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a b s t r a c t
River algal blooms have become a challenging environmental problem worldwide due to strong interference of human activities and megaprojects (e.g., big dams and large-scale water transfer projects).
Previous studies on algal blooms were mainly focused on relatively static water bodies (i.e., lakes and
reservoirs), but less on the large rivers. As the largest tributary of the Yangtze River of China and the
main freshwater source of the South-to-North Water Diversion Project (SNWDP), the Han River has experienced frequent algal blooms in recent decades. Here we investigated the algal blooms during a decade
(2003–2014) in the Han River by two gradient boosting machine (GBM) models with k-fold cross validation, which used explanatory variables from current 10-day (GBMc model) or previous 10-day period
(GBMp model). Our results advocate the use of GBMp due to its higher accuracy (median Kappa = 0.9)
and practical predictability (using antecedent observations) compared to GBMc. We also revealed that the
algal blooms in the Han River were signiﬁcantly modulated by antecedent water levels in the Han River
and the Yangtze River and water level variation in the Han River, whereas the nutrient concentrations in
the Han River were usually above thresholds and not limiting algal blooms. This machine-learning-based
study potentially provides scientiﬁc guidance for preemptive warning and risk management of river algal
blooms through comprehensive regulation of water levels during the dry season by making use of water
conservancy measures in large rivers.
© 2020 Elsevier Ltd. All rights reserved.

1. Introduction
In recent decades, large-scale algal blooms have become a challenging environmental problem in many large rivers worldwide
(Ha et al., 2003; Jeong et al., 2007; Mitrovic et al., 2007; Yang et al.,
2012; Liu et al., 2016; Xia et al., 2016; Yang et al., 2017a). Algal
blooms in rivers due to excessive nutrient enrichment were regulated by hydrological regimes inﬂuenced by intensiﬁed human
activities and climate change (Zhu et al., 2008; Reichwaldt and
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Ghadouani, 2012; Yin et al., 2012; Zhang et al., 2016; Yang et al.,
2017a). Compared to the eutrophication in relatively static water
bodies (e.g., lakes and reservoirs), large river algal blooms could
cause more serious consequences to the aquatic ecosystem and
human health at a larger scale along the rivers with a length of
over hundreds of kilometers (Reichwaldt and Ghadouani, 2012;
Zhang et al., 2017). For instance, the 1991 Darling River cyanobacterial bloom affected almost 10 0 0 km of the Barwon-Darling River
of Australia (Bowling and Baker, 1996). The Han River, the largest
tributary of the Yangtze River of China, has experienced more than
10 consecutive algal blooms (deﬁned by algal density ≥ 107 cells
L–1 ) since 1992 (Xia et al., 2001; Zhang et al., 2017). The algal
bloom occurring in the middle-lower Han River of China in 2008
spanned more than 400 km, which inﬂuenced the drinking water
of more than twenty thousand people and resulted in the shut-
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down of many waterworks (Xia et al., 2012). The causal analysis and prediction of algal blooms in large hydrologically-regulated
rivers has become a major concern, as the algal blooms in these
rivers not only lead to deteriorating water quality and aquatic
ecosystems, but also restrict the socioeconomic development and
threaten the public health.
Previous studies on algal blooms were mainly focused on relatively static water bodies (i.e., lakes and reservoirs), but less on
the large rivers (Schmale et al., 2019). Revealing the causes of river
algal blooms is still challenging due to complex hydrological conditions, as well as interactions between multiple environmental
factors in large river systems (Xia et al., 2019). It is just not excess nutrients and nutrient uptake that drive algal blooms in complicated river ecosystems (Mischke et al., 2011; Yin et al., 2012;
Oliver et al., 2014). The diffusion and degradation processes of pollutants in rivers are affected by the horizontal and vertical mixing of water (Mac Donagh et al., 2008; Liu et al., 2012; Xia et al.,
2012; Evtimova et al., 2014). Experimental studies have showed
that hydrodynamic condition (i.e., ﬂuctuation and agitation of water) usually have signiﬁcant effects on the migration, diffusion,
growth and accumulation of algae (Chung et al., 2008; Lucas et al.,
2009; Whitehead et al., 2015; Yang et al., 2017a). Changes in hydrological conditions may lead to altered light intensities and uneven distribution of nutrients in water bodies, resulting in the
changes in the absorption dynamics of algae nutrients, thereby affecting algae growth (McKiver and Neufeld, 2009; Istvánovics and
Honti, 2012). Relatively static hydrological conditions will also increase the transparency of water bodies, which is beneﬁcial to the
growth of algae (Mitrovic et al., 2007; Zhang et al., 2017). Lots of
studies have indicated that the algal growth in rivers is sensitive to
changes in hydrological conditions, particularly the changes in water levels (Yang et al., 2012; Zhang et al., 2017; Cheng et al., 2019).
Though hydrological conditions play an important role in triggering
algal blooms in riverine ecosystems (Ferris and Lehman, 2007), no
persuasive conclusions have been drawn based on traditional statistical or ecological modeling analysis (Long et al., 2011; Kim et al.,
2014; Xia et al., 2016).
Here we compile decade-long multi-source ﬁeld observations
and attempt to identify the key driving factors for the occurrence
of river algal blooms in the Han River using a machine learning
method, i.e., the gradient boosting machine (GBM). GBMs are a
family of powerful machine-learning techniques that have proven
successful in a wide range of domains such as pattern cognition
(Schütz et al., 2019), text classiﬁcation (Natekin and Knoll, 2013),
motion detection (Bouwman et al., 2020), and ecological and environmental studies (De’ath and Fabricius, 20 0 0). The learning procedure in GBMs provide a more accurate estimate of the response
variable by consecutively error-ﬁtting (Natekin and Knoll, 2013).
Algal blooms in the Han River of China were dominated by excessive diatom (Cyclotella sp.) growth, which led to deterioration of aquatic ecosystems and threatened drinking water security (Xia et al., 2019; Xin et al., 2020). As the nutrient (total nitrogen (TN) and total phosphorus (TP)) concentrations in the downstream Han River in spring were usually far above the eutrophication thresholds (i.e., TN = 0.2 mg N L–1 , TP = 0.02 mg P L–1 )
as per China’s National Water Quality Standard (GB3838-2002)
(Liang et al., 2012), we hypothesized that the algal blooms in the
mid-downstream Han River were primarily regulated by hydrologic
conditions in the Han River and the Yangtze River. We developed
two GBM models, i.e., GBMc and GBMp, using measurements of explanatory variables (TN and TP concentrations, water temperature,
and hydrologic variables) from current and previous 10-day period,
respectively. We expect to build a predictive model (i.e., the GBMp
model using antecedent 10-day period data) for the algal blooms
in the Han River, which could be of practical signiﬁcance for the
prevention and control of algal blooms in large rivers.

2. Materials and methods
2.1. Study area and data collection
The Han River is the largest tributary of the Yangtze River of
China (Fig. 1). The length of the main river is about 1577 km,
and its total drainage area covers 168,400 km2 . The Han River
basin (30–34° N and 106–114° E) has a subtropical monsoon climate, which has distinct seasons and abundant rainfall. The average annual temperature is about 15 °C, and the average annual
precipitation ranges from 700 to 1300 mm (Cheng et al., 2019;
Xin et al., 2020). The Danjiangkou reservoir, located in the uppermiddle Han River, is the water source for the middle route of
the South-to-North Water Diversion Project (SNWDP) (Xia et al.,
2016). Flowing through the most economically developed region in
Hubei Province, the middle-lower Han River has a length of about
652 km from the Danjiangkou reservoir to the conﬂuence of the
Han River and the Yangtze River (Xia et al., 2012; Cheng et al.,
2019; Xin et al., 2020). The width of the Han river ranges about
60 0–120 0 m in the middle stream and 20 0–30 0 m in the downstream, with average water depths of 6–12 m (Xu, 1996; 1997;
Xu et al., 2002). There are about 79 ﬁsh species in the middlelower Han River and the largest group is Cyprinidae, followed by
Anguidae (Yang et al., 2020). Major aquatic macrophytes are P. perfoliatus, P. malaianus, Vallisneria natans, Salvinia natans, A. philoxeroides, and Artemisia selengensis (Yang et al., 2017b).
The causes of algal blooms in the downstream Han River are
very complicated, since it is impacted by the water environment
in the Han River regulated by water release from the upstream
Danjiangkou Reservoir, as well as closely related to the hydrological regime (backwater zone) in the Yangtze River (Fig. 1). In this
study, we focus on the most serious algal blooms at the Wuhan
section in the downstream portion of the Han River from year
2003–2014. We used the hydrological data from the Hanchuan Station and the Hankou Station to represent the hydrological conditions in the Han River and the Yangtze River, respectively (Fig. 1).
Hydrological data involved in this study include daily water levels, ﬂow velocities, and streamﬂow rates. In addition, 10-day water quality data (i.e., TN and TP concentrations) and algae data
(algae density (L–1 ), Chlorophyll a (μg L–1 )) at three sections (Baihezui, Qinduankou and Zongguan, see Fig. 1) were provided by the
Yangtze River Basin Ecological and Environmental Supervision Authority. We used the water quality and algae data averaged across
these three sections for modeling.

2.2. Explanatory variables and response variable for the modeling
Based on available data in the Han River and the Yangtze River,
we selected three categories of representative explanatory variables for the GBM modeling: (i) hydrologic variables in the Han
River (HR) and the Yangtze River (YR): ﬂow velocity (HRV and YRV,
with units of m s–1 ), streamﬂow discharge (HRQ and YRQ, m3 s–1 ),
water level (HRWL and YRWL, m), and coeﬃcient of variation for
water level (HRWLcv and YRWLcv, unitless); (ii) water temperature (WTMP,°C) in the Han River; and (iii) water quality in the
Han River: TN (mg N L–1 ) and TP (mg P L–1 ). We excluded the
streamﬂow discharges (HRQ and YRQ, m3 s–1 ) from explanatory
variables as they were highly correlated with water levels (correlation coeﬃcient ρ = 0.78 for HR and 0.91 for YR, SI Fig. S1). This
is understandable as streamﬂow discharge is usually estimated by
the stage-discharge relation (Mansanarez et al., 2019). However, we
kept both ﬂow velocities (HRV and YRV) and water levels (HRWL
and YRWL) in the GBM modeling because they represented water
mobility and quantity, respectively, although these two variables
were moderately correlated (ρ ≤ 0.7, SI Fig. S1).
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Fig. 1. Mid-downstream of the Han River, the largest tributary of the Yangtze River of China. Water levels were measured at the Hanchuan Station for the Han River and at
the Hankou Station for the Yangtze River. Water quality and algae density were measured at three monitoring stations: Baihezui (BHZ), Qinduandou (QDK), and Zongguan
(ZG). The Danjiangkou Reservoir serves as the freshwater source for the middle route of the South-to-North Water Diversion Project (SNWDP).

As algal blooms generally lasted around 10 days in the Han
River (Xia et al., 2016; Cheng et al., 2019), we divided each month
into three periods, i.e., the early 10-day period, the middle 10-day
period, and the rest days as the third (late) period. Previous studies
have suggested using 107 cells L–1 as the indicator of algal blooms
in the Han River (Lu et al., 20 0 0; Dou et al., 2002; Xia et al., 2016;
Cheng et al., 2019). In this study, we adopted the same threshold
to determine the outbreak of algal blooms in the Han River, i.e.,
the presence and absence of blooms is deﬁned by algal density
≥ 107 cells L–1 and < 107 cells L–1 , respectively. In summary, the
response variable is binary, i.e., the presence or absence of algal
blooms. We attempted to explore the dependence of algal blooms
on nine explanatory variables by the GBM modeling: HRV and YRV,
HRWL and YRWL, HRWLcv and YRWLcv, WTMP, TN, and TP.
2.3. Gradient boosting machine modeling
The GBM is a powerful machine learning technique to train
decision trees in a gradual, additive and sequential manner
(Natekin and Knoll, 2013). The ﬁnal GBM model is the weighted
sum of the predictions generated by the previous tree models,
where the classiﬁcation process is repeated so that subsequent
trees attempt to classify observed data that have not been well
classiﬁed by the previous trees. The GBM algorithm has been used
to solve a variety of practical applications including the binary
classiﬁcation problem (De’ath and Fabricius, 20 0 0; Natekin and
Knoll, 2013), which is the case for this study.
We examined two GBM models using the nine explanatory
variables from current or previous period. We named these two
models as GBMc and GBMp, respectively. The GBM modeling was
conducted using the ‘gbm’ method with the k-fold cross validation in the R package ‘caret’ (Kuhn et al., 2020). To build a predictive model we need to implement model calibration and validation. Model validation can be done using data that are not
used in model training (i.e., split-sample validation) or by the kfold cross-validation approach (De’ath and Fabricius, 20 0 0). Cross-

validation also helps to avoid overﬁtting of the model (Natekin and
Knoll, 2013). We adopted both strategies to validate our GBM models, where the k-fold cross-validation was embedded in the splitdata validation procedure.
First, we used the full datasets during the study period to train
the GBMc and GBMp model respectively, with the k-fold crossvalidation method, where the training dataset was further partitioned into k (i.e., k = 10 in this study) subsets and each subset
was held out while the model was trained on all other subsets
(De’ath and Fabricius, 20 0 0). We trained the models multiple times
(i.e., 10,0 0 0 times) to assess the uncertainty in model performance
and outputs (Nelson et al., 2018).
Second, regarding the model (GBMc or GBMp) performed better
in the ﬁrst step, we further implemented the split-sample validation, i.e., splitting the full dataset into two subsets: one for model
training and the other for testing (Natekin and Knoll, 2013). To examine the effects of data partitioning on model performance, we
used six different percentages (50–100% with a 10% interval) to
partition the training and testing subsets. Amid the model training, the k-fold cross-validation was also used.
2.4. Relative importance of explanatory variables
Relative importance of each explanatory variable was estimated
with the use of ‘varImp’ function in the ‘caret’ package (Kuhn et al.,
2020). Variable importance was determined by calculating the relative inﬂuence of each variable: whether that variable was selected to split on during the tree building process, and how much
the squared error (over all trees) improved (decreased) as a result. In each GBM model run, the variable importance scores were
scaled to be between 0 (least important) and 100 (most important). We summarized the variable importance scores from ensemble (i.e., 10,0 0 0) model runs for GBMc and GBMp, respectively. The quantitative effects of important predictors on the occurrence of algal blooms were analyzed by the R package ‘pdp’
(Greenwell, 2017), which enables to graphically examine the de-
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pendence of the response variable on subsets of the explanatory
variables. Speciﬁcally, we used the two-predictor partial dependence analysis (Greenwell, 2017) to quantify the interactions between important variables and their impacts on the occurrence
probability of algal blooms in the Han River. We only show the
partial dependence plot within the ranges of the training data to
avoid extrapolation of such relationship in regions outside the area
of the training data (Greenwell, 2017).
2.5. Statistics

(Fig. 2b). The algal densities usually reached the highest in middle February, whereas the average algae densities in late February were similar to that in middle March. In summary, there were
102 sets (periods) of data (only 3-period data available in the ﬁrst
year 2003) for modeling, among which there were 12 algal blooms
events with algal density ≥ 107 cells L–1 .
3.2. Predictive modeling of river algal blooms by gradient boosting
machine

3. Results

As mentioned in the methods, we were wondering if it was
possible to build a predictive model (i.e., GBMp) driven by input data from the previous 10-day period. Therefore, we tested
two models (GBMp and GBMc) to see if there was any difference in modeling performance between them. If the GBMp model
performed well compared to the GBMc model, we would have a
model with a 10-day lead time, which would be valuable for the
early-warning of river algal blooms.
Overall, the performance of GBMp was signiﬁcantly better than
that of GBMc (Fig. 3a, p-value < 0.001) as per the Kruskal-Wallis
test (R Core Team, 2018). The median Kappa statistic was 0.6 for
GBMc and 0.9 for GBMp (Fig. 3a). The 50% conﬁdence interval of
Kappa was much higher for GBMp (0.78–0.95) than that of GBMc
(0.43–0.71). Noting that Kappa values above 0.6 demonstrate substantial strength of agreement (Landis and Koch, 1977; Viera and
Garrett, 2005). Our results showed that 95% of the GBMp models achieved a Kappa above 0.64, whereas only 50% of the GBMc
models yielded a Kappa above 0.6. In addition, among the 10,0 0 0
model runs, 19.5% of the GBMp models demonstrated a complete
agreement (i.e., Kappa = 1) between model predictions and observations, compared to 2.7% for the GBMc models (Fig. 3b). A Kappa
value of 1 indicates that the presence and absence of algal blooms
were correctly classiﬁed by the model. The excellent model performance of GBMp was further corroborated by the matric of AUROC
(Hart, 2015), which was generally higher than 0.85.
We further applied the split-sample validation to the GBMp
model. The GBMp model performed excellent (Kappa = 1) during
the training process no matter what percentage (50–100%) of the
data were used for training (Table S1). However, the split-sample
testing (validation) of the GBMp model did not show substantial
strength of agreement (i.e., Kappa < 0.6) until over 90% of the
data were used for training, although all the accuracy values were
greater than or equal to 0.85 (Table S1).

3.1. Variation of algae densities in the downstream Han River

3.3. Identiﬁcation of important factors for river algal blooms

Based on the algal cell densities measured at three sections (SI
Fig. S2) of the downstream Han River during 2003–2014, there
were severe algal blooms in four consecutive years (i.e., 2008–
2011) (Fig. 2a). The algae densities were highly correlated with
the concentrations of chlorophyll a (Chl-a) (correlation coeﬃcient = 0.73, see SI Fig. S3). The algal blooms generally occurred
between February and April of these years (SI Fig. S2), with the
mean algae density ranging from 1.0–5.1 × 107 cells L–1 . In particular, the algal blooms in 2008 had a peak density of 5.3 × 107 cells
L–1 (compared to the threshold of 1 × 107 cells L–1 ) in the Wuhan
section, with a peak concentration of Chl-a of 30.93 μg L–1 , which
was the most serious algal bloom event in the lower Han River
during the 12-year study period. Although the highest algal densities (>0.6 × 107 cells L–1 ) in 20 04–20 05 and 2012–2013 were also
close to the threshold of algal blooms (107 cells L–1 ) (Yin et al.,
2017; Cheng et al., 2019), the severity was quite different from
that in 2008–2011. The maximum algal densities in the other three
years (20 06–20 07 and 2015) were lower than 0.5 × 107 cells L–1
(Fig. 2a). The algal blooms mostly occurred from middle February (M-Feb) to middle March (M-Mar) through multi-year analysis

We evaluated the variable importance (denoted by the
“var_imp” values between 0 and 100) based on the ensemble simulations of both models (GBMc and GBMp) that achieved complete
agreement (Kappa = 1). We found that water level and its variation
were generally more important than ﬂow velocity and nutrient (TN
and TP) concentrations (Fig. 4) during the spring (February–April of
2003–2014). Water temperature was also more important than nutrient concentrations since the concentrations of TN and TP were
high and not the limiting factors for algal growth. However, the
ranks of the relative importance of the variables were different between the two models (GBMc and GBMp). As for the GBMc model,
the most important factor was the water level in the Yangtze River
(average var_imp of YRWL = 100), followed by water temperature
(var_imp of WTMP = 32), water level (var_imp of HRWL= 29),
and water level variation (var_imp of HRWLcv = 26) in the Han
River (Fig. 4a). In the more accurate GBMp model, the water level
variation in the Han River became the most important (var_imp
of pHRWLcv = 92), followed by the water level in the Yangtze
River (var_imp of pYRWL = 86), and the water level (var_imp of
pHRWL = 68) and temperature (var_imp of pWTMP = 52) in the

Model performance was evaluated by accuracy, Cohen’s Kappa
statistic, and the Area Under the Receiver Operating Characteristic curve (AUROC). The accuracy criterion evaluates the percentage
of correctly classiﬁed instances out of all instances (Natekin and
Knoll, 2013). The Kappa statistic quantitatively measures the magnitude of agreement on the presence or absence of algal blooms
between model simulations (predictions) and observations, where
Kappa = (observed accuracy – expected accuracy)/(1– expected accuracy) (Viera and Garrett, 2005). Kappa values above 0.6 demonstrate substantial strength of agreement (Landis and Koch, 1977;
Viera and Garrett, 2005). A Kappa value of 1 indicates a complete
agreement. The AUROC is another useful metric to show the tradeoff between true positive rate and false positive rate across different decision thresholds (Schütz et al., 2019). An AUROC of 1 represents a complete agreement and AUROC ≥ 0.8 is considered to be
“excellent” (Hart, 2015).
We used the non-parametric Kruskal-Wallis (KW) method
(Giraudoux, 2013) to test the signiﬁcance of difference in each of
the nine explanatory variables between the presence and absence
of algal blooms at a signiﬁcance level of 0.05. We used the Spearman Correlation Analysis (SCA) to quantify the degree of correlation between two variables, as SCA does not require normally distributed variables (Asuero et al., 2007). The strength of correlation
is deﬁned as (Asuero et al., 2007) (i) high if the absolute value of
the correlation coeﬃcient (ρ ), i.e., |ρ | ≥ 0.7 and p-value < 0.05; (ii)
moderate if 0.5 ≤ |ρ | < 0.7 and p-value < 0.05; (iii) low or weak
if 0.3 ≤ |ρ | < 0.5 and p-value < 0.05; (iv) marginal if 0.3 ≤ |ρ |
< 0.5 and 0.05 ≤ p-value < 0.1; and (v) little or uncorrelated if 0
≤ |ρ | < 0.3 or p-value > 0.1.
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Fig. 2. Algae density in the lower Han River in spring. (a) yearly scale, (b) 10-day scale. The preﬁxes E, M, and L before the month in (b) represent the early, middle and
late of each month, respectively. The square symbol in each box represents the mean value.

Fig. 3. Performance evaluation of the GBMc and GBMp models from 10,0 0 0 runs. (a) Kappa statistic for the two models. (b) Percentage of models (% Models) with Kappa = 1.
GBMc and GBMp denote the gradient boosting machine (GBM) model using input data from current 10-day period and previous 10-day period, respectively. The Kappa
statistic quantitatively measures the magnitude of agreement on the presence or absence of algal blooms between model simulations and observations. Kappa values above
0.6 demonstrate substantial strength of agreement. A Kappa of 1 indicates complete agreement. The performance of GBMp was much better than GBMc as indicated by the
Kruskal-Wallis test (‘∗ ∗ ∗ ’ in (a) denotes p-value < 0.001).

Han River (Fig. 4b). Regarding the GBMp model, we found only
the water levels (pHRWL and pYRWL) were signiﬁcantly lower (pvalue <0.05) for the presence than the absence of algal blooms (SI
Fig. S4). The variation in water level was generally small (ranged
0.001–0.08) during the spring and not signiﬁcantly different between the absence and occurrence of algal blooms (SI Fig. S4 and
Fig. S5). For example, the 95% CI of pHRWLcv ranged 0.002–0.03
and 0.001–0.02, and the 95% CI of pYRWLcv ranged 0.003–0.06
and 0.003–0.05 for the absence and presence of algal blooms, respectively. The outbreak of algal blooms was also characterized by
slightly (statistically insigniﬁcant) higher TN and TP concentrations
as well as lower water temperature and ﬂow velocity (SI Fig. S4).
Using the two-predictor partial dependence analysis
(Greenwell, 2017), we could further quantify the interactions
between pHRWL and pYRWL and their impacts on the occurrence
probability of algal blooms in the lower Han River. There existed
two regions with very low probability (≤ 0.05) of algal blooms in

the spring (Fig. 5): one region required relatively higher pHRWL
(19.64–21.06 m) and wider range of pYRHL (14.92–18.37 m), the
other corresponded to lower pHRWL (17.51–18.58 m) and much
narrow range of pYRHL (15.59–16.45 m).
4. Discussion
4.1. Important factors regulating river algal blooms in the Han River
The occurrence of river algal blooms are attributed to a variety of abiotic and biotic factors, such as hydrodynamic conditions, water temperature, nutrient concentrations, light intensity,
and zooplankton densities (Ha et al., 2003; Lee and Lee, 2018;
Xia et al., 2019). High light intensity and nutrient concentrations
are required for accrual of high algal biomass in lakes and rivers
(Stevenson, 2009). While light intensity is thought to be a major
inducing factor for algal blooms in lakes and reservoirs (Imteaz and
Asaeda, 20 0 0), frequently varying hydrological conditions in river
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(a)

(b)

Fig. 4. Relative importance of explanatory variables from the Gradient Boosting Machine (GBM) model using data from (a) current 10-day period (GBMc) and (b) previous 10day period (GBMp). Explanatory variables include HRWL (Han River (HR) Water Level), HRWLcv (coeﬃcient of variation for HRWL), HRV (HR ﬂow Velocity), YRWL (Yangtze
River (YR) Water Level), YRWLcv (coeﬃcient of variation for YRWL), YRV (YR ﬂow Velocity), WTMP (HR Water TEMperature), TN (HR Total Nitrogen) and TP (HR Total
Phosphorus). The preﬁx “p” in each variable in (b) denotes the observations from “previous 10-day period”.

Fig. 5. Partial dependence of river algal blooms on pHRWL and pYRWL (previous 10-day water level in the Han River and the Yangtze River, units: m) plotted on the
probability scale.

ecosystem have a great inﬂuence on the light climate of the algae
(Yang et al., 2012). In addition, previous studies have shown that
diatoms are better adapted to low light conditions than green algae
(Lionard et al., 2005; Stevenson, 2009; Yang et al., 2012). Therefore, the dearth of light intensity data in our study might not have
signiﬁcant effects on the results. We acknowledge that biological

controls (e.g., zooplankton) also play an important role in regulating diatom blooms (Ha et al., 2003; Stevenson, 2009). However, the
lack of long-term biological measurements has impeded the inclusion of such variables in machine-learning-based modeling of algal
blooms in large rivers (Recknagel et al., 1997; Coppola et al., 2006;
Yang et al., 2012; Lee and Lee, 2018).
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Based on the available data, our analysis of variable importance
using the predictive GBMp model quantitatively show that the
occurrence of spring algal blooms in the downstream Han River
was majorly controlled by hydrologic conditions, i.e., water levels
in the Han River and the Yangtze River and water level variation of
the Han River, rather than other factors including water temperature, ﬂow velocity, and nutrient (N and P) concentrations. Variable
importance represents the contribution of each predictor variable
to the constructed model (Kuhn et al., 2020). Different from the
eutrophication in lakes and reservoirs likely occurring in summer
and autumn with relatively higher temperature, river algal blooms
usually occur in low temperature seasons, i.e., late winter or early
spring (Yang et al., 2012; Xia et al., 2016). Suitable water temperatures for the growth of blue algae, green algae, and blue–green
algae are approximately 30–35 °C, 20–25 °C, and 15–20 °C, respectively (Cheng et al., 2019). In contrast, diatom blooms in rivers
usually require lower temperature, and their growth may be favored by the water environment in spring and fall (Potapova and
Charles, 2007; Yin et al., 2012). This is supported by our longterm analysis that the algal blooms often occurred in the springtime (February–April) in the Han River. In addition, our results
show no signiﬁcant difference (p-value = 0.1) in temperature between the algal-bloom and non-bloom events, although lower temperature was generally found for the presence of algal blooms
(SI Fig. S4).
While excess nutrients are an essential prerequisite for algal
blooms, previous studies have aﬃrmed that nutrients are not necessary the limiting factor for most of the river algal bloom events
(Mitrovic et al., 2007; Yang et al., 2017a). A few studies have conﬁrmed that the concentrations of nutrients (e.g., TN and TP) in the
Han River already satisﬁed the basic conditions for diatom growth
but not the major limiting factors of algal blooms (Liang et al.,
2012; Yin et al., 2012). Our data show that the nutrient concentrations (TN = 1.6–2.6 mg N L–1 , TP = 0.06–0.30 mg P L–1 ) in
the spring of the Han River were far above the eutrophication
thresholds (TN = 0.2 mg N L–1 , TP = 0.02 mg P L–1 ) (Liang et al.,
2012). Moreover, Zeng et al. (2006) concluded that phytoplankton and Chl-a concentrations in the Three Gorges Dam Region had
no signiﬁcant positive correlations with the main nutrient contents. Similar studies have claimed that nutrients would not be
the main limiting factors when TP concentration in the river exceeds 0.03 mg L–1 , but other physical factors could exert evident
and direct gain effects on river algal blooms (Hilton et al., 2006;
Sivapragasam et al., 2010). Our results show that the TP concentrations (0.06–0.30 mg L–1 ) during the spring in the HR were notably
higher than 0.03 mg L–1 . However, TP concentrations were not signiﬁcantly different between the absence (95% CI of TP = 0.07–
0.17 mg L–1 ) and the presence (95% CI of TP = 0.07–0.19 mg L–1 ) of
algal blooms (p-value = 0.18) (SI Fig. S4). Such insigniﬁcant difference was also found for the TN concentrations (SI Fig. S4). All these
studies and analyses further support our ﬁndings that TN and TP
concentrations could not be solely used as indicators for river algal
blooms in the spring for the Han River.
Our analysis indicates that the algae blooms in the lower Han
River was closely related to the hydrologic conditions in both the
Yangtze River and the Han River, which is evident by notably
lower water levels during the presence than the absence of algal
blooms (SI Fig. S4). This means that low water levels in both the
Han River and the Yangtze River in the previous 10 days might
be favorable for algal growth. Moreover, the water levels in the
Yangtze River play a vital role in the occurrence of algal blooms
in the Han River, as the hydrodynamic conditions in the Yangtze
River would exert signiﬁcant inﬂuence on the stratiﬁcation and
stabilization of the water body and the growth and death of algae in the lower Han River. In addition, we found that water levels (pYRWL and pHRWL) were more useful than ﬂow velocities
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(pYRV and pHRV) with respect to their effects on algal blooms
(Fig. 4b), though water velocities were moderately or weakly correlated with water levels in the two rivers (SI Fig. S6). Recent laboratory and ﬁeld experiments have shown that hydrologic conditions
affected algal absorption and growth kinetics (Lucas et al., 2009;
McKiver and Neufeld, 2009; Ji et al., 2017; Yang et al., 2017a). For
example, it was found that steady water level, less water ﬂow, and
lower velocity could reduce water level ﬂuctuation, and lengthen
the retention of algae in the river, thereby inﬂuencing algal migration, diffusion, and accumulation (Soballe and Kimmel, 1987;
Neal et al., 2006). In addition, changes in water level and ﬂow velocity might reduce the algal reproduction rate and prevent algal
blooms in rivers by accelerating pollutant dispersion and degradation (Chung et al., 2008; Ji et al., 2017; Yin et al., 2017).
Our results imply that the effects of water level ﬂuctuation on
algal blooms in the Han River could be more complicated than
expected in actual circumstances. The variation in Han River water level (pHRWLcv) was the most important factor identiﬁed by
the GBMp model, which means that the overall errors in the GBM
decision-tree has been greatly reduced when split by pHRWLcv.
However, pHRWLcv was not signiﬁcantly different between the
presence and absence of algae (SI Fig. S4). This implies that the
river algal blooms in the Han River could not be merely regulated
by water level ﬂuctuation. The importance of pHRWLcv in this
study might represent the interaction between water level variation and other hydrodynamic characteristics including the turbulent eddy viscosity, the buoyancy frequency, and the mixing depth
(Ji et al., 2017). These complex hydrodynamic factors altogether
could result in effective or ineffective water circulation patterns in
preventing algal blooms in rivers (Ji et al., 2017). Nevertheless, water levels and their variation are critical in developing the predictive GBMp model, not to mention they are much easier to measure
compared to the aforementioned hydrodynamic variables.
4.2. Prediction of river algal blooms by machine learning methods
Given the multitude, interplay, and complexity of diverse biotic
and abiotic factors in regulating algal blooms, developing a robust
model for providing accurate prediction capability can be a daunting challenge (Coppola et al., 2006). Machine learning methods, alternative to linear/nonlinear regression and process-based models,
have been widely used in ecological and environmental modeling
studies (De’ath and Fabricius, 20 0 0; Xiao et al., 2017; Friedel et al.,
2020). Data-driven statistical or machine learning models are feasible approaches for simulating algal blooms in complex river environment, due to their relatively lower data requirement compare
to mechanistically process-based models (Park et al., 2015; Lee and
Lee, 2018; Shen et al., 2019). Machine learning models may work
in a case where statistical models fail due to little or weak correlations between response and explanatory variables. For example, in this study, the algal densities were not correlated with any
explanatory variables except for a low correlation coeﬃcient (–
0.22) with pWTMP (previous 10-day water temperature) (SI Fig.
S6). However, we successfully built a predictive GBM model (i.e.,
GBMp) to investigate algal blooms in the Han River by converting the problem to a binary (presence or absence of algal bloom)
classiﬁcation issue, which suggests machine-learning-based model
could be an effective early-warning tool to predict the outbreak of
algal blooms in large rivers.
Successful model validation could increase conﬁdence in model
predictions. If enough data are available, we can split the data into
two subsets: one for model training (calibration) and the other for
testing (validation). However, it may be insuﬃcient to build a GBM
model using only a subset of the data (Natekin and Knoll, 2013).
Because there were only 12 algal bloom events out of the 102 periods in this study, our split-sample validation results suggest us-
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ing the full dataset to train the GBM model with the k-fold crossvalidation method (De’ath and Fabricius, 20 0 0). Such k-fold crossvalidation is one of the best approaches to build a less biased
model based on limited available data (Kuhn et al., 2020).
The GBM model developed here offers a straightforward and
quantitative approach to developing an initial appraisal of how
important potentially manageable (e.g., water levels) versus intractable (e.g., nutrient loads) and non-manageable (e.g., water
temperature) system features are. By applying the machine learning based method, we have the capability to identify important
driving factors that could not be discerned by traditional approaches such as correlation or regression analyses.
More importantly, we found that better model performance
could be achieved when the previous, rather than the current, 10day data were used as explanatory variables for the modeling of
river algal blooms. Compared to the GBMc model without a lead
time, the GBMp model can be potentially used for early-warning
detection of the occurrence of algal blooms using 10-day time-lag
input data. This 10-day period represents the natural time lags between river system conditions and algal population responses in
the Han River (Xia et al., 2016; Cheng et al., 2019). Our predictive
GBMp model indicates that the trajectory of the algal population
over a 10-day period can be forecasted on the basis of real-time
measurements (Coppola et al., 2006). To manage and prevent severe occurrences, it is of great importance to make reliable earlywarning predictions of algal blooms by accounting for key environmental variables (Park et al., 2015). The lack of understanding of
the complex physicochemical-biological processes and limited data
availability hinder the development and application of processbased modeling, particularly the early-warning, of algal blooms
(Park et al., 2015; Lee and Lee, 2018). One promising alternative
approach could be the data-driven machine learning methodology
such as the GBM model, though it is sensitive to extreme values
and noises as well as there is currently no fast and eﬃcient baseleaner to capture interactions (Natekin and Knoll, 2013). Therefore,
we strongly advocate the use of the GBMp model due to its higher
accuracy and practical predictability compared to the GBMc model.
In addition to the identiﬁcation of key driving factors, we intend to
predict the chance of the outbreak of river algal blooms, instead of
exact algal densities, in the next 10-day period. By this means, our
GBMp model is useful as an early-warning decision support system
for the risk management of river algae blooms.
4.3. Implications for mitigation and prevention of river algal blooms
Algal blooms are generally prone to occur in relatively static
freshwaters (e.g., lakes and reservoirs), but they also happen in
large rivers (e.g., the Han River) in recent decades (Kim et al., 2014;
Oliver et al., 2014; Xia et al., 2016; Schmale et al., 2019). Although
much is yet to be understood about algal blooms in rivers, compared to lakes, different modeling approaches have been developed
to analyze the interactions between algae and their environment
in rivers based on large-scale ﬁeld observations (Stevenson, 2009).
Our machine learning based prediction of algal blooms using antecedent observations might provide possible solutions to the mitigation and prevention of river algal blooms. Wuhan City is located
in the outlet of the Han River ﬂowing into the Yangtze River. It is
challenging to reduce the pollution loads to the Han River in the
near future due to large populations and rapid economic development. The regulation of water level in rivers is often the main
countermeasure for ﬂood control, drought relief, water supply, and
improvement of water environment (Yang et al., 2017a; Xia et al.,
2019). Hydrological regulation is feasible and eﬃcient to implement to reduce the risk of river algal blooms (Jeong et al., 2007;
Mitrovic et al., 2007; Yang et al., 2012; Xin et al., 2020). Therefore, there is an urgent need for integrated water management

by the water conservancy and environmental protection departments. Generally, the water level in a section of a river channel
is closely related to ﬂow velocity and streamﬂow rate. The water
level (pHRWL) at the Hanchuan station in the lower Han River reﬂects the comprehensive hydrologic conditions of the Han River.
Similarly, the water level (pYRWL) at the Hankou station near the
outlet of the Han River represents the comprehensive hydrologic
conditions of the Yangtze River. Based on our machine learning
model, we need to coordinate the water levels in the two rivers
(the Han River and the Yangtze River) for an effective control of
algal blooms in the Han River (Fig. 5). These water level ranges
may provide a reference for water level regulation in the Han River
and the Yangtze River to reduce the risk of algae blooms, though
large uncertainty remains due to interactive effects among multiple factors including water levels, water temperature and nutrient
availability.
On the basis of our ﬁndings it appears critical to further
strengthen the monitoring of pollution discharges and adopt comprehensive regulation of water levels in the Han River (Hanchuan
Station) and the Yangtze River (Hankou Station) during the dry
season by making use of water conservancy measures (Zhou et al.,
2020), such as the Danjiangkou Reservoir in the middle-upstream
Han River, the Three Gorges Reservoir in the mainstream Yangtze
River, and the Yangtze-Han River Water Diversion (YHWD) project
(Liu et al., 2016). By quantifying the critical importance of hydrological conditions for river algal blooms, our results highlight the
necessity of implementing water-hydropower joint operation and
predictive early warning to reduce the risk of river algal blooms
inﬂuenced by mega water transfer projects.
5. Conclusions
To improve the security of freshwater resources for the protection of public health, it is vital to guide policy decision by making predictions of river algal blooms (Schmale et al., 2019). Here
we used the GBM methods to investigate the algal blooms during a decade (2003–2014) in the Han River, the largest tributary
of the Yangtze River of China. We found that better model performance could be achieved when the previous, rather than the current, 10-day data were used as explanatory variables for the modeling of river algal blooms. Therefore, we strongly suggest using
the GBMp model (with a 10-day lead time) due to its higher accuracy and practical predictability compared to the GBMc model. In
addition, our analysis show that TN and TP concentrations could
not be solely used as indicators for river algal blooms, whereas the
occurrence of spring algal blooms in the downstream Han River
was majorly controlled by hydrologic conditions, i.e., water levels
in the Han River and the Yangtze River and water level variation of
the Han River. We highlight the necessity to coordinate the water
levels in the two rivers for an effective control of algal blooms in
the Han River, which could not be merely regulated by water level
ﬂuctuation in the Han River. Our study takes an important step forward to developing robust predictive models for river algal blooms
by accounting for multiple inﬂuencing factors from multiple data
sources. This study was limited by the available data from the
long-term monitoring data program, opportunities exist to expand
and improve this analysis by incorporating additional environmental and biological variables (e.g., light intensity and macrophytephytoplankton-zooplankton community data) (Nelson et al., 2018).
In addition, algal blooms may become more frequent and intense
in many rivers worldwide that are subject to both eutrophication and hydrological modiﬁcation with increased pollution and
the construction of water conservancy projects (Ha et al., 2003;
Mitrovic et al., 2007). Insights gained from this study can be also
used to improve the interpretation, prediction and prevention of
algal blooms in other large rivers.
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