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A B S T R A C T

The eutrophication of lakes and the subsequent algal blooms have become significant environmental issues of 
global concern in recent years. With ongoing global warming and intensifying human activities, water quality 
trends in lakes worldwide varied significantly, and the trend of algal blooms in the next few decades is unclear. 
However, there is a lack of comprehensive quantitative research on the future projection of lake algal blooms 
globally due to the scarcity of long-term algal blooms observational data and the complex nonlinear relationships 
between algal blooms and their driving factors. We aimed to develop a global projection model to evaluate the 
future trend in algal bloom occurrences in large lakes under various socio-economic development scenarios. We 
focused our research on 161 natural lakes worldwide, each exceeding 500 km2. The results indicated that the 
Random Forest model performed best (Overall Accuracy: 0.9697, Kappa: 0.8721) among various machine 
learning models which were applied in this study. The predicted results showed that, by the end of this century, 
the number of lakes experiencing algal blooms and the intensity of these blooms will worsen under higher forcing 
scenarios (SSP370 and SSP585) (p < 0.05). In different regions, lakes with increasing algal blooms are mainly 
distributed in Africa, Asia, and North America, while lakes with decreasing occurrence are primarily found in 
Europe. Additionally, underdeveloped regions, such as Africa, exhibit greater sensitivity to different SSP sce-
narios due to high variability in population and economic growth. This study revealed the spatiotemporal dis-
tribution of algal blooms in global lakes from 2020 to 2100 and suggested that the intensifying algal blooms due 
to global warming and human activities may offset the effort of controlling the water quality.

1. Introduction

The algal bloom has emerged as a significant characteristic of global 
lake water pollution and a pressing environmental issue (Carstensen 
et al., 2007; McCrackin et al., 2017). Algal blooms are prone to accu-
mulation on the water surface and release toxicants known as algal 
toxins into the water (Merder et al., 2023; OrihelDiane M. et al., 2012; 
Shen et al., 2023), leading to mass mortality of aquatic organisms and 
further deterioration of water quality in lakes (Huisman et al., 2018), 
posing significant risks to human health and social development 

(Jochimsen et al., 1998). For example, in 2007, algal blooms in Lake 
Taihu resulted in a week-long disruption of clean and safe drinking 
water supply in Wuxi, China, severely affecting local development and 
daily life (Qin et al., 2010). In 2020, 330 elephants died in Botswana due 
to the ingestion of water contaminated with cyanobacteria (Wang et al., 
2021).

Recently, some studies showed a global increase in algal blooms in 
lakes over the past few decades (Fang et al., 2022; Ho et al., 2019; Hou 
et al., 2022; Ma et al., 2023), but patterns varied by regions (Ma et al., 
2020; Wilkinson et al., 2021). Due to the uncertainty of ongoing global 
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warming and increasing anthropogenic influences, whether algal 
blooms are expected to become even more prevalent or seldom globally 
in the coming decades remains unknown (Paerl et al., 2016). Therefore, 
it is necessary to quantify the impact of future algal blooms on local 
aquatic ecosystems so that targeted control measures can be taken to 
prevent health risks caused by algal blooms in hotspots (Hou et al., 
2022; Jones et al., 2023). Existing studies have successfully projected 
lake algal bloom occurrences based on factors such as land use, mete-
orological environment, and water quality parameters (Janssen et al., 
2019; Kakouei et al., 2021; Ralston and Moore, 2020; Tewari et al., 
2022). However, there is a lack of comprehensive quantitative research 
on the future projection of lake algal blooms on a global scale (Jones 
et al., 2023).

A major obstacle to global practice is the scarcity of long-term 
observational data at global scales. Previous observation data has 
often been sparse and unevenly distributed (Kutser, 2004), and there is 
also a lack of long-term data in areas where algal blooms may occur. The 
development of remote sensing technology provides possibilities for 
global observations of water environments, enabling estimation of algal 
bloom extends from individual lakes to global lakes (Hou et al., 2022; 
Ma et al., 2023). Another obstacle is the lack of quantification responses 
to relative driving factors to algal blooms in global lakes, which are 
necessary for predicting models. Recent studies have used machine 
learning and other methods to quantify nonlinear complex relationships 
such as algal blooms and established algal bloom prediction models 
based on these relationships (Chen et al., 2024; Kakouei et al., 2021; Lin 
et al., 2023). Furthermore, there is considerable uncertainty in 
long-term projections, particularly in assessing forecasts related to 
human activities (Amer et al., 2013), which are also key points in con-
trolling algal blooms (Burford et al., 2020; Huisman et al., 2018; Paerl 
and Huisman, 2008). Scenario-based future simulations have become an 
effective method for reducing prediction uncertainty by combining 
different Representative Concentration Pathways (RCPs) and Shared 
Socioeconomic Pathways (SSPs) (Woolway et al., 2022). However, how 
to use machine learning and long-term observation data to establish an 
algal bloom projection model in global lakes has not been fully explored.

To fill the knowledge above gaps, this study focused on 161 large 
lakes (with an area greater than 500 km2) globally and aimed to (a) 
build an algal bloom projection model for these large lakes based on 
machine learning algorithms, (b) to obtain the algal bloom dataset of 
these lakes from 2020 to 2100 and (c) to analyze the future spatial- 
temporal distribution of algal blooms in lakes globally.

2. Materials and methods

2.1. Algal bloom dataset

In this study, we utilised the algal bloom dataset (ABGL2000-2020, 
Algal Bloom in Global Lakes from 2000 to 2020, more abbreviations see 
Table S1) of 161 large natural lakes (> 500 km2) globally (Fig. 1), as 
provided by Ma et al. (2023). ABGL2000-2020 was derived from 
Moderate-resolution Imaging Spectroradiometer (MODIS) surface 
reflectance products and involved the following processing steps. 
Firstly, MODIS surface reflectance products were used to remove lake ice 
pixels. Then, the Normalized Difference Snow Index (NDSI), Turbid 
Water Index (TWI), and Cyanobacteria and Macrophytes Index (CMI) 
were utilised to eliminate lake ice, highly turbid water, and aquatic 
vegetation areas, respectively. Finally, the algal bloom scum was 
extracted using a Floating Algae Index (FAI) threshold. The dataset 
considered images where the percentage of available pixels in a lake 
exceeded 50 % as valid observations, with a spatial resolution of 250 m.

By quantifying the algal bloom pixels in every lake, we acquired a 
daily-scale algal bloom record for the 161 large natural lakes worldwide 
spanning from 2000 to 2020. Algal blooms were identified based on the 
criterion of the algal bloom area surpassing 5 % of the lake’s total sur-
face area. The data was converted to the monthly scale based on the 
daily algal bloom dataset that was obtained to increase the adequate 
sample size. According to the maximum area of algal bloom for each 
month, we determined whether an algal bloom occurred during that 
month, thus creating a monthly algal bloom dataset.

2.2. Driving factor dataset

Lake Morphology: The average depth and surface area of study 
lakes were obtained from the HydroLAKES database. The Dynamic 
Sediment Ratio (DSR) is the square root of the surface area divided by 
the average depth. It determines the sensitivity of lakes to sediment 
resuspension caused by wind-induced waves (Jansson, 1985; Shen et al., 
2022a). A higher DSR value indicates lakes are more prone to sediment 
resuspension caused by wind disturbance, providing nutrients for algal 
growth.

Meteorological Data. The daily temperature, wind speed, precipi-
tation, and atmospheric pressure data for each lake were obtained from 
the ERA5-Land dataset, the fifth-generation reanalysis dataset from the 
European Centre for Medium-Range Weather Forecasts (ECMWF), 
covering the period from 2000 to 2020. This dataset covers the global 

Fig. 1. Distribution of study lakes with and without algal blooms based on the ABGL2000-2020 dataset.
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land surface with a temporal resolution of hourly data and a spatial 
resolution of 0.1◦ (Muñoz Sabater, 2019). Using the daily data, we 
further calculated the annual average temperature, average wind speed, 
average precipitation, average atmospheric pressure data, and the 
overall average values for the entire study period. Temperature, wind 
speed, and atmospheric pressure data were clipped using the lake 
boundaries, while precipitation data were clipped using the basin 
boundaries.

Land Use/Land Cover. The land use/land cover data within each 
lake’s basin for the study period were obtained from the MCD12Q1 
dataset. MCD12 is a series of products derived from the MODIS images, 
providing a global land cover classification distribution (Sulla-Menashe 
and Friedl, 2019). The MCD12Q1 provides yearly land cover classifi-
cation with a resolution of 500 m, which classifies the global land into 
17 categories, including forests, grasslands, wetlands, croplands, and 
urban areas. We aggregated the classification data from MCD12Q1 into 
five land use types: forests, croplands, urban areas, wetlands, and 
grasslands.

Population Density. The yearly population density was obtained 
from the LandScan dataset for the years 2000 to 2020 (Dobson et al., 
2000). LandScan is a high-resolution global population distribution 
dataset with a resolution of 1000 m, offering population counts and 
densities (individuals per square kilometer) at each pixel. Population 
density served as a proxy metric for gauging the intensity of human 
activity within the respective regions.

Basin Boundary: The basin boundaries for study lakes were ob-
tained from the HydroBASINS dataset (Lehner and Grill, 2013). For land 
use data, we calculated the coverage percentage of each land use type 
within each lake’s basin boundary. It should be noted that the Hydro-
BASINS usually excludes the water body within the lake’s basin 
boundary and only calculates the coverage percentage of the remaining 
land use types. Additionally, for other datasets pertaining to human 
activity, we determined the mean values within each lake’s basin 
boundary. For more comprehensive insights into the driving factors 
considered in this study, please refer to Table S2.

2.3. Future forcing data

Meteorological data. We downloaded the global climate model data 
of climate forcings provided by the ISIMIP3b module as future climate 
changes (https://data.isimip.org/search/tree/ISIMIP3b/InputData/cli 
mate/). We selected downscaled output meteorological data from five 
representative global climate models participating in ISIMIP. These 
models (Table S3) include the GFDL Earth System Model version 4 
(GFDL-ESM4) proposed by NOAA, the latest version of the climate 
model from the Institut Pierre Simon Laplace (IPSL-CM6A-LR) in France, 
the Max Planck Institute for Meteorology Earth System Model (MPI- 
ESM1-2-HR) in Germany, the Meteorological Research Institute Earth 
System Model 2.0 (MRI-ESM2-0) in Japan, and the UK Earth System 
Model (UKESM1-0-LL) proposed by the Natural Environment Research 
Council (NERC) in the United Kingdom.

To standardize the temporal scope of all model data, we extracted 
information falling within the timeframe of 2020-2100 from each model 
as future climate input data. Subsequently, we computed the monthly 
averages as well as the inter-model averages for each dataset. From the 
five models, we isolated climate-forcing data encompassing tempera-
ture, wind speed, precipitation, and air pressure. Temperature values are 
represented in Kelvin (K), wind speed in meters per second (m/s), pre-
cipitation in kilograms per second (kg/s), and air pressure in Pascals 
(Pa). To enhance comparability, we converted temperature units to 
Celsius (◦C) and precipitation units to millimeters per month (mm/ 
Month). We calculated the mean values for each meteorological variable 
within the lake boundaries for each lake. The temperature, wind speed, 
and air pressure data were cropped using the lake boundaries to ensure 
coherence between the meteorological variables interacting with lakes. 
Conversely, the precipitation data was adjusted using the basin 

boundaries for precision in analysis.
Land use/land cover. We obtained future land use/land cover 

datasets from the Northwest Pacific National Laboratory in the United 
States (https://doi.org/10.25584/data.2020-07.1357/1644253). The 
data cover the period from 2015 to 2100, with a temporal resolution of 5 
years and a spatial resolution of 0.05◦. It includes 15 coupled scenarios 
of Shared Socioeconomic Pathways (SSPs) and Representative Concen-
tration Pathways (RCPs) (Chen et al., 2020). The dataset encompasses a 
total of 32 land use types, including forests, croplands, grasslands, bare 
land, urban land, shrubs, and more. For our study, we specifically 
selected the SSP-RCP coupled scenarios (SSP1-RCP2.6, SSP3-RCP7.0, 
and SSP5-RCP8.5) that align with the meteorological input data. We 
condensed the expansive dataset into five primary categories: forests, 
urban land, bare land, croplands, and grasslands. Subsequently, utilizing 
the lake basin boundaries delineated by HydroBASINS, we computed the 
coverage percentage of each land use/land cover type within the basin 
boundary of every lake. This analysis aids in understanding the spatial 
distribution and composition of land use within the vicinity of each lake.

Population density. The population density grid dataset for future 
projections from the School of Architecture at Tsinghua University 
(https://doi.org/10.6084/m9.figshare.19608594.v2). The data cover 
the period from 2020 to 2100, with a temporal resolution of 5 years and 
a spatial resolution of 1000 m, which includes five SSP scenarios (SSP1- 
5) (Wang et al., 2022). We calculated the mean population density 
within the basin boundary of each lake in each scenario.

Gross Domestic Product (GDP). The GDP dataset for future pro-
jections originates from the Institute of Geographic Sciences and Natural 
Resources Research, Chinese Academy of Sciences (http://doi.org/10.5 
281/zenodo.4350027/). This dataset spans from 2000 to 2100, 
featuring a temporal resolution of 5 years and a spatial resolution of 
1000 m. It encompasses projections across five Shared Socioeconomic 
Pathways (SSP) scenarios (Wang and Sun, 2021). We calculated the 
mean GDP within the basin boundary of each lake in each scenario. For 
detailed information on future forcing data in this study, see Table S4.

2.4. Algal bloom projection model

Building the training and validation sets. The process of model-
ling and simulating algal blooms in lakes is depicted in Fig. 2. The algal 
bloom dataset (ABGL2000-2020) and driving factor dataset were 
divided into monthly training and validation datasets (Part I in Fig. 2). 
We first selected data on meteorological factors, human activity factors, 
and lake morphological characteristics to construct the global lake algal 
bloom projection model. The previous study and literature review 
(Huang et al., 2014; Huisman et al., 2018; Reichwaldt and Ghadouani, 
2012) selected atmospheric pressure, temperature, precipitation, and 
wind speed as meteorological forcing factors. Considering the driving 
mechanisms of algae growth and bloom formation, the cumulative 
temperature and precipitation of the previous 1–3 months were calcu-
lated to provide more meteorological information for accurate algal 
bloom prediction. We also selected cropland coverage, GDP represent-
ing economic activity intensity, and population density as indicators of 
human activity intensity. Meanwhile, average lake depth, surface area, 
DSR, and lake retention time were chosen as indicators of lake 
morphological characteristics.

The original meteorological data was initially on a daily scale. This 
study aggregated and calculated the original data into monthly values. 
Population density and cropland coverage were measured annually for 
human activity data, while GDP data were collected every five years. We 
assumed that the data changed continuously between two consecutive 
records and distributed the values evenly each month to obtain monthly 
data sequences. Following these principles, the monthly algal bloom and 
driving force datasets for 161 lakes from 2000 to 2020 were processed, 
resulting in 38,962 records (Fig. S1). We randomly allocated 70 % of the 
data as the training set (DS-AB-Train), consisting of 27,273 records for 
the model training. In contrast, the remaining 11,689 records were 
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assigned to the validation dataset (DS-AB-Val).
Construction of the algal bloom prediction model. We selected 

four machine learning algorithms (DNN, RF, XGBoost, and LSTM) with 
16 experiments to construct the algal bloom prediction model (Part II in 
Fig. 2). Considering the complex nonlinear relationship between algal 
blooms and driving forces, we designed 16 experiments to determine the 
optimal input parameter variables and machine learning models. There 
are four parameter combinations used (Table S5): meteorological pa-
rameters + human activity parameters + lake morphological parameters 
(Model 1), meteorological parameters + human activity parameters 
(Model 2), meteorological parameters + lake morphological parameters 
(Model 3), and human activity parameters + lake morphological pa-
rameters (Model 4). The optimal hyperparameters for each model were 
obtained through grid search (Table S6) (Cao et al., 2020; Shen et al., 
2022b), and the input datasets for different parameter combinations 
remained consistent across the same model (Table S7).

Validation and uncertainty analysis. The 5-fold method for cross- 
validation was employed, evaluating model performance using five 
randomly selected training and validation sets (based on the Kappa 
coefficient, OA, and other parameters on the validation set). The Monte 
Carlo method was also used to estimate the uncertainty of machine 
learning models and the sensitivity of the model to the input variable 
errors. A Monte Carlo simulation was performed by repeatedly sampling 
from the input variable distributions (1000 iterations). For each sample, 
we calculated uncertainty metrics such as root-mean-square error 
(RMSE), standard deviation (STD), and confidence intervals. It was 
assumed that the relative errors of the input variables followed a normal 
distribution, and the relative errors were the same as those reported in 
the literature (Bonshoms et al., 2022; Li et al., 2017; Wang and Sun, 
2021; Wang et al., 2022). The five parameters with the highest degree of 
influence on the model were selected as the analysis objects. Assuming 
that the upper limits of the relative errors of these products were 40 %, 
20 %, 40 %, and 20 %, respectively, the relative errors were randomly 
assigned 1000 times and substituted into the estimation model. Pa-
rameters that were less than 0 after the assigned errors were reassigned 
to ensure the model’s regular operation.

Simulation dataset for algal bloom projection. The Projected 
algal bloom dataset used the best model and projected driving factor 
dataset (Part III in Fig. 2). The best algorithm simulated datasets for 
different RCP and SSP scenarios from 2020 to 2100. Assuming that the 
driving mechanisms remain unchanged during the simulation period, a 
monthly dataset of algal blooms in 161 large lakes (>500 km2) globally 
was simulated (referred to as PABGL2020-2100, Projected Algal Bloom 
in Global Lakes from 2020 to 2100). Based on the statistical results of 
different GCMs, the maximum, minimum, and average values of lakes 
with algal blooms were calculated under various scenarios. The average 
number of months per year in which algal blooms occurred in each re-
gion was used to indicate algal bloom intensity (Table S3). Statistical 
analyses were conducted on algal bloom occurrences in lakes across 
continents and climate regions from 2020 to 2100. Under the same SSP 
scenario, the average values of different model results were calculated 
and presented for various periods, such as 2000-2020, 2023-2040, 2041- 
2060, 2061-2080, and 2081-2100.

3. Results

3.1. Evaluation of the algal bloom prediction models

From the perspective of the accuracy of different input models 
(Table S8), Model 1 achieved the highest accuracy for the machine 
learning models (OA > 0.8757, Kappa > 0.5626). Compared to Model 2 
(OA > 0.5799, Kappa > 0.2044), Model 3 (OA > 0.3168, Kappa >
0.062), and Model 4 (OA > 0.8624, Kappa > 0.0011), Model 1 signifi-
cantly improved the prediction accuracy. Among the different machine 
learning algorithms, the Random Forest Classification model (RFC, OA 
> 0.9568, Kappa > 0.8056) achieved the highest accuracy, followed by 
the eXtreme Gradient Boosting model (XGB, OA > 0.9269, Kappa >
0.6152). The Deep Neural Network model (DNN, OA > 0.8554, Kappa >
0.062) and the Long Short-Term Memory model (LSTM, OA > 0.3168, 
Kappa > 0.011) had relatively lower accuracies.

Specifically, for Model 1 (Table 1), the RFC1 algorithm exhibited the 
highest accuracy (OA = 0.9697, Kappa = 0.8721, Precision > 0.8762, 

Fig. 2. Flowchart for developing the PABGL dataset. The flowchart is divided into three parts (Part I - Part III): data preparation, model development, and algal 
bloom projection.
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Recall > 0.8967, F1-score > 0.8863), surpassing the XGB1 algorithm 
(OA = 0.9525, Kappa = 0.7770, Precision > 0.8814, Recall > 0.7388, 
F1-score > 0.8038), DNN1 algorithm (OA = 0.8757, Kappa = 0.5626, 
Precision > 0.6583, Recall > 0.6147, F1-score > 0.6953), and LSTM1 
algorithm (OA = 0.7838, Kappa = 0.5676, Precision > 0.7568, Recall >
0.8000, F1-score > 0.7778). The RFC1 algorithm exhibited higher ac-
curacy in predicting non-algal bloom samples (Precision = 0.9843, 
Recall = 0.9808, F1-score = 0.9825) than in predicting algal bloom 
samples (Precision = 0.8762, Recall = 0.8967, F1-score = 0.8863). We 
also trained the RFC1 model with data from 2000 to 2015 and validated 
it with untouched data from 2016 to 2020 from several lakes on different 
continents. The results (Table S9 and Fig. S3) showed that although the 
accuracy (OA = 0.9430, Kappa = 0.7617) is lower than that of the test 
set (OA = 0.9697, Kappa = 0.8721), it is still acceptable for the goal of 
predicting long-term series in the future. In addition, the accuracy of the 
model varies in lakes in different regions, which may be related to the 
number of input samples in different regions and different types of lakes.

From the perspective of uncertainty (Table S10), the differences 
between various machine learning models are more significant than the 
variances of different input parameter types. The uncertainties of XGB 
(RMSE: 0.1926-0.3626, STD: 0.0119-0.0182), DNN (RMSE: 0.2990- 
0.3626, STD: 0.0119-0.0182), and LSTM (RMSE: 0.3097-0.3351, STD: 
0.1558-0.2285) are notably higher than RF (RMSE: 0.0671-0.3626, STD: 
0.0119-0.0182). Across different combinations of input parameters for 
RFC1, the variations in RMSE and STD are minimal. Further analysis of 
the sensitivity of RFC1 based on input variables (Tables S11 and S12) 
reveals that as each input variable or a blend of multiple input variables 
increases incrementally, the bias remains lower than RFC1′s inherent 
bias (RMSE = 0.102, STD = 0.0219) until reaching the maximum error 
threshold. This suggested that the errors associated with input variables 
exerted a limited overall impact on estimation outcomes, indicating that 
RFC1 could consistently deliver stable and dependable results.

3.2. Trend of numbers of lakes with algal blooms

We obtained the variation of algal bloom occurrences in large lakes 
globally from 2020 to 2100 under different RCP-SSP scenarios and 
GCMs. To facilitate analysis, we aggregated the data from a yearly scale 
(Figs. S4 and S5) to a 20-year scale. The number of lakes with algal 

blooms in large lakes globally is expected to show significant differences 
across different SSP scenarios (Fig. 3). Despite varying outcomes with 
different GCMs across all scenarios, the average values increase notably 
(p < 0.01). Among the distinct SSP scenarios, the rising trajectory in the 
SSP585 (β = 0.06, p < 0.001) is expected to surpass that in the SSP370 
(β = 0.02, p < 0.001), while the SSP126 displays the smallest escalation 
(β = 0.01, p < 0.01). Moreover, within each SSP scenario, the variation 
in the maximum number of affected lakes from 2020 to 2100 is insig-
nificant, while the variation in the minimum number of affected lakes 
closely followed the trend of the mean values.

Regarding different input models (Fig. 4), with the exception of the 
GFDL-ESM4 model, the trends in algal blooms across various SSP sce-
narios are expected to show insignificant changes (p > 0.1). Neverthe-
less, in most models, the number of lakes impacted by algal blooms is 
projected to increase substantially (p < 0.01) across all three SSP sce-
narios. The IPSL-CM6A-LR model is expected to exhibit the highest 
growth rate in the number of affected lakes under both the SSP370 
scenario (β = 0.074, p < 0.001) and the SSP585 scenario (β = 0.085, p < 
0.001). The MPI-ESM1-2-HR model is prone to show the highest growth 
rate under the SSP126 scenario (β = 0.019, p < 0.001).

The response to SSP scenarios varies across different regions (Fig. 5). 
Except for GFDL-ESM4, Africa is expected to show a high sensitivity to 
the SSP scenarios in terms of the number of lakes experiencing algal 
blooms from 2020 to 2100. In most models, the number of lakes with 
algal blooms is prone to be the highest under the SSP585 scenario. 
Taking average value as an example, the number of lakes with algal 
blooms is projected to be SSP585 (10 lakes) > SSP370 (8 lakes) >
SSP126 (5 lakes). Under the SSP585 scenario, Africa is prone to expe-
rience the same number of lakes with algal blooms as Asia (10 lakes), 
according to both the GFDL-ESM4 and UKESM1-0-LL models, posi-
tioning Africa as another global hotspot for algal blooms. Other conti-
nents are expected to show no significant changes in response to SSP 
scenarios across different models.

3.3. Trend of months with algal blooms in global lakes

In different continents (Fig. 6), the trend in the average bloom month 
varied significantly among SSP scenarios, with more significant trends 
observed in the SSP370 and SSP585 scenarios. The trend in the bloom 
months in lakes in Africa didn’t show a substantial change (p > 0.05), 
exhibiting fluctuating variations throughout the study period. In Asia, 
the average bloom months in lakes are expected to increase from 2000 to 
2100 in the SSP370 (β = 0.07, p < 0.05) and SSP585 (β = 0.05, p < 
0.05) scenarios. The trend is projected to be highest in the SSP370 
scenario, where the average bloom month by the end of the century 
(1.03 months) is higher than in the SSP585 scenario (0.99 months). In 
Europe, there are substantial differences in the average bloom month 
among different SSP scenarios, with the average bloom month in the 
SSP585 by the end of the century (0.95 months) higher than SSP370 
(0.63 months) and SSP126 (0.46 months). North America is expected to 
have minor differences among different SSP scenarios, with noticeable 

Table 1 
Statistical results for the validation of different machine learning approaches in 
Model 1.

Model Classification Precision Recall F1-score OA Kappa

RFC1 NoBloom 0.9843 0.9808 0.9825 0.9697 0.8721
Bloom 0.8762 0.8967 0.8863

XGB1 NoBloom 0.9613 0.9849 0.9730 0.9525 0.7770
Bloom 0.8814 0.7388 0.8038

DNN1 NoBloom 0.8808 0.9910 0.9327 0.8757 0.5626
Bloom 0.6583 0.6147 0.6953

LSTM1 NoBloom 0.8108 0.7692 0.7895 0.7838 0.5676
Bloom 0.7568 0.8000 0.7778

Fig. 3. Range and trends in the number of lakes with algal blooms in a year under different SSP scenarios from 2020 to 2100. The orange line represents the 
maximum lake number, while the blue line represents the minimum lake number. The light blue area represents the variation range of lake number.
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differences occurring after 2061-2080. Specifically, in North America, 
the bloom months in lakes are projected to increase significantly in the 
SSP370 (β = 0.04, p < 0.05) and SSP585 (β = 0.08, p < 0.05) scenarios. 
In South America, the bloom months are expected to show an overall 
trend of first decreasing and then increasing, but the trend is insignifi-
cant (p > 0.05). Oceania will maintain a low level of algal blooms 
throughout this century.

The spatial distribution of algal bloom months in lakes was illus-
trated in different scenarios (Fig. 7). Under the SSP126 scenario, lakes in 
Africa, Asia, North America, and Europe exhibited improvements in the 
bloom month (i.e., a decreasing trend). Europe is expected to have the 

highest number of improved lakes (5 lakes), mainly concentrated in high 
latitudes. Lakes with worsening algal bloom status are more prevalent in 
Africa (4 lakes), Asia (5 lakes), and Europe (3 lakes). Under the SSP370 
scenario, the bloom months in lakes are projected to worsen in Africa (4 
lakes), Asia (4 lakes), Europe (4 lakes), and North America (1 lake). In 
contrast, under the SSP585 scenario, the bloom months in lakes are 
prone to worsen in Africa (6 lakes), Asia (5 lakes), Europe (6 lakes), 
North America (4 lakes), and Oceania (1 lake). The spatial variation of 
the trend in algal bloom months indicates that regions with higher lat-
itudes and colder weather are prone to experience improvements in the 
bloom months, while regions with warmer weather are expected to 

Fig. 4. Range and trends in the number of lakes with algal blooms in a year under different GCMs from 2020 to 2100. The blue line represents the lake number of 
SSP126, the orange line represents the lake number of SSP370, and the green line represents the lake number of SSP585. The light blue area represents the variation 
range of lake number.

Fig. 5. Number of lakes with algal blooms in different continents from 2020 to 2100 under different SSP scenarios.
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experience worsening algal blooms.

4. Discussion

4.1. Implications for water management in global lakes

Our results indicated that by the end of this century, both the fre-
quency and intensity of algal blooms in large lakes worldwide are ex-
pected to increase under the SSP370 and SSP585 scenarios. This finding 
aligns with several regional-scale studies, all of which show that the risk 
of algal blooms in lakes will be higher under high-forcing scenarios 
(Guan et al., 2022; Kakouei et al., 2021; Zhou et al., 2022). On the one 
hand, this may be related to anticipated climate change. Higher average 
temperatures and frequent extreme heat waves under high-forcing sce-
narios will increase lake water temperatures (Piccolroaz et al., 2024; 
Tong et al., 2023), leading to earlier lake stratification (Mullin et al., 
2020) and earlier algae growth. Higher temperatures are prone to ni-
trogen limitation in lakes, which is conducive to increasing the domi-
nance of certain non-nitrogen-fixing cyanobacterial species because 
these species tend to grow best under extreme conditions (Chen et al., 
2016; Elliott, 2012). On the other hand, changes in the intensity and 
nature of human activities, such as land use and population density, 
have also significantly influenced the input of nutrients from the basin to 
the lakes (Couture et al., 2014; Pelletier et al., 2015). Therefore, higher 
population density and urban development under high-forcing scenarios 
will lead to an increase in the level of nutrient input into lakes world-
wide (Chen et al., 2020; Tellman et al., 2021; Wang et al., 2023; 2022; 
Zang et al., 2021), providing more material basis for algae growth and 
promoting algal blooms.

Among different regions, the highest increase in the number and 
intensity of algal blooms is projected in Africa and tropical areas, which 
are also more sensitive to different scenarios. They are more likely to be 
impacted by rapid economic growth, which aligns with recent pre-
dictions of deteriorating surface water quality in underdeveloped 

regions such as Africa (Jones et al., 2023). Furthermore, Africa’s 
increasing population density and GDP during the study period may 
contribute the most to the trend of algal blooms. The growing water 
demand, population pressure, and continuous increase in agricultural 
production and nutrient inputs may motivate algal blooms in African 
lakes and similar regions. At the same time, Africa is facing a severe 
shortage of clean water (Zhao et al., 2023), so decisive measures must be 
taken to ensure the achievement of the United Nations SDG6 goals.

However, although there have been few precedents of water quality 
improvement in certain regions, most improved lakes are concentrated 
in economically and technologically developed areas such as North 
America, Europe, and China (Fink et al., 2020; Ma et al., 2020; Noton, 
1998). Europe introduced the Water Framework Directive in late 2000, 
North America signed the Great Lakes Water Quality Agreement 
(GLWQA) in 1972 and launched the Clean Water Act in 2003 (Andreen, 
2003; Kallis and Butler, 2001; Muldoon and Botts, 2005). These water 
quality management policies have effectively limited the further dete-
rioration of lake water quality (Botts et al., 2018). However, our results 
showed that the algal blooms may increase significantly in lakes in 
China and the United States in the coming decades, which is inconsistent 
with the trend of surface water quality changes and long-term water 
quality management goals in these regions. In other words, as climate 
change intensifies and human activities increase, human efforts to 
control surface water quality may be offset by worsening algal blooms. 
Therefore, preventing algal blooms from getting out of control in lakes 
worldwide will become an important issue in future surface water 
quality management.

4.2. Advantages and limitations of the algorithm

We developed a machine-learning model based on random forests to 
project global algal blooms in large lakes. It is important to note that the 
machine learning model used in this study is a "black box" model as it did 
not explicitly demonstrate the mechanisms of interaction between 

Fig. 6. Trends of average months with algal blooms in different continents from 2000 to 2100 under different SSP scenarios. The blue line represents the bloom 
month of SSP126, the orange line represents the bloom month of SSP370, and the green line represents the bloom month of SSP585. The light blue area represents the 
variation range of bloom month.
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parameters or the error propagation process (Iiames et al., 2021; 
Kakouei et al., 2021; Piccolroaz et al., 2024). However, to improve the 
interpretability of the algorithm, this study incorporates factors such as 
meteorology, human activities, and lake morphology features based on 
the known mechanisms that drive algal blooms. For instance, the driving 
forces that directly affect algal growth (such as temperature and 

nutrient-related factors) (Huisman et al., 2018) and the driving forces 
that have a significant influence on algal upwelling and the formation of 
algal scum (such as wind speed) (Zhang et al., 2006) were adopted in 
this study.

The Random Forest model was employed in this study, and a relative 
contribution test on the input variables (Fig. S2) was conducted to 

Fig. 7. The spatial distribution of the trends of average months with algal blooms in large global lakes under different SSP scenarios during 2020–2100. The bars in 
the figure show the trends of the lakes, with deteriorating (increasing in the average months with algal blooms) and restoring (decreasing in the average months with 
algal blooms).
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understand how the model works and how each variable contributes to 
the projection model. The results revealed that the GDP and the popu-
lation density had the highest contributions to the algorithm, reaching 
14 % and 12 %, respectively. The land coverage rate of cropland within 
the basin contributed 6 %. The DSR related to lake morphology 
contributed 8 %, while lake area contributed 7 %. Among the meteo-
rological factors, air pressure and accumulated temperature from the 
previous 1-2 months had the highest contributions, exceeding 5 %, while 
the contributions of other variables were relatively low. These results 
provide quantitative information on the relationship between relevant 
drivers and algal blooms for projection models. Variables representing 
human activity intensity had higher contribution rates, indicating that 
the mechanism of algal blooms caused by the input of nutrients and 
other substances resulting from human activities received more 
emphasis in the algorithm, thereby linking to the occurrence of algal 
blooms (Chen et al., 2010; Zhang et al., 2023). The contribution rates of 
lake morphology variables and meteorological variables were slightly 
lower. However, the results also reflected the sensitivity to external 
factors and the contribution of meteorological and environmental ele-
ments to algal blooms. This helped quantify the relationship between 
algal blooms and driving forces in complex nonlinear relationships.

In addition, the representativeness of the input data used in this 
study may be limited. The algorithm’s input data was derived from the 
161 lakes included in this study, so its application is confined to these 
lakes, and it remains unclear whether it can be generalized to other 
lakes. Future studies could enhance prediction models by incorporating 
data from a broader range of lakes across different regions and types. 
Besides, the range of possible input data values may also be limited. In 
future simulations with different SSPs and GCMs, some parameters may 
shortly exceed the input data’s value range. Therefore, the relationship 
between these driving data and algal blooms is poorly established. 
Furthermore, the study lacks a clear explanation of the error propaga-
tion process and the specific roles of the parameters, making it difficult 
to understand the errors associated with the obtained results.

5. Conclusions

The present study developed and applied a novel method to project 
the future trends of algal blooms in large lakes across the globe from 
2020 to 2100. The results showed that the number of lakes with algal 
blooms will increase globally under SSP370 and SSP585. The lakes with 
increasing algal blooms are mainly distributed in Africa, Asia, and North 
America, while lakes with decreasing occurrence are primarily found in 
Europe. Besides, the projected algal bloom trend is inconsistent with the 
reported trend of water quality in some regions, which indicates that the 
increased algal blooms could undermine efforts to control surface water 
quality. Therefore, preventing algal blooms will be more critical for 
surface water quality management in the future.
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