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ABSTRACT
The objective of this study was to understand how the biological and environmental factors affect fish community structures. 
Using the data of fish communities in Leizhou Bay waters, northern South China Sea, this study built an ecological network 
based on the model niche overlap between species. The effects of biological and environmental factors on the fish community 
structure complexity were analysed using principal component analysis (PCA) and generalised linear model (GLM), of 
which the complexity was represented with a global weighted clustering coefficient (mCw) of the network. Results showed 
that the fish community structure was highly complex with significant seasonal variations (mCw = 0.821±0.081, p<0.01) and 
it was dominated by the strong interspecific associations (mCw>C). A large quantity of species associations decreased the 
chances of the cascading species extinction in terms of the magnitude of direct (ki) and indirect (tris) species associations. 
The direct species associations (ki: Estimate = -4.23, p<0.01) and the indirect species associations (tris: Estimate =3.12, 
p<0.01) were the primary factors, accounting for 89.92% of the variations of the first principal components and then the 
three factors (the number of species, water depth and the positions of sampling sites) contributed to 83.1% variations of the 
second principal components. In all, the species associations directly affected the fish community in Leizhou Bay, which 
were influenced by the species abundance under the driving of environmental factors.
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Introduction

As a self-organizing system, an ecosystem maintains 
a complex state between order and chaos (Tzafestas, 2018) 
due to the adaptions and species interactions (Tansley, 
1935; Zhang et al., 1998). There has been considerable 
debates regarding relationships between complexity 
and stability of community or ecosystem (Pimm, 1984; 
Cohen and Newman, 1985; Haydon, 1994; Christianou 
and Kokkoris, 2008; Demongeot and Demetrius, 2015; 
van Altena et al., 2016; Landi et al., 2018). Most of the 
previous studies aimed to solve ecological or evolutionary 
problems through the knowledge of complexity. However, 
considerable attention has been paid to understand species 
interactions (Landi et al., 2018; Li et al., 2021) and less 
effort has been invested in how species interactions affect 
community complexity (Banasek-Richter et al., 2009; Lin 
et al., 2020). Very little is known about species interactions 
at community-level (Benedek et al., 2007), despite 
interactions between individuals in population-level can 
form complex spatial structure in small scales (Plank et al., 
2020). The community is essentially a complex ecological 
network with species interactions (Montoya et al., 2006; 

Gu et al., 2017), which are usually determined by field 
sampling (Silknetter et al., 2020). However, even in small 
scale ecosystems, species interactions were affected by 
species abundance (Morales-Castilla et al., 2015). 

Interspecific association, a form of species interaction, 
reflects the spatial relationships between species within a 
community (Sfenthourakis et al., 2006) and is a driving 
force in community succession (Maihaiti and Zhang, 
2014). Analysis of associations is an effective way to 
identify community structure (Zbinden, 2021), especially 
when experiments cannot detect the spatiotemporal 
variation in species interactions (Chamberlain et al., 
2014). Interspecific associations are usually categorised 
to be positive, negative and neutral (Diekmann et al., 
2003; Sfenthourakis et al., 2006; Maihaiti and Zhang 
2014; Calatayud et al., 2020). However, these studies 
neglected the latent effects of pair-association between 
species (Morueta-Holme et al., 2016). Ecological network 
analysis can quantify these latent effects as indirect 
association between species, improves understanding of 
processes involved in ecological succession and has been 
performed on a wide range of communities from bacteria 
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(Zhao et al., 2016), plants (Gu et al., 2017), birds (Rasool 
et al., 2021), freshwater fishes (Zbinden 2021) and marine 
fishes (Albouy et al., 2019).

The complexity of biological communities varies 
in time and space (Ushio et al., 2018), with biological 
processes at scales of thousands of miles being driven 
by the smaller local scales (hundreds of miles or even 
smaller scales) (Barbier, 2017). Spatial patterns in fish 
population were reported to be significantly influenced 
by environmental factors (Zeng et al., 2019), but further 
study on the effects of biological interactions on the 
community structure is needed to gain deeper insights 
into development of community complexity (Maihaiti and 
Zhang, 2014). Using fish communities as an example, we 
aimed to monitor how the biological and environmental 
factors affect local marine ecosystem at community level.

Methods and model building
Study area and data collection

Fish community data were collected from eight 
fishery resource surveys in April (Spring), August 
(Summer) and November (Autumn) of 2016, February 
(Winter), April (Spring), August (Summer) and November 
(Autumn) of 2017 and January (Winter) of 2018 (Fig. 1 ). 
Sampling was undertaken from as much as 20 stations 
during monthly survey, except in February 2017, where 
only 19 stations were available. Fish samples were 
collected during day time using bottom trawls from the 
same fishing boat from all the sampling sites. The trawls, 
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Fig. 1. Study area and sampling sites. The blue lines are isobaths with the numbers showing the water depth

with the minimum mesh size of 25 mm in cod end, were 
towed about 45 to 60 min along the bottom, maintained 
at 3 knots at each sampling site. The data included the 
number of fish species (N) and the number of associations 
(L). For each station, water depth (Depth) and dissolved 
oxygen (DO), latitude (lat) and longitude (lon) and season 
(month) were recorded.

After eliminating species occurring at <10% of 
stations [to reduce the impact of rare species on ecological 
community (Zeng et al., 2019)], data for 206 species 
remained for ecological network modeling.

Establishing a species association network

Three hypotheses were established to perform species 
associations in network analysis:

(1) The rate of emigration equals that of immigration 
(i.e. the community is in a state of equilibrium);

(2) No significant seasonal or annual variation in 
anthropic impact on fish community exists during the 
period of study;

(3) The community complexity is the sum of species-
association complexity (i.e. the global weighted 
complexity in a community is the sum of local weighted 
complexity).

Interspecific associations occur with niche overlap  
between two species (Helaouet and Beaugrand, 2009). 
A temporal and spatial niche overlap model treats each 
fish species as a subunit and assumes that interspecific 
association occurs when two species are caught together at 
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a sampling site. The intensity of interspecific associations 
is quantified by species overlap (Schoener 1974):

Wij = 1 - 1
2

∑ pi - pj
....................................................(1)

where wij is the intensity of an interspecific association 
between species i and species j, pi and pj are the abundance’s 
percentages of species i and j in the total abundance of a 
sampling site.

Calculating community complexity

Determining the complexity of community structure 
(hereinafter complexity) involves calculating local 
weighted complexity (Cwi), global weighted complexity 
(mCw) and global unweighted complexity (C). Cwi  explains 
the change in complexity from the perspective of 
species. mCw reflects seasonal and annual differences 
in complexity. If mCw>C, the community is more likely 
formed by the edges of the interconnected triples in the 
network, which means that the topological clustering is 
generated with larger weights. On the contrary, mCw<C 
denotes a network that formed with low weight (Boccaletti 
et al., 2006).

A local-weighted clustering coefficient is used to 
reflect the local complexity (the contribution of each 
species to complexity) (Barrat et al., 2004; Emmert-
Streib, 2013).

Local weighted complexity, Cwi:

Cwi = 
1

Si (ki - 1)
∑j,k

.......................(2)
wij + wik

2
aij ajk aki

Si =  ∑ aij wij ....................................................................(3)

Global unweighted complexity, C:

C = 
1
N

∑i
.......................................................(4)

2aijajkaki

ki(ki-1)

where Si is the strength of association between species i 
and other species in the community; ki is the number of 
direct associations of species i; wij is the niche overlap 
value of species i and j; aij is 1 when species i associated 
with species j (or 0 otherwise) and N is the number of 
species. Triplets (tris) representing the number of indirect 
associations of species i, are formed by aij ajk aki, count as 
1 when species i, j and k are associated with each other or 
otherwise 0. 

As the global weighted complexity is difficult to 
measure, so 1000 Monte Carlo sampling of the local 
weighted complexity was carried out and its mean 
value (mCw) is used to reflect the global complexity of 

community structure (Mcassey and Bijma, 2015), with 
standard deviations (sdCw). The temporal change of 
global complexity for the eight surveys were shown in 
seasonal and annual differences.

Relationship between complexity and influencing factors

Because a two-dimensional image does not exhibit 
the relationship between more than two variables and 
complexity at the same time and to prevent the over-
fitting phenomenon of general linear models (GLM), 
principal component analysis (PCA) was used to 
identify the main factors which influence complexity 
(Facchinelli et al., 2001). The biotic variables ki, Si, tris 
and abundance, as well as the abiotic variables Depth and  
DO were standardised using the Z score transformation 
(Cheadle et al., 2003). The PCA results were screened 
by Kaiser-Guttman criterion for principal components 
and variables and the first several principal components 
with eigenvalues greater than 1 were retained (Kaiser, 
1991). The average contribution rate of each variable to 
the principal component was then calculated and variables 
with a contribution rate >the average were retained 
(Yeomans and Golder, 1982).

Variables screened by PCA were used as predictive 
variables and Cwi was used as a response variable. The 
relationship between complexity as well as biotic and 
abiotic variables was fitted by GLM model and factors 
influencing community complexity were derived. A 
gaussian method was selected for the link function 
(McCullagh and Nelder, 1989). A stepwise regression 
method was used to identify the best model i.e. “Step 
model” which was used to represent the results.

The map of the study area and sample sites was 
generated using ArcGIS 10.2 and the network construction, 
complexity analysis, PCA and GLM were performed by  
R version 3.5.1 with SPAA (Zhang, 2016), iGraph (Csardi 
and Nepusz, 2006) PSYCH (Revelle, 2020) Factoextra 
(Kassambara and Mundt, 2020) and FactoMineR (Le et al., 
2008).

Results
Community complexity

The fish community in Leizhou Bay was found to 
be highly complex, with mCw values of 0.821±0.081. 
The seasonal variation was significant (Fig. 2) and 
the community was mainly formed by the edges of the 
interconnected triples (mCw>C, Table 1), denoting stronger 
species association. 

The complexity showed significant (winter, spring) or 
extremely significant (summer, autumn) differences within 
a season in different years and the N values and L values 
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Fig. 2. (a) Seasonal fluctuation in global complexity of fish communities in Leizhou Bay; (b) Result of one-way ANOVA for the 
complexity of each season. Significance levels: *<0.05, **<0.01

Table 1. Seasonal variation of fish community ecological network in Leizhou Bay

Season
Weighted global complexity Unweighted global complexity

N LmCw sdCw C sdC
Spring 2016 0.849 0.049 0.839 0.073 80 2139
Summer 2016 0.894 0.034 0.879 0.055 113 5078
Autumn 2016 0.907 0.025 0.889 0.046 73 2198
Winter 2017 0.838 0.056 0.827 0.080 69 1653
Spring 2017 0.823 0.059 0.811 0.079 83 2328
Summer 2017 0.863 0.042 0.850 0.069 114 4832
Autumn 2017 0.857 0.047 0.844 0.070 77 2177
Winter 2018 0.870 0.036 0.857 0.051 71 1948
All 0.821 0.081 0.809 0.121 206 11602

did not change significantly. In different seasons within 
a year, complexity did not differ significantly between 
summer and autumn, or between winter and spring, but 
differences were extremely significant between spring and 
summer. Seasonal mCw ranged between 0.823-0.907, and 
was highest in autumn of 2016 and lowest in spring of 
2017. Seasonal C ranged between 0.811-0.889 and was 
highest in autumn of 2016 and lowest in spring of 2017. 
N ranged between 69-114 and was highest in summer of 
2017 and lowest in winter of 2017 and L ranged from 1653 
to 5078 and was found highest in summer of 2016 and 
lowest in winter of 2017.

The linear correlation between variables abundance, 
ki, tris and Si was statistically significant when only biotic 
variables were considered (Fig. 3). The best linear fitting 
was ki and tris (R2=0.99, p<0.01), followed by tris and Si 
(R2=0.73, p<0.01) and ki and Si (R

2=0.72, p<0.01). In the 
results for variables abundance with ki tris and Si, the best 
linear fitting was for abundance with ki (R

2=0.58, p<0.01). 

Local complexity was negatively correlated with 
abundance, ki,tris and Si (Fig. 3). The ki had the highest 

effect on local complexity (coefficient -0.156, R2=0.57, 
p<0.01), followed by tris (coefficient -0.0827, R2=0.53, 
p<0.01), with Si and abundance having a weak effect on 
local complexity. 

Factors affecting community complexity

According to the Kaiser-Guttman criterion, the first 
five principal components with eigenvalues >1 explained 
83.20% of variation in the indices of community complexity 
(Fig. 4, Table 2). In terms of the contribution of variables 
to principal components, the biotic ki, Si and tris were the 
most important, explaining 89.92% of the variation in 
first principal component. Abundance,Depth,lon and lat 
explained 83.10% of the variation in the second principal 
component. The seven main variables with a contribution 
rate higher than average were tris, ki, season, DO, year, 
lat and Si (Fig. 4). 

Relationship between complexity and biotic/abiotic 
factors

The full GLM model was reconstructed from the 7 
variables screened by PCA: ~ tris + ki + season + year + 

Roles of species associations and environmental variables in structuring coastal fish community
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Fig. 3. Log-log plot of linear correlations between biotic variables and complexity for fish species in Leizhou Bay. abun - abundance; 
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Table 2. Contributions of variations to each principal component (Dim.1~5)
Variables Dim.1 Dim.2 Dim.3 Dim.4 Dim.5
ki 30.75 0.03 2.77 0.11 0.00
Si 28.20 0.01 0.00 0.01 0.03
Tris 30.96 0.05 2.79 0.05 0.00
Abundance 2.96 10.46 3.16 3.09 0.14
Lon 0.69 44.04 4.80 0.36 0.68
Lat 0.02 13.98 3.02 0.19 57.10
Depth 3.27 14.61 10.20 0.50 29.10
DO 0.14 7.11 16.20 45.28 1.11
Year 1.98 1.19 48.90 0.02 7.40
Season 1.03 8.51 8.17 50.39 4.43
Eigenvalue of Dim 2.99 1.55 1.51 1.18 1.09
Variance percent of Dim 29.89 15.54 15.06 11.77 10.95
Cumulative variance percent of Dim 29.90 45.40 60.50 72.30 83.20

lat + Si + DO. Model results (Table 3) reveal: ki (Estimate 
= -3.49, p<0.01) to have an extremely significant negative 
effect on complexity and tris (Estimate = 3.03, p<0.01), 
season (Estimate = 0.28, p<0.01) and Si (Estimate = 0.13, 
p<0.01) to have an extremely significant positive effect 
on complexity. Year (Estimate = -0.08, p<0.01) had a 
significant negative effect on community complexity. 
Remaining variables had no significant effect on complexity.

The best fitting GLM model was obtained by 
stepwise regression method: ~ tris + ki + season + year 
+ lat + Si. The influence of each variable on  (estimated 
values) was ki > tris > season > Si> year > lat. The Akaike 
information criterion (AIC) value of the model decreased 
after removing DO, while the coefficients and significance 
of other variables did not change significantly; the effect 
of DO on complexity could be ignored. The negative 
effects of ki on complexity may be offset by tris (indirect 
associations). Season as a variable was a secondary factor. 
Because the abiotic spatial variables of the environment 
were not significant, the impacts of abiotic variables on 
complexity were not significant.

Discussion
The closer the species associations (high niches 

overlap), the greater the likelihood of species extinction 
or niche partitioning (Bregman et al., 2015), which led 
to the increase of competitive effects between species. 
The fish community in Leizhou Bay was highly complex 
(mCw values of 0.821±0.081) and the community is 
mainly comprised of populations with high niche overlap 
(i.e. the pair-populations). Considering all biological, 
environmental and spatial variables, both direct (ki, 
Estimate = -3.49, p<0.01) and indirect (tris, Estimate = 
3.03, p<0.01) species associations have sustained the 
complexity of fish community structure, but environmental 
and spatial effects were not significant (Table 3). 
Considering only biological interactions, complexity 
decreased while the indices’ value increased (Fig. 3).

Direct and indirect species associations are the 
main contributors of high complexity in fish community 
structure, and play key roles in resistance to biological 
invasion (Li and Yu, 2015). Species  with high ki values 
in the community are the dominant species (Fig. 3). 
Dominant species in the community offer more chances 
for the stability of community structure when facing 
threats to biodiversity. The increase in direct species 
associations contributed to the development of triplets and 
the flux of energy in community, which could effectively 
prevent cascading extinctions (Sahasrabudhe and Motter, 
2011; Li and Yu, 2015).

Capturing the global properties at community level 
is essential for understanding the community structure 
and functions. The species association is affected by the 
occurrence of species (Sfenthourakis et al., 2006; Plank 
et al., 2020) and the strength is affected by the spatial 
patterns of species and their abundance. 

Table 3. The linear relationship between each variable and the   
complexity of community structure

Variations Full model estimate Step model estimate
ki -3.49*** -3.50***

tris 3.03*** 3.05***

Season 0.28*** 0.28***

Si 0.13** 0.13**

year -0.08* -0.07*

lat 0.04 0.04
DO 0.02 -
AIC 1268 1266
Notes: “*” means a significant level less than 0.05, “**” means a 
significant level less than 0.01 and “***” means a significant level less 
than 0.001.

Roles of species associations and environmental variables in structuring coastal fish community
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Results of the study showed that there were more roles 
of biological interactions than environmental variables in 
structuring the fish community of Leizhou Bay. Gallucci  
et al. (2020) reported that the spatial structure of community 
was usually determined by the environmental factors. 
The results of the study supported that the environmental 
variables influence directly the species association and 
then indirectly the community complexity. The migrating 
abilities of species in or out of a community needs to be 
considered to quantify the species associations between 
sampling surveys in future studies (Zhu et al., 2013).
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