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Abstract Species distribution models (SDMs) are widespread in ecology and conservation biology, but their accuracy can be lowered by non-environmental (noisy) absences that are common in species occurrence data. Here we propose an iterative ensemble modelling (IEM) method to deal with noisy absences and hence improve the predictive reliability of ensemble modelling of species distributions. In the IEM approach, outputs of a classical ensemble model (EM) were used to update the raw occurrence data. The revised data was then used as input for a new EM run. This process was iterated until the predictions stabilized. The outputs of the iterative method were compared to those of the classical EM using virtual species. The IEM process tended to converge rapidly. It increased the consensus between predictions provided by the different methods as well as between those provided by different learning data sets. Comparing IEM and EM showed that for high levels of non-environmental absences, iterations significantly increased prediction reliability measured by the Kappa and TSS indices, as well as the percentage of well-predicted sites. Compared to EM, IEM also reduced biases in estimates of species prevalence. Compared to the classical EM method, IEM improves the reliability of species predictions. It particularly deals with noisy absences that are replaced in the data matrices by simulated presences during the iterative modelling process. IEM thus constitutes a promising way to increase the accuracy of EM predictions of difficult-to-detect species, as well as of species that are not in equilibrium with their environment. Citation: Lauzeral C, Grenouillet G, Brosse S (2012) Dealing with Noisy Absences to Optimize Species Distribution Models: An Iterative Ensemble Modelling Approach. PLoS ONE 7(11): e49508. doi:10.1371/journal.pone.0049508 Editor: Kimberly Patraw Van Niel, University of Western Australia, Australia Received May 31, 2012; Accepted October 11, 2012; Published November 15, 2012 Copyright: ß 2012 Lauzeral et al. This is an open-access article distributed under the terms of the Creative Commons Attribution License, which permits unrestricted use, distribution, and reproduction in any medium, provided the original author and source are credited. Funding: This study was supported by the BIOFRESH European project (FP7-ENV-2008) (http://www.freshwaterbiodiversity.eu/). The funders had no role in study design, data collection and analysis, decision to publish, or preparation of the manuscript. Competing Interests: The authors have declared that no competing interests exist. * E-mail: [email protected]



detected). Unlike environmental absences, contingent and methodological absences are noisy absences known to reduce the reliability of SDMs predictions of the potential niche of the considered species, i.e. the range of environmental conditions where the species can be present [6]. Indeed, although contingent absences are informative to define the realized niche (i.e. the environmental conditions where the species is really present) they drive SDMs to an underprediction of the potential niche of the species. Moreover methodological absences are always uninformative and blur both potential and realized niche predictions. In the context of applied ecology, prevention plans against invasion as well as threatened species conservation plans often require the identification of the potential niche of the species to predict how their niche could become extended (for invasives) or reduced (for threatened species) under various scenarios. In such a potential niche prediction context, both methodological and contingent absences are considered as noisy absences. To account for potential sampling errors and distinguish between non-detection and true absences, binomial likelihood models have been used to estimate changes in range boundaries under recent climate change [7,8] and to correct site-occupancy models for imperfect detection [9]. Although these models are efficient, they are designed to be computed using species abundance data or the detection/non-detection pattern at sites



Introduction The ability to predict species distributions is a prerequisite to anticipate environmental changes and to set up sound conservation priorities. There are basically two types of species distribution models (SDMs): mechanistic (or process-based) models that are based on physiological and ecological characteristics of the species and correlative (or niche-based) models that build predictions on the basis of observed species-environment relationships [1]. Mechanistic models require a detailed knowledge of the species considered and are therefore used to predict the distribution of well-known species (e.g., of high conservation or economic value) [reviewed in 2]. In contrast, correlative SDMs are based on the generalization of observed species-environment relationships, and can hence be applied to a large number of species [e.g., 3,4]. Presence-absence data are the most commonly used to feed SDMs as such data are often available over larger areas than species abundances. Although the presence of a species is factual, absence can have a multiple meaning. Lobo et al. [5] listed three distinct types of absences: environmental absences (the environmental conditions do not allow the presence of the species), contingent absences (the environmental conditions are favorable but other factors such as biotic interactions, barriers to dispersion or local extinction are responsible for the absence of the species) and methodological absences (the species is present but not PLOS ONE | www.plosone.org
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resulting new data matrix was used as a new model training set. This post-processing of model outputs was iterated until the predictions stabilized, therefore providing a potential distribution of the species. Such a strategy presents some similarities with the pseudo-absences selection methods [15], but differs by two main points: firstly, it is only based on the use of presence-absence models that are known to be more efficient than presence-only models [14]; secondly, the noisy absences are not discarded but converted into presences. In this context, the main objectives of this study were: (i) to compare the performances of EM and IEM to predict the spatial distribution of individual species and (ii) to assess the ability of the two modelling methods to deal with noisy absences. To do this, we used eight climatic variables to construct the potential climatic niche of three virtual species over France. For each species, we introduced non-environmental absences into the simulated occurrence data in two ways: a random distribution and a distance gradient from the center of the environmental niche. In this last case, the occurrence of non-environmental absences was maximal at the edge of the environmental niche, where the species density usually decreases [28] making the species less detectable.



surveyed at least twice [9]. In the same way, Galien et al. [10] proposed to combine global- and regional-scale data to deal with non-environmental absences and improve the accuracy of SDM prediction of the potential distribution of invasive species. However, this design is only applicable when both large and small scale data are available, which is not the case for most species. Presence-only SDMs offer another alternative to the problem of absence uncertainty, as they only consider the presence of the species to determine its niche [11,12]. Their performance however remains lower than presence-absence SDMs [13] and they frequently overestimate potential distributions compared with presence–absence models [14]. In order to use presence-absence models when no reliable absence data are available, the use of ‘‘pseudo-absences’’, i.e. of environmental conditions available in the studied area and assumed to be absence points, has also been suggested [14]. ‘‘Pseudo-absences’’ can be simulated through various strategies (e.g. pseudo-absence selection from low suitability areas predicted by a presence only model [15]; pseudo-absence weighted using the outputs of a model built at a larger scale [10], pseudo-absence selection as sites distant from presence sites, but it remains unclear how those strategies affect the models [14–18], so the use of randomly generated pseudo-absences is often encouraged [13,18,19]. Such random selection of absences can however reduce model accuracy, leading to an overestimation of the actual range of the species through the selection of uninformative absences, as well as an underestimation of the range through the selection of non-environmental absences (Lobo 2010). In addition, both presence-only models and presence-absence models built using pseudo-absence neglect the ecological information contained in the environmental absence data, making presence-absence models built using true absences more accurate [13]. A wide range of correlative models using presence-absence data have been developed since the nineteen eighties. They are based on various statistical techniques ranging from regression (e.g. multiple linear regression, generalized additive models) to classification (e.g. classification and regression trees, linear discriminant analysis) and machine learning (e.g. artificial neural networks, boosted trees). These techniques have been shown to vary considerably in both performance and spatial predictions of species distributions, and despite an abundant literature on method comparisons, no consensus has emerged as to the most suitable statistical method [20–23]. In view of this variability between predictions of SDMs, the recommendation is thus to simultaneously apply a wide range of statistical methods, all built using the same environmental data, and to produce a consensual response that synthesizes individual model outputs, giving rise to ensemble modelling ([ensemble modelling, EM, 24,25]). EMs have increasingly been used these last years as they are recognized to provide significantly more robust predictions than all the single models [26] and to perform better than single SDMs as EMs buffer individual bias of each method and hence enhance prediction reliability [25,27]. Disentangling environmental and non-environmental absences in EMs might thus constitute a promising way to enhance the reliability of the prediction of species potential distribution. Here we propose an optimization of EM by using an iterative ensemble model (hereafter called IEM), designed to reduce the effect of noisy absences in potential niche prediction. To do this, we considered noisy absences to be the false presences predicted by the model (i.e., commission errors, when the model predicted species presence while it was actually absent from the training set). These noisy absences were then considered as presence and the PLOS ONE | www.plosone.org



Materials and Methods Predictor Variables Eight climate variables were extracted over France from the 309963099 resolution WorldClim layers for the period 1961–1990 [29]: precipitation in the driest quarter of the year and in the wettest quarter; average monthly precipitation and precipitation seasonality; mean temperature of the coldest quarter and of the warmest quarter, annual mean temperature and temperature seasonality. These variables were chosen as they are related to the



Figure 1. The niches of the 3 virtual species in the twodimensional space created by the two orthogonal axes summarizing climatic variation across France. Prevalence 15% (black), 30% (dark grey) and 60% (grey). doi:10.1371/journal.pone.0049508.g001
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niches were defined as discs [35] centred on (0,0) (Fig. 1). All geographic cells falling within this disc for the pair of climate variables were considered as the observed distribution range of the virtual species in France. Using three different disc radii, three virtual species were created, with prevalences of 15%, 30% and 60% respectively so as to cover a large prevalence range.



ecological requirements of numerous species, and have often been used in SDMs [30–32].



Virtual Ecological Niches The virtual species distributions were defined as hyper volumes of a space defined by a set of relevant environmental variables [33,34]. A normalized principal component analysis (PCA) was computed on the eight climate variables and the first two axes of the PCA, which accounted for 80% of the total variance, were kept as composite variables that summarize the climate data. We hence constructed two independent climate variables [34]. In the two-dimensional space created by the two orthogonal axes summarizing climatic variation across France, the virtual species



Data Sets First, 1000 cells were randomly sampled among the 912730 cells covering the entire surface of France. These 1000 cells were considered as the sampling sites. This operation was repeated 100 times, giving rise to 100 data sets. Each of these 100 data sets was randomly split into two parts: two-thirds of the data (666 sites)



Figure 2. The iterative ensemble modelling (IEM) process. Step 1: At the first iteration, the learning data is the original data set with n = 666 sites. For the following iterations, the learning data is the raw data set updated using the predicted data matrix: an absence is considered as noisy if the model predicts presence while the species is absent from the observed data. In that case, the raw data is updated by replacing absence (0) by presence (1); Step 2: The six statistical methods are used to build models with the learning data set; Step 3: the six resulting suitability levels for each site (one per modelling method) are averaged, giving rise to a per-site suitability level; Step 4: the suitability vector is converted into a presenceabsence response, using a cut-off threshold maximizing the Kappa index. doi:10.1371/journal.pone.0049508.g002
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giving rise to a per-site suitability level [26] (Step 3; Fig. 2). We refrained from weighting the six model outputs using an accuracy measurement like the AUC, because the data set contained noisy absences. Indeed, weighting the outputs of the modelling methods could favour the models that overfit the data and hence reduce the correction rate of noisy absences. Lastly, the suitability level vector was converted into a presence-absence response, using a cut-off threshold maximizing the Kappa index (Step 4; Fig. 2). This approach was preferred to the ROC curve approach (maximising the sum of sensitivity and specificity) that gives less accurate prevalence predictions [36,37]. These four steps account for one IEM iteration. At the first iteration, the learning data was the raw data (Step 1; Fig. 2). After the first iteration, the predicted data matrix obtained at the end of the current EM iteration was used to update the raw data set before the next iteration. To do this, observed and predicted data matrices were compared and an absence was considered as noisy when the model predicted presence while the species was absent from the observed data (i.e. the observed data was modified so that absences became presences if the model prediction was a false presence). In that case, we updated the raw data by replacing absence (0) by presence (1). The resulting data matrix was then used as the learning data set for the following iteration (Step 1; Fig. 2). The entire procedure was then repeated 100 times (Fig. 2). The modelling procedure was implemented in R [38].



were used to calibrate the SDMs and the remaining third (334 sites) was used as a test set. Then, five occurrence levels of noisy absences (15%; 30%; 45%; 60% and 75% of all the presences available in the learning data set) were inserted into the learning data set. For each occurrence level, two strategies were used to determine the position of the noisy absences. On the one hand, noisy absences were selected randomly from all the presences available in the learning data set. On the other hand, we assumed that the probability of a site inside the niche to be a noisy absence increased as a Gaussian function of the distance to the centre of the environmental niche. More explicitly, the probability of the site being selected was equal to (1– 0.9 exp(-d2/r2))/n where d was the distance to the centre of the environmental niche, r was the radius of the environmental niche and n was chosen to ensure that the sum of the probabilities over all presence sites is equal to 1. We thus obtained 1000 (5 noisy absence percentages, 2 absence distribution types, 100 repetitions) data sets for each species.



IEM Modelling According to the EM framework, we used six predictive modelling methods belonging to 3 commonly used correlative SDM techniques, and hence balance the weight of each technique and its inherent biases. These methods included two regression techniques: generalized linear models (GLM); generalized additive models (GAM); two machine learning techniques: Random Forest (RF) and generalized boosted regression models (GBM); and two classification techniques: classification and regression trees (CART); linear discriminant analysis (LDA). Raw variables were used without prior transformation in all models, squared variables were included in GLM and LDA models to deal with nonlinearity. For the GAM model all the variables were splinetransformed (df = 4). In GBM, a maximal number of 1000 trees was generated. In RF, 300 trees were generated and the number of predictors randomly selected at each node was the square root of the total number of predictors. Those six methods have already been used in different EM studies [26,27], although there is no strict consensus on which method should be implemented in each EM. All the modelling iterations followed an EM process. The six statistical methods were used to build models using this learning data set (Step 2; Fig. 2). For each site, the six resulting suitabilities levels (one per modelling method) were then averaged [25,26,27],



Models’ Variability To evaluate the prediction variability inherent to the statistical methods (i.e., GBM and BT), we ran the EM 100 times for each species and each complete data set. We observed that in 95% of the cases less than 5% of the 334 test sites had variable predictions (and 11% of the sites had variable predictions). The number of different predictions was less than 27 in 95% of the cases. We thus considered that our IEM model had stabilized when less than 5% of the sites provided variable predictions in 27 successive iterations. The evolution of the variability among the six SDM predictions through the iterative process was evaluated at each iteration. Following Thuiller [39], we carried out a standardized Principal Component Analysis (PCA) on the data matrix made up of the 6 suitability level vectors at the 334 test sites, and we evaluated the consensus among the predictions by calculating the percentage of variance accounted for by the first axis of the PCA.



Figure 3. Effects of noisy absences on threshold-independent measurements (i.e., AUC) of model accuracy after the first iteration (EM, in green) and at the end of the process (IEM, in black) for three virtual species with true prevalence of (A) 15%, (B) 30% and (C) 60%. Box colors represent geographic distribution of noisy absences (grey: random; white: mostly at the edge of the niche). doi:10.1371/journal.pone.0049508.g003



PLOS ONE | www.plosone.org



4



November 2012 | Volume 7 | Issue 11 | e49508



An Iterative SDM Approach



PLOS ONE | www.plosone.org



5



November 2012 | Volume 7 | Issue 11 | e49508



An Iterative SDM Approach



Figure 4. Effects of noisy absences on threshold-dependent measures of model accuracy after the first iteration (EM, in green) and at the end of the process (IEM, in black) for three virtual species with true prevalence of (A) 15%, (B) 30% and (C) 60%. Model accuracy was evaluated using the two types of mispredicted sites, percentage of well-predicted sites, TSS, Kappa, and predicted prevalence. Box colors represent geographic distribution of noisy absences (grey: random; white: mostly at the edge of the niche). The grey line corresponds to the true value of the prevalence. doi:10.1371/journal.pone.0049508.g004



were characterized by high levels of noisy absences. Moreover, the stabilization time (i.e. number of iterations) increased with the percentage of noisy absences (Fig. S1 b). After a few iterations, the 6 different methods provided consensual predictions for the 334 test sites (Fig. S2). At the first iteration (i.e., EM), the mean percentages of variance accounted for by the first axis of the PCA were 67.5%, 72.4% and 79.5% for the three species, respectively. Using IEM, consensus increased after 25 iterations up to 73.9%, 79%, and 86.1% respectively and then reached a relatively stable plateau up to the end of the iterative procedure (Fig. S2). IEM also increased the consensus of predictions built on different learning data sets (Fig. S3). At the first iteration (i.e., the EM), the mean percentages of variance accounted for by the first axis of the PCA were 81.5%, 72.2%, 59.6%, 45.9% and 32.3% respectively for the five noisy absence levels. Using IEM, consensus increased up to 82%, 79.5%, 74.5%, 66.7% and 49.6% respectively. This increase was higher for frequent species especially when noisy absences were randomly selected.



The variability of the EM and IEM binary predictions inherent to the sampling of learning sites was evaluated in the same way for each virtual species, each percentage of noisy absences and each absence selection. As the 100 tests sets share a very low number of cells, we randomly selected 1000 cells among the 912730 cells covering the entire surface of France. These cells were used as a common test set for the 100 models built on the 100 learning data sets. For each of the 100 models, we predicted the presenceabsence of the species over these 1000 cells. Then, we carried out a PCA on the data matrix made up of the 100 presence-absence vectors. The consensus among the predictions was evaluated by calculating the percentage of variance accounted for by the first axis of the PCA.



Comparing IEM and EM For each of the species, we first evaluated the AUC [40] of the mean model on the 334 test sites before using the Kappa cut-off threshold. We then evaluated the predictive accuracy of both EM and IEM presence-absence predictions on the test sites by measuring three complementary and commonly used indicators: (i) the percentage of correctly predicted sites that provides a direct measure of both true absences and true presences; (ii) the Kappa index; its dependence on prevalence merely reflects its role as a chance-corrected measure [41]; and (iii) the True Skill Statistic (TSS) which is more independent of observed species prevalence than Kappa [42]. As a complement, we assessed the ability of EM and IEM to predict the prevalence of the species by measuring the difference between the observed and the predicted prevalences. Pairwise comparisons between EM and IEM were done using Wilcoxon’s tests. Finally, we used a null-model simulation to explore the possibility that the increase in model accuracy between EM and IEM could only be due to an increase in the predicted prevalence through the iterative process. We hence compared IEM predictive accuracy to the accuracy of the output of EM predictions modified by randomly turning some sites from absences to presences. The number of sites where absences were replaced by presences was identical to that turned from absences to presences by the IEM procedure, and we computed the percentage of mispredicted sites, Kappa and TSS. For each species, we reiterated this procedure 10 000 times for each learning data set and we compared the observed values of indices produced by the IEM with the distribution of the 10 000 values simulated by the null-model. We also plotted a map of omission and commission errors. For each species, we predicted the presence-absence of the species over the 912730 cells covering the French territory. We then counted, over the 100 models built using the 100 different learning data sets, the percentage of mispredicting models in each cell. This was done for both EM and IEM.



Predictive Performance The AUC almost always significantly decreased during the iterative process but this decrease remained low except for high levels of noisy absences (Fig. 3). All AUC values were higher than 0.77 (higher than 0.88 for 95% of the models) for IEM whereas they were higher than 0.79 (higher than 0.92 for 95% of the models) for EM. Evaluating the predictive accuracy of both EM and IEM presence-absence output on the 334 test sites showed that compared with EM, IEM significantly reduced false absences (Wilcoxon test, p,0.001, Fig. 4). Due to the IEM principle (i.e., replacing noisy absences by presences in the learning data set), the model most easily predicted presences in environments that were in fact true absences, and hence false presences increased significantly in the test set predictions (Wilcoxon test, p,0.001, Fig. 4). Lowering false absences and increasing false presences led to a variation of the predictive accuracy evaluated on the test set that almost depended on the percentage of noisy absences (Fig. 4). Using IEM, the three species experienced a significant increase in predictive accuracy for noisy absences levels greater than 30% (Wilcoxon test, p,0.001). The results were more mixed for lower levels of noisy absences (15 an 30%) as both positive, negative or no change were detected between EM and IEM according to the quality index. Although some were significant, these changes remained of slight intensity (Fig. 4). For noisy absence levels greater than 30%, iterations increased the percentage of well-predicted sites, Kappa and TSS in 93%, 97% and 84% of the cases, respectively (Fig. 4). Moreover, the Kappa index calculated for IEM gave a good score (.0.6) for 2253 out of the 3000 cases and a moderate score (between 0.4 and 0.6) for 593 cases. Our predictions were thus reliable (i.e. Kappa .0.4) in 94.9% of the cases. The performance of EM was clearly lower, with only 1376 cases reaching a Kappa score above 0.6, and 71% of the cases for which the predictions were reliable. The TSS index confirmed this trend, as TSS calculated for IEM reached a score greater than 0.6 for 73.7% of the cases and between 0.4 and 0.6 for 18.6% of the cases. TSS was lower for EM with a score greater than 0.6 for 38.8% of the cases and a score



Results IEM Modelling For the three species, the iterative process tended to converge rapidly, as most of the predictions stabilized after 2 to 70 iterations (mean: 15 iterations). Only 3.5% of the models did not stabilize after 70 iterations (see Fig. S1 a). The models that did not stabilize PLOS ONE | www.plosone.org
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Figure 5. Distributions of the frequent species (prevalence = 60%). (A) The observed distribution; (B) the predicted distributions using noisy absences randomly located; (C) the predicted distributions using noisy absences following a distance gradient from the center of the environmental niche. For each noisy absence type, the top line of 3 maps refers to EM and the bottom line maps to IEM. For each line, noisy absences increase from the left to the right (left 15%, centre 45%, right 75%). The situations with 30% and 60% of noisy absences are not shown for clarity. The 100 models based on the 100 different learning data sets were used and we evaluated the percentage of mispredicting models in each pixel. The darker the pixels, the higher the percentage of prediction errors. doi:10.1371/journal.pone.0049508.g005



The increase in the predictive performance between IEM and EM was not due to the rise of the predicted prevalence, as for 2963 out of the 3000 cases (1789 of the 1800 cases with levels of noisy absences greater than 30%), IEM predictions were significantly more reliable than those produced by the null-model simulations (p,0.05), considering TSS, Kappa and the percentage of wellpredicted sites (Table 1).



between 0.4 and 0.6 for 27% of the cases. Moreover, the IEM provided less biased estimates of species prevalence in 80.7% of the cases (96.5% of the cases with noisy absences levels greater than 30%) (Fig. 4). Note that for high levels of noisy absences, the benefit of IEM compared to EM was lower if the noisy absences were preferentially located at the edge of the niche. Moreover, species prevalence only affected the pattern at the highest noisy absence level due to the limited increase in model quality through iterations for the rarest species. The geographical pattern of omission errors depended on the selection of noisy absences. When the noisy absences were randomly chosen, the EM mispredicted presence cells spread over the whole distribution and were slightly more abundant at the edge of the distribution. For abundant, non-random noisy absences, the EM only predicted the ‘core’ region of each species distribution. At the end of the iterative process, the remaining often omitted cells were in both cases more abundant at the edge of the distribution, but this pattern was less marked for randomly chosen noisy absences (Fig. 5, S4, S5). The location of commission errors was less affected by the selection of noisy absences. Mispredicted absence sites were mostly located at the edge of the distribution and the IEM increased the mispredicted areas especially in areas where the environmental variables varied only slightly (Fig. 5, S4, S5).



Discussion In ecological sciences, the presence of an organism is factual while absence is inferred i.e., the species was not seen or identified or captured [5]. Absence is hence the main cause of uncertainty in species occurrence data matrices and thus can have detrimental consequences on the relevance of correlative SDMs [5,6]. Alternatives are limited as the only models currently used to take species detectability into account require repeated survey data or species abundance data [9], while most data matrices are composed of presence-absence data without multiple observations. IEM provides a way to reduce this problem as it only requires presence-absence data matrices and can reduce the bias inherent in species detectability by dealing with noisy absences. Although IEM did not provide better results than the EM with low levels of noisy absences, it was significantly more efficient than EM as soon as the data set contained more than 30% of noisy absences. In



Table 1. Null-model simulations.



Gradient of noisy absences from the center of the niche



Random location of noisy absences



Prevalence 15%



Prevalence 30%



Prevalence 60%



Percentage of noisy absences 0.01#p,0.05



0.01#p,0.01



p,0.001



0.01#p,0.05



0.01#p,0.01



p,0.001



15%



7



8



9



5



5



15



30%



3



0



4



1



1



8



45%



2



0



3



1



1



4



60%



1



2



4



2



3



3



75%



3



1



7



2



2



11
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2



5



7



1



4



5
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1



3



2



0



1



45%



0



0



2



0



0



1



60%



0



0



0



0



0



0



75%



0



1



1



0



0



1



15%



2



1



9



3



1



11



30%



0



0



1



0



0



0



45%



0



0



0



0



0



0



60%



0



0



0



0



0



0



75%



0



0



0



0



0



0



Number of IEM models with accuracy not better than expected by chance among the 100 built on the 100 learning data sets. We counted the number of sites turned from absences to presences by the IEM procedure. The same number of sites predicted as absences by EM were randomly selected and replaced by presences. The accuracy of the resulting model was evaluated using the percentage of well-predicted sites, the TSS and Kappa indices. The accuracy was considered as lower if at least one of the three indices of the IEM was lower than that evaluated on the random predictions. The random sampling was repeated 10000 times. doi:10.1371/journal.pone.0049508.t001
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such cases, it enhanced the prediction ability of correlative SDMs by increasing both the quality of the statistical models and the consensus between statistical methods. This is an important point as the variability between statistical models is recognized as the major source of uncertainty in the prediction of species spatial distributions by correlative SDMs [30]. This tendency is triggered for low detectable species [43,44], such as species of low occurrence like large predators in forested areas [e.g. 45]. In the same way, threatened species are characterized by a high occurrence of non-contingent absences as those species have often been extirpated from a large part of their natural area. The IEM approach might therefore be of interest in the prediction of the potential distribution of threatened or difficult-to-detect species, which is not readily feasible using classical correlative SDMs [46]. Another possible application of the IEM is the prediction of the potential distribution of non-native species, which has been considered as difficult to achieve using correlative SDMs [e.g., 47,48]. Indeed, it is now recognised that most non-native species are in a non-equilibrium state, particularly due to spatial variability in propagule pressure and human impact on ecosystems across the world [49,50]. Up until now the two ways proposed to predict the spatial invasion range of invasive species involved (1) the use of presence-only models, which have a low predictive efficiency [51,52], or (2) the calibration of models on the niche conditions found in both the native and the exotic range of the species [17,53,54], with the aim of accounting for potential niche shifts between native and invasion ranges [54–57]. This however strongly limits the predictive efficiency of the models, as a substantial part of the absences in the exotic range are contingent, leading to an underprediction of the potential range. The IEM might hence constitute an alternative for predicting the invasion potential of current and future invaders as it has been shown to reduce omission errors that are known to be costly in the prediction of invasive species distribution, as it is more difficult to eradicate a pest than to identify a species that may become a problem [58]. As for more classical correlative SDMs, the spatial extent of presence data remains determinant in the quality of species predictions. Although IEM has been shown to be of interest in the reduction of omission errors, it should however be noted that this method remains unable to guess missing ecological information. This was observed in two ways on our virtual species for high levels of false absences. First, IEM showed less improvement in the accuracy of models built on data sets with noisy absences located at the edge of the niche. As the model did not have information on suitable environmental conditions at the edge of the environmental niche, it tended to underpredict the distribution range. Second, rare species experienced a lower accuracy increase through iteration for the highest level of noisy absence. Here, the number of observed occurrences probably fell under a critical threshold that did not permit the models to gather sufficient information to build a detailed image of the niche. Particular attention should also be given to the selection of the environmental variables, which always remains a crucial point in the model building process [13,53]. This is particularly true for IEM as an inaccurate variable may drive predictions in the wrong direction through iterations. For the same reason, we also warn against the use of the iterative approach when using a unique statistical method as iterations may increase bias inherent to the statistical method used, whereas the use of ensemble methods buffers potential bias due to any specific statistical method [25]. Although accidental presences (i.e. the species is recorded in environmental conditions where it is unable to settle) are usually rare in ecological data, they can occur as species misidentification PLOS ONE | www.plosone.org



in data bases or as recorded occurrences of non-established species. As IEM is designed to fill noisy absences, it may also be affected by these accidental presences. IEM might then inflate the predicted distribution by considering as noisy absences those falling in the gap between real and accidental presences. Accidental presences might therefore promote IEM niche overprediction or drive the model in the wrong direction, especially in the case of high levels of noisy absences that give more importance to the accidental presences. The effect of accidental presences on IEM hence deserves to be quantified. In the same way, model transferability should be evaluated. We showed here that compared to EM, IEM increased the consensus between predictions based on different learning data sets. This suggests that IEM tends to reduce both the sensitivity of models to differences in the ranges of environmental predictors and the overfitting of the learning data. As these two parameters are known to reduce model transferability [59], IEM might be more transferable than EM. But EM and IEM transferability remains to be compared on real species as numerous ecological parameters are known to affect model transferability [59]. Finally, many parameters are known to affect the quality of correlative SDMs, such as the size and extent of the observed distribution, environmental parameter sampling [60], the prevalence of the species [61], cut-off selection [62], or the selection of absences used in the learning data set. The sensitivity of the IEM to these parameters remains to be evaluated before intensively using IEM. We therefore encourage complementary studies to draw up precise guidelines for the use of this method.



Supporting Information Figure S1 Stabilization of the iterative process. a) Number of sites with variable predictions during the 27 following iterations. The grey line corresponds to maximum value over the 3000 models, vertical bars correspond to the variability across 95% of the models; dots correspond to the mean values across the 3000 models. The two dashed lines correspond to the variability inherent to the statistical methods (for all the simulations and for the 95% less variable ones). b) Stabilization time (in number of iterations) of the iterative process across noisy absence levels. (TIFF) Figure S2 Consensus (percentage of variance explained by the first axis of the PCA) among the six models during the iterative process for the 334 test sites. Species prevalence (a) 15%; (b) 30%; (c) 60%. Grey lines correspond to maximum and minimum values, vertical bars correspond to the variability across 95% of the test sites; dots correspond to the mean variance. (TIFF) Figure S3 Consensus (percentage of variance explained by the first axis of the PCA) among the 100 learning data sets after the first iteration (EM) and at the end of the process (IEM) for 1000 randomly selected cells over France. Symbols represent virtual species prevalence. Circles: 15%; squares: 30%; diamonds: 60%. Colour represents noisy absence samplings. Grey: random; white: almost at the edge of the niche. Border colour represents the models. Green: EM; black: IEM. (TIFF) Figure S4 The (a) observed and (b) predicted distributions of the rare species (prevalence = 15%) using noisy absences randomly located or (c) located following a distance gradient from the center of the environmental 9
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niche. For each noisy absence type, the top line of 3 maps refers to EM and the bottom line maps to IEM. For each line, noisy absences increase from left to right (left 15%, centre 45%, right 75%). The situations with 30% and 60% of noisy absences are not shown for clarity. The 100 models based on the 100 different learning data sets were used and we evaluated the percentage of mispredicting models in each pixel. The darker the pixels, the higher the percentage of prediction errors. (TIFF)



15%, centre 45%, right 75%). The situations with 30% and 60% of noisy absences are not shown for clarity. The 100 models based on the 100 different learning data sets were used and we evaluated the percentage of mispredicting models in each pixel. The darker the pixels, the higher the percentage of prediction errors. (TIFF)
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Figure S5 The (a) observed and (b) predicted distribu-



tions of the intermediate species (prevalence = 30%) using noisy absences randomly located or (c) located following a distance gradient from the center of the environmental niche. For each noisy absence type, the top line of 3 maps refers to EM and the bottom line maps to IEM. For each line, noisy absences increase from the left to the right (left



Author Contributions Conceived and designed the experiments: CL GG SB. Performed the experiments: CL. Analyzed the data: CL. Contributed reagents/materials/ analysis tools: CL. Wrote the paper: CL GG SB.



References 1. Morin X, Thuiller W (2009) Comparing niche- and process-based models to reduce prediction uncertainty in species range shifts under climate change. Ecology 90: 1301–1313. 2. Kearney M, Porter W (2009) Mechanistic niche modelling: combining physiological and spatial data to predict species’ ranges. Ecology Letters 12: 334–350. 3. Guisan A, Thuiller W (2005) Predicting species distribution: offering more than simple habitat models. Ecology Letters 8: 993–1009. 4. Elith J, Graham CH, Anderson RP, Dudik M, Ferrier S, et al. (2006) Novel methods improve prediction of species’ distributions from occurrence data. Ecography 29: 129–151. 5. Lobo JM, Jime´nez-Valverde A, Hortal J (2010) The uncertain nature of absences and their importance in species distribution modelling. Ecography 33: 103–114. 6. Lobo JM (2008) More complex distribution models or more representative data? Biodiversity Informatics 5: 14–19. 7. Rowe RJ, Finarelli JA, Rickart EA (2010) Range dynamics of small mammals along an elevational gradient over an 80-year interval. Glob Change Biol 16: 2930–2943. 8. Moritz C, Patton JL, Conroy CJ, Parra JL, White GC, et al. (2008) Impact of a century of climate change on small-mammal communities in Yosemite National Park, USA. Science 322: 261–264. 9. Ke´ry M, Gardner B, Monnerat C (2010) Predicting species distributions from checklist data using site-occupancy models. J Biogeogr 37: 1851–1862. 10. Gallien L, Douzet R, Pratte S, Zimmermann NE, Thuiller W (2012) Invasive species distribution models - how violating the equilibrium assumption can create new insights. Global Ecol Biogeogr. 11. Hirzel AH, Hausser J, Chessel D, Perrin N (2002) Ecological-niche factor analysis: How to compute habitat-suitability maps without absence data? Ecology 83: 2027–2036. 12. Farber O, Kadmon R (2003) Assessment of alternative approaches for bioclimatic modeling with special emphasis on the Mahalanobis distance. Ecoll Model 160: 115–130. 13. Wisz MS, Guisan A (2009) Do pseudo-absence selection strategies influence species distribution models and their predictions? An information-theoretic approach based on simulated data. BMC Ecology 9: 8. 14. Zaniewski AE, Lehmann A, Overton JM (2002) Predicting species spatial distributions using presence-only data: a case study of native New Zealand ferns. Ecol Model 157: 261–280. 15. Engler R, Guisan A, Rechsteiner L (2004) An improved approach for predicting the distribution of rare and endangered species from occurrence and pseudoabsence data. J Appl Ecol 41: 263–274. 16. Chefaoui RM, Lobo JM (2008) Assessing the effects of pseudo-absences on predictive distribution model performance. Ecol Model 210: 478–486. 17. Capinha C, Leung B, Anasta´cio P (2011) Predicting worldwide invasiveness for four major problematic decapods: an evaluation of using different calibration sets. Ecography 34: 448–459. 18. Stokland JN, Halvorsen R, Støa B (2011) Species distribution modelling-Effect of design and sample size of pseudo-absence observations. Ecol Model 222: 1800– 1809. 19. Kadmon R, Farber O, Danin A (2003) A systematic analysis of factors affecting the performance of climatic envelope models. Ecol Appl 13: 853–867. 20. Olden JD, Jackson DA (2002) A comparison of statistical approaches for modelling fish species distributions. Freshwater Biol 47: 1976–1995. 21. Segurado P, Arau´jo MB (2004) An evaluation of methods for modelling species distributions. J Biogeogr 31: 1555–1568. 22. Manel S, Dias JM, Ormerod SJ (1999) Comparing discriminant analysis, neural networks and logistic regression for predicting species distributions: a case study with a Himalayan river bird. Ecol Model 120: 337–347.



PLOS ONE | www.plosone.org



23. Elith J, Leathwick JR (2009) Species distribution models: Ecological explanation and prediction across space and time. Annu Rev Ecol Evol S 40: 677–697. 24. Arau´jo MB, Whittaker RJ, Ladle RJ, Erhard M (2005) Reducing uncertainty in projections of extinction risk from climate change. Global Ecol Biogeogr 14: 529–538. 25. Arau´jo MB, New M (2007) Ensemble forecasting of species distributions. Trends Ecol Evol 22: 42–47. 26. Marmion M, Parviainen M, Luoto M, Heikkinen RK, Thuiller W (2009) Evaluation of consensus methods in predictive species distribution modelling. Divers Distrib 15: 59–69. 27. Grenouillet G, Buisson L, Casajus N, Lek S (2011) Ensemble modelling of species distribution: the effects of geographical and environmental ranges. Ecography 34 9–17. 28. Brown JH (1984) On the relationship between abundance and distribution species. Am Nat 124: 225–279. 29. Hijmans RJ, Cameron SE, Parra JL, Jones PG, Jarvis A (2005) Very high resolution interpolated climate surfaces for global land areas. Int J Climatol 25: 1965–1978. 30. Buisson L, Thuiller W, Casajus N, Lek S, Grenouillet G (2010) Uncertainty in ensemble forecasting of species distribution. Glob Change Biol 16: 1145–1157. 31. Thuiller W, Lavorel S, Arau´jo MB, Sykes MT, Prentice IC (2005) Climate change threats to plant diversity in Europe. P Natl A Sci USA 102: 8245–8250. 32. Marini MA, Barbet-Massin M, Lopes LE, Jiguet F (2009) Predicted climatedriven bird distribution changes and forecasted conservation conflicts in a Neotropical savanna. Conserv Biol23: 1558–1567. 33. Lobo JM, Tognelli MF (2011) Exploring the effects of quantity and location of pseudo-absences and sampling biases on the performance of distribution models with limited point occurrence data. J Nat Conserv 19: 1–7. 34. Jime´nez-Valverde A, Lobo JM (2007) Threshold criteria for conversion of probability of species presence to either-or presence-absence Acta Oecol 31: 361–369. 35. Sobero´n J, Nakamura M (2009) Niches and distributional areas: Concepts, methods, and assumptions. P Natl A Sci USA 106: 19644–19650. 36. Freeman EA, Moisen GG (2008) A comparison of the performance of threshold criteria for binary classification in terms of predicted prevalence and kappa. Ecol Model 217: 48–58. 37. Mouton AM, De Baets B, Van Broekhoven E, Goethals PLM (2009) Prevalenceadjusted optimisation of fuzzy models for species distribution. Ecol Model 220: 1776–1786. 38. R Development Core Team (2011) R: A language and environment for statistical computing. Vienna, Austria: R Foundation for Statistical Computing. 39. Thuiller W (2004) Patterns and uncertainties of species’ range shifts under climate change. Glob Change Biol 10: 2020–2027. 40. Fielding AH, Bell JF (1997) A review of methods for the assessment of prediction errors in conservation presence/absence models. Environ Conserv 24: 38–49. 41. Santika T (2011) Assessing the effect of prevalence on the predictive performance of species distribution models using simulated data. Global Ecol Biogeogr 20: 181–192. 42. Allouche O, Tsoar A, Kadmo R (2006) Assessing the accuracy of species distribution models: prevalence, kappa and the true skill statistic (TSS). J Appl Ecol 43: 1223–1232. 43. Wisz MS, Hijmans RJ, Li J, Peterson AT, Graham CH, et al. (2008) Effects of sample size on the performance of species distribution models. Divers and Distrib 14: 763–773. 44. Pearson RG, Raxworthy CJ, Nakamura M, Peterson AT (2007) Predicting species distributions from small numbers of occurrence records: a test case using cryptic geckos in Madagascar. J Biogeogr 34: 102–117.



10



November 2012 | Volume 7 | Issue 11 | e49508



An Iterative SDM Approach



45. Cubaynes S, Pradel R, Choquet R, Duchamp C, Gaillard J-M, et al. (2010) Importance of accounting for detection heterogeneity when estimating abundance: the case of french wolves. Conserv Biol 24: 621–626. 46. Cianfrani C, Le Lay G, Hirzel AH, Loy A (2010) Do habitat suitability models reliably predict the recovery areas of threatened species? J Appl Ecol 47: 421– 430. 47. Gallien L, Munkemuller T, Albert CH, Boulangeat I, Thuiller W (2010) Predicting potential distributions of invasive species: where to go from here? Divers Distrib 16: 331–342. 48. Olden JD, Kennard MJ, Leprieur F, Tedesco PAW, K.O., Garcia-Berthou E (2010) Conservation biogeography of freshwater fishes: recent progress and future challenges. Divers Distrib 16: 496–513. 49. Leprieur F, Beauchard O, Blanchet S, Oberdorff T, Brosse S (2008) Fish invasions in the world’s river systems: when natural processes are blurred by human activities PloS Biology 6: e28. http://dx.doi.org/10.1371/journal.pbio. 0060028. 50. Blanchet S, Leprieur F, Beauchard O, Staes J, Oberdorff T, et al. (2009) Broadscale determinants of non-native fish species richness are context-dependent. P Roy Soc B- Biol Sci 276: 2385–2394. 51. Va´clavı´k T, Meentemeyer RK (2009) Invasive species distribution modeling (iSDM): Are absence data and dispersal constraints needed to predict actual distributions? Ecol Model 220: 3248–3258. 52. Brotons L, Thuiller W, Arau´jo MB, Hirzel AH (2004) Presence-absence versus presence-only modelling methods for predicting bird habitat suitability. Ecography 27: 437–448. 53. Jime´nez-Valverde A, Peterson AT, J. Sobero´n J, Overton JM, Arago´n P, et al. (2011) Use of niche models in invasive species risk assessments. Biol Invasions 13: 2785–2797.



PLOS ONE | www.plosone.org



54. Beaumont LJ, Gallagher RV, Thuiller W, Downey PO, Leishman MR, et al. (2009) Different climatic envelopes among invasive populations may lead to underestimations of current and future biological invasions. Divers Distrib 15: 409–420. 55. Lauzeral C, Leprieur F, Beauchard O, Duron Q, Oberdorff T, et al. (2011) Identifying climatic niche shifts using coarse-grained occurrence data: a test with non-native freshwater fish. Global Ecol Biogeogr 20: 407–414. 56. Ro¨dder D, Lo¨tters S (2009) Niche shift versus niche conservatism? Climatic characteristics of the native and invasive ranges of the Mediterranean house gecko (Hemidactylus turcicus). Global Ecol Biogeogr 18: 674–687. 57. Medley KA (2010) Niche shifts during the global invasion of the Asian tiger mosquito, Aedes albopictus Skuse (Culicidae), revealed by reciprocal distribution models. Global Ecol Biogeogr 19: 122–133. 58. Mack RN, Simberloff D, Lonsdale WM, Evans H, Clout M, et al. (2000) Biotic invasions: Causes, epidemiology, global consequences, and control. Ecol Appl 10: 689–710. 59. Randin CF, Dirnbo T, Dullinger S, Zimmermann NE, Zappa M, et al. (2006) Are niche-based species distribution models transferable in space? J Biogeogr 33: 1689–1703. 60. Menke SB, Holway DA, Fisher RN, Jetz W (2009) Characterizing and predicting species distributions across environments and scales: Argentine ant occurrences in the eye of the beholder. Global Ecol Biogeogr 18: 50–63. 61. Williams JN, Seo C, Thorne J, Nelson JK, Erwin S, et al. (2009) Using species distribution models to predict new occurrences for rare plants. Divers Distrib 15: 565–576. 62. Liu CR, Berry PM, Dawson TP, Pearson RG (2005) Selecting thresholds of occurrence in the prediction of species distributions. Ecography 28: 385–393.



11



November 2012 | Volume 7 | Issue 11 | e49508



























des documents recommandant







[image: alt]





hierarchical Species Distribution Models (hSDM) - Ghislain Vieilledent 

hierarchical SDM. Data. Three different statistical models. Model comparison. 4 the hSDM R ... Machine Learning Techniques : .... treatment of large data-sets.










 


[image: alt]





Dealing With Crosswinds 

said, â€œI try to avoid crosswind landings like the plague!â€� Realistically, flying an approach and landing during crosswinds is inevitable. When it happens, pilots ...










 


[image: alt]





Dealing with a flat 

Prop the engine and let the alter- nator do the work,. - Or fit a socket in a readily accessi- ble area for battery charging. We didn't wish to make a major.










 


[image: alt]





Soil nutritional factors improve models of plant species distribution: an 

needed for many purposes, for example to model the risk of invasion ... Results The distribution of A. campestre was poorly modelled when including only climatic ..... DISCUSSION ..... France. PhD Dissertation, French Institute of Forestry,.










 


[image: alt]





Experimenting with a Real-Size Man-Hill to Optimize ... - CiteSeerX 

toward the use of ACO-like algorithms with humans in the e-learning domain. ..... metaheuristic, in New ideas in optimization, D. Corne, M. Dorigo and F. Glover ...










 


[image: alt]





UNESCO must make a substantial contribution to dealing with 

for all â€“, sustainable development and cultural diversity. Respect and ... States. As interface and mediator between national politics, civil society, the media.










 


[image: alt]





building statistical models to analyze species ... - Ghislain Vieilledent 

For illustration, we selected two species in the family. Proteaceae, a diverse .... A script for implementing. Model 1 in ...... Dr. Guy F. Midgley, head of NBI's climate.










 


[image: alt]





Utilizing Epidemiological Investigations to Optimize 

Spotts, R. A. 1977. Effect of leaf wetness duration and temperature on the infectivity of Guignardia bidwellii on grape leaves. Phytopathology. 67:1378-1381. 14.










 


[image: alt]





EcnLD, ECN Loss Differentiation to optimize the 

the transport protocols performance on wireless networks in the literature; the main idea ... Additionally, it needs more processing power at the base stations to ..... simulation trace file to identify the reason for each packet loss, and we compare










 


[image: alt]





Ensemble modelling of species distribution - Gael Grenouillet 

After accounting for the effects of phylogenetic relatedness and species prevalence, these four ... 2006, Pearson et al. 2006, ... October) to collect information about fish assemblages in a ...... Measuring the accuracy of diagnostic systems.










 


[image: alt]





conference pleniere risks quantification to optimize 

1990 un mécanisme d'aide sociale pour faire face aux impayés et éviter les coupures. En. 2013, par la .... Yoann Seeleuthner, Samuel Mondy, Patrick Wincker.










 


[image: alt]





Differentiating Link State Advertizements to Optimize Control 

traffic along overlay paths so that quality and/or resilience of delivered services are ... consists in engineering an overlay topology on top of the. Internet to balance ..... scope since the networks that connect the overlay nodes are considered as










 


[image: alt]





Neutral Models with Generalised Speciation 

formulas for their stationary species abundance distribution. Here we ... Keywords Biodiversity Â· Ewens sampling formula Â· Metacommunity Â· Neutral model Â·.










 


[image: alt]





Linking species interactions with phylogenetic and functional 

nity assembly has been a pivotal aim in community ecology. Biotic interactions are .... larger scales. Indeed, a few empirical studies have revealed both aggre-.










 


[image: alt]





Methods for dealing with missing values in ... - Guillaume Lemaitre 

Multiple regressions: this method uses all elements known to estimate the value of ... Bayesian bootstrap: this method computes the value by logistic regression.










 


[image: alt]





example of a geotechnical report dealing with earthquake 

resulting from our geotechnical earthquake investigation of the subject site. ... and soil engineering maps and reports pertinent to the earthquake engineer-.










 


[image: alt]





Zoonotic Chlamydiaceae Species Associated with Trachoma, Nepal 

C. psittaci. 74. Negative. Negative. 75. C. pecorum. C. pecorum. 76. C. trachomatis. C ... â€ ompA genotypes represent strain type for C. trachomatis and/or species.










 


[image: alt]





Confronting species aesthetics with ecological ... - Nicolas Mouquet 

For instance, a tremendous amount of effort has been invested in studying the relationship between .... could be judged more attractive if viewed as a shoal.










 


[image: alt]





Experimenting with a Real-Size Man-Hill to Optimize ... - Evelyne Lutton 

INRIA Rocquencourt [email protected]. C. Bourgeois Republique. LERSIA Department. University of Bourgogne [email protected]. P. Collet.










 


[image: alt]





Distribution of two pine processionary moth species in Turkey 

larval development generally occurs through the winter. ... that they build on the tips of pine branches in winter and ... (2009) were the first to mention that ... distribution range of both species in Turkey for the first ... A 95% confidence stati










 


[image: alt]





Dealing with visual features occlusions and collisions ... - dfolio(at) 

A first solution is to allow some of the features to appear and disappear temporarily from ... In section II, we model the system and state the problem. In section III ...










 


[image: alt]





An Annotated Glossary for Dealing with the Digital Migration - home 

Jan 13, 2013 - The arrow 'â†’' means that a certain concept to the left of the arrow ..... Once upon a time we used the notion of progress, that included a value.










 


[image: alt]





XGTagger, an open-source interface dealing with ... - Xavier Tannier 

XGTagger, a generic interface for analysing XML content. Technical Report 2005-400-008, Ecole Nationale. SupÃ©rieure des Mines de Saint-Etienne, July 2005.










 


[image: alt]





Dealing With Ethical Conflicts In Autonomous Agents ... - GrÃ©gory Bonnet 

technical systems are more and more open and decen- tralized ... what their main system and decision features are. ..... of Revue Internationale de Philosophie.










 














×
Report Dealing with Noisy Absences to Optimize Species Distribution Models





Your name




Email




Reason
-Select Reason-
Pornographic
Defamatory
Illegal/Unlawful
Spam
Other Terms Of Service Violation
File a copyright complaint





Description















Close
Save changes















×
Signe






Email




Mot de passe







 Se souvenir de moi

Vous avez oublié votre mot de passe?




Signe




 Connexion avec Facebook












 

Information

	A propos de nous
	Règles de confidentialité
	TERMES ET CONDITIONS
	AIDE
	DROIT D'AUTEUR
	CONTACT
	Cookie Policy





Droit d'auteur © 2024 P.PDFHALL.COM. Tous droits réservés.








MON COMPTE



	
Ajouter le document

	
de gestion des documents

	
Ajouter le document

	
Signe









BULLETIN



















Follow us

	

Facebook


	

Twitter



















Our partners will collect data and use cookies for ad personalization and measurement. Learn how we and our ad partner Google, collect and use data. Agree & Close



