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ABSTRACT 18 

Context Species distribution models (SDMs) are widely used to estimate species’ potential 19 

distribution at landscape to regional scales.  However, the quality of occurrence data is often 20 

compromised by sampling bias.  The negligence of data quality assessment could raise serious 21 

concerns on model accuracy.   22 

Objectives. We propose a model-independent composite measure - representativeness and 23 

completeness (RAC) index - to evaluate the quality of species occurrence data.  We demonstrate 24 

(1) the impact of spatial data quality as measured by RAC on model performance and (2) the 25 

feasibility of applying RAC in actual modeling process.   26 

Methods. By using a set of computational experiments on a virtual species, we calculated 27 

RAC values for a set of occurrence data (35 runs x 50 datasets x 5 series) representing different 28 

degrees of sampling biases.  We evaluated model performance (reliability and accuracy) using 29 

three different model algorithms; and we associated model performance with RAC values.  Two 30 

case studies were also conducted to demonstrate the association between RAC and model 31 

performance. 32 

Results. Model reliability stabilizes when RAC reaches a threshold of 0.4.  Model 33 

accuracy also stabilizes when RAC reaches 0.4 or 0.5 for models with or without complete 34 

predictors, respectively.  Model performance is more sensitive (i.e., has larger variability) to data 35 

completeness than representativeness.  Our case studies further demonstrated that RAC value is 36 

closely related to model performance. 37 

Conclusions. Performance of SDMs is closely related to the quality of species occurrence data, 38 

which can be measured by our model-independent composite index - RAC.  We recommend a 39 

minimum RAC value of 0.4 for reliable and accurate SDM predictions.  To improve prediction 40 
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accuracy, sampling with multiple centers in a systematic fashion across the environmental space 41 

is desired.  42 

 43 

Keywords Species distribution modeling, data quality, representativeness, completeness 44 

  45 



4 

INTRODUCTION 46 

Species distribution models (SDMs) estimate the relationship between species occurrence or 47 

abundance with the corresponding environmental conditions using a set of statistical methods 48 

(Elith and Leathwick 2009).  Due to the wide availability of species occurrence data and efficient 49 

modeling tools, SDMs have received increasing attention from forecasting risk of biological 50 

invasions and impacts of climate change to spatial conservation planning and historical 51 

biogeography, with thousands of papers being published annually (Franklin 2013).  The products 52 

of SDMs, usually the predicted distribution maps or habitat suitability maps at landscape to 53 

regional-scales, often serve as the foundation and possibly the only reliable information for 54 

conservation planning, risk assessment, or resource management implementations (Franklin 55 

2009). 56 

 57 

However, the quality of species distribution data is often compromised by sampling bias in terms 58 

of spatial distribution, especially for presence-only data.  For example, sampling intensity may 59 

not be consistent across regions.  Some regions are under-sampled due to poor site accessibility 60 

or incomprehensive survey plan, while other regions are over-sampled (Peterson and Holt 2003; 61 

Phillips et al. 2006).  In addition, sometime only part of the presence data was used in the 62 

modeling process.  Therefore, the accuracy and reliability of SDMs are likely compromised by 63 

incomplete or biased survey data. 64 

 65 

Paradoxically, the lack of comprehensive observations is probably the most important reason for 66 

using SDMs to extend the data availability for conservation planning and resource management 67 

purposes, predicting species distributions in the remote areas that field surveys are not able to 68 
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cover.  To improve the performance of SDMs based on ‘imperfect’ species distribution data, a 69 

set of methodological approaches have been advanced in the recent years, such as sampling bias 70 

correction (Kramer-Schadt et al. 2013), data quality discrimination (Hortal et al. 2001), 71 

appropriate predictor selection and model parameterization (Elith and Leathwick 2009; Merow et 72 

al. 2013), and consensus forecasting (Araújo and New 2007).  However, inherent limitations of 73 

the sampling data cannot be fully corrected only through these approaches (Merow et al. 2013; 74 

Phillips and Elith 2013).   75 

 76 

This raises an important question addressed in this paper: can we estimate model performance, 77 

both in reliability and accuracy, based on the quality of species occurrence data prior to the 78 

application of SDMs?  Among many components of SDMs, species occurrence data are the 79 

foundation for the prediction of species occurrence probability or habitat suitability.  Therefore, 80 

the quality of the occurrence data can be a decisive contributor for the performance of SDMs.  81 

Currently, limited systematic frameworks have been suggested to evaluate the quality of species 82 

distribution data used for SDMs (but see Hortal and Lobo 2005; Lobo and Martín‐Piera 2002; 83 

Luoto et al. 2005; Reese et al. 2005), and no quantitative tool is available to evaluate the quality 84 

of species distribution data. 85 

 86 

The key questions in evaluating the quality of occurrence data are: what are the most important 87 

factors that influence the quality of species distribution data, and how can the quality of species 88 

distribution data be quantitatively assessed? Fortunately, all existing SDMs share one important 89 

characteristic -- they are essentially all statistical models (Austin 2007; Elith et al. 2006).  These 90 

statistical models require two underlying assumptions to comply with the basis of ecological 91 
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niche theory: (1) the sampling occurrence should be representative of the extent of the ecological 92 

niche in the environmental space (whether it is in a fundamental or realized niche depends on the 93 

model method) and (2) the sampling occurrence should be at equilibrium, covering the entire 94 

extent of the ecological niche in the environmental space (Araújo and Pearson 2005; Guisan and 95 

Thuiller 2005).  Representativeness is defined as the sampling data being randomly distributed 96 

throughout the ecological niche; while equilibrium is defined as the occurrence data 97 

comprehensively covering the entire niche and being absent in the locations outside of the niche, 98 

which we refer to as completeness (Araújo and Pearson 2005; Guisan and Thuiller 2005; 99 

Václavík and Meentemeyer 2012).  Although the two assumptions are rarely satisfied in actual 100 

survey data (Acevedo et al. 2012), they can be used to quantify the quality of species distribution 101 

data, especially presence-only data.  More specifically, we can calculate the degree of 102 

representativeness and completeness of the data in the environmental space of known niche or 103 

observed occurrence range. 104 

 105 

In this study, we proposed a novel quantitative measure, representativeness and completeness 106 

(RAC) index, to assess SDMs’ predictive reliability and accuracy based on the two assumptions 107 

mentioned above by focusing only on the characteristics of species occurrence data.  The 108 

application of RAC will allow modelers to determine the quality of occurrence data and the 109 

confidence of modeling results independent of SDMs.  We studied the relationship between the 110 

sampling pattern of occurrence data in the environmental space (constructed by bioclimatic 111 

variables) and model performance.  Our hypothesis is that the quality of occurrence data, as 112 

measured by our RAC index, is positively related to model performance.  By focusing on the 113 

occurrence data, modelers can discern a very basic but essential assessment of the ‘usefulness’ of 114 
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their data and the expected accuracy and reliability.  We expect this study will greatly benefit the 115 

research and practices of the macrosystem ecology, biogeography, and conservation community 116 

by avoiding seriously biased or incorrect model outputs that are based on species distribution 117 

data of unsatisfactory quality.   118 

 119 

METHODS 120 

We examined the influence of occurrence data quality on model performance by using a virtual 121 

species living in a scaled environmental space with the following major steps.  First, we created a 122 

gradient of occurrence patterns representing different degrees of sampling biases, and measured 123 

the corresponding data quality with RAC.  Second, we evaluated model performance (reliability 124 

and accuracy) for three different model algorithms using the ‘binned’ evaluation method for each 125 

datasets.  Third, the relationship between data quality and model performance was analyzed and 126 

critical thresholds of RAC were identified where the model performance was significantly 127 

improved and stabilized. 128 

 129 

Virtual species in a scaled environmental space 130 

We created a virtual species living in a scaled environmental space.  Two environmental 131 

variables (predictors): temperature (T) and precipitation (P), both scaled with a range of 0 to 1, 132 

were used to create the environmental space (akin to Phillips and Elith 2010).  The extent of this 133 

environmental space includes all existing environmental conditions that occurred in all known or 134 

observed areas, which is equivalent to the ‘biotope’ according to the classic niche concept of 135 

Hutchinson (Franklin 2009).  We assumed that the true probability of presence of this virtual 136 

species is defined as pT = (T+P)/2 in this environmental space.  The utilization of this scaled 137 



8 

environmental space allows our findings to be applicable to both generalist and specialist species 138 

since the niche studied here is in a relative scale (0 to 1) regardless of its actual niche width.   139 

 140 

Point pattern gradients 141 

We designed five data series to represent possible spatial distribution patterns of sample 142 

locations.  To clarify, the simulated point patterns in the following procedure are not the 143 

representations of the underlying species distribution, which could have different patterns (e.g., 144 

clustered, random, etc.) that are often species or taxonomic groups specific; rather, the simulated 145 

patterns are the representations of possible sampling results due to different degree of sampling 146 

biases. 147 

 148 

Each of the five data series has 50 unique point patterns that evolve gradually from highly 149 

clustered to completely random following the method by Ong et al. (2012) (Figure 1).  In order 150 

to obtain a continuous and gradual transition, each point pattern was created by combining point 151 

samples from a random distribution in one or several grid squares (Z1) and the complimentary 152 

subareas (Z2, which is the total area minus Z1) of the environmental space (Ong et al. 2012).  153 

Because sample size could be an important factor influencing model performance where small 154 

sample size (n<30) cannot produce consistent predictions (Wisz et al. 2008), we used a total of 155 

1,000 points to generate each point pattern to ensure sample size will not impact our analysis.  156 

Z1 contains 990 point locations and Z2 contains 10 point locations (see Appendix 1 for detailed 157 

procedure for point pattern generation).  We used the ‘Create Random Points’ tool in ArcMap 158 

(ESRI, Redlands, CA, USA) to generate the random point patterns in Z1 and Z2 with a Poisson 159 

distribution.   160 
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Although each dataset was generated through combining random points from Z1 and Z2, our 161 

preliminary analysis indicated that it did not completely eliminate the possibility of regional 162 

pattern bias in the environmental space (e.g., highly clustered in one subarea of Z1).  Therefore, 163 

to reduce the possible spatial bias due to random chances, we ran 7 iterations to generate 164 

different sets of random points (i.e., each iteration generates different point patterns representing 165 

locations of presence/pseudo-absence of the virtual species for each of the 50 datasets in each 166 

series).  ‘Presence’ or ‘absence’ of each point was determined via Bernoulli trials (0 and 1) based 167 

on the occurrence probability (PT) at a given location.  Note that the term ‘absence’ was not 168 

intended to represent the locations where the environmental conditions were not suitable for this 169 

virtual species; rather, it was used to simulate modeling procedure that based only on presence 170 

data (Franklin 2009; Phillips et al. 2009).   171 

 172 

To simulate the presence/absence at a given point due to random chances (i.e., presence of a 173 

given species may not be observed at a given location during one sampling effort due to random 174 

effects), we ran 5 replications (5 sets of Bernoulli trials) to assign presence/absence values for 175 

each of the 7 iterations.  Therefore, each of the 50 datasets in each series has a total of 35 runs of 176 

occurrence patterns, allowing sufficient statistical power given our computational capacity (5 177 

series x 50 datasets/series x 7 iterations/dataset x 5 runs/iteration = 8,750 runs).  Data analyses 178 

were conducted on each of the 8,750 runs. 179 

 180 

Measurement of species distribution data quality 181 

We created a composite measure - RAC (representativeness and completeness) index - to 182 

quantify the quality of species distribution data.  RAC includes the calculation of nearest 183 
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neighbor statistics (a measure of representativeness) and completeness ratio (a measure of 184 

completeness).  The completeness ratio is the degree of coverage of the observed species 185 

occurrence in the corresponding environmental space of its known or observed niche.  For a two-186 

dimensional environmental space, the completeness ratio (Ω) can be calculated by multiplication 187 

of the completeness of each dimension as follows: 188 

	  189 

where  is the observed occurrence range of the environmental variable i, and Ni is the 190 

corresponding known or observed niche described by the environmental variable i.  The range of 191 

 varies from 0 to 1, which reflects the degree of completeness (Kadmon et al. 2003). 192 

 193 

We used nearest neighbor statistic (R) to measure representativeness based only on occurrence 194 

localities (presence points). The core concept of nearest neighbor analysis is to calculate the 195 

mean Euclidean distances between each paired nearest neighbors, and then compare the result 196 

with the expected or theoretical situation.  According to Clark and Evans (1954), the mean of 197 

observed distance Do can be calculated as: 198 

	
∑

 199 

where ri is the distance for the ith point to its paired nearest neighbor and N is the total number of 200 

points in the environmental space.  The expected mean nearest neighbor distance De in a uniform 201 

random distribution can be calculated as: 202 

	
1
2

	 203 
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where A is the total area of the environmental space in the known or observed niche and n is the 204 

number of points.  The reason we used uniform random distribution to calculate De is that the 205 

critical assumption required for presence-only data based SDMs is the random sampling of space 206 

for accumulating presence only observations (Royle et al. 2012).  Nearest neighbor statistic (R) is 207 

the ratio of observed ( ) to expected ( ) mean nearest neighbor distance (R = Do/De).  R 208 

approaches to 0 if the point pattern is completely clustered, and R approaches to 1 if the point 209 

pattern is uniform random (Clark and Evans 1954, see Appendix 2 for examples).  Our 210 

composite measure (RAC) of the spatial pattern of the species distributions localities was defined 211 

as the product of completeness ( ) and the nearest neighbor statistic ( ), 212 

 213 

RAC varies from 0 (total deviation from completeness and representativeness) to 1 (perfect 214 

completeness and representativeness).   215 

 216 

Simulation of SDMs 217 

We designed three model algorithms to simulate different possible scenarios of actual modeling 218 

methods in terms of the selection of environmental variables akin to Phillips and Elith (2010).  219 

Model 1, p1 = 0.25 + 0.5 T, estimates the probability of species occurrence only based on 220 

temperature.  In practice, this could result from some of the essential predictors controlling the 221 

species distribution not being correctly identified or some predictors being mistakenly excluded 222 

due to a certain SDM method (Phillips and Elith 2010).  Model 2, p2 = 0.25 (T + P) + 223 

0.125 (T + P)2, estimates the probability of presence from both of the variables (T and P) as a 224 

comprehensive suite of the possible combinations of the environmental variables including 225 

interaction terms.  Model 3, p3 = (T+P)/2, is the ‘true’ probability of presence of the species. 226 
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Model evaluation  227 

Model performance is generally described as predictive accuracy, which has two components: 228 

discrimination and calibration (Vaughan and Ormerod 2005).  Discrimination is the ability of the 229 

model to correctly distinguish occupied from unoccupied sites, whereas calibration measures the 230 

agreement between predicted probabilities of occurrence and observed proportions of sites 231 

occupied (Pearce and Ferrier 2000).  In this study, we focused only on calibration - the numerical 232 

accuracy of prediction (Phillips and Elith 2010; Vaughan and Ormerod 2005).  Discrimination 233 

was not calculated because there is no true absence in our environmental space.   234 

 235 

Calibration can be examined graphically via a ‘binned’ method (Pearce and Ferrier 2000; 236 

Vaughan and Ormerod 2005) by plotting the median values of predicted probabilities in each of 237 

the predefined predicted probability intervals against the fraction of the actual observed localities 238 

(marked as ‘presence’) vs. the total localities within each of these probability intervals (see 239 

example in Appendix 3).  The overall calibration across all the predicted probability intervals, 240 

which indicates the general model performance, can be obtained from the slops of a linear 241 

regression line of these plots.  In general, slope = 1 indicates good model calibration, slope > 1 242 

indicates underestimation, and slope <1 indicates overestimation (Vaughan and Ormerod 2005).  243 

In this study, we divided the predicted probability into 10 intervals and plotted the median in 244 

each interval against the fraction of the actual observed localities.  245 

 246 

Association between model performance and data quality  247 

To analyze the association between model performance and RAC, we plotted the mean and 248 

standard error of the slopes from the linear regression of the binned method against the mean 249 
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RAC value of the 35 runs in each dataset for all three models (Figure 2).  Mean of the slope was 250 

used to measure the accuracy (average slope approaching 1 indicates high accuracy); while 251 

standard error of the slope was used to measure model reliability (standard error is minimized for 252 

all 35 runs when models are reliable).  In addition, we used multivariate adaptive regression 253 

splines (MARS) to further illustrate the relationships between RAC values and model reliability 254 

and accuracy, and to detect critical RAC thresholds where model performance are significantly 255 

improved.  256 

 257 

RESULTS 258 

In general, we found that both model reliability and accuracy increase with data quality as 259 

measured by RAC (Figure 2).  As point pattern evolves from highly clustered to near uniform 260 

random, model performance improves.  Note that the trend does not proceed gradually along the 261 

point pattern gradient.  Instead, model performance, in terms of both model reliability (Figure 262 

2a) and accuracy (Figure 2b), ‘jumps’ or ‘turns’ significantly at certain critical RAC values.  263 

These critical points serve as important indicators of model performance for different model 264 

algorithms and point patterns.   265 

 266 

Model reliability dramatically improves as RAC value approaches to 0.4, and stabilizes after this 267 

threshold regardless of model algorithms or spatial point patterns (Figures 2a and 3a).  Model 268 

accuracy also follows the same trend.  Model accuracy improves as RAC value approaches to the 269 

thresholds [0.40 for models with completed environmental variables (Model 2 and Model 3) and 270 

0.50 for models missing key environmental variables (Model 1)], and stabilizes after that 271 
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(Figures 2b and 3b).  All models, except Model 1 in Series E, have an accuracy of greater than 272 

0.7 after RAC value reaching the above thresholds (Figure 4).   273 

 274 

Of the two components that defines RAC index, both representativeness and completeness 275 

values are positively related to model accuracy; while model performance is more sensitive (i.e., 276 

has larger variability) to data completeness than representativeness (Figure 5).  Model accuracy 277 

becomes stable when representativeness value reaches 0.40 for models with completed 278 

environmental variables (Model 2 and Model 3) and 0.85 for models missing key environmental 279 

variables (Model 1) (Figure 5a).  Whereas model accuracy becomes stable only after 280 

completeness value reaches 0.95 for all models (Figure 5b).   281 

 282 

Spatial pattern of presence-only data has a strong influence on model performance.  Models in 283 

series A have higher accuracy and reliability than any other series (Figures 2 and 4).  In general, 284 

both model accuracy and reliability are high even when RAC value is below the threshold. This 285 

is because data in series A have multiple clusters (9 total) evenly-distributed across the 286 

environmental space of the virtual species; while data in other series have a single cluster.  This 287 

again confirms our hypothesis that model performance is very sensitive to the spatial distribution 288 

of species occurrence data, and even to how the points are clustered spatially. 289 

 290 

Models with complete environmental variables (Model 2 and 3), regardless of whether 291 

interactions were included in the model, often achieve model stability easier (with lower RAC 292 

values) than models that lack one or more essential environmental variables (Model 1) (Figure 293 

2).  Model 1 is designed to simulate the possible practical scenario that some important variables 294 
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are not selected in the modeling process or the model mistakenly excluded some environmental 295 

variables.  This indicates the importance of predictor selection since models with incomplete 296 

environmental predictors require a higher degree of completeness and representativeness from 297 

the distribution data to achieve better model performance, which in turn increases the cost and 298 

workload of conducting species survey.   299 

 300 

CASE STUDIES 301 

To demonstrate the use of RAC to measure the quality of species distribution data and its 302 

implications of model performance, we modeled the habitat suitability of two invasive species, 303 

Prosopis farcta (PRFA) and Imperata cylindrica (IMCY).  Presence data of the two species were 304 

obtained from the Global Biodiversity Information Facility (GBIF, www.gbif.org/), a widely 305 

used database for SDMs.  Native ranges for these two species were used to define their 306 

ecological niches.  IMCY was selected to represent the case of poor quality of presence data 307 

since the presence data were clustered in a portion of its native range in the environmental space 308 

even though it has a large sample size (n= 4,913); while PRFA was selected (n=281) to represent 309 

better data quality in terms of spatial coverage.  310 

 311 

Unlike the virtual species modeled above in the idealized landscape, where environmental space 312 

overlaps with geographical space, we need to convert the environmental variables within the 313 

geographical range to environmental space to calculate RAC for actual species.  First, we 314 

obtained six environmental variables (annual mean temperature, isothermality, mean temperature 315 

of coldest quarter, annual mean precipitation, coefficient of variation of monthly precipitation, 316 

and precipitation of driest quarter) from WorldClim (http://www.worldclim.org, Hijmans et al. 317 
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2005) based on knowledge from variable selections of other studies (Austin 2007; Austin and 318 

Smith 1989; Elith and Leathwick 2009).  Second, we used principal component analysis (PCA) 319 

on these six variables to reduce the environmental dimensions to two orthogonal components.  320 

We measured the correlation among the six variables to ensure that the data were suitable for 321 

PCA.  The results indicated that in the correlation matrix, each variable had at least one 322 

correlation coefficient > 0.3 and the overall Kaiser-Meyer-Olkin (KMO) value was >0.5, 323 

satisfying the minimum requirement for conducting a PCA (Kaiser 1974).  The two major 324 

components, PCA1 and PCA2, explained 59.85% and 22.84% of the variability for PRFA and 325 

51.84% and 24.61% for IMCY, respectively.  Third, species occurrence data were then re-plotted 326 

onto the new two-dimensional environmental space (Appendix 4), and their RAC values were 327 

calculated using the procedure described in the methods section.  328 

 329 

To compare RAC value with other model performance indicators, we used MaxEnt (Version 330 

3.3.3k, Phillips et al. 2006) to model the spatial distribution of PFRA and IMCY based on the 331 

same presence data and six environmental variables mentioned above.  ‘Target Group’ 332 

background method was applied to reduce the sampling bias, as suggested by Phillips et al. 333 

(2009).  We used 38 species from our invasive species study (unpublished data) to compose the 334 

locations of the target-group background.  Area Under Curve (AUC) and True Skill Statistics 335 

(TSS) were used to evaluate the model performance (Allouche et al. 2006; Pearce and Ferrier 336 

2000).  AUC is a single-value, threshold-independent indicator of the general model performance 337 

that is not influenced by species prevalence (Manel et al. 2001; Pearson et al. 2013).  However, 338 

AUC is not sensitive to the shift of model accuracy and a poorly fitted model may also receive 339 

high AUC value (Lobo et al. 2008).  On the other hand, although TSS is a threshold-dependent 340 
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evaluation method, it provides the ability to distinguish between a well fitted model and poorly 341 

fitted model, which is also not influenced by the species prevalence (Allouche et al. 2006).  We 342 

used Maximum Sensitivity plus Specificity (MSS, Jiménez-Valverde and Lobo 2007) to 343 

determine the ‘presence-absence’ threshold to calculate TSS. AUC and TSS are complementary 344 

and reflect different perspectives of model performance. 345 

 346 

Results from the case studies further illustrated that RAC value is positively associated with 347 

model performance. RAC value for PRFA is 0.449 (high degree of completeness, Ω = 0.830 and 348 

evenness, R = 0.541).  Correspondingly, AUC and TSS for PRFA were 0.991 and 0.902, 349 

respectively, indicating good model performance.  RAC value for IMCY is 0.215 (lower degree 350 

of completeness, Ω = 0.600 and evenness, R = 0.358).  Correspondingly, AUC and TSS for 351 

IMCY were 0.890 and 0.656, respectively, indicating poor model performance.  Larger 352 

differences were observed in TSS values than AUC.  This is likely due to effect of prevalence of 353 

species occurrence (sample size of IMCY was much larger than PRFA), which may result in the 354 

falsely higher AUC (Allouche et al. 2006). 355 

 356 

DISCUSSION 357 

 358 

In this study, we demonstrated that the quality of species distribution data is closely associated 359 

with the performance of SDMs.  Our results clearly revealed that RAC values are positively 360 

correlated with model performance in both reliability and accuracy.  In general, model 361 

performance stabilizes when RAC reaches 0.40 for models include all necessary environmental 362 

variables, regardless of model algorithm used.   363 
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The correlation between RAC and predictive accuracy clearly confirmed the conclusion from 364 

other studies that sampling bias has a profound impact on predictive accuracy (Kadmon et al. 365 

2003).  However, such sampling bias has been difficult to describe in the modeling work without 366 

survey information, especially for the presence-only data.  In this study, we quantitatively linked 367 

sampling bias to the spatial point patterns of occurrence data in the environmental space.  368 

Modelers can compare to the proposed thresholds and estimate what the predictive results will be 369 

likely achieved when applying these data in their SDMs.   370 

 371 

Research implications 372 

Between the two components that determines RAC value, completeness is more sensitive to 373 

model performance than representativeness.  This partially explains the results that models in 374 

series A have higher accuracy and reliability than any other series because data in series A have 375 

multiple clusters (9 total) evenly-distributed across the environmental space, resulting a higher 376 

completeness and representativeness values compared to data in other series that have a single 377 

cluster.  Our findings agree with a sampling bias correction study by Fourcade et al. (2014), who 378 

found that among five sampling bias correction methods, simple systematic re-sampling (i.e., 379 

subsample of records that are regularly distributed) of available data consistently outperformed 380 

all other methods across various test conditions.   381 

 382 

Our study clearly demonstrated the need of high quality primary data in order to achieve 383 

subsequent accurate modeling results.  As advocated by many prior studies (e.g., Hijmans 2012; 384 

Lobo and Martín‐Piera 2002; Reese et al. 2005), we need well-designed surveys to obtain high 385 

quality data for better model performance.  We suggest the collection or utilization of data with 386 
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high spatial completeness and representativeness for accurate modeling performance if possible.  387 

More specifically, data with multiple centers in a systematic fashion across the environmental 388 

space can facilitate the faster achievement of the recommended RAC threshold than mono-389 

centered data.  390 

 391 

Research applications 392 

We used a virtual species to demonstrate the necessity of high data quality for accurate and 393 

reliable model performance.  Although there are some challenges as often encountered in other 394 

species modeling efforts, results from our computational experiments can be easily applied in 395 

real situations with the following general steps: (1) convert data from geographic space to 396 

environmental space; (2) measure RAC value of sample points in the environmental space, and 397 

(3) compare the calculated RAC value with the recommended minimum RAC value.   398 

 399 

Converting data from geographic space to environmental space can be conducted in two steps.  400 

First, environmental variables that are closely related to the distribution of the target species 401 

should be selected (e.g., Fei et al. 2012).  Second, ordination methods such as principal 402 

component analysis (PCA) or environmental niche factor analysis (ENFA, Hirzel et al. 2002) 403 

need be used to reduce the environmental dimensions to two orthogonal components.  The 404 

resulting two orthogonal components can be used to represent the environmental space for the 405 

target species.  One of the main advantages of calculating RAC values in environmental space is 406 

that moving from geographic to environmental space may reduce erroneous, or misleading, 407 

“representativeness” values.  For example, a species may be clustered in geographic space 408 

because it requires specific environmental conditions that are also clustered on the landscape.  409 
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Conversion to environmental space should alleviate some of this spatial clustering.  The 410 

limitation of this approach is that sometimes the resulted primary and secondary components 411 

cannot adequately represent the variability of the environmental space.  412 

 413 

To measure RAC value in the converted environmental space, we first need to re-plot the 414 

occurrence data onto the new two-dimensional environmental space and calculate RAC value 415 

using the procedure described in the method section.  However, it is not straight-forward to 416 

define the boundaries of the environmental space or niche width (realized vs. fundamental 417 

niches), a common challenge in species distribution models (Elith and Leathwick 2009; Sax et al. 418 

2013).  For our virtual species, we assumed that the fundamental niche, realized niche and 419 

‘biotope’ are approximately equivalent.  This may only apply to broad spatial scales and species 420 

have reached distribution equilibrium.  In practice, we recommend the use of range maps (an 421 

approximation of realized niche) to define the boundaries of the environmental space, as range 422 

maps are often available for many species in North America, Europe, and Asia.  Digital range 423 

maps (or to be digitized from paper versions) can be used to overlay on all environmental 424 

variable layers to define environmental spaces.  After the calculation of the RAC value for the 425 

target species, we can compare it with the threshold value (RAC > 0.4) to determine if the data 426 

quality is acceptable.   427 

 428 

Cautions need be made when applying the proposed RAC index to assess data quality due to its 429 

inherited limitations.  Models used to predict species distribution often involve various 430 

environmental variables such as climate, soil, terrain, geology, land use, and etc.  These variables 431 

often have their limitations on thematic, spatial, and temporal scales, and dimension reduction 432 
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using two principal components may not capture the variations of ecological niches.  Both of 433 

which can limit the feasibility of the application of the proposed 0.4 RAC threshold.  On the 434 

other hand, variables used in SDMs are often highly correlated (e.g., Fei et al. 2007; Liang and 435 

Fei 2014) and climate factors are the first order variables that influence species ranges limits and 436 

are often readily available (Ricklefs and Jenkins 2011; Shen et al. 2012).  Therefore, we 437 

recommend the application of the proposed RAC index primarily on bioclimatic variables as 438 

demonstrated in our case studies.  Additional research is needed to study the impact of the 439 

inclusion of other non-climatic variables and the interplays among environmental variables on 440 

RAC values and the subsequent model performance. 441 

 442 

In conclusion, we demonstrated that the performance of SDMs, in terms of reliability and 443 

accuracy, is closely related to the quality of species occurrence data.  We provided a novel way 444 

to evaluate data quality through a composite measure - RAC, which measures the degree of 445 

proximity to ideal representativeness and completeness.  Modelers can estimate the quality of 446 

model results by calculating the RAC values of their occurrence data and comparing them with 447 

the recommended critical thresholds (RAC > 0.4) prior to their modeling effort.  Unlike other 448 

commonly used model evaluation methods, RAC is model-independent.  Modelers can use this 449 

method to preselect and eliminate unsuitable species distribution data before running any model.  450 

A user-friendly tool is needed to easily calculate the RAC value for various species and model 451 

efforts for the benefit of the ecology, biogeography, and conservation communities. 452 
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 561 

 562 

Figure 1. Distribution of sampling points (dots represent species presence and crosses represent 563 
pseudo-absence) of a virtual species in an environmental space.  (a) Examples of point pattern 564 
gradient from highly clustered (a1 - Dataset 1) and medium clustered (a2 - Dataset 25) to 565 
randomly distributed (a3 - Dataset 50) in data series A; (b) examples of point pattern locations of 566 
medium clustered data (Dataset 25) in Series B (b1), Series C (b2), Series D (b3), and Series E 567 
(b4). See Appendix 1 for detailed spatial arrangement and methodology. 568 

  569 

a1 a2 a3 

b1 b2 b3 b4 
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570 

Figure 2. The relationships between RAC value and (a) model reliability and (b) model accuracy 571 

by data series and model.  Model reliability is measured by standard error of the regression slope 572 

of the binned method (see Appendix 3 for details), while model accuracy is measure by the mean 573 

of the regression slope. 574 
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Figure 3. RAC value at the critical points when model reliability (a) and model accuracy (b) are 
stabilized for the three models in each of the five point pattern series in the environmental space. 
 

  

   
R

A
C

 a
t 

cr
it

ic
al

 p
oi

n
ts

 
   

R
A

C
 a

t 
cr

it
ic

al
 p

oi
n

ts
 

Model 1 
Model 2 
Model 3

Model 1 
Model 2 
Model 3



30 

 

 
Figure 4. Mean accuracy, as measured by the slope of the regression line in the binned 
calibration method, at the critical threshold by model type and data series.  
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Figure 5. The relationships between model accuracy (as measured by the slope of the regression 
line in the binned calibration method) and (a) data representativeness (R) and (b) data 
completeness (Ω) by prediction model.   
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Appendix 1. Summary of distribution center, spatial arrangement, and location of the virtual 
species in the environmental space of the five point pattern series A – E.  
In each series, dataset 1 is highly clustered (non-uniform) and dataset 50 is completely random.  
In series A, Z1 is the combination of the nine grid-squares evenly distributed on the 
environmental space.  The size of each grid unit gradually increases without shifting their centers 
until they covered the entire environmental space at dataset 50.  Meanwhile, Z2 (the 
complimentary subareas of Z1 (total area – Z1)) simultaneously decreases in size until it 
vanishes at dataset 50.  In series B to E, Z1 is a random distribution in one square unit with the 
size equivalent to the total size of the nine grid-square units in series A. Z1 evolves from the 
respective center coordinates specified in the following table and then gradually increases in size 
until it covers the entire environmental space.  Z2 simultaneously decreases in size until vanishes 
at dataset 50.   

 
 

Series Distribution Center of Z1 
Description of spatial arrangement and location of Z1 in 

relation to the edges of the environmental space 

A 

Nine grids centers, evenly 
distributed in the landscape 

(0.167, 0.167), (0.167, 0.500), 
(0.167, 0.833). (0.500, 0.167), 
(0.500, 0.500), (0.500, 0.833), 
(0.833, 0.167), (0.833, 0.500), 

(0.833, 0.833) 

Evolved from Multi-center clustered to random pattern 

Z1: Not touching the edges  

B 
Top right corner of the landscape 

(0.985, 0.985) 

Evolved from Mono-center clustered to random pattern 

Z1: touching edges for both variables, both with top value 

C 
Center of the landscape 

(0.500, 0.500) 

Evolved from Mono-center clustered to random pattern 

Z1: Not touching the edges 

D 

Shift from bottom to center of the 
landscape 

(0.500, 0.150) to (0.500, 0.500) 

Evolved from Mono-center clustered to random pattern 

Z1: Toughing the edge of the Temperature variable 

E 

Bottom right corner of the 
landscape 

(0.985, 0.015) 

Evolved from Mono-center clustered to random pattern 

Z1: Touching the edges for both variables, one with top 
value (Temperature) 
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Appendix 2.  Visualization of basic types of point patterns.  Uniform pattern describes the 
spatial pattern in which the density of points in any subarea of the interested region is equal if the 
size and shape being the same. Conversely, non-uniform pattern describes the pattern with the 
density of points varies between one subarea and the other.  Quantitatively, a regular point 
pattern (a) means the distance between each point and their paired points remains the same for 
one or more specified directions (in this case vertical and horizontal) within the focused area; 
while a random point pattern (b) means the probability of containing a point in one subarea is the 
same as any other subarea of the same size and shape, regardless of the location of these 
subareas. A gradient pattern means (c) the probability of locating one individual point varies 
inversely with distance to the points have already been located from single-clustered center; 
while a clustered pattern (d) means probability of locating one individual point varies inversely 
with distance to the points have already been located, but allowed to have multi-clustered 
centers. 
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Appendix 3 . Binned calibration method. Red line corresponds to the perfect calibration of the 
model, when the plotted points fall on the 1:1 line. The coefficient of the regression line (black) 
represents the overall calibration of each run from the individual datasets (1 to 50) of each series 
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Appendix 4 Point patterns of species occurrence data in the extracted environmental space (from 
the native range) for Prosopis farcta (A) and Imperata cylindrica (B), represented by the 
component scores of the dimension reduction results of PCA. Red dots represent the occurrence 
data locations reflected in the environmental space. Boundaries of the environmental space 
correspond to their environmental space within the native ranges. The extents of the 
environmental space reflect the relative size of the native ranges for these two species 
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