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Abstract

:

Understanding how small mammals (SM) are associated with environmental characteristics in olive groves is important to identify potential threats to agriculture and assess the overall conservation value and functioning of agro-ecosystems. Here, we provide first insights on this topic applied to traditional olive groves in northeast (NE) Portugal by assessing the landscape attributes that determine SM occurrence, focusing on one species of conservation concern (Microtus cabrerae Thomas 1906) and one species often perceived as a potential pest of olives (Microtus lusitanicus Gerbe 1879). Based on SM genetic non-invasive sampling in 51 olive groves and surrounding habitats, we identified seven rodent species and one insectivore. Occupancy modelling indicated that SM were generally less detected within olive groves than in surrounding habitats. The vulnerable M. cabrerae reached a mean occupancy (95% CI) of 0.77 (0.61–0.87), while M. lusitanicus stood at 0.37 (0.24–0.52). M. cabrerae was more likely to occur in land mosaics with high density of agricultural field edges, while M. lusitanicus was more associated with high density of pastureland patches. Overall, our study suggests that the complex structure and spatial heterogeneity of traditionally managed olive grove agro-ecosystems may favor the occurrence of species-rich SM communities, possibly including well-established populations of species of conservation importance, while keeping potential pest species at relatively low occupancy rates.
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1. Introduction


Over the past century, the transition from traditional to intensive agriculture has caused drastic changes in the environmental conditions of agricultural landscapes [1,2], being associated with a fast decline in agro-ecosystems biodiversity [3,4]. In the Mediterranean region, for instance, traditional olive farming has been considered a crucial agricultural system due to its environmental, cultural and socio-economic importance [5,6,7]. However, in recent decades, there has been an increasing intensification in olive farming in many regions, with olive groves tending to be much larger and with less ground vegetation than traditional orchards [8,9,10]. This results in more homogeneous and simplified landscapes that likely support much lower biodiversity levels [11,12,13]. Therefore, understanding the basic relationships between landscape spatial heterogeneity and biodiversity under more extensively managed agricultural landscapes, such as traditional olive farming systems, is of major importance for sustainable agricultural development [14,15].



Small mammals (Rodentia and Eulipotyphla) are considered keystone species in agro-ecosystems [16], including olive groves, where they play crucial ecological functions promoting plant community productivity and diversity, including soil aeration, organic turn-over and mineralization, seed dispersal, and the maintenance of ectomycorrhizal fungi (e.g., [17]). Small mammals also contribute to support trophic networks, for instance, by consuming insects [18] and by affecting the diversity of higher trophic levels as prey species for mammalian and avian predators [19,20,21]. However, small mammals may also contribute to spreading zoonotic diseases, and in the case of rodents, they may also become agricultural pests (e.g., [17,22,23]). For instance, in fruit tree orchards from southwestern (SW) Mediterranean Europe, species such as Microtus lusitanicus (Gerbe 1879) are often perceived as a potential pest [24], given the damage they may cause to tree roots. These conflicts tend to be more noticeable in more intensive farming systems compared to more traditional farming, in which tree root systems tend to be larger and therefore more resilient to vole attacks [25]. Moreover, more traditional farming systems might allow the occurrence of small mammal species that are more vulnerable to land use intensification, such as Microtus cabrerae (Thomas 1906) [26], thus potentially supporting significantly higher concentration of biodiversity values and related ecosystem services [27]. Understanding how olive grove landscape composition and structure affect small mammals’ occurrence is therefore a main research topic to gain first insights on their ability to provide key ecosystem services and unwanted disservices [17]. However, the elusive and secretive behavior of most small mammal species often challenges their study based on traditional sampling techniques (e.g., life-trapping, telemetry) [28]. This may prevent the completion of basic information on their occurrence patterns, making the use of molecular tools based on non-invasive sampling a suitable and reliable alternative [29,30].



Here, we analyze the landscape characteristics that affect the occurrence of small mammals (Rodentia and Eulipotyphla, excluding Erinaceus europaeus Linnaeus 1758, and Sciurus vulgaris Linnaeus 1758) in Mediterranean olive groves and their surrounding habitats. To do so, we focused on northeast (NE) Portugal olive groves, where traditional agriculture still represents the most common farming system [31]. We focused our approach on M. cabrerae and M. lusitanicus because of their contrasting conservation status and potential to generate conflicts related to olive tree damage. M. cabrerae is an endemic species of the Iberian Peninsula, with a very fragmented distribution across its range [32,33], being currently listed as “Vulnerable” in the Red Book of Portuguese Vertebrates [34] and in the Spanish Atlas and Red Book of Mammals [32]. To our knowledge, damages on fruit tree crops attributed to this species have never been recorded in the literature, probably because of its semi-fossorial habits [26,33], and the fact that it usually occurs at low densities in specific habitats dominated by wet perennial mixed grasses with abundant sedge-rush communities, near small streams, ponds, and agricultural field margins with high soil moisture conditions (e.g., [26,35,36,37,38,39]). M. lusitanicus is an endemic species of southwestern Europe [40] considered of “Least Concern” in both Portuguese and Spanish Red Lists [32,34]. This species has fossorial habits and its presence is easily identified (including by local farmers) from the typical mounds of soil and entrances to burrows [41]. This species occurs in many types of habitats, from open habitats such as meadows and pastures, to agricultural areas such as commercial orchards and irrigated crops [42,43], where, if present at high density, it can be harmful for orchards and crops [44].



Based on genetic non-invasive sampling of the species in selected olive groves and surrounding landscape, we tested the following main hypotheses: (i) small mammals in olive farms are generally less conspicuous within planted olive groves than in surrounding semi-natural habitats (e.g., [45]), and (ii) the complex geometry of different land uses surrounding olive groves critically determines the occurrence of species differing in their conservation status and potential to cause damage to trees (e.g., [46]). Overall, we expect that the highly patchy and heterogeneous mosaics of different land uses associated with olive groves in NE Portugal allow for the occurrence of a rich small mammal community, including relatively high occupancy rates by species of conservation concern, and relatively low occupancy rates by potential pest species.




2. Materials and Methods


2.1. Study Area and Design


The study was conducted in the Trás-os-Montes region (Figure 1a), located in NE Portugal. Climatically, this region is at the confluence of Atlantic and Mediterranean type environments, which together with the presence of a mountainous system determine the presence of distinct local microclimates, allowing the maintenance of high biodiversity levels across different taxonomic levels [47], as may be the case of small mammals (e.g., [48]). The landscape is largely dominated by olive groves, making the region one of the most important national areas of olive oil production, with the largest number of olive holdings (37,244). These represent ca. 12% to 15% of total olive oil national production, most of which is provided by traditional, low-intensity olive farming, with orchards mainly comprising less than 200 trees per ha, and a low degree of mechanization in harvesting operations [31,49]. The average olive orchard’s area is also small (ca. 1.94 ha), indicating the predominance of very small olive oil producers, most of which also have other enterprises, such as vineyards, or sheep [49]. Therefore, despite the recent trends for more intensive growing systems in a few particular areas (larger fields, higher tree densities and use of chemical fertilizers and herbicides) aiming at higher yield and economic profitability, olive farming in the region is mostly characterized by low-input management systems providing a source of income to the local olive farmers [31].



In order to relate small mammals (Rodentia and Eulipotyphla, excluding Erinaceus europaeus Linnaeus 1758, and Sciurus vulgaris Linnaeus 1758) with landscape characteristics in traditionally managed olive grove agro-ecosystems in NE Portugal, we selected a total of 51 land mosaics corresponding to small farm units operating independently from each other (hereafter sampling units), each centered on a focal olive grove patch, and including its surrounding habitats (50 m buffers around the focal patch) (Figure 1b). The distance among selected sampling units was >1200 m, thereby guarantying their independence, given the typical dispersal distances of small mammal species (e.g., [50,51]). Between May and July 2020, we surveyed sampling units for small mammals based on genetic non-invasive sampling (gNIS). This time interval coincided with the end of the spring, and was considered sufficiently short to offset eventual seasonal differences in species occupancy patterns. Additionally, relevant landscape metrics were extracted from land use mapping based on satellite images and ground surveys (see sections below).




2.2. Small Mammal Genetic Non-Invasive Sampling


Small mammal gNIS in each sampling unit consisted of conducting repeated 40 m long transects for detecting their presence signs and collecting fecal samples for subsequent molecular identification of the species. The number of transects in each sampling unit was defined accordingly to its size (4 transects/ha), ranging between 7 and 19 transects per sampling unit. In each case, about 20% of the transects were located within the focal olive grove patch and about 80% were distributed across the surrounding area, with their location favoring more natural habitats (e.g., field margins, ditch banks, hedgerows), chosen approximately according to the availability of main adjacent land uses (see Figure 1c). Transects were geo-referenced in the field using a GPS device. Each survey was conducted by two observers walking in line along each transect. Eventual observer biases were minimized by thorough training and calibration among observers with different previous experience in small mammal gNIS, and by surveying each transect by at least one experienced observer (J.Q., H.V.-G., J.P. or R.P.). All feces identified in the field as belonging to small mammals were collected into microtubes with alcohol 98%, identified with a sample number. To avoid cross-species contamination, fecal samples were collected preferentially from small latrines, using latex gloves and sterilized sampling material between each sample collection [30,52].




2.3. Molecular Analyses


DNA was extracted from the feces collected using a magnetic-based enzymatic protocol, with Agencourt®AMPure®XP beads (Beckman Coulter Company: Beverly, MA, USA) and Qiagen® Buffer solutions, as described in [53], but with adjusted volumes of ATL solution (400 μL) and Proteinase K (25 μL). The DNA extract obtained was then transferred to two new microplates for long-term storage (40 μL and 30 μL each). DNA extractions were conducted in a physically isolated room, where all the equipment was sterilized with bleach and ethanol and exposed to UV light before and after its usage to maintain conditions to monitor and reduce the risk of DNA contamination [29,54,55]. Negative controls were included in each manipulation. Then, we applied a DNA metabarcoding protocol, which consists of the taxonomic identification of multiple species extracted from a mixed sample (community DNA or environmental DNA), through PCR amplification and sequencing on a high-throughput platform (e.g., Illumina, Ion Torrent) [55]. DNA metabarcoding can complement and overcome the limitations of conventional methods by targeting different species, sampling greater diversity and increasing the resolution of taxonomic identifications [56]. A two-step PCR approach was applied, where in the first PCR amplification, the primer 12S-V5.1F (AGACTGGGATTAGATACCCC) and 12S-V5.1AND2R (TAGAACAGGCTCCTCTAG) were used [57]. Each 10 μL PCR mixture contained 5 μL of HotStart Master Mix (Multiplex PCR Kit, QIAGEN, Hilden, Germany), 0.3 μL of each primer, 3.4 μL ultrapure water and 1 μL of diluted DNA. After an initial denaturation cycle at 95 °C for 15 min, 35 cycles of 30 s at 95 °C, 30 s annealing at 47 °C and 30 s extension at 72 °C were performed, followed by a final elongation at 72 °C for 10 min. Each sample, including extraction negative controls, was replicated three times, and PCR negative controls containing no template DNA were also included. PCR amplicons were then visualized on a 2% agarose gel and the PCR product was purified using AMPure XP beads (to remove primers and primer dimer). A second-round PCR was then performed for attaching the unique dual indexes selected to each sample, using the PCR product diluted ten times [53]. The 14 μL indexing PCR mixture contained 7 μL 2X KAPA HiFi HotStart ReadyMix (Kapa Biosystems, Cape Town, South Africa), 1.4 μL of mixed indexing primer, 2.8 μL ultrapure water and 2.8 μL of diluted first-round PCR product. Indexing thermal cycling conditions were 95 °C for 3 min followed by 10 cycles of 95 °C for 30 s, 55 °C for 30 s and 72 °C for 30 s, with an extension of 72 °C for 5 min. A second PCR clean-up with AMPure XP beads was performed and each sample library was quantified with Epoch and normalized before pooling. The final library was then validated in the TapeStation system (High Sensitivity D1000 ScreenTape Assay) and normalized to 4 nM after quantification in qPCR using KAPA Library Quantification Kit for Illumina platforms. Dual-indexed PCR amplicons were sequenced in an Illumina MiSeq System using one MiSeq V2 500-cycle reagent kit (Illumina, San Diego, CA, USA).




2.4. Bioinformatics


DNA sequence data were processed using the OBITools program suite [58]. First, the paired end reads were aligned and each sequence was assigned to the respective sample. Then, the unaligned sequence records were removed (“obigrep”) and the reads were dereplicated into unique sequences across samples and filtered according to size (95–115 bp reads were kept) and read count (sequences with read counts lower than 10 were removed). To clean sequences from PCR or sequencing errors (sequence variants), we used “obiclean” with a 50% threshold for the abundance ratio.



The resulting exact sequence variants (ESVs) obtained were then compared with two reference libraries for species identification, namely, the CIBIO’s reference database of Iberian small mammals and the reference nucleotide database (NCBI) using BLASTN [59]. Then, the results were condensed to attribute a taxonomic identification to each ESV. Species-level results were attributed to ESVs where a unique species was identified with a percentage equal or higher than 98%. If more than one species showed similar high percentage identities, the ESVs would be assigned to a genus or to a higher taxonomic level. Additionally, when percentage identities were lower than 98%, the ESV was assigned to the taxonomic level that was shared by the most ranked taxa considering the following identity thresholds: ≥95% for Genus; ≥92% for Family or higher taxonomic levels. Assignments produced by the two databases were cross-checked, and the best taxonomic assignment was selected for each sequence. The resulting taxonomic identifications were then merged with the database containing the number of reads per sample. These analyses were performed using the R packages “maptools” [60], “rgdal” [61], “dplyr” [62], “taxonomizr” [63] and “tibble” [64] in R environment [65], using RStudio [66].



Finally, the reads obtained for each taxon per sample were summed, and if a taxon was detected within the negative controls (from extraction and PCR), the number of reads was subtracted in the relevant samples. The sample was considered as identified if only one species was detected, with a minimum of 50 reads (though for ca. 97% of the data, a minimum of 500 reads were obtained). In samples where two or more species were detected, the species with highest read count was considered if the other species were detected with a number of reads lower than 10% of the read count from the highest-valued species. If those species presented a number of reads higher than 10% of the highest-valued species, the sample was considered contaminated.




2.5. Landscape Metrics


Land uses in each sampling unit were mapped as vector layers in QGIS (version 3.10.0, A. Coruña) [67], combining information from satellite images provided by Google Maps, the maps of land uses in NE Portugal COS (Carta de Ocupação de Solos, COS 2018, 2019) available from the General Directorate for Territorial Development (DGT) and field validation (ground truth). Eight main land use classes were initially considered: (i) olive grove (plantations of Olea europaea L. ssp. europaea, including the more or less scattered patches of bare soil and herbaceous vegetation among olive trees); (ii) pasture land (areas of herbaceous vegetation traditionally used for livestock grazing); (iii) shrub land (woody vegetation dominated by shrubs, bushes, and young trees, generally less than 2 m height); (iv) agricultural land (cultivated areas of cereal crops, vegetables and other crops); (v) forest land (areas dominated by mature trees, mostly composed by native Quercus suber L. and Quercus ilex L. ssp. rotundifolia Lam., or occasionally by conifers such as Pinus pinaster Aiton, and/or broad-leaved trees such as Castanea sativa Mill.); (vi) other fruit tree orchards (plantations of Prunus avium L, Prunus dulcis Mill., Juglans regia L., and Malus domestica Borkh.); (vii) urban (human buildings, social areas, isolated farmhouses and infrastructures); and (viii) other land uses (e.g., roads, fences, ponds, small streams).



From the maps produced, we extracted for each sampling unit a set of landscape-level variables focusing on the composition and configuration of those land use classes showing a mean cover of at least 5%. For this, we first converted vector geometries into raster images using the R packages “rdgal” [61] and “raster” [68], considering a pixel size of 1 m. We then used the R package “landscapetools” to visualize the data [69] and the package “landscapemetrics” [70] to estimate for each of these land use classes the percentage of cover (%); the total edge density (m/ha); the density of habitat patches (nr/100 ha); and the normalized landscape shape index (NLSI). The density of edges and habitat patches measure the patchiness of sampling units, with higher values indicating higher patchiness [70]. The NLSI provides a simple measure of class aggregation or clumpiness adjusted for the size of sampling units, with higher NLSI values indicating more dispersed or scattered patches [71]. In addition, we also estimated the richness of land uses, and the Shannon diversity and evenness indices, in these cases considering all initial main land use classes. The Shannon diversity index measures the probability that two patches randomly selected from a sampling unit will belong to the same land use class, while the Shannon evenness index provides information on land use composition, taking the relative abundances of different land uses into account.




2.6. Occupancy Modelling


We used single season, single species occupancy-detection models [72] to first examine how the location of sampling transects affected the detection probability (p) of the species for which a sufficient number of sightings could be obtained. Specifically, we tested whether the detectability of small mammals was lower within olive groves than in surrounding habitats, while assuming occupancy probability (Psi) as constant. Then, we modelled Psi relative to landscape variables with the best submodel structure of p, focusing on species with different conservation status and pest risk potential, and for which naïve occupancy estimates were less than 85% (higher values were considered indicative of lack of variability in occupancy status across sampling units). Candidate variables explaining the occupancy of each species were identified by running single covariate submodels of Psi and comparing model AICc scores with that of the model with no covariates affecting Psi. All covariates were standardized by rescaling their ranges [73]. Single-covariate models with lower AICc than the model with no covariates on Psi were indicative of some support of the included covariate [74]. In that case, the covariate was retained in subsequent analyses. Pearson correlations among supported covariates were then estimated in order to identify those that were highly correlated (|corr| > 0.6, [75]). To avoid multi-collinearity in the multi-model building and selection stages, we implemented the most parameterized model alternatives including different main effect combinations of uncorrelated covariates only. From these, the one resulting in lower AICc scores was retained in subsequent steps. The final candidate model set for each species was built by starting from the best full model and implementing simplified versions including all possible combinations of covariates. The best ranking model was then identified based on AICc (deltaAICc, weighted-AICc) [74]. Model averaging was conducted using the subsample of models exhibiting deltaic < 2 relative to the top-ranked model, if more than one. We used the 5th and 95th percentiles as the lower and upper bounds of effect size estimates to infer on the effects of landscape covariates included in the best model on species occupancy probability. Estimates including 0 were considered as equivocal [74]. All modeling procedures were executed in R environment [66], via RStudio [65], using the R packages “unmarked” [73] and “AICcmodavg” [76]. Finally, to confirm that any potential spatial autocorrelation in occupancy between sampling units had been controlled for in the analysis [77], we conducted Moran’s I tests based on the inverse distance matrix between sampling units as an indicator of proximity, using the package “ape” [78]. We considered the existence of spatial autocorrelation at p < 0.05.





3. Results


3.1. Small Mammal Detection Based on Genetic Non-Invasive Sampling


We surveyed a total of 613 transects across the 51 sampling units, with a mean ± SE (range) of 12 ± 0.38 (7–19) per sampling unit. In each sampling unit, 2.65 ± 0.14 (1–5) of the transects were located within the focal olive grove, and 9.00 ± 0.28 (6–15) were located at surrounding semi-natural areas. Overall, we collected a total of 1953 non-invasive samples of biological material (feces) judged to pertain to small mammals across all 51 sampling units. From these, we were able to identify to the species level 1621 samples, corresponding an overall success rate of 83%. A total of 1% of collected samples were from species of other taxa, identified at different taxonomic resolutions, with a total of 0.75% and 0.25% belonging to birds and reptiles, respectively. Specifically, 0.5% of the samples were identified as belonging to the order Passeriformes, 0.05% to the family Alaudidae (Vigors 1825), and 0.05% to the family Sturnidae (Rafinesque 1815). Samples identified to lower taxonomic levels included the genus Jynx (Linnaeus 1758) (0.05%), the genus Chalcides (Laurenti 1768) (0.1%), and the species Garrulus glandarius Linnaeus 1758 (0.05%), Gallus gallus Linnaeus 1758 (0.05%), Tarentola mauritanica (Linnaeus 1758) (0.1%) and Timon Lepidus (Daudin 1802) (0.05%). Additionally, 5.6% of the samples were contaminated and 10.4% failed.



After collapsing our detection/non-detection data of each small mammal species to the level of each individual transect, we obtained a total of 497 records based on gNIS. Apodemus sylvaticus (Linnaeus 1758) was the species most frequently detected (36.6% of overall detections, in a total of 49 sampling units), followed by Microtus cabrerae (Thomas 1906) (21.3%, in 37 sampling units), Crocidura russula (Hermann 1780) (16.1%, in 42 sampling units), Mus spretus (Lataste 1883) (15.9%, in 39 sampling units), and Microtus lusitanicus (Gerbe 1879) (8.5%, in 18 sampling units). Less frequently detected species were Arvicola sapidus (Miller 1908) (1%), Mus musculus (Linnaeus 1758) (0.4%) and Microtus rozianus (Bocage 1865) (0.2%), detected in three, two and one sampling units, respectively. These species were therefore discarded from the analyses.



Occupancy detection modelling for estimating small mammal detection probability (p) relative to transect position while keeping occupancy (Psi) constant revealed that for all species, estimates of p within olive groves was significantly lower than that estimated in surrounding semi-natural habitats (Table 1 and Table 2). Occupancy probability estimates were equivocal for C. russula, ca. 98% for A. sylvaticus and ca. 87% for M. spretus, followed by M. cabrerae (77%) and M. lusitanicus (37%) (Table 2).




3.2. Landscape Variability


Land uses with mean cover >5% included olive groves, pastures, shrubs and agricultural and forest lands. Olive groves were, by far, the most extensive land use class, with a mean cover percentage higher than 50% and ranging from 11.5% to 100%, while forests were the least representative land use, with a mean value of 6.17%, ranging from 0% to 63.8% (Table 3). In addition, we found high variability in all landscape metrics related to edge, density and aggregation metrics for each of these land uses classes across sampling units. Patch and edge density metrics revealed relatively high patchiness compared to olive groves, pastures and shrubs across most sampling units, in contrast with values found for agricultural and forest lands (Table 3). In general, the values of NLSI showed mostly aggregated patches of land use classes because their mean values are closer to 0 (Table 3). These, together with the high variability observed with regard to diversity and evenness indices (Table 3), suggest high heterogeneity in the geometry and complexity of land mosaic composition and structure across the study area.




3.3. Landscape Effects on Microtus cabrerae and Microtus lusitanicus Occupancy


Based on the results of single covariate models for each species, while keeping the best structure in the detectability submodel (see Table S1 in Supplementary Materials), candidate landscape variables for model building and selection were AgricCover, AgrcEdgeD, AgricPatchD, AgricNLSI and PastNLSI in case of M. cabrerae; and PastCover, PastEdgeD, PastPatchD, OliveNLSI and ForestNLSI in case of M. lusitanicus. Because AgricCover, AgricEdgeD and AgricPatchD were highly correlated (see Table S2 in Supplementary Materials), three alternative versions of a full model for M. cabrerae were initially implemented, each including one of these variables at the time, together with the uncorrelated variables (AgricNLSI and PastNLSI) (see Table S4 in Supplementary Materials). From these models, the one including AgricEdgeD, AgricNLSI and PastNLSI showed the lowest AICc score (Table S4 in Supplementary Materials) and was therefore considered in remaining model building and selection procedures. On the other hand, high correlations were also found among PastCover, PastEdgeD and PastPatchD (see Table S3 in Supplementary Materials), resulting in three alternative full models for M. lusitanicus (Table S4). From these, the model including PastPatchD, OliveNLSI and ForestNLSI showed a lower AICc than competing alternatives (Table S4 in Supplementary Materials), therefore being the model considered in subsequent analytical steps.



Model building and selection revealed that among the seven final candidate models for M. cabrerae, the model including the additive effects of AgricEdgeD and PastNLSI received the highest support, being the first ranking model, with an AICc more than 2 units below that of the second ranked model (Table 4). This model had a higher probability of being the best approximating model describing the data, given the candidate set of models considered, and was therefore taken as the best model for M. cabrerae. The model suggested that M. cabrerae occupancy in NE Portugal increases with the density of agricultural edges, tending to decrease where pastures are more dispersed and scattered (Table 5). As for M. lusitanicus, model building and selection revealed that among the seven final candidate models for explaining this species occupancy, the model including the additive effects of PastPatchD and OliveNLSI was the best ranked model. However, there was also high support for more four candidate models, with deltaAICc < 2 relative to the top ranked model (Table 4). In this case, model average estimates of landscape effects included in each of these competing models revealed that occupancy by M. lusitanicus increased with the density of pasture habitats, tending to decrease where olive grove patches are more disaggregated across the landscape, and where forests are more clumped (Table 5). Overall, we found no evidence for spatial autocorrelation in occupancy patterns of both M. cabrerae and M. lusitanicus, with very low and non-significant observed Moran’s I values (I = 0.01, p = 0.22 and I = 0.01, p = 0.16, respectively).





4. Discussion


Understanding biodiversity patterns in agro-ecosystems is a main goal to improve conservation management, particularly in areas where farming practices tend to shift from traditional subsistence systems to market-oriented agriculture, primarily aiming at increasing agricultural productivity [79]. Regarding small mammals, studies aiming to assess species occurrence patterns in agro-ecosystems have been mostly based on the habitat level, while fewer have emphasized the landscape scale (e.g., [80,81]). Our study, based on small mammal genetic non-invasive sampling across olive grove agro-ecosystems in NE Portugal, showed that the high heterogeneity in the cover and geometry of different land uses across the region allows for the occurrence of a rich small mammal community at the landscape scale, supporting the idea that spatial diversity and variability in habitat composition and structure increases mammal species richness (e.g., [82]). This was particularly noticeable among rodents, for which a total of seven out of the eight burrowing species predicted for the region [48] were confirmed to occur (only Rattus rattus Linnaeus 1758 remained undetected). The small mammals identified included species differing in their conservation status and pest risk potential perceived by local farmers. This suggests that the complex land mosaics, mostly resulting from the still predominating traditional farming in the region [31], should provide a high diversity of micro-habitats that allow the coexistence of different small mammal species, even those that might in some way overlap in their niches, such as voles (family Arvicolinae Gray 1821), which are often associated with marginal grassland habitats in agro-ecosystems [45]. It is, therefore, likely that the high spatial heterogeneity and landscape patchiness of NE Portugal olive grove agro-ecosystems might provide opportunities for multiple species to spatially segregate and locally coexist under equilibrium [83].



According to our predictions, small mammal activity signs (mainly feces) were, in general, more conspicuous in semi-natural habitats surrounding olive groves than within olive groves. This suggests that small mammals in traditionally managed agro-ecosystems dominated by small olive farms might be largely restricted to less disturbed marginal habitats, avoiding areas where human intervention is relatively higher. This might be indicative of a general low potential for crop damage by the species in the study region, which is also supported by the relatively low occupancy rates predicted for Microtus lusitanicus (Gerbe 1879), the species that is often perceived by farmers as a potential pest of olive trees [25,44]. According to our predictions, the probability of occupancy by this species increased with the density of pasture habitats, which is, in general, consistent with previous literature showing the association of this species to open habitats, such as meadows or pastures (e.g., [40,48]). In addition, there was some tendency for higher occupancy probability where olive patches were more clumped and where forest patches were more disaggregated, which suggests that eventual expansion of olive farming into surrounding semi-natural habitats (landscape homogenization) might create favorable conditions for an eventual predominance of M. lusitanicus, via reduced competition or predation pressures [83], which could increase their damage potential at olive groves. On the other hand, our results also indicated relatively high occupancy rates by Microtus cabrerae (Thomas 1906), suggesting that agro-ecosystems in NE Portugal might support well-established populations of this vulnerable species [48], thus highlighting its high value in terms of conservation. In particular, the occupancy of M. cabrerae increased with the density of agricultural edges, which is consistent with the existing literature associating this species with wet herbaceous vegetation cover that typically occurs along agricultural field margins [35]. In addition, there was some tendency for higher occupancy estimates where pastures were more aggregated, which agrees with the idea that this land use might favor landscape connectivity for this species in farmed areas [26]. Also of note is the presence of Arvicola sapidus (Miller 1908), which is globally considered as “Vulnerable” in the IUCN Red List [84], and Microtus rozianus (Bocage 1865), a recently described, range-restricted species, previously considered as Microtus agrestis (Linnaeus 1761) [85]. Overall, therefore, our study suggests that spatial heterogeneity in olive grove agro-ecosystems should be key to the occurrence of either rare and specialist species, or more common and generalist species, thus contributing to the maintenance of high biodiversity levels. Specifically, the maintenance of spatially complex and variable mosaics of different land uses (including forest patches of Quercus suber L., Quercus ilex L. subsp. rotundifolia Lam., and Pinus pinaster Aiton, mixed with open pastures and agricultural fields with cereal crops, vineyards, and other tree-fruit orchards), together with more natural areas kept undisturbed for some time (e.g., marginal grassland habitats, shrub lands), should be of critical importance to support a high number of small mammal species at the landscape and regional scales. This should include species with different biological traits (e.g., fossorial, semi-fossorial and surface-dwelling species), habitat preferences (e.g., open grassland, woody, freshwater habitats) and conservation importance (e.g., threatened, least concern), as shown in our study.



While our results provide support for a high small mammal richness occurring in NE Portugal olive grove agro-ecosystems, the recent trends in olive farming intensification [12] raises relevant conservation concerns, as they might compromise the existing ecological equilibrium, e.g., by favoring the predominance of a single potential pest species [86]. Decreases in biodiversity levels and ecosystem functioning have been observed in other Mediterranean regions where olive groves are more intensively managed, particularly among bats [8], birds [87], invertebrate species [88] and plants [89]. Therefore, preserving the more traditional farming practices in NE Portugal olive groves should be crucial to guarantee the provision of food, shelter and protection for many small mammal species, as well as their predators, thus contributing to overall ecosystem health [90,91]. Reverting the current trends of olive farming intensification is, however, a major conservation challenge, as the international competition in the olive oil sector, which is increasingly dominated by the use of fully mechanized, intensive cultivation methods of high performance at low costs, makes it hard for small producers to retain their position in the market [92]. Therefore, the conservation of traditional olive groves may require compensation measures and policies involving incentive agreements, such as crop insurance, and the development of accurate mechanisms for biodiversity-friendly crop certification, so that agents of the sector become more willing to maintain the important social, economic and environmental value of more traditional olive grove systems [93].



We acknowledge that more research focusing on more detailed demographic parameters (e.g., population size) and on seasonality effects is needed to fully understand the processes driving small mammal populations and community structuring, and the overall conservation value and resilience of NE Portugal olive groves relative to small mammals’ community. In the context of non-invasive sampling methods, this would require the use of genetic markers for individual identification (e.g., [30,52,94]), and would certainly benefit from the use of complementary sampling techniques providing additional sources of DNA, such as hair trapping [95]. Likewise, detailed data on site-specific management operations (e.g., plowing, planting, grazing, selective irrigation and fertilization, use of rodenticides or traps for small mammals) would also provide critical information to improve our understanding of the local impacts of agricultural practices on small mammal populations. In our study, however, such data could not be systematically assessed due to the restrictions related to coronavirus pandemic during the study period, which prevented us from conducting direct interviews with local farmers about current and past management practices at each olive grove. Furthermore, the assessment of possible competition-based mechanisms of population regulation involving potential pest species would provide important insights on the likely value of a rich small mammal community in providing ecosystem services, such as bio-control services (e.g., [96]). To our knowledge, no study has ever documented interspecific interactions between M. cabrerae and M. lusitanicus. While the use of multispecies occupancy modelling could have provided important first insights on such interactions, our sample size did not allow the implementation of such models, given the relatively high number of parameters involved. Despite these limitations, however, we believe that this study provides a relevant contribution to improve our knowledge on how the landscape characteristics that determine the occurrence of small mammals in olive grove ecosystems for NE Portugal. Moreover, our study also highlights the utility of non-invasive genetic sampling methods at the landscape scale for informing and improving agro-ecosystem management towards more biodiverse and healthy environments (e.g., [54,97]). Importantly, our results suggest that traditional olive farming maintaining a complex matrix of small patches of crops interspersed with other land uses should provide ideal conditions to guarantee the continued coexistence of small mammals with different biological and ecological traits in NE Portugal, thus probably resulting in a more diverse community [98], likely to provide important ecosystem services contributing to the long-term sustainability of olive farming in the region (e.g., [90]).




5. Conclusions


Olive grove agro-ecosystems represent at present one of the most important woody crops in Europe, holding particularly high social, economic and cultural value in Mediterranean countries [7]. However, the recent expansion and intensification of olive farming in many regions have been associated with critical declines in biodiversity and related ecosystem services [10]. Building on our biodiversity knowledge base in traditionally managed olive grove agro-ecosystems is therefore a key requirement to enhance the effectiveness of strategic management planning aiming at the retention of ecological functions and resilience of these systems [15]. Regarding small mammals, our study constitutes a first step towards this main goal, providing important insights into how species may relate to landscape characteristics in traditionally managed olive grove agro-ecosystems in NE Portugal. Based on genetic non-invasive sampling, we showed that low-input management systems may hold a relatively high species richness, particularly among ground-dwelling rodents. This likely resulted from the predominance of small-sized patches and the complex geometries of different land uses surrounding olive groves, which should favor the coexistence of different small mammal species, possibly including well-established populations of species with conservation importance, while keeping low occupancy rates of species that are known to cause damages on tree crops. We thus conclude that maintaining a rich community of small mammals in olive groves, together with a low risk of crop damage by potential pests, should require the retention of highly patchy and heterogeneous mosaics of different land uses, together with semi-natural areas with minimum anthropogenic disturbance. Such spatial variability in landscape composition and structure should provide a wide range of niches for multiple species differing in their biological and ecological traits, thus contributing to increased biological diversity and therefore, overall ecosystem functioning. Although more studies focusing on detailed demographic parameters and species interactions are needed to fully understand small mammal occurrence and their relationship with ecosystem functioning and services in olive groves, our study supports the view that despite largely neglected in biodiversity assessments [16], small mammals should provide a useful indicator group to assess high-functioning biodiversity and ecosystem services in agricultural landscapes.
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Figure 1. (a) Map of the study area in Trás-os-Montes, northeast (NE) Portugal. (b) Location of the 51 sampling units centered in olive grove patches distributed across the Trás-os-Montes region, selected to survey small mammals and main land uses (red triangles). (c) Example of sampling unit showing the location of transects for small mammal genetic non-invasive sampling, and the main land uses surrounding the focal olive grove (50 m buffers). 
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Table 1. Selection of the best submodel of detectability, assuming constant occupancy for each small mammal species (Psi ~ 1), based on comparisons between AICc values of models considering the effects of transect type (within focal olive groves versus at neighboring semi-natural marginal habitats) and the model with no effects on detectability. In each case, the submodel including the transect type (p~TransType) received greater support than the model with constant detectability (p ~ 1), and therefore, this submodel structure was carried out in subsequent analyses focusing occupancy.
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	Species
	p Submodel
	AICc
	ΔAICc
	Wt-AICc





	Microtus cabrerae
	~1
	553.916
	24.783
	0.00



	
	~TransType
	529.133
	
	1.00



	Microtus lusitanicus
	~1
	268.363
	7.040
	0.03



	
	~TransType
	261.323
	
	0.97



	Apodemus sylvaticus
	~1
	750.621
	32.786
	0.00



	
	~TransType
	717.835
	
	1.00



	Mus spretus
	~1
	467.628
	7.495
	0.02



	
	~TransType
	460.133
	
	0.98



	Crocidura russula
	~1
	486.666
	18.523
	0.00



	
	~TransType
	468.144
	
	1.00
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Table 2. Detectability (p) and occupancy (Psi) estimates of small mammals in NE Portugal according to the models including the effects of transect location, i.e., within focal olive groves versus in surrounding semi-natural habitats.
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	Species
	Mean (95%CI) p (within Olive Groves)
	Mean (95%CI) p (Surrounding Habitats)
	Mean (95%CI) Psi





	Microtus cabrerae
	0.037 (0.012–0.108)
	0.267 (0.223–0.317)
	0.765 (0.611–0.871)



	Microtus lusitanicus
	0.029 (0.004–0.181)
	0.219 (0.158–0.296)
	0.366 (0.236–0.519)



	Apodemus sylvaticus
	0.085 (0.045–0.156)
	0.347 (0.304–0.392)
	0.984 (0.654–0.999)



	Mus spretus
	0.066 (0.030–0.141)
	0.163 (0.126–0.210)
	0.868 (0.635–0.961)



	Crocidura russula
	0.019 (0.005–0.072)
	0.158 (0.129–0.193)
	1.000 (0.000–1.000) 1







1 Estimates with equivocal meaning.
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Table 3. Summary of descriptive statistics of landscape covariables of small mammal occupancy in 51 olive farms in NE Portugal.
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	Covariable (Units)
	Code
	Mean ± se
	Range





	Cover metrics
	
	
	



	Olive grove cover (%)
	OliveCover
	53.16 ± 3.26
	11.5–100



	Pasture land cover (%)
	PastCover
	15.84 ± 1.82
	0–47.6



	Shrub cover (%)
	ShrubCover
	13.28 ± 2.08
	0–58.6



	Agricultural land cover (%)
	AgricCover
	7.01 ± 1.30
	0–37.7



	Forest cover (%)
	ForestCover
	6.17 ± 1.75
	0–63.8



	Edge density metrics
	
	
	



	Olive edge density /m/ha)
	OliveEdgeD
	202.05 ± 11.95
	0–443



	Pasture land edge density /m/ha)
	PastEdgeD
	114.16 ± 12.25
	0–353



	Shrub edge density /m/ha)
	ShrubEdgeD
	124.60 ± 16.65
	0–483



	Agricultural land edge density (m/ha)
	AgricEdgeD
	64.48 ± 11.21
	0–303



	Forest edge density /m/ha)
	ForestEdgeD
	46.37 ± 9.99
	0–293



	Patch density metrics
	
	
	



	Olive patch density (number/ha)
	OlivePatchD
	65.18 ± 5.34
	21.7–189



	Pasture patch density (number/ha)
	PastPatchD
	61.70 ± 7.05
	0–218



	Shrub patch density (number/ha)
	ShrubPatchD
	60.89 ± 5.56
	0–203



	Agricultural patch density (number/ha)
	AgricPatchD
	35.94 ± 5.56
	0–172



	Forest patch density (number/ha)
	ForestPatchD
	20.32 ± 4.27
	0–110



	Aggregation metrics
	
	
	



	Olive normalized landscape shape index
	OliveNLSI
	0.04 ± 0.02
	0–1.00



	Pasture normalized landscape shape index
	PastNLSI
	0.02 ± 0.01
	0–0.27



	Shrub normalized landscape shape index
	ShrubNLSI
	0.02 ± 0.00
	0–0.06



	Agricultural normalized landscape shape index
	AgricNLSI
	0.01 ± 0.00
	0–0.10



	Forest normalized landscape shape index
	ForestNLSI
	0.01 ± 0.00
	0–0.07



	Diversity metrics
	
	
	



	Number of habitat types
	PatchRichness
	4.67 ± 0.20
	1–7



	Shannon diversity index
	ShanDiv
	1.04 ± 0.05
	0–1.73



	Shannon evenness index
	ShanEvn
	0.68 ± 0.03
	0–0.91
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Table 4. AICc-based ranking of candidate models built to assess the effects of landscape variables on Microtus cabrerae and Microtus lusitanicus occupancy in NE Portugal olive grove agro-ecosystems. In each case, the submodel structure for detectability included the effects of transect location (p~TransType). Most supported models for each species (delta AICc < 2) are indicated in bold.
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	Species
	Psi Submodel
	AICc
	ΔAICc
	Wt-AICc





	Microtus cabrerae
	~AgricEdgeD + PastNLSI
	522.87
	0
	0.55



	
	~AgricEdgeD + AgricNLSI + PastNLSI
	525.22
	2.35
	0.17



	
	~AgricNLSI + PastNLSI
	525.95
	3.08
	0.12



	
	~AgricEdgeD
	527.25
	4.38
	0.06



	
	~AgricNLSI
	528.08
	5.21
	0.04



	
	~PastNLSI
	528.35
	5.48
	0.04



	
	~AgricEdgeD + AgricNLSI
	529.22
	6.35
	0.02



	Microtus lusitanicus
	~PastPatchD + OliveNLSI
	258.1
	0
	0.24



	
	~PastPatchD
	258.28
	0.18
	0.22



	
	~PastPatchD + ForestNLSI
	258.7
	0.6
	0.18



	
	~PastPatchD + OliveNLSI + ForestNLSI
	259.31
	1.21
	0.13



	
	~OliveNLSI
	259.57
	1.47
	0.11



	
	~OliveNLSI + ForestNLSI
	260.52
	2.41
	0.07



	
	~ForestNLSI
	261.2
	3.1
	0.05
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Table 5. Estimates of main effects (mean and 5th and 95th percentiles) on p and Psi obtained from the best model identified for Microtus cabrerae, and from model averaging of best models identified for Microtus lusitanicus. Variables with 5th and 95th percentile ranges not including 0 are shown in bold.
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	Species
	Parameter
	Covariable
	Effect Size
	5th, 95th Percentiles





	Microtus cabrerae
	p
	TransType:SurroundHabitat
	2.26
	1.27, 3.25



	
	Psi
	AgricEdgeD
	1.68
	0.31, 3.05



	
	Psi
	PastNLSI
	−2.23
	−5.00, 0.54



	Microtus lusitanicus
	p
	TransType:SurroundHabitat
	2.24
	0.54, 3.93



	
	Psi
	PastPatchD
	0.75
	0.07, 1.43



	
	Psi
	OliveNLSI
	−7.89
	−17.8, 2.03



	
	Psi
	ForestNLSI
	0.44
	−0.15, 1.03
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