
 

 

 

P
R

IF
Y

S
G

O
L

 B
A

N
G

O
R

 /
 B

A
N

G
O

R
 U

N
IV

E
R

S
IT

Y
 

 

Differential effects of vegetation and climate on termite diversity and
damage
Wu, Donghau; Seibold, Sebastian; Ellwood, M. D. Farnon; Chu, Chengjin

Journal of Applied Ecology

DOI:
10.1111/1365-2664.14282

Published: 01/12/2022

Peer reviewed version

Cyswllt i'r cyhoeddiad / Link to publication

Dyfyniad o'r fersiwn a gyhoeddwyd / Citation for published version (APA):
Wu, D., Seibold, S., Ellwood, M. D. F., & Chu, C. (2022). Differential effects of vegetation and
climate on termite diversity and damage. Journal of Applied Ecology, 59(12), 2922-2935.
https://doi.org/10.1111/1365-2664.14282

Hawliau Cyffredinol / General rights
Copyright and moral rights for the publications made accessible in the public portal are retained by the authors and/or
other copyright owners and it is a condition of accessing publications that users recognise and abide by the legal
requirements associated with these rights.

            • Users may download and print one copy of any publication from the public portal for the purpose of private
study or research.
            • You may not further distribute the material or use it for any profit-making activity or commercial gain
            • You may freely distribute the URL identifying the publication in the public portal ?

Take down policy
If you believe that this document breaches copyright please contact us providing details, and we will remove access to
the work immediately and investigate your claim.

 10. Apr. 2024

https://doi.org/10.1111/1365-2664.14282
https://research.bangor.ac.uk/portal/en/researchoutputs/differential-effects-of-vegetation-and-climate-on-termite-diversity-and-damage(a2566ffa-6d11-4e98-a1f1-e7da826f831f).html
https://research.bangor.ac.uk/portal/en/researchers/farnon-ellwood(3891aa40-0db5-4a59-9ac9-e580b3b1e99a).html
https://research.bangor.ac.uk/portal/en/researchoutputs/differential-effects-of-vegetation-and-climate-on-termite-diversity-and-damage(a2566ffa-6d11-4e98-a1f1-e7da826f831f).html
https://research.bangor.ac.uk/portal/en/researchoutputs/differential-effects-of-vegetation-and-climate-on-termite-diversity-and-damage(a2566ffa-6d11-4e98-a1f1-e7da826f831f).html
https://doi.org/10.1111/1365-2664.14282


  
 

1 
 

Differential effects of vegetation and climate on termite diversity and damage 1 

Donghao Wu,1 Sebastian Seibold,2,3 M. D. Farnon Ellwood,4 Chengjin Chu1* 2 

1School of Ecology, Sun Yat-sen University, Guangzhou, China 3 

2Ecosystem Dynamics and Forest Management Group, Department of Ecology and 4 

Ecosystem Management, Technical University of Munich, Freising, Germany 5 

3Berchtesgaden National Park, Berchtesgaden, Germany 6 

4School of Natural Sciences, Bangor University, Bangor, Gwynedd, LL57 2DG, United 7 

Kingdom 8 

*Corresponding author. Email: chuchjin@mail.sysu.edu.cn 9 

  10 



2 
 

Abstract 11 

1. Species diversity shapes ecosystem services, yet few studies have investigated the 12 

relationship between species diversity and infrastructure damage, for guiding pest 13 

management more effectively. It is not clear that which proportion of species 14 

diversity (total/functional-dominant/common/rare) contributes most to infrastructure 15 

damage and how biodiversity effect interacts with environmental factors. 16 

2. We correlated termite species richness with termite infestation throughout 83 cities in 17 

Zhejiang Province, eastern China. Species was classified as wood-feeder or not, and 18 

as common or rare based on distributional range. We analyzed the relative 19 

contributions and the direct/indirect effect of climate, vegetation and anthropogenic 20 

activities on four metrics (total/wood-feeder/common/rare) of termite species richness 21 

and damage level of eight infrastructure types that distributed in populated and 22 

remote areas. 23 

3. Common species, with preferences for deciduous vegetation, caused more damage to 24 

the infrastructure of densely populated area. Rare species, with preferences for 25 

evergreen vegetation, caused more damage in sparsely populated area. While 26 

increasing population density favored common against rare species richness, 27 

reforestation activities promoted rare but decreased common species richness. 28 

4. Whilst vegetation was the main driver of termite damage via affecting common 29 

species richness in densely populated area, climate was the main and direct driver of 30 

rare species richness and damage in sparsely populated area. Notably, rare species 31 

richness and infrastructure damage at remote areas were higher in cities of higher 32 

drought risk and maximum elevation. 33 
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5. Synthesis and applications. Our study reveals that managing vegetation, such as 34 

increasing evergreen proportions, can sustainably suppress common termites and 35 

infrastructure damage in populated area. Meanwhile, future climate change would not 36 

only threaten rare species richness but increase infrastructure damage in remote area, 37 

thus more frequent inspections will be necessary. 38 

Keywords: termites, pest damage, biodiversity conservation, biodiversity and ecosystem 39 

functioning, climate, vegetation, anthropogenic activities 40 
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Introduction 42 

Species diversity is directly responsible for many ecosystem processes and services 43 

(Tilman et al., 2014). Very few studies have considered the relationship between species 44 

diversity and damage, even though this ecosystem process causes considerable socio-45 

economic losses globally like damaging infrastructures (Diagne et al., 2021). A major 46 

problem is that, although pest diversity correlates with damage levels at the local scale 47 

(Dangles et al., 2009), this relationship cannot be extrapolated reliably to the regional 48 

scales at which governments typically plan control measures (Lustig et al., 2019). 49 

Moreover, control measures applied at regional scales, such as widespread pesticide 50 

spraying, are highly problematic. For example, agricultural pesticides have caused ~42% 51 

loss of stream invertebrate diversity in Europe and Australia (Beketov et al., 2013). We 52 

must understand the scaling relationships between species diversity and damage at 53 

regional scales before we can develop a more targeted and sustainable approach to global 54 

pest control. 55 

Firstly, we must establish the relationship between species diversity and damage. A major 56 

question is whether total or a specific group contribute more to ecosystem functioning. 57 

The positive ‘biodiversity-ecosystem functioning’ (BEF) relationship is generally due to 58 

the complementarity or selection effect of biodiversity (Tilman et al., 2014). Therefore, 59 

when complementarity effect dominates, one could expect that the increase of total 60 

species richness could enhance ecosystem functions. When selection effect dominates, 61 

the increase of species richness of functionally dominant species could be more important 62 

for driving ecosystem functions. In addition, it is also suggested that common and rare 63 

species diversity could be both important for driving ecosystem functions (Mateo-Tomás 64 
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et al., 2017). The mass-ratio hypothesis suggests that common species, with their superior 65 

abundance, biomass or range sizes, exert greater impacts on functioning (Grime, 1998). 66 

However, communities of rare species, which include multiple unique and possibly 67 

keystone species, may also contribute disproportionately to ecosystem functions (Lyons 68 

et al., 2005). Moreover, rare species, at greater risk of extinction (Seibold et al., 2019), 69 

are more likely to impact ecosystem functioning. It therefore makes sense to compare the 70 

relative contributions of common and rare species to the amount of damage, in addition 71 

to that of total species richness and functionally important species richness. 72 

Secondly, if there is a link between species diversity and damage, we must establish the 73 

relationship between species diversity and the environment. While it might be hard to 74 

predict how the whole communities or functionally important species respond to 75 

environmental changes, common and rare species seems to diverge in response. 76 

Population declines are often caused by climate change (Enquist et al., 2019), vegetation 77 

degradation (Sekercioglu & Sodhi, 2007) and anthropogenic activities (Harrison et al., 78 

2019). Interestingly, climate change seems not to have consistent effects on the 79 

distribution and population sizes of common and widely-distributed pests; instead it leads 80 

to complex outcomes depending on species identity and physiological characteristics 81 

(Lehmann et al., 2020). Nevertheless, climate warming could lead to phenological 82 

changes that favor the persistence and population growth of common pests by expanding 83 

overwintering ranges (Ma et al., 2021). Vegetation degradation (Guo et al., 2019) and 84 

anthropogenic activities such as land-use intensification (Seibold et al., 2019) tend to 85 

favor generalist species over specialists. As a result of predation release (Portela & Dirzo, 86 

2020) and changes in available resources (Filgueiras et al., 2021), some generalists 87 
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eventually become pest species. It therefore remains unclear whether vegetation, 88 

anthropogenic activities or climate will have the greatest impacts on pest diversity, and 89 

whether vegetation and anthropogenic activities will have different impacts on different 90 

proportions of pest diversity, such as common and rare. 91 

Thanks to their diversity, global distribution and economic importance, termites (Insecta: 92 

Isoptera) are an ideal model. Termites are eusocial insects, ubiquitous throughout tropical 93 

and subtropical regions (Cerezer et al., 2020). Of the world’s ~3,000 extant species, 371 94 

have been reported as destructive, 104 species are considered serious pests (Krishna et 95 

al., 2013), and there are 28 globally invasive species (Evans et al., 2013). A diet of wood 96 

combined with their tunneling behavior means that termite species cause global losses of 97 

15-40 billion dollars per year (Govorushko, 2019). Termites contribute to the widespread 98 

damage of different properties, including social and economic infrastructures such as 99 

buildings, dams, roads and power supplies. Therefore, it is important to know which 100 

proportion of termite diversity (total/wood-feeder/common/rare) contributes the most to 101 

infrastructure damage and to know its environmental drivers. 102 

We asked three questions: 1) how does different metrics of termite species richness 103 

respond to climate, vegetation and anthropogenic activities? 2) is termite species richness 104 

a better predictor of infrastructure damage than environmental factors? And which 105 

richness metric is the best predictor of infrastructure damage? 3) do climate, vegetation 106 

and anthropogenic activities affect termite damage directly, or indirectly by influencing 107 

termite species richness? To answer these questions, we compiled the first dataset linking 108 

termite species richness (63 species in total) with termite infestation for eight different 109 
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types of infrastructure in populated and remote areas, spanning 83 cities in Zhejiang 110 

Province, eastern China (Figure 1). We realized that there was a change of land-use 111 

intensity from remote (or natural) to densely populated areas within each city, where 112 

community composition, assembly rule and ecosystem function/services would be 113 

significantly different (Filgueiras et al., 2021). Therefore, we selected four infrastructure 114 

types in both populated and remote areas to test if termite species richness and 115 

environmental drivers would have different effects (i.e. relative contributions and 116 

direction of effects) on infrastructure damage in populated vs. remotes areas. 117 

Materials and Methods 118 

Study region 119 

Zhejiang Province, located in eastern China, covers an area of 105,500 km2 (Fig. 1a). The 120 

population size reaches 50,690,000 in 2020. In total there are 83 ‘city’ units in Zhejiang, 121 

some of which consist of multiple districts per administrative city and others of which are 122 

counties with comparative and even larger administrative area (Fig. 1b). City area ranges 123 

from 86 to 4452 km2. The climate is typical for subtropical monsoon regions. Mean 124 

annual temperature is 16-19°C and mean annual precipitation is 1200-1800mm. With an 125 

elevational range between 0 and 1921 m a.s.l., Zhejiang province is mostly mountainous 126 

(rugged terrain covers 70.4% of the land area; see Fig. 1c) and forested (covering 61.17% 127 

of the land area). 128 

Termite diversity and damage level 129 

Since 1998, the urgent need for termite control led to a province-wide systematic 130 

investigation of termite taxonomy and distribution in Zhejiang. Transect methods, 131 
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subterranean and arboreal nest sampling were combined to fully determine termite 132 

species composition. The sampling among cities did not follow a standardized approach, 133 

e.g. fixed number and area of searching effort at the same time period (season; weather). 134 

Instead, termite control station per city tried to sample the fullest number of termite 135 

species by visiting both natural and disturbed habitats as many as possible from 1998 to 136 

2014. Therefore, species richness might not be comparable from the perspective of fixed 137 

sampling effort. However, it is reasonable for us to believe that the majority of species 138 

occurring in each city has been documented. In 2015, termite species composition for 139 

each city was reported (Song, 2015). See Table S1 for detailed information (e.g. pest 140 

status and feeding type) of each species. As city area varies substantially, we used 141 

adjusted species richness (or species density) to control for the influence of city area 142 

using the equation 𝐷𝐷 = 𝑆𝑆 𝑙𝑙𝑙𝑙(𝐴𝐴)⁄ , where S is the total species richness for a given city, 143 

and A is city area (Qian et al., 2021). The one-quarter rule, i.e. the first quarter of range 144 

size or abundance ranking among species, is often used as the threshold for classifying 145 

common (> threshold) and rare (< threshold) species (Gaston, 1994). However, since 146 

63/4≈16 species would be defined as rare species but there were 24 species only occurred 147 

in one city (Table S1), it was impossible to differentiate common and rare termites by the 148 

one-quarter rule. We calculated the proportion of cities in which termites occurred, and 149 

from this we defined five thresholds of occupancy (i.e. 0.5, 0.25, 0.1, 0.05, 0.025), which 150 

we then used to classify each species as common (> threshold) or rare (< threshold) 151 

species. The sum of these common and rare species gave the total species richness per 152 

group for each city. Seven species were reported to be major pest species (Krishna et al., 153 

2013; H. Li et al., 2010), with five species (Reticulitermes flaviceps, Coptotermes 154 
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formosanus, Odontotermes formosanus, Macrotermes barneyi, R. chinensis) as the most 155 

common ones in Zhejiang Province (Table S1). 156 

Meanwhile, eight types of infrastructures were inspected by termite control stations 157 

during 1998-2014 for termite infestation, including urban and rural buildings, green space 158 

(i.e. roadside trees and city parks) and sea walls in densely populated area, and also 159 

including ancient buildings, large-old trees (including scattered trees in rural area and 160 

clustered trees in forests), reservoir dams, and agroforests (i.e. orchards and commercial 161 

forests) in sparsely populated (or remote) area. An inspection unit was defined as an 162 

individual (e.g. building, large-old tree and reservoir dam), a section (sea wall; 1km) or a 163 

patch (green space and agroforest; 100m2). At least 20 units for each type of 164 

infrastructure per city were selected in different locations so as to assess termite damage 165 

at city-level each year (Hu et al., 2017). Each unit was investigated via observation, 166 

baiting and detector to find the following signs of termite activities: 1) occurrence of 167 

termite workers/soldiers; 2) termite nest; 3) destruction (feeding marks) caused by 168 

termites; 4) occurrence of symbiotic fungi (Termitomyces); 5) soil sheeting and tube built 169 

by termites. If one of these signs was found, the inspection unit would be defined as 170 

‘infested’; otherwise as ‘safe’. The city-level damage level of a specific infrastructure 171 

was defined as the ratio between the number of infested units and the number of total 172 

units under inspection. The average damage level for each specific type of infrastructure 173 

during 1998-2014 was used for analysis. 174 

We realized that the ‘damage’ metric in our study is indeed occupancy. Therefore, we 175 

tested the linear relationship between each of eight termite occupancy metrics with true 176 
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damage metric for houses (i.e. the actual area of infested houses/apartments versus the 177 

total area under inspection). We found that three occupancy metrics in populated areas, 178 

including urban buildings, rural buildings and green space, was significantly and 179 

positively correlated with the true damage metric for houses, but other infrastructures 180 

showed no correlations (Fig. S1). Therefore, we believed that the occupancy metrics were 181 

robust enough to reflect termite damage under different scenarios, e.g. in populated vs. 182 

remote areas. 183 

Environmental variables 184 

A total of 33 environmental variables, averaged across 2001-2014, were included for 185 

analyses (see Table S2 for detailed descriptions). Sixteen climate variables were extracted 186 

from ClimateAP, an application for dynamic local downscaling (1km×1km for our study) 187 

of historical climate data in the Asia Pacific region (T. Wang et al., 2017). 188 

Ten vegetation variables were compiled from three databases. The first database provided 189 

the tree canopy cover for 2000, forest cover gain during 2000-2012 and forest cover loss 190 

during 2000-2020 based on global Landsat data at a 30m×30m resolution (Hansen et al., 191 

2013). The second database was extracted from the Moderate Resolution Imaging 192 

Spectroradiometer (MODIS) at monthly intervals and 1km×1km resolution (Didan, 193 

2015). Both the Normalized Difference Vegetation Index (NDVI) and Enhanced 194 

Vegetation Index (EVI) per month were extracted. Since the two indices were lowest in 195 

January and February but highest in August and September, we calculated the difference 196 

between lowest and highest vegetation index as deciduousness (NDVI.deci and 197 

EVI.deci). This approach has been proven to be a robust estimate of deciduousness 198 
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(Buitenwerf & Higgins, 2016). Evergreenness was calculcated as the highest vegetation 199 

index since the zonal mature vegetation in Zhejiang Province is mainly subtropical 200 

evergreen broad-leaved forest (Wu et al., 2017). The third database was extracted from 201 

the MODIS Land Cover Type per year at 0.5km×0.5km resolution (Friedl & Sulla-202 

Menashe, 2019). The percent cover of forest was calculated using Arcgis 10.2.2 (ESRI, 203 

2014). The average value of forest patch size and gyration radius per city was calculated 204 

using FRAGSTATS v4 (McGarigal et al., 2012). 205 

Seven anthropogenic variables were compiled. The percent cover of urban area and crop 206 

area was extracted from the MODIS Land Cover Type database. The calibrated version 207 

of annual nighttime light intensity at 1km×1km resolution were used (X. Li & Zhou, 208 

2017). The Gross Domestic Product per capita (GDPper; total GDP divided by 209 

population) and population density (total human population divided by city area) was 210 

compiled from the statistical yearbook of each city. The cumulative sum of reforestation 211 

area was extracted from the China Forestry Statistical Yearbook (National Forestry 212 

Administration, 2015). The city history (i.e. age since establishment) was compiled from 213 

historical documents. 214 

Topography was extracted from the ASTER Global Digital Elevation Model at 30m×30m 215 

resolution (NASA/METI/AIST/Japan Spacesystems and U.S./Japan ASTER Science 216 

Team, 2019). The average, maximum and range of elevation as well as the ratio of 217 

surface to horizontal area was calculated using Arcgis 10.2.2.  218 

Principal Component Analysis (PCA) showed that the first three principal components 219 

explained 95.6% variation of climatic variables (n = 16), 89.8% of vegetation variables (n 220 
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= 10) and 89.7% of anthropogenic variables (n = 7). We excluded topography from the 221 

analysis because topography was highly correlated (r > 0.7) with many environmental 222 

variables (Fig. S2; see Fig. S3 for correlation matrix among PCAs), especially vegetation 223 

and anthropogenic activities. However, the bivariate relationship of topographic variable 224 

with termite species richness and infrastructure damage was reported. 225 

Statistical analysis 226 

All statistical analyses were carried out using R 4.1.1 software (R Core Team, 2021). The 227 

percentage of termite damage and some predictors (see Table S2) were Ln-transformed to 228 

achieve normality. Principal Component Analysis (PCA) was used to extract the first 229 

three main components for climate, vegetation and anthropogenic activities with the R 230 

package ‘vegan’ (Oksanen et al., 2018). See Table S3-S6 for the correlation between 231 

PCA and specific predictors. Since PCA could only be compared for the relative 232 

importance but give little biological and ecological information, we preselected nine 233 

variables from 33 predictors based on 4 criteria: 1) three variables for each group 234 

(climate/vegetation/anthropogenic); 2) containing the variable(s) which is(are) the most 235 

correlated with response (species richness and damage); 3) low multicollinearity (r < 236 

0.07) and variation inflation (VIF < 4) for multiple linear regression analyses; 4) 237 

biologically and ecologically related to termites. For climate, climatic moisture deficit 238 

(CMD), Hargreaves reference evapotranspiration (Eref) and number of frost-free days 239 

(NFFD) were selected; for vegetation, evergreenness (NDVI), deciduousness 240 

(NDVI.deci) and forest patch size were selected; for anthropogenic activities, we selected 241 

the cover of crop field, the cumulative sum of reforestation area during 1998-2014, and 242 

city history. These nine variables would be used to conduct the following analyses for 243 
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capturing the directions (positive vs. negative) of effects, rather than comparing their 244 

relative importance. 245 

Spatial simultaneous autoregressive error models (SARs) were used to remove the spatial 246 

autocorrelation of adjusted species richness and Ln-transformed damage level (Kissling 247 

& Carl, 2008). SARs were fitted using the R package ‘spdep’ (Bivand & Wong, 2018). 248 

We first fitted the SARs models without any predictors but an intercept. Then, we 249 

extracted the residuals of fitted values of response, through which the spatial 250 

autocorrelation component was removed. Finally, we used the residuals as the new 251 

response variable for multiple linear model analyses (Belmaker & Jetz, 2011). The spatial 252 

weight matrices of the SARs were calculated with the nearest polygon neighbor and a 253 

row-standardized coding style. We didn’t use SARs models to compare the effects of 254 

predictors because no available packages could decompose the R2 of SARs models. We 255 

thus used a ‘LMG’ approach to yield ‘natural’ decompositions of the model R2 in 256 

multiple linear regression models to evaluate the relative importance of each predictor 257 

with the R package ‘relaimpo’ (Grömping, 2007). These analyses were conducted for the 258 

first and second hypotheses. For the second hypothesis, we selected the termite diversity 259 

predictor that contributed to the highest model R2 for each infrastructure type. Given that 260 

Vegetation.PCA1 and Anthropogenic.PCA1 were highly correlated (r = 0.795, p < 261 

0.001), we divided our analyses into two models by excluding either one variable, while 262 

predictors other than Vegetation.PCA1 and Anthropogenic.PCA1 were repeated in both 263 

models. The mean and standard error of the relative importance and R2 of two models 264 

were used for reporting results. 265 
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As the complement, we also included analyses with city area as one of predictors and 266 

unadjusted (or the raw) species richness and termite damage without transformation as 267 

response. We used the generalized linear mixed effect model with penalized quasi-268 

likelihood approach (glmmPQL) from the R package ‘MASS’ (Venables & Ripley, 2002) 269 

to fit the relationship tested. Quasi-poisson (allowing overdispersion) and binomial error 270 

was used for richness and damage data, respectively. The upper administrative level (i.e. 271 

some cities of the same administrative region) was treated as random effect. Moreover, 272 

the spatial autocorrelation structure could be included by assuming a spatial correlation 273 

structure (e.g. spherical) with spatial coordinate of city centroid as input. Given that city 274 

area was highly correlated with some predictors, e.g. Climate.PCA3, Vegetation.PCA1 275 

and Anthropogenic.PCA1, we used a similar approach to multiple linear regression 276 

model analyses by averaging models with only each of correlated predictors. The r2beta 277 

function of R package ‘r2glmm’ (Jaeger et al., 2017) was used to separate the relative 278 

contribution. 279 

For the third hypothesis, we constructed piecewise structural equation models to 280 

decompose the direct and indirect (via altering termite diversity) effects of environmental 281 

predictors on infrastructure damage with the R package ‘piecewiseSEM’ (Lefcheck, 282 

2016). The termite diversity variable used was the same as for hypothesis 2. Shipley’s d‐283 

separation test was used to evaluate model fit through the Fisher's C statistic and χ2‐based 284 

p‐value (Shipley, 2013). We refined the initial model by dropping non-significant links, 285 

starting with the least significant and continuing stepwise until the decrease in AICc (i.e. 286 

ΔAICc) associated with dropping one step was less than 2 units. We did not use the 287 

spatially explicit SEM because the only available package ‘sesem’ (Lamb et al., 2014) is 288 
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designed for point- rather than polygon-neighbors. We analyzed the original variables 289 

without removing spatial components. The piecewise SEM results should therefore be 290 

interpreted qualitatively by focusing only on whether there were direct or indirect effects 291 

of environmental predictors. 292 

Results 293 

Sixteen-three species were found in Zhejiang Province, with 8.37 ± 4.80 (mean ± SE) 294 

species found per city. The damage level for the eight types of infrastructures across 295 

cities was: 13.2 ± 12.4% (urban building); 16.2 ± 16.9% (rural building); 26.4 ± 22.6% 296 

(green space); 21.5 ± 19.7% (sea wall); 40.0 ± 26.3% (ancient building); 33.3 ± 25.9% 297 

(large-old tree); 18.6 ± 15.9% (agroforest); 47.2 ± 27.4% (reservoir). 298 

Drivers of termite species richness 299 

Both total species richness and wood-feeder species richness was predominantly driven 300 

by climate, with Eref and forest patch size showing positive effects (Fig. 2a, 2g). 301 

Vegetation, followed by anthropogenic activities, explained most of the variation in 302 

common species richness for the first three thresholds (0.5, 0.25, 0.1; see Fig. 2b-2d). At 303 

lower threshold values, where relatively more species were classified as common, climate 304 

was most closely correlated with common species richness for the latter two thresholds 305 

(0.05, 0.025; see Fig. 2e, 2f). In the case of rare termites, climate was most closely 306 

correlated with species richness across all five thresholds (Fig. 2h-2l), with Eref showing 307 

significantly positive correlation with rare species richness (Table S7). Similar patterns 308 

were found for the results of generalized linear mixed models of unadjusted species 309 

richness (Fig. S4). Notably, common and rare species richness responded differently to 310 
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several vegetation and anthropogenic factors. For instance, common species richness 311 

responded negatively to evergreenness (NDVI), whereas rare species richness responded 312 

negatively to deciduousness (NDVI.deci; Fig. 2 and Table S7). Furthermore, reforestation 313 

reduced the diversity of common termites, but it increased rare species richness. 314 

Increasing human population density increased the species richness of common termites 315 

but reduced the diversity of rare termites. Finally, forest patch size had positive effects 316 

for both common and rare species richness. Topography was not the best predictor of 317 

termite species richness, except that rare species richness of the ‘0.05’ and ‘0.025’ 318 

threshold was best and positively predicted by the maximum elevation (Table S7). 319 

Drivers of termite damage 320 

Based on Pearson correlation analysis between species richness metric and damage level 321 

(Table 1), we found that common species richness was the best predictor of the damage 322 

level of urban buildings, rural buildings and green space. Meanwhile, rare species 323 

richness was the best predictor for ancient buildings, large-old trees, agroforests and 324 

reservoirs. No significant correlation is detected between any species richness metric and 325 

sea wall damage. Generalized linear mixed models with unadjusted species richness as 326 

predictors showed that common species richness was the best predictor of green space 327 

damage while rare species richness for reservoir damage (Table S8). Based on the 328 

hierarchical partitioning of R2 of multiple linear regression models of damage, common 329 

species richness was the best predictor for urban buildings (Fig. 3a), rural buildings (Fig. 330 

3b) and green space (Fig. 3c), which located in densely populated area. Sea wall damage 331 

was mainly driven by vegetation, i.e. negatively correlated with NDVI.deci (Fig. 3d; also 332 

see EVI.deci in Table S9). In sparsely populated (i.e. remote) area, damage to ancient 333 
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buildings (Fig. 3e) and large-old trees (Fig. 3f) correlated most closely with climate, i.e. 334 

positively correlated with Eref. Agroforest damage was mainly driven by rare species 335 

richness (Fig. 3g). Reservoir damage is predominantly driven by anthropogenic activities, 336 

i.e. positively correlated with city history (Fig. 3h). None of topographic variables was 337 

the best predictor of infrastructure damage (Table S9). Similar patterns were found for 338 

the results of generalized linear mixed models of damage (Fig. S4). The only difference is 339 

that climate became the best predictor of sea wall damage (Fig. S4o). 340 

Termite species richness mediates environmental effects on termite damage 341 

In densely populated area, vegetation was primarily (Fig. 4a, 4c) or partially (Fig. 4b) 342 

correlated with damage via indirect effects on common species richness. Specifically, 343 

forest patch size and NDVI increased and decreased infrastructure damage indirectly 344 

through increasing and decreasing common species richness, respectively. Vegetation 345 

and climate exerted direct effects on sea wall damage, with NDVI.deci showing the 346 

strongest and negative effect (Fig. 4d). In contrast, climate exerted direct effects on the 347 

damage levels of remote infrastructures (Fig. 4e, 4f, 4h). Agroforests were the only 348 

exception, in that their damage levels were affected indirectly by climate altering rare 349 

species richness (Fig. 4g). Specifically, Eref increased infrastructure damage at remote 350 

areas directly (Fig. 4e, 4f, 4h) or indirectly through positive correlations with rare species 351 

richness (Fig. 4g). 352 

Discussion 353 

Zhejiang Province is listed as one of the six most extremely infested provinces in China 354 

(Ahmad et al., 2021). Since 1958, provincial government has organized a series of local 355 
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control measures in each city, including chemical pesticides, nest excavation, anti-termite 356 

materials for new constructions and systematic baiting grids (Song, 2015). Among them, 357 

chemical control was most widely used and undoubtedly the most effective measure. 358 

During 1988-2008, Zhejiang Province consumed the largest amount of Chlordane (~980 359 

t; termiticide), which was 35.7% of total usage in China (Q. Wang et al., 2013). Given 360 

that Chlordane is one of the persistent organic pollutants with high toxicity, bio-361 

accumulation and long-range transport potential, China has banned Chlordane production 362 

for all purposes since 2009. During recent years, the integrated termite management has 363 

been proposed to control termite damage with not only chemical approaches but also 364 

non-chemical measures which are economically, socially and environmentally safe 365 

(Ahmad et al., 2021). Nevertheless, there is still a lack of knowledge about how regional 366 

factors like termite diversity and environmental setting influences termite damage, 367 

especially the occupancy of termite infestation in different kinds of infrastructures. By 368 

tackling this problem, managers could determine the most ideal combinations of local 369 

control measures under a specific regional setting, and even modify key drivers at 370 

regional scale for long-term termite control. 371 

Contrasting responses of common vs. rare termites to environmental factors 372 

Our study reveals the differential effects of climate, vegetation and anthropogenic 373 

activities on termite diversity, and the correlation between termite diversity and termite 374 

damage. While forest patch size increased all four metric of termite species richness, it is 375 

interesting to learn that common and termite species richness showed contrasting 376 

responses to vegetation composition, i.e. evergreen and deciduous vegetation. 377 

Meanwhile, most common termites feed on deadwood and wooden constructions, 378 
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whereas some of the rare species feed on humus (Table S1). These results make 379 

biological sense because the deciduous and evergreen trees of subtropical China (J. Li et 380 

al., 2021) and elsewhere (van Ommen Kloeke et al., 2012) divide into two functional 381 

groups based on their life history strategies and multiple traits. Deciduous trees, which 382 

are resource-acquisitive, have higher nutritional value and are therefore more attractive to 383 

wood-feeding termites (C. Guo et al., 2021). Evergreen trees, which are resource-384 

conservative, have stronger defenses, are slower to decompose and easier to accumulate 385 

as humus (Joly et al., 2017), and are therefore more attractive to the relatively less 386 

common humus-feeding termites. Correspondingly, we found that common species 387 

richness correlated negatively with evergreen vegetation, whereas rare species richness 388 

correlated negatively with deciduous vegetation. Reforestation projects of Zhejiang 389 

Province favor subtropical evergreen broad-leaved trees (e.g. Schima superba, Phoebe 390 

chekiangensis and Cyclobalanopsis gilva). Consequently, we found that reforestation 391 

correlated positively with evergreen vegetation (Pearson’s r = 0.682, p < 0.001) and 392 

negatively with deciduous vegetation (r = -0.401, p < 0.001), which might explain why 393 

reforestation reduced common species richness but increased rare species richness. 394 

Moreover, reforestation projects tended to focus on less populated cities, which explains 395 

the negative correlations between reforestation and human population density (r = -0.685, 396 

p < 0.001), and which may also explain the coincidental gradients between vegetation 397 

and human population density in which more populated cities exhibit less evergreen 398 

vegetation (r = -0.522, p < 0.001) and more deciduous vegetation (r = 0.609, p < 0.001). 399 

In summary, anthropogenic changes linked with human population density such as 400 

shifting vegetation could increase the diversity of wood-feeding termites and reduce the 401 
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diversity of the relatively rare species of termites feeding on humus in human-disturbed 402 

areas (Jones et al., 2003). 403 

Vegetation affects damage in densely populated area via common termite diversity 404 

Climate is often cited as the dominant driver of common termite distribution and damage 405 

(Cerezer et al., 2020; Reddy & Sammaiah, 1991). However, our results suggest that 406 

vegetation could play a more important role than climate, which explains why common 407 

termites, especially species which grow fungi on dead and decaying plant material, could 408 

mitigate climate change effect in both tropical forests (Ashton et al., 2019) and savannas 409 

(Veldhuis et al., 2017). Accordingly, we found that vegetation composition (evergreen vs. 410 

deciduous) and forest loss (indicated by the average size of forest patches) reduced 411 

common species richness more than climate variables (Table S7). One possible 412 

explanation is that forests not only serve as sources of food and nests, but also exert 413 

greater control of understory microclimate than regional climate (De Frenne et al., 2019). 414 

It is therefore unsurprising that vegetation rather than climate affected the infestation of 415 

populated infrastructures in Zhejiang Province by altering common species richness. This 416 

finding will help inform termite control measures in populated areas, offering an effective 417 

control measure other than environmentally hazardous pesticides (Ahmad et al., 2021). In 418 

particular, our results suggest that planting and maintaining small to moderate sized 419 

patches of evergreen trees, which are less palatable to common termites, may reduce 420 

colony establishment and population growth of these species in populated area. 421 

Climate directly affects damage in remote area and threatens rare termite diversity 422 
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Unlike common termites, climate does affect the distribution of rare termites in Zhejiang 423 

Province. Specifically, we found more species of rare termites in cities with greater 424 

drought risk (estimated by the Hargreaves reference evapotranspiration, i.e. vegetation 425 

water demand; see the variable ‘Eref’ in Fig. 2), particularly at higher elevations (r = 426 

0.769, p < 0.001; Fig. S1). All termites are vulnerable to desiccation (Woon et al., 2019), 427 

meaning that populations of rare termites might decline if drought events become more 428 

frequent in China (Su et al., 2018). Meanwhile, the notion that the ectotherms at higher 429 

elevations would have wider thermal niches and thus be less vulnerable to climate 430 

warming(Walters et al., 2012), has been dispelled by molecular evidence revealing that 431 

these ‘species’ are in fact complexes of cryptic species occupying discrete elevational 432 

zones and adapting to local temperature (García-Robledo et al., 2016). It is therefore 433 

likely that climate warming will eradicate cryptic species of rare termites. Unfortunately, 434 

with the exception of agroforests, rare termites caused less damage to remote 435 

infrastructures, suggesting that these species should not even be recognized as pests. 436 

Instead, they contribute to functions like litter decomposition and soil bioturbation, and 437 

thus should be targets of conservation. Climate (e.g. Eref) is more strongly linked with 438 

termite damage of remote infrastructures, probably because physical challenges, e.g. 439 

swelling and shrinking caused by heat-cold or dry-wet cycles (Naumann et al., 2021), 440 

cause deformation and crevices, thus rendering the deteriorating infrastructures more 441 

susceptible to termite infestation. Compared with infrastructures in populated area (e.g. 442 

urban buildings), mechanical failures are more difficult to detect in remote area (e.g. 443 

reservoir dams). Climate change will therefore cause termite damage to become more 444 

frequent and unpredictable, especially in remote area. 445 
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Conclusions 446 

We show that common and rare termite diversity was more strongly correlated with 447 

infrastructure damage in populated area and remote area, respectively. Meanwhile, 448 

common species richness was more strongly correlated with vegetation factors while rare 449 

species richness with climatic variables. Notably, whilst common species richness 450 

outweighed environmental factors in explaining infrastructure damage in populated area, 451 

climate posed the major and direct effect on termite damage in remoted area. 452 

Consequently, we conclude that common, widely-distributed termites should be targeted 453 

for pest control to mitigate infrastructure damage in populated area, through increasing 454 

the proportions of evergreen trees in city forests and green spaces as the sustainable 455 

alternative of pesticides. In contrast, rare termites and infrastructures in remote area 456 

should be targets for conservation with frequent inspections, since they are more 457 

susceptible to climate change. Therefore, we recommend the initiation of a cross-region 458 

and long-term investigation of termite distributions and infestation at higher resolutions 459 

along different environmental gradients. Such a large network would simultaneously 460 

support pest control and advance species conservation by pinpointing each termite 461 

species as common or rare. 462 

Acknowledgments 463 

We thank Y. Tan, B. Ying, L. Song and numerous people for investigating termite 464 

distribution/infestation and generously sharing the dataset. We appreciate the helpful 465 

comments on data analysis from J. Zhang. This study was funded by National Natural 466 

Science Foundation of China (31925027). Author Contribution: DW, SS and CC 467 

conceived the study and developed the methodology. DW collected and analyzed the 468 



23 
 

metadata. DW and MDFE wrote the first draft. All authors reviewed and edited, 469 

collectively contributing to the final manuscript. The authors declare no competing 470 

financial interests. Data Availability: Data will be deposited in Dryad if the manuscript is 471 

accepted. 472 

References 473 

Ahmad, F., Fouad, H., Liang, S.-Y., Hu, Y., & Mo, J.-C. (2021). Termites and Chinese 474 

agricultural system: applications and advances in integrated termite management 475 

and chemical control. Insect Science, 28(1), 2–20. https://doi.org/10.1111/1744-476 

7917.12726 477 

Ashton, L. A., Griffiths, H. M., Parr, C. L., Evans, T. A., Didham, R. K., Hasan, F., Teh, 478 

Y. A., Tin, H. S., Vairappan, C. S., & Eggleton, P. (2019). Termites mitigate the 479 

effects of drought in tropical rainforest. Science, 363(6423), 174–177. 480 

https://doi.org/10.1126/science.aau9565 481 

Beketov, M. A., Kefford, B. J., Schäfer, R. B., & Liess, M. (2013). Pesticides reduce 482 

regional biodiversity of stream invertebrates. Proceedings of the National Academy 483 

of Sciences, 110(27), 11039–11043. https://doi.org/10.1073/pnas.1305618110 484 

Belmaker, J., & Jetz, W. (2011). Cross-scale variation in species richness–environment 485 

associations. Global Ecology and Biogeography, 20(3), 464–474. 486 

https://doi.org/10.1111/j.1466-8238.2010.00615.x 487 

Bivand, R. S., & Wong, D. W. S. (2018). Comparing implementations of global and local 488 

indicators of spatial association. TEST, 27(3), 716–748. 489 

https://doi.org/10.1007/s11749-018-0599-x 490 

Buitenwerf, R., & Higgins, S. I. (2016). Convergence among global biogeographical 491 

realms in the physiological niche of evergreen and deciduous vegetation. Global 492 

Ecology and Biogeography, 25(6), 704–715. https://doi.org/10.1111/geb.12447 493 

Cerezer, F. O., de Azevedo, R. A., Nascimento, M. A. S., Franklin, E., de Morais, J. W., 494 

& de Sales Dambros, C. (2020). Latitudinal gradient of termite diversity indicates 495 

higher diversification and narrower thermal niches in the tropics. Global Ecology 496 

and Biogeography, 29(11), 1967–1977. https://doi.org/10.1111/geb.13167 497 



24 
 

Dangles, O., Mesías, V., Crespo-Perez, V., & Silvain, J.-F. (2009). Crop damage 498 

increases with pest species diversity: evidence from potato tuber moths in the 499 

tropical Andes. Journal of Applied Ecology, 46(5), 1115–1121. 500 

https://doi.org/10.1111/j.1365-2664.2009.01703.x 501 

De Frenne, P., Zellweger, F., Rodríguez-Sánchez, F., Scheffers, B. R., Hylander, K., 502 

Luoto, M., Vellend, M., Verheyen, K., & Lenoir, J. (2019). Global buffering of 503 

temperatures under forest canopies. Nature Ecology & Evolution, 3(5), 744–749. 504 

https://doi.org/10.1038/s41559-019-0842-1 505 

Diagne, C., Leroy, B., Vaissière, A.-C., Gozlan, R. E., Roiz, D., Jarić, I., Salles, J.-M., 506 

Bradshaw, C. J. A., & Courchamp, F. (2021). High and rising economic costs of 507 

biological invasions worldwide. Nature, 592(7855), 571–576. 508 

https://doi.org/10.1038/s41586-021-03405-6 509 

Didan, K. (2015). MOD13A3 MODIS/Terra vegetation Indices Monthly L3 Global 1km 510 

SIN Grid V006 [Data set]. NASA EOSDIS Land Processes DAAC. 511 

https://doi.org/10.5067/MODIS/MOD13A3.006 512 

Enquist, B. J., Feng, X., Boyle, B., Maitner, B., Newman, E. A., Jørgensen, P. M., 513 

Roehrdanz, P. R., Thiers, B. M., Burger, J. R., Corlett, R. T., Couvreur, T. L. P., 514 

Dauby, G., Donoghue, J. C., Foden, W., Lovett, J. C., Marquet, P. A., Merow, C., 515 

Midgley, G., Morueta-Holme, N., … McGill, B. J. (2019). The commonness of 516 

rarity: Global and future distribution of rarity across land plants. Science Advances, 517 

5(11), eaaz0414. https://doi.org/10.1126/sciadv.aaz0414 518 

ESRI. (2014). ArcGIS for Desktop (10.2.2). Environmental Systems Research Institute. 519 

Evans, T. A., Forschler, B. T., & Grace, J. K. (2013). Biology of invasive termites: a 520 

worldwide review. Annual Review of Entomology, 58, 455–474. 521 

Filgueiras, B. K. C., Peres, C. A., Melo, F. P. L., Leal, I. R., & Tabarelli, M. (2021). 522 

Winner–Loser Species Replacements in Human-Modified Landscapes. Trends in 523 

Ecology & Evolution, 36(6), 545–555. https://doi.org/10.1016/j.tree.2021.02.006 524 

Friedl, M., & Sulla-Menashe, D. (2019). MCD12Q1 MODIS/Terra+Aqua Land Cover 525 

Type Yearly L3 Global 500m SIN Grid V006 [Data set]. NASA EOSDIS Land 526 

Processes DAAC. https://doi.org/10.5067/MODIS/MCD12Q1.006 527 



25 
 

García-Robledo, C., Kuprewicz, E. K., Staines, C. L., Erwin, T. L., & Kress, W. J. 528 

(2016). Limited tolerance by insects to high temperatures across tropical elevational 529 

gradients and the implications of global warming for extinction. Proceedings of the 530 

National Academy of Sciences, 113(3), 680–685. 531 

https://doi.org/10.1073/pnas.1507681113 532 

Gaston, K. J. (1994). What is rarity? In K. J. Gaston (Ed.), Rarity (pp. 1–21). Springer 533 

Netherlands. https://doi.org/10.1007/978-94-011-0701-3_1 534 

Govorushko, S. (2019). Economic and ecological importance of termites: A global 535 

review. Entomological Science, 22(1), 21–35. 536 

Grime, J. P. (1998). Benefits of plant diversity to ecosystems: immediate, filter and 537 

founder effects. Journal of Ecology, 86(6), 902–910. https://doi.org/10.1046/j.1365-538 

2745.1998.00306.x 539 

Grömping, U. (2007). Relative importance for linear regression in R: the package 540 

relaimpo. Journal of Statistical Software, 17(1), 1–27. 541 

https://doi.org/10.18637/jss.v017.i01 542 

Guo, C., Tuo, B., Ci, H., Yan, E.-R., & Cornelissen, J. H. C. (2021). Dynamic feedbacks 543 

among tree functional traits, termite populations and deadwood turnover. Journal of 544 

Ecology, 109(4), 1578–1590. https://doi.org/10.1111/1365-2745.13604 545 

Guo, Q., Fei, S., Potter, K. M., Liebhold, A. M., & Wen, J. (2019). Tree diversity 546 

regulates forest pest invasion. Proceedings of the National Academy of Sciences, 547 

116(15), 7382–7386. https://doi.org/10.1073/pnas.1821039116 548 

Hansen, M. C., Potapov, P. V, Moore, R., Hancher, M., Turubanova, S. A. A., 549 

Tyukavina, A., Thau, D., Stehman, S. V, Goetz, S. J., & Loveland, T. R. (2013). 550 

High-resolution global maps of 21st-century forest cover change. Science, 551 

342(6160), 850–853. https://doi.org/10.1126/science.1244693 552 

Harrison, T., Gibbs, J., & Winfree, R. (2019). Anthropogenic landscapes support fewer 553 

rare bee species. Landscape Ecology, 34(5), 967–978. 554 

https://doi.org/10.1007/s10980-017-0592-x 555 

Hu, Y., Yu, B., Shen, J., & Song, X. (2017). A brief discussion on the standard for 556 

termite damaging evaluation of administrative districts. Chinese Journal of Hygienic 557 

Insecticides and Equipments, 23(4), 304–307. 558 



26 
 

Jaeger, B. C., Edwards, L. J., Das, K., & Sen, P. K. (2017). An R2 statistic for fixed 559 

effects in the generalized linear mixed model. Journal of Applied Statistics, 44(6), 560 

1086–1105. https://doi.org/10.1080/02664763.2016.1193725 561 

Joly, F., Milcu, A., Scherer‐Lorenzen, M., Jean, L., Bussotti, F., Dawud, S. M., Müller, 562 

S., Pollastrini, M., Raulund‐Rasmussen, K., Vesterdal, L., & Hättenschwiler, S. 563 

(2017). Tree species diversity affects decomposition through modified micro‐564 

environmental conditions across European forests. New Phytologist, 214(3), 1281–565 

1293. https://doi.org/10.1111/nph.14452 566 

Jones, D. T., Susilo, F. X., Bignell, D. E., Hardiwinoto, S., Gillison, A. N., & Eggleton, 567 

P. (2003). Termite assemblage collapse along a land‐use intensification gradient in 568 

lowland central Sumatra, Indonesia. Journal of Applied Ecology, 40(2), 380–391. 569 

https://doi.org/10.1046/j.1365-2664.2003.00794.x 570 

Kissling, W. D., & Carl, G. (2008). Spatial autocorrelation and the selection of 571 

simultaneous autoregressive models. Global Ecology and Biogeography, 17(1), 59–572 

71. https://doi.org/10.1111/j.1466-8238.2007.00334.x 573 

Krishna, K., Grimaldi, D. A., Krishna, V., & Engel, M. S. (2013). Treatise on the 574 

Isoptera of the world. 575 

Lamb, E. G., Mengersen, K. L., Stewart, K. J., Attanayake, U., & Siciliano, S. D. (2014). 576 

Spatially explicit structural equation modeling. Ecology, 95(9), 2434–2442. 577 

https://doi.org/10.1890/13-1997.1 578 

Lefcheck, J. S. (2016). piecewiseSEM: Piecewise structural equation modelling in R for 579 

ecology, evolution, and systematics. Methods in Ecology and Evolution, 7(5), 573–580 

579. https://doi.org/10.1111/2041-210X.12512 581 

Lehmann, P., Ammunét, T., Barton, M., Battisti, A., Eigenbrode, S. D., Jepsen, J. U., 582 

Kalinkat, G., Neuvonen, S., Niemelä, P., Terblanche, J. S., Økland, B., & Björkman, 583 

C. (2020). Complex responses of global insect pests to climate warming. Frontiers 584 

in Ecology and the Environment, 18(3), 141–150. https://doi.org/10.1002/fee.2160 585 

Li, H., Xu, Z., Deng, T., Chen, L., Li, J., Wei, J., & Mo, J. (2010). Species of termites 586 

(Isoptera) attacking trees in China. Sociobiology, 56(1), 109–120. 587 

Li, J., Chen, X., Niklas, K. J., Sun, J., Wang, Z., Zhong, Q., Hu, D., & Cheng, D. (2021). 588 

A whole-plant economics spectrum including bark functional traits for 59 589 



27 
 

subtropical woody plant species. Journal of Ecology, 110(1), 248–261. 590 

https://doi.org/10.1111/1365-2745.13800 591 

Li, X., & Zhou, Y. (2017). A Stepwise Calibration of Global DMSP/OLS Stable 592 

Nighttime Light Data (1992–2013). Remote Sensing, 9(6), 637. 593 

https://doi.org/10.3390/rs9060637 594 

Lustig, A., James, A., Anderson, D., & Plank, M. (2019). Pest control at a regional scale: 595 

Identifying key criteria using a spatially explicit, agent-based model. Journal of 596 

Applied Ecology, 56(7), 1515–1527. https://doi.org/10.1111/1365-2664.13387 597 

Lyons, K. G., Brigham, C. A., Traut, B. H., & Schwartz, M. W. (2005). Rare Species and 598 

Ecosystem Functioning. Conservation Biology, 19(4), 1019–1024. 599 

https://doi.org/10.1111/j.1523-1739.2005.00106.x 600 

Ma, C.-S., Zhang, W., Peng, Y., Zhao, F., Chang, X.-Q., Xing, K., Zhu, L., Ma, G., 601 

Yang, H.-P., & Rudolf, V. H. W. (2021). Climate warming promotes pesticide 602 

resistance through expanding overwintering range of a global pest. Nature 603 

Communications, 12(1), 5351. https://doi.org/10.1038/s41467-021-25505-7 604 

Mateo-Tomás, P., Olea, P. P., Moleón, M., Selva, N., & Sánchez-Zapata, J. A. (2017). 605 

Both rare and common species support ecosystem services in scavenger 606 

communities. Global Ecology and Biogeography, 26(12), 1459–1470. 607 

https://doi.org/10.1111/geb.12673 608 

McGarigal, K., Cushman, S., & Ene, E. (2012). FRAGSTATS v4: Spatial Pattern 609 

Analysis Program for Categorical and Continuous Maps. University of 610 

Massachusetts. 611 

NASA/METI/AIST/Japan Spacesystems and U.S./Japan ASTER Science Team. (2019). 612 

ASTER Global Digital Elevation Model V003 [Data set]. NASA EOSDIS Land 613 

Processes DAAC. https://doi.org/10.5067/ASTER/ASTGTM.003 614 

National Forestry Administration. (2015). China forestry statistical yearbook. China 615 

Forestry Publishing House. 616 

Naumann, G., Cammalleri, C., Mentaschi, L., & Feyen, L. (2021). Increased economic 617 

drought impacts in Europe with anthropogenic warming. Nature Climate Change, 618 

11(6), 485–491. https://doi.org/10.1038/s41558-021-01044-3 619 



28 
 

Oksanen, J., Blanchet, F. G., Friendly, M., Kindt, R., Legendre, P., McGlinn, D., 620 

Minchin, P. R., O’Hara, R. B., Simpson, G. L., Solymos, P., Stevens, M. H. H., 621 

Szoecs, E., & Wagner, H. (2018). vegan: Community Ecology Package. In R 622 

package version 2.5-2. 623 

Portela, R. de C. Q., & Dirzo, R. (2020). Forest fragmentation and defaunation drive an 624 

unusual ecological cascade: Predation release, monkey population outburst and plant 625 

demographic collapse. Biological Conservation, 252, 108852. 626 

https://doi.org/10.1016/j.biocon.2020.108852 627 

Qian, H., Kessler, M., Deng, T., & Jin, Y. (2021). Patterns and drivers of phylogenetic 628 

structure of pteridophytes in China. Global Ecology and Biogeography, 30(9), 629 

1835–1846. https://doi.org/https://doi.org/10.1111/geb.13349 630 

R Core Team. (2021). R: A Language and Environment for Statistical Computing. R 631 

Foundation for Statistical Computing. 632 

Reddy, M. V., & Sammaiah, Ch. (1991). Combined effects of climatic factors on the 633 

seasonal termite damage to structural wood in a semi-arid urban system. Energy and 634 

Buildings, 16(3), 947–955. https://doi.org/10.1016/0378-7788(91)90089-L 635 

Seibold, S., Gossner, M. M., Simons, N. K., Blüthgen, N., Müller, J., Ambarlı, D., 636 

Ammer, C., Bauhus, J., Fischer, M., Habel, J. C., Linsenmair, K. E., Nauss, T., 637 

Penone, C., Prati, D., Schall, P., Schulze, E.-D., Vogt, J., Wöllauer, S., & Weisser, 638 

W. W. (2019). Arthropod decline in grasslands and forests is associated with 639 

landscape-level drivers. Nature, 574(7780), 671–674. 640 

https://doi.org/10.1038/s41586-019-1684-3 641 

Sekercioglu, C. H., & Sodhi, N. S. (2007). Conservation Biology: Predicting Birds’ 642 

Responses to Forest Fragmentation. Current Biology, 17(19), R838–R840. 643 

https://doi.org/10.1016/j.cub.2007.07.037 644 

Shipley, B. (2013). The AIC model selection method applied to path analytic models 645 

compared using a d‐separation test. Ecology, 94(3), 560–564. 646 

https://doi.org/10.1890/12-0976.1 647 

Song, L. (2015). Termites in Zhejiang. Zhejiang Education Publishing House. 648 

Su, B., Huang, J., Fischer, T., Wang, Y., Kundzewicz, Z. W., Zhai, J., Sun, H., Wang, A., 649 

Zeng, X., Wang, G., Tao, H., Gemmer, M., Li, X., & Jiang, T. (2018). Drought 650 



29 
 

losses in China might double between the 1.5 °C and 2.0 °C warming. Proceedings 651 

of the National Academy of Sciences, 115(42), 10600–10605. 652 

https://doi.org/10.1073/pnas.1802129115 653 

Tilman, D., Isbell, F., & Cowles, J. M. (2014). Biodiversity and ecosystem functioning. 654 

Annual Review of Ecology, Evolution, and Systematics, 45, 471–493. 655 

van Ommen Kloeke, A. E. E., Douma, J. C., Ordonez, J. C., Reich, P. B., & Van 656 

Bodegom, P. M. (2012). Global quantification of contrasting leaf life span strategies 657 

for deciduous and evergreen species in response to environmental conditions. 658 

Global Ecology and Biogeography, 21(2), 224–235. https://doi.org/10.1111/j.1466-659 

8238.2011.00667.x 660 

Veldhuis, M. P., Laso, F. J., Olff, H., & Berg, M. P. (2017). Termites promote resistance 661 

of decomposition to spatiotemporal variability in rainfall. Ecology, 98(2), 467–477. 662 

https://doi.org/10.1002/ecy.1658 663 

Venables, W. N., & Ripley, B. D. (2002). Modern Applied Statistics with S (4th ed.). 664 

Springer New York. https://doi.org/10.1007/978-0-387-21706-2 665 

Walters, R. J., Blanckenhorn, W. U., & Berger, D. (2012). Forecasting extinction risk of 666 

ectotherms under climate warming: an evolutionary perspective. Functional 667 

Ecology, 26(6), 1324–1338. https://doi.org/10.1111/j.1365-2435.2012.02045.x 668 

Wang, Q., Zhao, L., Fang, X., Xu, J., Li, Y., Shi, Y., & Hu, J. (2013). Gridded usage 669 

inventories of chlordane in China. Frontiers of Environmental Science & 670 

Engineering, 7(1), 10–18. https://doi.org/10.1007/s11783-012-0458-z 671 

Wang, T., WANG, G., Innes, J. L., Seely, B., & Baozhang, C. (2017). ClimateAP: an 672 

application for dynamic local downscaling of historical and future climate data in 673 

Asia Pacific. Frontiers of Agricultural Science and Engineering, 4(4), 448–458. 674 

https://doi.org/10.15302/J-FASE-2017172 675 

Woon, J. S., Boyle, M. J. W., Ewers, R. M., Chung, A., & Eggleton, P. (2019). Termite 676 

environmental tolerances are more linked to desiccation than temperature in 677 

modified tropical forests. Insectes Sociaux, 66(1), 57–64. 678 

https://doi.org/10.1007/s00040-018-0664-1 679 

Wu, C., Vellend, M., Yuan, W., Jiang, B., Liu, J., Shen, A., Liu, J., Zhu, J., & Yu, M. 680 

(2017). Patterns and determinants of plant biodiversity in non-commercial forests of 681 



30 
 

eastern China. PLoS ONE, 12(11), e0188409. 682 

https://doi.org/10.1371/journal.pone.0188409 683 

  684 

  685 



31 
 

Figures and Tables 686 

 687 

Fig. 1. Data overview. Total termite species richness (a), infrastructure damage level (i.e. 688 

percent ratio of infrastructure units infested by termites, using urban buildings as 689 

examples) (b), five threshold values (blue vertical dashed lines) for classifying common 690 

and rare termite species (c) and the topography and location of Zhejiang Province (d). 691 

Note that each polygon in (a) and (b) refers to a city unit. Two grey polygons in (b) 692 

denote two cities with missing values. Threshold value in (c) refers to the proportion of 693 
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occupancy (cities with occurrence record) for a species. For each threshold value, species 694 

with occurrence records above threshold (i.e. right of blue dashed line) is classified as 695 

common species while species with occurrence records below threshold (i.e. left of blue 696 

dashed line) as rare. Two termite species with the lowest (Incisitermes minor; N=1; 697 

worker) and highest (Reticulitermes flaviceps; N=83; dealate) occupancy are shown. The 698 

semi-transparent white polygon with red outline in (d) denotes the administrative area of 699 

Zhejiang Province, while its location within China is shown as the red-filled polygon in 700 

the bottom-right subpanel. 701 

  702 
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 703 
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Fig. 2. The effects and relative importance of environmental predictors in explaining 704 

the species richness of common (left two panels) and rare termites (right two 705 

panels). Five different threshold values (i.e. proportion of cities with occurrence record; 706 

ranging from 0.025 to 0.5 designated in each sub-title) were used to classify each species 707 

as common (> threshold) or rare (< threshold). Number of total, wood-feeder, common or 708 

rare species per city divided by (Ln-transformed) city area is treated as the response. Nine 709 

environmental factors (left sub-graph) or the first three principal components for climate, 710 

vegetation and anthropogenic activities (right sub-graph) are treated as environmental 711 

predictors. Marginal R2 is reported. Based on the hierarchical partitioning of model R2, 712 

the relative importance of each predictor, i.e. the percentage of model R2 explained by 713 

individual predictor, is shown and scales with bar height. The “+” and “-” above each bar 714 

indicates the effect sign of each predictor, i.e. positive and negative respectively. The 715 

spatial autoregressive component of response variables has been removed. Error bars 716 

denote the ±1.96 SE, i.e. the 95% confidence interval of mean value. 717 
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 719 

Fig. 3. The effects and relative importance of environmental predictors and termite 720 

diversity in explaining the damage level of eight infrastructure types at populated 721 

(left two panels) and remote areas (right two panels). The percentage of infrastructure 722 

units infested by termites after Ln-transformation is treated as the response. Nine 723 

environmental factors (left sub-graph) or the first three principal components for climate, 724 

vegetation and anthropogenic activities (right sub-graph) are treated as environmental 725 
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predictors. The damage level of four infrastructure types in the left panel explained more 726 

variation (i.e. contributed to a higher model R2) predicted by common species richness, 727 

while the right panel by rare species richness. Marginal R2 is reported. Based on the 728 

hierarchical partitioning of the model R2, the relative importance of each predictor, i.e. 729 

the percentage of the model R2 explained by individual predictors is shown and scales 730 

with bar height. The “+” and “-” above each bar indicates the effect sign of each 731 

predictor, i.e. positive and negative, respectively. The spatial autoregressive component 732 

of the response variables has been removed. Error bars denote the ±1.96 SE, i.e. the 95% 733 

confidence interval of mean value.734 
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Fig. 4. The piecewise structural equation models for decomposing the direct and indirect effects of termite diversity and 736 

environmental factors on infrastructure damage. Each subfigure corresponds to the one in Fig. 3. “Clim”, “Vege” and “Anth” are 737 

the abbreviations of climate, vegetation and anthropogenic activities, respectively. Significant (p < 0.05) and insignificant (p > 0.05) 738 

path relationships are designated with solid and dashed lines. Black and red paths indicate positive and negative relationships. 739 

Standardized path coefficients scaled by deviations are reported, proportional to the size of the path. Model fit, including Marginal R2, 740 

Fisher’s C statistic, p-value and AICc are also reported. See Table S10 (with nine preselected environmental predictors) and S11 (with 741 

nine environmental PCA predictors) for model summaries. 742 
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Table 1. Pearson correlation between termite species richness and termite damage. Significant (p < 0.05) relationships are printed in bold. 743 

The predictor with the highest correlation coefficient with response is printed in red. Number (N) of replicates is reported. 744 

Predictor 
 

Urban building 

(N=81) 

Rural building 

(N=70) 

Green space 

(N=77) 

Sea wall 

(N=33) 

Ancient building 

(N=76) 

Large-old tree 

(N=75) 

Agroforest 

(N=62) 

Reservoir 

(N=59) 

Total 0.17 0.36 0.35 0.10 0.25 0.31 0.25 0.21 

Wood-feeder 0.17 0.38 0.34 0.14 0.25 0.31 0.28 0.14 

Common_0.5 0.13 0.29 0.05 -0.27 -0.27 -0.14 -0.08 -0.20 

Common_0.25 0.23 0.34 0.34 -0.12 0.09 0.16 0.03 -0.07 

Common_0.1 0.25 0.40 0.39 0.02 0.17 0.23 0.20 0.06 

Common_0.05 0.27 0.41 0.40 0.04 0.19 0.24 0.25 0.11 

Common_0.025 0.22 0.39 0.38 0.05 0.21 0.27 0.24 0.15 

Rare_0.5 0.14 0.31 0.35 0.16 0.32 0.35 0.28 0.25 

Rare_0.25 0.08 0.28 0.27 0.21 0.30 0.33 0.34 0.34 

Rare_0.1 -0.02 0.16 0.17 0.13 0.28 0.31 0.23 0.33 

Rare_0.05 -0.18 -0.03 0.04 0.10 0.24 0.26 0.10 0.29 

Rare_0.025 -0.13 -0.01 0.05 0.13 0.20 0.24 0.14 0.28 
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