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The phytoplankton community can be affected by multiple environmental factors such as climate, meteorology,
hydrology, nutrients, and grazing. The complex interactive effects of these environmental factors as well as the
resilience of phytoplankton communities further make the prediction of phytoplankton communities’ dynamics
challenging. In this study, we analyzed multiple environmental factors and their relative importance in pre
dicting both phytoplankton shifting and cyanobacteria abundance in two regulated shallow lakes in central
China. Our results indicated that the phytoplankton community in the study areas could be mainly classified into
1. Cryptophyta dominated group, 2. Biologically diverse group, and 3. Cyanobacteria dominated group. The
Multinomial Logistic Regression model indicated the Cryptophyta dominated group was sensitive to temperature,
while other groups were sensitive to both temperature and nutrients. The interactive effects of temperature and
nutrients were synergistic in the cyanobacteria dominated group, while they were antagonistic or minor in other
groups. The Negative Binomial Regression model suggested high total phosphorus and low total nitrogen but not
temperature were responsible for high cyanobacteria abundance. The conditional plot indicated nutrients
affected cyanobacteria abundance more significantly under low wind speeds and lake volume fluctuations, and
cyanobacteria abundance in the cyanobacteria dominated group maintained high levels with increasing hy
drological dynamics. Our results demonstrated that environmental factors played inconsistently significant roles
in different phytoplankton groups, and reducing nutrients could decrease adverse effects of warming and water
project constructions. Our models can also be applied to forecast phytoplankton shifting and cyanobacteria
abundance in the management of regulated shallow lakes.

1. Introduction
Cyanobacteria blooms are a major risk to the ecosystem and human
health. As such, controlling them has become central to freshwater
ecosystem management (Downing et al., 2001). Although nutrients are
regarded as important bottom-up drivers of cyanobacteria blooms (Paerl
and Huisman, 2008), some studies have found that reducing nutrients
does not guarantee the decline of blooms (Räike et al., 2003). For
example, in Lake Taihu, China’s 3rd largest freshwater lake, nutrient

levels decreased significantly between 2007 and 2015, however, the
intensity and frequency of cyanobacteria blooms did not decrease
significantly (Yang et al., 2016). It has been found other factors play
important roles interacting with nutrients in regulating phytoplankton
communities. These factors include meteorology (Yang et al., 2016),
hydrology (Huisman et al., 2004; Liu et al., 2019), and the top-down
effects of zooplankton (Liu et al., 2014; Yang et al., 2017b). Recent
studies have suggested phytoplankton communities are affected by
complex interactive influences of environmental factors, which further
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makes it difficult for environmental managers to explore the underlying
mechanisms of cyanobacteria blooms (Jia et al., 2020; Mette et al.,
2011; Yang et al., 2017a).
Moreover, many previous studies have analyzed the response of
phytoplankton biomass, often using Chlorophyll-a (Chla) as a common
proxy, to environmental factors (Paerl et al., 2003). However, phyto
plankton communities are composed of different species, the responses
of which to environmental changes are specific and differential (Mette
et al., 2011). It failed to mention that the assessment of changes in
phytoplankton by Chla is dependent on the representativeness of the
taxonomic groups in the community. Therefore, the concentration of
Chla is different between groups of algae and cyanobacteria. Thus, it
may not reflect algal biomass.
In addition, the phytoplankton community is resistant and resilient
to environmental changes and can sustain a steady “average” commu
nity under changing environments (Jochimsen et al., 2013). For
example, the abundances of species susceptible to environmental
changes might decrease, while the abundances of other less sensitive
species might increase, compensating influences of environmental
changes on the phytoplankton community. It was suggested distur
bances might result in considerable variations of biomass but no large
changes to community structures due to the considerable effects of
interspecific interactions (Yang et al., 2017b). For example, a four de
cades study in Lake Constance in central Europe indicated phyto
plankton community compositions can only be successfully reversed
when nutrients can be decreased low enough to overcome community
resilience (Jochimsen et al., 2013). Therefore, the analysis or modeling
of phytoplankton shifting might be more robust and useful in environ
mental management (Wang et al., 2020).
Here, we analyzed a dataset of two large shallow lakes in central
China (1) to identify phytoplankton shifting, (2) to evaluate the effects
of multiple environmental factors on phytoplankton community dy
namics, and (3) to develop models which characterize phytoplankton
shifting and cyanobacteria abundance in regulated shallow lakes. Our
research can assist lake and watershed managers in determining and
influencing significant environmental factors to avoid cyanobacteria
blooms occur, and our models can also be applied to forecast phyto
plankton successions as well as cyanobacteria abundance in regulated
shallow lakes.

catchment is mainly composed of farmlands and fishery ponds (Fig. 1a);
Lake Houguan (113◦ 58′ –114◦ 05′ E, 30◦ 30′ –30◦ 34′ N) is located in the
north of Wuhan City. The west catchment of Lake Houguan is mainly
composed of farmlands, while the east is mainly composed of urban
areas (Fig. 1b). The morphological, meteorological, and trophic char
acteristics of Lake Luhu and Lake Houguan were indicated in Table S1.
Both lakes are mixed completely and do not freeze throughout the
year. Their water levels are controlled by water gates downstream, and
their outflows are finally into the Yangtze River (Fig. 1). With the
development of agriculture and rapid urbanization, their water quality
has deteriorated rapidly, according to Wuhan City water resources
bulletins (available at http://swj.wuhan.gov.cn/). The trophic state of
both lakes deteriorated from mesotrophy in 2012 to eutrophy in 2016,
and the total phosphorus (TP) was the main parameter exceeding the
limitations (TP ≤ 0.05 mg L− 1) of the national water quality standard
(GB3838-2002).
2.2. Sampling and sample analyses
Samples were collected monthly at 2 sites in Lake Luhu from March
2015 to December 2016 (n = 44) and 4 sites in Lake Houguan from
February 2017 to December 2019 (n = 140). Specifically, Site LH01 and
LH02 were in the central and north of Lake Luhu, respectively (Fig. 1a).
Site HG01, HG02, HG03, and HG04 were in four parts from the west to
the east of Lake Houguan (Fig. 1b).
Water samples were collected at 0.5 m below the water surface.
Water temperature (Temp), dissolved oxygen (DO), and pH were
measured in-situ using a HACH probe. Water transparency (SD) was
measured by a Secchi disk. Unfiltered sub-samples of water were
analyzed for TP and total nitrogen (TN). TP was measured by the
ammonium molybdate method after potassium persulfate oxidation. TN
was analyzed by an ultraviolet spectrophotometer after alkaline potas
sium persulfate digestion. Filtered sub-samples (through 0.45 μm cel
lulose ester filters) were analyzed for soluble reactive phosphorus (SRP,
using the molybdenum blue method), soluble reactive silica (SRSi, using
the silicon molybdenum blue method), ammonium (NH4, using the
Nessler’s reagent photometry), and nitrate (NO3, using the Ion Chro
matography method). Chla was measured spectrophotometrically after
acetone extraction.
Phytoplankton samples were preserved with Lugol’s iodine solution.
After a 48 h sedimentation period, phytoplankton was concentrated
from 1000 mL to 30 mL, and was identified to the genus level (Hu et al.,
2006). Phytoplankton abundance was counted by enumerating single
cells and calculated as cells L− 1. For colonial Microcystis sp., phyto
plankton samples were separated in an ultrasonic crusher to split the
colonies into single cells (Zhang and Huang, 1991). Rotifera samples

2. Material and methods
2.1. Study areas
Lake Luhu (114◦ 09′ –114◦ 16′ E, 30◦ 09′ –30◦ 16′ N) is a large shallow
lake in the south of Wuhan City, China. It is located in rural areas, and its

Fig. 1. Sampling points (green circles) and land use of (a) Lake Luhu and (b) Lake Houguan. (For interpretation of the references to color in this figure legend, the
reader is referred to the Web version of this article.)
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were the same sample of phytoplankton, while cladoceran and copepod
samples were obtained by filtering 20 L water samples through a 0.064
mm mesh and fixed in 5% formalin. After a 48 h sedimentation and
concentrated to 30 mL, rotifera, cladoceran, and copepod samples were
identified according to Zhang and Huang (1991) and counted under a
dissection microscope in a counting chamber. All of the methods fol
lowed national or local standard methods of China (Ministry of Envi
ronmental Protection of the People’s Republic of China, 2002).
Water level (m) data from January 2015 to January 2019 were
monitored using the local automatic and wireless hydrology data
monitoring system near LH01 of Lake Luhu and HG01 of Lake Houguan
(Fig. 1). Daily averages of lake volume fluctuations (ΔV, × 104 m3d− 1)
between March 2015 and January 2019 were calculated based on the
water level by cubic spline interpolation of the water level-lake volume
curve (n = 140). Daily averages of wind speeds (WS, m s− 1) between
March 2015 and January 2019 were collected from meteorological
station #57494 of the China Meteorological Administration (http://data
.cma.cn). Average ΔV and WS between the sampling day and 6 days
preceding the sampling day were calculated for analysis (Yang et al.,
2016).

As an extension of Binomial Logistic Regression, Multinomial Lo
gistic Regression (MLR) model can be applied when there are more than
two categories for the response variable. It can describe the probability
of occurrence of each category as a function of the predictor variables
(Hosmer and Lemeshow, 2000; Peeters, 2009). Thus, we applied the
MLR model to predict the probability of three main phytoplankton
groups (i.e., GROUP1, GROUP2, GROUP3) occurrence. Because pre
dictor variables in this study were of various measurements and con
tained discrete variables, using the nonparametric exploratory CART
was more effective and robust to select important variables without
consideration of which predictor variables or in what transformation to
use (Cha et al., 2014; Qian, 2010). As such, the log odds of the outcomes
were modeled as a linear combination of important predictor variables
selected by CART. We chose GROUP1 as the baseline category since
GROUP1 prevailed in both lakes between January and March every
year. The model can be expressed as:
ln

P(GROUPi)
= βi X
P( GROUP1)

P(GROUPi) =
2.3. Data analyses

1+

eβ i
∑i

X

k=2 e

βk X

where X = (1, X1, …, Xn) are vectors of predictor variables, βi = (β0, β1,
P

The Bray-Curtis similarity index is a robust and ecologically inter
pretable measure for assessing species abundance data (Jochimsen et al.,
2013; King and Richardson, 2003). To identify phytoplankton shifting
and classify the regimes of phytoplankton community compositions, an
agglomerative Hierarchical Cluster Analysis (HCA) based on the
average-link method and the Bray-Curtis similarity index was performed
(Fisher et al., 2015; Jankowiak et al., 2019; Yang et al., 2017a). The
cutting levels of HCA were defined by plotting the fusion level values
(Borcard et al., 2018).
The differences of environmental factors, Shannon− Wiener index
(H) (Shannon, 1948), Pielou index (J) (Pielou, 1959), dominance index
∑
(Y) (Xu et al., 2017) and a comprehensive Trophic Level Index TLI( )
(China Environmental Monitoring Station, 2001) between different
phytoplankton groups classified by HCA were compared by the Krus
kal–Wallis test and the p-value adjusted Wilcoxon test (Kabacoff, 2011).
Dominance index (Y) can be calculated as:

i)
…, βn) are vectors of parameters for GROUPi (i = 2, 3). ln P((GROUP
is the
GROUP1)

log odds of being in GROUPi versus GROUP1. We calculated the de
rivatives to get the value of the predictor variable with the extremum of
the possibility of one specific group.
The water quality of surface waters in China has been evaluated
according to the water quality standards for surface waters (GB38382002). This standard categorized water quality into five levels (i.e. Level
I: TP ≤ 0.01; Level II: 0.01 < TP ≤ 0.025; Level III: 0.025 < TP ≤ 0.05;
Level Ⅳ: 0.05 < TP ≤ 0.10; Level Ⅴ: 0.10 < TP ≤ 0.20). Water belonging
below Level III is regarded as clear water and is the objective of envi
ronmental protection. We predicted the probability of different phyto
plankton groups occurrence in a year by setting TP as 0.025 mg L− 1
(Level II, TP level of both lakes in 2012), 0.05 mg L− 1 (Level III, the
objective of environmental protection), and 0.10 mg L− 1 (Level Ⅳ, TP
level of both lakes in 2016) and setting temperature as monthly average
values (Fig. S4a).
The misclassification generalization error rate was applied to eval
uate the performance of CART and MLR. The original data were
randomly divided into the learning sample (2/3 of the data) for model
constructions and the test sample (remaining 1/3 of the data) for eval
uating model performance. Over 50 independent runs were applied for
both models (Bourel and Segura, 2018). The pseudo R-squared was also
calculated to evaluate the MLR.
As discrete data, cyanobacteria abundances are characterized by
large variability (i.e., “Overdispersion”, the variance is greater in value
to that of the mean) and absence in many samples (“Excessive zeros”),
making its modeling difficult (Qian, 2010). Previous studies have uti
lized negative binomial (NBR), zero-inflated mixture models, and hurdle
Poisson models, etc. to address the problem of “Overdispersion” (Calvin
and Long, 1998; Cha et al., 2014; Hilbe, 2007). In this study, we
developed an NBR model based on the results of HCA to predict the high
cyanobacteria abundance in these lakes. We used the data only in the
cyanobacteria dominated GROUP3 since predicting high cyanobacteria
abundance was our concern and high cyanobacteria abundance only
occurred in GROUP3 without cyanobacteria absence according to the
frequency distribution of cyanobacteria abundance in different phyto
plankton groups (Fig. 6a). The NBR model can be expressed as:

Y = (ni / N)fi
where ni is the individual number of species i, N is the total individual
number, and fi is the frequency of species i. A particular species is
considered a dominant species when Y ≥ 0.02 (Xu et al., 2017), and the
trophic level is divided into five levels from oligotrophic to hyper
∑
eutrophic based on TLI( ) (Guo et al., 2018). Since the result of HCA
indicated that 180 out of 184 samples can be classified into three groups
(i.e., GROUP1, GROUP2, GROUP3), the observations in GROUP4 (only 4
samples) were not adequate for modeling, thus we excluded GROUP4 in
the following models.
The Classification and Regression Tree (CART) model is an effective
and robust way to model interactions among predictors and the
nonlinear relationships between data (Park et al., 2015; Qian, 2010). As
such, the CART model was used to screen out important environmental
factors affecting phytoplankton shifting. Predictor variables included
water temperature (Temp), 6-day average wind speeds (WS), 6-day
average lake volume fluctuations (ΔV), nutrients (TP, SRP, TN, NH4,
NO3, SRSi), pH, DO, zooplankton abundance (including Rotifera,
cladoceran, and copepod), and sampling points were also incorporated
into the model as proxies for some unmeasured possible important
factors, such as light, fish biomass (Xiao et al., 2017). The response
variables were categorical variables (i.e., GROUP1, GROUP2, GROUP3).
Since the binary splitting of CART often results in a large and overfitting
tree, the tree with the lowest 10-fold cross-validated prediction error
was selected (Qian, 2010).

ln(Cyanobacteria Abundance) = αW
where W = (1,W1, …,Wn) are vectors of predictor variables, α = (α0, α1,
…, αn) are vectors of parameters, ln(Cyanobacteria Abundance) is the log
3
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of cyanobacteria abundance.
We explored the influences of lake volume fluctuations (ΔV) and
wind speeds (WS) on the relationships between phytoplankton abun
dance and nutrients by conditional plots (Wagner et al., 2011). ΔV and
WS data were divided into five ranges with the same sample size and
50% overlap to achieve relatively constant levels for use in conditional
plots. The relationship between nutrients and phytoplankton abundance
was examined using linear regression (log-log scales). Analysis was
performed on a subset of samples where both ΔV and WS data were
available (n = 140). The relationship between abundances of four main
phytoplankton phyla (i.e., Chlorophyta, cyanobacteria, Bacillariophyta,
and Cryptophyta) and environment variables was analyzed with
Nonparametric Spearman’s ρ correlation analyses.
All statistical analyses were conducted using the software packages R
version 3.6.1(R Core Team, 2019) and MATLAB R2016a software.

3. Results
3.1. Phytoplankton community compositions
We identified 77 genera belonging to 8 phyla. Chlorophyta, cyano
bacteria, Bacillariophyta, and Cryptophyta were the main phytoplankton
taxa in the study areas, accounting for 12.1%, 79.0%, 5.01%, and
3.38%., respectively, of the total phytoplankton abundance. Together,
Euglenophyta, Pyrrophyta, Chrysophyta, and Xanthophyta represented
only 0.46% of the total phytoplankton abundance (Fig. S1).
The HCA identified four distinct phytoplankton groups (Fig. 2a).
GROUP1 was dominated by Cryptomonas sp. (Cryptophyta) (Fig. 2b).
This group was characterized by low phytoplankton abundance
(Table S2) and it overwhelmingly occurred in both lakes from January to
March every year (Fig. S2a); GROUP2 prevailed in all sampling sites
around May. Merismopedia sp. (cyanobacteria), Scenedesmus sp. and
Ulothrix sp. (Chlorophyta), Synedra sp. (Bacillariophyta), and Cryptomonas
sp. (Cryptophyta) were the dominant genera (Fig. 2b); GROUP3

Fig. 2. Classification of phytoplankton assemblages by Hierarchical Cluster Analysis (HCA) based on the Bray-Curtis similarity index (n = 184). (a) Results of HCA
indicated that all samples can be divided into GROUP1 (blue, n = 51), GROUP2 (orange, n = 46), GROUP3 (grey, n = 83), and GROUP4 (yellow, n = 4). (b)
Dominance Index (Y) of different genera in four phytoplankton groups. (For interpretation of the references to color in this figure legend, the reader is referred to the
Web version of this article.)
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generally prevailed from June to December (Fig. S2a). In this group,
Merismopedia sp., Dolichospermum sp., Pseudanabaena sp., Raphidiopsis
sp. and Spirulina sp. (cyanobacteria) were dominant in the community
(Fig. 2b). There were only four samples in GROUP4, which were
dominated of Oscillatoria sp. and Microcystis sp. (cyanobacteria)
(Fig. 2b). This group only occurred in HG03 and HG04 (Fig. S2b).

MLR predicated an increase in temperature from 14 ◦ C (25th
percentile) to 28.65 ◦ C (75th percentile) at a mean TP of 0.094 mg L− 1
would dramatically decrease the probability of GROUP1 occurrence
from 56.9% to 0.03% (Fig. 4a), while the probability of GROUP1
occurrence changed negligibly along with increasing TP when the
temperature was set as its mean (21.16 ◦ C) and 75th percentile
(28.65 ◦ C) (Fig. 4d). Thus, the temperature was the condition strongly
associated with the GROUP1 occurrence.
Different from a monotonous response pattern of GROUP1 and
GROUP3, the response of GROUP2 to temperature was a typical unim
odal pattern. The highest probability of GROUP2 was achieved when
temperatures-TP were 22.36 ◦ C-0.054 mg L− 1 (25th percentile of TP),
20.52 ◦ C-0.094 mg L− 1 (mean of TP), and 19.5 ◦ C-0.116 mg L− 1 (75th
percentile of TP), respectively (Fig. 4b). Therefore, similar to the result
of CART (Fig. 3 Node 9), the MLR also suggested increasing TP would
systematically decrease the probability of GROUP2 occurrence.
MLR also predicted an increase in TP from 0.054 mg L− 1 to 0.116 mg
L− 1 at 21.16 ◦ C merely decreased the probability of GROUP1 occurrence
from 19.0% to 16.4% (Fig. 4d), while it dramatically decreased GROUP2
occurrence from 50.5% to 23.3% (Fig. 4e) and increased GROUP3
occurrence from 30.5% to 60.3% (Fig. 4f). Thus, GROUP2 and GROUP3
were more sensitive to TP than GROUP1.
As suggested by MLR, an improvement of water quality from level Ⅳ
to level III will considerably decrease the probability of GROUP3
occurrence between June and December from an average of 62.39%–
40.42%, and a further improvement to level II will decrease the prob
ability to 29.23% (Fig. 5). Thus, decreasing phosphorus loads is neces
sary for the prevention of cyanobacteria dominance in both lakes.

3.2. Modelling of phytoplankton shifting
As suggested by the results of the CART model, GROUP1 mainly
occurred when the temperature was lower than 18.8 ◦ C (Fig. 3 Node 3),
while GROUP2 and GROUP3 were influenced by both temperature and
TP. Specifically, GROUP3 would be more likely to occur when the
temperature was higher than 18.8 ◦ C and TP was higher than 0.1 mg L− 1
(Fig. 3 Node 11) or temperature was higher than 28.35 ◦ C but TP was
lower than 0.1 mg L− 1 (Fig. 3 Node 10). The frequency for GROUP2 was
high when the temperature was between 18.8 ◦ C and 28.35 ◦ C as well as
TP was below 0.1 mg L− 1 (Fig. 3 Node 9). The actual groups identified by
HCA against the groups predicted by CART indicated the overall accu
racy of the CART was 82.2% (Fig. 3), while the mean misclassification
error rates of CART were 30.1% (Fig.S6).
MLR also suggested temperature and TP were important predictor
variables (Eq. (1) and Eq. (2)). MLR indicated 1 ◦ C increase in temper
ature was associated with the increase in the log odds of phytoplankton
community being in GROUP2 versus GROUP1 in the amount of 0.20,
while the same increase in temperature was associated with the increase
in the log odds of being in GROUP3 versus GROUP1 in the amount of
0.29. In contrast to temperature, TP exerted different effects on GROUP2
and GROUP3. MLR suggested 0.01 mg L− 1 increase in TP was associated
with the decrease in the log odds of being in GROUP2 versus GROUP1 in
the amount of 0.1005. However, the same increase in TP was associated
with the increase in the log odds of being in GROUP3 versus GROUP1 in
the amount of 0.1339 (Eq. (1) and Eq. (2)). The pseudo R-squared for
MLR was 0.33, and the mean error rate of MLR was 26.9% (Fig.S6). The
models are expressed as follows:
ln

3.3. Modelling of cyanobacteria abundance
Cyanobacteria abundance was absent or maintained low levels in
GROUP1 (ranging from 0 to 2.7 × 106 cells L− 1) and GROUP2 (ranging
from 3.0 × 104 to 2.9 × 107 cells L− 1), while it increased considerably
with large variations in the cyanobacteria dominated GROUP3 (ranging
from 1.0 × 107 to 2.9 × 108 cells L− 1) (Fig. 6a). NBR indicated that TP
and TN were the conditions most strongly associated with cyanobacteria
abundance in GROUP3. The log count of the phytoplankton abundance
increased by 0.0409 for 0.01 mg L− 1 increase in TP, while decreased by
0.75 for 1 mg L− 1 increase in TN. These were equivalent to the per
centage change in the cyanobacteria abundance 4.2% increase for every
0.01 mg L− 1 increase in TP and 53% decrease for every 1 mg L− 1 in
crease in TN (Eq. (3)). At a lower TN level (0.822 mg L− 1, 25th

P(GROUP2)
= − 2.76(±0.77) + 0.20(±0.04)Temperature − 10.05(±6.13)TP
P(GROUP1)
(1)

ln

P(GROUP3)
= − 6.41(±1.01) + 0.29(±0.04)Temperature + 13.39(±4.97)TP
P(GROUP1)
(2)

Fig. 3. Pruned Classification and Regression Tree (CART) model of phytoplankton community groups (n = 180). The model was pruned to six terminal nodes. The
frequency of three groups (G1, G2, and G3 represented GROUP1, GROUP2, and GROUP3 respectively) in each node and the size (n) of the node were presented at
the bottom.
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Fig. 4. Probability of (a) GROUP1, (b) GROUP2, and (c) GROUP3 presence as a function of temperature with TP setting at its mean (0.094 mg L− 1, red lines), 25th
percentile (0.054 mg L− 1, green lines) and 75th percentile (0.116 mg L− 1, blue lines). Probability of (d) GROUP1, (e) GROUP2, and (f) GROUP3 presence as a
function of TP with temperature setting at its mean (21.2 ◦ C, red lines), 25th percentile (14.0 ◦ C, green lines), and 75th percentile (28.65 ◦ C, blue lines). (For
interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)

Fig. 5. Prediction of the monthly probability of three phytoplankton groups occurrence under different TP scenarios.

percentile), a TP increase from 0.054 mg L− 1 (25th percentile) to 0.116
mg L− 1 (75th percentile) increased cyanobacteria abundance from 8.4
× 107 to 1.1 × 108 cells L− 1 (Fig. 6b, green line). However, at a high TN
level (1.31 mg L− 1, 75th percentile), the same TP increase raised cya
nobacteria abundance from 5.8 × 107 to 7.4 × 107 cells L− 1(Fig. 6b, blue

line). The NBR model is expressed as follows:
ln(Cyanobacteria Abundance) = 9.43(±0.17) + 4.09(±1.34)TP
− 0.75(±0.16)TN
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Fig. 6. Changes in (a) frequency distribution of cyanobacteria abundance in different phytoplankton groups, (b) Predictions of cyanobacteria abundance in response
to TP with TN setting at its mean (1.34 mg L− 1, red line), 25th percentile (0.89 mg L− 1, green line) and 75th percentile (1.46 mg L− 1, blue line) in GROUP3 (n = 83).
For each TN level, the colored shaded areas were the corresponding 95% confidence intervals (CI). (For interpretation of the references to color in this figure legend,
the reader is referred to the Web version of this article.)

Pielou index (J) of cyanobacteria dominated GROUP3 was significantly
∑
lower than other groups (p < 0.05, Fig. S3a). The average TLI( ) index
of GROUP1, GROUP2, and GROUP4 were between 50.6 and 56.2, these
∑
were within the range of light-eutrophic. The average TLI( ) index of
GROUP3 was 60.2, which was significantly higher than the other three
groups (p < 0.05, Fig. S3c) and in the range of middle-eutrophic (China
Environmental Monitoring Station, 2001).
Temperature is a significant factor that facilitates the succession,
distribution, and composition of phytoplankton communities. In
contrast to nutrients, where an increase favors growth in most species,
the influences of temperature differ across species (Elliott et al., 2006;
Rao et al., 2018). High temperatures are believed to yield cyanobacteria
competitive advantages over other phytoplankton taxa (Elliott, 2012;
Paerl and Huisman, 2008). Previous studies found that most cyano
bacteria species prefer temperatures above 20 ◦ C, as higher tempera
tures benefit cyanobacteria growth and photosynthetic capacity
(Wiedner et al., 2007). In contrast, Cryptophyta is considered one of the
most tolerant and opportunistic groups that can flourish in cold tem
peratures (Reynolds, 2006; Su et al., 2016). Thus, the different effects of
temperature on GROUP1 (negatively) and GROUP3 (positively) sug
gested by both CART (Fig. 3) and MLR (Fig. 4) might result from
different responses of dominant genera (Fig. 2b) to the temperature.
Previous studies have found the influence of temperature on phyto
plankton declined considerably at low nutrient levels, and blooms
decreased as nutrients were reduced without the benefit of increasing
temperature (Elliott et al., 2006; Paerl and Huisman, 2008). Similarly,
an analysis of more than 1000 lakes in the U.S. found that temperature
had an increasing influence on the high trophic state of water bodies
(Rigosi et al., 2014). In this study, the synergistic effects of temperature
and nutrients on GROUP3 were suggested by both CART and MLR. CART
showed a higher frequency of GROUP3 under lower TP (<0.10 mg L− 1)
when the temperature was high (>28.35 ◦ C) (Fig. 3 Node 10). MLR also

3.4. Effects of hydrological dynamics and zooplankton
The result of the conditional plot showed that the positive responses
of Chlorophyta and cyanobacteria abundance to TP were more signifi
cant when ΔV levels were close to zero (Fig. 7a and b). Besides, more
significant relationships between cyanobacteria abundance and TP were
also observed in low WS levels (Fig. 7c). These suggested WS and ΔV
might affect cyanobacteria abundance indirectly, and cyanobacteria
were more sensitive to eutrophication in more stable water columns. In
addition, the effects of ΔV and WS seemed to only affect the response of
cyanobacteria abundance to TP in GROUP1 and GROUP2, since cya
nobacteria abundance in GROUP3 maintained high levels with
increasing ΔV and WS (green points in Fig. 7).
The Spearman’s ρ correlation indicated rotifera abundance was
significantly positively associated with Chlorophyta (ρ = 0.26, p < 0.05),
cyanobacteria (ρ = 0.44, p < 0.05), and Bacillariophyta (ρ = 0.23, p <
0.05) abundance; cladoceran abundance was non-significantly corre
lated with phytoplankton abundance; copepod abundance was signifi
cantly positively associated with cyanobacteria abundance (ρ = 0.22, p
< 0.05) (Fig. S5). Meanwhile, the less efficient grazer rotifera dominated
the zooplankton community in all phytoplankton groups, and this was
especially the case in cyanobacteria dominated GROUP3 (Table S2).
4. Discussion
The cumulative effects of environmental factors on aquatic ecosys
tems can be reflected and evaluated by changes in aquatic organisms,
especially phytoplankton (Dai et al., 2020; Kalff, 2002). Some previous
studies have found species diversity decreased with the increase of
eutrophication (Chen et al., 2016; Yang et al., 2017a). Similarly, in this
study, the Shannon− Wiener index (H) of biologically diverse GROUP2
was significantly higher than other groups (p < 0.05, Fig. S3b), while the
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Fig. 7. Conditional plots for log abundance of (a) Chlorophyta and (b) cyanobacteria versus log total phosphorus (TP) conditional on lake volume fluctuations (ΔV).
Conditional plots for log abundance of (c) cyanobacteria versus log TP conditional on wind speeds (WS). From left to right, each bottom panel showed a different
range of ΔV and WS showed at the top. The r value and p value of ordinary least squares regression were indicated in each plot.
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suggested TP and temperature would synergistically raise the proba
bility of GROUP3 occurrence (Fig. 4c and f). In contrast to GROUP3, the
interactive effects of temperature and nutrients were antagonistic or
minor in GROUP1 and GROUP2 (Fig. 4). Thus, interactive effects and
relative priority of temperature and nutrients are changing with
phytoplankton community succession (Fig. 4), and reducing nutrients
can finally make aquatic systems less vulnerable to the adverse effects of
warming.
In the study areas, monthly average temperatures between January
and March ranged from 5.98 ◦ C to 12.7 ◦ C, and the temperature
increased to 18.5 ◦ C in April (Fig. S4a). Since GROUP1 was significantly
sensitive to the temperature (Figs. 3 and 4), the low temperature might
be the main reason for the prevalence of GROUP1 in both lakes from
January to March every year despite differing trophic states among
sampling sites (Fig. S4c). After March, both temperature and TP affected
GROUP2 and GROUP3 occurrence (Figs. 3 and 4). Because the agricul
ture and aquaculture activity in the catchment of both lakes are mainly
between May and February next year, TP input is often the lowest
around May. Thus, the prevalence of GROUP2 around May (Fig. S2a)
might be combined effects of medium temperature (Fig. S4a) and the
lowest TP (Fig. S4b).
NBR indicated there was a larger increase in cyanobacteria abun
dance with TP under lower TN (Fig. 6b), suggesting lower TN:TP ratio
promoted the increase of cyanobacteria abundance. The TN:TP ratio
hypothesis has been a subject of long debate. Many studies have sug
gested that a low TN:TP ratio, indicating a nitrogen limitation, benefits
the proliferation of nitrogen-fixing cyanobacteria (Qin et al., 2020;
Smith, 1983; Yang et al., 2017a). However, other studies indicated
cyanobacteria blooms were less associated with the TN:TP ratio than the
absolute concentrations of N and P (Downing et al., 2001; Kosten et al.,
2011). In this study, the average TN:TP ratio ranged from 27.7 in
GROUP1 to 10.8 in GROUP3 (Table S2). These values were lower than
the range (TN:TP ratio<29) previously associated with nitrogen limi
tations (Smith, 1983). Some studies further suggested N limitations were
more common when the TN:TP ratio was <14 particularly with TP >
0.03 mg L− 1 (Downing and McCauley, 1992), which was a common
phenomenon in GROUP3 of this study (Table S2).
Although the Spearman’s ρ correlation indicated cyanobacteria
abundance was significantly positively associated with the temperature
(ρ = 0.65, p < 0.01) (Fig. S5), the slopes of temperature were not sig
nificant in the NBR model; as such, the temperature was excluded from
the model. The positive effects of temperature on cyanobacteria pres
ence, biomass, and abundance have been widely observed by many
previous studies (Cha et al., 2014; Elliott, 2012; Yang et al., 2017a).
Different from these studies, our NBR model was developed based on the
condition cyanobacteria dominated GROUP3. According to CART and
MLR, the frequency and probability of GROUP3 were strongly associ
ated with temperature (Figs. 3 and 4). Thus, the high temperature might
be more closely associated with the contribution of shifting the phyto
plankton community from non-cyanobacteria dominance to cyanobac
teria dominance, while nutrients might be more closely associated with
the promotion of cyanobacteria outbreak.
Many recent studies have highlighted the significance of meteoro
logical and hydrological conditions, such as wind speeds, residence
time, outflows, and water level fluctuations, on phytoplankton com
munities (Cha et al., 2017; Cha et al., 2014; Yang et al., 2017a; Yang
et al., 2016). For example, in a shallow floodplain lake of Argentina, it
was water level changes not nutrients responsible for the shift from a
floating macrophyte community to phytoplankton dominance (O’Farrell
et al., 2010). Wu et al. (2015) reported the annual mean monthly
maximum cyanobacteria bloom area was negatively correlated with
wind speeds in Lake Taihu from 2000 to 2011. In our study, CART, MLR,
and NBR did not indicate significant effects of ΔV and WS on both
phytoplankton shifting and cyanobacteria abundance. This might be
because most of the previous studies were carried out in regulated rivers,
river-run lakes, and reservoirs with stronger hydrological dynamics or in

very large lakes affected more considerably by winds. Lake Luhu and
Lake Houguan, however, are highly regulated by water gates down
stream, leading to relatively low hydrological dynamics (Fig. S4d). The
relatively low WS during the study period and the size of lake areas also
limited the influence of winds on both lakes (Table S1).
The influence of ΔV and WS on the relationship between phyto
plankton abundance and nutrients (Fig. 7) might be because winds and
hydrological dynamics can affect water stability which relates to many
important factors in aquatic ecosystems, such as resuspension, nutrient
supply, and light availability (Liu et al., 2019; Soballe and Kimmel,
1987). Previous studies have found that a stable water column allows
vertically buoyant cyanobacteria to migrate between the well-lit surface
layer and the nutrient richer bottom layer. Therefore, cyanobacteria
could take advantage of and respond more significantly to nutrients
under low ΔV and WS conditions (Huisman et al., 2004; Paerl and
Huisman, 2008).
Previous studies suggested cyanobacteria could mitigate adverse
effects from turbulence by secreting adhesive extracellular polymeric
substance, forming colonial, changing cell size or morphology properties
(Liu et al., 2019; Kang et al., 2018). This might help cyanobacteria
abundance in GROUP3 maintained high levels with increasing ΔV and
WS (Fig. 7). Similarly, in four regulated rivers in South Korea, it was
found that the positive relationship between residence time and cya
nobacteria abundance became less significant with increasing TP (Cha
et al., 2017). Thus, the effectiveness of increasing discharge or hydro
logical dynamics to mitigate cyanobacteria blooms might decrease once
cyanobacteria dominated the community.
In addition to the bottom-up effects of the environmental variables
discussed above, the phytoplankton community may also be influenced
by the top-down effects of zooplankton (Yang et al., 2017b). It was
suggested the trend of the dominance of small-bodied zooplankton in the
community can potentially weaken the top-down control on phyto
plankton (Liu et al., 2014; Meerhoff et al., 2007). In this study, rotifer
dominated the community in all phytoplankton groups (Table S2). This
might result from the resistance of cyanobacteria and the predation of
fish. Previous studies suggested cyanobacteria were resistant to
zooplankton grazing (especially to large-bodied zooplankton) because of
their interference of filtration, toxin releases, colony formation, and low
digestibility (Ghadouani et al., 2003; Liu et al., 2014). Moreover, as
important fishery grounds, Lake Luhu and Lake Houguan are the main
aquaculture sources of planktic or benthivorous fish, such as silver
carps, bighead carps, and grass carps. These fish could exert predation
pressures on zooplankton especially on cladoceran and copepod,
decreasing their grazing pressure on phytoplankton (Liu et al., 2014).
5. Conclusion
This study assessed the importance of multiple environmental factors
in predicting phytoplankton shifting and cyanobacteria abundance in
two regulated shallow lakes. Our results showed most of phytoplankton
communities indicated pronounce shifts among three stable groups.
Cryptophyta dominated GROUP1 was strongly associated with temper
ature, while biologically diverse GROUP2 and cyanobacteria dominated
GROUP3 were influenced by both temperature and TP. The interactive
effects of temperature and nutrients were synergistic in GROUP3, while
they were antagonistic or minor in GROUP1 and GROUP2. It was low TN
and high TP, but not the temperature that was responsible for high
cyanobacteria abundance. We also found cyanobacteria responded to
nutrients more significantly in more stable water columns. Our results
highlighted that the evaluations of the effects of multiple environmental
factors on phytoplankton should consider community compositions,
since their interactive effects and significances changed among different
phytoplankton communities. The effectiveness of increasing hydrologi
cal dynamics to mitigate cyanobacteria blooms might decrease during
the cyanobacteria dominant period, and decreasing nutrient loads
should be given priority to mitigate undesirable effects caused by both
9
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warming and water project constructions in the regulated shallow lakes.
Additionally, since our monitoring relied largely on abundance to
characterize the phytoplankton community dynamics, our models were
based on the analysis of phytoplankton abundance. However, phyto
plankton biomass is also important for describing the community dy
namics, and it is necessary to check these models in terms of biomass in
the future studies.
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