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Abstract

:

Kudzu (Pueraria montana [Lour.] Merr. var. lobata [Willd.] Maesen & S.M. Almeida ex Sanjappa & Predeep) is an invasive woody vine widespread throughout much of the southeastern United States. New occurrences and recent studies using climatic parameters suggest that the Midwestern region of the United States is at the greatest risk of kudzu invasion. As there are already multiple reports of kudzu within the Great Lakes basin and no previous landscape models exist specifically for the basin, we developed probability models from existing spatial data (forest type, geology, land cover, precipitation, temperature, and known kudzu locations) by using maximum entropy methods at the national, regional, and basin scales. All three models had relatively high accuracy and strong positive correlation between predicted and observed values. Based on evaluation of the models using a testing data set, we determined a presence threshold and categorized areas within each model as suitable or unsuitable habitat. We pooled the models and calculated mean habitat suitability within the Great Lakes basin. Much of the southern half of the basin was suitable for kudzu. Continuing management and further monitoring of kudzu spread are likely necessary to limit further introduction and mitigate spread of kudzu within the Great Lakes region.
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1. Introduction


Over the second half of the 20th century, the global rate of biological diversity loss has increased, correlated with human activity, land use changes, and invasive species [1]. Natural diversity levels are crucial for ecosystem processes and services, and can impact the well-being, health, and security of humans through these processes and services [1]. To reduce this rate of biological diversity loss and to preserve native flora and fauna, it is important to monitor threats to diversity, like invasive species and habitat fragmentation, and to invoke management plans to preserve native species. Within the United States, not only do invasive species pose threats to native diversity, they also can cost upwards of $120 billion USD per year to manage, with upwards of $33 billion USD allocated specifically towards invasive plant management [2]. These costs may increase year-by-year as additional invasive plant species are introduced, compounded with the spread of established populations. Furthermore, invasive species can impact existing communities by out-competing native species, ultimately displacing them [2]. Invasive species can also impact ecosystem productivity, ecosystem mitigation of natural disasters and habitat degradation, and even human health through novel pathogen introductions [3]. Understanding invasive species and monitoring their spread are crucial in reducing the rate of biological diversity loss and their environmental and economic impacts.



One of the most prevalent invasive plant species in the United States is kudzu (Pueraria montana [Lour.] Merr. var. lobata [Willd.] Maesen & S.M. Almeida ex Sanjappa & Predeep), a woody vine native to eastern Asia [4]. Initially introduced as an ornamental into North America in 1876 as part of the Japanese gardens in the World’s Fair, kudzu has since had multiple intentional introductions for ornamental use, fodder, and erosion control [5,6,7,8]. Since these introductions, kudzu has established and spread to over three million hectares within the United States, with reports in 32 states [9,10]. Kudzu is widely established throughout the southeastern United States, but populations of kudzu have also established along the east coast and as far northwest as Washington State [10].



Kudzu alone is estimated to cost upwards of $336 million USD each year in losses, primarily due to its toll on forest productivity, with additional costs of approximately $81 USD per hectare per year for management within the United States [11]. In addition to monetary implications, kudzu poses ecological costs as well. Kudzu is fast-growing, able to grow up to 30 cm per day and up to 30 m per stem [4,12]. Due to this fast-growing nature, kudzu can cause losses in forest productivity and pose threats to local species diversity by growing over and shading out other plants [13,14]. Additionally, kudzu can climb existing vegetation and bridge tree canopies together, which may exacerbate the effects of windthrow and fire [14,15]. Kudzu also has an extensive and hardy root system and primarily reproduces asexually by growing new crowns and roots at the nodes of existing vines [8,14,16,17]. These growth habits coupled with the lack of natural pests and pathogens within the United States make kudzu difficult to eradicate once it invades.



Kudzu’s optimal climate was previously defined as mild winters and hot summers [4], and kudzu was believed to have a cold threshold of −20 °C [18]. However, recent studies suggest that this threshold may vary due to cold acclimation and therefore it may survive further north than previously expected [18]. This is of particular concern as kudzu has already been reported in multiple locations in Michigan, some as far north as Benzie County (USDA Hardiness Zones 5b, 6a, and 6b) [19]. As kudzu may be able to withstand colder temperatures than initially thought, management may be necessary to control these populations. For example, Benzie County has experienced minimum temperatures at or below −20 °C in 56 of the last 120 years, as well as 13 of the last 30 years [20].



Though species distribution models (SDM) were first used in the 1920s, they have become increasingly popular within the past few decades to help understand changes in individual species ranges and biodiversity patterns, as well as to predict invasive species distributions [21]. There are many approaches to species distribution modeling, but climatic approaches are more common today with the heightened concern for how climate change can influence future distributions and for conservation of species of concern [21]. Maximum entropy models have become increasingly popular in species distribution modeling as they include machine-learning concepts and can account for more complicated parameters and interactions among those parameters [22,23]. In fact, Elith et al. [22] and Baldwin et al. [24] compared maximum entropy models to the well-established generalized linear model, generalized additive model, and bioclimate envelope model techniques and both studies found that maximum entropy outperformed these other model types. Maximum entropy was found to be particularly advantageous with limited presence locations and with more complicated parameters [22,24]. Species distribution models have previously been used to predict kudzu distributions across the United States.



Bradley et al. [25] used bioclimate envelope and maximum entropy modeling techniques with future climate data predictions to determine invasion risk for kudzu, privet (Ligustrum sinense Lour. and L. vulgare L.), and cogongrass (Imperata cylindrica [L.] P. Beauv.) in the eastern United States. Furthermore, Callen and Miller [9] used maximum entropy modeling techniques based on climate variables to compare kudzu’s native range with suitable habitat within the United States, while these studies focused on the United States at the national scale, few studies have sought to model kudzu distribution at the landscape scale, and there are no available studies that assess kudzu habitat suitability at the landscape scale for the Great Lakes basin, which is within the high-risk Midwestern United States. Kudzu has already been reported within at least twelve counties within the Great Lakes basin across Illinois, Indiana, Michigan, and Ohio [10], and new studies are finding that this region is at high risk for kudzu invasion [9,25].



The objectives of this study were (1) to predict kudzu habitat suitability within the United States portion of the Great Lakes basin based on national, regional, and basin scale maximum entropy models and (2) to compare the habitat suitability predicted across these scales.




2. Results


Based on pairs plot, we retained all independent variables for our maximum entropy model development (Figure S1). The national scale kudzu locations were reduced by 30.7% by removing duplicates in the ’maxent’ function (Table 1). The regional scale locations were reduced by 16.7%, whereas the basin scale locations were reduced by 9.1% (Table 1). Precipitation was the largest contributor to the national scale model, which had dramatically less influence in the regional and basin scale models (Table 1). Temperature was the most influential in the regional and basin models, with land cover type (NLCD) increasing in both models as spatial scale decreased (Table 1), while it was retained, geology was a minor contributor to all three models (Table 1).



The national and regional models produced relatively low probabilities of kudzu within the Great Lakes basin (Figure 1 and Figure 2). Alternatively, the basin model provided areas with relatively high and low probabilities for kudzu within the Great Lakes basin boundary (Figure 3). This visual comparison was supported with significant differences between the three models for 1000 random locations within the basin (F    2 , 2997    = 465.7, p < 0.001). The national and regional probabilities did not differ (national = 0.020 ± 0.027, regional = 0.026 ± 0.034; p = 0.573). However, the basin mean probability was significant greater than the other two models (basin = 0.185 ± 0.233; vs. national p < 0.001; vs. regional p < 0.001), while the frequency histograms for all three models were skewed right, neither the national nor the regional model probabilities exceeded 0.25 (Figure 4).



Each presence and absence location was defined as a true or false positive or negative location based on the  κ -value, the threshold was set at 0.007 for the national model, where  κ  was the maximized kappa value from evaluating the model. The McNemar’s test for the national model rejected the null hypothesis that the false positive and false negative values were equal ( χ 2 = 4.17, p = 0.041), as there were zero false negative locations. Additionally, the accuracy for the model was 0.80, the Matthew’s Correlation Coefficient (MCC) was 0.65, and the area under the receiver operating characteristic curve (AUC) was 0.804. Of the 1000 random locations within the Great Lakes basin (Figure 4), 449 locations were ≥ κ  in the national scale model.



The regional scale model test resulted in a  κ -value of 0.048 with the McNemar’s test failing to reject the null hypothesis that the false positive (=2) and false negative (=4) values were equal ( χ 2 = 0.17, p = 0.683). The AUC was slighly lower than the national scale.



Model (0.782), but accuracy and MCC values (0.80 and 0.61, respectively) were similar to the national scale model. Additionally, of the 1000 random locations within the basin (Figure 4), 181 locations were ≥ κ  in the regional scale model.



The basin scale model test resulted in a  κ -value of 0.171 with the McNemar’s test failing to reject the null hypothesis that the false positve (=4) and false negative (=3) values were equal ( χ 2 = 1.00, p = 1.000). Additionally, the accuracy and MCC values (0.77 and 0.53, respectively) were less than the other two models, while the AUC was comparable to both (0.796). Of the 1000 random locations within the basin (Figure 4), 323 locations were ≥ κ  in the basin scale model.



Finally, we reclassified pixels suitable (≥ κ  = 1) or unsuitable (< κ  = 0) based on each model probabilities of kudzu presence and  κ -values within the Great Lakes basin. The mean value map illustrated a high likelihood of kudzu habitat throughout much of the southern half of the Great Lakes basin (Figure 5). However, there are also areas of potentially suitable habitat extending north (Figure 5).




3. Discussion


Kudzu is a plant species introduced to North America and has spread throughout much of the eastern half of the United States causing various ecological and economic impacts since its importation in the late 1800s [4]. Past predictions of potential kudzu habitat in the United States resulted in relatively low risk categories within the Great Lakes basin [25]. These low probability or low risk predictions occur with 100-year climate change predictions (i.e., year 2100), where current climate conditions result in kudzu models with northern limits well south of the species current distribution [25]. Suitable habitat predictions within the Great Lakes basin based on the native range in Asia for calibration resulted in relatively small areas in the southern portions of the basin defined as suitable habitat [9]. Even incorporating forest types, geological features, and land cover, with current temperature and precipitation, we observed relatively low probability values within the Great Lakes basin. However, by utilizing the maximized  κ  as our presence and absence threshold, we did identify large areas of the southern and central portions of the Great Lakes basin as suitable for kudzu.



The models we present in this study demonstrate the difficulty of predicting suitable habitat for a species with a broad fundamental niche and wide geographic range. Vázquez [26] suggested that niche breadth positively influences invasion success in plants. Niche breadth can be estimated in relation to the size of native range or number of different native habitats the species occupies [26]. In this case, kudzu evidently occupies a broad niche. Much of the conterminous United States has climatic conditions similar to the native range of kudzu [9]. The introduced range for kudzu (currently) extends from 25.6 °N in Florida to 45.7 °N in Oregon. Within the Great Lakes basin, the northern most location is at 44.7 °N in Benzie County, Michigan. As much of the eastern half of the United States has climate conditions highly similar to the native range of kudzu [9], it likely has evolved a broad niche to cope with very different local climates spanning 20 degrees of latitude. This broad range of suitable climate in its native range (and subsequently across much of the eastern United States as an introduced range) resulted in relatively low probability values from our maximum entropy models in the Great Lakes basin. Our kudzu testing locations in those low probability areas then set our presence threshold (i.e,  κ ) lower than an arbitrary threshold that is often selected and typically unreliable (e.g., 0.5) [27]. As previous studies had focused on climate with temperature and precipitation [9,25], we tried to improve prediction of kudzu habitat in the Great Lakes basin by incorporating edaphic (i.e., geology), anthropogenic (i.e., NLCD), and ecological interaction (i.e., forest type) variables.



Previously, Coiner et al. [18] suggested that kudzu may acclimate to colder temperatures than previously believed, complicating the definition of a northern distribution limit for kudzu invasion based on geography and cold temperature thresholds alone, while our study employs 30-year averages for temperature and precipitation, extreme weather events may also impact kudzu survival and are likely to become more intense and frequent with climate change [28]. The impacts of these extreme weather events will also vary based on when they occur. For example, extreme cold temperatures (e.g., frosts) that occur towards the end of the growing season would be more detrimental to kudzu than the same extreme cold temperatures during winter months, as kudzu would not yet be acclimated to such temperatures during the growing season [18,29]. Moisture balance and photoperiod regimen may also explain differences in woody plant acclimation to colder temperatures across larger scales [29,30]. This study focuses on predicting habitat suitability for kudzu at different scales using long-term climatic variables, land cover and forest types, and geology. Future studies on kudzu habitat distributions may want to additionally consider how these extreme weather events and moisture balance impact local kudzu populations’ mortality and spread.



While the actual probabilities of occurrence from our maximum entropy models were similar to other kudzu modeling studies (e.g., [9,25]), we observed suitable habitat for kudzu in a relatively large proportion of the Great Lakes basin. As there are few currently known infestation locations (i.e., plus symbols in Figure 3), unoccupied, available habitat within the basin should be of concern to natural resource managers. Kudzu primarily reproduces through clonal reproduction, which requires existing crowns of kudzu plants [4,15,17,31]. The disjunct nature of kudzu records currently in the Great Lakes basin exemplifies the importance of human transport for kudzu invasion. We argue that this makes invasion by kudzu into the Great Lakes basin dispersal-limited as much of the suitable habitat is not occupied; however, the introduction of individuals will lead to establishment [32]. Likely, kudzu is not habitat-limited in the Great Lakes basin, specifically in the southern half, due to the species niche breadth.




4. Materials and Methods


Maximum entropy models were developed to predict the probability of kudzu habitat suitability in the United States based on climatic and physical environmental variables. Independent variables for model development included total annual precipitation (mm), mean annual temperature (°C), land cover and forest types, and geology (parent material). Prior to model development, a pairs plot was used to identify collinear independent variables for potential omission. Total annual precipitation was derived as the sum of 12 months of 30-year (1970–2000) historical climate data at a spatial resolution of 30 arc-seconds (~1 km2) [33], which became the base resolution for rasterizing vector data and resampling existing rasters via median calculations. Mean annual temperature was derived as the mean of 12 months of 30-year historical climate data at a spatial resolution of 30 arc-seconds [33]. Land cover was the U.S. Geological Survey National Land Cover Database for 2019 [34]. Forest types were derived from Forest Inventory and Analysis data [35]. Geology was rasterized from the geodatabase of the conterminous United States polygons representing geologic features [36]. Global climate data and United States data were clipped to the conterminous US boundary.



We used the ‘maxent’ function within the package dismo (version 1.3-9) [37] with jackknifing in R as a wrapper for Maxent Software (version 3.4.4) [22]. Forest types, geology, and land cover types were included as categorical factors. Precipitation and temperature were included as continuous data. Known kudzu locations were used as presence locations for model development [10]. The national scale data set included 6152 kudzu locations within the conterminous United States. We used the default of 10,000 random background locations for the national scale model. The regional scale data set included 197 kudzu locations and spatially included a 2.25 arc-seconds buffer around the Great Lakes basin. As the number of background locations will influence model predictions [38], we scaled the number of random background locations proportionally by the spatial scale for both the regional and basin scale models (Table 1). The basin scale data set included 11 kudzu locations and spatially included the hydrologically defined Great Lakes basin. We included the option ‘removeDuplicates = T’ in the ‘maxent’ function to reduce bias where location points occurred with the same independent variable pixel values. We selected 1000 random locations within the Great Lakes basin boundary and extracted the three model probabilities. We used analysis of variance (ANOVA) with Tukey’s HSD as a post hoc test to compare the probabilities across the basin between models [39].



To test the models and calculate true positive (observed and predicted presence), known kudzu locations from the Midwest Invasive Species Information Network were used within the Great Lakes basin [40], while this data set is relatively small (n = 15), it provided a suitable testing set of what is known within the Great Lakes basin. Further, to calculate true absence (observed and predicted absence), we randomly selected an additional 15 locations within the Great Lakes basin to serve as “absence” locations. We evaluated the maximum entropy models, using the ’evaluate’ function in dismo package in R to calculate area under the receiver operating characteristic curve (AUC) and the maximized kappa ( κ ) as our predictive presence threshold [26]. At the 30 locations (presence and absence), we extracted the probability for each model and applied the predicted presence threshold of  κ  (i.e., if the predicted probability was   ≥ κ  , it was coded as a predicted presence). This allowed us to calculate true positive (observed and predicted presence) and true negative (observed and predicted absence) counts, as well as false positive (observed absence but predicted presence) and false negative (observed presence but predicted absence) counts. From these count values, we used a McNemar test for the hypothesis that the false negative and false positive values were equal [41]. Additionally, we calculated accuracy as:


  A c c u r a c y =   T P + T N   T P + T N + F P + F N    



(1)




where   T P   was true positive,   T N   wass true negative,   F P   was false positive, and   F N   was false negative. Accuracy aided in characterizing the overall model success. Finally, we calculated a Matthew’s correlation coefficient (MCC) [42] to test the correlation between observed and predicted values as:


  M C C =   T P ∗ T N − F P ∗ F N    ( T P + F P ) ∗ ( T P + F N ) ∗ ( T N + F P ) ∗ ( T N + F N )     



(2)







Finally, we coded habitat as suitable and unsuitable within the Great Lakes basin for each model (cropped to the basin boundary). If a pixel was ≥ κ , then it was coded as suitable (1), and if it was < κ , then it was coded as unsuitable (0). We calculated mean suitability within the Great Lakes basin as a mean pixel value of the pooled models.
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Figure 1. Maximum entropy model for kudzu probability based on forest type, geological parent material, National Land Cover Database categories, total annual precipitation, slope, and mean annual temperature in the conterminous United States. Black polygon indicates the Great Lakes basin boundary in the United States. Plus symbols represent kudzu locations used for model testing within the Great Lakes basin. 
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Figure 2. Maximum entropy model for kudzu probability based on forest type, geological parent material, National Land Cover Database categories, total annual precipitation, and mean annual temperature in a regional buffer (2.25 arc-seconds) around the Great Lakes basin boundary in the United States (black polygon). Plus symbols represent kudzu locations used for model testing within the Great Lakes basin. 
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Figure 3. Maximum entropy model for kudzu probability based on forest type, geological parent material, National Land Cover Database categories, total annual precipitation, and mean annual temperature in the Great Lakes basin in the United States (black polygon). Plus symbols represent kudzu locations used for model testing within the Great Lakes basin. 
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Figure 4. Histogram of national, regional, and basin scale model probabilities for 1000 random locations within the Great Lakes basin. 
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Figure 5. Mean likelihood of suitable habitat for kudzu in the Great Lakes basin (black polygon) in the United States from national, regional, and basin maximum entropy models. Suitable habitat was defined as ≥ κ , where  κ  was the maximized kappa threshold for each model. 
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Table 1. National, regional, and Great Lakes basin scale maximum entropy model independent variable percent contribution, geographic area modeled, number of kudzu presence locations used for model training (after duplicate values were removed), number of random background locations used, and area under the receiver operating characteristic curve (AUC). Forest type, Geology (parent material ID code) and NLCD (National Land Cover Database category code) were included as categorical factors. Precipitation (mm) was annual total and Temperature (°C) was annual mean, both from 30 to year historical data.
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	Variable
	National
	Regional
	Basin





	Forest
	1.3
	4.6
	0.0



	Geology
	0.2
	3.6
	1.0



	NLCD
	0.0
	2.2
	7.4



	Precipitation
	81.3
	0.4
	1.2



	Temperature
	17.2
	89.3
	90.5



	Area (km2)
	7.80 × 106
	1.12 × 106
	4.48 × 105



	Kudzu Locations
	4263
	164
	10



	Background
	10,000
	1436
	574



	AUC
	0.795
	0.906
	0.900
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