. pricei conservation efforts within the larger
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Fig. 7. The ensemble model output used to
map habitat suitability for Rafflesia pricei
throughout Sabah; colours show potential
habitat suitability ranging from high (red)
to low (blue); (1) the capital city of Kota
Kinabalu; (2) Mount Kinabalu.
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HoB framework, potentially leveraging existing conservation strategies, funding mechanisms, and
collaborative partnerships already established within this ecologically critical region. The HoB has
been particularly successful in Sabah, where it covers 54% of the state’s territory and is acknowledged
within the Sabah Biodiversity Strategy [Sabah... 2012]. Furthermore, focusing conservation efforts
within this core area aligns strategically with the HoB’s goals of maintaining large, interconnected
forest landscapes essential for the survival of numerous endemic and endangered species, including
R. pricei.

Conclusions

In conclusion, while various environmental factors contribute to the habitat suitability of R. pricei,
this analysis highlights the significant and sometimes surprising influence of specific variables. Eleva-
tion and the mean daily mean air temperature of the coldest quarter emerged as particularly impor-
tant predictors, underscoring the complex interplay of topographical and climatic conditions in shap-
ing the distribution of this unique parasitic plant. Further research into the specific eco-physiological
responses of R. pricei and its host to these key environmental factors, presumably also in the context
of phenomena like El Niflo, is crucial for effective conservation strategies.

In summary, species distribution modelling proves to be an invaluable tool in identifying and
quantifying the fragmented yet critical habitats of R. pricei. By revealing that highly suitable areas are
scattered and often undersized, the modelling underscores the pressing need for focused conserva-
tion efforts. Specifically, it directs attention towards exploring regions associated with existing and
projected suitable patches and consolidating larger, interconnected habitat clusters, notably within
the strategic framework of the ‘Heart of Borneo’ initiative. This targeted approach, informed by SDM
insights, offers the most efficient pathway for discovering new R. pricei populations and establishing
robust, long-term reserves essential for the survival of this unique species and the preservation of its
vulnerable rainforest ecosystem.
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