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ABSTRACT ARTICLE HISTORY
Cascadereservoir-riversystemsevolvetobecomeanewecological region produced byanthropogenic Received 3 August 2017
disturbances. Systematic studies of spatial-temporal patterns of phytoplankton community ~ Accepted 18 February 2018
structure are still lacking in these systems, and thus we investigated phytoplankton composition KEYWORDS

and related environmental factors in the impounded Wujiang River, southwest China. The results BPANNs model: carbon;
showed that the dominant groups were Chlorophyta, Bacillariophyta, and Cyanophyta, whereas phytoplankton; silicon;
Pyrrhophyta and Cryptophyta mainly appeared from May to August. Bacillariophyta were dominant Wujiang River

algae in the river water, Cyanophyta in the eutrophic reservoirs, and Chlorophyta, Bacillariophyta,

and Cyanophyta were dominant in the mesotrophic reservoirs. Water temperature was an important

limiting factor for algal growth, and algal biomass produced 2 peak values in May and in August.

Backpropagation artificial neural networks (BPANNSs) have accurately predicted time-series variation

of dominant algal abundance. The sensitivity analyses indicated that water temperature, dissolved

CO,, and silicon were the main factors influencing phytoplankton community structure, suggesting

algal succession is constrained by carbon and silicon biogeochemical cycles. Results suggested that

Cyanophyta used HCO,™ as an inorganic carbon source when the CO, concentration was less than

~10 umol L', leading to the species succession from Bacillariophyta to Cyanophyta.

Introduction their own hydrological characteristics, elemental bioge-
ochemical cycles, and phytoplankton ecology; therefore,
the impounded rivers can be considered a new ecological
region produced by anthropogenic disturbances.

Karst hydropower reservoirs are usually canyon res-
ervoirs with high concentrations of dissolved inorganic
carbon. Systematic studies of spatial-temporal patterns
of phytoplankton community structure are still lacking
in karst cascade reservoirs. We hypothesize that in these
reservoirs algal succession relates to the carbon geochem-
ical cycle. Here we investigated phytoplankton commu-
nity structure and related environmental variables in the
impounded Wujiang River, southwest China, to test our
hypothesis.

Phytoplankton community succession is influenced
by several environmental factors. An increase in water
turbulence may result in changes from cyanobacteria
(Cyanophyta) to green algae (Chlorophyta) and diatoms
(Bacillariophyta; e.g., Reynolds et al. 1983, Harris and
Baxter 1996), and a decrease in temperature can also
lead to a distinct shift from nitrogen-fixing cyanobacte-
ria toward diatoms (Markensten et al. 2010, Schabhuttl
et al. 2013). Furthermore, nutrient stoichiometry such as
carbon:silicon and phosphorus:silicon ratios can influence
the succession between diatom and nondiatom phyto-
plankton (Wang et al. 2014, 2016).

Damming for hydropower generation is one of the
most significant human activities affecting natural rivers.
Hydropower reservoirs have the characteristics of notonly ~ Methods
temperature and nutrient stratifications, but also artificial
regulation such as releasing water from the bottom of the
dam and anti-seasonal storage of water (Serra et al. 2007,  Asa typical impounded river, the Wujiang River, the largest
Wang et al. 2014). The impounded rivers evolve and form  river in Guizhou Province, is particularly well suited for

Study area
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this study. It is a southern tributary of the Changjiang River
with a length of 1037 km, a fall of 2124 m, a drainage area
of 8.8 x 10* km?, and an average runoff of 53.4 x 10° m?
per year. Since 1959, a series of reservoirs have been con-
structed along this river, and the main hydrological features
of these reservoirs are well understood (Wang et al. 2013).
We investigated 9 stations in this study (Fig. 1), 4 of which
(W1, W2, W6, and W7) were selected for backpropaga-
tion artificial neural networks (BPANNs) modeling. W1
is located at the Liuchong River and represents a primal
river, whereas W6 represents a river influenced by dam-
ming. Hongjiadu Reservoir (W2) is a young reservoir, and
Wujiangdu Reservoir (W7) is an old reservoir.

Sampling and analytical methods

Surface water samples (upper 0.5 m) were collected twice
a month from May 2011 to May 2012. Water temperature

(T), dissolved oxygen (DO), and pH were measured in situ
using a calibrated water quality probe (model YSI 6600).
A small portion of each sample was stored for analyses of
total nitrogen (TN) and total phosphorus (TP). Both were
determined spectrophotometrically (Unico UV-2000)
after alkaline potassium persulfate digestion (EPA 1988).
Samples for major cations and anions were filtered through
0.45 pm filters. Samples for cation analysis were acidified
to pH 2 with ultrapurified HNO,. Major cations of cal-
cium, magnesium, potassium, and sodium (Ca**, Mg*",
K*, and Na*) and dissolved silicon (DSi) were analysed by
inductively coupled plasma optical emission spectrometer
(ICP-OES, USA), and anions sulfate, nitrate, and chlo-
ride (SO,*", NO,, and CI") by high performance liquid
chromatography ICS-90 (Dionex, USA). These major
ions were used to calculate ionic strength. Alkalinity was
titrated with HCl on site. Dissolved carbon dioxide (CO,)
concentration was calculated from alkalinity, pH, and T
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Figure 1. Position of reservoirs and sampling locations on the Wujiang River, southwest China.



with corrections of dissociation constants by temperature
and ionic strength (Maberly 1996). A 1.5 L surface water
sample was preserved with Lugol’s solution for quantita-
tive analysis of phytoplankton. Phytoplankton for qual-
itative analysis was collected with a 64 pm nylon mesh
and preserved with formaldehyde solution (2% final con-
centration). The method of Zhang and Huang (1991) was
used for taxon identification, counting, and cell dimen-
sions using a standard light microscope. The biovolume
of each species was geometrically calculated (Hillebrand
et al. 1999), and the wet weight (mg L") of phytoplank-
ton biomass was calculated according to its biovolume
and cell density (Zhang and Huang 1991). Chlorophyll
(Chl) content was determined using a calibrated Walz
PHYTO-PAM-ED pulse amplitude modulated fluores-
cence system with PHYTO-WIN software 2.13 (Heinz
Walz GmbH, Effeltrich, Germany). Pearson’s correlation
coeflicient analysis was carried out with software SPSS
11.5 (SPSS, Inc.).

Back propagation artificial neural network
architecture for modeling

BPANNs were developed from a learning procedure
reported by Rumelhart et al. (1986) and proved success-
ful for modeling phytoplankton dynamics characterized
by nonlinearity and complexity in aquatic ecosystems
(Recknagel 1997, Wei et al. 2001, Jeong et al. 2006). The
structure of a BPANN consisted of 3 layers: an input, a
hidden layer, and an output layer. TN, TP, DSi, dissolved
CO,, T, pH, and DO were the external inputs, and cell
densities of different phytoplankton groups were the out-
puts. Data for each month were divided into 2 sets. Data
from the first semi-month made up the training database,
which was assumed to contain the information necessary
to establish the relation between the input layer and the
output layer (Lek and Guegan 1999), and were used to
train the BPANNs and build the models. Data from the
second semi-month constituted test sets used to vali-
date the BPANN models. The sigmoid function: f(x) = 1/
(1+e™*) was chosen to estimate the activation level in the
hidden layer. The learning rate of BPANNs was 0.05, and
the momentum constant (mc = 0.9) and a training goal
(Le-3) were used. By repeatedly training and validating,
the best performing BPANN was selected for sensitivity
analysis to identify the sensitivity of phytoplankton cell
density to the change of each input factor. Input param-
eters increasing and decreasing by 10% were fed to the
selected network, and the output values were compared
with the output values calculated by feeding the network
with observed input parameters. The calculations were
performed by MATLAB 7.8 (Minitab, Inc.).

INLAND WATERS (&) 3

Results
Basic physical, chemical, and biological properties

Major physical, chemical, and biological variables are
presented in Fig. 2 and Table 1. T showed clear monthly
variations, increasing from February and peaking in
August (Fig. 2a-b). Amplitude of T with time was larger
than with space while that of pH showed a reverse ten-
dency. Generally, pH decreased along the main Wujiang
River, and values were lower downstream than upstream
of the dam. DO displayed the reverse temporal varia-
tion compared to T and a similar spatial variation to pH.
Temperature, pH, and DO (Fig. 2c-f) showed significant
correlations with each other (Table 2).

The average values of dissolved CO,, TN, TP, DSi, and
Chl showed small monthly fluctuations but displayed rel-
atively large amplitudes among stations (Fig. 2g-n). High
CO, concentrations were recorded downstream of the
dam and low DSi concentrations upstream of the dam. The
reservoirs Wujiangdu (W7) and Hongfeng (W9) showed
high Chl contents, suggesting their trophic level was high.
Chl content showed significant negative correlations to
TN, CO,, and DSi (Table 2). TN in the Hongfeng reser-
voir had the lowest value because the TN concentration
in the Maotiao River is lower than the concentration in
the Wujiang River.

Phytoplankton

We recorded 7 algal groups in this river-reservoir sys-
tem (Fig. 3). The dominant groups were Chlorophyta,
Bacillariophyta, and Cyanophyta, whereas Pyrrhophyta
and Cryptophyta mainly appeared from May to August.
Generally, Bacillariophyta were dominant in the river
waters, whereas Cyanophyta were dominant in the
eutrophic reservoirs Hongfeng and Wujiangdu. The 3
main algal groups coexisted in the mesotrophic reservoirs
Hongjiadu and Dongfeng. Biomass of the total algae and
most algal groups presented 2 peak values in May and
in August, and the phytoplankton community structure
varied markedly with time and space (Fig. 20-x and 3).

Dynamics of different phytoplankton groups
predicted by BPANN models

The predicted output values showed a significant correla-
tion with the measured values, indicating that the timing
of the predicted output values compared well with the
measured data (Fig. 4). The simulation results showed
different patterns among the different stations, and the
magnitude of the dominant algal groups in the 4 stations
was also well predicted. Predictions of the dominant algal



4 (&) B.WANGETAL

groups were usually more accurate than those of nondom-  to T, CO,, pH, and DSi, and the dominant Chlorophyta
inant groups. in station W2 were sensitive to T and pH.
Sensitivity analyses of the BPANN models conducted

to determine the sensitivity of algal groups to different ~ Discussion

environmental factors (Tables 3 and 4) found that the
dominant Cyanophyta in stations W2 and W7 were
highly sensitivity to T, CO,, and pH. The dominant A hydropower reservoir changes the hydrology, trans-
Bacillariophyta in stations W1, W2, and W6 were sensitive ~ parency, and nutrient cycling compared with the original

Factors limiting phytoplankton growth
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Figure 2. Physical, chemical, and biological variables at different stations on the Wujiang River, southwest China, from May 2011 to May
2012. Station locations refer to Fig. 1. Values are shown as average and positive standard deviation, and phytoplankton biomass as mg
wet weight per L.
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Table 1. Averages and range of major biogeochemical variables in this study (n = 234). T = water temperature; DO = dissolved oxygen;
TN = total nitrogen; TP = total phosphorus; CO, = dissolved CO,; DSi = dissolved silicon; Chl = chlorophyll.

DO Co, TN TP DSi
T(°Q) pH (umol L) Chl(ugL™)
Aver 17.37 7.92? 261.2 56.5 209.8 1.60 58.9 5.84
SD 5.17 0.31 53.9 40.0 72.8 0.89 319 8.49
Max 29.66 8.99 389.7 226.9 426.3 5.81 152.7 49.29
Min 6.62 7.36 98.4 2.1 7.2 0.38 0.02 0.92

2Average calculated from the geometric average; the arithmetic average was 8.02.

Table 2. Results of Pearson’s correlation coefficient analysis. T = water temperature; DO = dissolved oxygen; TN = total nitrogen; TP =
total phosphorus; CO, = dissolved CO,; DSi = dissolved silicon; Chl = chlorophyll.

pH DO N TP Co, DSi Chl

T 0.239** —0.335%* —-0.063 0.034 —0.300%* -0.151* 0.272%*
pH 0.561** —0.486** —0.226** —0.881** —0.279** 0.514**
DO —0.251%* —-0.366"* —0.453** —-0.032 0.146*
N 0.126 0.365** 0.304** —0.507**
TP 0.240%* 0.028 -0.029
o, 0.167* —0.365**
DSi —0.613**

*Correlation significant at the 0.05 level (2-tailed);
**Correlation significant at the 0.01 level (2-tailed).
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Figure 3. Average biomass (wet weight L™") of different phytoplankton groups in different stations on the Wujiang River from May
2011 to May 2012. Chlo = Chlorophyta; Eugl = Euglenophyta; Pyrr = Pyrrhophyta; Cryp = Cryptophyta; Baci = Bacillariophyta; Chry =

Chrysophyta; Cyan = Cyanophyta. Station locations refer to Fig. 1.

river and thus is prone to phytoplankton growth. Algae
assimilate CO, and release O,, which can increase pH and
DO. The significant positive correlations among Chl, pH,
and DO indicated that photosynthesis is an important
biological activity influencing water chemistry in the
impounded river. By contrast, water chemistry in the nat-
ural river is usually controlled by chemical weathering of
rocks and the mineralization of organic matter (Liu 2007).

According to the correlation analysis, water tempera-
ture was the key limiting factor for algal growth in these
cascade reservoirs. An increase in T can enhance photo-
synthetic rates (Neori and Holm-Hansen 1982) and thus
trigger faster phytoplankton growth. The assimilation of
nutrients by the algae resulted in a decrease in concentra-
tion of TN, CO,, and DSi in response to their significant

negative correlations to Chl (Table 2). NO,~ was the dom-
inant species of TN (data not shown) and significantly
correlated to Chl (r=-0.601, p < 0.01, n = 234); therefore,
a negative relationship was found between TN and Chl.
Freshwater ecosystems are often in a state of P limita-
tion (Hecky and Kilham 1988). In this study, the TN:TP
molar ratio was >50, which is indicative of P limitation
(Guildford and Hecky 2000). Because the TP values were
relatively high, however, and no significant correlation
was found between TP and Chl (Table 2), P was probably
not limiting in these reservoirs. The sensitivity analyses
of BPANN models also confirmed this possibility (dis-
cussed later). Therefore, phytoplankton as a whole were
not nutrient limited, but instead were thermal limited in
the impounded Wujiang River.
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Factors driving phytoplankton dynamics based on
BPANN models

BPANN models were used to simulate the dynamics of
different phytoplankton phyla while previous studies were
usually conducted with respect to a certain algal spe-
cies (Recknagel 1997, Wei et al. 2001). The interspecific
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competition among different phyla and within the same
phylum may complicate this simulation. Based on the
time-lagged input parameters, our study demonstrated
that the BPANN models could well predict time-series
variation of phytoplankton groups, especially for the dom-

Other phytoplankton; Ry, = 0.87; P<0.001

inant algal phyla (Fig. 4).



INLAND WATERS (&) 7

Table 3. Sensitivity analyses of different phytoplankton groups related to changes of inputs by increasing 10% in stations W1, W2, W6,
and W7.The names of dominant algal groups are bold. T = temperature; DO = dissolved oxygen; TP = total phosphorus; TN = total nitro-
gen; DSi = dissolved silicon. Sensitivity is calculated from the change of cell density divided by the original cell density. Inputs referto T,

pH, DO, CO,, TN, TP, and DSi.

T pH DO co, TP TN DSi
W1
Cyanophyta (%) -7.8 58.9 -11.8 —34.7 -1 26 4.7
Bacillariophyta (%) -1.2 -16.5 -28.5 -28.7 -1.3 7.3 8.1
Chlorophyta (%) -0.5 -58.9 -135 -22.8 13.9 3.6 58
Other phytoplankton (%) 15.2 -133.2 -59 -83 -84 4.1 12.0
W2
Cyanophyta (%) 413 -35.0 2.3 -34.6 0.1 -2.8 -04
Bacillariophyta (%) 6.5 -103.3 229 9.6 8.9 8.8 -34.1
Chlorophyta (%) 439 —45.4 —6.7 -2.3 =27 -8.3 0.8
Other phytoplankton (%) -89.7 -103.9 -73.0 -24.1 -1.3 4.4 -13.9
We
Cyanophyta (%) 853 -113.9 75.1 57.8 —4.8 -11.3 57
Bacillariophyta (%) 35.6 183.0 429 6.8 -2.3 -8.0 0.6
Chlorophyta (%) 18.0 —89.9 106.0 121 -11 -13.7 1.3
Other phytoplankton (%) 111.6 7.4 219 —6.6 12.1 319 264
w7
Cyanophyta (%) 188.6 —40.6 -51.9 -394 -2.6 -29.9 -2.5
Bacillariophyta (%) -34 519 14.5 43 —-4.7 -133 29
Chlorophyta (%) 8.6 —54.5 —-5.5 -6.8 -0.0 -4 -14
Other phytoplankton (%) 13.0 8.5 0.4 11.6 0.1 -0.8 1.6

Table 4. Sensitivity analyses of different phytoplankton groups related to changes of inputs by decreasing 10% in the stations W1, W2,
W6, and W7.The names of dominant algal groups are in bold. T = temperature; DO = dissolved oxygen; TP = total phosphorus; TN = total
nitrogen; DSi = dissolved silicon. Sensitivity was calculated from the change of cell density divided by the original cell density. Inputs

refer to T, pH, DO, CO,, TN, TP, and DSi.

T pH DO Co, TP TN DSi

W1

Cyanophyta (%) -21.3 —140.8 8.9 -0.5 0.4 -35 -74
Bacillariophyta (%) 0.5 55.8 39.6 23.6 1.4 -7.6 —-6.4
Chlorophyta (%) -9.4 -9.0 6.3 -5.4 —-15.2 -5.7 -6.8
Other phytoplankton (%) -12.3 121.0 -5.6 3.8 9.8 -3.8 -12.6
W2

Cyanophyta (%) —28.8 34.8 22.7 36.3 —0.1 14.4 0.4
Bacillariophyta (%) -16.8 79.7 -20.2 -14.6 -8.2 -9.0 36.1
Chlorophyta (%) -20.0 142.9 7.8 28.9 2.6 9.6 -0.8
Other phytoplankton (%) 97.9 -126.4 57.7 24.0 1.1 -3.1 13.5
W6

Cyanophyta (%) -84 68.2 -76.8 27.3 5.6 65.9 -39
Bacillariophyta (%) —345 18.7 —53.2 -7.0 2.2 85 13
Chlorophyta (%) -29.3 —239.3 -139.0 -17.5 0.5 134 -13.5
Other phytoplankton (%) —158.9 —939.1 —60.0 -10.9 —14.1 —38.0 -36.8
W7

Cyanophyta (%) —40.8 165.6 168.3 169.3 2.7 58.4 2.6
Bacillariophyta (%) 17.3 -15.4 -8.0 -36 5.7 20.2 -2.6
Chlorophyta (%) -12.7 45.8 5.0 6.2 —0.0 4.1 1.4
Other phytoplankton (%) 11.6 -1.0 0.6 -14 -0.0 52.8 4.1

The sensitivity analyses of the BPANN models can be
used to discern the main factors driving phytoplankton
dynamics. The results indicated that changes of T and
dominant algae were synchronous (Tables 3 and 4), sug-
gesting that T was an important factor driving phyto-
plankton dynamics. The negative relationship between
DSi and Bacillariophyta results from the assimilation of
DSi by diatoms to build their frustules. Similarly, the low
CO, concentrations when the biomass of Cyanophyta

and Bacillariophyta was high resulted from uptake of
CO, by photosynthesis. A close relationship between
pH and CO, concentration was found (Table 2). In an
ideal carbonate solution, pH is controlled by the ratio
of [COZ]:[CO32‘], and a slight increase in [CO,] and an
associated decrease in [CO32‘] will cause a sharp decrease
in pH. Therefore, the statistical results of pH as a key
driving force reflected the effect of the carbon cycle on
phytoplankton dynamics.
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Biogeochemical mechanism of phytoplankton
community succession in karst cascade reservoirs

The critical nutrient concentrations are specific for certain
phytoplankton species because of their different pathways
and strategies of using these nutrients, and thus variation
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of nutrient ratios can influence phytoplankton commu-
nity structure (Grover 1989, Baldia et al. 2007, Wang et
al. 2014). In karst cascade reservoirs, the spatial heter-
ogeneity in phytoplankton community related to CO,
and DSi biogeochemical cycle was notable. Algae have
evolved CO,-concentrating mechanisms (CCMs) to cope
with low CO, availability, allowing them to take up HCO,~
directly and/or indirectly by the conversion of HCO," to
CO, by extracellular carbonic anhydrase at the cell surface
(Moroney and Ynalvez 2007). Species-specific differences
in CCMs are great (Raven et al. 2012, Clement et al. 2017)
and result in different responses of Bacillariophyta and
Cyanophyta to the triggered CO, concentration. When
CO, concentrations were less than ~10 umol L™, the bio-
mass of Bacillariophyta was relatively stable with decreas-
ing CO, concentration, but that of Cyanophyta continued
to bloom, accompanied by the obvious decrease in HCO,~
concentration (Fig. 5). This finding suggests that during
these conditions, Cyanophyta used HCO,™ as an inor-
ganic carbon source, whereas CCMs of Bacillariophyta
were probably less efficient than Cyanophyta. Thus,
Cyanophyta displaced Bacillariophyta as the dominant
algae. The shift among the inorganic carbon species influ-
enced pH (Wang et al. 2015), which explains the high
pH sensitivity in Cyanophyta and Chlorophyta. Diatoms
need Si to produce their frustules, and DSi concentration
constrained the contribution of Bacillariophyta to the total
phytoplankton (Fig. 6a). Biogenic Si has a much lower
remineralization rate than organic N and P during organ-
ism decay (Muylaert et al. 2009). Thus, the recycling rates
of N, P, and Si vary greatly (Koszelnik and Tomaszek 2008,
Howarth et al. 2011), and eutrophication can enhance
Si limitation and induce a shift from Bacillariophyta to
Cyanophyta. Finally, CO, and DSi stoichiometry was in
response to the succession from diatoms to nondiatoms
(Fig. 6b).
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Figure 6. Scatter plots of (a) DSi vs. biomass of Bacillariophyta (Baci) to total phytoplankton (Total) ratio, and (b) CO,:DSi vs. biomass of
non-Bacillariophyta to Bacillariophyta ratio in different stations. Values were average and positive standard deviation. Station locations
refer to Fig. 1.



Conclusions

Our results demonstrated that phytoplankton community
structure exhibited clear variations across space and time
in the impounded river, and BPANN models well pre-
dicted time-series variation of dominant algal abundance.
Water temperature was an important limiting factor, and
algal species succession was constrained by C and Si bio-
geochemical cycles in these karst cascade reservoirs.
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