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ABSTRACT
Habitat loss is a critical threat to most endangered species.

Defining the extent of

remaining suitable habitat for a species to occur is a key issue in ecology and conservation,
as it can identify critical areas requiring protection or conservation intervention.
Eld’s deer R.e. siamensis, previously thought to be extinct, was only recently re-discovered
in Cambodia.

Known populations occur on the periphery of if its’ historical range,

inhabiting dry dipterocarp forest which is poorly represented in the southeast Asian region,
and susceptible to conversion for agricultural land. Classified as Endangered, the species is
in decline due to hunting and habitat loss, it is therefore important to identify the potential
remaining habitat that is suitable for the persistence of this species.
Statistical models are increasingly being used to predict species distribution and suitable
habitat by modeling the environmental variables that provide the conditions for a species to
occur. This study has employed the method of maximum entropy to estimate the extent of
suitable habitat for two populations of siamensis in the northwest and northern provinces of
Cambodia. The study used observation records collected during fieldwork in 2009 and
provided by the Royal Government of Cambodia and the Wildlife Conservation Society Cambodia (WCS) for 2000 to 2007. Environmental variables were derived from satellite
imagery (climate, altitude, vegetation indices) and vector maps provided by WCS (roads,
villages, rivers).
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INTRODUCTION

Defining the distribution or likely occurrence of a species is a key issue in ecology and
conservation, providing a basis to guide field studies, characterize habitats for species
survival (Anderson et al., 2009; Santos et al., 2009), prioritize areas for species reserves or
species reintroduction (Thorn et al., 2009), estimate species populations size (Long et al.,
2008), differentiate ecological and geographic elements of closely related species (Sattler et
al., 2009) and predict species distributions under changing climatic conditions. However,
detailed information on the presence or absence of a species is often lacking, with
collection of field data constrained by time, logistics or finances.

The use of statistical

models to estimate a species distribution has become increasingly important and a wide
range of methods have been developed to facilitate this process through a mechanistic or
correlative approach (Guisan & Zimmermann, 2000; Pearson, 2007). Mechanistic methods
use cause-effect relationships, incorporating physiological factors that limit a species
distribution i.e. physiological responses to environmental factors may include frost damage
or reduced reproductive success (Guisan & Zimmermann, 2000). Correlative methods are
more commonly used, as detailed understanding of a species response to environmental
factors is not required. Correlative models aim to quantify the relationship between species
occurrence and the spatial distribution of environmental conditions that affect the species
physiology and persistence and are key to the species-habitat association (Hirzel et al.,
2006).
Species distribution modeling is based on ecological niche theory, Hutchinson (1957)
defined the 'physiological tolerance range of an organism to abiotic factors', i.e. the
environmental conditions, excluding biotic factors, within which a species can survive and
persist as its ‘fundamental niche’. Biotic interactions may restrict a species from occupying
part of its’ niche directly (predation, competition) or indirectly (depletion of a common
resource), the resulting niche is defined by Hutchinson (1957) as the ‘realised niche’
(Pulliam, 2000; Guisan & Thuiller, 2005). The actual distribution, or occupied niche, of a
species is further influenced by historical factors, geographic barriers, lack of connecting
habitat or distance to suitable habitat patches that can prevent a species dispersing and
occupying its niche i.e. suitable habitat is not populated.
Species distribution modeling determines a species’ ecological niche through the
relationship between observed species locations and the environmental parameters that
restrict or drive a species distribution and abundance, which are assumed to be static and at
1

equilibrium (Hirzel & Le Lay, 2008).

The strength of the predicted distribution or

suitability probabilities are dependent on the ecology of the species, local constraints and
historical events, i.e. a species distribution model using current variables and observed
locations may not take account of species that have already been extirpated from their
preferred habitat or are at the edge of their tolerable range.
Due to the lack of detailed data, distribution modeling has historically relied heavily on the
use of herbarium and museum collections for occurrence records. Such data is often biased
towards settlements, areas of easy access and ‘collectable curiosity’ (Willis et al., 2003;
Samways & Grant, 2007) and lacking in quantitative location references and absence data.
To address these problems, models have been developed to use presence-only data,
environmental background data or pseudo-absences and have incorporated the use of
remote sensing data and Geographic Information Systems (GIS) to quantify habitat
suitability parameters (Boyce et al., 2002; Guisan & Thuiller, 2005; Elith et al., 2006).
1.1

Aims and objectives

The aim of this research was to identify potential areas of habitat suitable for the
endangered species Eld’s deer Rucervus eldii siamensis in Cambodia, and improve
understanding of the environmental variables that determine this habitat, and thus
contribute to improving the understanding of this species for conservation efforts.
The objectives of the study were to:


Develop a habitat suitability model using the theory of maximum entropy
formalised in the species distribution tool Maxent, and presence-only data.



Identify environmental variables associated with suitable habitat through
investigation of presence-only records obtained from fieldwork and information
extracted from maps and remote sensing data.



Investigate the predictive power of the habitat suitability model against presence
data recorded elsewhere in Cambodia.



Map suitable habitat for Eld’s deer in Cambodia, from which recommendations for
conservation actions can be identified, including guiding areas for further research,
requirement to undertake population studies and engagement of local communities
in conservation efforts.

2

This study provides a quantitative assessment of habitat suitability for a poorly studied
species, globally threatened due to habitat loss. The use of freely available remote sensing
data and software in this study will enable repeat assessments to be conducted in-country
by conservation practitioners and national authorities responsible for wildlife management.
1.2

Thesis structure

Section 2 presents an overview of habitat suitability modeling, details steps for model
evaluation and presents an introduction to the species (Eld’s deer, Rucervus eldii siamensis)
and study area.
Section 3 details the methodology of the study, presenting techniques used to collect
presence-only data and environmental variables in the field and data extracted from remote
sources including satellite imagery (section 3.1). Section 3.2 describes the methods used
for building the habitat suitability model and data analysis.
Section 4 presents the results of the models developed in the study. The model predictions
are set in the context of previous research, and the limitations and potential application of
habitat suitability modeling to the conservation of Eld’s deer discussed in Section 5.

3
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BACKGROUND

Species distribution models predict the species niche by deriving statistically or theoretical
correlations between observed habitat use and distribution with existing environmental
conditions or predictive variables that exert direct or indirect effects on a species (Hirzel et
al., 2002; Guisan & Zimmermann, 2000).
The variety of methods available to model habitat distributions follow similar principles
(Figure 2.1), the area of study is modeled as a map of adjacent cells, a set of sampled
locations provide presence/absence data (dependent variable), independent predictor
variables describe a characteristic for each cell (soil type, altitude, vegetation cover etc.)
and a function of the predictor variable is calibrated to describe whether the cell is suitable
or unsuitable.
Map known species occurrence &
known absence locations (if applicable)

Collate
environmental
variables

Generate predictor variables
important in defining species
distribution & scale

Apply
modelling
algorithm

Model calibration;
test importance of
alternative variables

Test predictive
performance

Create map of
current
distribution

Project species
distribution
temporally and
spatially

Test prediction
against
observed data
Figure 2.1
2007.

Process for building and validating a habitat suitability model. Adapted from Pearson,

Distribution modelling assumes that environmental conditions recorded at locations of a
species presence or absence are representative of the study area, independently describe the
characteristics of the area at a defined scale and optimally reflect the limiting factors,
disturbances and resources that have a direct physiological and behavioral importance to
species distribution (Guisan & Thuiller, 2005). Collection of such data in the field is often
labour intensive, time constrained or financially expensive and is often lacking particularly
in high-biodiversity areas (Tsoar et al., 2007). Distribution modeling practitioners have
therefore incorporated the use of remote sensing data, including vegetation indices,
temperature, precipitation, topography and soil type, which can be used to characterize land
4

surfaces, providing detail at a resolution that would be unfeasible in the field. Remote
sensing has been increasingly applied to monitor climate and land use change, predict
terrestrial and marine species distributions (Tittensor, et al., 2009).
Despite being an important resource, the use of remote data can be limited by the resolution
that it is acquired at, and by the frequency and distribution from which information is
interpolated i.e. large scale patterns may be influenced more by climate, whilst fine scale
localized distribution patterns may be influenced by habitat fragmentation and microtopographic variation.

The limitations and influence of resolution on the interactions

between a species and its’ environment and subsequent predicted distributions should
therefore be considered i.e. modeling the distribution of a species that it is sensitive to
micro-variation may be poorly represented if coarse scale data is utilized.
2.1

Habitat suitability modeling techniques

A variety of statistical techniques are available to model the relationship between a species
and it’s environment including multiple regression, neural networks, Bayesian methods,
locally weighted approaches, environment envelopes and maximum entropy distribution.
These can be split in to broad categories based on how the data is treated:


Non-parametric techniques that model the empirical behavior of a species response
(presence/absence) to environmental variables (e.g. GAMs, regression trees, neural
networks)



Parametric trends of species presence/absence response (e.g. GLM)



Presence data used to model complex relationships with predictor variables (e.g.
BIOCLIM, DOMAIN, Maxent)



Geographic position of presence data used to develop predictions in neighboring
locations (e.g. spatial interpolation).

The different approaches available, and use of presence-absence or presence-only data,
result in differing abilities to model the response to predictor variables and usefulness in
surmising relationships. In comparative studies, greater model accuracy was reported with
species that are rare due to environmental or geographic restrictions (low area of occupancy
and narrow extent of occurrence), or specialists with high environmental marginality and
low tolerance. The environmental conditions required by common or generalist species are
more difficult to predict due to the variety of environments that they are able to adapt to.
Other studies have considered the influence of model performance with varying spatial
5

resolution and species distribution patterns (Brotons et al., 2004; Segurado & Araujo, 2004;
Elith et al., 2006), sample size (Phillips et al., 2009; Franklin et al., 2009), sampling
strategy (Hirzel & Guisan 2002) and threshold sensitivity (Liu et al., 2005).
Presence-only modeling is a relatively new method for predicting species distributions and
habitat suitability. There are less comparative studies of the different methods than in the
more established presence-absence field, and few studies that evaluate predictions using
independent test data. Existing studies have reported good predictive performance using
partitioned data, but lack an evaluation on whether this is also due to over-fitting of data.
Elith et al. (2006) has undertaken the most comprehensive comparison and evaluation of
modeling techniques to date for both presence-absence and presence-only data sets, and
indicted that presence-only models can provide accurate predictions, despite the lack of
absence data. Maxent, a model developed specifically for applying distribution modeling
to presence-only data, was shown to perform well particularly in comparison to more
established methods using presence-absence data (GLMs) and other presence-only methods
(BIOCLIM, DOMAIN).
2.1.1 Maxent
The principle of fitting an unknown probability distribution to that of maximum entropy
was formulated by Jaynes (1957), who described the probability distribution as supporting
every scenario that is known without making assumptions about what is not known. The
principle of maximum entropy for predicting species distributions is formalized in the
software Maxent, freely available from www.cs.princeton.edu/~schapire/maxent (Phillips
et al., 2005). A concise mathematic definition of Maxent is detailed in Phillips et al.
(2006). Maxent is applied across pixels of a study area, requiring matching pixels of
predictive variables and known species occurrence locations. Predictive variables can be
categorical or continuous and include bioclimatic data, elevation, soil type, vegetation type
and anthropological features including distances to roads or villages.

Probability

distributions can be characterized from incomplete information by finding the distribution
of maximum entropy (i.e. that is closest to uniform) subject to the constraint that the
expected value of each predictive variable must match its empirical average over the
presence sites i.e. the predicted mean annual precipitation should be close to the observed
average precipitation. (Phillips & Dudik, 2004; Phillips et al., 2006).

6

Maxent uses presence-only data to predict species habitat suitability. Elith et al. (2006)
criticized presence-only models that did not take account of the background environment in
distribution predictions. Maxent selects random background environmental data for the
entire study area to derive a probability of suitability and has shown comparative
performance to presence-absence models particularly with data sets of few presence
localities (Phillips & Dudik, 2008; Elith et al., 2006; Pearson et al., 2007; Phillips et al.,
2006).
Maxent fits complex responses to relationships between response and predictor variables.
Comparative studies have shown that this can result in over-fitting data, particularly with
small data sets, predicting high suitability for environmental conditions outside the range in
the study area (Elith et al., 2006; Phillips & Dudik, 2004). Maxent has been reported to
over-fit data (Phillips & Dudik, 2008) and has been revised to incorporate a number of
regularization features that vary the ‘goodness-of-fit’ to data and can be tuned to reflect
sample size and control parameter estimation.
2.2

Evaluation of model performance

Assessing model performance, commonly termed evaluation or validation, is an essential
step in model development and is necessary to determine the accuracy of model
predictions, assist in determining the models’ suitability for different applications and is a
basis for comparing competing models (Pearce & Ferrier, 2000).
In order to evaluate the predictive power of a model it is necessary to obtain two sets of
data, the first is used to build the model and is termed ‘training data’. The second data set
is used to evaluate the predictive ability of the model and is termed ‘test’ data. Test data
are independent of the training data used to build the model and are, preferably, collected at
different times, locations, scale and by different researchers to reduce geographic and
spatial bias (Elith et al., 2006). More commonly, the available dataset is partitioned in to
training and test data. Various methods are available for partitioning data including simple,
one-time random selection or spatial division with arbitrary proportions, to bootstrapping
(with replacement), randomization (no replacement), jackknife (leave-one-out) and k-fold
partitioning (Fielding & Bell, 1997).
Once a model is trained, test data are applied and statistical tests of a model’s predictive
performance can be extracted from a confusion matrix (Table 2.1). The confusion matrix
describes the agreement between predicted and actual observations, measuring the
7

proportion of sites correctly predicted as present or absent (sensitivity and specificity), and
the proportion incorrectly predicted (omission and commission).
Table 2.1
The confusion matrix illustrating prediction of (a) True positive, a model predicts and test
data confirm species to be present; (b) False positive, a model predicts species presence and test data show
absence; (c) False negative, a model predicts species absence and test data show presence; and (d) True
negative, a model predicts and test data confirm species to be absent.



Recorded present

Recorded absent

Predicted present

True positive (a)

False positive (b)

Predicted absent

False negative (c)

True negative (d)

Sensitivity, or true positive fraction; the proportion of observed occurrence correctly
predicted, calculated as a/(a+c)



Specificity, or true negative fraction; calculated as d/(b+d)



Omission, or false negative fraction; calculated as c/(a+c)



Commission, or false positive fraction; calculated as b/(b+d)

Using these indices the predictive accuracy of a model, or fraction of correctly predicted
sites that have species presence or absence, can be calculated as
a+d/(a+b+c+d)
(Swets, 1988; Pearce & Ferrier, 2000).
Measurement of model accuracy based on the confusion matrix is sensitive to the frequency
of observations in the test data. Model accuracy will be high even when species presence is
predicted not to occur (low sensitivity) if there are few sites to confirm species presence.
Conversely, model accuracy will be high if a species is predicted to be present over a large
area due to the lack of absence locations (false positive).
Two models may therefore have the same predictive ability but differ in false positive or
false negative predictions. It is therefore necessary to test statistical significance against the
accuracy expected by chance and without sample bias.
2.2.1 Receiver operating characteristic (ROC) curve
Receiver Operating Characteristic (ROC) curves incorporates all four elements of the
confusion matrix by describing the relationship between the proportions of observed
presences correctly predicted (sensitivity) and proportion of observed absences incorrectly
predicted (1-specificity), see Figure 2.2. In this context, the relationship cannot be biased
by data frequency as both the true positive and false negative fraction (a+c) and the false
positive and true negative fraction (b+d) equal 1 (Pearson, 2007; Pearce & Ferrier, 2000).
8

Figure 2.2
Receiver operating characteristic (ROC) curve; sensitivity vs. 1-specicifity. The upper (red)
curve indicates a model predicting perfectly, resulting in a high proportion of correctly predicted observed
presences (sensitivity) and low proportion of incorrectly predicted observed absences (1-specicifity). The
lower (blue) curve illustrates a model with less predictive power, but still performing above random (diagonal
line).

The predictive performance of a model can be measured by the area under the ROC curve
(AUC). The AUC ranges from a value of 0.5 indicating a model predicting no better than
random to a value of 1.0 for perfect predictive ability i.e. the probability that a model will
correctly discriminate between a presence record and an absence record if each record is
randomly selected.
The ROC curve is built from the confusion matrix and requires presence-absence data. For
evaluating model predictions built from presence-only data, Phillips et al. (2009) has
demonstrated that the use of AUC can be applied using randomly selected background
points. The interpretation of the AUC is then a measure of the performance of a model in
predicting a randomly selected presence site above a background (or pseudo-absence) site.
2.2.2 Threshold selection
The ROC curve describes the relationship between sensitivity and false positive predictions
through a range of decision thresholds (Swets, 1988).

However, in conservation or

environmental management decision-making, determination of species presence, absence or
areas that would support species survivorship may be more practical than probabilities. To
transform modeled habitat suitability to categorized descriptors requires setting a threshold.
9

Subjective and objective approaches can be used to determine thresholds. The first is
arbitrary, setting a predetermined value or level of sensitivity or specificity deemed to be
acceptable. Sensitivity and specificity thresholds look at the relationship between correctly
predicted observed occurrences and observed absences. Specificity is the measure of habitat
that is correctly identified as unsuitable. A fixed sensitivity threshold i.e. defining a point at
which all presence records would be correctly predicted, reduces the likelihood of false
negatives, or increased omission but can result in large areas, that are costly to protect or
lack conclusive information for decision making, defined as suitable.
Alternative approaches are to allow an amount of omission, reducing the number of
locations with low predicted probability despite species occurrence. Increasing a specificity
threshold will decrease the area predicted to be suitable for a species and consequently the
proportion of correctly predicted occurrences will also decrease (decreasing sensitivity) and
the proportion of observed absences correctly predicted will increase (increasing
specificity).
The selection of a threshold is dependent on the type of data available and the purpose of
the predictions. If the requirement of a threshold is to identify areas for species reintroduction, a higher threshold would be selected to ensure the most stable habitat is
identified, whereas if a species is threatened by disturbance or invasion by a non-native,
lower thresholds would be set to ensure any area of potential impact is monitored.
Objective thresholds are often chosen to maximize agreement between observed and
predicted distributions.

In a comparative study, Liu et al. (2005) recommended five

objective approaches to determining thresholds (Table 2.2) whilst Pearson et al. (2006) and
Phillips et al. (2004) propose the use of the lowest predicted value corresponding to an
observed occurrence (omission = 0, sensitivity = 1). This assumes that species presence is
limited to habitat at least equal to where species have been observed.
Table 2.2
Objective methods for selecting thresholds as recommended by Liu et al. (2005). Based in
part on Liu et al., 2005.
Approach

Threshold

Model-building data only

Prevalence of model-building data

Predicted probability/suitability

Average predicted probability/suitability of the model-building data

Sensitivity-specificity sum
maximization

Sum of sensitivity and specificity is maximized

Sensitivity-specificity equality

Absolute value of the difference between sensitivity and specificity
is minimized

ROC plot

Point of shortest distance to the top-left corner (0,1) in ROC plot
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2.3

Study site

Cambodia covers an area of 181,040 km2, is relatively flat at elevations of <100 m, with the
exception of mountain ranges in the southwest (>1,000 m) and northwest (>500 m), and has
a tropical climate with four seasons; cool-dry (December-February), hot-dry (March-May),
hot-wet (June-August) and cool-wet (September-November). Temperatures range from 2140oC and the country receives approximately 900 mm rainfall per year .
2.3.1 Banteay Meanchey and Oddar Meanchey provinces
The neighboring provinces of Banteay Meanchey and Oddar Meanchey are located in
northwest Cambodia (Figure 2.3).

Banteay Meanchey province covers an area of

2

approximately 6,679 km , consisting of extensive lowlands and a few uplands in the north
and east where the border with Thailand is marked by a steep escarpment.

Oddar

Meanchey is one of Cambodia’s smallest provinces (6,158 km2) covered by the Dangrek
Mountains, which form part of the extensive Dangrek Mountain range in Thailand, and
agriculture land in a lowland plateau converted following logging in the 1980s and 1990s.

Figure 2.3
Map of Cambodia detailing the location of Banteay Meanchey (diagonal stripe), Oddar
Meanchey (hatched) and Preah Vihear (close diagonal stripe) provinces, Ang Trapeang Thmor Conservation
Area (solid) and Tonle Sap great lake (stippled).

Banteay Meanchey and Oddar Meanchey provinces support estimated populations of
678,033 and 185,443 respectively (N.I.S., 2009). Since 1998 populations have grown
annually by >8.6% as a result of the Government’s reconciliation and relocation policy to
11

re-integrate Khmer Rouge communities following the signing of the Paris Peace Accord in
1991. The populations of both provinces are predominantly dependent on agriculture
(93%) and fishing or trade (7%). Improvements in local infrastructure and development are
resulting in increased trade across the border with Thailand. Growing populations and
trade opportunities are increasingly putting pressure on the remaining natural resources of
the provinces, with the loss of natural resources through land conversion for agriculture and
fuel wood exacerbated by illegal land encroachment, hunting, mining and logging (Run &
Thoeun, S. per comms). Few wildlife studies have been conducted in these provinces, with
the exception of the Ang Trapeang Thmor Conservation Area in Banteay Meanchey
province.
2.3.2 Ang Trapenag Thmor Conservation Area
Ang Trapeang Thmor (ATT) is situated in the Poy Char commune of Banteay Meanchey
province, approximately 85 kilometres northwest of the Temples of Angkor and Siem Reap
town (Figure 2.3).
ATT is formed from an incomplete reservoir constructed during the Angkorian (12-13th
Century) and Khmer Rouge periods. The reservoir dyke extends 11 km along the south of
ATT, shielding a landscape of extensive paddy fields, and 9 km to the east behind which
are a number of villages. Moving northwards the lake becomes shallower supporting
seasonally inundated grasslands interspersed with tree clumps, a region that has been
extensively converted to agriculture land for rice growing, and at the northernmost
boundary a deciduous dipterocarp forest.

The reservoir is seasonally inundated, with

10,120 ha of wetlands flooded during the rainy season (June-November) and a permanent
lake forming in the southeast as floodwaters recede during the dry season (Seng et al.,
2003), Figure 2.4 illustrates the variety of landscapes at ATT and coarse grain land cover is
shown in Appendix 1.
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Figure 2.4
Variety of landscapes surrounding and incorporated in Ang Trapeang Thmor Conservation
Area. Clockwise from top right: permanently flooded lake in the southeast of ATT; inundated grasslands
between the permanent lake and rice fields; rice fields (2 weeks prior to flooding) with tree clumps and
deciduous dipterocarp forest in the background, located in the mid section of ATT; extensive rice fields
shielded by the dyke at the south of ATT.

In March 1998, the late Sam Veasna, head of the Wildlife Protection Division in the
Forestry and Wildlife Office in Siem Reap province, discovered a dry season congregation
of 200 Eastern Sarus Crane Grus antigone at ATT, making it the only known site
supporting a non-breeding population of this globally-vulnerable species in Cambodia
(Birdlife International, 2008). In 2000, 12,650 Ha of the ATT wetlands were legally
declared a Protected Area and Sarus Crane Conservation Area by the Royal Government of
Cambodia (RGC).
The site is one of Cambodia’s priority sites for conservation, supporting more than 1% of
the Asian bio-geographic population of Lesser Whistling-duck Dendrocygna javanica,
Comb Duck Sarkidiornis melanotos, Asian Openbill Anastomus oscitans and Black-necked
Stork Ephippiorhynchus asiaticus, and regionally important populations of globally
threatened and near-threatened species including Bengal Florican Houbaropsis bengalensis,
White-shouldered Ibis Pseudibis davisoni and Greater Adjutant Leptoptilos dubius. In
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addition the site also supports the globally threatened Long-tailed Macaque Macaca
fascicularis, Asian Box Turtle Cuora amboinensis, Malayan Snail-eating Turtle Malayemys
subtrjuga, Elongated Tortoise Indotestudo elongata and the largest single herd of Eld’s
deer Recurvus eldii siamensis with over 60 individuals recorded in 1997 (Seng et al., 2003;
Goes, 2004; Clements, T. pers comms).
2.4

Eld’s deer R.e. siamensis

Eld’s Deer Rucervus eldii is listed as Endangered on the IUCN Red List due to estimated
population declines exceeding 50% in three generations, primarily due to hunting, is listed
on Appendix 1 of CITES and is a protected species in Cambodia. Considered to hold three
phylogeographic subspecies; R.e. eldii from India, R.e. thamin from Burma and Thailand
and R.e. siamensis from Cambodia, Laos, Vietnam, Thailand and Hainan Island (Nowak,
1999; Timmins & Duckworth, 2008), only thamin has been studied to any extent in the
wild (Aung et al, 2001; McShea et al 2001), whilst siamensis is listed as Data Deficient
(Timmins & Duckworth, 2008; McShea et al., 2005). Phylogenetically, siamensis may be
distinct from eldii and thamin, although studies are required to confirm this (Groves, 2006).
Eld’s deer are approximately 120-130 cm at shoulder height, with unique antlers, the brow
tine forming a continuous undivided curve that has led to the deer also being called the
Brow-antlered deer (Whitehead 1972; Nowak 1999). Group sizes vary between 2-6
individuals, mature stags are often solitary and only join herds during the rut in FebruaryMay. The deer do not make big migratory movements, remaining year round within a
relatively small home range of 12-17 km2 (Aung et al., 2001).
Evidence from Thailand and Cambodia indicate that the deer are primarily associated with
dry dipterocarp forests, open canopy woodland characterized by deciduous trees and
grassland understory (McShea et al., 2005, Koy et al., 2005), which occur mostly in the
monsoon areas of the Mekong plains, and favor open-canopies with grass understory or
grassland patches with hydrological origins. Although there is no evidence to suggest that
Eld’s deer are wetland associated, and a long-term research program of thamin in Myanmar
concluded that Eld’s deer are not dependent on water sources (McShea et al., 1999),
populations from India and Burma live in low-lying swamps and the foot of eldii is
modified to enable it to walk on swampy ground or floating mats of vegetation (Whitehead,
1972). R.e. siamensis in southern Laos and ATT are associated with marshy areas and
Lekagul (1988) suggest that the preposition for stags to wallow in mud indicates that the
current distribution of Eld’s deer is a result of agriculture expansion and hunting, and the
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historic distribution included moister dipterocarp forest and grasslands.
The Wildlife Conservation Society (WCS) has recorded sightings of Eld’s deer during
community patrols of ATT since 2005. However, no systematic survey for Eld’s deer has
been conducted. Eld’s deer are known to utilise ATT during the dry season, but few
observations are made during the rest of the year though anecdotal reports indicate that the
deer move from ATT to dipterocarp forests in Banteay Meanchey and Oddar Meanchey
provinces.
The seasonal nature of dipterocarp forests and the availability of permanent water sources
may be significant to the density of animals that can be supported (Timmins & Duckworth,
2008). McShea (2005) identified four factors in Cambodia’s Northern Plains explaining
deer presence, including area of wetlands as a significant determinant. However, despite
propositions that Eld’s deer in Thailand and Cambodia have been driven to drier regions
due to anthropogenic activities, historically they were considered to be an abundant species
in the seasonally dry forests of the north and east.
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3

METHODS

The following details the steps in the generation of habitat suitability maps for Eld’s deer in
Cambodia, from the available presence data, investigation of environmental and bioclimatic
variables for correlation and predictive importance, to the comparison of estimated habitat
suitability against test data at a provincial scale, and the projection of descriptive variables
nationally for comparison with independent presence data.
3.1

Data collection

Anecdotal evidence indicates that Eld’s deer move from ATT to forests in the bordering
provinces. Surveys were conducted across this landscape covering a total of 164 km in
ATT, Banteay Meanchey and Oddar Meanchey provinces. Although survey route locations
were considered to be representative of the study area, there is potential for spatial bias
associated with constraints in accessing remote areas and limitations on the range of land
use and environmental gradients surveyed.
3.1.1 Training in field methods
The survey team consisted of four villagers, considered to have expert knowledge and
previously trained in monitoring and data recording skills, the author and Forestry
Administration (FA)/WCS ATT Logistics Manager (Lou Vanny) who also acted as a
translator.

National team members participate in bird nest monitoring in ATT and have

previously undertaken GPS and data recording training with WCS. The design and purpose
of the survey were explained to team members and followed with a review of the data
collection sheets and discussion on logistics that may have affected the proposed survey
plan.
Following the explanation, the team split in to four groups and surveyed routes of 500 m,
within a 50 m distance, to identify any problems with data entry and interpretation of
variables. As a training exercise, each team surveyed a further 4 km, with the author and
Lou Vanny accompanying each team for at least 1 km. Additional explanation on compass
use and assessment of percentage was provided to the teams following these exercises.
3.1.2 Survey design
Surveys were conducted within a five-week timeframe (27 April to 29 May 2009) in the
transition period between the height of the dry season (April) and start of the rainy season
(June).
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Survey teams consisted of two team members, with at least one team member experienced
in identifying wildlife prints. The team composition remained constant throughout the
period to ensure consistency in estimates of the age of prints and habitat type.
Figure 3.1 details the location of the survey routes. Each route was of 1 km length and
surveyed once. Surveys were conducted throughout the day and the routes were walked at
a pace of 1 km/hr to standardize survey effort, each team surveyed >4 km/day. To
maximize the opportunity of detecting deer prints, the survey routes were aligned in
different axis (north-south, east-west). To increase survey efficiency (cost/effort) and due
to difficulty in movement across the survey area, the routes were aligned consecutively
although this increased spatial correlation bias.

Figure 3.1
Location of routes surveyed for Eld’s deer presence from April to May 2009 in Banteay
Menchey and Oddar Meanchey provinces.

Rainfall was noted during the survey period to identify potential loss of tracks, although
most rain was encountered following completion of the daily surveys, during early and late
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evening. Table 3.1 details the percentage of routes with observed tracks surveyed each day
and the level of rainfall recorded in the survey area.
Table 3.1
Percentage of routes with tracks recorded and rainfall experienced in survey area. Surveys
were not undertaken on days where no percentage is reported.

1
2
3
4
5
6
7
8
9
10
11
12
13

% of routes with
tracks
33
80
100
81
25
36
81

14-22

-

23
24
25
26
27
28
29
30
31
32
33
34
35

0.0
38
0.0
31
25

Day

Rainfall

Time and duration

Heavy
Heavy

17:00; 1/2 hour
20:30; through evening

Moderate

11:30; 1 hour

Heavy
Light

06:00; 3 hours
Through night

No rain data recorded - away from site
Local reports of rain at ATT vary between heavy rain for 3 days and rain
every day.
Heavy

14:30; 20 minutes

Moderate
Heavy
Heavy
Heavy

13:40; 1 hour
16:00; 1 hour
17:00; 1 hour
17:00; 1 hour

Light

14:30; 30 minutes

Heavy
Heavy

14:00; 1 hour
14:00; 30 minutes

Although the lowest percentage of routes with tracks is recorded in the later stages of the
survey period (days 28-35) and the occurrence of rainfall is more regular, it is not possible
to conclude that there is a direct bias to observation due to rainfall, as variations in habitat
type and location are also likely to have an effect. Surveys on days 28-29 and 33 were
undertaken in areas of high human use (rice fields, plantation) whilst surveys on days 4, 5
and 8 were undertaken in forested areas. The median of routes with tracks is 32%, which is
achieved on 50% of routes including those surveyed following periods of rain.
Distances of the observed prints, from the survey route, were recorded as an indication of
detection in different vegetation types. Prints from other wildlife that were encountered, in
particular Red Muntjac deer Muntiacus muntjak and Eurasian Wild pig Sus scrofa, were
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also recorded as an indication of the potential for prints to be sighted on the survey route
(i.e. following rainfall or in dense vegetation cover). Prints for these three animals are
similar in size and shape (Figure 3.2), which has the potential to introduce error in
identification.

Figure 3.2
Comparison of Red Muntjac Muntiacus muntjak, Eld’s deer R.e.siamensis and Eurasian
wild pig Sus scrofa prints. Muntjac (a) have elongated prints (>500 mm) with pointed toes that spread on soft
ground to form a V. Eld’s deer prints are relatively large (>700 mm) and form a deep, straight, angular
imprint in soft ground in the form II. Wild pig prints (c) are smaller (>100 mm) more rounded and symmetric
than those of deer, in a form similar to ().

Where identification of tracks was unclear, the tracks were measured and the immediate
surrounding area searched for additional, more clearly defined prints. Tracks ≥ 700 mm or
those that could be verified by additional prints were confirmed as Eld’s deer. This
approach was considered conservative, reducing the potential for false presences of Eld’s
deer although some presence localities may have been omitted.
3.1.3 Field data collection
Direct observation of deer prints encountered on each of the survey routes were recorded
with UTM locations and additional information including the age of the track, with prints
determined to be ‘old’ if over 14 days age, soil texture (hard/soft) as an indication of recent
presence, distance of the track from route as an indication of detection in varying ground
cover and habitat type (predominant and secondary cover), within a 50m radius. UTM
locations were recorded using GarminTM GPS76, GarminTM GPS60 or GarminTM GPS12XL
with units projected to UTM coordinate system and Indian-Thailand Datum, Zone 48.
The UTM and habitat type within a 50m radius was recorded at the start and end of each
route and at 20-minute intervals (approximately every 330m), to capture variation along the
route (Appendix 2). In addition signs of sources of disturbance (roads, paths, villages,
agriculture), water sources (rivers, ponds, trapeangs) and signs of other wildlife were
recorded with UTMs on and off the survey routes. Although not utilized within this study
(with the exception of water sources), this fine scale data provides information to update
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records of a previously information-poor area and could be incorporated in to further
analysis.
3.1.4 Remote sensing data
Human disturbance variables (roads, villages) and hydrology (rivers) were obtained from
vector maps (Appendix 3) provided by WCS and compiled by the Japanese International
Co-operation Agency (JICA). Fine scale water variables (trapeangs and ponds) in ATT
were obtained from point source data (UTM) provided by WCS. Straight-line (euclidean)
distances for each cell were calculated from the cell centre to the nearest road, river or
village location in ArcGIS 9.2 (www.esri.com). To investigate the potential relationship
with water, a comparative model of habitat suitability in Banteay Meanchey and Oddar
Meanchey province was conducted including the location of seasonal pools recorded during
the field survey and in ATT.
Bioclimatic variables representative of annual trends, derived from monthly rainfall and
temperature values, and altitude above sea level, were obtained as raster maps from
WorldClim.org in 30 arc second resolution (Hijmans et al., 2005).
Vegetation was considered to vary during seasons. Normalised Difference Vegetation
Indices (NDVI) at 250 m resolution were obtained from the MODIS-Terra satellite for the
periods 23 April-8 May 2009 representing the study period and dry season, and 1-16
November 2008 representing the wet season (Appendix 3). The NDVI is derived from
spectral bands 1 (620-670 nm) and 2 (841-876 nm) at a 16-day frequency and is a measure
of the amount of vegetation based on reflectance. Low NDVI values indicate cloud cover,
water and bare soil, increasing as vegetation becomes denser. Raster images were obtained
from the publisher, the US Geological Survey (USGS.gov), in sinusoidal projection and
transformed to the WGS-1984 Zone 48N coordinate system.
3.2

Habitat suitability model development

The current study uses presence records obtained at locations surveyed at a single point in
time. A presence-only method for predicting habitat suitability was therefore preferred
over methods that require confirmed absence data.
Maxent (version 3.3.1) was used to predict habitat suitability probabilities for Eld’s deer
across Cambodia. Maxent uses the principle of maximum entropy to build distribution
probability in geographic space to describe habitat suitability in ecological space (Phillips
et al., 2006, 2009; Phillips & Dudik, 2008), and has been evaluated against established
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modelling methods (Phillips et al., 2006; Elith, 2006) performing well, particularly with
few presence records.
Species distribution models were created with bioclimatic and environmental variables
detailed in Appendix 4. Default model parameters for generated background absences
(10,000), convergent threshold (0.00001) and maximum number of iterations (500) were
used in each of the model runs (Phillips & Dudik, 2008). Data for the dependent variable
(presence) was randomly partitioned in to 75% training data and 25% test data. For each
model scenario 50 repetitions were undertaken using bootstrap to randomize test data
selection and the logistic output was chosen to evaluate model performance and generate
habitat suitability maps.
Species distribution models were built at two resolutions (250 m and 1 km) covering 70
km2 in Banteay Meanchey and Oddar Meanchey provinces and at 1 km2 resolution in Preah
Vihear province:


250 m resolution: Bioclimatic variables obtained at 1 km resolution were resampled to 250 m using ‘nearest neighbour’ interpolation in ArcGIS 9.2 (Appendix
5) and overlaid with environmental variables (NDVI layers and distances to roads,
villages and hydrology) calculated at 250 m using euclidean distance, a straight line
from each pixel to the closest source.



1 km resolution: NDVI variables were re-sampled to 1 km scale using ‘cubic’
transformation, overlaid with bioclimatic variables and distance variables calculated
at 1 km resolution.

3.2.1 Sampled presence data
During the field survey 226 track signs were recorded. Presence data was recorded at the
point of observation, with >30 m potential error on the GPS reading. Eld’s deer have a
home range of >17 km/day (Aung et al., 2001), all data were therefore considered to be
representative of habitat used by Eld’s deer and included within the analysis. Duplicate
records were excluded at the different resolutions assessed, i.e. only one presence record
per 250 m or 1 km (Table 3.2). Eld’s deer tracks recorded by RGC/WCS rangers in Preah
Vihear Protected Forest and Kulen Promtep Wildlife Sanctuary, Preah Vihear province,
northern Cambodia, from 2000 to 2007 were used as independent records of deer presence
(see Appendix 6 for locations of recorded deer tracks).
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Table 3.2
Number of training and test data presence records used for modeling habitat suitability at
250 m and 1 km resolution, using 25% random partitioning to select test data. Presence data recorded during
the field survey is reported from Banteay Meanchey and Oddar Meanchey provinces, independent data from
RGC/WCS was recorded in Preah Vihear province.
Location

Total presence
records

Banteay Meanchey & Oddar Meanchey
provinces

226

Preah Vihear Protected Forest & Kulen Promtep
Wildlife Sanctuary

619

Training data
records (75%)

Test data records
(25%)

135 (250 m)

45 (250 m)

63 (1 km)

21 (1 km)

212 (1 km)

70 (1 km)

3.2.2 Model comparison and evaluation
Maxent generates Receiver Operating Curves (ROC) for training and test data.

The

predictive performance of a model can be assessed by the Area Under the Curve (AUC)
and is interpreted as the probability that a randomly chosen presence site will be ranked
above an absence or background site (Phillips et al., 2006; Philips & Dudik, 2008). AUC
values range from 0.0 to 1.0, with 0.5 as a random prediction, higher AUC values are
therefore considered to show performance above random, Elith (2002) states that AUC
values above 0.75 are potentially useful, whilst Swets (1988) ranks models with AUC
values <0.7 as poor descriptors, 0.7-0.9 as having reasonable predictive ability and >0.9 as
good descriptors.
3.2.3 Exploration of environmental and bioclimatic variables
Variable contribution is estimated in the model training and testing stages, with each
variable removed in turn (leave-one-out) or used independently (with-one-only) providing
an indication of the ‘gain’ or information provided by each variable to the model. Figure
3.3 illustrates the results of a jackknife test of variable importance using test data. A small
decrease in overall gain when a variable is removed (reduction in ‘without variable bar’ vs.
‘with all variable’ bar) indicates that similar information is provided by other variables and
exclusion of the variable does not result in loss of predictive performance. The information
each variable provides to model performance can be assessed by the model gain (‘with only
variable’ bar), variables providing least information will result in poor model gain and a
small ‘with only’ bar. Variable Bio12 provides the most information or 'gain' as a single
variable (with only). Variable Bio18 decreases the gain the most when omitted (without),
when compared to the model produced with all variables (bottom row) although this is
small.
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Variable

Test gain

Figure 3.3
Jackknife variable importance using test data. Contribution of each variable to model
performance (gain) when modeled independently (with only), and loss of model performance when variable
removed (without variable), compared to performance using all variables (bottom bar).

To estimate variable importance, jackknife tests were run, excluding each variable in turn
then creating models with each variable in isolation. The contributions are rank-based
relative to the ordering of predictions; the process was therefore repeated 50 times using
bootstrap and the mean and range values calculated.
To determine the potential overall importance of each variable to model predictions, the
average test gain from the model repetitions were compared with ‘with-one-only’ AUC
values to identify potentially correlated variables providing the same information to model
performance.
3.2.4 Correlation of environmental variables
Correlation among variables can return biased predictions particularly with respect to
climate, e.g. correlation between annual and monthly rainfall.

Pearson correlation

coefficients were calculated between the variables and are detailed in Appendix 7.
Variables that showed clustering (section 3.2.3) and correlations among themselves >0.9
were reduced to one variable parameter by selecting the variable that provided the most
gain to model performance.
3.2.5 Model extrapolation
Predicting suitable habitat in areas with poor or no occurrence data is important for
identifying the potential for invasion of non-native species, discovering new species
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populations or predicting the effect of temporal changes, such as climate change. Habitat
suitability ‘transference’ uses the relationship between environmental conditions and
known occurrence data to train models and extrapolates these across different regions or
periods to identify comparative conditions (Phillips, 2008). The maximum entropy method
has been criticized for poor transference (Peterson et al., 2007) but has been investigated in
this study.
Bioclimatic and environmental variables at 250 m and 1 km resolution were extrapolated
across Cambodia to identify potential areas of habitat consistent with the variables
identified in the study area. The area of habitat suitability predicted from data in Banteay
Meanchey and Oddar Meanchey was compared with independent presence data collected
by RGC/WCS between 2000 and 2007 in Preah Vihear Protected Forest and Kulen
Promtep Wildlife Sanctuary.

Additional models were developed to 1) predict habitat

suitability from data recorded in Preah Vihear province and 2) identify the species
distribution using presence data recorded in both regions.
3.2.6 Presence-absence mapping
The application of a threshold provides categorical definition of habitat that is suitable or
not suitable and can be more practical to interpret and implement than levels of suitability.
The selection of a threshold should take in to account the purpose of the categorized
outcome and the level of error that is accepted between observed and predicted suitability,
whether this is to identify areas that will support species survival, identify areas for reintroduction or facilitate movement by defining habitat corridors.

The selection of areas

for conservation focus is more robust if based on observed rather than predicted
occurrences (Araujo & Williams, 2000), the minimum training presence threshold was
therefore applied to identify areas of habitat that are at least equal to the minimum
environmental conditions associated with occurrence locations.
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4

RESULTS

Habitat suitability models were created for Banteay Meanchey and Oddar Meanchey
provinces from occurrence data recorded in 2009 and for Preah Vihear province from data
recorded between 2000 and 2007. Table 4.1 details the range of average AUC values
produced for training (75%) and test (25%) data for each model scenario. AUC values
were greater than 0.9 indicating that the models are performing better than random and
have good robustness to false positives (Swets, 1988).
Table 4.1
Range of training and test AUC values for 50 repetitions of each model scenario, using 75%
training and 25% test data.
Model scenario

Training AUC

Test AUC

Banteay Meanchey &Oddar Meanchey at 250 m
Banteay Meanchey &Oddar Meanchey at 1 km
Preah Vihear at 1 km

0.9732-0.984
0.9703-0.9813
0.9743-0.9817

0.9046-0.9839
0.9331-0.9821
0.9551-0.9783

4.1.1 Correlation of variables
The contribution of different variables within model predictions can be influenced by
correlation, resulting in different variables identified as providing the most contribution in
repeated models. Jackknife tests were repeated to identify the average gain to model
predictions and compared to Pearson correlation coefficients.

Table 4.2 details the

predictor variables identified as providing the most information without correlation or
reduction in predictive performance (AUC >0.9) and used in final habitat suitability
modeling.
Table 4.2
Predictor variables used to model habitat suitability in Banteay Meanchey and Oddar
Meanchey provinces at 250 m and 1 km resolution, Preah Vihear province at 1 km resolution and all three
provinces at 1 km resolution. [1] Seasonal pool variable included in comparative scenario only.
Variable

Banteay
Meanchey &
Oddar
Meanchey
(250 m)

Banteay
Meanchey &
Oddar
Meanchey
(1 km)

Preah Vihear
(1 km)

Banteay
Meanchey, Oddar
Meanchey &
Preah Vihear
(1 km)

Seasonal pools1
Altitude
Annual mean temperature
Isothermality
Temperature seasonality
Max. temp’, warmest month
Temperature annual range
Mean temp, wettest quarter
Mean temp’, warmest quarter
Mean temp’, coldest quarter
Annual precipitation
Precipitation, driest quarter

*
*

*

*

*
*
*

*
*
*
*
*
*
*
*
*

*
*
*
*
*
*
*
*

*
*
*
*
*
*

*
*
*
*
*
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Variable

Banteay
Meanchey &
Oddar
Meanchey
(250 m)

Banteay
Meanchey &
Oddar
Meanchey
(1 km)

Precipitation, seasonality
Precipitation, wettest quarter

*

*

Precipitation, driest quarter
Precipitation, warmest quarter
Precipitation, coldest quarter
Distance to roads

*
*
*
*
*
*
*
*

Distance to villages
Distance to rivers
NDVI_dry
NDVI_wet

Preah Vihear
(1 km)

Banteay
Meanchey, Oddar
Meanchey &
Preah Vihear
(1 km)

*

*
*
*
*
*
*
*
*
*

*
*
*

*
*
*

*

*

*
*

4.1.1 Tuning regularization parameters
To prevent over-fitting and poor predictive performance, Maxent incorporates
regularization multipliers (β) that control the model’s tightness-of-fit to the training data
predictor variables (Phillips & Dudik, 2008).
To assess the effect on projected habitat suitability, β values of 0.02, 0.05, 0.10, 0.22, 0.46,
2.2 and 4.6 were evaluated for each of the study areas. Training (75%) and test (25%) data
were randomly partitioned and test data were evaluated using the average AUC over 10
repetitions (Figure 4.1).
A β regularization value of 0.05 was selected as the optimal multiplier, resulting in a
significant (Wilcoxon, n=20, w=15, p=0.006841) increase in predictive performance on test
data compared with the reduction in training AUC (Wilcoxon, n=20, w=83.5, p=0.01251).
Phillips & Dudik (2008) recommend a β value of 0.05 for 100 occurrence records, in the
Banteay Meanchey and Oddar Meanchey study area 84 presence data are available, whilst
in Preah Vihear province over 200 data are utilized. The selection of β 0.05 is therefore
considered to be approximately consistent with recommendations cited by published
literature.
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Figure 4.1
Training and test AUC with increasing β regularization values for occurrence data from
Banteay Meanchey & Oddar Meanchey provinces (top) and Preah Vihear province (bottom). Error bars are
test AUC standard deviation.

4.2

Habitat suitability at provincial level

In order to evaluate predictive performance and extrapolate at later stages, habitat
suitability was predicted in two areas where presence data were recorded:


Banteay Meanchey and Oddar Meanchey province (2009 field study)



Preah Vihear province (2000-2007 data records)

In addition, habitat suitability predictions for Banteay Meanchey and Oddar Meanchey
provinces were assessed at 250 m and 1 km grid scale to provide an indication of the
influence scale has on model predictions.
All presence data were used to predict habitat suitability using the predictor variables
identified as providing the most information and least redundancy among variables.
Habitat suitability maps were produced using Maxent’s logistic output format, which is the
simplest to interpret, providing an estimation of habitat suitability based on a probability
distribution between 0 and 1.
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4.2.1 Banteay Meanchey and Oddar Meanchey provinces
Habitat suitability probabilities were predicted in Banteay Meanchey and Oddar Menachey
provinces including and excluding seasonal water sources as a variable. Figure 4.2 details
the predicted suitability inclusive of known pools and trapeangs.

In contrast habitat

suitability predicted without this variable is shown in Figure 4.3. In both cases, suitable
habitat is predicted to be high (probability >0.6) in areas of known presence bordering the
northern boundary of ATT. Most of the area within ATT that is not permanently inundated
indicates suitable habitat, with the transition zone between rice field and deciduous
dipterocarp forest (Appendix 1) showing higher probability levels (probability >0.6).
With the inclusion of seasonal water sources, small areas of higher suitability (probability
>0.8) are predicted in the centre and the extent of low-level suitability (probability <0.2)
predicted does not extend as far north.

Although visual interpretation of the habitat

suitability map does not identify large differences in probability predictions, the relative
contribution of the seasonal water variable accounts for >60%. Without the seasonal water
variable, the main contributing factors are mean annual rainfall, precipitation of the
warmest quarter, precipitation of the driest quarter and NDVI in the dry season.
A habitat suitability map was predicted for the same region at 1km grid resolution (without
seasonal water sources), shown in Figure 4.4. The predicted area and ranges of suitability
are comparable to the ranges predicted at 250 m resolution and indicate that the loss of
detail from the NDVI variables at coarser scale are unlikely to influence the outcome of the
habitat suitability map.
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Figure 4.2
Eld’s deer habitat suitability in
Banteay Meanchey and Oddar Meanchey provinces
at 250 m resolution, including known seasonal
water sources. Higher probabilities indicate areas
of higher suitability based on the predictor
variables modeled.

Figure 4.3
Eld’s deer habitat suitability in
Banteay Meanchey and Oddar Meanchey provinces
at 250 m resolution, without seasonal water
sources.
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Figure 4.4
resolution.

Eld’s deer habitat suitability in Banteay Meanchey and Oddar Meanchey provinces at 1 km

The influences of variables on the probability predictions are shown in response curves
produced by Maxent. Marginal response curves show the effect of logistic predictions as
each variable is altered while all other variables are kept at their average value, i.e. the
marginal effect of changing one variable. However, these curves do not illustrate the
potential for multi-variant interactions that may be utilised within the model. Response
curves for each variable used in isolation (with-one-only) reflect the dependency of the
predictions on the selected variable and between other variables. Response curves for
variables contributing >50% to predicted habitat suitability in Banteay Meanchey and
Oddar Meanchey at 250 m and 1 km resolution are shown in Figure 4.5.
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(a)

Probability of habitat suitability

(b)

(c)

(d)

Predictor variable range

Figure 4.5
Response curves for predictor variables in Banteay Meanchey and Oddar Meanchey
province at 250 m (left) and 1 km (right) resolution; (a) annual precipitation, (b) precipitation of driest
quarter, (c) precipitation of warmest quarter and (d) NDVI during the dry season (April-May, 2009).

At both resolutions the response curve patterns are similar and show peaks of predicted
suitability across the same ranges. The curves produced from habitat suitability modeled at
1 km resolution are more unimodel, though this is likely to be a result of the coarser
resolution.

The difference in resolution is most notable in the NDVI response curve (d),

which has lost fine-scale information through the re-sampling process.
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The NDVI curve illustrates the additional contribution to habitat suitability as the NDVI
range increases with a stronger contribution in the mid to high range (6,000-8,000). Lower
NDVI values are representative of bare ground or water, increasing with vegetation density.
The decrease in suitability at the ends of the NDVI range is consistent with reports that
Eld’s deer prefer open canopy vegetation. The second peak observed at 1 km resolution
may reflect the influence of re-sampling on the variable response.
Contributions to habitat suitability were similar (probability 0.6-0.7) with the three
measures of precipitation (annual, driest quarter and warmest quarter). Suitability peaked
in the intermediate range for precipitation in the warmest quarter (c) and annually (a),
whereas the high end of the precipitation range was more suitable during the driest quarter
(b). This could suggest intolerance to water scarcity during the dry season.
4.2.2 Preah Vihear province
Data recorded from 2000 to 2007 in Preah Vihear were used to build a provincial habitat
suitability map at 1 km resolution (Figure 4.6). Higher habitat suitability (probability >0.6)
was predicted in areas where presence has been recorded. Areas of lower suitability
(probability <0.4) were predicted close to locations of known occurrence, and in some
cases where no occurrence has yet been confirmed.
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Figure 4.6
Eld’s deer habitat suitability produced from presence data recorded from 2000 to 2007,
encompassing Preah Vihear province, at 1km resolution.

4.3

Presence-absence threshold

The selection of an appropriate threshold to transform predictive values to binary or
categorical suitability is sensitive to decision criteria, the benefits of correct outcomes and
costs of incorrect outcomes. The minimum training threshold defines a pixel as suitable if
its value of probability is equal or greater to the lowest probability for a known presence
record. The minimum threshold was applied to the habitat suitability probabilities to
identify areas meeting the environmental conditions associated with presence records as an
indication of the area that would support species occurrence. Figure 4.7 displays habitat in
Banteay Menachey and Oddar Meanchey provinces where Eld’s deer are likely to occur,
based on the predicted minimum logistic training threshold (0.088).
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Figure 4.7
Habitat suitability in Banteay Meanchey and Oddar Meanchey provinces at 250 m
resolution, based on minimum training threshold (0.088) i.e. the lowest predicted value corresponding to an
observed occurrence.

4.4

Projected habitat suitability

Presence data locations and predictor variables from Banteay Meanchey and Oddar
Meanchey provinces were used to predict habitat suitability across Cambodia (Figure 4.8).
Areas of suitable habitat were then compared with independent records from Preah Vihear
province to determine the predictive power of the model in different regions.
To cross-validate this method, habitat suitability across the country was also predicted
using presence data and variables identified in Preah Vihear province (Figure 4.9). In both
cases projected suitability is confined to areas in the north of the country and high
suitability (probability >0.8) in close proximity to presence records. Projections from
Banteay Meanchey and Oddar Meanchey primarily predicted suitable habitat within these
provinces only. Areas of low habitat suitability (probability <0.2) extrapolated from Preah
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Vihear extended in to easterly provinces and areas identified as part of the species historical
range (Appendix 8).

Figure 4.8
Suitable Eld’s deer habitat extrapolated nationally from presence data in Banteay Meanchey
and Oddar Meanchey provinces at 1 km resolution.

Figure 4.9
km resolution.

Suitable Eld’s deer habitat extrapolated nationally from data in Preah Vihear province at 1
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Extrapolations from the two independent datasets do not identify the second area of known
occurrence despite using similar predictor variables. Table 4.3 details the variable range
contributing the most gain to probability predictions.

The ranges reflect different

background environmental conditions associated with presence locations that are used to
define the habitat suitability probabilities and are illustrated in Appendix 9. The variation
in ranges provides an indication to the limitation in extrapolating from the independent
datasets.
Table 4.3
Range of predictor variables contributing to probability predictions based on ‘with-one-oly’
response curves.
Variable
Annual precipitation
Precipitation, warmest
quarter
NDVI-dry
NDVI-wet

Banteay Meanchey &
Oddar Meanchey (250 m)

Banteay Meanchey &
Oddar Meanchey (1 km)

Preah Vihear
(1 km)

1,200-1,300

1,150-1,300

1,400-1,900

190-230

190-230

240-300

4,000-8,000
6,000-9,000

4,000-10,000
4,000-8,000

4,000-10,000
3,000-8,000

4.4.1 Combined presence data
Presence records from both the Banteay Meanchey & Oddar Meanchey and Preah Vihear
datasets were used to predict habitat suitability across Cambodia (Figure 4.10). It should be
noted that using the combined presence records resulted in a number of variables
previously used in the distribution modeling being rejected (Table 4.2).
The range and level of suitability is similar to that predicted with the two data sets. Low
habitat suitability (probability <0.2) was predicted connecting the two areas of known
species occurrence, and is likely to be a reflection of expanding the upper and lower bounds
of background conditions. Suitability in the eastern provinces is no longer predicted; this
may reflect the lack of contribution from the NDVI-dry variable, which was excluded from
the combined model despite being identified as a relatively large contributor to probability
predictions in Banteay Meanchey and Oddar Meanchey provinces.
Overall, the distribution model does not identify any other areas that would be highly
suitable (probability >0.8) beyond the areas of known occurrence and habitat suitability
identified by distribution models built on the independent data sets.
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Figure 4.10
Eld’s deer habitat suitability extrapolated nationally from presence data recorded in Banteay
Meanchey, Oddar Meanchey and Preah Vihear provinces.
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5

DISCUSSION

This study examined environmental variables in defining areas of suitable habitat for Eld’s
deer R.e. siamensis based on records of observed occurrence in the northwest and northern
provinces of Cambodia, and the concept of maximum entropy.

Of the few studies

undertaken on this species, previous research has focused on the sub-species R.e. thamin
(McShea et al., 1999; Aung et al., 2001; McShea et al., 2005). This is the first study to
utilize presence records of R.e. siamensis in northwest Cambodia, in an area associated with
wetlands and potentially representative of historical habitat preferences.
The following considers the limitations of the maximum entropy method and the habitat
suitability predictions derived from it, considers the areas predicted as suitable in relation to
current protection status under national laws and community management, and gives
recommendations for the use of the habitat suitability maps to aid conservation efforts of
R.e. siamensis in Cambodia.
5.1

Equilibrium and sampling bias

When modeling the niche and distribution of a species from occurrence records it is
important to consider the degree of equilibrium assumed between the species and
environmental conditions and the extent that occurrence data is representative of the range
of environmental conditions (Pearson, 2007).
Eld’s deer are reported to move between ATT and deciduous dipterocarp forest during the
dry and wet seasons. During these periods land use is changeable, with increased access by
humans to forested areas and resources during the dry season corresponding to fallow rice
fields. During the rainy season, rice fields in ATT and forested areas surrounding villages
are re-established, and there is a corresponding reduction in access to more remote forest
tracts as tracks become difficult to navigate or unusable. An additional confounding factor
is the variation in rainfall and availability of water, with forest pools empty during the dry
season, an expansion of inundated land (and associated rice production) at ATT during the
wet season and alteration of forest cover at both understory (conversion to rice field) and
canopy levels as deciduous forests re-foliate.
Surveys undertaken between April and May 2009 recorded the location of Eld’s deer
presence within a short-time frame. This period may have coincided with movement of the
deer, thereby representing partial use of both the rice-field and deciduous forest areas.
However, the data should not be considered representative of the range of environmental
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conditions that exert influence on an annual basis. Presence data recorded in Preah Vihear
province is more representative as it has been collected on a monthly basis throughout the
year, although little is known about the movements of the deer in this area.
Other abiotic factors may also limit the observed distribution of Eld’s deer in comparison to
the realized niche.

Severe hunting pressure during the civil war reduced Eld’s deer

populations dramatically in Banteay Meancey province (Prum, 2003) and has potentially
extirpated deer from suitable areas. Hunting pressure is still exerted, predominantly during
the dry season, and the potential for hunting to affect habitat use by the deer is unknown.
For example, surveys undertaken in forested areas historically known to support Eld’s deer
resulted in few presence records. In contrast, a number of presence records were recorded
in proximity to a relatively large anti-hunting village.
Sampling bias will also have an impact on model predictions. In this context bias refers to
sampling species presence in an unrepresentative range of environmental conditions.
Although the survey in Banteay Meanchey and Oddar Meanchey provinces was designed to
cover a representative area, including variation in habitat, gradient and abiotic interactions,
survey routes are biased towards areas accessible within logistic constraints, i.e. transport,
accommodation and daily survey range. The concentration of occurrence records in Preah
Vihear Protected Forest and Kulen Promtep Wildlife Sanctuary also indicate that sampling
is likely to be biased by ranger patrol routes rather than indicative of Eld’s deer habitat
selection.
The habitat suitability maps should therefore be interpreted with caution and acknowledge
that habitat suitability predictions are based on the range of environmental conditions
represented by occurrence data.

It is improbable that the species’ distribution is at

equilibrium, or that utilized presence records cover all suitable environmental conditions.
The full extent of habitat suitability is therefore unlikely to be predicted by the model.
5.2

Interpretation of habitat suitability predictions

The performance of habitat suitability models has been found to be higher for species with
smaller home ranges or occupying a small range of environmental conditions compared to
more generalist species that are able to adapt to a variety of environmental conditions (Elith
et al., 2006; Franklin et al., 2009). The habitat suitability predictions produced from this
study accurately identified areas of occurrence and had high predictive performance (AUC
>0.9). The AUC provides an indication of degree of predictive accuracy, but does not
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indicate how robust the predictions are, and has been criticised when not supported by
reliable absence data (Lobo, 2007).
Modelling habitat suitability from current observations can be problematic if a species has
been extirpated from the center of its former range. Populations of Eld’s deer occur on the
periphery of their historic range in the dry forests of southeast Asia, which may exclude
habitats previously exploited. Habitat suitability probabilities using seasonal water sources
in Banteay Meanchey and Oddar Meanchey provinces were predicted to assess the potential
for Eld’s to be associated with moister environments than the areas where they are currently
observed (section 4.2.1). This provides a fine scale variable at a localised extent and cannot
be extrapolated to other regions without comparative information, which was unavailable in
this study. Despite the strong contribution from seasonal pools, the extent of high habitat
suitability (probability >0.8) did not vary greatly when compared to habitat suitability
predicted without the variable. However, the contribution of annual precipitation to habitat
suitability predictions, which consistently had relatively high contribution to the model’s
predictive power, may indicate areas that are more likely to hold permanently inundated
pools or support moister environments. Precipitation during the warmest quarter may also
be an indication of the potential for water to be available during the hottest months.
Aung et al. (2001) propose that seasonal, short-term human impacts as well as availability
of water and forage crop are reflected in seasonal movement of thamin, with deer observed
moving away from human settlements as vegetation cover decreased and human activity
increased. In contrast, the movement of Eld’s deer at ATT is reversed. During the hot-dry
season deer move from deciduous forest to open areas through human settlements and
return to the forest with the onset of rain as human activity increases in rice fields. The use
of ATT may therefore be a response to human activity in forested areas during the cool-dry
season (collection of forest products, hunting) and lack of water rather than a preference for
open habitat.

Habitat suitability is predicted to be higher in the northern boundaries of

ATT where deciduous forest-cover is higher. Low levels of suitability are predicted in the
remainder of the conservation area. Comparison of NDVI levels during the dry and wet
seasons (Appendix 3) in the northwest and northern provinces in areas of observed Eld’s
deer presence, show that in ATT NDVI levels are lower than any other area where Eld’s
deer occur. By comparison, the NDVI levels associated with deciduous forest remain
similar during the two seasons, suggesting that deer movement is unlikely to be driven by
unsuitable conditions in the deciduous forest, but is a facet of water availability or human
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interaction. This would concur with Koy et al. (2005) who predicted that Eld’s deer in
Myanmar preferred forest cover with high percentage canopy cover. Habitat suitability
prediction based on observations in this area would then reflect a distribution that is
potentially on the edge of a species tolerable range.
5.3

Extrapolation to different regions

Despite the growing number of assessments of presence-only habitat suitability modeling,
few have looked at the issue of transferability, the ability of a model to make useful
predictions in a different region or time period.
Peterson et al., (2007) compared the ability of modeling techniques Maxent and GARP in
predicting the distribution of North American breeding birds in large un-sampled areas of
the United States. The authors concluded that transferability in Maxent is poor, particularly
for high suitability probability predictions, which only reflected the characteristics of the
input data and were unable to generalize species distributions. Phillips (2008) defended
Maxent’s performance, stating that the conclusions of Peterson et al. were based on models
suffering from sample selection bias rather than poor transferability. Phillips notes that all
modeling methods use background data to differentiate between environmental conditions
at presence and background points. In the case of Peterson et al., background conditions
for all of the United States and a sub-set of presence records were used to train the model.
Under these conditions the model is unable to identify the subset of environmental
conditions at presence locations from background conditions.
Extrapolation of Eld’s deer habitat suitability was undertaken by training models in two
regions and comparing predictions with independent presence data (section 4.4). Models
were trained on a subset of environmental conditions and extrapolated using environmental
conditions for the whole country. Despite similar environmental variables contributing to
the models predictive power (AUC >0.9) the two datasets did not identify the other areas of
known occurrence. Extrapolation from data in Banteay Meanchey and Oddar Meanchey
province was particularly constrained with only low levels of habitat suitability (probability
<0.2) predicted beyond the area of training data. Areas of high suitability (probability
>0.8) were predicted in the northeast using models trained on data from Preah Vihear.
Most of the historical range in this region was also predicted at low levels of suitability.
Categorizing annual precipitation and NDVI-dry maps to the ranges identified in the model
response curves provides an indication as to the potential influence of the variables on the
probability predictions (Appendix 9). In both cases it is clear, particularly in the case of
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mean annual precipitation, that the environmental conditions contributing to the model
predictions are not represented in the different provinces.
As different datasets and localized environmental conditions were used to train the habitat
suitability model, extrapolation should not be biased by data and background selection as in
the case of Peterson et al. (2007). To ensure transferability is representative of the potential
distribution, presence data must be independent and without bias. As previously noted
presence data utilized in the model are likely to be biased, bias in the training data may
therefore constrain the range of environmental conditions that are modeled as suitable i.e.
models of potential distribution are based on samples from the species occupied niche.
Further sampling across broad environmental conditions would therefore improve
transference of predictions.
5.4

Assumptions and limitations of the habitat suitability model

Ecological niche theory, on which habitat suitability is based, assumes that the presence of
a species indicates adaption to the environmental conditions or has evolved to coexist with
other species. Habitat suitability modeling takes this point further and assumes that the
species is in equilibrium with its environment (Pulliam, 2000). Source-sink theory suggests
that species regularly occur in unsuitable habitats and are supported by immigration from
source populations. It is unlikely Eld’s deer in ATT are a sink population due to it’s
isolation from other known herds.

However, the historical factors that may have

contributed to this isolation are not considered and present-day occupation may reflect a
remnant habitat that currently supports a population.
Interpretation of the habitat suitability maps produced from this study assumes that biotic
and abiotic factors that limit the distribution of Eld’s deer have been included within the
maximum entropy model. However the variables available for modeling represent a subset
of the factors that may affect the distribution of a species (Phillips, 2008) and do not
represent the impact of alternative factors, including competition from livestock, fine grain
habitat variations and individualistic behavior or preferences led by migration, adaption,
life-cycle, age or seasonality (Ottaviani et al., 2004; Suarez-Seoane et al., 2008).
The expansion of human influence in to forested areas can cause rapid changes in the
vegetation structure and also brings new competition for resources. Bagchi et al., (2003)
investigated the relationship between habitat use of deer and cattle and concluded that
coexistence between deer species was based on differentiation in diet, but was intolerant to
livestock grazing. Inclusion of variables representing the presence-absence of competitors
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can significantly increased models predictive power (Guisan & Thuiller, 2005) although it
is often absent from species distribution models. Eld’s deer presence around villages and
the use of forested areas for livestock grazing makes it difficult to identify the potential
levels of competition for resources between these species although quantification of the
extent of human influence (seasonal rice field, duration and location of time spent in forest,
activity in forest) is possible through community surveys.
The use of an appropriate scale (resolution and extent) is important in the application of
habitat suitability predictions. The resolution at which species are sampled should match
the resolution of environmental variables and extend over an area that incorporates the
environmental conditions of the species range. Often the resolution of remotely sensing
environmental predictors is limited or interpolated from a limited number of observations.
Bioclimatic data from Worldclim.org is limited by the frequency of climate station data and
techniques used to create continuous climate surfaces. Changing the resolution of
environmental variables using common re-sampling methods available in GIS packages can
also incur spatial aggregation errors. Coarse grain variables can lose habitat definition as
small patches are coalesced influencing the predictions of habitat suitability and
connectivity (Boubli et al., 2009; Perotto-Baldivieso et al., 2009; Townsend et al., 2009).
Re-sampling of the NDVI variable from 250 m resolution to 1 km, by visualization and
comparison of the range contributing to model predictions, did not show a loss of predictive
precision. However, 250 m resolution is relatively coarse for land cover data. Landsat
images at 30 m resolution are commonly used in habitat suitability modeling but were
discounted in this study due to the loss of information from the images due to failures of the
Landsat ETM+ sensor. NDVI differentiate between broad habitat types (savannah, dense
forest, non-forest) but are unable to separate forest structures, i.e. different dominant
species and assemblages can produce the same NDVI (Pettorelli, 2005).

Deciduous

dipterocarp forest has an open canopy and is difficult to interpolate from satellite images,
due to the reflectance from the range of plants in the understory. Fine scale, detailed
information on land cover and vegetation structure would improve probability predictions,
particularly at identifying critical habitats when assigning conservation priorities.
Correlation between variables was investigated in this study to improve predictive
performance; four variables consistently provided the most gain to model performance
(annual precipitation, precipitation in the driest quarter, precipitation in the warmest quarter
and NDVI-dry). Further investigation of the importance of environmental predictors can be
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undertaken by creating a suite of competing models using the contribution of different
ETM bands from Landsat imagery, classification of the NDVI and inclusion of resource
competition.
5.5

Recommendations for conservation

Species distribution models and the habitat suitability maps they produce provide useful
guidance in identifying areas to direct future field studies, selecting reserves and directing
conservation management decisions.
The potential for using information from habitat suitability mapping for conservation
planning is illustrated with the comparison of predicted suitability and areas of community
forestry (Figure 4.6). Under the community management framework, forestry resources are
managed sustainably by and for the benefit of local communities.
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community forest in Oddar Meanchey province has also been designated as a Reduced
Emissions from Deforestation and Degradation (REDD) site, providing economic
incentives for local communities and government offices to ensure the forest remains intact.
Habitat suitability in these areas identifies the opportunity to extend community
engagement activities and involve government in conserving Eld’s deer either directly, by
ensuring no hunting is undertaken and also indirectly by the prevention of land conversion
and maintenance of suitable habitat is strictly managed in community forests.
The application of a minimum threshold to identify areas with environmental conditions
equal to species occurrence highlights concern for the persistence of the Eld’s deer at ATT.
Niche modeling assumes that a species is reproducing successfully and that the
environment supports positive growth of the population. However, the identified minimum
area of habitat suitable for the species to occur barely extends beyond the species range of
>17 km/day. Combined with the lack of connectivity to other known populations and
expansion of land conversion to agriculture, a population viability analysis should be
considered.
Based on the habitat suitability maps, only landscapes in Preah Vihear Protected Forest,
Kulen Promtep Wildlife Sanctuary and ATT would be under some form of protection in
Cambodia’s existing protected area network. Areas in the northeast and between Kulen
Promtep and Preah Vihear are predicted as suitable and reflect the historic range of Eld’s
deer. These areas are less densely populated and may harbor yet unknown populations of
Eld’s deer.

Future investigations for Eld’s deer can be directed to these areas and

consultation with local communities are likely to provide further detail of known areas of
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deer occurrence.
This study has been conducted with current NDVI and bioclimatic variables, with annual
precipitation, which is known to limit the occurrence and survival of a range of species
(Araujo & Williams, 2000), a main contributor to habitat suitability. Future application of
this modeling strategy should consider extrapolating habitat suitability under different
climatic conditions and incorporating fine scale mapping of habitat use in order to assess
the potential for habitat degradation due to climatic change or land conversion.
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APPENDICES

Appendix 1

Land cover classification at Ang Trapeang Thmor Conservation Area

Figure A1.1
Land cover classification surrounding Ang Trapeang Thmor Conservation Area, data from
Japanese International Co-operation Agency Landuse Dataset for Cambodia (2002)

Appendix 2

Variation in land cover and use in survey area

Figure A2.1
Variation in habitat types across the study area. Clockwise from top left; rice fields in the
northern borders of ATT with dipterocarp forest in background, dipterocarp forest in western elevated range of
survey area, dipterocarp foret with grassland understorey, inundated melaleuica forest.

Figure A2.1 (cont’d)
Clockwise from top left; livestock grazing, wet-season rice growing in pond, tall
smau prek grassland, cart track, ploughing of re-growth grass in forest rice fields, .

Figure A2.1 (cont’d)
Ash piles in ATT, evergreen forest, ploughed wet-season rice field in dipterocarp
forest, plantation, inundated trapeang, deciduous forest,

Appendix 3

National ecological and demographic maps

Figure A3.1
Village locations. Vector data provided by WCS and compiled by the Japanese International
Co-operation Agency (JICA).

Figure A3.2
Road and rail network. Vector data provided by WCS and compiled by the Japanese
International Co-operation Agency (JICA)

Figure A3.3
Hydrological sources (rivers, streams). Vector data provided by WCS and compiled by the
Japanese International Co-operation Agency (JICA) .

Figure A3.4

Mean annual precipitation. Data from WorldClim.org at 1 km resolution.

Figure A3.5
Normalised Difference Vegetation Indices (NDVI) indicating quality of vegetation cover
measured from 23 April to 8 May 2009 (dry season). Data from USGS.org, resampled at 1 km resolution.

Figure A3.6
Normalised Difference Vegetation Indices (NDVI) indicating quality of vegetation cover
measured from 1 to 16 November 2008 (wet season). Data from USGS.org, re-sampled at 1 km resolution.

Figure A3.7
(JICA).

2002 land cover categorised by the FA and Japanese International Co-operation Agency

Appendix 4 Environmental and bioclimatic variables investigated during model
development
Table A4.1
List of environmental (vegetation indices, altitude, human disturbance and vegetation) and
bioclimatic predictors investigated during model development. Also indicated are the variables selected during
for final habitat suitability modeling.
Code

Variable

NDVI_dry
NDVI_wet
Dist_hydr
Dist_rd
Dist_vill
Alt
Bio1
Bio2
Bio3
Bio4
Bio5
Bio6
Bio7
Bio8
Bio9
Bio10
Bio11
Bio12
Bio13
Bio14
Bio15
Bio16
Bio17
Bio18
Bio19

NDVI for 23 April-8 May 2009 (dry season)
NDVI for 1-16 November 2008 (wet season)
Euclidean distance to water source (rivers, streams)
Euclidean distance to roads
Euclidean distance to villages
Altitude (elevation above sea level)
Annual mean temperature
Mean diurnal range (mean of monthly (max temp - min temp))
Isothermality (mean diurnal range/temperature annual range ) (* 100)
Temperature seasonality (standard deviation *100)
Max temperature of warmest month
Min temperature of coldest month
Temperature annual range (P5-P6)
Mean temperature of wettest quarter
Mean temperature of driest quarter
Mean temperature of warmest quarter
Mean temperature of coldest quarter
Annual precipitation
Precipitation of wettest month
Precipitation of driest month
Precipitation seasonality (Coefficient of Variation)
Precipitation of wettest quarter
Precipitation of driest quarter
Precipitation of warmest quarter
Precipitation of coldest quarter

Appendix 5

Re-sample techniques in ArcGIS

Predictor variables are considered as independent layers within Maxent. In order to extract a
value for each variable and predict the contribution of each variable to habitat suitability, each
layer must be defined with equal grid size.
Remote data is widely available but at a range of resolutions. Bioclimatic data used in this
study were measured in 30 arc seconds which is roughly equivalent to a 1km grid, whilst the
MODIS-terra data is provided at a referenced 250 m resolution, but is measured at a 231.6 m
resolution.
In order to investigate both data sets in Maxent and assess the importance of scale on habitat
suitability predictions, it was necessary to change the resolution of both data sets by resampling using the geographic information system ArcGIS version 9.2.
The variable layers were re-sampled using ‘nearest neighbour’ and ‘cubic’ interpolation
methods:


Re-sampling from coarse to fine resolution
To represent information available in the coarse layer at finer resolution the ‘nearest
neighbour’ method was used. Altering the resolution of a coarse layer to a finer grid
will not add additional information, the ‘nearest neighbour’ interpolation takes
information from the nearest cell center as the new value (Figure A5.1). In effect this
produces grids of 250 m2 with the value of the original 1 km grid square.

Figure A5.1
‘Nearest neighbour’, the value of
the coarse scale cell centre (diagonal diamonds)
nearest to the centre of the re-sampled grid (red point)
is used as the new value for the fine scale output.
© Environmental Systems Research Institute, Inc.



Re-sampling from fine to coarse resolution
Decreasing resolution from fine to a coarse grid requires combining information from
multiple grid cells within a single grid cell. The ‘cubic transformation’ method was
used to calculate a weighted average from values of the nearest 16 cell centers (Figure
A5.2). This process does reduce the quality of information in the final layer as fine
scale information is lost through the averaging process.

Figure A5.2
‘Cubic transformation’, the values of
16 cells from the fine scale layer (diagonal diamonds)
closest to the centre of the coarse grid (red point) is
averaged with weighting by distance.
© Environmental Systems Research Institute, Inc.

Appendix 6

Location of recorded deer tracks

Figure A6.1
Location of deer tracks
recorded in Banteay Meanchey and
Oddar Meancey province in 2009.

Figure A6.2
Location of deer tracks
recorded in Preah Vihear province from
2000 to 2007.

Appendix 7

Pearson correlation coefficients

Table A7.1 details the Pearson’s correlation coefficients for bioclimatic and environmental variables investigated in the current study (continued
on next page).
Table A7.1

alt
village
hydro
road
NDVI_dry
NDVI_wet
bio1
bio2
bio3
bio4
bio5
bio6

Pearson’s correlation coefficients for environmental and bioclimatic variables. Correlations >0.9 are highlighted in bold.
village

hydro

road

0.04

-0.06

-0.02

0.98

0.98
0.99

NDVI_dry

NDVI_wet

bio1

bio2

bio3

bio4

bio5

bio6

bio7

0.30
-0.30
-0.36

0.33
-0.23
-0.29

0.08
-0.35
-0.36

0.30
-0.35
-0.38

0.23
-0.26
-0.28

0.16
-0.38
-0.40

0.06
-0.23
-0.25

0.00
-0.31
-0.30

0.26
-0.38
-0.41

-0.36

-0.29
0.89

-0.39
0.71
0.69

-0.40
0.72
0.71

-0.31
0.72
0.71
0.97
0.90

-0.24
0.16
0.17
0.23
0.39

-0.34
0.68
0.65

0.93

-0.41
0.57
0.57
0.76
0.89

-0.42
0.69
0.68
0.89

0.63

0.08
0.67

0.97
0.62
0.08

0.98
0.85

0.99
0.82
0.95
0.51
0.78

bio8
alt
village
hydro
road
NDVI_dry
NDVI_wet
bio1

bio9

bio10

bio13

bio14

bio15

bio16

bio17

bio18

bio19

0.09

0.07

0.09

0.14

0.39

0.35

0.26

0.22

0.38

0.31

0.43

0.17

-0.33
-0.33
-0.36
0.71
0.68

-0.36
-0.37
-0.39
0.71
0.69

-0.10
-0.12
-0.10
0.10
0.11

-0.13
-0.20
-0.19
0.72
0.72

-0.16
-0.23
-0.22
0.69
0.69

-0.03
-0.04
-0.05
0.27
0.27

-0.29
-0.33
-0.34
0.76
0.75

-0.13
-0.20
-0.19
0.70
0.69

-0.12
-0.14
-0.16
0.37
0.38

-0.03
-0.09
-0.09
0.63
0.64

-0.13
-0.14
-0.16
0.46
0.46

0.14
0.29
0.04
0.48
0.64

0.71
0.72
0.80
0.44
0.08

0.68
0.72
0.73
0.54
0.27

0.32
0.21
0.49
-0.17
-0.45

0.92

0.63
0.68
0.69
0.48
0.21

0.51
0.44
0.66
0.07
-0.31

0.68
0.66
0.80
0.34
-0.10

0.55
0.43
0.66
0.09
-0.40

0.01
0.37
0.15
0.10
0.16

0.70
0.65
0.71
0.72
0.71

0.64
0.68
0.69
0.68
0.69

0.41
0.08
0.31
0.35
0.29

0.60
0.63
0.64
0.63
0.64

0.57
0.31
0.51
0.54
0.49

0.69
0.56
0.68
0.69
0.67

0.62
0.32
0.54
0.58
0.52

0.11

0.28

-0.32
0.55
0.39

0.23

-0.22
0.64
0.50

-0.03
0.88
0.79
0.63

-0.34
0.58
0.42
0.75

0.68
0.80
0.72

0.37
0.43
0.79
0.61

1.00

1.00

1.00

0.94
0.97
0.77
0.24

0.91
0.97
0.72
0.18

0.95
0.96
0.79
0.27

bio6
bio7
bio8
bio9
bio10

0.97
0.90

0.99
0.86

0.97
0.91
1.00
0.99

bio16
bio17
bio18

bio12

-0.35
-0.35
-0.38
0.71
0.69

bio2
bio3
bio4
bio5

bio11
bio12
bio13
bio14
bio15

bio11

1.00

0.96

0.94
0.88
0.85
0.44
0.85
0.94
0.92
0.90
0.93
0.34
0.80
0.84
0.15

0.97
0.99
0.41
0.80

0.93
0.34
0.49

Appendix 8

Historical distribution of Eld’s deer

Figure A8.1

Historical distribution of Eld’s deer (Timmins & Duckworth, 2008).

Appendix 9

Environmental variables classified by range of contributions

Figure A9.1
Normalised Difference Vegetation Indices (NDVI) measured from 23 April to May 2009 (dry
season) classified using the contributing range to model predictions identified in variable response curves (see
Table 4.3).

Figure A9.2
Mean annual precipitation classified using the contributing range to model predictions
identified in variable response curves (see Table 4.3).

