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The association of species distribution and environmental variables is often complex, with
nonlinear and interacting effects. Bayesian hierarchical models can quantify linear and
high order effects of the variables, as well as their interaction effects. Their strength is to
take into account the uncertainties in observation, models, and parameters. However, the
model selection process is usually time-consuming, especially when the number of
environmental variables is large. Random forest, an efficient machine learning algorithm,
can rank the environmental variables so as to facilitate the model selection process. We
analyzed the nest site selection of the crested ibis (Nipponia nippon) at watersheds in its
distribution range. The crested ibis has attracted much attention in the past 30 years due
to its extremely low population level, and now it has recovered to over 1,000 individuals in
the wild. We built Bayesian hierarchical models to quantify the association between the
number of nests in 95 watersheds and nine environmental variables of these watersheds.
We applied random forest to check the effect of every variable and removed the
unimportant variables from the hierarchical models. Unlike our previous studies, we found
that the interaction between the area of rice paddy and the area of water bodies (i.e.
rivers, lakes and ponds) had most contribution to the nest site selection, whereas the
linear terms of either rice paddy or water body had little effects. The detection probability
of the nests during the surveys was inversely associated with elevation and the standard
deviation of elevation (i.e. roughness of the landscape) in the watershed. Our models
provide the insight that the crested ibis need both rice paddies and water bodies in their
annual life cycle. Habitat protection practices should cover not only rice paddies, but also
water bodies to ensure long term survival of this endangered bird.
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INTRODUCTION 12 

Species distribution models (SDMs) have been extensively used to predict the 13 

distribution of species in the geographic space (Allouche et al. 2006; Austin 2007; Li & 14 

Wang 2013; Rota et al. 2011). Hierarchical models can account for uncertainties in 15 

observation, models, and parameters (Royle & Dorazio 2008; Wikle 2003a), and could 16 

have better performance than other SDMs. Hierarchical models can be very complex 17 

and Bayesian method is often used for parameter estimation (Royle & Dorazio 2008). 18 

When the number of environmental variables is large, the model selection process of 19 

Bayesian hierarchical models would be very slow (Beguin et al. 2012). 20 

Random forest is an ensemble machine learning method for classification and 21 

regression that operates by constructing a multitude of decision trees (Breiman 2001a). 22 

Decision trees tend to learn highly irregular patterns, i.e. they overfit their training 23 

datasets. Random forest is a way of averaging multiple decision trees, trained on 24 

different parts of the same training dataset, with the goal of reducing the prediction 25 

variance (Hastie et al. 2008). Random forest is appropriate for illustrating the nonlinear 26 

effect of variables, can handle complex interactions among variables, and is not 27 

affected by multicollinearity (Breiman 2001b). Random forest can assess the effects of 28 

all explanatory variables simultaneously and automatically ranks the importance of 29 

variables in descending order. The partial plot of the explanatory variables provided by 30 

R package randomForest (Liaw & Wiener 2002) can give useful information about the 31 

effect of explanatory variables. The irrelevant variables can be removed from the 32 

hierarchical models. 33 
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SDMs are also sensitive to spatial scales (Levin 1992; Schneider 2001). Species 34 

occurrences are the primary data sources for SDMs. The measurement of the 35 

environmental variables at those occurrences is scale dependent. The accuracy of 36 

distribution prediction by SDMs relies on statistical relationships between existing 37 

species occurrences and environmental variables, assuming that occurrences are 38 

statistically independent. However, species occurrences are often spatially and (or) 39 

temporally autocorrelated. For instance, some occurrences are close to each other in 40 

space, or same individuals are recorded multiple times. In addition, many species, e.g., 41 

migratory birds, use different habitats in different phases of life or annual cycles. 42 

Classic SDMs based on species occurrences can not represent alternations from 43 

breeding sites to overwintering sites. Generalized linear models (GLMs) and 44 

generalized linear mixed models (GLMMs) have been used to analyze changes in 45 

habitat use across multiple spatial scales (e.g., Hatten & Paradzick 2003; Hay et al. 46 

2001; Li et al. 2006; Li et al. 2009); however, these GLMs and GLMMs did not 47 

address different habitat preferences in different seasons.  48 

In this study, we used hirarchical models (composing of several GLMs) to study 49 

the habitat use of the crested ibis (Nipponia nippon) at a regional scale during both the 50 

breeding season and the post-breeding season. Such anaysis at a large spatial scale 51 

enable us to examine the overall habitat preference in its life cycle. 52 

The crested ibis was listed as critically endangered (BirdLife International 2001). 53 

The population size of the crested ibis had been declined severely in the mid- 19th 54 

century (Li et al. 2009) to only two pairs and three nestlings in 1981 (Liu 1981). Now 55 
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there is an estimated of over 1000 individuals of this bird in the wild in China (Zhai & 56 

Li 2012). The ibis has been reintroduced into Japan (Yoshio et al. 2009) and South 57 

Korea (Kim et al. 2011). Although the species-environment relationship of the crested 58 

ibis had been extensively studied (e.g. Li & Li 1998; Li et al. 2006; Li et al. 2009; Ma 59 

et al. 2001; Wang & Li 2008; Wingfield et al. 2000), yet no research was conducted at 60 

a regional scale. 61 

The crested ibis is an ideal species for studying the integrative habitat preference 62 

in both breeding seasons and post-breeding seasons. The bird does not migrate a long 63 

distance (Li et al. 2009). Its breeding habitat and post-breeding habitat are adjacent, 64 

usually within the same watershed of the size of 100-200 square km. In short, habitat 65 

use in different seasons can be studied at a small spatial scale (i.e., watershed). 66 

Furthermore, the bird has been closely monitored since 1981 (Zhai & Li 2012), which 67 

has generated sufficient occurrence data. In this paper, we used nest sites to represent 68 

the habitat use of the crested ibis, since the bird exhibits high selectivity of its nest site 69 

(Li et al. 2006). 70 

METHODS 71 

Study area 72 

Recovered from a few remnant individuals, the wild populations of crested ibis 73 

still reside in Yang County and its neighboring counties in Shaanxi Province, central 74 

China. Yang County is on the south slope of Qinling Mountains. The landscape 75 

composes of forested foothills and steep mountains in the north and gently rolling 76 

croplands in the south, mixed with rivers and ponds. The typical habitat is temperate 77 
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forest mixed with rice paddies and other wetlands (Li & Li 1998; Liu 1981). 78 

During the breeding season (February to June), the crested ibis build nests in tall 79 

trees in the forested foothills, usually in valleys with a stream and several pieces of rice 80 

paddies. Rice paddies serve as the main foraging sites for the crested ibis in the 81 

breeding season (Li et al. 2002a; Li et al. 2006). After the nestlings fledged, the crested 82 

ibis move south to the lower area and forage along rivers and ponds (Yu et al. 2010). 83 

Data 84 

We established a GIS database with a layer of occurrences (nest sites) of the 85 

crested ibis, and eight layers of environmental variables, i.e., elevation, land use 86 

(including vegetation types), annual average temperature, annual total precipitation, 87 

human population density, human footprint index (Sanderson et al. 2002), and Gross 88 

Domestic Product (GDP). We derived one layer of rice paddies and another layer of 89 

water bodies from the land use data. We also calculated the variances of elevation at 90 

each watershed. In total, we have nine environmental variables covering the features of 91 

landform, climate, and human impacts. The means, standard deviations, and ranges of 92 

the variables, as well as the data sources, are listed in Table 1. 93 

The crested ibis occurrence layer consists of 941 records, which are the nest sites 94 

detected from 1981 to 2008, and 2013 (Fig. 1). The breeding pairs occupy an area 95 

ranging from half square km to five square km as their home ranges, and defend them 96 

against any other ibises (Li & Li 1998). The crested ibis has strong fidelity on nest site 97 

selection. They always return to their previous nest sites (Li et al. 2006). They often 98 

build nests on the same tree, and occasionally they use another tree nearby. Whenever 99 
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they are seriously disturbed, they would abandon their nest and select another site for 100 

nesting a few hundred meters to a few kilometers away. Regular surveys were 101 

conducted every year by the staff of the National Nature Reserve for the Crested Ibis 102 

(NNRCI). The staff conducted surveys along local roads and rivers, checking all used 103 

or potential nest sites, and recorded the presence or absence of the bird at those 104 

predefined sites. The data for the year 2009-2012 are incomplete, so that they were 105 

removed from our dataset.  106 

The elevation data was from the Shuttle Radar Topography Mission (SRTM) 107 

dataset with 90 m horizontal resolution (Rabus et al. 2003). The land use data were 108 

polygons identified as cropland (irrigated or non-irrigated), forest, shrub, grassland, or 109 

water bodies (i.e. rivers and ponds), etc., based on remote sensing images, processed 110 

by the Chinese Academy of Surveying and Mapping (Chinese Academy of Surveying 111 

and Mapping 2004a). The irrigated croplands are all rice paddies in the study area. The 112 

population density and gross domestic product (GDP) are two raster layers at the 113 

resolution of one square km, which were processed by Institute of Geographic Sciences 114 

and Natural Resources Research, Chinese Academy of Sciences (Data Center for 115 

Resources and Environmental Sciences 2006a; Data Center for Resources and 116 

Environmental Sciences 2006b). The human footprint index is a raster layer providing 117 

an integrated value representing impacts of human population density, accessibility, 118 

land transformation, and electrical power infrastructure at the resolution of one square 119 

km (Sanderson et al. 2002). The annual average temperature and annual total 120 

precipitation are two raster layers, calculated from monthly values of mean 121 
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temperature and total precipitation for the period 1971-2000 (China Meteorological 122 

Administration 2012). 123 

In this paper, we analyzed the habitat use of the crested ibis at the watershed 124 

scale. Watersheds were delineated based on the digital elevation model using 125 

HydroSHEDs developed by the WWF-US (Guth 2011; Lehner et al. 2006). In total, 95 126 

watersheds were delineated (Fig. 2). Their average area is 154 km2.  127 

Models 128 

We used a hierarchical modeling framework to quantify the association between 129 

species occurrences and environmental variables. Hierarchical modeling can 130 

incorporate the uncertainty of both species habitat selection and species detection 131 

during the surveys (Wikle 2003a; Wikle 2003b). Bayesian hierarchical models are 132 

especially suitable for poor-data and data-poor species (Jiao et al. 2011), and situations 133 

which are dynamics, nonlinear, and full of noises (Wood 2010). 134 

In this study, we aimed to explain the annual count of nest sites within each of 95 135 

watersheds using nine explanatory variables. The environmental dataset has 95 rows 136 

(watersheds) and nine columns. Explanatory variables were standardized by minus its 137 

mean and divided by its standard deviation. 138 

We assumed there were fixed numbers of available nest sites J i (sum of currently 139 

used nest sites and potential nest sites) at watershed i. We also assumed all nest sites in 140 

a watershed had the same environmental conditions. Some nest sites might be used yet 141 

were missed during the surveys.  142 

We applied the logistic regression to fit the nest site selection process and the 143 
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human detection process. At watershed i, the probability of the bird to select a nest site 144 

inside the watershed is psii. The model is: 145 

logit(psii) = b0 + Σ(bm × var(i, m))        (Eq. 1) 146 

where b0 is the interception, bm is the mth coefficient, var(i, m) is the mth explanatory 147 

variable of watershed i. 148 

At watershed i, the probability of a nest being detected during a survey is p. The 149 

model is: 150 

logit(pi) = a0 + Σ(an× var(i, n))     (Eq. 2) 151 

where a0 is the interception, an is the nth coefficient,, var(i, n) is the nth explanatory 152 

variable at watershed i. 153 

The quadratic terms and the first order interaction terms of the explanatory 154 

variables are included in Eq. 1 and 2. 155 

On average, the true number of nest at watershed i is: Ni = J i × psi i. The count of 156 

nest at watershed i is: Yi = Ni × p i. In our model, we used binomial distribution to 157 

simulate the nest site selection and detection processes, and the count of nest at 158 

watershed i is: 159 

Yi ~ dbin (dbin (psi i, 1) × p i, J i)   (Eq. 3) 160 

where dbin(P, N) is a random number that follows binomial distribution with the 161 

probability P and number of trials N. dbin(psi i, 1)is the output (1 for selected and 0 for 162 

not selected) of the nest site selection of one pair of crested ibis.  163 

Bayesian methods were used to estimate variable coefficients. We applied 164 

WinBUGS (Lunn et al. 2000) and the package R2WinBUGS (Sturtz et al. 2005) for 165 
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statistical software R (R Development Core Team 2013) for the analysis. WinBUGS 166 

uses Markov Chain Monte Carlo (MCMC) for model fitting (Lunn et al. 2000). Ten 167 

thousand iterations were run, and the first one thousand were discarded as burn-ins to 168 

avoid the bias caused by the starting values. Three chains (simulations) were run for 169 

each parameter. 170 

With nine explanatory variables and their quadratic and interacting terms, it was 171 

a time consuming task to select relevant variables for the final model. To be more 172 

efficient, we applied random forest (Breiman 2001a) to check the contribution of all 173 

explanatory variables. We included all the nine explanatory variables in the regression 174 

models, ranked the importance of the explanatory variables, and demonstrated the 175 

partial effects of these variables on the number of nests in each watershed. The 176 

variables having higher importance were selected in the hierarchical models. 177 

RESULTS 178 

From 1981 to 2013, the crested ibis population gradually expanded from two 179 

breeding pairs in two watersheds to 236 breeding pairs in 23 watersheds (Fig. 1). The 180 

nest sites mostly clustered in nine watersheds (Fig. 2a). The size of watersheds is not 181 

associated with the number of nests inside the watersheds. Random forest models 182 

indicated that, in 2013, areas of rice paddy and areas of water body are the two most 183 

important factors for nest site selection (Fig. 3a), and the SD of elevation (roughness of 184 

the area) of the watersheds had the highest impact on the detection probability of the 185 

nests (Fig. 3b). The percentage of explained variance for the number of nests and 186 

detection rate of the nests in all watershed ranges from 8.44% to 28.93% (Table 2). 187 
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Random forest models work like a black box because of their complexity. We 188 

used hierarchical models to simplify the habitat use of the crested ibis. We only 189 

selected seven variables on the basis of the importance demonstrated by random forest. 190 

The variables are: area of rice paddy, area of water body, elevation, SD of elevation, 191 

annual average temperature, annual total precipitation, and human population density. 192 

We exhaustively checked the significance of the variables, including the 193 

quadratic term of precipitation and the cubic term of elevation as well as all the second 194 

order interaction terms. Fig. 3a shows the nonlinear relationship between the variables 195 

and the count of nest sites. After Bayesian model selection, only one to two variables 196 

remained in the models (Table 3). The interaction term of area of rice paddy and area 197 

of water body is the only term that is associated with nest site selection in every year. 198 

Elevation and/or SD of elevation are significantly associated with the detection rate 199 

(Table 3). 200 

DISCUSSION 201 

In general, our results are consistent with previous studies (e.g., Li et al. 2002a; 202 

Li et al. 2006; Li et al. 2009; Zhao et al. 2010) that the area of rice paddy and the area 203 

of water body are the most important factors for the nest site selection of the crested 204 

ibis, which means that the food supply is the limiting factor for the bird in its breeding 205 

season. Furthermore, our models detected the interaction term of the area of rice paddy 206 

and the area of water body within watersheds had most contribution to the nest site 207 

selection. The bird needs both rice paddies and water bodies, yet in different seasons. 208 

During the breeding season, rice paddies are the major forage sites. The rice paddies in 209 
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the area (Fig. 2) are mostly overwintering rice paddies (i.e. rice is harvested once in a 210 

year, and then the paddies are left unused for the rest of the time). The local weather is 211 

not warm enough for two harvests in a year. The rice paddies usually have rich food 212 

resources (fish and invertebrate species) for the crested ibis (Zhai & Li 2012). In June, 213 

the breeding season ends; and at the same time rice plants have grown up, which is too 214 

high and dense to be accessed by the crested ibis. At that moment, the adult crested 215 

ibises bring their fledglings to low-elevation areas, where they can forage around water 216 

bodies (i.e. rivers, ponds and lakes). Watersheds with both rice paddies and water 217 

bodies are the favorite habitat, where can support the full life cycle of the bird. The 218 

interaction term in the model is the product of the two wetland types, rice paddy and 219 

water body. The high value of this interaction term indicates that both rice paddy and 220 

water body reach a certain amount, which are also the habitat requirements of the 221 

crested ibis. 222 

The detection rate of the nest site was negatively associated with elevation and 223 

SD of elevation in 2013 (Fig. 3b). The survey teams usually investigate all available 224 

nest sites (areas with rice paddies and tall trees) in the beginning of the breeding season 225 

(i.e. February). At the watersheds with higher elevation and higher SD of elevation, the 226 

road condition is poor (surveyors can hardly cover the entire area), and the visibility is 227 

also poor because of the rough topography of mountains. 228 

The association of the crested ibis and human had been well discussed (Li et al. 229 

2006; Li et al. 2002b). The bird avoids human disturbances, yet it never lives far away 230 

from farms. In this study, none of the three variables of human impact had significant 231 
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contribution to either nest site selection or detection rate by investigators. 232 

Selecting an appropriate sampling scale is important in the habitat modeling 233 

(Albert et al. 2010). We selected watershed as our analysis unit, and found the 234 

interaction term of rice paddy and water body had a significant contribution to the nest 235 

site selection, rather than rice paddy or water body alone. We conclude that the crested 236 

ibis needs both of the two wetland types in their life circle. This result is different from 237 

previous studies that were based on occurrence data (e.g., Li et al. 2006; Li et al. 2009), 238 

which can only address habitat preference at one season (i.e. the breeding season). We 239 

suggest using region-based species distribution models to study the 240 

species-environment relationship, which can provide different information than 241 

point-based models. 242 

The nine variables cannot explain the majority of the variance of either nest site 243 

selection (the number of nests in watersheds) or detection (the number of nests/ the 244 

number of surveys at each potential nesting area) in the random forest model. In the 245 

hierarchical model, most of the variables were not significant. One reason for the low 246 

model performance is that we have a small sample size. Among 95 watersheds, the 247 

crested ibis only selected 23 watersheds to build nests. In spite of small sample size, 248 

we can still detect the significant contribution of the interaction term of rice paddy and 249 

water body consistently in all the years (2006-2008, 2013), indicating the strong 250 

preference of the bird to both rice paddies and water bodies. 251 

Using Bayesian hierarchical model for variable selection from many explanatory 252 

variables, especially when their interaction terms and high order terms are included, is 253 
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a time-consuming task. As such, we adopted an alternative approach: applying random 254 

forest to check the relative importance of all variables and only selecting the top four 255 

important variables into the models. Besides, random forest can help us to select high 256 

order terms. If the partial effect of an explanatory variable shows a bell-shaped or 257 

U-shaped curve (e.g., precipitation in Fig. 3a), a quadratic term for this variable should 258 

be considered. 259 

Random forest is not sensitive to the problem of multicollinearity; it handles 260 

correlated variables well (Breiman 2001b). It runs efficiently with large databases. 261 

Random forest is one of the most accurate learning algorithms with high performance 262 

(Breiman 2001b; Hallett et al. 2014; Li & Wang 2013; Ross & Allen 2014). Using 263 

random forest we can obtain an initial output of the effect of all environmental 264 

variables, and then we can use relevant variables to build hierarchical models in order 265 

to link habitat selection process and human detect process together. The hierarchical 266 

models have simple structure and the variable coefficients are ecologically meaningful, 267 

so that they can be interpreted well. The combination of random forest and hierarchical 268 

models can greatly improve the model selection efficiency. 269 

ACKNOWLEDGEMENT 270 

This work was supported by the Strategic Priority Research Program of the 271 

Chinese Academy of Sciences (XDA05080701) (2011-2015), and the Public Welfare 272 

Project (201209027) of the Ministry of Environmental Protection of China 273 

(2012-2013). 274 

PeerJ PrePrints | http://dx.doi.org/10.7287/peerj.preprints.871v1 | CC-BY 4.0 Open Access | rec: 3 Mar 2015, publ: 3 Mar 2015

P
re
P
rin

ts



14 
 

REFERENCES 275 

Albert CH, Yoccoz NG, Edwards TC, Jr., Graham CH, Zimmermann NE, and Thuiller W. 276 

2010.  Sampling  in ecology  and evolution  ‐ bridging  the  gap between  theory 277 

and practice. Ecography 33:1028‐1037. 278 

Allouche  O,  Tsoar  A,  and  Kadmon  R.  2006.  Assessing  the  accuracy  of  species 279 

distribution models: prevalence, kappa and the true skill statistic (TSS). Journal 280 

of Applied Ecology 43:1223‐1232. 281 

Austin  M.  2007.  Species  distribution  models  and  ecological  theory:  A  critical 282 

assessment  and  some  possible  new  approaches.  Ecological  Modelling 283 

200:1‐19. 284 

Beguin J, Martino S, Rue H, and Cumming SG. 2012. Hierarchical analysis of spatially 285 

autocorrelated ecological data using integrated nested Laplace approximation. 286 

Methods in Ecology and Evolution 3:921‐929. 287 

BirdLife  International. 2001. Crested  Ibis.    The BirdLife  International Red Data Book: 288 

Threatened birds of Asia. Cambridge: BirdLife International, 315‐329. 289 

Breiman L. 2001a. Random forests. Machine Learning 45:5‐32. 290 

Breiman  L.  2001b.  Statistical  modeling:  The  two  cultures.  Statistical  Science 291 

16:199‐215. 292 

China Meteorological Administration. 2012. The meteorological data for China during 293 

the period 1971‐ 2000. Beijing. 294 

Chinese Academy of Surveying and Mapping. 2004a. China basic geographical data. 295 

1:1 million Landcover. Beijing: Chinese Academy of Surveying and Mapping. 296 

PeerJ PrePrints | http://dx.doi.org/10.7287/peerj.preprints.871v1 | CC-BY 4.0 Open Access | rec: 3 Mar 2015, publ: 3 Mar 2015

P
re
P
rin

ts



15 
 

Chinese Academy of Surveying and Mapping. 2004b. China basic geological data: 1:1 297 

million raster data of vegetation and land cover   298 

Data Center for Resources and Environmental Sciences. 2006a. China's gross domestic 299 

product    data (1 km resolution). Beijing. 300 

Data  Center  for  Resources  and  Environmental  Sciences.  2006b.  China's  population 301 

density data (1 km resolution). Beijing. 302 

Guth PL. 2011. Drainage basin morphometry: a global snapshot from the shuttle radar 303 

topography mission. Hydrology and Earth System Sciences 15:2091‐2099. 304 

Hallett MJ, Fan JJ, Su XG, Levine RA, and Nunn ME. 2014. Random forest and variable 305 

importance  rankings  for  correlated  survival  data, with  applications  to  tooth 306 

loss. Statistical Modelling 14:523‐547. 307 

Hastie T, Tibshirani R, and Friedman J. 2008. The Elements of Statistical Learning (2nd 308 

ed.): Springer. 309 

Hatten  JR,  and  Paradzick  CE.  2003.  A  multiscaled  model  of  Southwestern  willow 310 

flycatcher breeding habitat. Journal of Wildlife Management 67:774‐788. 311 

Hay  GJ, Marceau  DJ,  Dube  P,  and  Bouchard  A.  2001.  A multiscale  framework  for 312 

landscape analysis: Object‐specific analysis and upscaling. Landscape Ecology 313 

16:471‐490. 314 

Jiao Y, Cortes E, Andrews K, and Guo F. 2011. Poor‐data and data‐poor species stock 315 

assessment  using  a  Bayesian  hierarchical  approach.  Ecological  Applications 316 

21:2691‐2708. 317 

Kim K‐a, Car  J, Gimtae  L, and Bak H. 2011.  Sex  Identification of  the  First  Incubated 318 

PeerJ PrePrints | http://dx.doi.org/10.7287/peerj.preprints.871v1 | CC-BY 4.0 Open Access | rec: 3 Mar 2015, publ: 3 Mar 2015

P
re
P
rin

ts



16 
 

Chicks  of  the  Crested  Ibis Nipponia  nippon  in  Korea.  Journal  of  Life  Science 319 

21:626‐630 (in Korean). 320 

Lehner  C,  Verdin  K,  and  Jarvis  A.  2006.  HydroSHEDS  Technical  Documentation. 321 

Washington, DC: World Wildlife Fund US. 322 

Levin SA. 1992. The problem of pattern and scale in ecology. Ecology 73:1943‐1967. 323 

Li  XH,  and  Li DM.  1998. Current  state  and  the  future  of  the  crested  ibis  (Nipponia 324 

nippon):  A  case  study  by  population  viability  analysis.  Ecological  Research 325 

13:323‐333. 326 

Li XH, Li DM, Li YM, Ma ZJ, and Zhai TQ. 2002a. Habitat evaluation for crested  ibis: a 327 

GIS‐based approach. Ecological Research 17:565‐573. 328 

Li XH, Li DM, Ma ZJ, and Schneider DC. 2006. Nest site use by crested ibis: dependence 329 

of a multifactor model on spatial scale. Landscape Ecology 21:1207‐1216. 330 

Li  XH,  Ma  ZJ,  Ding  CQ,  Zhai  TQ,  and  Li  DM.  2002b.  Relationship  between  the 331 

distribution of crested ibis and local farmers. Acta Zoologica Sinica 48:725‐732 332 

(in Chinese). 333 

Li XH, Tian HD, and Li DM. 2009. Why the crested ibis declined in the middle twentieth 334 

century. Biodiversity and Conservation 18:2165‐2172. 335 

Li XH, and Wang Y. 2013. Applying various algorithms for species distribution modeling. 336 

Integrative Zoology 8:124‐135. 337 

Liaw A, and Wiener M. 2002. Classification and regression by randomForest. R News 338 

2:18‐22. 339 

Liu YZ. 1981. Rediscovery of  the crested  ibis  in Qin‐ling  range. Acta Zoologica Sinica 340 

PeerJ PrePrints | http://dx.doi.org/10.7287/peerj.preprints.871v1 | CC-BY 4.0 Open Access | rec: 3 Mar 2015, publ: 3 Mar 2015

P
re
P
rin

ts



17 
 

27:273 (in Chinese). 341 

Lunn  DJ,  Thomas  A,  Best  N,  and  Spiegelhalter  D.  2000.  WinBUGS  ‐  A  Bayesian 342 

modelling  framework:  Concepts,  structure,  and  extensibility.  Statistics  and 343 

Computing 10:325‐337. 344 

Ma ZJ, Ding CQ, Li XH, Lu BZ, Zhai TQ, and Zheng GM. 2001. Feeding site selection of 345 

crested ibis in winter. Zoological Research 22:46‐50. 346 

R  Development  Core  Team.  2013.  R:  A  Language  and  Environment  for  Statistical 347 

Computing. Vienna: R Foundation for Statistical Computing. 348 

Rabus  B,  Eineder M,  Roth  A,  and  Bamler  R.  2003.  The  shuttle  radar  topography 349 

mission ‐ a new class of digital elevation models acquired by spaceborne radar. 350 

Isprs Journal of Photogrammetry and Remote Sensing 57:241‐262. 351 

Ross JC, and Allen PE. 2014. Random Forest for improved analysis efficiency in passive 352 

acoustic monitoring. Ecological Informatics 21:34‐39. 353 

Rota CT,  Fletcher RJ,  Evans  JM,  and Hutto RL.  2011. Does  accounting  for  imperfect 354 

detection improve species distribution models? Ecography 34:659‐670. 355 

Royle  J,  and  Dorazio  R.  2008.  Hierarchical Modeling  and  Inference  in  Ecology.  The 356 

Analysis  of  Data  from  Populations,  Metapopulations  and  Communities: 357 

Elsevier Ltd. 358 

Sanderson EW, Jaiteh M, Levy MA, Redford KH, Wannebo AV, and Woolmer G. 2002. 359 

The Human Footprint and the Last of the Wild. Bioscience 52:891‐904. 360 

Schneider  DC.  2001.  The  rise  of  the  concept  of  scale  in  ecology.  Bioscience 361 

51:545‐553. 362 

PeerJ PrePrints | http://dx.doi.org/10.7287/peerj.preprints.871v1 | CC-BY 4.0 Open Access | rec: 3 Mar 2015, publ: 3 Mar 2015

P
re
P
rin

ts



18 
 

Sturtz S, Ligges U, and Gelman A. 2005. R2WinBUGS: A package for running WinBUGS 363 

from R. Journal of Statistical Software 12:1‐16. 364 

Wang GM, and Li XH. 2008. Population dynamics and recovery of endangered crested 365 

ibis (Nipponia nippon) in Central China. Waterbirds 31:489‐494. 366 

Wikle CK. 2003a. Hierarchical Bayesian models for predicting the spread of ecological 367 

processes. Ecology 84:1382‐1394. 368 

Wikle  CK.  2003b.  Hierarchical  models  in  environmental  science.  International 369 

Statistical Review 71:181‐199. 370 

Wingfield JC,  Ishii S, Kikuchi M, Wakabayashi S, Sakai H, Yamaguchi N, Wada M, and 371 

Chikatsuji  K.  2000.  Biology  of  a  critically  endangered  species,  the  Toki 372 

(Japanese Crested Ibis) Nipponia nippon. Ibis 142:1‐11. 373 

Wood SN. 2010. Statistical  inference  for noisy nonlinear ecological dynamic systems. 374 

Nature 466:1102‐1113. 375 

Yoshio M,  Kato N,  and Miyashita  T.  2009.  Landscape  and  local  scale  effects  on  the 376 

orthopteran  assemblages  in  the  paddy  agroecosystems  on  the  Sado  Island, 377 

Japan  with  implications  for  the  habitat  management  for  the  crested  ibis. 378 

Ecology and Civil Engineering 12:99‐107. 379 

Yu X‐P, Xi Y‐M, Lu B‐Z, Li X, Gong M‐H, Shi L, and Dong R. 2010. Postfledging and natal 380 

dispersal  of  crested  ibis  in  the Qinling mountains,  China. Wilson  Journal  of 381 

Ornithology 122:228‐235. 382 

Zhai TQ, and Li XH. 2012. Climate change induced potential range shift of the crested 383 

ibis  based  on  ensemble  models.  Acta  Ecologica  Sinica  32:2361‐2370  (in 384 

PeerJ PrePrints | http://dx.doi.org/10.7287/peerj.preprints.871v1 | CC-BY 4.0 Open Access | rec: 3 Mar 2015, publ: 3 Mar 2015

P
re
P
rin

ts



19 
 

Chinese). 385 

Zhao H‐F, Luo L, Chang X‐Y, Gao X‐B, Li X, Hou Y‐B, and Liu X‐J. 2010. Habitat Selection 386 

of Feeding Sites and Food Abundance of Feralized Nipponia nippon in Autumn 387 

in Ningshan Shaanxi. Chinese Journal of Zoology 45:83‐89 (in Chinese).   388 

389 

PeerJ PrePrints | http://dx.doi.org/10.7287/peerj.preprints.871v1 | CC-BY 4.0 Open Access | rec: 3 Mar 2015, publ: 3 Mar 2015

P
re
P
rin

ts



20 
 

Table 1. The parameters and data sources of the variables that potentially associated 390 

with the nest site selection of the crested ibis and detection rate. 391 

Variables measured within 

each watershed 

Variable parameters 
Unit Source 

Mean Minimum Maximum SD

Area 154.11 32.65 474.66 99.59 square km (Rabus et al. 2003) 

Mean elevation 1018.32 508.43 1891.37 394.91 m (Rabus et al. 2003) 

SD of elevation 243.48 28.84 601.06 121.95 m (Rabus et al. 2003) 

Area of rice paddies 1.67 0.00 12.95 2.31 square km 

(Chinese Academy of 

Surveying and Mapping 

2004b) 

Area of water bodies 0.12 0.00 1.03 0.19 square km 

(Chinese Academy of 

Surveying and Mapping 

2004b) 

Population density in 

2000 
190.36 3.93 1387.31 234.86

person per  

square km 

(Data Center for 

Resources and 

Environmental Sciences 

2006b) 

GDP in 2000 45.34 0.69 453.23 78.75
1000 RMB  

per capita 

(Data Center for 

Resources and 

Environmental Sciences 

2006a) 

Human footprint index 25.04 14.62 47.62 6.67 / (Sanderson et al. 2002) 

Annual mean temperature 

from 1971 to 2000 
12.37 7.61 14.78 1.98 degree Celsius 

(China Meteorological 

Administration 2012) 

Annual total precipitation 

from 1971 to 2000 
878.44 803.36 1049.88 54.57 mm 

(China Meteorological 

Administration 2012) 

392 
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Table 2. The percentage of explained variance by nine environmental variables using 393 

random forest for two dependent variables: number of nests in every watersheds and 394 

detection rate in every watersheds. 395 

Explained variance (%) 

Year Number of nests Detection rate 

2013 26.96 23.44 

2008 8.98 8.44 

2007 13.44 28.70 

2006 16.75 28.93 

396 
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Table 3. The significant variables and their coefficients of the hierarchical models for 397 

the nest sites selection of the crested ibis in watersheds in 2006, 2007, 2008 and 2013. 398 

   Coefficients 

Year Equation Variable Mean SD 

2013 1. detection rate Elevation 0.667 0.278 

2013 1. detection rate SD of elevation -0.590 0.208 

2013 2. occurrence rate Rice paddy x water body 0.692 0.306 

2008 1. detection rate Elevation 0.908 0.361 

2008 2. occurrence rate Rice paddy x water body 0.954 0.434 

2007 1. detection rate Elevation 0.964 0.358 

2007 2. occurrence rate Rice paddy x water body 1.145 0.481 

2006 1. detection rate Elevation 1.048 0.399 

2006 2. occurrence rate Rice paddy x water body 1.128 0.591 

399 
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FIGURE LEGENDS 400 

Figure 1 The locations of nests built by the crested ibis from 1981 to 1997 (a), and 401 

from 1998 to 2008, and 2013 (b). 402 

Figure 2 The spatial distribution and temporal dynamics of nest sites of the crested ibis. 403 

(a) the nest sites (red points) of crested ibis in 2013, watersheds (polygons in grey 404 

colors), rice paddies (green areas), water bodies (rivers, lakes, and ponds in blue), and 405 

human residences (orange areas); (b) the elevation of the study area; (c) the number of 406 

nests in nine mostly used watersheds from 1981 to 2008, and 2013. 407 

Figure 3 The partial effect of every variable for the number of nests in watersheds (a) 408 

and detection rate in watershed (b) on the basis of random forest. The variables were 409 

ranked in descending importance order in the plot. 410 

411 
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