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Abstract

:

The Asian longhorned beetle (ALB), Anoplophora glabripennis (Motschulsky), is one of the most harmful invasive alien species attacking hardwood trees. Increasing human activities have caused changes in the landscape patterns of ALB habitats, disrupting the habitat balance and weakening landscape-driven pest suppression. However, the relationship between landscape patterns (compositional and structural heterogeneity) and ALB populations has not been defined. In this study, we used remote sensing data to calculate landscape metrics and combined them with ground survey data. Using a multivariable linear regression model and a linear mixed model, we analyzed the relationship between landscape metrics and ALB populations and between forest stands attributes and ALB populations. The study results indicated that largest patch index (LPI), mean radius of gyration (GYRATE_MN), mean shape index (SHAPE_MN), and Shannon’s diversity index (SHDI) strongly influenced ALB populations at the landscape level. In addition, at the class level, only the forest class metrics LPI and aggregation index (AI) significantly impacted ALBs. The study also indicated that tree height (TH) and tree abundance (TREEAB) were good predictors of ALB populations.
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1. Introduction


The Asian longhorned beetle (ALB), Anoplophora glabripennis (Motschulsky), is a polyphagous xylophage listed among the one hundred worst invasive alien species in the world and has caused devastating damage and economic loss to hardwood trees worldwide [1,2,3]. ALB is native to East Asia [4]. The earliest record of an ALB outbreak is from the Three-North Shelterbelts Forest Program in the 1970s, which used poplar, willow, and elm as the main tree species for afforestation efforts. Because of the lack of prior investigations, the tree species planted in the first phase of the Three Norths Protection Forest Program subsequently proved to be highly ALB-sensitive, leading to millions of trees’ death [2,5,6,7]. Economic losses caused by ALBs in China have been estimated to amount to 1.5 billion United States dollars per year [8,9].



ALB entered North America in the 1990s with solid wood packaging material from international trade [10]. The first area where ALB was discovered was New York, followed by several other American cities; in 2003, ALB also appeared in Canada [2,8,11]. One study showed that 35% of urban forests in the US are at risk of ALB infestation [12]. In 2001, ALB invasions were detected in Europe, first in Austria and then in many other countries, such as France and Germany [13]. Although ALB populations have not been found in natural forests in Europe and are currently only present in urban landscapes, this does not mean that ALB is not a risk in Europe [7].



Existing research suggests that various environmental factors influence the physiological activity of ALBs, the most significant of which is climate [5]. Temperature and effective cumulative temperature directly affect the developmental cycle of eggs, larvae, and adults, with differences in the number of generations, longevity, and fecundity of ALB reproduction under different temperature conditions [14,15,16,17,18]. Global warming also promotes the northward spread of ALBs’ suitable areas in China [19]. In addition, wind direction and speed affect the direction and distance of ALBs’ dispersal [20,21]. On the other hand, human social and economic activities also impact ALBs [22,23]. Increasing human activities have caused the loss and fragmentation of natural ecosystems, i.e., changes in land-use patterns [24]. The increase in land for agricultural production, the growth in land for construction, the continuous expansion of crop cultivation, and the removal of non-crop habitats have accelerated the degradation of forest ecosystems and the increasing homogeneity of landscape patterns [25]. The altered landscape pattern of ALBs habitats disrupts the balance of habitat ecosystems, reduces biodiversity within habitats, affects the ecological control function of natural enemies, and weakens landscape-driven pest suppression [26,27]. These lay the groundwork for the outbreak of ALBs within a landscape.



With the increasing advances in remote sensing technology, remote sensing images have better resolution and have become more useful for studying landscape patterns [28,29,30]. Ecologists have widely discussed the impact of landscape patterns on insects [31]. Central to the study of landscape patterns is heterogeneity, and it was determined by two aspects: (i) landscape composition (diversity of landscape features and habitat types) and (ii) landscape configuration (number, size, and connectivity of habitat patches) [32,33,34]. In landscape pattern research, landscape metrics are often required to assess patch structure changes within ecosystems and diagnose structural and functional relationships between different classes and patches within classes [35,36]. Over time, changes in landscape metrics can serve as solid support for quantifying ecological processes within a landscape [37,38].



Many studies emphasized the impact of landscape configuration (compositional and structural heterogeneity) on certain types of insects. For example, butterfly species diversity can be positively influenced by heterogeneity in landscape composition and negatively impacted by land-use intensity [39]. Landscape heterogeneity positively affects wasp and bee species richness [40], and different bee populations respond differently to landscape heterogeneity [41], meanwhile landscape heterogeneity is positively correlated with the functional diversity of bees [42]. In semi-natural habitats, the species richness and community composition of hoverflies are also determined by landscape heterogeneity [43]. Scholars also used landscape patterns to discuss the interactions between ecosystems and organisms to build more complex correlation models. The interaction of these abiotic and biotic landscape features (including tree species phenotypes, soil properties, forest stand attributes, topographic characteristics, climatic conditions, etc.) has an impact on organisms, forming a complex spatio-temporal dynamic mosaic [31,44,45]. For example, Wang [46] studied the mixed effects of forest stand attributes and landscape patterns on arthropod communities within a natural poplar forest in Xinjiang, China, and discussed the optimal scale of the response of arthropods to environmental factors within the forest.



The occurrence of pests is usually related to landscape patterns [31,44]. However, landscape research on ALBs remains scarce. Understanding the response of ALB populations to landscape pattern characteristics and forest stand attributes in nature can help devise better ALB ecological control strategies. Our study mainly focuses on three aspects: (1) the influence of landscape patterns on the population of ALBs; (2) the influence of forest site conditions on ALBs; and (3) the discussion of the two aspects above to provide suggestions for forest pest management.




2. Materials and Methods


2.1. Study Regions


The study was conducted in Jiuquan (38°09′~42°48′ N; 92°20′~100°20′ E), in northwestern Gansu Province, China. The climate is semi-desert arid, with an average annual rainfall of 84 mm and average yearly evaporation of 2141.4 mm—27.3 times the rainfall. We selected 11 independent circular landscapes (radius = 500 m) based on remote sensing images; each quarter of the landscape contained one sampling site. The distance between each landscape was more than 5 km to avoid spatial overlaps. We surveyed the broad-leaved trees spread in sampling sites.; the sampling site size was 20 × 30 m2, resulting in 44 sampling sites (Figure 1).




2.2. Surveys


We conducted extensive visual surveys of ALB damage in each landscape with vehicles and on foot from July to August 2019 [47]. In each landscape, we identified the current and recent outbreaks of ALBs as sampling sites according to new emergence holes, fallen leaves and branches, new frass holes, and traces of adult ALBs. We recorded the total number of trees and tree species in sampling sites, randomly chose ten trees within, counted emergence holes and new frass holes in them, and added up their number to calculate the average number of holes per tree as the indicator of the population of ALBs (y) (Figure A1). The tree height (TH), diameter at breast height (DBH), tree crown width (TCW), and the leaf loss rate of selected trees were measured. In addition, all damaged trees were counted to obtain the damage rate in each sample site. Finally, we grouped the data into two categories based on the usage type of the sampling sites (1. farmland shelterbelt, 2. street trees) and measured the distance from all sampling sites to the Beida River (a river across Jiuquan).




2.3. Landscape Metrics and Mapping


Gaofen-1 satellite images were used as source data to build the land-use map. We chose cloud-free images from July–August 2018 (broad-leaved trees are relatively easy to identify in summer). Next, we preprocessed the original Gaofen-1 images in ENVI (Version 5.3, Boulder, CO, USA) to eliminate errors, improve image quality, and perform image fusion and mosaic. Finally, we made a new image with a 2-m resolution to construct the land-use map. Based on ground surveys, we classified the image into five land cover species: water, forest, farmland, human structures (including roads), and bare land (including unused land). The image classification was obtained with eCognition (Veision 8.9, Westminster, CO, USA) using the following parameters: multiresolution segmentation scale parameter, 200; shape, 0.1; compactness, 0.5; water area classification, NDWI ≥ 0.3. The parameters were tested by several rounds of classifications, giving the most appropriate results. Finally, ArcGIS (Version 10.1, Redlands, CO, USA) was used to convert the land-use classification map format.



Landscape metrics were calculated in Fragstats (Version 4.2.1, Amherst, MA, USA) [36]. A total of twenty-two landscape level metrics and seventeen class level metrics were calculated and used as preliminary data to get the correlation matrix separately.




2.4. Data Analysis


All statistical analyses were performed in R (Version 4.0.2, Vienna, Austria) [48]. We used the MASS package [49] to conduct variable selection using a stepwise algorithm, the car package [50] to calculate multicollinearity, the lmerTest package [51] to use the Linear Mixed Model, and the ggplot2 package [52] for plotting.



The main calculation included three sections: (1) the correlation between landscape-level metrics and the population of ALBs; (2) the correlation between class-level metrics and the population of ALBs; (3) the correlation between forest stands attributes and the population of ALBs.



To normalize the population data of ALBs, we performed a logarithmic transformation (log(y + 1)) of the population of ALBs (y), and get (ly) to represent the population of ALBs [43,46,53].



The landscape metrics were filtered according to their correlation (Figure 2). Metrics strongly correlated with other landscape metrics (r > |0.7|) were removed. Only independent and representative landscape metrics were retained. Many metrics are wholly or partially redundant and quantify similar or identical aspects of the landscape pattern. In most cases, the redundant metrics will be highly or even perfectly correlated [54].



The calculation in Section 1 and Section 2 were analyzed using a multivariable linear regression model, and a stepwise regression method was used to filter the variables. We tested the result using quantile-quantile plots and multicollinearity using a Variance Inflation Factor (VIF) [50].



To eliminate the effects of different sampling site types and distance to the Beida River on ALBs, in Calculation Section 3, we used Linear Mixed Model (LMM). All the forest stand attributes were as follows: I. tree height (TH); II. diameter at breast height (DBH); III. tree crown width (TCW); IV. tree abundance (TREEAB); V. tree species diversity (TSD); VI. sample site types (TYPE), 1: farmland shelterbelt, 2: street trees; and VII. distance to the Beida River (DIST), 1. <10 km 2. >10 km. VI and VII are random factors. The Akaike information criterion (AIC) was used to evaluate the models.





3. Results


The total number of trees surveyed in the 11 landscapes was 1892, of which 366 trees were infested with ALBs, with a damage rate of 19.3%. A total of 3568 holes (emergence holes and frass holes) were recorded in this study. Within all landscapes, bare land was the dominant land cover type (Figure 3) and had the most extensive area.



3.1. Correlation of Landscape-Level Metrics and ALBs


In this part, eight landscape metrics were involved in the analysis: NP, LPI, GYRATE_MN, SHAPE_MN, PAFRAC, ENN_MN, IJI, and SHDI. After stepwise regression, non-significant variables were deleted to refit the model. The remaining four variables were LPI (largest patch index), GYRATE_MN (mean radius of gyration), SHAPE_MN (mean shape index), and SHDI (Shannon’s diversity index), model R2 = 0.7873, p = 0.0324 * (Table 1).



The effect of LPI on ALBs was most significant (E = −1.6686, p = 0.0087 **), and the impact of GYRATE_MN on ALBs was highly significantly positive (E = 1.2231, p = 0.0087 *). The impact of SHAPE_MN on ALBs was highly significantly negative (E =−1.96866, p = 0.0153 *), and SHDI had a highly significant negative correlation on ALBs (E = −2.1956, p = 0.0187 *) (Table 1).




3.2. Correlation of Class-Level Metrics and ALBs


All land cover metrics were analyzed separately. Only forest class metrics were statistically significant. LPI, LSI, AREA_MN, GYRATE_MN, SHAPE_MN, ENN_MN, IJI, and AI were selected to participate in the multiple regression fitting. After stepwise regression, the insignificant variables were removed and fitted again, resulting in the remaining two variables, LPI and AI (aggregation index); p = 0.02615 *, Adj-R2 = 0.4973 (Table 1).



LPI had a significant positive correlation with ALBs (E = −0.5809, p = 0.0206 *), and AI had a significant negative correlation with ALBs (E = 0.652, p = 0.0121 *).




3.3. Correlation of Forests Stand Attributes and ALBs


The results of the LMM showed that TH and TREEAB in forest stand attributes were significantly correlated with the population of ALBs. TH was significantly positively correlated with the population of ALBs, and TREEAB was highly significantly negatively correlated with the population of ALBs. Among all models, Model 6 had the smallest AIC value and fitted the best (Table 2).



LMMs also showed that two random factors influenced the model fitness. The fitted regression lines of ly with TH and TREEAB have different slopes within different DIST and TYPE (Figure 4). Still, neither random factor passed the significance test (all random factors’ p-values > 0.05).





4. Discussion


4.1. Landscape-Level Matrices and ALBs


Among the landscape-level metrics, those that impact the population of ALBs are mainly focused on the percentage of the landscape covered by the largest patch in the landscape, patch shape, patch continuity, and patch richness.



The value of largest patch index (LPI) showed a highly significant negative correlation with the population of ALBs, mainly because the bare ground was the largest landscape type in this study in terms of area and number of patches (Figure 3). Such conditions result in reduced resources available to adult ALBs within the landscape, requiring migration to survive and reproduce. Adult ALBs are weak in flight [55], and need stepping stones to be able to fly farther. When the bare ground was the dominant patch type in the landscape, the lack of vegetation, trees, shade, and habitat increased the cost of finding new habitats for ALBs, increased mortality, and limited populations due to habitat size [56,57].



The mean radius of gyration (GYRATE_MN) was significantly positively correlated with the population of ALBs, and Shannon’s diversity index (SHDI) was significantly negatively correlated with the population of ALBs. One of these metrics represents the continuity of landscape patches, and the other represents the richness and evenness of landscape patches. Both metrics reflect the degree of fragmentation of the landscape. Ecologists have widely demonstrated the fragmentation of patches and reduced landscape connectivity to be a significant cause of biodiversity loss [40,58,59]. GYRATE_MN is an index that reflects landscape continuity and can be described as the average distance an organism moves from a random starting point in a patch in a random direction without leaving the patch. Ecologically, the extent of a patch is considered more important relative to the area of the patch [36]. The extent of the patch is usually associated with continuity as a measure of the extensiveness of the habitat, and continuity is a vital element of landscape structure [36,60]. ALBs would have more opportunities to fly and disperse in patches with good continuity to find suitable hosts to complete the life cycle. Patches function as stepping stones for ALBs, allowing them to fly longer distances. Moreover, the greater the patch extension, the greater the probability that it would be adjacent to other patches in the landscape, thus increasing dispersal success.



The SHDI index represents landscape heterogeneity [40]. Patch fragmentation strongly influences landscape heterogeneity, increasing patch spacing, reducing patch size, and decreasing available resources. This strongly affects population dynamics in the landscape and increases the risk of extinction [61]. A study by Slattery [62] found that agricultural expansion areas caused forest landscapes to become fragmented, with patches less aggregated, more complex in shape, and with longer edges negatively affecting the meiofauna that settled in the forest. The same situation occurred in our study area. With increased fragmentation and expansion of farming, the number of trees in the landscape became smaller and small patches of forests were randomly distributed and unconnected. Longer habitat distances would make it more difficult for ALBs to spread. Therefore, the fragmentation of patches and the reduction in connectivity brought about by abundant land use can directly affect the population size of ALBs. However, this effect is not specific to ALBs; it also negatively impacts other forest-dwelling organisms.



In terms of landscape shape, mean shape index (SHAPE_MN) negatively correlated with the number of ALBs. This index relates to the complexity of the shape of patches within the landscape. The higher the value, the more complex the patches’ shape. It is generally accepted in ecology that the shape of landscape patches significantly impacts the migration of animals, plants, and materials to and from the landscape. Stamps [63] concluded that patch shape affects animal migration when a boundary’s contrast is low (i.e., the landscape is traversable). Colling et al. [64] similarly found this issue in their study of ground-dwelling beetles, where landscape shape significantly influenced the behavior of ground-dwelling beetles crossing patches when the landscape boundary was traversable. In a study of the effects of urban green space landscapes on insect densities in Beijing, Su [65] found that the degree of irregularity in the shape of green space patches led to an increase in habitat edge effects, which, in turn, exacerbated species disturbance in the habitat and negatively affected insect densities. In our study, because of the flight capabilities of ALBs, we considered the landscapes in our research to be traversable. Our conclusion was consistent with Su’s that landscapes with high SHAPE_MN had lower populations of ALBs. We speculated that a complex landscape shape exposes ALBs to more disturbances, such as pesticide use, predator predation (elevated predator abundance and predation rates in border areas), or loss of habitat due to the severe damage that would cause nearby villagers to cut down trees [66].




4.2. Forest Patch Metrics and ALBs


The largest patch percentage of forest patches at the class level inhibits the population of ALBs, which may be due to the following reasons: 1. a large homogeneous forest patch has more trees and species in its ecosystem. Such an ecosystem is more stable and has better biodiversity and forest pest resistance than a small, fragmented forest patch. 2. The tree species in our study’s large homogeneous forest patches were dominated by Populus alba var. pyramidalis. In contrast, the other small, fragmented forest patches were sheltered forests planted in the 1970s during the implementation of the Three-North Shelterbelts Forest Program, with Populus gansuensis left around the farmland after decades of damage by ALBs. Plenty of research demonstrated that Populus alba var. pyramidalis was highly resistant to ALBs [6].



The degree of patch aggregation was significantly and positively correlated with the population of ALBs, consistent with our findings at the landscape level that the degree of aggregation of fragmented forest patches can dramatically affect the dispersal of adult ALBs in the landscape. The closer the non-adjacent forest patches were to each other, the easier it was for adult ALBs to complete their life cycle by flying to new hosts.




4.3. Forest Stand Attributes and ALBs


We discussed the effects of the two random factors for forest stand attributes and ALBs separately. Firstly, in both the tree height (TH) and tree abundance (TREEAB) linear regression models (Figure 4b,d), the slope is higher for models >10 km. This may be because of the arid climatic conditions, and trees grew poorly in areas far from the water source. However, the reasons for this may be more complex than we expect, considering a range of biotic and abiotic factors such as soil, climate, and topography. Moreover, there was no difference in linear regression models of the TH between farmland shelterbelt and street trees. However, the slopes differed significantly in TREEAB. We suggest that the random factors impact the population of ALBs, and due to the multiple factors, the precise reason for this phenomenon remains a gap. We will continue our research about these random factors.



For tree height, few were found in the literature on the relationship between tree height and pest population size. In our study, we found tree height to be a vital predictor of the population of ALBs, and this phenomenon was more pronounced in landscapes further away from the water area (Figure 4a). Wang [67] described the relationship between biomass and tree height, and believes that small-scale accurate tree height data should be used instead of large-scale average height data when predicting forest biomass. Small-scale precise tree heights were positively correlated with forest biomass. Hui et al. [68] also found a significant correlation between tree height and biomass level in their study of the relationship between forest biomass and tree productivity. Our conclusions would make this point even more well-founded.



In terms of tree abundance, it had a suppressive effect on the population of ALBs. Combined with the field survey, we believe that this result was consistent with the results in Section 3.2. The higher the total number of trees, the more stable its ecosystem. We suggest that landscape and ecology research about invasive pests such as ALB should consider forest stand attributes.





5. Conclusions


We used remote sensing and field survey data along with stepwise regression models and LMM models to calculate the relationship between landscape patterns and the population of Asian longhorned beetles. This is the first study on the ecological relationship between landscape patterns and ALBs. At the same time, our research also supplements the landscape pattern research of forest borer pests. Such research is currently very scarce. We found that overall landscape patch connectivity, fragmentation, edge complexity, and the degree of aggregation and size of forest patches all significantly affected ALBs. The results represent the forest patch level and the landscape level from small-scale to large-scale. Our conclusions serve as a suitable warning for modern societies, where natural ecosystems are increasingly fragmented and diminished; policymakers should control agricultural sprawl to protect biodiversity. Our findings also explain the regularity of the population of ALBs from the landscape ecology perspective, reveal the characteristics of forests in susceptible regions, and provide essential knowledge for the prevention and early detection of ALBs.
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Figure A1. The population data of ALBs in each landscape from L1-L11(landscape 1–landscape 11). y (the average number of emergence holes and frass holes in each landscape). 






Figure A1. The population data of ALBs in each landscape from L1-L11(landscape 1–landscape 11). y (the average number of emergence holes and frass holes in each landscape).
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Figure 1. Study area in northwestern Gansu, China. (a) Eleven circular landscapes with a 500 m radius in Jiuquan. (b) Example locations of four sampling sites in landscape2 (L2). 
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Figure 2. Correlation matrix for landscape metrics, using the landscape level as an example. 
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Figure 3. Area of each land cover in hectares. CA (total class area, ha), L1-L11 (landscape 1–landscape 11). 
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Figure 4. ALBs’ population data were categorized according to sampling sites and fitted with TH and TREEAB separately; (a,c) showed the influence of the distance to the Beida River, (b,d) showed the influence of the forest type. 
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Table 1. The significance of the landscape metrics involved in the multiple regression and the degree of model fit (significance: * p < 0.05, ** p < 0.01).
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Landscape Level

	

	

	

	

	






	
Variable

	
Estimate

	
p-Value

	
R2 (Model)

	
Adj-R2 (Model)

	
p-Value (Model)




	
LPI

	
−1.6686

	
0.0087 **

	
0.7873

	
0.6455

	
0.0324 *




	
GYRATE_MN

	
1.2231

	
0.0087 *




	
SHAPE_MN

	
−1.9686

	
0.0153 *




	
SHDI

	
−2.1956

	
0.0187 *




	
Class Level: Forest

	

	

	

	

	




	
LPI

	
−0.5809

	
0.0206 *

	
0.5979

	
0.4973

	
0.0262 *




	
AI

	
0.6520

	
0.0121 *
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Table 2. The variables used in LMM models, their significance, and the ranking of all models using the Akaike information criterion (AIC) values (from largest to smallest). I. Tree height (TH); II. diameter at breast height (DBH); III. tree crown width (TCW); IV. tree abundance (TREEAB); V. tree species diversity (TSD); VI. sample site types (1|TYPE), 1: farmland shelterbelt, 2: street trees; and VII. distance to the Beida River (1|DIST), 1: <10 km 2: >10 km (significance: * p < 0.05, ** p < 0.01).
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Model

	

	

	

	

	

	

	

	
AIC






	
Model 1

	
TH

	
DBH

	
TCW

	
TREEAB

	
TSD

	
(1|TYPE)

	
(1|DIST)

	
165.4574




	
p-value

	
0.0701

	

	

	
0.0095 **

	

	

	




	
Estimate

	
0.1225

	

	

	
−0.0145

	

	

	




	
Model 2

	
TH

	
DBH

	
TCW

	
TREEAB

	
TSD

	
(1|TYPE)

	

	
163.5127




	
p-value

	
0.0465 *

	

	

	
0.0083 **

	

	

	




	
Estimate

	
0.1312

	

	

	
−0.0148

	

	

	




	
Model 3

	
TH

	
DBH

	
TCW

	
TREEAB

	
TSD

	

	
(1| DIST)

	
163.4574




	
p-value

	
0.0701

	

	

	
0.0095 **

	

	

	




	
Estimate

	
0.1225

	

	

	
−0.0145

	

	

	




	
Model 4

	
TH

	

	

	
TREEAB

	

	
(1|TYPE)

	
(1|DIST)

	
153.5881




	
p-value

	
0.0490 *

	

	

	
0.0011 **

	

	

	




	
Estimate

	
0.0966

	

	

	
−0.0147

	

	

	




	
Model 5

	
TH

	

	

	
TREEAB

	

	
(1|TYPE)

	

	




	
p-value

	
0.0498 *

	

	

	
0.0014 **

	

	

	

	
151.8876




	
Estimate

	
0.0976

	

	

	
−0.0145

	

	

	

	




	
Model 6

	
TH

	

	

	
TREEAB

	

	

	
(1|DIST)

	
151.5881




	
p-value

	
0.0490*

	

	

	
0.0011 **

	

	

	




	
Estimate

	
0.0966

	

	

	
−0.0147
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