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15 Abstract

16 The choice of appropriate independent variables to create models characterizing ecological 

17 niches of species is of critical importance in distributional ecology. This set of dimensions in which 

18 a niche is defined can inform about what factors limit the distributional potential of a species. We 

19 used a multistep approach to select relevant variables for modeling the ecological niche of the 

20 aquatic Spirodela polyrriza, taking into account variability arising from using distinct algorithms, 

21 calibration areas, and spatial resolutions of variables. We found that, even after an initial selection 

22 of meaningful variables, the final set of variables selected based on statistical inference varied 

23 considerably depending on the combination of algorithm, calibration area, and spatial resolution 

24 used. However, variables representing extreme temperatures and dry periods were more 

25 consistently selected than others, highlighting their importance in shaping the distribution of this 

26 species. Other variables related to seasonality of solar radiation, summer solar radiation, and 

27 some soil proxies of nutrients in water, were selected commonly but not as frequently as the ones 

28 mentioned above. We suggest that the these later variables are also important to understanding 

29 the distributional potential of the species, but that their effects may be less pronounced at the 

30 scale at which they are represented for the needs of this type of modeling.
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31 Introduction

32 Ecological niche modeling (ENM) includes a diverse set of tools used to study potential 

33 distributions of species via characterizations of their environmental requirements [1,2]. In 

34 particular, correlational ENMs use distributional data (occurrence records) and sets of 

35 environmental variables to calibrate models that are used to predict environmental suitability for 

36 a species across a region of interest [3]. Variables appropriate to characterizing and 

37 understanding a species' niche are those that allow identifying conditions that are favorable for 

38 the species, as well as detecting potential limits of what is or is not suitable for a species (e.g., 

39 temperatures that allow maximum growth rates, or maximum temperatures that can be tolerated). 

40 However, differences in the scale at which ecological processes occur and the grain and extent 

41 to which environmental variables are measured make it difficult to select predictors based on 

42 direct interpretations of their biological importance [4]. 

43 The challenge of selecting appropriate environmental variables when characterizing species' 

44 ecological niches using correlative models is well-known in the field of distributional ecology [5–

45 7]. In general, models can be constructed with two main goals: (1) to improve predictions of the 

46 geographic distribution of the species, and (2) to understand which environmental variables are 

47 important constraints on species’ niches. When the goal is to improve model predictive ability, 

48 variables can be selected based on how they improve predictions of independent testing data. In 

49 these cases, environmental data sets that efficiently summarize environmental variation across 

50 an area of interest (e.g., principal components) are commonly considered to be good choices [8]. 

51 However, when models are constructed to understand which and how environmental variables 

52 shape species' ecological niches and geographic distributions, use of biologically meaningful and 

53 interpretable variables becomes more relevant [4]. 

54 Common procedures for selecting environmental predictors in ENM include reducing 

55 multicollinearity, testing contribution of variables to models, selecting variables based on their 
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56 biological importance considering empirical evidence or the experience of researchers, or using 

57 a broad set of variables and letting the algorithm select important variables [9]. Other alternatives 

58 include selecting predictors by transforming original variables to summarize the variance 

59 explained by a set of principal components that are more information-rich and in general, are not 

60 correlated [10,11]. However, interpretation of the role of particular environmental factors in the 

61 characterization of species niches is complicated. More recently, different sets of variables have 

62 been used as part of the parameterizations to be tested during the process of model calibration 

63 [12]. After model selection, one or more sets of variables can be identified as more appropriate 

64 and powerful for use in creating final models.

65 The reality is that, regardless of the method used to determine the set of variables for modeling 

66 ecological niches, the decision is always difficult and the answer is rarely unique or unambiguous 

67 [9]. This complication exists because every step taken to define which variables are best may 

68 result in distinct sets of predictors at the end. For instance, when selecting one variable depending 

69 on correlation values and biological importance, the decision of which variable to keep depends 

70 on the researcher; many times, such an initial decision determines which other variables can or 

71 cannot be considered. Analyses like the variance inflation factor may end up identifying unique 

72 sets of variables; however, the set of variables selected depends on a predefined limit, which is 

73 not a biological consideration [13]. Distinct answers are obtained when different sets of variables 

74 are considered in model calibration, although such sets are usually subject to a priori processes 

75 of selection [14].

76 Implications of using one set or another set of environmental dimensions when creating 

77 models are not negligible, especially in applications in which model transfers to other geographic 

78 or temporal scenarios are required [15–17]. Other less explored complications are the effects that 

79 areas for model calibration, spatial resolution of raster layers used as predictors, and use of 

80 different modeling algorithms have on the variables that get selected. The area across which a 

81 model is calibrated has direct implications on predictions: models may be over- or under-fitted if 
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82 such an area is poorly defined [18,19]. Little is known about how changes in calibration areas 

83 affect decisions related to variable selection during the modeling process. The spatial resolution 

84 of variables is known to affect model calibration and model transfers [6,20]; however, little has 

85 been said about its effects on the final set of variables selected (but see [21]). Distinct modeling 

86 algorithms may also perform better or worse depending on the sets of variables used, as all 

87 predictors influence the model and interact with other variables differently. Again, however, this 

88 factor has not been considered deeply (but see [22]), and the set of variables for modeling is 

89 usually fixed when using multiple algorithms (e.g., [23,24]). 

90 Here we explore the challenges in defining sets of environmental variables in ENM for 

91 Spirodela polyrhiza (greater duckweed), a freshwater plant species with a broad near 

92 cosmopolitan distribution [25]. Specifically, we used distinct methods for variable selection in a 

93 multi-step approach. We performed analyses at two spatial resolutions, used two algorithms for 

94 model calibration, and considered different options regarding calibration areas, to explore the 

95 consequences of these factors on variable selection. As little is known about macroecological 

96 factors driving the geographic distribution of greater duckweed, explorations of environmental 

97 variables can help to understand the distributional potential of this plant, environmental 

98 dimensions limiting its potential for expansion to other areas, and how climate change might affect 

99 this species’ range.

100

101 Methods

102 Study organism

103 Spirodela polyrhiza is a species of duckweed that ranks among the smallest angiosperms 

104 known (sizes 0.5–18 mm). It is a free-floating aquatic plant that reproduces vegetatively in largest 

105 part [26]. To overcome unfavorable conditions, this species produces a starch-rich tissue called 

106 a turion that is denser than normal fronds, and sinks to the bottom of water sources until conditions 
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107 become favorable [27]. Similar to other duckweed species, under appropriate conditions, S. 

108 polyrhiza grows at high rates, which helps it to cover large portions of the surface of the water 

109 bodies where it is present [28]. 

110 Considering their high growth rates, small size, simple structures, and potential for industrial 

111 applications, duckweed species have been the subject of intensive and detailed research [29]. 

112 Among the most notable applications are possible utility in water treatment [30], bioenergy [31], 

113 animal feeding [27], human nutrition [32,33], and pharmaceutical applications [34]. Given the 

114 potential of duckweed species as model organisms [35,36], stock collections of these species 

115 have been established by several institutions around the world, which have aided substantially in 

116 promoting further research on these species [37]. As such, various aspects of S. polyrhiza 

117 physiology, genome, and potential industrial applications have been studied in detail [27,38–41]. 

118 A remarkable characteristic of the geographic distribution of S. polyrhiza is that it extends 

119 worldwide. According to Les et al. [42], duckweed species and other aquatic plants dispersed 

120 transoceanically in the recent past, which highlights the importance of external biotic dispersal for 

121 this species [43]. Duckweed dispersal is mainly via adhesion to aquatic birds and mammals 

122 [25,44,45]. However, little has been done to understand the macroecological factors that drive its 

123 distribution, and only general aspects of the regions occupied by S. polyrhiza have been 

124 characterized [29]. 

125

126 Occurrence data

127 We obtained geographic occurrence records for S. polyrhiza from the Global Biodiversity 

128 Information Facility (GBIF [46]) and the Botanical Information and Ecology Network (BIEN [47]. In 

129 all, a total of 85,923 georeferenced records were obtained (GBIF: 84,992; BIEN: 931; a complete 

130 set of references is in S1 Text). We cleaned data from each database independently to exclude 

131 records from before 1970, lacking coordinates, with zero values for longitude and latitude, or 
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132 duplicates [48]. Records marked as absent or uncommon were also removed from the GBIF data. 

133 After this initial cleaning, we had 45,913 records (GBIF: 45,459; BIEN: 454). We combined 

134 records from the two sources and excluded duplicates again. Records that were outside of, but 

135 closer than ~5’ to the edge of environmental layers were moved to the nearest pixel with 

136 information; points falling farther outside layer borders were removed. To reduce bias from spatial 

137 autocorrelation, we thinned records using a minimum point-to-point distance of ~30’. The final 

138 number of records after these procedures was 964. Occurrence data download, cleaning, and 

139 thinning were accomplished using rgbif [49], spooc [50], BIEN [51], and ellipsenm [52] in R [53].

140

141 Environmental variables

142 We obtained raster environmental data layers from three sources: (1) bioclimatic (BIO) and 

143 solar radiation (SR) layers from WorldClim v2.1, at 10’ resolution (available at www.worldclim.com 

144 [54]); (2) cation exchange capacity (CEC), organic carbon (OC), and pH, from the ISRIC – World 

145 Soil Information database, at 250 m resolution (available at www.soilgrids.org [55]); and (3) total 

146 phosphorus (TP), labile inorganic phosphorus (LIP), and organic phosphorus (OP) in soils, from 

147 Global Gridded Soil Phosphorus at 30’ resolution (available at 

148 www.daac.ornl.gov/SOILS/guides/Global_Phosphorus_Dist_Map.html [56]).

149 Solar radiation layers were available as averages for the 12 months of the year. To create 

150 layers that better represented extremes and annual averages, we created the following 

151 “bioclimatic-like” layers: annual mean solar radiation (AMSR), maximum solar radiation of the 

152 month with maximum values (SRMax), minimum solar radiation of the month with minimum values 

153 (SRMin), range of solar radiation (RSR), average solar radiation of the quarter with highest values 

154 (ASRQH), and average solar radiation of the quarter with lowest values (ASRQL). We created 

155 these variables using the values for the 12 months obtained from WorldClim. Variable processing 

156 and calculations were done using the packages raster [57] and gdalUtilities [58], in R. 
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157 To test the effect of spatial resolution on the outcome of variable selection processes, we 

158 created two groups of variables, at distinct spatial resolutions: (1) a group at 10’ resolution 

159 including BIO and SR variables, plus CEC, OC, and pH; and (2) a group at 30’ resolution including 

160 BIO and SR variables, plus TP, LIP, and OP. We performed raster aggregation procedures 

161 (average of values) on CEC, OC, and pH to match the resolution of BIO variables, and on BIO 

162 and SR variables to match the resolution of variables at 30’. Although the set of variables 

163 representing soil conditions used at 10’ differs from the one at 30’, variable selection analyses will 

164 help to identify whether the variables selected differ between the two resolutions.  

165

166 Geographic areas for model calibration

167 To explore the effect of the areas across which models are calibrated on the set of variables 

168 selected, we explored four options for such areas in our analysis: (1) buffers of ~5° (~500 km at 

169 the Equator) around occurrence records, (2) concave-hull polygons with a buffer of ~5°, (3) 

170 ecoregions occupied by the species buffered by ~1° (~100 km), and (4) the result of intersecting 

171 the previous three areas. Although a new simulation-based approach has been recently 

172 suggested as a reliable tool to estimate calibration areas [59], the broad distribution of this species 

173 makes it difficult for that method to be applied. Our chosen calibration areas are therefore 

174 reasonable options to calibrate models considering that such areas should reflect what regions 

175 could have been accessible to the species and present relevant environments for comparisons 

176 (Fig 1). The two groups of variables were masked to the four areas. We created these calibration 

177 areas using the packages ellipsenm, rgeos [60], and rgdal [61] in R.

178

179 Fig 1. Geographic representation of species occurrence data for Spirodela polyrhiza 

180 (upper panel) and areas for model calibration used to create ecological niche models. 
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181 Occurrence data represented are after filtering and spatial-thinning procedures. Buffer and 

182 concave areas are represented before masking them to land areas for purposes of representation.

183

184 Modeling algorithms

185 We used generalized linear models (GLMs) and Maxent [62,63] to estimate the ecological 

186 niche of the species. These algorithms are both used commonly in the literature and produce 

187 reliable and good-performing models [64,65]. For contrasts in model calibration, Maxent uses 

188 presences and a characterization of the background, whereas GLMs use presences and pseudo-

189 absences; both background and the pseudo-absences were taken as a sample of available pixels 

190 across the calibration area. For purposes of comparison, the same points (20,000) were used in 

191 both algorithms, and were treated as both background and pseudo-absence data. The sample of 

192 20,000 points was taken for each calibration area option independently. GLMs were performed 

193 as logistic models with a weight of 1 for presences and 10,000 for pseudo-absences (e.g., [14]). 

194 GLMs created in such a way are considered to be similar mathematically to Maxent models under 

195 certain conditions and assumptions [66].

196

197 Variable selection process

198 As variable selection can be done in multiple ways and at distinct points in the process of data 

199 preparation or modeling, we followed a multi-step approach that considers quantitative and 

200 qualitative characteristics of predictors (Fig 2). Our approach consisted of (1) assessing linear 

201 correlations among variables; (2) exploring variable values in occurrences and across calibration 

202 areas; (3) an initial selection based on the criteria (1) and (2) and the biological relevance of 

203 variables; (4) creating variable sets resulting from all combinations of two or more initially selected 

204 variables; and (5) including all sets of variables in model calibration exercises to identify which 

205 algorithm parameters and variable sets, in concert, result in the best-performing models. We 
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206 performed exploration exercises 16 times: the combination of two environmental data sets, four 

207 calibration areas, and two algorithms.

208

209 Fig 2. Schematic representation of the process that was followed to select variables to 

210 model the ecological niche of the greater duckweed (Spirodela polyrhiza).

211

212 After the first two steps, initial selection of variables was done based on three considerations: 

213 (1) groups of variables with all variable-to-variable pairwise correlations |r| ≤ 0.8 (Fig 3); (2) 

214 biological relevance of variables; and (3) variables for which the calibration area had wider limits 

215 in environmental dimensions than the occurrences [67], based on histogram plots of values (Fig 

216 4). The latter consideration assumes that using variables for which the entire spectrum of 

217 responses can be characterized makes for better models. Biological relevance of variables was 

218 determined based on details about the species' natural history, phenology, and physiology in the 

219 literature, and our own experience with populations in the field and controlled environments. For 

220 simplicity, we selected the same initial set of variables based on the relevance criterion for the 

221 four calibration areas considered.

222

223 Fig 3. Histograms of variable values in calibration areas (M) and occurrence records. 

224 Results for variables at 10’ resolution and calibration areas resulting from intersection are shown. 

225 See other results in S1-S7 Figs.

226

227 Fig 4. Results from linear correlation tests for initial variables. Values of correlation above 

228 |0.8| are magnified threefold. Results for variables at 10’ resolution are shown. See other results 

229 in S8 Fig. 
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230

231 Using the groups of variables remaining after the initial selection, we prepared subsets of 

232 variables representing all combinations of three or more variables [14]. Such sets of variables 

233 were then used as part of our process of model calibration in which other parameter settings were 

234 tested. For both Maxent and GLMs, we tested five response types (lq, lp, q, qp, lqp; l = linear, q 

235 = quadratic, and p = product). For Maxent, six regularization multiplier values were explored (0.1, 

236 0.3, 0.6, 1.0, 2.5, 5.0). Performance of candidate models was evaluated based on three criteria: 

237 statistical significance of predictions (partial ROC; [68]), omission rate (allowing a 5% omission 

238 error; [69]), and model fit and complexity (based on the Akaike information criterion for GLMs, 

239 and the AICc proposed by Warren and Seifert [70] for Maxent).

240 In total, then, for each model calibration exercise, 10,180 and 5065 GLM models were tested 

241 at 10’ and 30’, respectively, and 61,080 and 30,390 Maxent models were tested at 10’ and 30’, 

242 respectively. Model calibration processes with Maxent were done using the kuenm R package 

243 [12], and model calibration using GLMs was done using stats in R [53]. 

244

245 Importance of variables and effects on models

246 To understand the effect of selected variables on models that could be used to represent 

247 species niches and/or potential distributions, we created a final model for each of the calibration 

248 areas at the two resolutions of variables, using parameters and sets of variables selected after 

249 model calibration. Then, we measured the effects of variables on such models: in Maxent, we 

250 used jackknife analysis to measure variable contributions [71], and for GLMs, we used an ANOVA 

251 to explore deviances for each of the predictors considered and whether deviance values were 

252 statistically significant (whether the deviance was larger than expected by chance).

253 We transferred all the models across the area comprising the union of the four calibration 

254 areas, and compared those models to assess whether patterns of suitability values differed as a 
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255 result of using distinct variables, calibration areas, and algorithms. Model transfers in Maxent 

256 were done using free extrapolation, no replicates, and a cloglog output format. Model transfers 

257 for GLMs were scaled 0–1. As ecological niches exist simultaneously in both geographic and 

258 environmental spaces [72], we created 3-dimensional visualizations of resulting predictions in a 

259 space defined in terms of some of the environmental variables with larger effects on our models 

260 (see below). Explorations in environmental space were used to detect how variation in suitability 

261 was associated with variable values.

262

263 Results

264 Results from the selection process

265 Graphical explorations of environmental conditions across calibration areas and occurrence 

266 records varied somewhat among the distinct options of areas for calibration (Fig 3, S1-S7 Figs). 

267 Despite such variations, these explorations allowed us to identify variables that appeared better 

268 for detecting suitable and unsuitable conditions based on distributions of values and confidence 

269 limits. Variable correlations also varied slightly among the distinct options of calibration areas 

270 tested, although we consistently found more highly correlated variables in calibration areas 

271 derived from ecoregions (Fig 4, S8 Fig). After considering the exploration of environmental 

272 conditions, correlation values, and biological importance, we retained 11 variables at 10’ 

273 resolution and 10 variables at 30’ resolution. The variables mean diurnal range (BIO 2), maximum 

274 temperature of warmest month (BIO 5), minimum temperature of coldest month (BIO 6), annual 

275 precipitation (BIO 12), precipitation of driest month (BIO 14), precipitation seasonality (BIO 15), 

276 range of solar radiation (RSR), and average solar radiation of the quarter with highest values 

277 (ASRQH), were in common between these sets; cation exchange capacity (CEC), organic carbon 

278 (OC), and pH were kept for the set at 10’, whereas labile inorganic phosphorus (LIP) and organic 

279 phosphorus (OP) were kept at 30”.
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280 All model calibration exercises found at least one parameter setting that produced a model 

281 that met all criteria for selection (S1 and S2 Tables). Variables selected contrasted markedly 

282 among treatments that considered distinct calibration areas, spatial resolutions, and modeling 

283 algorithms (Fig 5). None of the final sets of variables selected during model calibration used all of 

284 the variables initially selected. In general, fewer variables were selected for models created with 

285 Maxent at 10’ resolution (2-4) than for the other algorithm/resolution combinations (6–7). Although 

286 the subsets of variables considered were not totally comparable between the tests at distinct 

287 resolutions, at least one variable representing soil conditions was consistently selected across all 

288 exercises using distinct calibration areas, using at least one of the modeling algorithms. Soil and 

289 solar radiation variables were more consistently selected at 10’ resolution, especially when using 

290 Maxent, whereas at 30’ resolution, bioclimatic and solar radiation variables were more 

291 consistently selected. Bioclimatic and solar radiation variables that represent extreme conditions 

292 or means of extreme periods appeared to be selected more consistently regardless of the 

293 differences in spatial resolution or algorithm (Fig 5).

294

295 Fig 5. Summary of variables retained after the multi-step approach for selection. 

296 Results depending on spatial resolution of predictors, model calibration areas, and the algorithm 

297 used are shown. BIO2 = mean diurnal range of temperature; BIO5 = maximum temperature of 

298 warmest month; BIO6 = minimum temperature of coldest month; BIO12 = annual precipitation; 

299 BIO14 = precipitation of driest month; BIO15 = precipitation seasonality; RSR = range of solar 

300 radiation; ASRQH = average solar radiation of the quarter with highest values; CEC = cation 

301 exchange capacity; OC = organic carbon; LIP = labile inorganic phosphorus; OP = organic 

302 phosphorus.

303

304 Effects of variables on models
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305 Bioclimatic and solar radiation variables had consistently larger effects than soil variables on 

306 Maxent models (S9 and S10 Figs), with the exception of CEC, which was the most important 

307 variable for the only model that selected this predictor (i.e., with variables at 10’ using calibration 

308 areas that intersected the other three options; Fig S9). The most important predictor for Maxent 

309 models varied among BIO variables and CEC at 10’ resolution, whereas at 30’, BIO 6 was 

310 consistently selected as more important based on the contribution, permutation importance, and 

311 jackknife results. For GLMs, bioclimatic variables, a few quadratic versions, and products of such 

312 variables, as well as CEC, contributed most to the deviance in models at 10’ resolution (S3-S6 

313 Tables). Solar radiation variables were not particularly relevant to explain deviance in these 

314 models. At 30’ resolution, deviance in models was mostly explained by bioclimatic and solar 

315 radiation variables, whereas soil variables did not explain large portions of the deviance (S7-S10 

316 Tables).

317

318 Model projections

319 Geographic transfers of Maxent models at 10’ resolution showed higher variability across 

320 distinct calibration areas than GLM projections (Fig 6, S11 Fig). Variation was greatest in northern 

321 and eastern Asia, central North America, eastern Australia, and northern and southern Africa. At 

322 30’ resolution, geographic transfers showed lower variability for both GLM and Maxent models.

323

324 Fig 6. Geographic projections of suitability values deriving from final models created 

325 with the variables selected. Results for variables at 10’ resolution are shown. See other results 

326 in S11 Fig. 

327

328 Projections of suitability in environmental space showed higher variability in Maxent 

329 projections than in GLMs, considering distinct calibration areas at 10’ resolution (Fig 7, S12-S26 
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330 Figs). That is, suitability values varied highly across the regions of the environment detected as 

331 suitable (above the 5% omission threshold). In most Maxent projections of suitability in 

332 environmental space, and for various environmental variables, extreme environments were 

333 predicted to have high suitability (i.e., we observed truncated responses [2] in our models). GLM 

334 projections were more stable in both aspects; in these projections, and considering most variables, 

335 regions of high suitability tended to be surrounded by regions with decreasingly lower suitability 

336 (i.e., extreme environments were only rarely detected as the most suitable ones). At 30’ resolution, 

337 projections of environmental space looked similar across distinct calibration areas and modeling 

338 algorithms. Perhaps the main difference is that Maxent constrained suitable environments a little 

339 more than did the GLMs.

340

341 Fig 7. Projections of suitability values in a three-dimensional environmental space. 

342 Values of suitability derive from final models created with selected variables and parameters. 

343 GLM results for variables at 10’ resolution and calibration areas resulting from intersection are 

344 shown. See other results in S12-S26 Figs.

345

346 Discussion

347 Determining sets of appropriate environmental variables with which to model ecological 

348 niches or potential distributions of species remains a major challenge in distributional ecology. 

349 Our results showed that multiple factors generated distinct outcomes regarding which variables 

350 are better for model development. Even after an initial selection of relevant variables, when we 

351 let statistical methods select the best subset of variables, choice of spatial resolution of layers, 

352 area for model calibration, and modeling algorithm, all affected the final subset of predictors 

353 selected. However, despite the fact that distinct groups of variables were selected when these 
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354 factors were changed, some predictors were more consistently selected than others, which hints 

355 at the relevance of such variables when understanding ecological limitations for the species. 

356 Of particular interest is the recurring selection of variables representing maximum temperature 

357 (BIO 5) and minimum temperature (BIO 6), which, in most cases, helped to identify the limits of 

358 what is suitable for the species in regions with high and low temperatures. The consistent 

359 selection of these two variables could be attributed to the importance of the temperature in the 

360 natural history of the species, especially in that low temperatures are responsible for triggering 

361 production of turions [25]. If temperatures in an area are consistently low, the species will only 

362 produce these dormant fronds, and populations will stop growing (i.e., the species will be outside 

363 of its thermal niche, at least for reproduction). 

364 Obtaining different sets of key variables in modeling exercises based on distinct calibration 

365 areas is concerning. One of the main aspects to be defined when creating such models is the 

366 area over which models will be calibrated [19,59]. This dependency has implications from both 

367 statistical and ecological perspectives. From a modeling point of view, the environmental values 

368 of the points selected as background or pseudoabsences affect how models are fitted to the 

369 occurrence records, sometimes resulting in overfitted models, which complicates model transfers 

370 [73,74]. In regard to the ecological relevance of these areas, because models are fitted within 

371 these regions, the associations to be found are only relevant if a species has had access to those 

372 environmental conditions [18]. As distinct calibration areas affected the set of variables selected 

373 and the effects of such variables in the models, correct definition of these areas becomes an even 

374 more important challenge. New methods to define calibration areas are now available that 

375 account for ecological, historical, and dispersal factors, which may result in more properly 

376 calibrated models and more consistent sets of variables [59]. However, this challenge persists in 

377 cases in which limited information exists about a species, or the distribution of species is close to 

378 global, as in this example. 
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379 The other two factors explored (modeling algorithm and spatial resolution of variables) also 

380 affected the set of environmental variables selected for niche models. As in previous explorations 

381 [22,75], the effects of these two factors were seen clearly in the transfers of models, both 

382 geographic and environmental, and thus cannot be neglected. Spatial resolution of layers has 

383 been noticed as a factor that can influence the sets of variables selected [21]. Depending on the 

384 spatial resolution of layers, the number of environmental combinations found in an area can 

385 change, with more numerous combinations at finer spatial resolutions. One of the complications 

386 deriving from these differences is that the ways in which variables are correlated can change at 

387 distinct resolutions due to changes in sample size [76], which can modify the initial selection of 

388 variables that is made, not necessarily related to the biological importance of such variables. Our 

389 inclusion of distinct modeling algorithms showed that combining these factors certainly increases 

390 the complexity of the process of selecting variables. The relevance of distinct variables has been 

391 shown to change depending on the algorithm used [22]. Although it is not clear whether the set 

392 of variables should be changed depending on the algorithm (if the variables have been 

393 preselected in some way), the fact that distinct algorithms work differently and that distinct 

394 predictors have distinct effects should not be overlooked [77].

395 Exploring environmental conditions within calibration areas and in occurrence records 

396 beforehand helped to identify variables for which truncated responses could be found. Although 

397 this point may not be related to the biological role of this environmental dimension, it is crucial in 

398 being able to transfer a model to other conditions with less ambiguity [67,78]. Maximum 

399 temperature of warmest month (BIO 5) and minimum temperature of coldest month (BIO 6) are 

400 examples of variables that contributed importantly to models, and, as expected, values of 

401 suitability were higher at intermediate values, with decreasing suitability towards extreme 

402 environmental values. Performing these explorations can help to select predictors appropriately 

403 when the goal is to understand why species are distributed the way they are. However, other 

404 variables should not be discarded only based on these graphical explorations, because they may 
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405 be important environmental constraints despite the truncation. For instance, cation exchange 

406 capacity (CEC), a soil variable, showed truncation towards lower values in our examples (Fig 7), 

407 but still was selected across various of the experiments, and its contribution to models was not 

408 negligible. 

409 In spite of the variability found in the results, we found that variables related to temperature 

410 extremes were critical in characterizing the greater duckweed ecological niche, which concurs 

411 with findings from experimental work done with this species [25,79]. In fact, temperature may be 

412 the main factor shaping the distribution of this species, especially considering its distributional 

413 limits at high latitudes. Models created using precipitation variables (particularly those using 

414 precipitation of driest quarter; BIO 14) correctly discarded suitability in xeric regions, showing the 

415 importance of considering a factor that represents water availability [80]. Solar radiation of 

416 quarters periods with higher values (ASRQH) and range of solar radiation (RSR) were also 

417 potentially helpful in limiting the distribution of the species towards higher latitudes, as solar 

418 radiation informs about a crucial resource for photosynthesis, and experimental work has 

419 confirmed the importance of this factor [31,38]. Factors related to soil variables that served as 

420 proxies for nutrient availability and water conditions also showed high importance in some of the 

421 results. Although nutrients are critical for the development of this species, the fact that soil 

422 variables are only indirect proxies for such information [81] and the complications of representing 

423 this type of information at the scale of our analyses may explain why these variables were not 

424 selected as consistently as others.

425 In sum, we showed that selecting relevant variables to characterize ecological niches and 

426 potential distributions becomes even more complicated when multiple factors related to data 

427 processing and model development are considered. However, if a series of criteria and 

428 approaches is applied in concert, certain variables are selected more consistently than others. 

429 Such variables may in effect be the ones that shape and constrain the species’ distribution from 

430 a macroecological point of view. Variables representing extreme temperatures, dry periods, 
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431 seasonality of solar radiation, summer solar radiation, and some soil proxies of nutrients in water 

432 were among the factors that contributed the most to shaping the distribution of S. polyrriza.  

433
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667 S1 Fig. Histograms of environmental variable values in calibration areas and occurrence 
668 records. Results for variables at 10’ resolution and buffer calibration areas are shown.

669 S2 Fig. Histograms of environmental variable values in calibration areas and occurrence 
670 records. Results for variables at 10’ resolution and concave calibration areas are shown.

671 S3 Fig. Histograms of environmental variable values in calibration areas and occurrence 
672 records. Results for variables at 10’ resolution and calibration areas resulting from ecoregions 
673 are shown.

674 S4 Fig. Histograms of environmental variable values in calibration areas and occurrence 
675 records. Results for variables at 30’ resolution and buffer calibration areas are shown.

676 S5 Fig. Histograms of environmental variable values in calibration areas and occurrence 
677 records. Results for variables at 30’ resolution and concave calibration areas are shown.

678 S6 Fig. Histograms of environmental variable values in calibration areas and occurrence 
679 records. Results for variables at 30’ resolution and calibration areas resulting from ecoregions 
680 are shown.

681 S7 Fig. Histograms of environmental variable values in calibration areas and occurrence 
682 records. Results for variables at 30’ resolution and calibration areas resulting from intersection 
683 are shown.

684 S8 Fig. Results from linear correlation tests for initial variables. Values of correlation above 
685 |0.8| are magnified threefold. Results for variables at 30’ resolution are shown. 

686 S9 Fig. Predictor contribution to Maxent models created with variables and parameter 
687 settings selected after model calibration. Results for variables at 10’ resolutions are shown.

688 S10 Fig. Predictor contribution to Maxent models created with variables and parameter 
689 settings selected after model calibration. Results for variables at 30’ resolutions are shown.

690 S11 Fig. Geographic projections of suitability values deriving from final models created 
691 with the selected variables. Results for variables at 30’ resolution are shown.

692 S12 Fig. Projections of suitability values in a three-dimensional environmental space. 
693 Values of suitability derive from final models created with selected variables and parameters. 
694 GLM results for variables at 10’ resolution and calibration areas resulting from buffers are shown.

.CC-BY 4.0 International licenseavailable under a 
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted October 21, 2022. ; https://doi.org/10.1101/2022.10.18.512760doi: bioRxiv preprint 

https://doi.org/10.1101/2022.10.18.512760
http://creativecommons.org/licenses/by/4.0/


29

695 S13 Fig. Projections of suitability values in a three-dimensional environmental space. 
696 Values of suitability derive from final models created with selected variables and parameters. 
697 GLM results for variables at 10’ resolution and calibration areas resulting from concave hulls are 
698 shown. 

699 S14 Fig. Projections of suitability values in a three-dimensional environmental space. 
700 Values of suitability derive from final models created with selected variables and parameters. 
701 GLM results for variables at 10’ resolution and calibration areas resulting from ecoregions are 
702 shown. 

703 S15 Fig. Projections of suitability values in a three-dimensional environmental space. 
704 Values of suitability derive from final models created with selected variables and parameters. 
705 GLM results for variables at 30’ resolution and calibration areas resulting from buffers are shown.

706 S16 Fig. Projections of suitability values in a three-dimensional environmental space. 
707 Values of suitability derive from final models created with selected variables and parameters. 
708 GLM results for variables at 30’ resolution and calibration areas resulting from concave hulls are 
709 shown. 

710 S17 Fig. Projections of suitability values in a three-dimensional environmental space. 
711 Values of suitability derive from final models created with selected variables and parameters. 
712 GLM results for variables at 30’ resolution and calibration areas resulting from ecoregions are 
713 shown. 

714 S18 Fig. Projections of suitability values in a three-dimensional environmental space. 
715 Values of suitability derive from final models created with selected variables and parameters. 
716 GLM results for variables at 30’ resolution and calibration areas resulting from intersection are 
717 shown. 

718 S19 Fig. Projections of suitability values in a three-dimensional environmental space. 
719 Values of suitability derive from final models created with selected variables and parameters. 
720 Maxent results for variables at 10’ resolution and calibration areas resulting from buffers are 
721 shown. 

722 S20 Fig. Projections of suitability values in a three-dimensional environmental space. 
723 Values of suitability derive from final models created with selected variables and parameters. 
724 Maxent results for variables at 10’ resolution and calibration areas resulting from concave hulls 
725 are shown.

726 S21 Fig. Projections of suitability values in a three-dimensional environmental space. 
727 Values of suitability derive from final models created with selected variables and parameters. 
728 Maxent results for variables at 10’ resolution and calibration areas resulting from ecoregions are 
729 shown.

730 S22 Fig. Projections of suitability values in a three-dimensional environmental space. 
731 Values of suitability derive from final models created with selected variables and parameters. 
732 Maxent results for variables at 10’ resolution and calibration areas resulting from intersection are 
733 shown. 

734 S23 Fig. Projections of suitability values in a three-dimensional environmental space. 
735 Values of suitability derive from final models created with selected variables and parameters. 
736 Maxent results for variables at 30’ resolution and calibration areas resulting from buffers are 
737 shown. 
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738 S24 Fig. Projections of suitability values in a three-dimensional environmental space. 
739 Values of suitability derive from final models created with selected variables and parameters. 
740 Maxent results for variables at 30’ resolution and calibration areas resulting from concave hulls 
741 are shown.

742 S25 Fig. Projections of suitability values in a three-dimensional environmental space. 
743 Values of suitability derive from final models created with selected variables and parameters. 
744 Maxent results for variables at 30’ resolution and calibration areas resulting from ecoregions are 
745 shown. 

746 S26 Fig. Projections of suitability values in a three-dimensional environmental space. 
747 Values of suitability derive from final models created with selected variables and parameters. 
748 Maxent results for variables at 30’ resolution and calibration areas resulting from intersection are 
749 shown.

750

751 S1 Table. Selected parameter settings and variables after model calibration for analyses 
752 with variables at 10’ resolution. AIC/AICc values are not comparable across distinct calibration 
753 areas.

754 S2 Table. Selected parameter settings and variables after model calibration for analyses 
755 with variables at 30’ resolution. AIC/AICc values are not comparable across distinct calibration 
756 areas.

757 S3 Table. Effects of predictors on GLMs produced using variables and parameter settings 
758 selected after model calibration. Results for models created with variables at 10’ resolution, 
759 using buffer calibration areas are shown. Quadratic = “^2”; Product = “:”. 

760 S4 Table. Effects of predictors on GLMs produced using variables and parameters settings 
761 selected after model calibration. Results for models created with variables at 10’ resolution, 
762 using concave calibration areas are shown. Quadratic = “^2”; Product = “:”.

763 S5 Table. Effects of predictors on GLMs produced using variables and parameters settings 
764 selected after model calibration. Results for models created with variables at 10’ resolution, 
765 using calibration areas from ecoregions are shown. Quadratic = “^2”; Product = “:”.

766 S6 Table. Effects of predictors on GLMs produced using variables and parameters settings 
767 selected after model calibration. Results for models created with variables at 10’ resolution, 
768 using calibration areas from intersection are shown. Quadratic = “^2”; Product = “:”. 

769 S7 Table. Effects of predictors on GLMs produced using variables and parameters settings 
770 selected after model calibration. Results for models created with variables at 30’ resolution, 
771 using buffer calibration areas are shown. Quadratic = “^2”; Product = “:”. 

772 S8 Table. Effects of predictors on GLMs produced using variables and parameters settings 
773 selected after model calibration. Results for models created with variables at 30’ resolution, 
774 using concave calibration areas are shown. Quadratic = “^2”; Product = “:”. 

775 S9 Table. Effects of predictors on GLMs produced using variables and parameters settings 
776 selected after model calibration. Results for models created with variables at 30’ resolution, 
777 using calibration areas from ecoregions are shown. Quadratic = “^2”; Product = “:”. 
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778 S10 Table. Effects of predictors on GLMs produced using variables and parameters 
779 settings selected after model calibration. Results for models created with variables at 30’ 
780 resolution, using calibration areas from intersection are shown. Quadratic = “^2”; Product = “:”. 

781

782 S1 File. References for occurrence data obtained from the GBIF and BIEN databases.
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