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Abstract Endemic species play an important role in conservation ecology. However, knowledge of the real distribution and ecology is still scarce for many endemics. The aims of this study were to predict the distribution of the short-range endemic Alpine jumping bristletail Machilis pallida; to evaluate the actual level of endemism via ground validation using an iterative approach for testing the models in field trips and increasing the quality of the prediction step by step; and to test the potential of species distribution modelling for increasing the knowledge about the ecological niche. Based on seven known locations of M. pallida, we used species distribution modelling via Maxent. After a set of seven field trips a new model was built if new locations were found. Three such iterations were performed to increase model quality. We discovered four new locations of M. pallida, increasing the area of known distribution from 470 to 4,890 km2. The distribution of M. pallida is thus wider than formerly known, but our results support Eastern Alpine endemism of the species. The knowledge about the ecological niche could be increased due to the newly found locations. Our study showcases the potential of the iterative approach of modelling and ground validation to evaluate the actual level of endemism and the ecological niche in Alpine species and beyond. Florian M. Steiner and Birgit C. Schlick-Steiner contributed equally to this work. L. J. Rinnhofer (&)  W. Arthofer  T. Dejaco  B. Thaler-Knoflach  G. A. Wachter  F. M. Steiner  B. C. Schlick-Steiner Molecular Ecology Group, Institute of Ecology, University of Innsbruck, Technikerstrasse 25, 6020 Innsbruck, Austria e-mail: [email protected] N. Roura-Pascual Departament de Cie`ncies Ambientals, Universitat de Girona, Campus Montilivi, 17071 Girona, Catalonia, Spain N. Roura-Pascual ` rea de Biodiversitat, Centre Tecnolo`gic Forestal de Catalunya, Ctra. St. Llorenc¸ de Morunys km 2, A 25280 Solsona, Catalonia, Spain E. Christian Institute of Zoology, University of Natural Resources and Life Sciences, 1180 Vienna, Austria
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Introduction Endemism, the restriction of a taxon to a specific geographical area (Cowling 2001), has been recognised as a biogeographical pattern with important ramifications for research into evolution, ecology, and conservation. Endemic species are relevant to community organisation and ecosystem services (Hernandez et al. 2006; Papes and Gaubert 2007; Wanger et al. 2011) and the awareness of their contribution to global biodiversity is growing rapidly (Cassagne et al. 2006; Deharveng et al. 2000; Garzon et al. 2008). Sound knowledge about the geographical distribution and ecological demands of endemic species is central to biodiversity conservation (Myers et al. 2000). The European Alps are amongst the most important hotspots of endemism in Europe (Myers et al. 2000; Rabitsch and Essl 2009). Geographical isolation, climatic oscillations, low vagility and narrow ecological niches have been discussed as limiting the distribution of Alpine endemic species (Holdhaus 1954; Huemer 1998; Rabitsch and Essl 2009). However, often only a small number of populations are known for endemic species, which can either represent a true biological finding or a sampling artefact. In many cases, the true distribution of endemic species is not known and ecological knowledge is limited (Huemer 2011). This raises the question of how to uncover the actual distribution and the level of endemism of a given species. Species distribution modelling (SDM) offers the opportunity to estimate the distribution of a species in an effective way making it a widely used method for conservation science and biogeographical studies (Elith et al. 2006; Gormley et al. 2011; Newbold et al. 2009; Raxworthy et al. 2003; Rou´ra-Pascual and Suarez 2008; Steiner et al. 2008; Ward 2007). It combines spatial information with environmental variables (e.g., temperature, precipitation) and creates a model that displays areas of high similarity to the currently known locations of a species (Anderson et al. 2003; Peterson 2003). Species distribution models are useful for estimating the potential of species occurrence in poorly surveyed areas and for directing new surveys to places where species are likely to be found (Hernandez et al. 2008; Sa´nchez-Ferna´ndez et al. 2011). The template of the model rarely includes all the biotic and abiotic factors which shape the real distribution of a species. Entering more substantial information leads, of course, to a more accurate prediction of the possible range of a species, just as larger sample numbers do (Anderson et al. 2003; Pearson et al. 2007). Even good data, however, do not necessarily entail congruence of predicted and actual species ranges. SDM can hardly include limited means of dispersion, geographical barriers, long-term climatic effects (e.g., glaciations), or anthropogenic effects (Anderson et al. 2003; Arau´jo and Pearson 2005; Svenning and Skov 2004). The results of SDM thus require careful interpretation, but former studies have shown their high informative value (e.g., Hernandez et al. 2008; Rebelo and Jones 2010). The prediction of the potential distribution of endemic species is often impeded by the sparsity of records. Several studies have suggested that the SDM software Maxent (Phillips et al. 2006) performs well when modelling distributions of species with small sample sizes (\10 samples) compared to other software (Costa et al. 2010; Elith et al. 2006; Hernandez et al. 2006; Pearson et al. 2007; Williams et al. 2009; Wisz et al. 2008). However, to our
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knowledge, Maxent-based models have only infrequently been used for ground validation via actual sampling in areas predicted by the models (but see Jackson and Robertson 2011; Rebelo and Jones 2010; Williams et al. 2009). The objective of this study is to use an iterative modelling approach to examine the distribution and ecology of the Alpine, short-range endemic jumping bristletail Machilis pallida Janetschek, 1949, known from seven localities in the Tyrolean Alps prior to our study (Table 1). Jumping bristletails (Microcoryphia) are basal, wingless insects with about 480 species known worldwide (Sturm and Machida 2001). The Eastern Alpine jumping bristletails of the genus Machilis comprise 22 species, of which 17 are short-range endemics (T. Dejaco, unpubl. data), making them an excellent model system for endemism research. Biological knowledge about M. pallida is scarce. Based on the seven previously known records the species seems to prefer south-to-southeast facing slopes with scree of approx. 10 cm carbonate rocks at 2,000–2,600 m a.s.l. (Christian and Knoflach 2009; Janetschek 1951; Wachter et al. in press). The geographic range of M. pallida extends 65 km N–S/28 km E-W and covers just about 470 km2 (Table 1), rendering the species representative of putatively very narrow endemism. We test, as far as we know for the first time, Maxent’s potential as a tool for modelguided field work in endemism research; the highly heterogeneous, alpine area inhabited by M. pallida and the very small sample size challenge the task. The apparently small range raises questions of relevance to biogeography and conservation biology: (1) Is the real distribution of M. pallida wider than currently known? (2) Is M. pallida indeed endemic to the Eastern Alps? (3) Can SDM increase the knowledge about the ecological niche of endemic species in highly heterogeneous areas? We tackle these questions in an iterative process by creating new species distribution models after rounds of seven field trips, thus improving successive models by entering data from newly discovered populations.



Materials and methods Iterative modelling approach and ground validation To shed light into the ecology and distribution of M. pallida, we adopted an iterative approach which consisted of three rounds of SDM/ground-validation processes. The initial model (Model 1) was calibrated based on the seven published records of the species (Janetschek 1949, 1951; Wachter et al. in press) (Table 1). To spot new locations of M. pallida and test the quality of this initial model, we selected seven places within the predicted area of Model 1 for field sampling (Round 1). If new populations were found in the course of the field trips, a new model was created after finishing each round of seven field trips, adding the new localities to the previous occurrence data following the same procedure. We repeated this SDM/ground-validation process two additional times (Round 2 and 3), surveying a total of 21 new localities in the search of M. pallida. After the third round, the final distribution model was created using all records available to have an updated representation of the species’ potential distribution in the Alps. To select localities for sampling, we converted the model predictions to binary maps (suitable/unsuitable) using the lowest presence threshold (LPT; also known as minimum training presence), i.e., the lowest prediction value returned by Maxent for a location with observed presence of the species. Areas predicted above the LPT were identified as areas at least as suitable as those where the species had already been proved to occur
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Table 1 Known populations of M. pallida at the beginning of the study and localities sampled during successive field trips Geographical coordinates M. pallida locations known at the beginning of this study Ma¨uerlscharte 46.99°N, 11.53°E 47.10°N, 11.38°E



m a.s.l.



M. pallida



Rock type



2,325



x



Carbonate



2,280



x



Carbonate



Kesselspitze* La¨mpermahdspitze*



47.12°N, 11.38°E



2,220



x



Carbonate



Padasterjochhaus



47.08°N, 11.36°E



2,268



x



Carbonate



Obernberger Tribulaun



46.99°N, 11.39°E



2,012



x



Carbonate



Schlern, Refugio Molignon Schlern, Murmeltierhu¨tte



46.41°N, 11.65°E



2,112



x



Carbonate



46.51°N, 11.70°E



2,173



x



Carbonate



Round 1 Brenta



46.18°N, 10.87°E



2,220



x



Carbonate



Drei Zinnen



46.61°N, 12.30°E



2,370



x



Carbonate



Adamello



46.12°N, 10.63°E



2,475



Silicate



Val di Sole



46.35°N, 10.81°E



2,437



Silicate



Marmolada



46.42°N, 11.85°E



2,407



Carbonate



Cima d’Asta



46.18°N, 11.61°E



2,629



Silicate



Pale di San Martin



46.24°N, 11.88°E



2,287



Carbonate



Round 2 Nu¨rnberger Hu¨tte



47.00°N, 11.21°E



2,381



Seegrube



47.30°N, 11.38°E



1,950



x



Silicate Carbonate



Seekofel



46.67°N, 12.09°E



2,165



x



Carbonate



Penser Joch



46.35°N, 11.44°E



2,317



Silicate



Schwarzenstein



47.00°N, 11.89°E



2,420



Silicate



S-Charls



46.73°N, 10.35°E



2,182



Carbonate



Monte Frerone



45.95°N, 10.41°E



2,608



Silicate



Round 3 Dawinspitze



47.17°N, 10.30°E



2,494



Carbonate



Rofan



47.45°N, 11.78°E



2,024



Carbonate



Mojstrovka



46.43°N, 13.72°E



2,143



Carbonate



Il-Fourn



46.67°N, 10.23°E



2,158



Carbonate



Monte Baldo



45.72°N, 10.85°E



2,000



Carbonate



Lienzer Dolomiten



46.74°N, 12.68°E



2,370



Carbonate



Ortler



46.52°N, 10.56°E



2,257



Carbonate



00



* Locations placed in the same grid cell (resolution 30 ) and used as one location in the modelling process; x indicates a population of M. pallida



(Pearson et al. 2007). In selecting sampling sites within the predicted range, the following procedure was applied: Within the set of suitable areas, in each sampling round we first selected a geographic area without confirmed presence/absence of the species (e.g., the southernmost range) to potentially extend our knowledge on the distribution of M. pallida. Second, within this general geographical area, we used Google Earth (http://earth. google.com) and expert knowledge to identify suitable scree slopes among the predicted habitats. The formerly known populations of M. pallida occurred on scree slopes with an extent of about two to five kilometres. Thus, in order to avoid autocorrelation, each
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sampling location had to be 10 km off any known population and any location already sampled (with or without success); we considered a distance of 10 km as sufficient due to the low vagility of jumping bristletails and the heterogeneous landscape we investigated. When more than seven such locations were identified in the area selected, ease of access determined the final decision. Locations of both carbonate (e.g., limestone or dolomite) and silicate (e.g., granite) rock were sampled, the two predominant rock types of the Eastern Alps (Pfiffner 2010). Sampling was done by hand collection during up to 4 h (from 9 am to 1 pm) per site, moving from the bottom of the slope to the top to minimise disturbance. Specimens were immediately fixed in 96 % EtOH and stored individually in tubes at -20 °C at the Molecular Ecology Group, Institute of Ecology, University of Innsbruck. Maxent settings We used the SDM software Maxent 3.3.2 (Phillips et al. 2006) to estimate the potential range of the species. Maxent predicts the distribution of species using the principle of maximum entropy, which finds the probability that is the closest to uniform combining environmental data with presence localities and background records sampled from the overall study area (Phillips et al. 2006; Ward 2007). As recommended by Phillips et al. (2009, 2006), we used default settings. The Maxent default setting Remove duplicate presence record reduced the number of samples from seven to six because two localities were placed in the same grid cell (cell size approx. 1 km2) (Table 1). Linear features were used when sample size was smaller than 10 occurrence points, and linear and quadratic features when 10 or more occurrence points were available (Phillips et al. 2004). Due to the small number of occurrence points available, we could not split the data into test and training sets for model evaluation and we used the ‘‘leave-one-out’’ approach instead (cf. Pearson et al. 2007; see details below). For performance analysis of different variable and background combinations with the Jackknife test, we set the number of replicates equal to the total number of occurrence points and Type to Replicate. Selection of environmental variables The proper selection of environmental variables has been an issue in SDM (Beaumont et al. 2005; Kriticos and Randall 2001; Ward 2007). Because of the small set of initial occurrence localities and to avoid overfitting (Stockwell and Peterson 2002), we aimed at keeping the number of environmental variables small. Our initial set consisted of 21 climatic and terrain-related variables. Nineteen climatic variables with a resolution of 30 arc seconds were downloaded from the WorldClim database (Hijmans et al. 2005). The variable altitude was added from the NASA Shuttle Radar Topography Mission (SRTM) data set made available by the CGIAR Consortium for Spatial Information (available at: http://srtm.csi.cgiar.org). The variable surface area was included as it represents information about steepness and roughness of the terrain. Based on the altitude data, surface area was derived using the Arc GIS Surface Area Tool made available by Jenness (2004). This tool calculates surface area by generating eight 3-dimensional triangles connecting each 3000 -cell centrepoint with the centrepoints of the eight surrounding cells, then calculating and summing the area of the portions of each triangle that lies within the cell boundary (Jenness 2004). Sampling bias is known to potentially impact model quality (Elith and Graham 2009; Hortal et al. 2008; Pearson et al. 2007; Phillips et al. 2009; Rebelo and Jones 2010). Therefore we did not include rock type
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Table 2 Environmental variables used for predicting the distribution of M. pallida in the Alps (Hijmans et al. 2005; Jenness 2004) and their contribution (%) as returned by Maxent Name



Abbreviation



Reason for elimination



Model 1



Model 2



Model 3



82.7



Temperature of warmest quarter



Bio10



–



82.6



79.9



Temperature of coldest quarter



Bio11



–



0



0.2



0



Precipitation of driest quarter



Bio16



–



0.2



0.1



0.8 15.1



Precipitation of wettest quarter



Bio17



–



15.2



17.3



Surface area



Surf



–



1.9



2.4



1.4



Annual mean temperature



Bio1



CORR



–



–



–



Mean diurnal range



Bio2



COMP



–



–



–



Isothermality



Bio3



COMP



–



–



–



Temperature seasonality



Bio4



COMP



–



–



–



Max temperature of warmest month



Bio5



CORR



–



–



–



Min temperature of coldest month



Bio6



CORR



–



–



–



Temperature annual range



Bio7



COMP



–



–



–



Mean temperature of wettest quarter



Bio8



COMP



–



–



–



Mean temperature of driest quarter



Bio9



COMP



–



–



–



Annual precipitation



Bio12



CORR



–



–



–



Precipitation of wettest month



Bio13



CORR



–



–



–



Precipitation of driest month



Bio14



CORR



–



–



–



Precipitation seasonality



Bio15



COMP



–



–



–



Precipitation of warmest quarter



Bio18



COMP



–



–



–



Precipitation of coldest quarter



Bio19



COMP



–



–



–



Altitude



Alt



CORR



–



–



–



Reasons for elimination of variables: COMP eliminated due to exclusion of complex variables, CORR eliminated due to results of correlation analysis (for details, see ‘‘Materials and methods’’)



as variable, because we suspected biased sampling behind the fact that all known locations were from carbonate rock. Even Riezler (1939) doubted the correlation between machilid occurrence and bedrock type. All variables were cut to the same extent as the three background areas at a spatial resolution of 30 arc seconds (approx. 1 km2). We then applied a two-step procedure to this initial pool of variables to retain only the most relevant ones (Table 2). Exclusion of complex variables Running a principal component analysis (PCA; calculated via the software PAST, Hammer et al. 2001) did not yield any statistically robust results for the extracted variables in our study area. In order to reduce complexity in the interpretation of the effect of abiotic factors on the model and opting for simple variables rather than compound ones, we decided to exclude climatic variables where there is a mix of temperature and precipitation (e.g., mean temperature of wettest quarter) and exclusively used variables describing one



123



Biodivers Conserv (2012) 21:2845–2863



2851



of the two (e.g., mean precipitation of driest quarter). Furthermore, we excluded variables which describe changes of temperature or precipitation over the annual cycle (e.g., temperature seasonality) because we considered absolute values as easier to interpret (Table 2). Correlation analysis To reduce redundancy within the remaining environmental variables, we used pairwise correlation values (Pearson Correlation Coefficient, calculated via STATISTICA V. 10, StatSoft Inc. 2010) of 20,000 randomly selected points of different backgrounds (Fig. 1). Due to the small area, the background for the Known Distribution showed intercorrelation among nearly all variables. Therefore, we used only the backgrounds AA and EA in the subsequent process. Seven variables showing a correlation [0.80 were eliminated for redundancy (Giovanelli et al. 2010) (Table 2). We opted to use surface area to represent topographical effects, because altitude correlated [0.80 with various temperature variables. Mean temperature of warmest quarter and mean temperature of coldest quarter correlated[0.80 but we decided to retain both of them, as each of the two values might set an ecological limit to M. pallida. Our final set of variables consisted of mean temperature of warmest quarter, mean temperature of coldest quarter, precipitation of wettest quarter, precipitation of driest quarter, and surface area (Table 2). Selection of background The selection of an appropriate background area has been a widely discussed topic in SDM (e.g., Elith et al. 2006; Phillips et al. 2009; VanDerWal et al. 2009) and so far no consensus optimal method has been found. Model performance changes when random pseudoabsence points are drawn from too small or too large a background area as compared to the actual distribution of a species. The contribution of each variable in the model differs with background size and therefore selection of background area can impact the modelling result (VanDerWal et al. 2009). In the absence of detailed knowledge on the real species



Fig. 1 Map of the study area with the different background areas used to calibrate the models. AA area of the Alps, covering the whole Alps from Nice to Vienna, EA Eastern Alps, covering the eastern Alps from the Rhein-Splu¨gen-Como line in the west to Vienna in the east, KD 1 known distribution of M. pallida prior to this study, KD 2 and KD3 known distribution of M. pallida after Round 1 and Round 2 of sampling, respectively. Brackets show the area of Maxent prediction in Fig. 2
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Table 3 Results of variable and background selection with jackknife and p value tests following Pearson et al. (2007) Variables



Background area



Success rate



p value



Model 1



Bio10, Bio11, Bio16, Bio17, Surf



Eastern Alps



0.833 (5 out of 6)



0.000023



Model 2



Bio10, Bio11, Bio16, Bio17, Surf



Eastern Alps



0.875 (7 out of 8)



0.000001



Model 3



Bio10, Bio11, Bio16, Bio17, Surf



Eastern Alps



0.900 (9 out of 10)



0.002297



Success rate shows the results of the jackknife test Bio10 temperature of warmest quarter, Bio11 temperature of coldest quarter, Bio16 precipitation of driest quarter, Bio17 precipitation of wettest quarter, Surf surface area



distribution in our study, we created three background areas (Fig. 1) to account for the effect of different backgrounds on the modelling process. First, we used the area spanned by all sample locations to represent the known distribution (KD) as background. When there were new populations added to the analysis during the iterative approach, we adapted the KD background accordingly. The second background covered the Eastern Alps (EA) from the Rhine-Splu¨gen-Como line (Schmo¨lzer 2001) in the west to the eastern end of the Alps in Vienna. The third background included the entire Alpine area (AA) from Grenoble in the west, to Nice in the south and Vienna in the north-east (Fig. 1). For small sample sizes, widely used performance criteria such as Area Under the Curve or Kappa statistics are not recommended (Boyce et al. 2002; Pearson et al. 2007) and we thus cross-validated models via jackknife tests, the so called ‘‘leave-one-out’’ method as described by Pearson et al. (2007), using the LPT (Kumar and Stohlgren 2009; Pearson et al. 2007) to evaluate the model performance by predicting the locality excluded from the modelling data. For cross validating, we used the variables selected for SDM and ran models with all three backgrounds. Maxent settings were left on default with the number of replicate runs for the jackknife validation equalling the number of locations available. We compared the results of each model via the p value test suggested by Pearson et al. (2007) and selected the combination of variables and background with the highest significance and lowest error-number for the final model. The selected background was then used for model calibration. The model then was projected on the whole area of the Alps for the final prediction of each model. In all three modelling iterations the highest-ranked model in the jackknife-validation included the five selected variables and the Eastern Alps as background. This combination had only one omission error (wrongly predicted known location) in each of the three modelling rounds (Table 3). Tests for differences among models We analysed Maxent models with niche identity and background similarity tests by the means of Ecological Niche Modelling (ENM) Tools (Warren et al. 2008), which implements various methods for quantifying niche overlap and background similarity. We evaluated if the predicted niche of M. pallida changed significantly over the three modelling rounds. Niche overlap values were calculated as Schoener’s D metric (Schoener 1968), comparing all three models among each other. D is a similarity index of niche-space for two models and compares values of each grid cell extracted from the Maxent prediction; ENMTools normalises the values of the Maxent models so that scores with the
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geographic space sum to 1 (Warren et al. 2010). A result of D = 0 means that models have no overlap and D = 1 that models represent identical niches (Warren et al. 2008). We applied a niche identity test to search for differences between model predictions and random samples of data. Identity tests pool together the occurrence points of two given models and use an equivalent number of randomly selected points from the study area (i.e., background points) to randomise two new samples of localities that can be considered as null model predictions. By this means, 100 pseudoreplicates were created. The niche overlap between these two sets of null model predictions was then compared with the overlap of the original model predictions. Niche identity test was run as a one-tailed test (Warren et al. 2008). Background similarity tests were run to determine whether the differences of the three model predictions derived from the iterative process can be explained by the environmental background or if the model predictions are more similar than expected based on the background available. These tests compare all occurrence points from model A to the background from model B with the same number of randomly chosen background points as occurence points included in the model (Warren et al. 2008). One hundred pseudoreplicates were run for each comparison. Instead of two or more different species as in McCormack et al. (2010) and Peterson (2011), we used the predicted model distribution from each round to compare change over the iterative process of modelling and ground validation. We used data from the KD area (see ‘‘Selection of background’’) of each model as environmental background for all analysis in ENMTools. The background similarity test was treated as a two-tailed test (Warren et al. 2008). To examine change in the ecological niche of M. pallida with the discovery of additional locations, we also conducted PCA using the values of the environmental variables considered in the modelling exercise (see Table 2) for all localities with confirmed presence of the species. In a bivariate plot of the first two PCA axes, we drew the convex hulls that included all records of the species at each iteration round. The analysis of the axis loadings allowed identifying the contribution of variables to change in the species’ ecological niche. As in the selection of environmental variables, this analysis was conducted using the software PAST. Species identification Specimens were identified at the species level using the morphology-based key for European Microcoryphia by Palissa (1964). Diagnostic morphological characters for M. pallida are its pigmentation on the first and second segment of the palpus maxillaris, lack of pigmentation on the legs, an overall light, greyish appearance, gonapophyse VIII consisting of 48–56 segments, and a digging-claws-bearing ovipositor which projects beyond the tip of styli IX. To confirm species identification, mitochondrial DNA was sequenced for all individuals. A volume of 1–2 mm3 of abdominal muscle tissue was excised from each specimen and extracted with the GenEluteTM Mammalian Genomic DNA Miniprep kit (Sigma-Aldrich St. Louis, MO, USA). An approx. 1,000 bp fragment of the mitochondrial cytochrome C oxidase I (COI) gene was amplified in a PCR containing each 0.2 lM Machilis-specific forward and reverse primers (MachF1: 50 -ACAAAYCATAAAGATATTGG-30 ; MachR3: 50 TCTATTCCGTGAAGGGTTGC-30 ) (Dejaco et al. 2012), 0.5 U MyTaq polymerase (Bioline, UK), the buffer provided with the enzyme, and 1 ll of DNA template in a total volume of 20 ll. The cycling protocol included following steps: 95 °C—2 min; 359 (95 °C—40 s; 52 °C—40 s; 72 °C—60 s); 72 °C—10 min. Amplification was verified by agarose gel electrophoresis and amplicons were purified using the PeqGOLD Cycle Pure kit
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(Peqlab, Germany) following the instructions of the manufacturer. Sanger sequencing was performed by a commercial provider using the forward PCR primer. Sequences were edited with BioEdit 7.0.9 (Hall 1999) and aligned with Clustal W (Larkin et al. 2007). MEGA5 (Tamura et al. 2011) was used to calculate pairwise distances.



Results Iterative modelling and ground validation The results of Model 1 with an LPT of 0.54 suggested a wide distribution of M. pallida over the Eastern Alps with a concentration of the highest values in the areas of Adamello, Brenta and the Dolomites (Fig. 2). Also a small area in the Western Alps (combined approx. 300 km2 in the Pennine and Bernese Alps, Switzerland) was predicted with values above the LPT (data not shown). We decided to focus our sampling effort in the first round of the iterative process on areas closer to the already known populations and did not consider the Western Alpine area for ground validation, but focused on field trips to the southern prediction areas of Model 1. Two of the seven field trips based on Model 1 were successful: M. pallida was found at the Brenta group and the Drei Zinnen (Table 1). The distribution predicted by Model 2 (into which the two new locations were included) covered about the same area as in Model 1 but was more fragmented and had an LPT of 0.39 (Fig. 2). The area predicted as suitable in the Western Alps had the same extent but lower predicted values than in Model 1. Thus, we again decided not to sample this area. Sampling in this second round was directed to the northern part of the predicted distribution. Another seven field trips were conducted and again at two locations, Seekofel and Seegrube, M. pallida was collected (Table 1). Model 3 was run with now 10 occurrence points. Again, the predicted distribution area was similar to the former models but an even higher fragmentation of the predicted area occurred. The predicted values for the Western Alps were now below the LPT (0.34) (Fig. 2). In the final seven field trips, we searched for M. pallida in the outer ranges of the predicted area, east and west of the known distribution area, but no further populations were retrieved (Table 1). Four out of 21 field trips were successful and we extended the known range of M. pallida by 135 km (107 %) in the north–south and by 110 km (290 %) in the east–west extension. The total area increased about tenfold to 4,890 km2. Fourteen and seven field trips were conducted at carbonate-rock and silicate-rock locations, respectively (Table 1). All newly discovered populations were found at carbonate-rock locations, on rock scree slopes at an altitude between 1,950 m and 2,370 m a.s.l. (Table 1). Based on the analysis of variable contribution as given by Maxent, mean temperature of the warmest quarter had the highest contribution in all three models, followed by precipitation of the driest quarter; the contribution of mean temperature of the coldest quarter, precipitation of the wettest quarter and surface area combined was just about 2 % (Table 2). In the PCA of the environmental variables from successfully sampled locations, the first two principal components together explained 98.1 % (93.9 and 4.2 %, respectively) of the variation in the data (Table 4). The first and most influential component represented a precipitation gradient (loading of ?0.64 with precipitation of the driest quarter, Bio16, and of ?0.72 with precipitation of the wettest quarter, Bio17), and the second component a temperature-precipitation gradient (loading of ?0.67 with temperature of the warmest quarter, Bio10, and of ?0.61 with precipitation of the driest quarter, Bio16) (Table 4). The position of the locations in the PCA plot suggested that the locations
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Fig. 2 Predicted distribution of M. pallida in the Eastern Alps for the three models derived from the iterative approach (a–c). Overview d shows the locations known prior to this study and all 21 locations sampled here. Only values above the Lowest Presence Threshold (Model 1: 0.56; Model 2: 0.45; Model 3: 0.34) are depicted. As there were no new findings in the sampling round 3, Model 3 also represents the final model. Warmer colours show higher prediction values, cooler colours represent lower prediction values. Grey areas indicate carbonate rock in the Eastern Alps. See text for details



Brenta in the south and Seegrube in the north added relevant information about the ecological niche of M. pallida, as these locations scored far from other ones (Fig. 3). Niche identity and background tests The overlap between the model predictions was quite high (Model 1 vs. Model 2, D = 0.84; Model 2 vs. Model 3, D = 0.78; and Model 1 vs. Model 3, D = 0.65, Fig. 4a). The niche identity tests were highly significant (p \ 0.01) and indicated that model predictions differed from randomly created pseudoreplicates (Fig. 4a). The background tests rejected the null hypotheses that the models were more different (p \ 0.05) than expected based on their environmental background in all instances except Model 1 versus Model 3 (p [ 0.05) (Fig. 4b–d).



Table 4 Loadings of the first two axes of the principal component analysis based on environmentalvariable values for all presence localities Variables



PC1 (93.9 %)



PC2 (4.2 %)



Bio10



-0.1840



0.6739



Bio11



-0.1665



0.0296



Bio16



0.6439



0.6066



Bio17



0.7238



-0.3001



-0.00566



-0.0107



Surface Area



Bio10 temperature of warmest quarter, Bio11: temperature of coldest quarter, Bio16 precipitation of driest quarter, Bio17 precipitation of wettest quarter, Surf surface area
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Fig. 3 Representation of the range of environmental conditions suitable to M. pallida in the Eastern Alps by means of a principal component analysis applied to the variables used in Maxent modelling. Blue polygon shows all locations of M. pallida before the study (Model 1). Orange polygon includes all locations of Model 2. Green polygon shows all locations of Model 3 (no additional locations were detected in Round 3, see text for details). (Color figure online)



Molecular analysis The morphological identification of the specimens from the newly discovered populations at Brenta, Drei Zinnen, Seekofel and Seegrube was confirmed by the molecular analysis. In total, three haplotypes, HT1 to HT3, were identified: The specimens from Seegrube and Seekofel had exclusively HT1, specimens from Brenta exclusively HT2; the specimens from Drei Zinnen showed HT1 and HT3. The haplotypes differed among each other by one mutational event.



Discussion This study demonstrates that a very low sample number, little knowledge on the species’ ecology, and mountainous and thus highly heterogeneous environments are not an impediment for predicting the distribution of a species with confidence. We discovered four new populations of M. pallida in the Eastern Alps using the modelling software Maxent (Fig. 2). We did not test any other modelling approach but our results corroborate previous studies that show that Maxent performs well under conditions similar to ours (Elith et al. 2006; Costa et al. 2010; Hernandez et al. 2006; Kumar et al. 2009; Pearson et al. 2007).
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Fig. 4 Niche identity and background tests comparing the predicted distributions of M. pallida derived from the iterative approach (see Fig. 2) using ENMTools (Warren et al. 2008). a Results of the identity tests (bars) and the Schoener’s D values (arrows Dx,y = D for comparison of Model x vs. Model y). b–d Background tests of the three pairwise model comparisons. As there were no new findings in the third sampling round, Model 3 also represents the final model. ** Significant at p \ 0.01; * significant at p \ 0.05



In the light of our three initial questions, the results of our study provide the following new insights on M. pallida: (1)



Distribution range The discovery of four new populations, and the considerable extension of the known area of distribution show that M. pallida indeed has a significantly wider range than previously thought. This geographical dimension in gaining additional information is similar to that in the few previous Maxent studies using ground validation (e.g., Jackson and Robertson 2011; Rebelo and Jones 2010; Williams et al. 2009), lending, in general, credit to the underlying models. However, in 17 out of 21 field excursions no population of M. pallida was discovered. One reason may be that M. pallida simply escaped our attention here and there. We consider this not to be very likely, because we captured the first specimens within the first hour of search at all positive locations and because weather conditions were equally suitable during all field trips. Furthermore, the failure rate might partly be due to what appears now as a miscarried bias correction: the intentional exclusion of the modelling variable ‘‘lithology’’. Since sampling silicate-rock locations was always unsuccessful, we now think that focusing on carbonate-rock locations within the predicted distribution would have increased the rate of positive inspections. We also expect that lithology as additional modelling variable would lead to a higher fragmentation, i.e., a more precise prediction at the local scale, but not to a change in the overall range of distribution since M. pallida is limited to the Eastern Alps. Our decision to sample at least 10 km away from known locations might have reduced the success rate, but is an unavoidable prerequisite to detect new parts of the distribution range with previously undetermined environmental conditions. Eventually, the high failure rate
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may at least partly reveal a punctually scattered pattern of distribution. Recent findings indicate that the species has survived the last Pleistocene glaciation on few ice-free inneralpine spots, so-called nunataks (Wachter et al. in press). The limited dispersal ability due to winglessness and the orographic isolation of suitable high-mountain habitats may have impeded the postglacial colonisation of potential habitats (cf. Hirzel and Le Lay 2008; Rebelo and Jones 2010). Endemic state The unsuccessful field trips, especially those to the eastern and western borders of the predicted distribution range, support the hypothesis of M. pallida being endemic to the Eastern Alps. But can we definitely exclude occurrence in the Western Alps? Model 1 and Model 2 predicted areas in the Western Alps in Switzerland. In the first two rounds of field trips we set aside the possible Swiss area by reason of its small size, the wide separation, and time economy. Model 3 predicted no Western Alpine area anymore. Definite proof of confinement to the Eastern Alps is as difficult as any proof of absence (Jime´nez-Valverde et al. 2008; Lobo et al. 2010), but Eastern Alpine endemism of M. pallida is supported by the fact that Models 1 and 2 predicted no carbonate-rock area above 2,000 m a.s.l. in the Western Alps. The Eastern Alps are a hotspot of endemism (Rabitsch and Essl 2009; Scho¨nswetter et al. 2005) and a distinct biogeographical unit. Niklfeld (1998) reported that two-thirds of the about 400 Alpine-endemic plant species are only found in the Eastern Alps. Huemer (1998) identified 221 butterfly species endemic to the Alps of which the majority occurs either in the Western or the Eastern Alps. Also for other regions re-analysis based on SDM confirmed the confinement of species to previously established biogeographical regions at a fine spatial resolution (e.g., Glor and Warren 2011: Martens Line). SDM and knowledge about the ecological niche All newly discovered locations of M. pallida were in carbonate rock scree, suggesting that lithology is of major influence on the occurrence of M. pallida. But what about the environmental variables in our models? ENM analyses of the ecological niche (Warren et al. 2008) revealed an increase of knowledge through SDM-guided inspections in the field (Fig. 4). Godsoe (2010), Hawlitschek et al. (2011) and Peterson (2011) argued for a careful interpretation of the background test and a focusing on the biological rather than the statistical significance. Calculated overlap values are high for all three model comparisons, but the highly significant results of the niche identity test reject the null hypotheses of niche identity (Fig. 4a). Additionally, as more locations were added to the analysis, overlap between the models decreased. This indicates a change of prediction during the iterative process. The null hypothesis of niche similarity was rejected for two of the three model comparisons. This shows that Model 1 and Model 2 as well as Model 2 and Model 3 are more similar than expected based on the environmental background available (Fig. 4b, c). But there is no significance in niche similarity of one way for comparing Model 1 with Model 3 (Fig. 4d). This indicates an unexpected prediction of Model 3, if based on the background of Model 1. There has been an increase of knowledge on the niche of M. pallida in the course of the modelling rounds as also discernible in the PCA (Fig. 3). The species occupies drier locations (such as Brenta) than previously thought based on published records.



Climate change and the effect on species distribution in alpine areas Endemic species are likely to be affected by changes in the niche they prefer (Thuiller et al. 2005). Based on the results of the contributions of variables to the predicted
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distribution, temperature plays an important role in the distribution of M. pallida (Table 2). All populations of M. pallida are located at altitudes above 1,900 m a.s.l. Being animals with low vagility, jumping bristletails may not be able to shift their distribution latitudinally when impacted by climate change. Inhabiting the highest elevations in the area of its populations, the possibility for M. pallida to move upwards to cooler regions will be limited. For other species with similar characteristics, the possibility of mountain-top extinction has been discussed (Colwell et al. 2008; Sandel et al. 2011). Further study into the local availability of microhabitats (cf. Scherrer and Ko¨rner 2011), as well as into the species’ life cycle and potential evolutionary adaption to temperature changes will be needed, however. In any case, M. pallida would be well suitable for monitoring the effects of climate change on high-altitude biodiversity to gain further information for conservation aspects. Iterative approach of species distribution modelling and ground validation The need for species distribution models on an iterative basis was stated recently (Costa et al. 2010; Williams et al. 2009). Our results, along with those of Jackson and Robertson (2011), show that this approach can indeed be effective in discovering new populations of species and in improving model quality. The ground validation process in our study did not result in paramount changes in the range of the predicted distribution area, but after Model 1 every additional set of samples made the models produce a more fragmented and thus probably a more precise prospecting area (Fig. 2). The originally predicted area in the Western Alps vanished in Model 3, and only the improved models predicted a northern extension of the area, which led to the discovery of M. pallida at Seegrube. The iterative approach might be especially important when the ecological niche is poorly outlined (i.e., possibly more poorly outlined than in our case) by the initial set of records. Since guidelines for model-guided iterative field work do not exist, we can only speculate about the implications of methodological details. A range of decisions has to be made. We used, for example, the LPT for converting model predictions into binary maps. However, the LPT tends to decrease with an increasing number of sample locations used for modelling. When very few locations are available at the outset of a study (cf. Pearson et al. 2007), a threshold lower than the LPT would increase the prospective area and might, at least in early iteration rounds, enhance the chance to discover populations in environments which differ more distinctly from the known ones. If so, our knowledge about the geographic distribution and the ecological niche would escalate. On the other hand, a lower threshold may entail fruitless field work by displaying sites where the focal species is absent. It could be wise not to predetermine the number of iteration rounds. For instance, running a new model after every detection of a population would update the knowledge about the species’ distribution for the next field trip. Considerations of practicability might become limiting here, in that, for example, it might be more efficient to target multiple sites in one journey before proceeding with the species identification. Another open question pertains to the inclusion of general geographic areas into earlier or later rounds. It is hard to balance the potential discovery of populations that provide maximum increase of knowledge against the risk of unsuccessful field trips. In our study it was tempting to search at the Western Alps in Rounds 1 and 2, given the confinement of M. pallida records to the Eastern Alps at that time. Retrospectively, our decision to postpone sampling the Western Alps was fortunate, but in other instances a more risky decision might accelerate the success of the study.
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We cannot reliably assess to what extent our experiences with M. pallida apply to other species. Certainly the particularities of the organism must be considered as well as conditions of the environment. Our approach is promising for the considerable number of Alpine species of uncertain endemicity (cf. Huemer 2011). It could be applied without major changes to other Alpine endemics with limited capability of dispersion, such as many other machilids (Sturm and Machida 2001), most Megabunus harvestmen (Martens 1978), and several Mughiphantes spiders (Komposch 2009). A longer minimum distance between known populations and a newly prospected site appears advisable for vagile organisms in more homogenous landscapes. But generally we believe that after the appropriate methodological adaptations, ENM-guided field work is worth being tested in any organism with few known populations, unless factors that cannot be included in the model evidently limit the distribution of the species. This restriction pertains to species involved in strong biotic interactions such as specialised herbivory (e.g., Odegaard 2006; Samways and Lu 2007), mutualism (e.g., Mehdiabadi and Schultz 2010; Orivel and Leroy 2011), parasitism (e.g., Buschinger 2009), and mimicry (e.g., Jackson and Nelson 2012), as well as to species whose populations have been strongly diminished by human influence (e.g., Fritz and Unso¨ld 2011). Some researcher bias along the decision-making process appears inevitable. In such cases (cf. Schlick-Steiner et al. 2010) careful documentation of the rationale behind any decision is indispensable for traceability and later meta-analyses. Notwithstanding that the current methodological uncertainties entailed many intuitive decisions, the results of our study open a broad prospect for model-guided field work.
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