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Abstract 

Gaur (Bos gaurus) is among the most vulnera-

ble Asian wild cattle species. Intense anthropo-

genic impacts such as hunting, habitat loss 

and degradation have caused severe range 

contractions and local declines of gaur popula-

tions in ~ 98% of unprotected habitats. Yet, 

there have been few rigorous assessments of 

their relationships with habitat to identify the 

key drivers of these declines, primarily be-

cause of methodological and environmental 

challenges of conducting population-level stud-

ies of such low-density species. In this study, 

we investigated ecological processes that like-

ly govern patterns of gaur densities in a high 

conservation-priority site in India. We con-

structed a Bayesian hierarchical spatial model 

to separate the ‘signal’ (ecological process of 

interest) from the ‘noise’ (the sampling process 

obscuring the ‘signal’), which is often con-

founded in such studies. We confront the mod-

el with rigorous data from field line transect 

surveys to test A priori hypotheses proposed 

based on gaur ecology. We collected popula-

tion count data from 77 systematically-placed 

transects covering 1400-km2 of study area and 

data on six covariates that together described 

the habitat conditions available for gaur. Our 

model fitted the data well and could reliably 

predict gaur densities at both local and land-

scape scales. Our results showed that the ef-

fectiveness of protection from hunting and oth-

er human disturbances together with terrain 

topography strongly influenced local densities 

of gaur that varied between 0.4 and 10.5 / km2 

within the study area. We submit that signifi-

cant opportunities exist for attempting range-

wide gaur population recoveries through con-

servation actions that reduce hunting and other 

human impacts.  

Introduction 

The Asian wild cattle species, gaur (Bos 

gaurus), is among the vulnerable species with-

in that taxonomic group (Duckworth et al. 

2016). Hunting, habitat loss and degradation 

due to intensive anthropogenic pressures have 

resulted in dramatic range contraction and se-

vere population declines throughout the distri-

butional range of gaur (Ahrestani and Karanth 

2014). In India, gaur has among the most re-

stricted distributional range of large herbivores 

(Karanth et al. 2009). Local extinctions of gaur 

populations range between a low of 7% in pro-

tected reserves and a high of 98% in unpro-

tected habitats in India (Karanth et al. 2010). 

Consequently, gaur populations are now re-
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stricted to protected reserves within extensive 

human-dominated multiple-use landscapes. 

In the tropical deciduous forests of India, eco-

logical densities of gaur vary greatly (from 0.2 

to 11.3 animals per km2; Karanth and Nichols 

2000; Karanth et al. 2001, 2008; Karanth and 

Kumar 2005; Rayar 2010; Jhala et al. 2015). In 

contrast, gaur naturally occur at lower densities 

in the alluvial floodplains and dense evergreen 

forest habitats (Karanth and Nichols 2000), and 

are entirely absent in arid and semi-arid re-

gions (Karanth et al. 2009). Even in protected 

reserves, gaur abundance varies depending on 

local habitat conditions (e.g., Gangadharan 

2005).  

Madhusudan and Karanth (2002) demonstrat-

ed that occurrence and intensity of hunting de-

press gaur densities locally. Gaur densities al-

so show greater declines compared to other 

sympatric wild ungulates in areas heavily 

grazed by livestock as well as impacted by ex-

traction of forest biomass by people 

(Madhusudan 2004, 2005). Furthermore, other 

environmental features such as hilly terrain and 

seasonal availability of water also influence 

gaur densities (Ahrestani and Karanth 2014). 

Large-scale habitat modifications and allied 

disturbances also appear to reduce local gaur 

densities. Prima facie, the elimination or reduc-

tion of all such anthropogenic disturbances has 

driven the recovery of populations of gaur and 

other animal species in India (Karanth et al. 

1999; Karanth et al. 2008).  

A rigorous, quantitative evaluation of likely driv-

ers influencing local gaur abundance patterns 

within large areas (> 1000 km2) is therefore 

currently of fundamental importance to recov-

ery and management of this species, particu-

larly in the context of the rapid economic and 

human population growth in Asia. There are, 

however, several methodological challenges to 

the conduct of such rigorous, quantitative as-

sessments of gaur populations. Typically, ani-

mal count data used in such analyses are a 

combined outcome of the ecological, spatial 

and observation processes. As such, the eco-

logical processes (‘signal’) of interest to man-

agers and conservationists get often obscured 

by the sampling processes (‘noise’) involved in 

such assessments (Royle and Dorazio 2008). 

While there are reasonable sampling methods 

to individually deal with each of these process 

components, methods to deal with all three 

processes simultaneously have rarely been 

employed. Recent advances in hierarchical 

modeling approaches have filled this need 

(Royle and Dorazio 2008; Kéry and Royle 

2016, 2021). 

In this study, we use a Bayesian Hierarchical 

Spatial model to identify key ecological factors 

that affect abundance of gaur populations, 

while simultaneously accounting for the obser-

vation and spatial sampling process parame-

ters also. To meet this goal, we first formulate 

A priori hypotheses about the effects of some 

key landscape and local scale factors related 

to the physical environment, habitat features 

and management practices on abundance of 

gaur populations.  

Next, we confront these plausible models with 

visual field count data on gaur collected using 

rigorous line transect survey protocols. We al-

so incorporate into the modeling, data on co-

variate factors, both remotely sensed and sam-

pled in the field. We specifically aim to identify 
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ecological determinants of gaur abundance 

patterns and estimate local densities of gaur to 

identify local ‘hot spots’ of their abundance, 

useful for management and conservation ac-

tions.  

Materials and Methods 

Study Area 

The Nagarahole-Bandipur protected area land-

scape is nested within the Western Ghats re-

gion, a recognized global biodiversity hot spot 

of conservation priority. This study area com-

prises of the Nagarahole (area: 644 km2; 76° 

00′ and 76° 15′ E Longitude, 11° 50′ and 12° 15′ 

N Latitude) and Bandipur (area: 880 km2; 76° 

12′ and 76° 46′ E Longitude, 11° 37′ and 11° 57′ 

N Latitude) National Parks. The study land-

scape is fully described in Kumar (2011) and 

Kumar et al. (2021). Both the altitudinal 

(ranging between 400 and 1450 m above 

mean sea level) and rainfall (ranging between 

625 mm in the southeast and 1500 mm in the 

northwest) variations together with other bio-

climatic factors (Meher-Homji 1990) have sup-

ported tropical mixed deciduous forests 

(Pascal et al. 1982) in the study area. More 

than 400 villages and 250,000 heads of live-

stock are present within a 5-km distance from 

the boundaries of the study area (Directorate of 

Census Operation 2004, Government of India) 

together with a few non-agricultural human set-

tlements inside Nagarahole National Park 

(Karanth et al. 1999) exert a multitude of an-

thropogenic pressures across the study area.  

The study area has also been reasonably well 

protected for over three decades (Karanth et 

al. 1999), with levels of law enforcement effec-

tiveness varying spatially. Thus, the study area 

offered a good opportunity to quantitatively ex-

amine ungulate-habitat relationships across a 

gradient of ecological, environmental and man-

agement factors.   

Determinants of Gaur Abundance 

Based on our familiarity and earlier work with 

the species and habitats (Karanth et al. 2008, 

2020; Kumar et al. 2021), we hypothesized that 

six variables related to the forest habitat type, 

physical environment and management factors 

likely influenced gaur densities at both local 

and/or landscape scales. The two identified 

habitat variables were ‘eco-climatic distance’ 

and a ‘forage availability index’.  

The eco-climatic distance is a remotely-sensed 

surrogate for the forest vegetation type and is 

defined based on forest habitat structure and 

composition across a moisture gradient at 

landscape-level (Krishnaswamy et al. 2009). 

The forage availability index is a field-based 

measure of the potential palatable forage avail-

able to gaur at the local scale. The physical en-

vironment variables we selected included a 

GIS-based measure of distance to water 

sources, and, a remotely-sensed measure of 

variance in slope, which is indicative of terrain 

undulation. The management variables we 

chose included a field-based measure of hu-

man disturbance index at the local scale and a 

categorical disturbance index at the landscape 

level indicating likely hunting pressures.  

We note that the last two variables describe 

two distinct forms of anthropogenic disturb-

ances. Their measured levels are inversely re-

lated to effectiveness of management efforts to 

curb human impacts. We hypothesized that the 

direction and strength of these variables will 
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Field Methods 

Gaur count data 

Gaur count data were collected using rigorous 

line transect survey protocols relying on visual 

detection and counts of gaur (Buckland et al. 

2001; Thomas and Karanth 2002; Karanth et 

al. 2002) as a part of a macro-ecological study 

of predator-prey population dynamics (Karanth 

et al. 2020). The line transect survey system 

consisted of 77 square samplers, each 3.2 km 

long, systematically placed at a bi-directional 

spacing of 3 km covering the study area (Fig. 

1) and the field surveys were conducted in 

April 2005 (in Nagarahole) and in April 2006 (in 

Bandipur), within a span of <30 days each. De-

tailed field protocols used in this study are de-

scribed in Karanth et al. (2002) and Kumar et 

al. (2017). The surveys yielded counts of 154 

clusters of gaur on 464 replicated transect 

walks that added up to a cumulative distance 

of 1404 km.  

Covariate data 
 
Among the six covariates identified by us A pri-

ori, the forage availability index and the human 

disturbance index were measured along the 

same transect lines during separate surveys 

conducted in the same season (March – May).  

Figure 1: Map showing the system of line transects in the Nagarahole-Bandipur study area. Inset map shows the 

location of the study area in India. 
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We used a nested plot design (Reddy et al. 

2016) to enumerate plants encountered within 

the primary, secondary and tertiary plots, 

which are fully described in Kumar (2011) and 

Kumar et al. (2021). We assessed palatability 

of each plant species to gaur based on pub-

lished information, ethno-botany and empirical 

observations and then computed an index of 

palatable forage plants available/m2 for each 

line transect. We hypothesized that this index 

will positively influence gaur density at transect 

level.  

To compute the human disturbance index, we 

recorded all signs of activities, such as, cut 

plant stems, logged trees, lopped trees, tree-

notches, fire, cattle dung, poaching, dead 

wood extraction, soil extraction, etc., detected 

along each 100 m transect segment during a 

separate survey conducted in the dry season 

and constructed a composite human disturb-

ance index for each line transect as the prod-

uct of the intensity and the frequency per km of 

survey effort (see Kumar et al. 2021 for de-

tails). We hypothesized that the gaur density 

would be negatively influenced by human dis-

turbances at local (transect) scale.  

We also measured four variables at the land-

scape scale for each of the 1-km2 grid-cells su-

perimposed over the study area. Eco-climatic 

distance is a quantitative, remotely sensed 

metric derived from the multi-date Normalized 

Difference Vegetation Index (NDVI) to describe 

variability in forest type at an ecologically rele-

vant continuous scale (Krishnaswamy et al. 

2009). Very high values of eco-climatic dis-

tance corresponded to dry deciduous forests 

and degraded scrub with low plant productivity 

and high seasonal variation, while lowest val-

ues represented tropical wet evergreen forests 

with high plant productivity and low seasonal 

variation. However, tropical evergreen forests 

support lower abundance of ungulates due to 

lower nutrient quality in plants (Olff et al. 2002). 

Therefore, we expected a quadratic relation-

ship between ungulate abundance and eco-

climatic distance, with ungulate abundance ini-

tially increasing with eco-climatic distance up 

to a threshold level representing moist decidu-

ous forests and then declining with increasing 

eco-climatic distance. We extracted eco-

climatic distance values for each of the 1-km2 

grid-cells of the study area from the data layers 

developed separately for another conservation 

study (Das et al. 2006) and hypothesized gaur 

density to decline with increasing eco-climatic 

distance. 

To measure the variable, distance from water, 

at landscape-level, we first mapped all perenni-

al water sources in the study area using a 

GARMIN 12 XL GPS unit. We then overlaid the 

digital overlays of streams, rivers and reser-

voirs, and computed the mean distance from 

the center of each 1-km2 grid-cell to nearest 

water source. We expected gaur density to in-

crease with shorter distances to water sources.  

We used remotely sensed Shuttle Radar To-

pography Mission (SRTM) elevation data at 

200 m pixel resolution (Jarvis et al. 2008) to 

extract variance in slope for each 1-km2 grid-

cell. The variance in slope best described the 

topography, with higher values indicating more 

undulating terrain. We predicted the variance 

in slope to positively influence gaur density.  

We used a categorical measure of protection 

effectiveness as the last variable in our model. 
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A number of factors viz., the history of protec-

tion in the reserve, available protection infra-

structure, proximity to human settlements, fre-

quency of patrols, the number of forest offence 

cases booked per patrolling effort etc., influ-

ence the overall effectiveness of protection. 

We categorized the effectiveness of protection 

level in each 1-km2 grid-cell as low, medium or 

high based on an assessment of such factors, 

using both published (Karanth et al. 2001) and 

unpublished sources. We used an inverse in-

dex as a measure of lack of effectiveness of 

protection in our model structure. We expected 

higher densities of gaur in grid-cells with lower 

management ineffectiveness.  

Analytic Methods  

We used a Hierarchical Distance Sampling 

model that was developed for assessing ungu-

late-habitat relationships (Kumar 2011), the 

details of which are available in Kumar et al. 

(2021). Briefly, the Bayesian hierarchical spa-

tial model we used has two components; a pro-

cess model that describes the ecological pro-

cesses determining gaur abundance and an 

observation model describing the line transect 

sampling process involved in our field surveys. 

The abundance process model used a Poisson 

regression to assess the effects of covariates 

on gaur abundance at both local (transect) and 

landscape (grid-cell) levels. The model includ-

ed a Gaussian Conditional Autoregressive 

(CAR) prior for modeling the spatial variation in 

density. This model enabled incorporation of 

both deterministic and stochastic effects for 

explaining the spatial variation in gaur abun-

dance. We used a standard half-normal detec-

tion function to model the observation process. 

Additionally, the observation model included 

cluster size as an individual covariate that af-

fected the detectability of gaur groups counted. 

We specified a zero-truncated Poisson distri-

bution for modeling the cluster size. Thus, the 

detection probability of gaur was an increasing 

function of its cluster size and a decreasing 

function of its distance from the transect line. 

Although the perpendicular distance measured 

and cluster size observed were exact, we as-

signed detections to discreet classes of dis-

tance and cluster size to account for measure-

ment errors and for computational ease. De-

tailed formulations of the models together with 

the model philosophy used for this analysis are 

fully described in Kumar et al. (2021).  

We implemented the model in R (version 3.6.1; 

R Core Team 2019) using the NIMBLE pack-

age (version 0.8.0; NIMBLE Development 

Team 2019). We scaled and centered all co-

variates to improve MCMC convergence 

(Gelman et al. 2004). We used non-informative 

priors to specify the prior probability distribu-

tions of the model parameters and used a sin-

gle long Markov chain with plausible initial val-

ues to improve mixing of parameters. We ran 

the model specification code for 200,000 itera-

tions after specifying an initial burn-in of 20,000 

iterations. The posterior distribution summaries 

of the parameters along with their associated 

Monte Carlo errors were estimated using R 

package ‘mcmcse’ (Version 1.3-2; Flegal et al. 

2017). We used Monte Carlo error estimates to 

assess the reliability of posterior summaries 

(Dorazio 2016). We assessed the direction and 

magnitude of the influence of individual predic-

tor variables on gaur density by examining the 

posterior summaries of the regression parame-

ters.  
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Using the effects of covariates, we predicted 

density of gaur clusters in each 1-km2 grid-cell 

and multiplied by its estimated mean cluster 

size to compute expected number of individual 

gaurs in each grid-cell. We then derived the 

posterior summaries of gaur density for the 

study area, as well as for Nagarahole and Ban-

dipur parks separately. Using GIS software 

QGIS (version 3.10.0-A Coruña; QGIS Devel-

opment Team 2019), we mapped variations in 

density across the study area to identify local 

‘hot spots’ of gaur abundance.    

Results 

Gaur encounter rate, detectability and cluster 

size 

We encountered 154 clusters of gaur over a 

cumulative sampling effort of 1404 km, during 

464 replicate walks along 77 transects lines. 

We sighted gaur on 48 transects and the total 

number of clusters detected in each transect 

ranged between 1 and 26. The naïve mean en-

counter rate was 0.11 clusters per km walked, 

indicating the sparse nature of data arising 

from such surveys of tropical forest ungulates 

even in a reasonably well-protected area. The 

counts of detected clusters, and, the absence 

of sightings in 29 line transect spatial repli-

cates, show substantial spatial variation in en-

counter rates.   

The probability of detection of clusters of gaur 

decreased with greater distances from the tran-

sect line, whereas it increased with higher clus-

ter size. Thus, the estimated detection proba-

bilities of smaller clusters declined with perpen-

dicular distance much more rapidly at shorter 

distances than the estimated detection proba-

bilities of larger groups at longer distances 

(Fig. 2). Nearly 70% of the observed clusters of 

gaur were at < 60 m perpendicular distance 

and these clusters had < 8 individuals. Howev-

er, the maximum observed perpendicular dis-

tance, and cluster size, were respectively 

249.9 m and 25 individuals. The probabilities of 

detecting clusters with > 8 individuals, at dis-

tances > 60 m were substantially lower.  

The estimated posterior mean of the effective 

strip width for gaur detections was 71.4 m 

(posterior median 71.1; 95% credible interval 

54.6 – 92.5). This is in stark contrast to the na-

ïve mean strip width of 38.6 m computed when 

detection probability was ignored. The ~ 46% 

downward bias in the naïve estimate of strip 

width shows why it is critically important to esti-

mate detection probability in line transect sur-

veys to obtain unbiased estimates of gaur den-

sities.  

Although the largest detected cluster consisted 

of 25 individuals, ~ 80% of the clusters had ≤ 6 

individuals. Because of the smaller sample siz-

es of larger clusters, the uncertainty in the de-

tection probability of larger cluster sizes was 

higher.  

The posterior mean and posterior median of 

the overall cluster size was 4.8 individuals 

(95% credible interval 4.49 – 5.21), which is 

marginally higher than the observed mean (4.2 

individuals). The underestimation of the cluster 

size at greater perpendicular distances is likely 

to be due to the screening effect of thick under-

story vegetation prevalent in the study area.  

Determinants of gaur density 

The effects of all predictor variables on gaur 

density were in the same directions as we hy-

pothesized A priori, except for the two covari-
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ates representing eco-climatic distance and 

distance to water. The strength of these esti-

mated relationships varied considerably be-

tween the transect-level and landscape-level 

covariates. Densities of gaur clusters were 

associated positively with terrain undulation 

as well as with protection effectiveness and 

negatively with human disturbances. The ef-

fects of all other covariates were not signifi-

cant. The summaries of the posterior distribu-

tions for the effects of all hypothesized deter-

minants on expected cluster densities are re-

ported in Table 1.  

Between the two habitat covariates, the tran-

sect-level covariate of forage quantity posi-

tively, but somewhat weakly, influenced gaur 

density, while the landscape-level covariate 

of eco-climatic distance had no effect. In-

creasing terrain undulation had a strong posi-

tive effect on gaur density. Another physical 

environmental covariate, the distance to wa-

ter, had no effect.  

 

Gaur density was influenced positively by 

more effective protection at the landscape 

level, whereas human disturbance depressed 

gaur densities locally.  

Covariate Mean SD MCse 95% Credible Interval 

Forage quantity 
 0.16 0.21 0.006 (−) 0.27 – (+) 0.58 

Eco-climatic distance 

  
 0.01 0.38 0.012 (−)1.06 – (+) 0.43 

Terrain undulation 

  
 0.73 0.29 0.009 (+) 0.13 – (+) 1.29 

Distance to water 

  
 0.10 0.21 0.004 (−) 0.31 – (+) 0.51 

Human disturbance 
−0.38 0.35 0.005 (−) 1.16 – (+) 0.20 

Protection ineffectiveness 

  
−0.50 0.28 0.007 (−) 1.07 – (+) 0.05 

Table 1: Estimated posterior mean, standard deviation (SD) and Monte Carlo standard error (MCse) with 95% credible 

intervals for the effects of covariates on expected cluster density of gaur in the Nagarahole-Bandipur study landscape. 
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Figure 2: Estimated relationship between the probabil-

ity of cluster size detection and the perpendicular dis-

tance from the transect line for each of the cluster size 

categories (depicted in different colors) of gaur in the 

Nagarahole-Bandipur study landscape in India. Ex-

pected number of individual animals in each cluster 

size category is in the legend.  
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Spatial variation in gaur density  

The estimated density of gaur in each 1-km2 

grid-cell showed a positively skewed distribu-

tion. Hence, we used median values to map 

the spatial variation of gaur density in the 

study area (Fig. 3).  

This map clearly shows local ‘hot spots’ of 

gaur abundance within the study area. We pro-

vide (Table 2) a summary of the spatial distri-

bution of the posterior median estimates of the 

local densities of gaur within the study area as 

well as in Nagarahole and Bandipur National 

Parks separately.  

Species   
Posterior 

mean 

Posterior 

median 

95% Credible Inter-

val 

Nagarahole 

Cluster density 0.28 0.26 0.08 – 0.66 

Individual density 1.36 1.26 0.39 – 3.19 

Bandipur 

Cluster density 0.70 0.36 0.09 – 2.82 

Individual density 3.39 1.74 0.44 – 13.65 

Overall Study 

Area 

Cluster density 0.50 0.29 0.08 – 2.16 

Individual density 2.42 1.40 0.39 – 10.45 

Figure 3: Spatial distribution of the estimated fine-scale (1-km2 grid-cell level) density of gaur (posterior median; 

number of individuals / km2) and its local ‘hot spots’ of abundance in the Nagarahole-Bandipur study landscape.  

Table 2: Posterior Summaries of the spatial distribution of fine-scale (1-km2 grid-cell level) cluster density (number of 

clusters / km2) and individual density (number of individuals / km2) of gaur within the sampled area 
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The estimated density of gaur (posterior medi-

an 1.7 / km2) was higher in Bandipur than in 

Nagarahole (posterior median 1.3 / km2). The 

estimated posterior mean density of gaur in the 

study area was 2.4 / km2 (posterior median 

1.4; 95% credible interval 0.4 – 10.5). 

Discussion 

Modeling gaur density: Application of hierar-

chical spatial models  

Our hierarchical spatial model fitted the data 

well and accurately predicted spatial distribu-

tion of gaur densities within the study area. 

The Bayesian density surface model was able 

to predict abundance for each 1-km2 grid-cell, 

enabling us to derive gaur density estimates 

for any subset area of interest. This facilitates 

comparison of gaur densities across different 

management regimes or spatial units. Such 

rigorous assessments help wildlife managers 

to identify optimal habitat requirements, attain 

targeted abundance levels and estimate poten-

tial carrying capacities.  

The hierarchical spatial model is able to handle 

smaller sample sizes typical in ungulate sur-

veys. In standard distance sampling, such low 

numbers of detections of animal clusters pre-

vent investigators from estimating local densi-

ties and examining their spatial distribution. 

Our hierarchical spatial model augmented clas-

sical distance sampling method despite sparse 

data (gaur encounter rate 0.11 clusters per km 

walked) employed. The model permitted esti-

mation of gaur density at the large landscape 

scale (1400 km2), spatial distribution of the lo-

cal densities, and effects of habitat, physical 

environment and management factors on den-

sity at multiple spatial scales. These are im-

portant ecological information necessary for 

management and conservation of gaur popula-

tions.  

Determinants of gaur density 

 

The six covariates together captured the spa-

tial variation in gaur densities, although eco-

climatic distance did not influence abundance 

in the study area. Gaur is a large-bodied bulk 

feeder (Hofmann 1989, Ahrestani and Karanth 

2014) and its diet consists of coarse and dry 

grasses including bamboo, browses such as 

leaves and twigs of shrubs, forbs and trees 

(Schaller 1967, Ahrestani et al. 2012). Thus, 

gaur abundance is more likely to be dependent 

on quantity rather than quality of forage, com-

pared to selective feeders. Density of gaur, a 

grass roughage eater (Schaller 1967), was 

moderately influenced by the availability of for-

age. This is likely due to the fact that surveys 

were conducted in dry season when most 

grasses dry up and large ungulates opportunis-

tically shift to browse. 

 

The variance in topographic steepness posi-

tively affected gaur density. This result is con-

sistent with natural history observations and 

scientific studies (Schaller 1967; Ahrestani 

2009). The weak relationship between gaur 

abundance and distance to water was possibly 

due to the widespread availability of water in 

the form of three large reservoirs, several 

streams and more than 250 natural and man-

made ponds spread throughout the study area. 

Gaur density was depressed where illegal 

hunting pressure was likely high. The human 

disturbance index we used is a quantitative 

measure of anthropogenic impacts at local lev-

els. Gaur appears to avoid areas where such 

human impacts were higher.          

Research and Reports 
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Synthesis 

India appears to be the most important refuge 

for gaur range-wide, with 15 of its states har-

boring populations (Duckworth et al. 2016). 

Presently, four large landscapes (Western 

Ghats, Eastern Ghats, Central Indian and 

Northeast forests) and smaller ones in Bihar 

and West Bengal states support gaur popula-

tions and the most extensive among these is in 

the Western Ghats. Mixed deciduous forests 

cover ~ 140,000 km2 (65%) in India (Roy et al. 

2015). These are the most productive habitats 

for gaur and other large ungulate species 

(Kumar et al. 2021). Although an area of ~ 

40,000 km2 of these deciduous forests are cov-

ered by wildlife reserves, overall, the status of 

most gaur populations across these habitats is 

low or declining due to various anthropogenic 

pressures. In this context, the strong evidence 

we present here on the importance of effective 

protection is critical for securing and recovering 

remaining gaur populations. Our results also 

highlight the significant opportunities that still 

exist to manage these forests to support much 

higher gaur densities. We submit that focused 

protection efforts rather than habitat modifica-

tion or enrichment measures should be the pri-

mary recovery strategy for gaur in India as well 

as in the rest of its distributional range. 
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