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A B S T R A C T

Understanding processes and mechanisms driving patterns of species distribution and diversity is a vital theme in
community ecology and conservation biology. There has been a continuous increase in studies focusing on
diversity patterns in freshwater ecosystems during the last few decades. However, comparative studies of species
distributions, diversity patterns and underlying processes across trophic levels remain limited. The unique
characteristics of the study area (i.e. Hun-Tai River in Northeast China) generates a wide range of environmental
conditions to advance our understanding of what drives community assembly and diversity pattern of three
stream organism groups. We applied variance partitioning (VPA) to correlate community compositions with
environmental and spatial factors to infer stochastic and deterministic assembly processes, respectively. Linear
regression (LR) models were used to identify the main drivers of species richness and local contributions to beta
diversity (LCBD) as a function of different factors, including local environmental (e.g., in situ parameters, hy-
drology, nutrients), geo-climatic variables (e.g., land use, topography, climate) and spatial factors. Results in-
dicated that species compositions of stream biota showed significant correlations with local environmental, geo-
climatic and spatial factors. VPA demonstrated that both paradigms (i.e. deterministic and stochastic processes)
interact to influence the biota distributions with stochastic process contributing more than deterministic process.
In addition, the strongest stochastic process was found in fishes (10%), followed by benthic algae and macro-
invertebrates with the same effects (8%). Notably, geo-climatic factors explained a substantial fraction of species
composition, richness and beta diversity, although their effects were partially manifested via local and spatial
variables. We demonstrate the relative importance of both stochastic and deterministic processes in shaping
community composition and biodiversity of three stream organism groups in a large basin. This emphasizes the
need to move beyond observed patterns and consider metacommunity theory into river management and con-
servation practices.

1. Introduction

Freshwaters are amongst the most diverse and dynamic ecosystems
on Earth, covering less than 3% of the Earth surface but supporting

9.5% of all animal species and about a third of all vertebrate species
(Balian et al., 2008). Meanwhile, they are subject to multiple stressors
(Hering et al., 2015), including fragmentation, flow alteration, nutrient
enrichment and climate change, leading to sharp declines in freshwater
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biodiversity (Dudgeon et al., 2006; Reid et al., 2019). Hence, devel-
opment of efficient monitoring and management strategies to halt
biodiversity decline has become a vital topic in freshwater research
(Hermoso et al., 2016), which requires a comprehensive understanding
of the processes that shape freshwater communities.

It has been suggested that local and regional factors act simulta-
neously in governing communities through changes in abiotic (e.g.
nutrient, flow regime) and biotic (e.g. predation, competition) variables
(Benito et al., 2018). These processes operate at varying spatial scales,
ranging from regional dispersal limitation to local environmental filters
(Curry and Baird, 2015). In this context, metacommunity theory pro-
vides a useful framework that can advance our understanding of the
underlying mechanisms governing community assembly with four
classic paradigms: species sorting, patch dynamics, mass effects and
neutral models (Leibold et al., 2004). These four paradigms address
different level of emphasis on local and regional processes, and the
degree to which species are equivalent in their traits. The species
sorting (i.e. “deterministic process”) emphasises local environmental
conditions, and assumes that good dispersers are able to reach all sui-
table habitats. Mass effects (i.e. “stochastic process”) supposes that
communities are structured by dispersal related factors, and con-
strained by historical processes. The patch dynamics implies that local
diversity is determined by dispersal, while regional dynamics are a
result of extinction and colonization. Neutral model assumes no dif-
ference in traits between species and models community composition
by species losses, gains, and probabilistic colonization. Among these
four paradigms, deterministic and stochastic processes are regarded as
two main paradigms concurrently structuring community dynamics
(Vilmi et al., 2017). Empirical evidences find that these two paradigms
are not mutually exclusive and a sound understanding of the structure
of biotic assemblages can be obtained by considering these two pro-
cesses together (Soininen, 2007). Many investigations have indicated
the importance of both stochastic and deterministic processes in ex-
plaining the spatial distributions of aquatic organisms in lotic, lentic
and lentic-lotic systems, such as fish (López-Delgado et al., 2019),
phytoplankton and zooplankton (Guo et al., 2019b; Qu et al., 2018;
Zhao et al., 2017), stream benthic algae (Tang et al., 2013; Wu et al.,
2014) and macroinvertebrates (Yamada et al., 2014). However, the
existing studies are often limited to single organism groups, while
comparative studies (across tropic levels) are still largely lacking (Göthe
et al., 2017; Wang et al., 2020).

The relative importance of stochastic and deterministic processes
for compositional patterns also highly depends on the type of organisms
considered and spatial scales. Due to their different dispersal abilities,
relative importance of stochastic process varies among aquatic organ-
isms. For instance, microorganisms (e.g. algae) are expected to have
unlimited dispersal due to their large population with small sizes and
potential for high capacity of dispersing both overland (via wind or
animal vectors) and along the watercourses (active and passive move-
ment within the watercourse) (Kristiansen, 1996). On the other hand,
larger organisms and in particular those that are restricted to disperse
within the river channels (e.g. fish) are expected to be more dispersal
limited and thus more constrained by stochastic process (Göthe et al.,
2017; Shurin et al., 2009). In addition, the contribution of stochastic
process (indicated by pure spatial effect) is scale dependent and in-
creases with geographic distance. For example, at large scales, sto-
chastic process often outperforms deterministic process (Heino et al.,
2010; Tang et al., 2013; Wu et al., 2014), while at small scales de-
terministic process often predominates (Qu et al., 2018; Wu et al.,
2018). While more and more researchers have applied metacommunity
theory to compare the relative roles of stochastic and deterministic
processes in shaping aquatic communities (Göthe et al., 2017; Guo
et al., 2019b; Qu et al., 2018; Wu et al., 2018; Yamada et al., 2014;
Zhao et al., 2017), inclusion of geo-climatic factors such as aspect,
slope, climatic factors, is still scarce, although few studies have in-
dicated their importance in shaping the distribution of aquatic

organisms (Benito et al., 2018; He et al., 2020). Furthermore, trans-
lating metacommunity theory, which acknowledges both local (i.e.
deterministic processes or environmental filtering) and regional (i.e.
stochastic process) mechanisms, into practical adaptive management
has not been widely implemented that hinders our ability to conserve
and restore river biodiversity and ecosystem functions efficiently (Erős
et al., 2018).

Changes in species composition along space, i.e. beta diversity, are
as important as alpha diversity for ecological theory and applications
(Wang et al., 2020). Beta diversity, which was first proposed by Robert
Whittaker (Whittaker, 1960), can be either quantified with non-direc-
tional beta diversity, i.e. the ratio between the number of species in a
region (i.e. gamma diversity) and the mean number of species at the
study sites (i.e. alpha diversity) (Whittaker, 1960), or measured non-
directionally as community similarity among studied sites, i.e. the slope
of similarity decay in species composition with geographical distance
(Whittaker, 1972). Both approaches for estimation of beta diversity are
inevitably related to alpha and gamma diversities. Recently, a new
approach, which is computationally independent of alpha and gamma
diversities, has been proposed by adopting the total variance of com-
munity data as an estimate of beta diversity (Legendre and De Cáceres,
2013). It allows to partition beta diversity into local contribution to
beta diversity (LCBD), which can be used to estimate the relative con-
tributions of individual sites to the total beta diversity. This new ap-
proach has several advantages, such as testing hypotheses regarding
origin and maintenance of beta diversity, identifying the sites with
unique environmental conditions and high conservation values, and
thus been widely applied in different regions and distinct aquatic or-
ganisms (Heino and Grönroos, 2017; Wang et al., 2020).

In this study, we aim to elucidate the relative importance of mul-
tiple stressors (i.e., local environmental variables, geo-climatic factors
and spatial factors) for the metacommunity structures of three river
organism groups (i.e., benthic algae, macroinvertebrates, fishes) in a
large basin, Northeast China with 181 sites (Fig. 1), and to examine
their distribution patterns of beta diversity (i.e. LCBD) as well as their
underlying drivers. We use abundance data of these three organisms,
environmental information and geographical coordinates (used to ob-
tain spatial factors) to answer the following questions: i) what are the
effects of different factors on species composition of the three organism
groups? ii) what are the major drivers and mechanisms governing the
species richness and beta diversity of the three organisms groups? The
hypotheses are that (H1) stochastic process predominates in the study
region considering its large spatial scale, while deterministic process
has a cofounding effect; (H2) stochastic process (i.e. pure spatial fac-
tors) is weakest for benthic algae, intermediate for macroinvertebrates,
and strongest for fishes; (H3) given the sharp climatic and topographic
gradients in this large catchment, geo-climate factors would explain a
substantial fraction of species composition, species richness and beta
diversity.

2. Materials and methods

2.1. Description of the study area

Our study area is located in Hun-Tai watershed (40°40′~42°10′ N,
122°5′~125°17′ E) in the Liaoning Province, Northeast China (Fig. 1),
with a drainage area of 27,300 km2. The Hun-Tai River is formed by
two major tributaries: the Hun River (415 km in length) and Taizi River
(413 km in length). It is a part of the Liao River system, which is one of
the ten biggest rivers in China. The average annual temperature in the
watershed is 9 °C, while the average annual precipitation is 686.4 mm.
The Hun-Tai River is an ideal catchment to test our hypotheses, since it
has a large environmental gradient. The headwaters of the Hun and
Taizi rivers originate from the high-elevational region in the Changbai
Mountains with a low level of human disturbance and a high proportion
of forest cover. Along the middle and downstream regions, land use
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type is gradually dominated by agricultural, industrial and urban areas.
As five of the ten-largest metropolitan areas of Liaoning Province are
located within the Hun-Tai River watershed (i.e. Shenyang, Anshan,
Fushun, Benxi, and Liaoyang), pollution of municipal sewage became a
main stressor on the freshwater ecosystems. Besides, the catchment was
suffuring from industrial wastewater pollution since 1950s, as a result
of coal, copper mining, iron manufacturing, and crude oil extraction
(Liu et al., 2015). Since 1990s, a series of actions has been taken by
local government to reduce water contamination, including construc-
tion of wastewater treatment plants and shutting down coal mines and
oil fields. Consequently, water quality and status of aquatic ecosystems
of the Hun-Tai River have gradually improved since 2000 (Qu et al.,
2019a). However, there are still concerns about nutrient enrichment
originating from non-point pollution sources through agricultural ac-
tivities among scientists, local authorities and residents (Zhang et al.,
2013).

2.2. Field sampling and processing

A total of 181 sites were investigated in 2009 and 2010 (Fig. 1). At
each sampling site, we measured physical, chemical and hydrological
factors and collected benthic algae, macroinvertebrates and fishes.
Geographical coordinates (X: Latitude, Y: Longitude) were recorded
with a GPS receiver (Trimble-Juno SB). Water temperature (WT), pH,
dissolved oxygen (DO), total dissolved solids (TDS) and conductivity
(Cond) were measured in situ using a handheld YSI Multiparameter
instrument (professional plus). In addition, the qualitative habitat
evaluation index (QHEI) was calculated, which consists of ten aspects:
substrate composition, in-stream habitat complexity, range of combined
water depth and velocity, bank stability, channel sinuosity, water
quantity, visual inspection of water cleanliness, biodiversity of riparian
plants, environmental stress from human activities, and land use types.
Each aspect scores from 0 to 20, indicating low to high habitat quality,
assigning scores based on the experience of the assessor, and then we
summarized them into final scores for habitat quality ranging from 0 to
200 (Rankin, 1995). Mean stream width (Width) was measured ac-
cording to three random replicates in the sampling reach. Flow velocity
(Velocity) and water depth (Depth) were measured using a digital ve-
locity meter set (FP201 Global Water Flow Probe) in a sampling posi-
tion appropriate to macroinvertebrates and benthic algae, with three

replicates. Concurrently, stream surface-water samples were collected
and acid-fixed (by sulfuric acid, H2SO4) before transported to the la-
boratory at 4 °C for chemical analyses. Suspended solids (SS), total
nitrogen (TN), nitrite (NO2), nitrate (NO3), ammonia (NH3), total
phosphorus (TP), chemical oxygen demand (COD) and soluble reactive
phosphorus (PO4) were then analyzed in the laboratory. TN/TP (NPR)
was computed by ratio between TN and TP. Fish, macroinvertebrates
and benthic algae were collected from 171 sites, 179 sites and 157 sites,
respectively (Appendix S1). The details about water chemistry mea-
surement and standarded methods for collection and identification of
stream organisms are shown in Appendix S2.

2.3. Geo-climate and land use data

Land use and topographic data were obtained from http://www.
earthenv.org, which were developed by previous studies (Amatulli
et al., 2018; Domisch et al., 2015). The provided land use data was
based on the Consensus Landcover dataset (Tuanmu and Jetz, 2014).
The average percentage of each land use variable in the upstream area
of each sampling site was calculated following Domisch et al. (2015).
The four forest associated classes (i.e. evergreen/deciduous needleleaf
trees, evergreen broadleaf tree, deciduous broadleaf trees, mixed/other
trees) in the original dataset were merged into the category forest. In
addition, no regularly flooded shrub/herbaceous vegetation was ob-
served in the study area. Hence, eight land use variables were included
in the final analysis: forest, shrubs, herbaceous vegetation, agriculture,
urban, snow/ice, barren lands, and open water. Topographic data in-
cluded information on elevation, slope and aspect. Slope describes the
rate of elevational change of rivers while aspect emphasizes differences
in the north-south and east-west exposition (Amatulli et al., 2018).
Climatic variables of each sampling site were extracted from the
WorldClim 2 database, which contains 19 standard bioclimatic vari-
ables (Bio1 to Bio19) averaged for the period 1970–2000 at 1 km of
spatial resolution (Table 1) (Fick and Hijmans, 2017).

2.4. Data analysis

All analyses were performed with the R software (version 3.6.3, R
Development Core Team 2020). We first calculated spatial factors.
Based on the coordinates (X: Latitude, Y: Longitude), Moran’s

Fig. 1. The location of sampling sites at the Hunhe catchment in China. Letters such as H, T, NS in the map indicate different basins. Sampling sites of each organism
group are shown in Appendix S1.
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eigenvector maps were used to describe the spatial variability across
study sites by generating spatial variables representing patterns of
overland dispersal from fine scale (i.e. micro-habitat) to broad scale
(i.e. watershed). In brief, this method proceeds as follows: i) a geo-
graphical distance matrix as Euclidean distance between each pair of
sampling sites was calculated using the earth.dist function in the R
package fossil (Version 3.6.3) (Vavrek, 2011). ii) Principal Coordinates
of Neighborhood Matrix (PCNM) analysis based on the geographical
distance were used to compute spatial factors representing geographical
positions through the pcnm function in R package vegan (Version 2.5–6)
(Friendly et al., 2019). The generated eigenvectors were considered as
spatial factors (i.e., PCNMs), which could reflect unmeasured broad-
scale variation in the modern environment or historical factors, e.g.,
natural dispersal-generated patterns demonstrating internal local-scale
dispersal dynamics or regional-scale migration history (Svenning et al.,
2009). PCNMs with large eigenvalues and small code represent broad-
scale spatial pattern, while the smaller eigenvalues with large code
representing fine-scale patterns. Usually, only PCNMs with positive
eigenvalues are employed as spatial explanatory variables. Among the
PCNMs generated, eigenvalues of PCNM components 1–108 were po-
sitive and used in the following analyses (Table 1).

Then we formed both biotic and abiotic datasets. Biotic dataset in-
cludes 1) species composition: all observed species with their abun-
dances, and 2) biodiversity indices: alpha (i.e. species richness) and
beta diversity (i.e. LCBD, by beta.div function in R package adespatial)
(Dray et al., 2020). Abiotic dataset includes 1) local environmental
variables (Local): in situ and lab measured 18 physicochemical variables
(Table 1), 2) geo-climate variables (Geo): 8 land use types, 5 topo-
graphic variables (X, Y, elevation, aspect, slope) and 19 bioclimatic
variables (Bio1 to Bio19), and 3) spatial factors (Spatial): 108 PCNMs.

To explore the potential impacts of factors on species compositions
(question i), the following data analyses were conducted. First, species
compositions with abundances were Hellinger transformed (using
function decosdtand in R package vegan), respectively. Second, the
collinearity effects in abiotic datasets (Local, Geo and Spatial) were
identified by inspecting the variance inflation factors (VIFs) using a
stepwise procedure until all predictors of VIF’s were < 5 (vifstep
function in R package usdm) (Naimi et al., 2014). Third, a preliminary
detrended correspondence analysis (DCA, using function decorana in R
package vegan) on the Hellinger transformed species datasets produced
longest gradient lengths of 11.53, 4.64 and 3.84 for algae, macro-
invertebrates and fishes, respectively, suggesting that canonical corre-
spondence analysis (CCA) was appropriate (Lepš and Šmilauer, 2003).
We performed CCA using cca function and tested the significance using
the anova.cca function at significance level α = 0.05. Only if it was
significant, a forward selection (by the forward.sel function in R package
adespatial) could be proceeded to get a parsimonious model with two
stopping criteria: significance level and the adjusted coefficient of de-
termination (AdjR2) of the global model (Blanchet et al., 2008). The

Table 1
Summary of local environmental (Local), Geo-climate (Geo) and spatial
(Spatial) variables with their codes and descriptions in this study.

Variables

Code Unit Description Mean Min Max

Local Local environmental
variables

pH – pH 8.55 6.73 10.12
DO mg/L Dissolved oxygen 9.18 0.01 15.63
Cond µs/cm Conductivity 249.62 3.90 1124.00
SS mg/L Suspended solid 37.36 1.00 1110.00
TDS mg/L Total dissolved solid 201.65 14.95 903.00
COD mg/L Chemical oxygen demand 14.78 0.00 84.65
WT ◦C Water temperature 16.29 7.20 26.00
CODMn mg/L Permanganate index of

COD
5.02 0.00 45.30

NH3 mg/L Ammonia 1.05 0.00 14.50
NO2 mg/L Nitrite 0.15 0.00 2.23
PO4 mg/L Phosphate 0.07 0.00 0.93
TN mg/L Total Nitrogen 6.30 0.48 22.60
TP mg/L Total Phosphorus 0.17 0.00 2.55
NPR – TN/TP 382.43 0.00 3986.00
Width m Width 48.78 1.50 420.00
Velocity m/s Velocity 0.47 0.00 1.14
Depth cm Water depth 25.96 6.33 130.00
QHEI – Habitat score 112.38 51.00 185.00

Geo Geo-climate variables
Forest % Forest% 67.35 5.00 100.00
Shrubs % Shrubs% 1.81 0.00 8.00
Herbaceous % Herbaceous vegetation% 0.34 0.00 6.00
Agriculture % Cultivated and managed

vegetation%
24.17 0.00 88.00

Urban % Urban/built-up% 0.97 0.00 17.00
Snow.ice % Snow/ice% 0.36 0.00 20.00
Barrenlands % Barren lands/sparse

vegetation%
4.77 0.00 19.00

Water % Open water% 0.23 0.00 1.00
Elevation m Elevation of the sampling

site
198.26 3.83 555.00

X ◦N Latitude 123.74 122.31 125.15
Y ◦E Longitude 41.32 40.62 42.20
Slope ◦ Slope of the sampling site 3.35 0.13 24.39
Aspect ◦ Aspect of the sampling site 180.57 2.07 354.81
Bio1 ◦C Annual Mean Temperature 7.44 5.19 9.00
Bio2 ◦C Mean Diurnal Range 11.51 9.72 12.75
Bio3 – Isothermality 24.65 22.28 25.80
Bio4 – Temperature Seasonality 1270.15 1200.55 1375.42
Bio5 ◦C Max Temperature of

Warmest Month
29.26 27.50 30.50

Bio6 ◦C Min Temperature of
Coldest Month

−17.44 −22.00 −13.30

Bio7 ◦C Temperature Annual
Range

46.70 43.10 51.00

Bio8 ◦C Mean Temperature of
Wettest Quarter

22.25 20.07 23.78

Bio9 ◦C Mean Temperature of
Driest Quarter

−9.27 −12.92 −7.03

Bio10 ◦C Mean Temperature of
Warmest Quarter

22.25 20.07 23.78

Bio11 ◦C Mean Temperature of
Coldest Quarter

−9.27 −12.92 −7.03

Bio12 mm Annual Precipitation 772.15 623.00 942.00
Bio13 mm Precipitation of Wettest

Month
203.54 167.00 250.00

Bio14 mm Precipitation of Driest
Month

6.70 4.00 10.00

Bio15 – Precipitation Seasonality 103.51 98.37 108.11
Bio16 mm Precipitation of Wettest

Quarter
488.01 397.00 595.00

Bio17 mm Precipitation of Driest
Quarter

24.85 16.00 35.00

Bio18 mm Precipitation of Warmest
Quarter

488.01 397.00 595.00

Bio19 mm Precipitation of Coldest
Quarter

24.85 16.00 35.00

Table 1 (continued)

Variables

Code Unit Description Mean Min Max

Spatial Spatial factors
PCNM1 – Principal coordinates of

neighborhood matrix from
1 to 108 with positive
eigenvalues

0.00 −0.20 0.07
PCNM2 – 0.00 −0.08 0.21
PCNM3 – 0.00 −0.10 0.23
PCNM4 – 0.00 −0.15 0.24
PCNM5 – 0.00 −0.25 0.17
… – … … …
PCNM108 – 0.00 −0.71 0.70

Variables indicating significant multicollinearity (with variance inflation
factor>=5) are excluded. For spatial variables, only PCNMs with positive
eigenvalues are retained as spatial explanatory variables.
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selected variables were then used as explanatory variables for the fol-
lowing variance partitioning analysis (VPA) by using varpart function R
package vegan (Version 2.5–6) to quantify the variability explained by
each set of the predictors, namely Local, Geo and Spatial.

To examine the main drivers of biodiversity indices (i.e. species
richness and LCBD) (question ii), we conducted linear regression models
(LR) between diversity of the three organismal groups and selected
variables (both local and regional, based on VIF's < 5). Stepwise
model selections by AICc (function stepAIC in R package MASS)
(Venables and Ripley, 2002) were performed for model simplification,
i.e., model with minimum AICc value was considered as the best fitted
one. All abiotic variables and biotic indices were Z-score transformed
before LR analyses to obtain standardized coefficients which were
comparable in magnitude within and between models (Schielzeth,
2010).

3. Results

3.1. Variability of local and geo-climate variables

During the sampling period, river reaches of the study area (Fig. 1)
varied widely in water quality and habitat characteristics (Table 1). WT
ranged from 7.20 to 26.00 °C (mean: 16.29 °C); pH ranged from 6.73 to
10.12 (mean: 8.55); flow velocity ranged from 0 to 1.14 m/s with an
average of 0.47 m/s. It is notable that the potential manifestation of
organic pollution because relatively high COD values (84.65 mg/L) and
extremely low DO values (0.01 mg/L) were observed. A large average
TDS value of 201.65 mg/L (14.95 to 903.00 mg/L) was observed as a
potential result of sand mining. In addition, the habitat quality varied
greatly among sampling sites. The QHEI value ranged from 51 to 185,
with an average of 112.38 (max. 200), indicating a relatively high level
of anthropogenic interference. Land cover in the catchment was mainly
forest 67.35% (5.00–100.00%), followed by agricultural land ranging
from 0.00 to 88.00%, with a mean coverage of 24.17%. Elevation
ranged from 3.83 to 555 m with a mean value of 198.26 m. Slope in the
study area ranged from 0.13 to 24.39° with a mean value of 3.35°.
Precipitation seasonality (Bio15) had a range of 98.37–108.11 (mean:
103.51), while precipitation of driest month (Bio14) ranged from 4 to
10 mm with an average of 6.7 mm.

3.2. Species compositions and the main drivers

A total of 42 fish species, 162 macroinvertebrate taxa, and 377
benthic algae species were recorded in the study area. In the CCA
analyses, 14 Local, 12 Geo and 21 Spatial variables were selected by
forward selection for benthic algae composition, 6 Local, 6 Geo and 14
Spatial variables for macroinvertebrates, and 9 Local, 7 Geo and 25
Spatial variables for fishes (Appendix S3). Hydrological variables (e.g.
flow velocity, depth and width), climate factors (e.g. Bio3, Bio14 and
Bio15), topographic factor (e.g. elevation), land use types (e.g. Urban,
Herbaceous) and in situ parameter (e.g. DO) were common variables
selected for the three groups. Variance partitioning analysis (VPA)
showed all three individual fractions of local environmental (Local),
geo-climate (Geo) and spatial (Spatial) variables were statistically sig-
nificant (p < 0.001) (Fig. 2). Spatial factors explained the highest
portion of variability in the three organism groups with pure con-
tributions of 8%, 8% and 10%, respectively (Fig. 2). This supported the
first hypothesis (H1) that stochastic process (i.e. pure spatial factor)
predominated in the study region. However, in contrast, H2 was only
partially confirmed since the strongest stochastic process was found in
fishes (10%), followed by benthic algae and macroinvertebrates with
the same effects (8%). In addition, their joint effects of Local, Geo and
Spatial were 6%, 6% and 12% for benthic algae, macroinvertebrates
and fishes, respectively (Fig. 2), indicating the notable interaction
among the three stressors. Moreover, there were still large unexplained
variances (73%, 77% and 67%) for the three organism groups.

3.3. Main drivers of species richness and LCBD

The average species richness (range) of benthic algae, macro-
invertebrates, fishes were 23.62 (2–62), 14.56 (1–49) and 6.31 (1–18),
respectively, while the average LCBD of these three organism groups
were 0.64% (0.49–0.83%), 0.56% (0.17–1.53%) and 0.58%
(0.21–1.19%), respectively. There were 29, 28 and 25 sites with sig-
nificant LCBDs values (p < 0.05, tested with 999 permutations) for
benthic algae, macroinvertebrates and fishes, respectively, most of
which are located at headwater streams (Appendix Appendix S4).

Based on the linear regression models (LRs) for benthic algae, po-
sitive correlations were observed between algal species richness
(SpR_A) and DO, TDS and NPR, while negative relationships with
Agriculture, Elevation and Bio15. In contrast, algal LCBD (LCBD_A) was
positively related to Slope, Agriculture, Elevation and Bio15, and ne-
gatively correlated to NO2, pH, SS, TDS and Shrubs land (Fig. 3). For
macroinvertebrates, Elevation, TP, Bio15, TDS and CODMn showed
positive relationships with SpR_M, whereas Width, Depth, Urban, PO4
and Shrubs had negative correlations. Regarding LCBD_M, only three
variables (DO and Urban positively while pH negatively) showed sig-
nificant effects (Fig. 4). When assessing species richness of fish com-
munity (SpR_F), DO and Barrenlands were the most positively corre-
lated variables followed by SS, whereas TN, Urban, Water, Herbaceous,
Bio15 and Elevation were the negative variables. For LCBD of fish
community (LCBD_F), Cond, Depth, Herbaceous, NH3 and SS were
negatively related, while Aspect, NPR, Bio15, DO and flow velocity
showed positive correlations (Fig. 5). To sum up, as expected by H3,
geo-climate factors had explained a substantial fraction of species
composition, SpR and LCBDs.

4. Discussion

One of the long-standing tasks in ecology is to explore mechanisms
that influence patterns of community assembly and biodiversity. By
comparing responses of the three organism groups using a regional,
spatially dense data set, we found that both local and regional con-
strains (i.e. deterministic and stochastic processes) interact to influence
the biota distribution with stochastic process contributing more than
deterministic process, supporting the H1. Our results thus suggest both
stochastic and deterministic processes have cofounding effects on spa-
tial distributions of stream biota, which has been previously demon-
strated in several large-scale studies (Benito et al., 2018; López-Delgado
et al., 2020; Yamada et al., 2014). For instance, a recent study in the
tropical Andes and adjacent lowlands demonstrated that both broad-
scale spatial variables and two environmental (limnological and geo-
climatic) components contributed to the distribution patterns of benthic
diatoms (Benito et al., 2018). For macroinvertebrates and fishes, similar
results have also been found in Pandeiros River Basin, Brazil (Rezende
et al., 2014), Pacific coast of Northern Japan (Yamada et al., 2014), Bita
River, Colombia (López-Delgado et al., 2019, 2020) and Brazilian
Atlantic rainforest (Cetra et al., 2017). However, the fact that stochastic
process outperformed deterministic process in our study region was in
line with those large-scale studies (Benito et al., 2018; Tang et al., 2013;
Wu et al., 2014), but contradicted with others (Göthe et al., 2017; Guo
et al., 2019b; Huang et al., 2019; López-Delgado et al., 2020; Wu et al.,
2018). These differences between findings are probably due to the
distinct nature of the data in terms of regional range, which hampers
the search of basic explanation for this pattern and direct comparison
with our results. Generally, the maintaining paradigm of species dis-
tribution might change with geographical distance increasing as dis-
persal limitation, and at large scales, stochastic constrain may outper-
form deterministic process (Heino et al., 2010; Wu et al., 2014).
Therefore, further comparative investigations of species compositions
in relation to different factors at multi-spatial scales are needed.

Our findings, which partially supported the H2, demonstrated that
the strongest stochastic process was found for fishes (i.e. pure

S. Zhou, et al. Ecological Indicators 117 (2020) 106673

5



contribution of spatial variables: 10%), while benthic algae and mac-
roinvertebrates had the same effects (8%). This was attributable pri-
marily to the fact that both algae and macroinvertebrates have higher
dispersal abilities, in spite of different dispersal mechanisms, compared
to fishes. Both of them can disperse through a variety of pathways, e.g.
dispersing passively downstream via watercourse, actively dispersing
overland via flying, passively dispersing overland via animal vectors, or
even dispersing actively upstream (Schofield et al., 2018). For instance,
stream corridors provided the primary dispersal pathway for both
benthic diatoms (Dong et al., 2016) and aquatic macroinvertebrates
(Pond et al., 2016). Regarding active overland dispersal, adults of 15
caddisfly species out of 26 analyzed species could fly at least 1.5 km
away from permanent water (Elizabeth Graham et al., 2017), whereas
at least 150 viable taxa of algae have been sampled atmospherically in
1960s (Schlichting, 1969). For passive dispersal with other organisms,
numerous diatom genera including the nuisance species Didymosphenia
geminata have been observed on the fur of minks in 2 Patagonian

streams at South America (Leone et al., 2014). Meanwhile, the dis-
tribution of unionid freshwater mussels was highly depending on the
distribution of host fishes on a regional scale, which they rely on for
dispersal (Schwalb et al., 2013). It was thus not surprising that both
benthic algae and macroinvertebrates showed the same less dispersal
constrains than fishes. In contrast, as for large-bodied fishes that are
completely restricted to watercourse dispersal (Shurin et al., 2009), the
loss of hydrologic connectivity between stream networks eliminates
feeding, breeding, rearing, and refuge habitats that can result in local
species extinction. In the Missouri River, flow regulation and dis-
connection of the river from its historical floodplain has coincided with
declines in many species (Galat et al., 1998). Similarly, loss of lateral
hydrological connectivity has caused a dramatic decline in functional
alpha and beta diversity of fish assemblages in the Yangtze River (Liu
and Wang, 2018). As the present study area is severely affected by point
sources (e.g., municipal sewage, industrial wastewater, coal mining)
(Liu et al., 2015) as well as flow alterations (e.g., for drinking water

Fig. 2. Contributions of local environmental (Local), Geo-climate (Geo) and spatial (Spatial) factors to the species compositions of benthic algae, macroinvertebrates
and fish communities, respectively. Each diagram represents a given biological variance partitioned into the pure effects of Local, Geo and Spatial (i.e. when
removing the variations caused by other two factors), interaction between any two variables (Local*Geo, Local*Spatial, Geo*Spatial), interaction of all three factors,
and unexplained variance (i.e. Res.) (total variance = 100). More details on the selected variables are shown in Appendix S3. Significance was expressed as ***
p < 0.001.

Fig. 3. Standardized regression coefficients of model predictors and associated 95% confidence intervals for algal species richness (SpR_A) and local contribution to
β-diversity (LCBD_A), respectively. Standardized regression coefficients result from model averaging procedures and are averaged across the entire spectrum of
thresholds. Confidence intervals that do not cross the zero line indicate that the predictors under consideration are associated with a statistically significant
(P < 0.05) change. Codes of variables are as in Table1.
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supply and irrigations) (Qu et al., 2016), the potential managemental
implications are 1) biota specific practices should be considered, 2)
strategies to preserve river biodiversity in this system must emphasize
maintenance of both habitat heterogeneity and connectivity at the scale
of entire river basin, 3) avoiding river fragmentation may be particu-
larly beneficial to restore fish community.

In addition to local environmental variables (e.g., DO, conductivity,
flow velocity, depth), geo-climatic factors (e.g., Bio14, Bio15, eleva-
tion) emerged as the most important mechanism structuring species

composition, richness and beta diversities in the study area, as expected
by H3. As shown with species richness and LCBD, the mechanisms by
multiple factors appear to be complex and integrate different environ-
mental gradients: elevation, precipitation-related variables and water
physico-chemistry as indicated by the variance partitioning analysis
(Fig. 2, Appendix S3) and linear regression models (Figs. 3–5). There
also remains a need to identify their individual or joint impacts and
associated factors in the future studies by means of intensive field
surveys or mesocosms. We also perceived that the explanatory power of

Fig. 4. Standardized regression coefficients of model predictors and associated 95% confidence intervals for species richness (SpR_M) and local contribution to β-
diversity (LCBD_M) of macroinvertebrates community, respectively. Standardized regression coefficients result from model averaging procedures and are averaged
across the entire spectrum of thresholds. Confidence intervals that do not cross the zero line indicate that the predictors under consideration are associated with a
statistically significant (P < 0.05) change. Codes of variables are as in Table1.

Fig. 5. Standardized regression coefficients of model predictors and associated 95% confidence intervals for species richness (SpR_F) and local contribution to β-
diversity (LCBD_F) of fish community, respectively. Standardized regression coefficients result from model averaging procedures and are averaged across the entire
spectrum of thresholds. Confidence intervals that do not cross the zero line indicate that the predictors under consideration are associated with a statistically
significant (P < 0.05) change. Codes of variables are as in Table1.

S. Zhou, et al. Ecological Indicators 117 (2020) 106673

7



our variance partitioning models were low (residuals: 67–77%), though
these values were comparable or even lower than many previous stu-
dies (Benito et al., 2018; Göthe et al., 2017; Guo et al., 2019b; Tang
et al., 2013). Admittedly, we can’t discard the possibility that the ob-
served spatial variations in stream biota were strongly influenced by
some other predictors not included in this study, such as river con-
nectivity, flow regimes, light intensity. Furthermore, stochastic pro-
cesses, such as rare events of colonization, extinction and disturbance
may lead to a low explanatory power (Stoll et al., 2014). Moreover, the
climate variables (Bio1-Bio19) we used integrate climatic variation over
a long time (1970–2000) for each sampling site. In comparison, the
response of stream biota to environmental variability is prompt or
within a short-term period (e.g., days, week or month) (Neif et al.,
2017; Timoner et al., 2012; Wu et al., 2016). For example, short‐term
climatic trends affect the temporal variability of macroinvertebrates in
California ‘Mediterranean’ streams (Beche and Resh, 2007). Short-
period flow regime indices (e.g., skewness of 7 days’ discharge, change
rate of 7 days’ discharge before sampling) play a vital role in riverine
algal community (Qu et al., 2019b; Wu et al., 2018). In this regard, Guo
et al. (2019a) proposed a new term “short-period environment regime”,
which, unlike traditional environmental variables, was defined as the
environmental dynamic characteristics during a given period (either
long or short, e.g. daily, weekly, monthly, seasonal, and annual varia-
bility), such as change rate, distribution and extreme events, that might
be masked by simple average or median values (Guo et al., 2019a). We
envisage that environment regimes are important temporal measure-
ments contributing to the composition and function of aquatic com-
munities. Inclusion of short-term environment regimes can help ad-
vance significantly our understanding between biota-environment
relations. Therefore, we advocate that future researches also consider
environment regimes at fine temporal and habitat scales explicitly in
studies of “environment-species” relationships.

From the viewpoint of a more integrative biodiversity conservation
and river management, a sound understanding of what drives the un-
iqueness of a local site across a broad geographic extent can provide
important insights on management of freshwater biodiversity. Unlike
traditional pairwise beta diversity metrics, LCBD, based on the site
level, quantifies the relative contributions of individual sites to total
beta diversity, and allows us to test whether each site has an ex-
ceptionally high contribution to overall beta diversity (Legendre and De
Cáceres, 2013). Our results revealed that sites with significant LCBDs
values for benthic algae, macroinvertebrates and fishes are mostly lo-
cated at headwater streams (Appendix S4), which serve as sources of
colonizers and provide food subsidies to receiving streams (Pond et al.,
2016). Standing in line with many previous studies (Besemer et al.,
2013; Meyer et al., 2007; Storey et al., 2011), our finding implies that
protection of the headwaters could be an efficient way to alleviate the
biodiversity decline, particularly in the face of global changes.

In conclusion, the present study has comprehensively compared the
important roles of local, geo-climatic and spatial factors in structuring
stream biota communities and diversity patterns. Our findings suggest
that in a complex landscape characterized by large spatial variations in
terms of local and geo-climatic variables, the responses of aquatic
communities (species richness and composition) may be substantially
driven by stochastic process. These highlight the need to move beyond
observed patterns and consider metacommunity frameworks in river
management and conservation practice to better understand mechan-
istic drivers of stochastic and deterministic processes. Besides, our re-
sults demonstrate that spatial patterns in species composition are driven
by similar ecological mechanisms: stochastic process overrides de-
terministic process with cofounding effects. This implies maintenance
of both habitat heterogeneity and connectivity as well as protection of
headwaters are important strategies to preserve river biodiversity in
this system. We also advocate that researchers should consider multi-
spatial and temporal scales explicitly in studies of biodiversity con-
servation, as pattern may change with study scales.
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