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ABSTRACT: Examining the distribution patterns of sympatric large carnivores provides critical insights into the roles of prey 
availability and human disturbances in shaping the landscape use of these key predators. The Thung Yai Naresuan (East) Wildlife 
sanctuary (TYNE) in western Thailand has been presumed to be a natural stronghold for tigers (Panthera tigris), leopards (Panthera 
pardus), and large ungulates, but little was known about their habitat relationships there. During April 2010–February 2012, camera 
trap surveys (n = 106 camera trap locations; n = 1817 trap nights) and sign surveys (n = 493 km of transects) were designed to 
systematically cover overlapping areas of 925 km2 and 1421 km2, respectively, to characterize and evaluate tiger and leopard dis-
tribution in TYNE. Occupancy modeling was used to estimate the potential environmental and anthropogenic factors that best 
explained habitats used by these large carnivores. The predictive model of tiger and leopard occupancy from surveys at the same 
sampling scale revealed similar relationships between limiting factors and space use. Camera surveys show that tigers are more 
likely than leopards to inhabit areas where gaur (Bos gaurus) and sambar (Cervus unicolor) are frequently found.. Sign surveys 
from across TYNE also indicated tiger distribution was characterized by the presence of large ungulates, as well by areas with high 
ranger patrol effort; leopard distribution was characterized by a higher occurrence of smaller barking deer (Muntiacus vaginalis) 
and wild boar (Sus scrofa), and by areas with low human disturbance. Our findings suggest that tigers and leopards have specific 
habitat preferences within the TYNE, with tigers showing a preference for areas with larger ungulates. In contrast, leopards are 
more likely to be found in areas with smaller prey. Human settlement areas and disturbance activities were identified as key factors 
influencing the distribution of both species, limiting their range to the central to the eastern part of the sanctuary. 

Keywords: Spatial ecology; Camera trap; Prey availability; Human disturbance; Conservation priorities; Predator-prey dynamics; 
Ecological modeling 
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1. Introduction 

Understanding how animals interact with their environment is necessary for wildlife conservation and landscape 
management [1,2]. Landscapes usually consist of a dynamic mosaic of heterogeneous elements, which can vary in terms 
of their use and selection by different species. It is, therefore, difficult to quantify all important biotic and abiotic factors 
that can influence habitat selection and to speculate how species perceive their surrounding environment [3]. Ecological 
research has shown how key resources such as topography, vegetation, prey, water, and human impact drive the distri-
bution of animals [4–7]. However, many endangered species are rare, cryptic, and elusive, making their direct detection 
and evaluation difficult [8], particularly if the species of interest lives in a habitat with dense vegetation [8–10]. 

Researchers generally use indirect methods to detect and evaluate species’ distribution characteristics [11] that 
have proved to be cost effective, repeatable, and objective; these include counts of ungulate dung piles, carnivore scats, 
nests, and tracks [12,13]. Camera trapping is a common survey method capable of producing large amounts of data on 
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the activity, distribution, density, and abundance of multiple mammal species [14–18]. Aside from their use of docu-
menting species presence, camera traps also allow researchers the ability to determine species occupancy and habitat 
use [5,19,20]. Sign surveys based on occupancy sampling design can be implemented, covering areas from small habitat 
patches to entire countries [21]. Sign surveys only require the collection of detection and non-detection data, which can 
often be achieved with low cost and effort compared to demographic data [22]. Because a simple record of detection or 
non-detection of a species during an individual survey is the only data requirement in the occupancy sampling approach, 
occupancy estimation has been suggested as an efficient approach for assessing population status and habitat associa-
tions for cryptic, low-density species over large spatial scales [23–25]. 

Coexistence between tigers (Panthera tigris) and leopards (Panthera pardus) likely depends on resource compe-
tition and spatial-temporal dynamics moderated by anthropogenic activities. For example, leopards may compete with 
tigers for prey resources in western Thailand [26], potentially reducing tiger density in some locations due to high 
leopard density and sambar deer (Cervus unicolor) consumption. Leopards and tigers are associated with habitats con-
taining prey species like red muntjac (Muntiacus vaginalis) and Eurasian wild pig (Sus scrofa) but tigers prefer areas 
with gaur (Bos gaurus), Eurasian wild pig, and sambar [27]. However, in the Terai region of southwest Nepal, tigers 
and leopards coexist in a prey-rich area without relying on diet partitioning, suggesting a major role in spatial and 
temporal partitioning [28]. Interestingly, interference competition, not competition for food, apparently limits the dis-
tribution of leopard populations in Bardia National Park, Nepal, where tigers prefer medium-sized ungulates. Still, 
leopards consume domestic animals, small mammals, and birds [29]. Moreover, leopards prey on livestock more fre-
quently in areas of coexistence with tigers, with higher rates when tigers are absent and lower rates when tigers are 
present [30]. A study in the Terai Arc Landscape, Nepal, showed that species interaction decreased as the size of pro-
tected habitats increased. At the same time, leopard occupancy declined in sites with relatively more tigers [31]. Also, 
the prey index was substantially lower outside of protected areas.. Leopards and tigers co-occurred more strongly in 
small patches and at low prey indices, indicating potential attraction to the same areas when prey is scarce. Similar to 
other areas, tiger and leopard co-occurrence in Chitawan National Park, Nepal, was facilitated by prey biomass [32]. 
Also, spatial overlap between tigers and leopards can be mitigated by minimization of temporal overlap and confounded 
by sympatric dholes (Cuon alpinus) competing with large felid prey [33]. 

The variety of circumstances under which tiger and leopard coexistence has been studied has led to these general 
explanations, e.g., [26–28,33,34], but the approaches to understanding factors influencing coexistence mechanisms [35] 
sometimes limit traditional statistical approaches [36,37]. Moreover, confidently estimating coexistence parameters in 
other areas or projecting patterns related to land use and climate change [37–39] relies on having more baseline studies 
to draw inferences. Therefore, additional research is needed that focuses on consideration of multiple metrics for de-
tecting competition between carnivores [35], investigation of fine-scale spatial interactions and activity patterns of co-
predators [40], and niche utilization patterns of tigers and leopards [37]. Studies are also needed in areas where humans 
and wildlife coexist, such as protected buffer zones [41], human-dominated habitats [42], regions unexplored for leop-
ards [43], and potential habitat corridors [44]. Here, we use data collected by different means (i.e., camera trap and sign 
surveys) in Thung Yai Naresuan (East) Wildlife Sanctuary in western Thailand to develop independent tiger and leopard 
occurrence and distribution models that help depict habitat use. We compare our findings using these different methods 
and then draw inferences about the species’ coexistence in relation to ecological and human covariates. We believe 
these environmental and anthropogenic insights are important in augmenting past studies and will help identify priorities 
for the long-term conservation of sympatric tigers and leopards and their prey. 

2. Materials and Methods 

2.1. Study Area 

This study was conducted in Thung Yai Naresuan (East) Wildlife Sanctuary in western Thailand, the core area of 
the 18,700-km2 Western Forest Complex (Figure 1), which constitutes Thailand’s largest remaining forest area and is 
designated as a Natural World Heritage Site [45,46]. The area is also a great success in Thailand’s long-lasting efforts 
to protect the vast forest area against the detrimental effects of national modernization and development [46,47]. 
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Figure 1. Location and cover type composition of the Western Forest Complex and, from left to right and outlined in yellow, Thung 
Yai Naresuan West, Thung Yai Naresuan East, and Huai Kha Kheang Wildlife Sanctuaries, Thailand. 

The Sanctuary is characterized by rugged terrain with elevations up to 1811 m. The major habitats are hill evergreen 
forest, dry evergreen forest, and mixed deciduous forests. [48,49]. Annual rainfall varies from 2000 to 2400 mm [49]. 
The Sanctuary contains high biological diversity [50,51] and is of considerable importance with respect to wildlife 
conservation, not only in Thailand but also in Southeast Asia [45]. Ungulate prey species include gaur, sambar, northern 
red muntjac, Sumatran serow (Capricornis sumatraensis), and wild boar. 

The Sanctuary has been inhabited by the indigenous minority known as “Karen” [46]. All Karen villages are located 
in the western part of the Thung Yai Naresuan (East) Wildlife Sanctuary. Households across all villages are subsistence 
farmers, practicing long-fallow rotational rice, grazing livestock, collecting firewood, and other forest products 
[46,47,52]. 

2.2. Field Data Collection 

2.2.1. Camera Trap Sampling 

A detection/non-detection sampling technique was used from April 2010 to January 2012 from the central to the 
eastern part of Thung Yai Naresuan (East) Wildlife Sanctuary. In order to obtain adequate numbers of tiger and leopard 
captures and their main prey species, camera trap stations (1 camera per station) were set based on the smallest home 
range size of female tigers (12–16 km2 [53]). Therefore, the minimum trap spacing was 2 km and the maximum spacing 
between each trap location was 3.5 km to ensure that no individual’s home range occurred entirely between cameras 
(Figure 2). We placed each camera trap (Stealth Cam I590 or Bushnell Trophy Cam) on an animal trail where tiger and 
leopard signs (scats, scrapes, scent deposits, tracks) or prey signs occurred [14]. In total, we established 104 successful 
camera trap stations. 

Cameras were set to operate 24 h/day with 3 images per trigger with a 1-min delay for Stealth Cam cameras and a 
30-s delay for Bushnell cameras. Each camera was placed 0.4–0.5 m off the ground on a tree, and all vegetation and 
debris were cleared from the field of view. All trap locations were identified via GPS, marked on maps, and stored in a 
database. Date, time, and characteristics of topography were noted. Cameras were left in the field for 15–20 days each, 
but each trap location was checked on a weekly basis to replace batteries and the memory card, as well as to check their 
condition. 
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Figure 2. Camera trap locations (yellow dots), and sign survey grid cells (outlined squares) and survey routes (black lines) in Thung 
Yai Naresaun (East) Wildlife Sanctuary, Thailand. 

2.2.2. Sign Sampling 

Sign surveys were conducted from November 2010 to February 2012. All surveys were conducted by Khao Nang 
Rum Wildlife Research Station (KNR) and Wildlife Conservation Society (WCS—Thailand program) teams. The study 
area was divided into 10 large (16 × 16 km) cells based on prior knowledge of the maximum home range size of male 
tigers (256 km2; [54]) (Figure 2). Each of these large cells was divided into 4 medium grid cells (64 km2; 8 × 8 km), 
and each of these was sub-sampled in small (1-km2) survey cells. The maximum survey line distance walked was fixed 
as 60 km per large cell (256 km2) if the cell was entirely comprised of forest [55]. This distance was proportionately 
reduced depending on the extent of forest in each large grid cell. Survey effort ranged from 30 km of walking in large 
cells with 50% forest cover to 60 km in cells with 100% forest cover. Within each medium cell, survey routes through 
contiguous small grid cells were planned in advance to ensure adequate spatial coverage.The number of small grids 
sampled in some medium cells was also reduced because of the limited extent of the Sanctuary area in the cell. As a 
result, the number of small cells surveyed per medium cell ranged from 2–25 (mean = 14). 

Each survey route was through a grid cell, and thus, each 100-m segment was searched once, and the number of 
segments searched in a single day varied with topography and hiking conditions. Within grid cells, survey routes were 
continued on the following day until completed. Within each small cell surveyed, sign data were recorded along 100-
m segments as either detection (1) or not-detection (0) of the species of interest [56]. Each new instance of tiger tracks 
(e.g., as track size, number of tigers in the group, etc.) and each instance of tiger scratch marks, scat, and spray were 
recorded within every 100-m segment. For ungulate prey species (gaur, sambar, tapir, wild boar, barking deer, etc.), 
tracks, pellet/dung piles, calls, direct sight, etc., were recorded only the first encounter of each type of sign/evidence 
within each 100-m segment to avoid psuedo-replication. The presence of human disturbance (e.g., poaching evidence, 
camping, logging, livestock presence, etc.) was also recorded in the same manner as for prey during the survey. 

2.3. Quantification of Environmental Covariates 

A dataset of 11 potential environmental covariates (land cover types, elevation, slope, village, stream, human 
disturbance, patrol effort, and prey distribution [gaur, sambar, barking deer, wild boar]) were included for estimating 
tiger and leopard distributional factors (Table 1). All potential variables were constructed within ArcGIS 9.3 software 
(ESRI, Redlands, CA, USA). The data (land cover types, elevation, village, and patrol effort) were obtained from several 
sources (Department of National Park, Wildlife, and Plant Conservation [DNP], Wildlife Conservation Society [WCS]). 
We explored the importance of the potential covariates by modeling parameters as a function of habitat characteristics. 
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As the primary objective of this study was to investigate fine-scale factors affecting the distribution of tigers and 
leopards, all environmental covariates were converted to raster dataset formats at 100- × 100-m resolution through the 
Spatial Analyst function of ArcGIS 9.3 (ESRI, Redlands, CA, USA) and the single value per site was obtained by 
averaging all the pixels within the cell site. Elevation, slope, land cover types (forest and non-forest) parameters were 
converted into the raster data based on the value in each pixel. Stream and village distances were calculated in 100-
meter increments from the center of these features across the study area. Patrol data was recorded as the frequency of 
patrol effort within 1-km grid cells and converted to raster file format (see the range of each parameter in Table 1 and 
Figure 3). 

Table 1. Environmental and anthropogenic covariates used to evaluate factors affecting the distribution of tigers and leopards in 
Thung Yai Naresuan (East) Wildlife Sanctuary, Thailand. 

Covariates Category Variables 
Land cover types Presence and absence of forest cover (Categories 0 = non-forest and 1 = forest) 
Elevation Average of elevation at 100-m resolution (scale ranges: 0–1796) 
Slope Average of slope at 100-m resolution (scale ranges: 1–80) 
Patrol effort  Frequency of patrol effort in each 1-km2 grid cell (scale range: 0–134) 
Prey distribution (camera trap survey) Prey distribution based on camera trap data (scale range: 0–1) 
Prey distribution (sign survey) Prey distribution based on sign survey data (scale range: 0–1) 

Disturbance 
Frequency of human activities observed (poaching, logging, camping, fishing, etc.) 
within 1 km grid cell (scale range: 0–40) 

Village Distance to villages 100-m resolution (scale range: 0–51 km) 
Stream Distance to streams 100-m resolution (scale range: 0–10 km) 

For prey distribution parameters, we developed prey distribution models to be used for estimating tiger and leopard 
habitat use based on camera trap data and sign surveys separately. The location of each potential prey was calculated to 
define the relationship between point locations and all possible factors including forest types, distance to human 
disturbance, elevation, slope, distance to stream, and patrol efforts. Predicting prey distributions were estimated using 
the logistic regression function: 

P = 
ଵ

ଵା௘ష(ഁబశ∑ ഁ೔೉೔) (1)

where βo is the constant coefficient (intercept) and β1, β2,…, βi represent the regression coefficients of the associated 
independent variables X1, X2, …, Xi, to generate the best model fit in explaining the probability of the distribution of 
each prey species. All statistical analyses were conducted using SPSS (ver. 16) (SPSS Inc., Chicago, IL, USA). Then, 
we applied the spatial analysis procedure in ArcGIS 9.3® (ESRI Inc.) by combining the coefficient of all predictive 
parameters of the best model with GIS data layers to develop the prey distribution map. 

A human disturbance intensity model was developed based on the TYE rangers' data from patrol efforts during 
2010–2011. All locations of human disturbance evidence were coded with respect to prey distributions, forest types, 
elevation, slope, distance to stream, distance to village, and patrol intensity. We analyzed to estimate the best model of 
human disturbance intensity based on logistic regression function (Equation (1)) through SPSS (ver. 16) (SPSS Inc., 
Chicago, IL, USA). Then, the coefficients of all predictive parameters from the best model were combined with all 
predictive GIS data layers to generate a human disturbance intensity map using the Spatial Analysis extension in ArcGIS 
9.3 software (ESRI, Redlands, CA, USA). 
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Stream Village Patrol effort 

Figure 3. Environmental and social covariate layers for habitat use estimation in Thung Yai Naresaun (East) Wildlife Sanctuary, 
Thailand (see Table 1 for range of actual values). 

2.4. Statistical Analysis and Model Construction 

2.4.1. Camera Trap Data 

We constructed detection histories of tigers and leopards separately in a table matrix format with rows representing 
encounter histories at each camera-trap location and columns representing captures on each sampling replication. We 
considered each camera trap location as a ‘site’ and sampling replications were 5-night periods starting from the date 
camera traps were set to when the camera trap was retrieved to form “temporal replicates.” We combined sampling 
occasions (day) to avoid too many non-detections during the sampling sessions and to give sufficient detection 
probabilities per session for robust modeling [57–59]. For example, a camera operating for 17 nights would result in 3 
sampling occasions (5 nights/occasion) with encounters from the final two nights ignored. Each camera trap location 
was linked to 10 environmental covariates related to habitat use to calculate the site value based on geometric 
intersection. Then, the correlations of elevation, slope, distance to stream, distance to village, patrol effort, prey 
distributions, and human disturbance intensity were standardized to reduce the influence of variables that had larger 
ranges and to allow the model coefficient to be interpreted as the change in the log-odds ratio [60]. All covariates were 
treated as continuous variables except for land cover type (forest or non-forest). 

2.4.2. Sign Survey Data 

We constructed detection histories for each 1 km surveyed in a 1-km2 grid cell by dividing the records into 100-m 
segments to form “spatial replicates”. We considered each 1-km transect as the site, and sampling replications were 
represented by ten 100-m segments [61]. Each site (1-km scale) location was processed by linking with 11 
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environmental covariates to calculate the site value associated with each site location based on the geometric 
intersection. The correlations of elevation, slope, distance to stream, distance to village, patrol effort, prey distributions, 
human disturbance intensity, and land cover types were standardized to reduce the influence of variables that had larger 
ranges and allow the model coefficient to be interpreted as the change in the log-odds ratio [60]. Land cover types were 
treated as categorical covariates, while the other covariates were treated as continuous variables. 

3. Theory/Calculation 

Camera trap data and sign survey data were analyzed separately based on the occupancy sampling approach. The 
table matrix of detection and non-detection, along with site-specific covariates (land cover types, elevation, slope, dis-
tance to streams, distance to villages, prey distributions, patrol effort, and human disturbance intensity), was imported 
into PRESENCE 5.3[61]. Since the probability of detection for each species and land cover type is not always 1.0 [23], 
land cover types (forest = 1 and non-forest = 0) were incorporated into the predictive habitat use model as a function of 
detection probability (p) for the sign survey sampled across the study area.This provides a more accurate depiction of 
habitat use without assuming that all animals in the surveyed area are detected [62]. However, the camera trap survey 
was conducted only in forest, so the land cover types were not used as the detection probability function in the camera 
trap data analysis. We applied the standard occupancy model, which is based on two key parameters: ѱ, the probability 
that a grid is occupied by the species, and p, the probability of detecting the species' presence in a replicate [63]. Then, 
the maximum likelihood estimates of the model parameters were derived [23,61], and candidate models were ranked 
by their Akaike Information Criterion (AIC) values and the Akaike weights [64]. The top-ranking candidate model was 
used to predict the tiger and leopard habitat use in different sampling scales (within the camera trap sampling area and 
across Thung Yai Naresaun (East) Wildlife Sanctuary). The corresponding beta (β) coefficients from the covariates in 
the top model were used to construct a predictive habitat use model for tigers and leopards. However, if no single model 
was clearly superior to the others in the model sets (Akaike weights (ⱳ୧ > 0.9), as was the case here, the other models 
were considered and were incorporated in the model averaging technique by summing Akaike weight (ⱳ୧) until reach-
ing 90% model confidence to draw inferences [65,66]. To account for uncertainty in the model selection procedure, 
parameter estimates and standard errors were calculated based on Akaike weight (ⱳ୧) across the suit of models to obtain 
a new coefficient of each parameter based on Burnham and Anderson [65], as: 

�̅�෠஺ =  ෍ �̅�୧ⱳ୧

ோ

௜ୀଵ

 (2)

where �̅�෠ represents a form of model averaging, �̅�୧ is the estimated parameter based on model i, ⱳ୧ is the AIC weight 
for each model, and R is the number of models considered. For model averaging, AIC weight values were calculated in 
each of the suite of best models instead of across the entire model set as: 

SE ቀ�̅�෠஺ቁ = ෍ ⱳ୧ටVar(𝜃෠୧|𝑢௜) + (𝜃෠௜ − 𝜃෠஺)ଶ 
௠

௜ୀଵ
 (3)

Then, parameters in averaged models were calculated as odds ratios and 95% odds ratio confidence intervals to 
determine the effect of each predictive covariate in the 90% confidence model set on habitat use. We also assessed the 
importance of individual parameters by summing Akaike's weight (ⱳ୧) of each parameter across the suit of best model 
sets to determine the importance of the independent variables in the model [65]. 

To assess the factors affecting distribution, the coefficients of all predictive parameters from the model averaging 
approach were combined with GIS data layers.We estimated tiger and leopard habitat use models through Spatial Anal-
ysis extension in ArcGIS 9.3 software (ESRI, Redlands, CA, USA) based on logistic regression (Equation (1)). The 
resulting habitat use model depicted the probability of habitat use of the species within every given pixel across the 
study area. The predictive power of the habitat use model was validated using a Spearman’s rank correlation coefficient 
through “Band Collection Statistics” in ArcGIS 9.3 software (ESRI, Redlands, CA, USA) to test for a correlation of 
habitat use model between species and sampling method. 
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4. Results 

4.1. Summary of Sampling Effort 

In total, we sampled 104 camera trap locations in an area of ~925 km2 for a total of 141 days and 1817 trap nights. 
Tiger photos were obtained at 21 locations, with 57 independent photographs recorded, while leopard photos were 
captured at 21 locations, with 72 independent photographs (Table S1). For the sign survey, we systematically surveyed 
493 km of transects in 10 large grid cells (256 km2 each) and 28 sub-grid cells (64 km2 each) covering an area of 1421 
km2. Each grid cell was surveyed with 30 to 60-km transects except in four sub-grid cells at the edge of the study area 
where logistical problems and steep slopes reduced transect length. Signs of tigers were detected 55 times (41 individual 
tracks and 14 scats), while signs of leopards were detected 41 times (39 individual tracks and 2 scats).The naïve esti-
mates of detection probability of tigers were not much different between sampling methods (camera trap = 0.70, sign 
survey at the same sampling scale = 0.76, sign survey across study area = 0.68). Still, there were differences in leopard 
detection probability between camera traps and sign surveys (camera trap = 0.64, sign survey at the same sampling 
scale = 0.37, sign survey across study area = 0.31). Detection probability of tigers was slightly higher than leopards 
based on the camera trap survey (tiger = 0.70, leopard = 0.64) but was different in the sign survey method (tiger = 0.76 
vs. leopard = 0.37 camera trap sampling scale; tiger = 0.68 vs leopard = 0.31 sampling across study area; Table S1). 

4.2. Tiger and Leopard Habitat Use Models 

4.2.1. Camera Trap Survey 

The best model for predicting tiger habitat use contained only two covariates, Gaur and Sambar (ⱳi = 0.24), with 
the next closet model being Gaur, Sambar, and Patrol (ⱳi = 0.17) (Table S2). The best model for predicting the habitat 
use of leopards contained three covariates: Barking deer, Wild boar, and Disturbance (ⱳi = 0.21); the next ranking 
model included Barking deer, Wild boar, Disturbance, and Slope (ⱳi = 0.21) (Table S3). The best habitat use model of 
both tigers and leopards indicated model selection uncertainty (no single model received ⱳi >0.90), and therefore model 
averaging was used. Based on the model averaging approach, the habitat use model for tigers included seven variables 
(Gaur, Sambar, Patrol, Disturbance, Elevation, Stream, and Slope), while the model for leopards included six (Barking 
deer, Wild boar, Disturbance, Slope, Patrol, and Elevation). The summation of weighted evidence (Akaike weights; ⱳi) 
for individual variables used in model averaging tiger habitat use indicated that the three most important parameters for 
tiger habitat use were Gaur, Sambar, and Patrol. Gaur and Sambar were the most important variables across all models 
(importance value = 1.00), followed by Patrol (importance value = 0.26). For leopard habitat use, Barking deer, Wild 
boar, and Disturbance were the three most important variables. Barking deer and Wild boar were the most important 
variables across all models (importance value = 1.00), followed by Disturbance (importance value = 0.60) (Table S4). 
Model averaged estimates of tiger habitat use from camera trap data had a strong positive association with the large 
ungulates (Gaur; OR = 2.73, Sambar OR = 2.38) and a positive association with Patrol (OR = 1.20), Elevation (OR = 
1.06), and Stream (OR = 1.06), but negative correlation with Disturbance (OR = 0.83) and Slope (OR = 0.96). This 
result indicated that tigers use increased in areas where large prey are more common and patrolling is higher, and in 
low slope areas at relatively high elevations; tigers avoided using areas with high disturbance activities (Table S4). The 
leopard habitat use model showed a significantly positive correlation with smaller prey (in contrast to tigers); e.g., 
Barking deer (OR = 2.47) and Wild boar (OR = 1.56). The leopard model had a positive correlation with Slope (OR = 
1.36), and Patrol (OR = 1.05), but a negative correlation with Disturbance (OR = 0.47) and Elevation (OR = 0.98). The 
correlation between the parameters and leopard habitat use implied that leopard habitat use was strongly associated with 
the distribution of barking deer and wild boar and that they had increased use of areas with high patrol effort and were 
not limited by slope. Human disturbance appeared to negatively influence their space use (Table S4). The spatial explicit 
prediction of habitat use for tigers and leopards from camera trap surveys revealed intensive use of most of the sampling 
area. Both tiger and leopard habitat use models were most influenced by prey distribution, low disturbance, and high 
patrol effort. 

4.2.2. Sign Survey in the Camera Trap Sampling Area 

The result of the model selection based on the sign survey within the camera trap sampling area showed the best 
model of tiger habitat use contained five site covariates, including Gaur, Sambar, Stream, Patrol, and Elevation (ⱳi = 
0.48), with the next closet model including Gaur, Sambar, and Stream (ⱳi = 0.24) (Table S5). 
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The best model of leopard habitat use included Sambar, Wild boar, Stream, and Elevation (ⱳi = 0.42), with the 
next closet model containing Sambar, Wild boar, Stream, Patrol, Elevation (ⱳi = 0.20) (Table S6). All habitat use 
models for both tigers and leopards indicated model selection uncertainty; therefore, the model averaging approach was 
used. 

Model-averaged estimates for tigers and leopards included 3- and 4-model subsets based on the 90% confidence 
model set, respectively. The number of predictive variables presented in the 90% confidence model of tiger habitat use 
was six (Gaur, Sambar, Stream, Elevation, Patrol, and Slope) and leopard habitat use was seven (Sambar, Wild boar, 
Stream, Elevation, Patrol, Slope, and Disturbance) (Table S5). The summation of weighted evidence (Akaike weights; 
ⱳi) for individual variables used in the model averaging approach of tiger habitat use indicated that the three important 
parameters for tiger habitat use were Gaur, Sambar, and Stream. These three parameters have an equal importance value 
of 0.90. For the leopard habitat use model, Sambar, Wild boar, Stream, and Elevation were the most important variables 
across all models (importance value = 0.95) (Table S4). 

The positive association of gaur and sambar (OR = 2.66 and 1.15, respectively), streams (OR = 1.54), and patrol 
effort (OR = 1.85) in the model-averaged estimate of tiger habitat use indicate that tigers increase their space use in 
areas with higher distributions of gaur and sambar, as well as in areas with high patrol effort, but they are not limited 
by the presence of streams. The negative correlation of Elevation (OR = 0.55) and Slope (OR = 0.99) demonstrated that 
habitat use by tigers covers most of the lowlands with low slopes (Table S5). The model-averaged estimate for leopard 
habitat use indicated a strong positive correlation with sambar and wild boar habitat use (OR = 5.14 and 3.41, respec-
tively). They are also positively correlated with Stream (OR = 2.36), Patrol (OR = 1.13), Slope (OR = 1.06), and nega-
tively correlated with Elevation (OR = 0.32) and Disturbance (OR = 0.87). This result implies that leopard habitat use 
is highly correlated with the distribution of sambar and wild boar, and is also associated with low altitudes and areas of 
relatively low disturbance (Table S4).The predictive habitat use maps for tigers and leopards, based on the sign survey 
conducted in the same camera trap sampling area, revealed similar model estimates to those from the camera trap survey. 
Both tigers and leopards can use the area almost the entire sampling area in the eastern part of Thung Yai Naresaun 
(East) Wildlife Sanctuary. Both tiger and leopard habitat use models were characterized by prey and low land; however, 
tigers tend to use areas where the large prey, such as guar and sambar are distributed, while leopards are more associated 
with the habitat use area of smaller ungulates. 

4.2.3. Sign Survey across Thung Yai Naresuan (East) Wildlife Sanctuary 

When using sign survey data from across the Sanctuary (i.e., not restricted to the camera survey area), the best 
model of tiger habitat use contained three covariates (Gaur, Sambar, Patrol; ⱳi = 0.25) and the next closest model 
included four covariates (Gaur, Sambar, Patrol, and Stream; ⱳi = 0.24) (Table S7). The best model of leopard habitat 
use included Barking deer, Wild boar, and Village (ⱳi = 0.27) and the next closet model contained Barking deer, Wild 
boar, Village, and Disturbance (ⱳi = 0.14) (Table S8). No single model was superior to the other models (ⱳi > 0.90), 
so the model-averaged approach was taken as the final estimate. Based on model averaging, the habitat use model for 
tiger and leopards from sign survey data across TYE included six predictive variables present in the 90% confidence 
model of tiger habitat use model (Gaur, Sambar, Patrol, Stream, Disturbance, and Slope) vs. seven predictive variables 
for leopard habitat use model (Barking deer, Wild boar, Village, Disturbance, Patrol, Slope, and Elevation) (Table S4). 
The summation of weighted evidence (Akaike weights; ⱳi) for individual variables in model averaging tiger habitat use 
showed that the first three important parameters were Gaur, Sambar, and Patrol. Gaur and Sambar were the most im-
portant variables across all models (importance value = 0.91), followed by Patrol (importance value = 0.79). Barking 
deer, Wild boar, and Village were the first three important variables for leopard habitat use. Barking deer and Wild boar 
were the most important variables across all models (importance value = 0.96), followed by Village (importance value 
= 0.85) (Table S4). 

The model averaged estimate for tiger habitat use indicated the positive association with Gaur (OR = 2.14), Sambar 
(OR = 2.46), Patrol (OR = 1.93), Stream (OR = 1.23), Slope (OR = 1.00), and negative correlation with Disturbance 
(OR = 0.93). These correlations imply that the habitat use pattern of tigers corresponds with the distribution of gaur and 
sambar, in areas with high patrol effort and low human disturbance.For leopard habitat use model, a positive correlation 
with Barking deer (OR = 3.27), Wild boar (OR = 2.22), Village (OR = 4.12), Disturbance (OR = 1.19), Patrol (OR = 
1.28), and weak correlation with Slope (OR = 0.92) and Elevation (OR = 1.05) supported that the probability of habitat 
use increased with distribution of small ungulates like barking deer and wild boar. Their habitat use is associated with 
areas where patrol effort is high and farther from villages (Table S4). The tiger habitat use map from the sign survey 
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across the sanctuary was associated with large ungulates and areas with high patrol effort, while the leopard habitat use 
map was linked to smaller prey, such as barking deer and wild boar, and areas farther from human settlements. Both 
tiger and leopard maps indicated avoidance of the western part of the area where the local people occur and disturbance 
activities are high. 

4.3. Spatial Correlation of Model Results 

The result of applying the Pearson’s correlation coefficients through “Band Collection Statistics” tools for estimat-
ing the correlation of tiger habitat use model between camera trap and sign survey at the same sampling area did not 
indicate a strong association (r = 0.60; Figure 4). However, the correlation of leopard habitat use models from two 
sampling methods indicated a high association (r = 0.89; Figure 5). The tiger and leopard habitat use models from sign 
survey data provide a higher correlation (r = 0.80) than those from camera trap data (r = 0.54). The correlation of tiger 
and leopard habitat model based on a sign survey sampled across Thung Yai Naresuan (East) Wildlife Sanctuary re-
vealed that the association of habitat use of both predators was relatively high (r = 0.77). 

  

Figure 4. Comparison of the predicted habitat use based on model-averaging between camera trap and sign survey in the same 
sampling scale for tigers in Thung Yai Naresuan (East) Wildlife Sanctuary, Thailand. 

  

Figure 5. Comparison of the predicted habitat use based on model-averaging between camera trap and sign survey in the same 
sampling scale for leopards in Thung Yai Naresuan (East) Wildlife Sanctuary, Thailand. 
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4.4. Comparison of Models Based on Camera Traps vs. Sign Surveys 

A comparison of tiger habitat use models derived from camera trap and sign surveys (both within the camera trap 
sampling area and across the study site) indicated similarities in predictor variables, including the distribution of large 
ungulates such as gaur and sambar, as well as high patrol effort. However, other parameters, such as patrol effort and 
disturbance, had a greater influence on the model derived from the camera trap survey vs the sign survey. We also found 
that the tiger model based on camera trap data was positively correlated with elevation, while the tiger habitat use model 
derived from sign survey data was negatively correlated. Basically, the conflict of the predictor resulted from non-
detection data of tigers in the lower altitude area from the camera trap survey, while the observation based on the sign 
survey indicated that tigers also used the area at low altitude. However, the degree of correlation between the elevation 
parameter and tiger habitat use model derived from camera trap data was very weak and uncertain (OR = 1.06; important 
value = 0.12), while the tiger habitat use model developed sign survey data indicated a stronger negative association 
with elevation parameter (OR = 0.55; important value = 0.66). Therefore, within the same sampling area, the predictive 
tiger habitat use map based on the sign survey indicated a slightly wider range of habitat use than the map developed 
from camera trap data.Overall, we found that leopard habitat use models estimated from camera trap data and sign 
survey data at the same sampling scale were well-matched and consistent. 

5. Discussion 

Distributional models derived using detection/non detection data from camera trap and sign surveys revealed that 
both tigers and leopards used wide Thung Yai Naresuan (East) Wildlife Sanctuary area. Both predators tended to occupy 
the central to eastern parts of the sanctuary, where prey availability was high, while the western part was used less due 
to the impact of human settlements and the intensity of human activities. 

5.1. Tiger Habitat Use 

Distribution of tigers in our area was positively influenced by preferred (large) prey, low disturbance, areas with 
high patrol effort, and relatively low slope. Tiger occupancy was higher in the central to the eastern part of the area, 
with more preferred prey and less human disturbance. Prey abundance is an important determinant of tiger presence 
[66–69]; low ungulate density in Similipal Tiger Reserve, India, limited the tiger population [70], and lead to lower 
tiger abundance [71]. Similarly, Naing et al. [72] suggested that low ungulate density in the Hukaung Valley Wildlife 
Sanctuary, Myanmar did not likely support many tigers. The impacts of anthropogenic characteristics and low prey 
availability were similar to many other studies [64,66,67,73–77] where tiger occurrence probability generally increases 
further from human settlements and activity [78–82]. However, Warrier et al. [83] reported that agricultural lands in 
India provide seasonal habitats for tigers, with high use in winter and lower use in summer and monsoon seasons. Also, 
human-tiger conflicts in the Leuser Ecosystem in Sumatra, Indonesia, are most prevalent in areas near villages and with 
lower wild prey occurrence, indicating tigers did not avoid human presence when prey availability is low [84]. Though 
tiger occupancy was not related to streams in our study, tigers in Bhutan strongly selected sites that were farther from 
water sources; however, tiger prey species such as guar, sambar, muntjac, and wild pigs, more likely occupy areas near 
water [72,85,86]. The result of tiger habitat use studies in Sumatra reported that within the forest, tigers strongly pre-
ferred sites that are farther from water bodies, but this was likely because people tend to concentrate around the water 
bodies [64]. However, in our case, the lack of correlation with tiger habitat use may be due to high annual rainfall in 
this area. The impact of altitude on tiger habitat use seems depended on the context of landscape attributes associated 
with the other limiting factors. Linkie et al. [87] and Sunarto et al. [64] found that the probability of tiger occupancy 
increased with altitude, while Wibisono et al. [88] reported tiger occupancy within the forest was higher at lower alti-
tudes. In our study area, low altitude per se did not represent poor quality but rather factors related to the activities of 
local people. 

5.2. Leopard Habitat Use 

The distribution of leopards in our area was characterized by sites with higher occupancy of smaller prey, such as 
barking deer and wild boar, areas farther from human settlements, and low disturbance activities. Leopard distribution 
was limited mostly to the central and eastern parts of the sanctuary, which are farther from human community areas. 
Many previous studies have reported the negative impact of human settlement areas and habitat alterations on leopards, 
indicating that leopard habitat use increases with distance from human habitation [89–93]. 
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This is similar to MacManus et al. [94], who reported that leopards avoided human-altered landscapes more 
strongly at large spatial scales and selected core areas near formally protected areas. Others have reported that leopards 
are more adaptable and less sensitive to disturbance, than tigers [89,95–100]. A study in Mozambique National Park 
reported that leopard habitat use in human-disturbed areas was positively correlated with bushmeat poachers and lions, 
both of which serve as accurate indicators of prey availability [101]. We did not find that water resources affected 
leopard distribution, unlike some studies which found that leopard habitat use was greater closer to streams [6,92,102], 
again perhaps due to high annual rainfall in the area. 

6. Conclusions 

Distribution data for tigers and leopards, collected through various methods (i.e., camera traps and sign surveys) 
in Thung Yai Naresuan (East) Wildlife Sanctuary in western Thailand, were used to develop independent occurrence 
and distribution models for tigers and leopards to depict habitat use.Our findings using these different methods were 
very similar and indicated that the distribution of species-specific prey species and human activities were the most 
influential factors affecting tiger and leopard occurrence. Our results align with most other similar studies and further 
confirm that prey distribution and abundance, as well as human-related land use disturbances, are primary factors in 
estimating tiger and leopard occurrence. We believe that these environmental and anthropogenic insights are important 
in augmenting past studies and will help focus the identification of priorities for additional research leading to long-
term conservation of sympatric tigers and leopards and their prey. 

Modeling, such as what we have presented here, is essentially the development of reasonable hypotheses that need 
to be tested with different approaches and data. Syntheses of tiger and leopard demographic data in relation to the 
variety and abundance of prey species, for instance, will provide additional perspectives on species co-occurrence and 
abundance, as well as population growth and mortality factors most affecting populations. Doing this with an eye to-
wards continued anthropogenic influences, including climate change, will be worthwhile research and conservation 
efforts. 

Supplementary Materials 

The following supporting information can be found at: https://www.sciepublish.com/article/pii/286: Table S1: 
Summary of survey effort and detection of tigers and leopards in Thung Yai Naresuan (East) Wildlife Sanctuary, Thai-
land. Table S2: Model selection results (90% model confidence) for estimating tiger habitat use based on a camera trap 
survey. Table S3: Model selection results (90% model confidence) for estimating leopard habitat use based on a camera 
trap survey. Table S4: Model averaged parameter estimates, SE, odds-ratio (OR), lower and upper odds-ratio interval, 
and summed weights of evidence for tiger and leopard based on camera trap and sign surveys. Table S5: Model selection 
results (90% model confidence) for estimating tiger habitat use based on a sign survey in the same sampling scale with 
a camera trap survey. Table S6: Model selection results (90% model confidence) for estimating leopard habitat use 
based on a sign survey in the same sampling scale with a camera trap survey. Table S7: Model selection results (90% 
model confidence) for estimating tiger habitat use based on a sign survey across Thung Yai Naresaun (East) Wildlife 
Sanctuary, Thailand. Table S8: Model selection results (90% model confidence) for estimating leopard habitat use based 
on a sign survey across Thung Yai Naresaun (East) Wildlife Sanctuary, Thailand. 
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