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A B S T R A C T   

Seagrass meadows provide important ecosystem services, but are among the least conserved marine ecosystems. 
The Southern bioregion of China has the nation’s largest seagrass distribution. However, lack of information on 
the distribution of seagrasses and the threats they face pose a significant obstacle to their conservation and 
restoration. Accordingly, a framework for prioritizing conservation and restoration objectives was proposed in 
the present study. First, we modeled the suitable habitats with MaxEnt, random forest (RF), and ensemble models 
to obtain a reliable basis map of seagrass distribution. A potentially suitable area of approximately 3,536–4,852 
km2 was mapped in the coastal sea of South China, with the greatest area occurring between 18 ◦N and 22 ◦N. 
The anthropogenic pressures on the seagrass habitat were then estimated using an integrated exposure index 
consisting of four indicators, namely, population density, fishery economy, aquaculture, and shipping. The re
sults indicated 48% of the coastal seas were under intensive anthropogenic pressures, with a higher exposure in 
the north than the south. The current conservation status suggests that there is a large seagrass conservation gap. 
By coupling the two dimensions of habitat suitability and integrated exposure, priority sites for seagrass man
agement in South China were identified for the first time. Our work will not only provide basic information for 
coastal ecosystem management, but also serve as a tool to support the conservation and restoration planning of 
seagrass, thus, ultimately promoting the sustainability of seagrasses habitats.   

1. Introduction 

Seagrasses are marine flowering plants constituting some of the most 
productive ecosystems on earth (Waycott et al., 2009). They have suc
cessfully colonized a very wide range of marine habitats between sub
arctic and tropical latitudes (Orth et al., 2006). Seagrass meadows not 
only provide nursery and foraging grounds for fishes and invertebrates 
of subsistence and commercial value (Du et al., 2020; Heck Hay et al., 
2003; Reynolds et al., 2018; Unsworth et al., 2019a,b), but are also 
important habitats for threatened species (Fedrizzi et al., 2015; Hearne 
et al., 2019). Moreover, they support important ecological processes 
(Duarte, 2002; Lamb et al., 2017; Lotze et al., 2006). It has been 
recognized in recent years that seagrasses contribute to climate change 

mitigation through large organic carbon sinks within their ecosystems 
(Stankovic et al., 2021). 

However, during the past decades, large-scale losses have been re
ported in seagrass meadows worldwide. Seagrasses and the services they 
provide are threatened by the immediate impacts of coastal develop
ment and growing human populations, as well as by the impacts of 
climate change and ecological degradation (Hotaling-Hagan et al., 2017; 
Orth et al., 2006; Short and Wyllie-Echeverria, 1996; Waycott et al., 
2009). Nearly one third of seagrass coverage has been lost since seagrass 
distribution was first recorded in 1879. Since 1990, the rate of decline in 
seagrass area has accelerated to 7% annually (Waycott et al., 2009). 
Notably, only 26% of recorded seagrass meadows fall within marine 
protected areas (MPAs), placing seagrass habitats among the least 
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conserved marine ecosystems (UNEP, 2020). Considering that seagrass 
management is implemented as a practical scheme of nature-based so
lutions for climate change mitigation (Shilland et al., 2021; Stankovic 
et al., 2021), there is a growing need for the efficient protection and 
conservation of seagrass meadows worldwide (Downie et al., 2013; Orth 
et al., 2006). 

Seagrass is distributed along the temperate and tropical coastlines of 
China, covering a recorded area of approximately 9,000 ha (Zheng et al., 
2013). However, these seagrass habitats have been degrading with their 
range rapidly declining over the past decades. For example, the seagrass 
meadows in Yingluo Harbor, Guangxi province have nearly disappeared 
(Deng, 2002; Li et al., 2010). Specifically, the seagrasses along the south 
and east coast of Hainan Island have rapidly declined in the past ten 
years (Chen et al., 2015; Yin and Zhong, 2018). Additionally, the 
anthropogenic pressures on seagrass meadows have not yet been fully 
assessed. Thus, a major concern is that various seagrass meadows will 
silently vanish before they are discovered and recorded, owing to rapid 
economic development and urbanization (Jiang et al., 2017). 

Due to long-term degradation, China’s seagrass meadows have 
shrunken to small patches scattered along the coast instead of large 
continuous distributions (Zheng et al., 2013). In addition, since the 
seagrass meadows in China are generally distributed in the low- 
intertidal or subtidal zone with a depth of approximately 4 m, they 
are not readily accessible by foot or boat (Huang, 2019). These condi
tions often make data collection costly and relatively inefficient. 
Therefore, although the surveys on seagrasses in China began in the 
1980 s, most have only focused on select bays, with almost no distri
bution information of seagrass in other areas (Yang, 2017; Xu et al., 
2021). This causes a substantial lack of information required for the 
seagrass conservation and restoration planning (Jiang et al., 2017). 

Spatially explicit seagrass data are lacking in China and other re
gions. For example, the tropical Indo-Pacific bioregion (including South 
China) has the largest documented seagrass area (52%). However, data 
for 42 countries within this bioregion are lacking (Unsworth et al., 
2019a, 2019b). This knowledge gap hinders the effective management 
and protection of seagrass habitats worldwide (Downie et al., 2013). 
Therefore, coastal managers have focused their efforts and resources on 
mapping the possible distribution of seagrasses (Bittner et al., 2020; 
Short et al., 2011). In a study investigating carbon sinks, the global 
seagrass distribution was estimated to be between 300,000 km2 and 
600,000 km2 (Duarte et al., 2010). An updated map providing a repre
sentation of large-scale seagrass distribution across approximately 
800,000 km2 was released in 2020 (UNEP-WCMC and Short, 2020). 
Another global seagrass meadow distribution map was produced using 
species distribution modeling (SDM), which predicted a much greater 
coverage than that predicted by previous studies (1,646,789 km2) 
(Jayathilake and Costello, 2018). Within these global maps, however, 
the mapped distribution in the region of China remains quite inadequate 
or differs from the actual distribution, which may be caused by insuf
ficient mapping and modeling data. 

SDMs are often used to plot species distribution maps and assess 
habitat suitability, especially regarding species for which it is difficult to 
obtain records. This approach associates field observations with envi
ronmental predictor variables to predict the abundance of taxa and their 
likelihood of existing in a given area, while characterizing the under
lying environmental drivers of their geographic distribution (Georgian 
et al., 2019). Hence, the use of SDMs has recently increased significantly 
in marine ecosystem applications (Melo-Merino et al., 2020). The most 
frequently studied marine taxa are fishes and mollusks, while seagrasses 
are among the least studied groups (Melo-Merino et al., 2020). 

Recently, machine learning methods have become the most popular 
modeling methods; among these, the maximum entropy model (MaxEnt) 
is the most widely used (Anderson et al., 2016b; Bittner et al., 2020; 
Downie et al., 2013; Melo-Merino et al., 2020). Meanwhile, some studies 
found that tree-based classification algorithms perform better than 
others in terms of predicting seagrass habitats, with random forest 

model (RF) being the most effective (Effrosynidis et al., 2018; Stankovic 
et al., 2019). In addition to a single model, an ensemble of multi- 
algorithms was also used to obtain a reliable prediction (Araújo and 
New, 2007). 

Using these approaches, regional-scale seagrass distribution studies 
have been conducted in Europe (Beca-Carretero et al., 2020; Downie 
et al., 2013; Effrosynidis et al., 2018; Valle et al., 2011), North America 
(Bittner et al., 2020), and Southeast Asia (Hashim et al., 2017; Stankovic 
et al., 2019). Based on known or predicted distributions, human activity 
and regional threats have been further analyzed to aid site selection for 
seagrass conservation and restoration efforts (Hotaling-Hagan et al., 
2017; Stankovic et al., 2019). Moreover, expert questionnaires, 
vulnerability assessments, and superimposed ranking maps have been 
employed to identify potential priority areas (Hotaling-Hagan et al., 
2017; Unsworth et al., 2018). However, to the best of our knowledge, no 
such studies have been reported from China or East Asia. 

In the present study, we mapped the environmental areas considered 
conducive to seagrass conservation and restoration and established 
priorities for these objectives along the coast of Southern China. To this 
end, we implemented three models to produce a reliable seagrass habitat 
suitability map. We also evaluated the anthropogenic pressure in the 
seagrass distribution area. The present study aimed to: (i) Test and 
compare the performance of MaxEnt, RF, and the ensemble model in 
predicting seagrass habitat suitability (ii) Plot a map of seagrass meadow 
distribution in the coastal area of South China and help prioritize loca
tions for future surveys (iii) Quantify the exposure of seagrass habitats to 
anthropogenic pressure (iv) Provide new insights into future seagrass 
habitat conservation and restoration measures. 

2. Methods 

2.1. Study area 

The seagrasses in China are primarily distributed in the Southern 
(South China Sea) and Northern (Yellow Sea-Bohai Sea) bioregions 
(Xiao et al., 2020). Over 90% of all seagrass meadows in China are 
distributed in the Southern bioregion (Yang, 2017; Zheng et al., 2013) 
belonging to the tropical Indo-Pacific bioregion of global seagrass dis
tribution (Short et al., 2007). The study area covered the south coast of 
mainland China including the Hainan, Guangxi, and Guangdong Prov
inces, Hong Kong, and part of Fujian Province (Fig. 1). Nearly 200 
million people live in these administrative areas with nine seagrass 
genera and 15 seagrass species identified in this bioregion (Zheng et al., 
2013). The northern boundary of the study area was located at Quanz
hou in Fujian Province (approximately 150 km north of the Tropic of 
Cancer) and the southern boundary was set as the southern coast of 
Hainan Island. Internal seawaters and 12 nautical miles of territorial sea 
were also included to map the anthropogenic pressure. The latitude 
range was approximately 17 ◦57′ N–24 ◦55′ N and the coastline was 
more than 13,000 km long, including island coastlines. 

2.2. Methodological framework 

Fig. 2 shows a flowchart depicting the methodology of the present 
study. SDMs and an exposure index were combined in the methodology 
framework. First, MaxEnt and RF models were applied using seagrass 
occurrence data and environmental variables. An ensemble model was 
then generated according to the performance of the two SDMs, and 
seagrass distribution and habitat suitability were mapped. Subse
quently, an exposure index integrating four indices was proposed to 
evaluate anthropogenic pressures in the study area. Finally, the spatial 
pattern of pressures and conservation were superimposed with the 
modeled distribution to interpret the conservation and restoration 
priorities. 
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2.3. SDM dataset preparation 

2.3.1. Seagrass occurrence dataset 
Species distribution modeling was based on target species’ occur

rence records. Since seagrass research along the large coastlines of China 
is relatively limited (Xiao et al., 2020), there is no publicly available 
seagrass dataset for the study area. In addition, due to the large variation 
in water quality in the near-shore of mainland China, seagrass distri
bution can be hardly extracted from remote sensing data (Yang, 2017), 
which can often be used as an alternative data source in other regions. 

Therefore, in this study we compiled records from field surveys and 
literature reviews to generate an occurrence dataset. Surveys were 
performed annually in Hainan in August from 2004 to 2020, and in 
Guangxi in May and June from 2014 to 2020. Surveys were conducted in 
Guangdong and Fujian in May and November 2020. All surveys were 
carried out during low tide to increase the probability of observing 
seagrass meadows. An underwater census was also conducted in deep 
waters. Section and sample frame surveys were carried out based on the 
method advocated by previous studies and survey guidelines (Short and 
Coles, 2001; SOA, 2005). Environmental conditions at various seagrass 

Fig. 1. Study area and seagrass presence records used in modeling.  

Fig. 2. Methodology flowchart.  
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sites were compared, and those with identical environmental variables 
were excluded. There were 125 and seven occurrence points extracted 
from the survey data and the literature (Huang et al., 2010), respec
tively, all of which served as presence records and covered most areas 
where seagrass meadows are known to concentrate (Fig. 1). 

The MaxEnt model was trained with presence-only data, whereas 
both presence and absence data were required to train the RF model. We 
obtained 73 absence records from the survey. Additionally, a set of 
artificial absence records was created in the background of the study 
area based on certain rules (Effrosynidis et al., 2018; Udyawer et al., 
2020). Around each occurrence point, a 50 km buffer zone was estab
lished that had environmental conditions similar to those of the occur
rence points and could be suitable for seagrasses. Hence, these areas 
were excluded from the background used to generate pseudo-absences. 
Random sampling was then performed in the background generating 
5,000 pseudo-absence records. Latitudes and longitudes of all presence- 
absence points were converted to CSV format, yielding a seagrass dis
tribution dataset. 

2.3.2. Environmental dataset 
Critical environmental factors controlling seagrass distribution and 

physiological processes include temperature, salinity, light, and sub
strate type and depth (Adams et al., 2020; Collier and Waycott, 2014; 
Dennison, 2009; Downie et al., 2013; Green et al., 2003; McMahon et al., 
2013). Water quality variables such as pH, suspended solids, and chlo
rophyll, nitrogen, and phosphorous concentrations are strongly corre
lated with seagrass distribution (Bittner et al., 2020), whereas 
eutrophication is a major driver of global seagrass loss (Thomsen et al., 
2020). Therefore, 18 environmental variables, directly or indirectly 
affecting seagrass distribution were selected and grouped according to 
topography, sea surface temperature (SST), sea surface salinity (SSS), 
substrate type, and water quality (Table 1). 

Most environmental data were obtained from different global data
bases or remote sensing data products. Some topographic variables were 
calculated from elevation data using the spatial analysis tools of ArcGIS 
10.7. As the resolution of pH and nutrient concentration data was low in 
the global database, we extracted near-shore survey records from State 
Oceanic Administration investigations and interpolated them to the 
study area. All variables were interpolated to a 30 arcsec resolution (~1 
km grid cell) for further analysis. 

2.4. Model construction and evaluation 

2.4.1. Modeling process 
MaxEnt is among the most highly recommended models for species 

distribution predictions (Melo-Merino et al., 2020), while the RF model 
has been shown to perform best for seagrass in some cases (Effrosynidis 
et al., 2018; Stankovic et al., 2019). Recently, the use of an ensemble 
modeling approach was promoted, as it can reduce uncertainty over 
single algorithms and improve model robustness (Araújo and New, 
2007; Kaky et al., 2020; Marmion et al., 2009). Therefore, we selected 
MaxEnt, RF, and an ensemble model to determine seagrass meadow 
habitat suitability, and to test and compare methods for predicting 
seagrass distribution. 

MaxEnt estimates the probability of the presence of any species by 
randomly generating background points and finding the maximum en
tropy of the species distribution based on input presence data (Elith 
et al., 2011; Phillips et al., 2006). RF is an algorithm that was developed 
out of classification and regression trees and bagging approaches 
(Breiman, 2001; Evans et al., 2011). Each tree is trained by selecting a 
random set of variables and a random sample from the training dataset 
(Vincenzi et al., 2011). The final classification prediction is a majority 
vote based on predictions for all the trees in the collection (Breiman, 
2001; Effrosynidis et al., 2018). 

In both MaxEnt and RF, 75% of the distribution data was randomly 
selected to train the models, while the remaining 25% was used to test 

the models. The MaxEnt model was developed in MaxEnt version 3.4.1. 
The recommended default parameters for the convergence threshold 
(10–5), maximum number of iterations (500), and maximum number of 
background points (10,000) were used and repeated 10 × with boot
strap resampling. The randomForest package (Liaw and Wiener, 2002) 
in R version 4.0.2 (R Development Core Team, 2009) was used to train 
the RF model. The two main user-defined parameters in the RF model 
were the number of variables to test at each node (mtry) and the number 
of trees in the forest (ntree). We pre-tested the models using various 
mtry and ntree values in order to identify the optimal settings and 
estimated the model errors. The model performance was relatively sta
ble, and the error was relatively low when mtry = 10 and ntree = 1,000. 
Therefore, these values were used in the RF model settings. To minimize 
the stochasticity that is inherent in RF, the model was replicated 30×, 
and the average of the best ten runs served as the final output. After the 
aforementioned models were constructed separately, an average 
consensus method was used to generate the ensemble model (Marmion 
et al., 2009; Crimmins et al., 2013). 

All model outputs were plotted as grid maps with a 30-arcsec reso
lution (approximately 1 km). The value of each grid cell represented the 
distribution probability in floating-point format ranging from 0 to 1. 

Table 1 
Environmental variables used in the models.  

Data type Variable Unit Source 

Topography Distance from 
shore 

m Data from globalfishingwatch.org  

Elevation m ETOPO1 data from NOAA  
Compound 
topographic 
Index 

– A function of slope and upstream area 
per unit of orthogonal width 
contributing to flow direction (Moore 
et al., 1993; Gessler et al., 1995), 
calculated in ArcGIS 10.7 and based 
on elevation data  

Local deviation 
from global 

– Calculated by Local Deviation from 
Global tool in ArcGIS 10.7 based on 
elevation data to indicate the 
landform process 

SST SST of the coldest 
quarter 

◦C NASA MODIS-Aqua L3 products (htt 
p://oceancolor.gsfc.nasa.gov)  

SST of the 
warmest quarter 

◦C NASA MODIS-Aqua L3 products (htt 
p://oceancolor.gsfc.nasa.gov)  

SST of the driest 
quarter 

◦C NASA MODIS-Aqua L3 products (htt 
p://oceancolor.gsfc.nasa.gov)  

Annual mean SST ◦C NASA MODIS-Aqua L3 products (htt 
p://oceancolor.gsfc.nasa.gov)  

Annual SST range ◦C NASA MODIS-Aqua L3 products (htt 
p://oceancolor.gsfc.nasa.gov) 

SSS Annual mean SSS ‰ Bio-ORACLE data (Tyberghein et al., 
2012; Assis et al., 2017)  

Annual SSS range ‰ Bio-ORACLE data (Tyberghein et al., 
2012; Assis et al., 2017) 

Substrate 
type 

Substrate type – 2018 AHO S57 map 

Water 
quality 

pH – Spatial interpolation based on 861 
sites (Survey conducted in 2015 by 
the State Oceanic Administration)  

Phosphate mg/ 
L 

Space-time phosphate concentration 
prediction (Jiang et al., 2019)  

Nitrate mg/ 
L 

Space-time nitrate concentration 
prediction (Jiang et al., 2019)  

Transparency m NASA MODIS-Aqua products (htt 
p://oceancolor.gsfc.nasa.gov), using 
retrieval algorithms developed by Lee 
et al. (2015)  

Suspended solids mg/ 
L 

NASA MODIS-Aqua products (htt 
p://oceancolor.gsfc.nasa.gov), using 
retrieval algorithms developed by  
Tassan (1994) and He et al. (2013)  

Chlorophyll α mg/ 
m3 

NASA MODIS-Aqua products (htt 
p://oceancolor.gsfc.nasa.gov), using 
retrieval algorithms developed by  
John et al. (2019)  
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Grid maps with continuous values were simplified into binary maps and 
classified as either suitable (1) or unsuitable (0) for further analysis. The 
lowest presence threshold (Pearson et al., 2007), which is the lowest 
predicted value associated with any real presence points (Udyawer et al., 
2020), was adopted as the threshold level to produce the binary maps. 

2.4.2. Model evaluation 
The area under the receiver operating curve (AUC) and the true skill 

statistic (TSS) were used to evaluate the predictive performance and 
accuracy of all models (Fourcade et al., 2018; Phillips et al., 2006). The 
AUC value is in the 0–1 range and indicates the degree of agreement 
between the model projection and actual occurrence data (Elith and 
Graham, 2009). The model was considered usable when AUC was 
greater than 0.75. AUC values between 0.90 and 1.0 indicated excellent 
model performance (Fourcade et al., 2018). TSS is a threshold- 
dependent model evaluation metric that accounts for both model 
omission and commission errors. TSS ranges from − 1.0 to + 1.0, where 
+ 1.0 represents perfect performance and ≤ 0 indicates a performance 
worse than random prediction (Allouche et al., 2006). For both MaxEnt 
and RF, mean AUC and TSS values across the ten replicates per algo
rithm were used to assess the overall model performance (Kaky et al., 
2020; Udyawer et al., 2020). 

2.5. Pressure assessment 

Compared to natural disturbances, human population expansion is 
now the most serious cause of seagrass habitat loss; more specifically, 
increasing anthropogenic input to the coastal oceans is primarily 
responsible for the worldwide seagrass decline (Short and Wyllie- 
Echeverria, 1996). In rapidly developing regions, seagrass loss is 
correlated with coastline urbanization (Effrosynidis et al., 2018). 
Additionally, human activities, such as land reclamation, harbor con
struction, aquaculture, boating, anchoring, and certain fishing practices 
have caused seagrass damage (Duarte, 2002; Herbeck et al., 2014; 
Hotaling-Hagan et al., 2017; Short and Wyllie-Echeverria, 1996; 
Thomsen et al., 2020). 

The southeastern coast of China is the most densely populated and 
economically developed region in the country. Thus, the seagrass 
meadows of the area are subjected to anthropogenic pressure (Xiao 
et al., 2020). A geospatial approach was proposed to rapidly estimate the 
magnitude of this pressure. The study area was divided into 1 km grids 
with the same resolution as the SDMs. For each grid cell, human pressure 
intensity was quantified considering the types of pressure and the dis
tance from their sources (Parravicini et al., 2012). The direct/indirect 
pressures included population density, fishery economy, aquaculture, 
and shipping (Table 2). An integrated exposure index was developed to 
calculate the total exposure: 

E =
∑n

i=1
Wi × Zi (1)  

where E is the integrated exposure index, Ziis the value of pressure i, Wi 
is the weight of pressure i, and n represents the number of pressures. 
Previous studies suggest that aquaculture is the most serious source of 
seagrass meadow disturbance in China (Han, 2016; Short et al., 2011; 

Thomsen et al., 2020; Zheng et al., 2013). Hence, the weight of aqua
culture was set to 0.4, and the weights of the other three indices were set 
to 0.2. 

Population density and fishery economy pressures were calculated 
based on 1 km grid 2015 population and GDP maps of China. Coastal 
settlements were extracted according to population density. The ratio of 
the gross fishery output to the total GDP was calculated for each coastal 
province, while the GDP map grid values were adjusted to represent only 
the fishery output values. Coastal aquaculture and shipping areas were 
extracted from surveys and nautical charts (Table 2). The Euclidean 
distance tool in ArcGIS version 10.7 was then used to calculate the 
distance from each pressure. To facilitate calculation and comparison, 
the grid values in each pressure layer were standardized to a range of 
0–1 as follows: 

Zj =
max(x) − xj

max(x) − min(x)
(2)  

where Zj is the standardized value of grid j Xi is the original value of grid 
j, max(X) is the maximum value of the grids within the study area, and 
min(X) is the minimum value of the grids within the study area. 

2.6. Conservation and restoration prioritization 

To identify the potential areas that could pose the greatest threats to 
seagrass or with the highest conservation priority, we superimposed the 
pressure map to the distribution map. A conceptual two-dimensional 
framework was proposed to help identify conservation and restoration 
priorities (Fig. 3). Areas with high seagrass habitat suitability and low 
anthropogenic pressure were the most conducive to seagrass habitat 
maintenance. At the same time, low-intensity human activity reduced 
the conservation costs. Therefore, theoretically, these areas could be 
classified as conservation priorities. However, seagrass is prone to 
degradation in suitable areas with high anthropogenic pressure. Areas 
with moderate anthropogenic pressure constitute restoration priorities, 
while those under severe anthropogenic pressure are poor candidate 
sites for seagrass restoration owing to the high maintenance costs 
(Hotaling-Hagan et al., 2017). Based on the framework, the two di
mensions of suitability and pressure were then projected into a bivariate 
choropleth map to determine the locations of conservation and resto
ration priorities. Furthermore, we overlaid the existing MPAs (Hu et al., 
2020) on the seagrass distribution map, and analyzed the potential 
conservation gaps. 

Table 2 
Pressure indicators and data sources.  

Indicator Data Source 

Population 
density 

Grid dataset of China’s population distribution (http://www. 
resdc.cn/) (Xu et al., 2017a) 

Aquaculture 2019 coastal survey data of the Ministry of Natural Resources 
Fishery 

economy 
Grid dataset of China’s GDP distribution (http://www.resdc.cn/) 
(Xu et al., 2017b); China fishery statistical data (MARA of PRC, 
2016) 

Shipping 2018 IHO S-57/Electronic Nautical Charts  
Fig. 3. Conceptual framework for identifying potential conservation and 
degradation areas. 
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3. Results 

3.1. Model performances and predictors 

The AUC values for the MaxEnt, RF, and ensemble models were 0.99, 
0.92, and 0.91, respectively, while their TSS values were 0.65, 0.85, and 
0.82, respectively. The AUC values indicated that all three models had 
excellent performance. Nevertheless, the RF and ensemble models had 
higher TSS than the MaxEnt model. The statistical tests showed that all 
the three models were highly reliable at simulating potential seagrass 
habitat suitability. 

The relative importance of the environmental variables was inter
preted by percent contribution in the MaxEnt model and mean decrease 
accuracy (MDA) in the RF model. Among the 18 environmental pre
dictors, the main contributors were distance from shore, annual mean 
SSS, and nitrate content, which ranked in the top 30% according to both 
the percent contribution and the MDA (Fig. 4). The best suitable ranges 
of the main predictors were distance from shore < 885 m, annual mean 
SSS in the 33.09–33.17‰ range, and nitrate content in the 0.01–0.06 
mg/L range. Considering that the distribution of tropical Indo-Pacific 
seagrasses is often limited by temperature, the best suitable range of 
annual mean SST was also calculated as 27.2–32.7 ◦C. 

3.2. Potential habitat and suitability 

Each model predicted the potential seagrass distribution area 
differently. For RF, MaxEnt, and the ensemble models, it was 4,851.56 
km2, 4,417.69 km2, and 3,536.41 km2, respectively (Table 2). The 
lowest presence thresholds used to produce the binary maps were 0.13, 
0.09, and 0.15 for the RF, MaxEnt, and ensemble models, respectively. 
The overall model agreement was high, and all models predicted similar 
areas as being suitable seagrass habitats, both in the vicinity of known 
seagrass locations and in unsampled areas (Fig. 5a-c). 

The results predicted by the MaxEnt, and RF models were similar for 
southern regions, such as Hainan Province (Fig. 5a, b). Suitable seagrass 

habitats were nearly continuously distributed around Hainan Island, 
with the exception of its southwest coast. The suitable seagrass habitats 
in Hainan accounted for approximately 50% of the total estimated 
suitable area in the three models and covered the largest area among all 
four provinces. MaxEnt provided a marginally more conservative esti
mate than RF for the northern region. In Fujian Province, the suitable 
areas predicted by MaxEnt were concentrated at the junction of Fujian 
and Guangdong, near the Tropic of Cancer. The habitats predicted by RF 
were distributed intermittently to the northern boundary of the entire 
study area. Overall, the seagrass distribution area predicted by all three 
models decreased with increasing latitude. 

The theoretical seagrass habitat suitability decreased along the lati
tude gradient. High suitability values occurred between 18 ◦N and 22 
◦N, a zone characterized by tropical climate (Fig. 5a-c). In all three 
models, the most suitable habitats appeared along the east coast of 
Hainan Island. MaxEnt and RF predicted similar suitability values within 
the same provincial geographic range (Table 3). 

3.3. Spatial pressure patterns 

The spatial patterns of the four exposure indices differed (Fig. 6a-d). 
The population density pressure was higher in the north than the south. 
The coastal areas of Xiamen and Shantou were under the highest pop
ulation density pressure while that along the southwestern coast of 
Hainan was the lowest. Although areas under high fishery pressure 
occurred along the coasts of all four provinces, they were most 
concentrated in northern Guangdong and southern Fujian. The map of 
aquaculture activities indicated widely spreading pressures along the 
southeast coast of China, while the pressures in Guangxi and west 
Hainan were relatively low. The patterns for shipping pressure resem
bled those for aquaculture pressure. Large ports were widely distributed 
along the coastline of the study area except for the southeastern corner 
of Hainan Island and the western coast of Leizhou Peninsula. 

The integrated exposure index was calculated based on the four 
indices (Fig. 6e). Within South China, 48% of the coastal seas were 

Fig. 4. Contribution of environmental variables.  
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Fig. 5. Suitable seagrass habitat distribution in the coastal sea of South China (Predicted by a. MaxEnt model, b. RF model, and c. ensemble model).  
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under high or extremely high pressures. The results indicated a higher 
exposure trend in the north and a lower exposure trend in the south, 
taking the Pearl River Estuary as a demarcation mark. The pressure in 

southern Fujian, northern Guangdong, and the Pearl River Estuary was 
high and the extent of the impact was broad. In contrast, exposures were 
relatively low in the coastal areas of Hainan and Guangxi. 

Table 3 
Area and suitability of potential habitats for seagrasses in the coastal sea of South China.  

Province Latitude extent Area (km2) Maximum suitability 

MaxEnt RF Ensemble MaxEnt RF Ensemble 

Hainan 17◦57′N–20◦07′N  2,239.57  2,288.21  2,078.19  0.96  1.00  0.94 
Guangdong 20◦07′N–23◦37′N  1,592.09  1,169.33  830.91  0.67  0.69  0.61 
Guangxi 21◦26′N–21◦56′N  557.60  1,255.54  608.97  0.84  0.80  0.67 
Fujian 23◦37′N–24◦55′N  28.43  138.48  18.34  0.38  0.38  0.24 
Total 4,417.69  4,851.56  3,536.41  –  –  –  

Fig. 6. Anthropogenic pressures in coastal areas and in 12 nautical miles of territorial sea.  
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3.4. Spatial analysis for conservation and restoration concerns 

We summarized the distribution of MPAs along the mainland coast of 
South China and found that until 2018, there were 46 national and 
provincial MPAs, of which only two were designated for seagrass. One 
county-level MPA in Guangdong Province assigned seagrass as its pro
tection object (Fig. 7). The total area of the three MPAs was only 409.53 
ha. However, the total recorded area for all seagrass meadows in South 
China was ~ 7,555.4 ha (Zheng et al., 2013), with a predicted potential 
distribution much larger than this number. Therefore, the seagrass 
habitat conservation rate is extremely low (<5%), indicating the exis
tence of a large conservation gap. 

We then superimposed the exposure map onto suitable habitat plots 
to identify priority areas for seagrass conservation and restoration. 
These areas were marked using a color continuum based on the 
suitability-pressure framework (Fig. 8). The results indicated that most 
high-pressure areas did not correspond to the highly suitable seagrass 
habitats. The seagrass distribution hotspots were situated between 18 ◦N 
and 22 ◦N south of the Pearl River Estuary, whereas the high-pressure 
areas were concentrated to the north of the Pearl River Estuary. 
Hence, seagrass bed refuges were more likely to exist in southern re
gions, such as Hainan and Guangxi. There may be endangered seagrass 
meadows in sites where high suitability and high pressure occur 
simultaneously, e.g., in Dongzhai Harbor in Hainan and Daya Bay in 
Guangdong. Areas with high suitability and moderate pressure, such as 
Lingshui, Lingao, and Hepu, were identified as possible restoration 
priorities. Meanwhile, areas with high suitability combined with low 
pressure, such as Dongfang, Wanning, and Fangchenggang, could be 
considered as conservation priorities. 

4. Discussion 

4.1. Environmental drivers of distribution 

Seagrass distribution is influenced by many environmental variables. 
Different studies have chosen different variable combinations to model 

seagrass distribution. The most commonly used variables were SST, 
salinity, bathymetry, distance from shore or coastal cities, phosphate 
content, nitrate content, and light conditions (Bittner et al., 2020; 
Effrosynidis et al., 2018; Stankovic et al., 2019). Among the variables, 
we found that the most important drivers of seagrass distribution in 
South China were distance from shore, salinity, and nitrate content. 
Onshore development often negatively impacts water clarity in shallow 
coastal waters (Waycott et al., 2009), causing high sediment input that 
increases turbidity and leads to a decrease in the available light for the 
growth of seagrasses (Hotaling-Hagan et al., 2017). Salinity affects 
seagrass physiology, biochemistry, and ultimate survival (Munns, 
2002). The growth of Thalassia hemprichii (one of the dominant seagrass 
species in South China) was retarded when the salinity fell to 22‰ 
(Jiang et al., 2013), while salt-tolerant microalgae predominated in 
response to increasing salinity and impacted the seagrass ecosystems 
negatively (Huang et al., 2006). Nutrients promote seagrass growth in 
oligotrophic environments, whereas excess nutrients cause seagrass to 
decline by creating imbalances in the internal nutrient supply ratios (Liu 
et al., 2017). Besides, nutrient pollution is one of the most serious 
anthropogenic sources that affect the seagrass meadow decline, as it 
leads to undesired epiphytic algal coverage. Epiphytic algal growth not 
only increases the risk of leaf breakage, but also prevents light from 
reaching the seagrasses (Foster et al., 2017). 

Moreover, nutrients and salinity synergistically influence seagrass car
bon fixation and nitrate absorption (Zhang et al., 2018). Temperature is 
another driving factor of global seagrass distribution. The optimal temper
ature ranges for tropical/subtropical seagrass growth and photosynthesis 
are 23–32 ◦C and 24.5–32.5 ◦C, respectively (Lee et al., 2007). 

Compared with previous modeling studies, here we found that the 
relative importance of each environmental driver varied with study 
scale. In the global model, SST and distance from land contributed the 
most in predicting seagrass distribution (Jayathilake and Costello, 
2018). At regional scales (such as the Mediterranean), the most impor
tant variables determining the seagrass presence-absence were chloro
phyll-α levels and distance-to-coast (Effrosynidis et al., 2018). On the 
local scale (1,000 s of km2), surface nitrate concentration, benthic light 

Fig. 7. Distribution of MPAs and current status of seagrass conservation.  

W. Hu et al.                                                                                                                                                                                                                                      



Ecological Indicators 129 (2021) 107960

10

availability, wave exposure, and distance to sandy shore determined 
suitable seagrass habitat distribution (Bittner et al., 2020; Downie et a., 
2013). On even smaller scales, models have identified sedimentation 
rate and light intensity as the most important factors, followed by 
porewater nitrate content (Stankovic et a., 2019). In the present study, 
we identified driving factors that were similar to those of previous 
studies on regional and local scales, e.g., distance to the shore and ni
trate concentration. Therefore, in future seagrass distribution research, 
environmental variable selection should be adjusted according to the 
study scale. 

4.2. Model adaptation and the application of habitat suitability map 

SDMs provide valuable and cost-effective tools for conservation 
planning, especially in poorly surveyed regions under accelerating 
pressure of habitat loss and degradation (Marmion et al., 2009). Our 
results demonstrated that seagrass distribution in the South China re
gion can be successfully modeled using different algorithms. Though RF 
requires presence-absence data while MaxEnt is based on presence-only 
data, each model generates satisfactory results when it is used inde
pendently. The results of our study indicated that, although the RF and 
ensemble models performed well in certain earlier studies (Effrosynidis 
et al., 2018; Stankovic et al., 2019), MaxEnt can still be used as an 
alternative tool for effective modeling when reliable absence data is 
deficient or lacking, without leading to significant performance 
degradation. 

The extent of suitable regions predicted by MaxEnt was slightly 
smaller than that predicted by RF. This finding is consistent with pre
vious comparison studies reporting that MaxEnt generally predicted the 
lowest seagrass habitat suitability scores while RF frequently predicted 
larger areas of intermediate seagrass habitat suitability (Georgian et al., 
2019). MaxEnt is relatively more prone to overfitting than the classifi
cation and regression tree algorithms (Anderson et al., 2016a, 2016b; 
Downie et al., 2013). In general, both models predicted similar spatial 
patterns in seagrass distribution, whose area differed by only < 10%. In 
contrast, the ensemble model predicted the smallest suitable area. 

Downie et al. (2013) stated that the ensemble shifted the model towards 
a more conservative prediction, thereby increasing specificity at the 
expense of sensitivity. We believe this is because the ensemble model has 
excluded the differences between MaxEnt and RF while retaining their 
most reliable aspects. As the ensemble models typically make robust 
predictions, they are preferred for spatial management applications 
(Anderson et al., 2016a, 2016b; Araújo and New, 2007). 

This study predicted more distribution sites, such as south Fujian, 
Hong Kong, and the west coast of Hainan Island, than the presence 
dataset. According to historical records, seagrasses were once found in 
Quanzhou, Xiamen, Dongshan in Fujian, and Hong Kong (Zheng et al., 
2013). Newly discovered seagrass meadows were also reported along 
the western coasts of Hainan Island (Huang, 2019; Jiang et al., 2017). 
Therefore, the present study provides a reliable basis map for future 
seagrass surveys. Many unrecorded seagrass meadows might exist in 
areas that are highly suitable as habitats. These uncharted seagrass beds 
must be discovered and plotted before they “silently disappear” under 
rapid economic development (Jiang et al., 2017). The Chinese govern
ment plans to launch national seagrass survey and monitoring within the 
next few years. To obtain a comprehensive baseline of seagrass habitat, 
we suggest that the survey should focus on unexplored areas with 
potentially high seagrass habitat suitability, e.g., the northwest coast of 
Hainan Island, the west margin of Guangxi, and south Fujian . Mean
while, attention should be paid to the subtidal zone, as previous surveys 
mainly focused on the intertidal section (Yang, 2017). 

4.3. Suggestions for seagrass conservation and restoration management 

Ecological niche modeling visualizes suitable biomes and species 
habitats and identifies priority protection and restoration areas to guide 
decision-makers (Silva et al., 2018). Coupling the modeling method and 
exposure assessment, the results of the present study allowed us to 
propose management strategies for sustainability of seagrass habitats 
and support the nature-based solutions within the region. 

Although the global conservation percentage of recorded seagrass is 
as low as 26% (UNEP, 2020), the corresponding percentage for China is 

Fig. 8. Spatial pattern of conservation and restoration priorities.  
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even lower. Moreover, the seagrass meadows in the nature reserves are 
facing large-scale degradation. In all three seagrass MPAs, there is 
negligible control of anthropogenic activity as there is insufficient 
human intervention or financial support. In Lingshui and Hepu, aqua
culture, sand pumping, and artisanal fishing have negatively impacted 
the seagrass meadow status (Huang, 2019; Lin et al., 2020). During our 
investigation, we found that the surrounding shrimp pond and cage 
culture accelerated the degradation of seagrass meadows in Lingshui 
and Wenchang. Sipunculus nudus excavation and clam harrowing 
damaged seagrass roots and benthic habitats in Hepu. Thus, we believe 
that it is imperative to strengthen the protection of seagrass meadows. 

Despite the huge conservation gaps observed, we found that certain 
existing MPAs actually have seagrass distribution. Nevertheless, seagrass 
meadows are not considered as protected objects in areas such as the 
Wenchang Eucheuma provincial nature reserve in Hainan and Hailing Is
land national marine park in Guangdong. Therefore, we propose that sea
grass meadows should be categorized as protected objects of the 
aforementioned MPAs, with implementation of multi-target protection. 
Continuous seagrass monitoring in these areas should be conducted to 
determine seagrass status and apply timely protective countermeasures. In 
addition, new MPAs or restoration projects could be implemented after 
further investigation and research in the predicated priority areas. For 
example, Lingshui, Lingao, and Hepu were identified as candidates for 
restoration, where the known seagrass area exceeds 1000 ha, but face 
serious degradation (Chen et al., 2015; Zheng et al., 2013). 

Indeed, it has been confirmed that the removal of threats is impor
tant prior to replanting. For example, reduced water quality (mainly 
eutrophication) and construction activities impede restoration success 
more than local direct impact and natural causes (van Katwijk et al., 
2016). In the current study, we sought to explore the anthropogenic 
pressure gradient within the seagrass distribution areas of South China. 
Importantly, the pressure in the north is greater than that in the south 
due to the concentration of fishery and aquaculture activities within the 
northern area. For instance, the population of Guangdong Province 
alone is approximately twice that of Guangxi and Hainan provinces. 
Moreover, the fishery production value of the former is approximately 
13 times greater than that of the latter, with the marine aquaculture area 
nearly three times that in the Guangxi and Hainan provinces (MARA of 
PRC, 2016). The results from the current study indicate that among the 
four pressure indices, aquaculture made the strongest contribution. In 
fact, China is the main producer of aquaculture fish raised for food, 
accounting for approximately 60% of the global production (FAO, 2020; 
Thomsen et al., 2020). Seagrass often disappears under floating fish 
cages, while the surrounding areas display signs of degradation, such as 
increasing seagrass shoot mortality and low seagrass abundance, shoot 
density, biomass, and vertical rhizome growth (Herbeck et al., 2014). 
Nutrient enrichment was found in seagrasses and their epiphytes near 
aquaculture sites (Liu et al., 2016). In Northeast Hainan, high exposure 
to aquaculture effluents has caused the degradation or even the loss of 
seagrass (Herbeck et al., 2014). Therefore, we suggest that when un
dertaking restoration projects in priority sites, the scale of aquaculture 
activities should be reduced to remove some pressures, thereby 
contributing to better restoration effectiveness. 

5. Study uncertainty and limitations 

The results of the present study were compared with the two pub
lished global seagrass distributions (Jayathilake and Costello, 2018; 
UNEP-WCMC and Short, 2020). Our models predicted an average area of 
4,269 km2, whereas UNEP-WCMC and Short (2020) estimated an area of 
7,622 km2 for the same region according to their polygon dataset. The 
UNEP-WCMC and Short (2020) dataset omitted the sites in Guangxi and 
Fujian and was quite rough in Guangdong and Hainan. This may be 
owing to the lack of reliable presence records for East Asia. The seagrass 
distribution area predicted by Jayathilake and Costello (2018) was 
14947 km2, which was nearly double that predicted by UNEP-WCMC 

and Short (2020). In addition to the unreliable presence records, this 
could potentially be attributed to the excessive extrapolation of the 
model. When we account for seagrass habitat degradation and frag
mentation, the actual seagrass distribution in South China is possi
bly<4,000 km2. The overall results of UNEP-WCMC (2020) and 
Jayathilake and Costello (2018) are global in scope. At the regional 
South China level, however, both studies may have overestimated the 
real seagrass distribution area. 

The greatest total seagrass distribution area in the global model may 
occur in the 20–25 ◦N latitudinal band (Jayathilake and Costello, 2018). 
According to our study, the largest seagrass area in mainland China was 
localized to 18–22 ◦N. By contrast, the estimated extent of seagrass 
meadows in Southeast Asia is more than 36,762.6 km2 (Fortes et al., 
2018), occurring at a much lower latitude than South China. Large and 
lush seagrass meadows have been recorded in Indonesia (Du et al., 2016; 
2018;; Unsworth et al., 2018) and the Gulf of Thailand (Du et al., 2020), 
supporting high fish species richness. Therefore, seagrass meadow dis
tributions may regionally differ along the same latitude. For instance, 
the largest seagrass meadow distribution in the Indo-Pacific region oc
curs at far lower latitudes than those elsewhere. 

The present study mapped seagrass distribution in South China ac
cording to various environmental factors. However, SDMs cannot fully 
consider seagrass habitat occupancy or degradation. For example, the 
models we established used predictors of resolution ≥ 1 km and, thus, 
may not capture small scale heterogeneity within 1 km2. This may also 
cause the model to be more highly driven by factors with significant 
large-scale gradients, while identification of the small scale effects of 
environmental factors is more challenging. Moreover, when assessing 
anthropogenic pressure, only four indicators were selected to map the 
integrated exposure; however, various other anthropogenic activities 
may also impact seagrass. For instance, it has been found that recrea
tional boating damages seagrass, which is also one of the reported causes 
responsible for seagrass restoration failure (Hotaling-Hagan et al., 2017; 
Van Katwijk et al., 2016). Hence, the actual seagrass distribution under 
various pressures may, in fact, be much lower than predicted. A 
comprehensive field survey is required to determine the true seagrass 
distribution and threats to it. Moreover, in the future, the existing 
presence dataset must be enhanced with records of different genera or 
species as each taxon might have its own unique environmental drivers 
and distribution ranges (Bittner et al., 2020; Jayathilake and Costello, 
2018). Furthermore, conservation and restoration measures must assign 
top priority to rare and endangered species. These inter-specific differ
ences were not considered in the present study. Finally, whereas pseudo- 
absence records were used in RF modeling here, future studies should 
integrate true absence data into their models (Georgian et al., 2019). 

6. Conclusions 

Currently, the lack of accurate information regarding seagrass dis
tribution and the threats they face in China hinders the effective con
servation and restoration of seagrass habitat. In this study, we mapped a 
potentially suitable seagrass habitat range of 3,536–4,852 km2 in the 
southern region of mainland China, which was far smaller than the 
prediction made by a global model of the same region. Three different 
models were used and have been proved to be effective, of which RF was 
relatively more powerful at predicting marginal distributions. The main 
environmental drivers included distance from shore, annual mean SSS, 
and nitrate content. The results disclosed large seagrass conservation 
gaps. With a very low protection percentage of<5%, the seagrass beds in 
South China are facing degradation caused by anthropogenic pressures. 
However, there may remain numerous undiscovered seagrass meadows. 
By combining habitat suitability with integrated exposure, we proposed 
a framework for targeting seagrass conservation and restoration prior
ities. Spatial analysis was performed to map these locations in order to 
promote targeted management. Developing these maps based on SDMs 
and pressure assessment can contribute to a better understanding 
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regarding the status of, and threats faced by seagrasses, as well as help 
prioritize locations for future surveys, especially in regions deficient in 
seagrass distribution data. We expect that the habitat suitability- 
anthropogenic pressure framework established here could be used as 
an efficient tool for ecosystem management contributing to the sus
tainability of seagrasses and the ecosystem services they provide. 
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Katwijk, M.M., Thorhaug, A., Marbà, N., Orth, R.J., Duarte, C.M., Kendrick, G.A., 
Althuizen, I.H.J., Balestri, E., Bernard, G., Cambridge, M.L., Cunha, A., Durance, C., 
Giesen, W., Han, Q., Hosokawa, S., Kiswara, W., Komatsu, T., Lardicci, C., Lee, K.-S., 
Meinesz, A., Nakaoka, M., O’Brien, K.R., Paling, E.I., Pickerell, C., Ransijn, A.M.A., 
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