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Abstract 12 

Random Tree (RT) and Iterative Classifier Optimizer (ICO) based on Alternating Model Tree (AMT) 13 

regressor machine learning (ML) algorithms coupled with Bagging (BA) or Additive Regression (AR) 14 

hybrid algorithms were applied to forecasting multistep ahead (up to three months) Lake Superior and Lake 15 

Michigan water level (WL). Partial autocorrelation (PACF) of each lake’s WL time series estimated the 16 

most important lag times — up to five months in both lakes — as potential inputs. The WL time series data 17 

was partitioned into training (from 1918 to 1988) and testing (from 1989 to 2018) for model building and 18 

evaluation, respectively. Developed algorithms were validated through statistically and visually based 19 

metric using testing data. Although both hybrid ensemble algorithms improved individual ML algorithms’ 20 

performance, the BA algorithm outperformed the AR algorithm. As a novel model in forecasting problems, 21 

the ICO algorithm was shown to have great potential in generating robust multistep lake WL forecasts.  22 

 23 

Keywords: Lake water level forecasting, Machine learning, Iterative Classifier Optimizer, Bagging, 24 

Additive Regression, Great Lakes. 25 

1. Introduction 26 
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Lakes are valuable freshwater resources and their water level (WL) fluctuations are the dominant factor 27 

controlling the functioning of their ecosystems. As a lake’s WL fluctuations are important to consider in a 28 

water budget, their accurate forecasting is essential to the sustainable management of water resources, flood 29 

controls, water supply, the health of ecosystems, sustainable development and management of water 30 

resources within a basin as well as economic development (Yadav and Eliza, 2017; Yan et al., 2020). 31 

Since lake WL fluctuations typically respond nonlinearly to many natural and human induced changes (e.g., 32 

winds, reservoir management), nonlinear models are often adopted to accurately forecast lake WLs (Zhu et 33 

al., 2020a). Accordingly, in recent years, various types of numerical, statistical, and machine-learning-34 

algorithm-based models have been applied to the modeling of lake WLs (Kebede et al., 2006; Huang et al., 35 

2010; Khatibi et al., 2014; Zhu et al., 2020a). However, numerical (e.g., Process-Oriented Model (Fry et 36 

al., 2020), Routing Application for Parallel computatIon of Discharge (RAPID) model (Lin et al., 2015)) 37 

and statistical methods have limitations for lake WL forecasting: (i) besides being time-consuming, 38 

numerical models require extensive datasets including lake bathymetry, meteorological variables, inflow, 39 

outflow, etc. (Zhu et al., 2020b) and its calibration is also difficult, while (ii) statistical models (e.g. multiple 40 

linear regression) impose overly restrictive assumptions on the data — a linear structure and errors that 41 

belong to a particular parametric family. Popular and increasingly applied worldwide to forecasting lakes’ 42 

WL, machine learning (ML) models have a general model structure, are non-parametric, and can estimate 43 

nonlinear relationships between input-output data due to its flexible and nonlinear structure. For instance, 44 

artificial neural networks (ANNs) (Altunkaynak, 2007; Coulibaly, 2010), fuzzy logic (FL) (Altunkaynak 45 

and Şen, 2007), adaptive neuro-fuzzy inference systems (ANFIS) (Yarar et al., 2009; Kisi et al., 2012), 46 

support vector machine (SVM) (Çimen and Kisi, 2009; Yadav and Eliza, 2017), extreme learning machines 47 

(ELM) (Shiri et al., 2016; Bonakdari et al., 2019), and Long Short-Term Memory (LSTM) deep learning 48 

(DL) (Zhu et al., 2020b) have been used for lake WL modeling.  49 

Although standalone ML models have been successfully applied to hydrological modeling, creating hybrid 50 

models by (i) adding preprocessing methods such as wavelet transforms to denoise or capture multiscale 51 

changes in time series data (Quilty and Adamowski, 2018; Barzegar et al., 2016)), (ii) improving ML 52 
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models’ structure through the implementation of evolutionary algorithms (e.g., genetic algorithm, particle 53 

swarm optimization  — Cheng et al., 2006; Taormina and Chau, 2015), or (iii) resampling the dataset to 54 

reduce bias and variance in model output using ensemble methods (e.g., Bagging (BA), boosting, stacking 55 

and Additive Regression (AR) — Bui et al., 2016; Ribeiro and Coelho, 2020) has been shown to enhance 56 

predictive performance over standalone models.  In the present study, BA and AR ensemble methods were 57 

employed to develop hybrid models. As the BA method employs a resampling with replacement process to 58 

generate different random training sets to obtain a unique learner (Graczyk et al., 2010; Tiwari and 59 

Chatterjee, 2011), it is well suited to hydrological modeling, particularly when training datasets are small 60 

(Barzegar et al., 2020). In contrast, AR is a type of boosting method where each iteration fits a new base 61 

model to the error residuals of the previous iteration. Prediction is then accomplished by summing up the 62 

predictions of each base model (Baskin et al., 2017). 63 

As mentioned above, neural-, kernel-, fuzzy-, and DL-based algorithms have been successfully applied for 64 

lake WL modeling; however, they are complex and need high computation costs. In contrast, tree-based 65 

models, Random Tree (RT), and iterative algorithms, Iterative Classifier Optimizer (ICO), have recently 66 

attracted scientists’ attention for hydrological modeling, as they are comparatively novel, simple, robust 67 

and powerful (Hassan et al., 2017, Feng et al., 2017, Salam and Islam, 2020; Meshram et al., 2021). 68 

Therefore, in the present study, the lake WL forecasting accuracy of ML algorithms, ICO and RT, were 69 

compared. To the best of the authors’ knowledge, although the ICO has been applied for suspended 70 

sediment load prediction (Meshram et al., 2020), it has not previously been used for time series forecasting, 71 

and in particular, for lake WL fluctuations. Moreover, the RT has also been used for reference 72 

evapotranspiration prediction (Salam and Islam, 2020). In undertaking the study, we sought to develop 73 

ICO- and RT-based multistep (i.e., up to three-steps ahead) lake WL forecasts for North America’s Lake 74 

Superior and Lake Michigan. Their hybrid counterparts, developed using AR and BA models (i.e., BA-RT, 75 

BA-ICO, AR-RT, AR-ICO), were also explored for the first time in an effort to potentially improve the 76 

performance of the individual ICO and RT models.  77 

 78 
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2. Study area and data 79 

The Great Lakes, a chain of deep freshwater lakes in east-central North America (lat. 41°22′N—49°00′N, 80 

long. 76°10′W—92°10′W), comprises Lakes Superior, Michigan, Huron, Erie, and Ontario (Fig. 1). The 81 

lakes serve as the boundary between the United States and Canada, except Lake Michigan, which is entirely 82 

in the United States. This research focuses on producing multistep lake WL forecasts for Lakes Superior 83 

and Michigan.  84 

The farthest northwest, Lake Superior has the largest area (82,477 km2) of all freshwater lakes in the world. 85 

Its wide crescent form, convex to the north, extends 564 km east-west and has a breadth of 258 km. Located 86 

in the headwaters of the Great Lakes watershed, it is bordered by Ontario to the north and Minnesota, 87 

Wisconsin and Michigan to the west and south. The lake’s surface is 184 m AMSL, and the point of 88 

maximum depth, at 406 m, is 223 m below sea level. The volume of the lake is 12,240 km3. It has the 89 

highest surface elevation, the largest total water volume, and the greatest depth of the five Great Lakes 90 

(Fuller and Shear, 1995). Because of its large size (relative to the watershed area) and the porous "dam" at 91 

its outlet, long-term lake-level fluctuations are much lower than in any of the other Great Lakes—generally 92 

less than 1 meter. 93 

Lake Michigan, the third largest of the five Great Lakes, extends over an area of 58,061 km2, is 494 km 94 

long in a north-south direction, and its width, including Green Bay, is 190 km. The surface is 177 m AMSL, 95 

and the point of maximum depth, 282 m, is 105 m below sea level. Approximately 100 streams flow into 96 

the lake, few of which are of appreciable size. The northern end of the lake contains several islands, the 97 

largest of which is Beaver Island, Michigan (Hough, 1968). 98 

 99 
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 100 

Fig. 1 Map of the Lakes Michigan and Superior 101 

 102 

In this study, we selected Lakes Michigan and Superior to test the developed models on WL series with 103 

low and high variations. Note that the amplitude of WL variations is smaller for Lake Superior (the largest 104 

lake) than the other lakes while the WL variations in Lake Michigan is high compared to other Great lakes. 105 

Monthly WL data for Lakes Michigan and Superior over the period of 1918 to 2018 was obtained from the 106 

U.S. National Oceanic and Atmospheric Administration, NOAA. The WL time series was partitioned into 107 

two subsets: training (70%; from 1918 to 1988) and testing (30%; from 1989 to 2018). It is worth to note 108 

that there is no ‘rule of thumb’ for partitioning train/test sets. However, previous studies (Palani et al., 2008; 109 

Barzegar et al., 2016) generally agree that the testing subset must employ data never used in the training 110 

phase and that these data should represent approximately 10 – 40% of the size of the training set; the 70:30 111 

dataset partitioning approach is often used for training and testing machine learning models (Huang and 112 

Wang, 2011; Li et al., 2011; Donate and Cortez, 2014; Rezaeianzadeh et al., 2017; Pérez-Chacón et al., 113 

2020) and was thus adopted here. Summary statistics of the WL data for these subsets (Table 1) show WLs 114 

in Lake Michigan to have varied between 175.57 m and 177.50 m, with a mean and standard deviation (Std) 115 

of 176.42 m and 0.39 m, respectively. For Lake Superior the monthly WLs range between 182.72 m and 116 
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183.91 m (with a mean and standard deviation of 183.4 m and 0.2 m, respectively). The calculated skewness 117 

of the subsets indicates that data are light-tailed relative to a normal distribution. The kurtosis for all subsets, 118 

except the training data for Lake Superior, was negative, indicating that the left side is the longer tail of the 119 

distribution. 120 

 121 

Table 1 Descriptive statistics of Lake Michigan and Superior WLs for the model training and testing datasets 122 

Lake Subsets Min Max Mean Standard deviation Skewness Kurtosis 

Michigan 
Train 175.58 177.50 176.47 0.41 -0.01 -0.79 
Test 175.57 177.19 176.32 0.35 0.21 -0.85 

Superior 
Train 182.72 183.91 183.44 0.19 -0.35 0.44 
Test 182.79 183.81 183.81 0.21 0.00 -0.43 

 123 

3. Methodology 124 

3.1. Base machine learners 125 

In the present study, we used two ML techniques, including RT and ICO, to develop lake water level 126 

forecasting models. Each of these algorithms are described as follows: 127 

 128 

3.1.1. Random Tree (RT) 129 

The Random Tree (RT) model is a supervised learning algorithm that considers ‘K’ randomly selected input 130 

variables when performing a split at each node in an unpruned decision tree. RT can be used for both 131 

classification and regression problems and is the foundation of the Random Forest algorithm (Breiman, 132 

2001).  As a fast learning algorithm, RT can achieve high accuracy even in complex modeling situations 133 

(e.g., when dynamic changes in the environment must be considered; Mu et al., 2017). RT’s strengths stem 134 

from its randomization when selecting input variables to split nodes, which is not considered in ‘standard’ 135 

decision trees. Section 4 includes the RT hyper-parameters and their optimal values (determined via trial-136 

and-error). 137 

According to Drmota and Gittenberger (1997), if 𝑇 is a plane rooted tree with 𝑛 nodes, which is considered 138 

as a family tree of a class, the profile of the tree may be described by the number of nodes or the number 139 
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of leaves. Supposing a class 𝐴 with trees T (𝑇 ∈ 𝐴) consist of 𝑛 nodes, the weight function 𝜔(𝑇) can be 140 

written as (Drmota and Gittenberger, 1997): 141 𝜔(𝑇) = ∏𝜑𝑘𝑛𝑘(𝑇)𝑘≥0  (1) 

where (𝜑𝑘; 𝑘 ≥ 0) are non-negative numbers and 𝑛𝑘(𝑇) is the number of nodes 𝜐 ∈ 𝑇 with out-degree k. 142 

Moreover, set: 143 𝑎𝑛 = ∑ 𝜔(𝑇)𝑇:|𝑇|=𝑛  (2) 

Then the corresponding generating function (GF) 𝑎(𝑧) = ∑ 𝑎𝑛𝑧𝑛𝑛≥0  satisfies the functional equation: 144 𝑎(𝑧) = 𝑧𝜑(𝑎(𝑧)) (3) 

where 𝜑(𝑡) = ∑ 𝜑𝑘𝑡𝑘𝑘≥0 , thereby equipping sets 𝐴𝑛 = {𝑇 ∈ 𝐴 ∶ |𝑇| = 𝑛} with a probability distribution 145 

induced by the weight function 𝜔(𝑇) (Drmota and Gittenberger, 1997). 146 

 147 

3.1.2. Iterative Classifier Optimizer (ICO) 148 

The Iterative Classifier Optimizer (ICO) is used to identify the optimal number of iterations for a given 149 

base iterative classifier/regressor through cross-validation and a user-defined performance metric (Saad, 150 

2018). At first, the base classifier/regressor is specified, along with any additional model parameters. 151 

Afterwards, ICO tests the base method for different iteration numbers and evaluates the pre-defined 152 

performance metric for each iteration number.  ICO has a ‘look ahead’ mechanism that tests the base method 153 

at a higher number of iterations to improve the algorithm’s ability to locate an optimal iteration number. 154 

The number of iterations that results in the best cross-validation performance is selected as the optimal 155 

number of iterations. In this study, Alternating Model Trees (Frank et al., 2015) are used as the regressor 156 

and is briefly described below. 157 

 158 

3.1.2.1 Alternating Model Trees (AMT) 159 
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Alternating Model Trees (AMT) are a class of regression trees that are grown using boosting, synthesizing 160 

an ensemble of trees in a single tree structure (Frank et al., 2015).  In AMT, there are two types of nodes: 161 

splitter and prediction nodes.  At each splitter node, two prediction nodes are generated. The splitting 162 

variable is selected by considering all input variables and splitting on the median value of the data that 163 

reaches that node. Afterwards, two linear regression models are fit on the subsets resulting from the split. 164 

The input variables used in the linear regression models are those that minimize the squared error. The two 165 

linear regression models are then placed at the prediction nodes attached to the recently created splitter 166 

node. When generating the prediction nodes at a given splitter node, it is possible to use two different input 167 

variables in the two linear regression models. To obtain the final prediction via AMT, the individual 168 

predictions made at each visited prediction node are multiplied by a shrinkage parameter (used to control 169 

overfitting) and summed together. The number of iterations (equivalent to the number of splitter nodes) and 170 

the shrinkage parameter must be set by the user. As noted in Section 3.1.2, ICO can be used to optimize the 171 

number of iterations in AMT. Additional details on AMT can be found in Frank et al. (2015). 172 

 173 

3.2. Hybrid algorithms 174 

To develop hybrid models, two commonly used algorithms namely AR and BA were applied. Details on 175 

these algorithms are given as follows: 176 

3.2.1. Additive Regression (AR) 177 

At each iteration of the Additive Regression (AR) method adopted here (Friedman, 2002), the standalone 178 

algorithm is fit to the residuals from the previous iteration, i.e., AR is a gradient boosting method (Friedman 179 

and Meulman, 2003).  At the final iteration, all predictions are added to generate the final prediction (Frank 180 

et al., 2016). The AR algorithm can be represented as (Friedman, 2002): 181 

𝐹(𝑿) = ∑ 𝛽𝑚ℎ(𝑿; 𝑎𝑚)𝑀
𝑚=0  

(4) 

where ℎ(𝑿; 𝒂𝑚) is the standalone model output considering inputs 𝑿 and model parameters 𝒂𝑚 at iteration 182 𝑚 (𝑚 = 0,… ,𝑀), where 𝑀 is the number of iterations (after the initial model is fit at 𝑚 = 0); 𝛽𝑚 are a set 183 
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of expansion coefficients at iteration 𝑚; and 𝐹(𝑿) is the AR algorithm output.  The standalone and AR 184 

algorithms’ parameters (𝑎𝑚 and 𝛽𝑚) are fit in a stepwise manner (i.e., each set of parameters is estimated 185 

at a particular iteration) (Friedman, 1999). 186 

At each iteration of the AR algorithm, an ‘intermediate’ AR model output (𝐹𝑚(𝑿)) is generated (Friedman, 187 

2002): 188 𝐹𝑚(𝑿) = 𝐹𝑚−1(𝑿) + 𝛽𝑚ℎ(𝑿; 𝑎𝑚) (5) 

where 𝐹(𝑿) = 𝐹𝑀(𝑿). Further details on the AR algorithm can be found in Friedman (2002), Friedman 189 

and Meulman, (2003), and Frank et al. (2016). Since AR is coupled with RT in this study, it is considered 190 

a special case of gradient boosting known as multiple additive regression trees (Friedman and Meulman, 191 

2003). 192 

 193 

3.2.2. Bagging (BA) 194 

Bagging (BA) is a robust ensemble method that is often used to improve model accuracy. Drawing random 195 

samples from the training data (input-target variable pairs) with replacement (also referred to as bootstraps), 196 

BA creates a model for each sample of the data (Bauer and Kohavi, 1999). After each model has been 197 

trained, an ensemble prediction can be made for new input data by taking the mean of the predictions across 198 

all trained models (also known as ensemble members). Since each training set is made by creating a 199 

bootstrap replicate of the original training set, this method can weaken the defects of poorly performing 200 

ensemble members and increase the overall accuracy of the ensemble (Breiman, 1996). Despite its 201 

simplicity, BA has been shown to significantly reduce the out-of-sample mean square error (MSE) when 202 

applied to classification and regression trees on a wide number of datasets (Brieman, 1996) and is equally 203 

applicable to any base algorithm. By coupling RT with BA, the result is a RF model. 204 

 205 

3.3. Model evaluation metrics 206 

The coefficient of determination (R2) between observed and predicted WLs, the root mean squared error 207 

(RMSE), mean absolute error (MAE), root mean square percentage error (RMSPE), mean absolute 208 
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percentage error (MAPE), Kling-Gupta Efficiency (KGE), and Kendall’s TAU (KTAU) were calculated to 209 

evaluate the performance of the developed models (Arndt et al., 1999; Gupta et al., 2009; Barzegar et al., 210 

2019, 2020):   211 

𝑅2 = [  
 1𝑁 ∑ (𝑀𝑖 − 𝑀𝑚)𝑁𝑖=1 (𝐹𝑖 − 𝐹𝑚)√1𝑁 ∑ (𝑀𝑖 − 𝑀𝑚)2𝑁𝑖=1 √1𝑁 ∑ (𝐹𝑖 − 𝐹𝑚)2𝑁𝑖=1 ]  

 2
 (5) 

𝑀𝐴𝐸 = 1𝑁 ∑|𝑀𝑖 − 𝐹𝑖|𝑁
𝑖=1  (6) 

𝑅𝑀𝑆𝐸 = √1𝑁 ∑(𝑀𝑖 − 𝐹𝑖)2𝑁
𝑖=1  (7) 

𝑅𝑀𝑆𝑃𝐸 = √1𝑁 ∑(𝑀𝑖 − 𝐹𝑖𝑀𝑖 )2𝑁
𝑖=1 × 100 (8) 

𝑀𝐴𝑃𝐸 = 1𝑁 ∑|𝑀𝑖 − 𝐹𝑖|𝑀𝑖 × 100𝑁
𝑖=1  (9) 

𝐾𝐺𝐸 = 1 − √(𝑟 − 1) + (𝑎 − 1) + (𝑏 − 1) (10) 

𝐾𝑇𝐴𝑈 = 2(𝑛𝑐 − 𝑛𝑑)𝑁(𝑁 − 1)  (11) 

where, N is the number of data, Mi, Fi, Mm, and Fm are the observed, forecasted, mean observed, and mean 212 

forecasted data, respectively; 𝑟 is the Pearson correlation coefficient between the forecasts and 213 

observations, 𝑎 is the ratio between the variance of the forecasts and the variance of the observations, and 214 𝑏 is the ratio of the means of the simulations and observations. KGE ranges from -∞ to 1 with an ideal value 215 

of 1, where 𝑛𝑐 is the number of concordant pairs and 𝑛𝑑is the number of discordant pairs (Knoben et al., 216 

2019). The KTAU measures the degree of correspondence between two rankings and their significance 217 

(i.e., it measures the strength of association of the joint distribution of two or more variables). The R2 ranges 218 

between 0 and 1, where 0 indicates that the regression line does not fit the set of data points and a value of 219 
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1 represents that the regression line perfectly fits the set of data points. The smaller values of error 220 

measuring metrics (e.g., RMSE, MAE, RMSPE and MAPE), the higher accuracy of the forecasting.  221 

Additionally, the performance of the models was visualized using different plots including time series 222 

comparative plot, bar graph, spider diagram and box-swarm plot.  223 

4. Model development 224 

Input variable selection, one of the most important steps in modeling, can enhance model performance and 225 

decrease the complexity of the modeling process. Although there are several input variable selection 226 

methodologies — principal component analysis; Gamma Test; forward selection technique (Noori et al., 227 

2011); Edgeworth Approximation-based conditional mutual information; partial correlation input section 228 

input variable selection (Quilty et al., 2016) — to select the inputs having the greatest impact on the output 229 

variable, a simple Pearson correlation coefficient method was employed here. This is one of the most 230 

common and successful methods used in hydrology for selecting appropriate input variables in regression 231 

modeling (Yaseen et al., 2016; Khozani et al., 2019; Salih et al., 2019; Choubin et al., 2018). Accordingly, 232 

partial autocorrelation functions (PACF) of the monthly WL time series for Lakes Michigan and Superior 233 

were plotted and the most significant lag times were estimated (Fig. 2). For both WL time series, PACF 234 

values for a lag time of five months showed the greatest 95% confidence level partial correlation; 235 

accordingly, lag times of up to five months were considered to be the most important input variables for 236 

WL forecasting in these lakes. The correlation coefficients of these lag times were considered as input 237 

candidates [i.e., WL(t-5), WL(t-4), …WL(t)] for forecasting multistep ahead WLs [i.e. WL(t+1), WL(t+2) and 238 

WL(t+3)]. Tables 2 and 3 represent the correlation coefficients of the input and output variables for WL 239 

forecasting in Lakes Michigan and Superior, respectively. The WL at time t showed the greatest correlation 240 

with the outputs; the greater the time lag, the weaker the correlation. To construct the various input 241 

combinations, the variable with the highest correlation coefficient [i.e., WL(t)] was considered the first input 242 

variable (Combination 1). The second input combination was constructed by adding the variable with the 243 

next highest correlation coefficient [i.e., WL(t-1)] to the previous input. This procedure was continued by 244 
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successively adding the next most highly correlated of the remaining input variables, until the variable with 245 

the lowest correlation coefficient [i.e., WL(t-5) in WL(t+1) forecasting for both lakes] was added to construct 246 

input combination 6 (Tables 4 and 5). 247 

 248 

Fig. 2 PACF plot with 95% confidence bands for the WL time series in Lakes (a) Michigan and (b) Superior 249 

 250 

Table 2 Correlation matrix heatmap of the input candidates and outputs of the models for Lake Michigan 251 

  WL(t-5) WL(t-4) WL(t-3) WL(t-2) WL(t-1) WL(t) WL(t+1) WL(t+2) WL(t+3) 

WL(t-5) 1.000         
WL(t-4) 0.985 1.000        
WL(t-3) 0.949 0.985 1.000       
WL(t-2) 0.902 0.949 0.985 1.000      
WL(t-1) 0.854 0.902 0.949 0.985 1.000     
WL(t) 0.815 0.854 0.902 0.949 0.985 1.000    
WL(t+1) 0.790 0.815 0.854 0.902 0.949 0.985 1.000   
WL(t+2) 0.781 0.790 0.815 0.854 0.902 0.949 0.985 1.000  
WL(t+3) 0.786 0.781 0.790 0.815 0.854 0.902 0.949 0.985 1.000 

 252 

Table 3 Correlation matrix heatmap of the input candidates and outputs of the models for Lake Superior 253 

  WL(t-5) WL(t-4) WL(t-3) WL(t-2) WL(t-1) WL(t) WL(t+1) WL(t+2) WL(t+3) 

WL(t-5) 1.000         
WL(t-4) 0.943 1.000        
WL(t-3) 0.806 0.943 1.000       
WL(t-2) 0.634 0.806 0.943 1.000      
WL(t-1) 0.468 0.634 0.806 0.942 1.000     
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WL(t) 0.344 0.468 0.633 0.805 0.942 1.000    
WL(t+1) 0.286 0.344 0.467 0.633 0.806 0.943 1.000   
WL(t+2) 0.300 0.286 0.344 0.468 0.634 0.806 0.943 1.000  
WL(t+3) 0.378 0.300 0.287 0.345 0.469 0.635 0.807 0.943 1.000 

 254 

Table 4 Different input combinations applied for multistep ahead WL forecasting in Lake Michigan 255 

No.  Different input combination Output  Different input combination Output  

1  WL(t) WL(t+1), WL(t+2)  WL(t) WL(t+3)  

2  WL(t), WL(t-1) WL(t+1), WL(t+2)  WL(t), WL(t-1) WL(t+3)  

3  WL(t), WL(t-1), WL(t-2) WL(t+1), WL(t+2)  WL(t), WL(t-1), WL(t-2) WL(t+3)  

4  WL(t), WL(t-1), WL(t-2), WL(t-3) WL(t+1), WL(t+2)  WL(t), WL(t-1), WL(t-2), WL(t-3) WL(t+3)  

5  WL(t), WL(t-1), WL(t-2), WL(t-3), WL(t-4) WL(t+1), WL(t+2)  WL(t), WL(t-1), WL(t-2), WL(t-3), WL(t-5) WL(t+3)  

6  WL(t), WL(t-1), WL(t-2), WL(t-3), WL(t-4), WL(t-5) WL(t+1), WL(t+2)  WL(t), WL(t-1), WL(t-2), WL(t-3), WL(t-5), WL(t-4) WL(t+3)  

 256 

Table 5 Different input combinations applied for multistep ahead WL forecasting in Lake Superior 257 

No.  Different input combination Output  Different input combination Output  

1  WL(t) WL(t+1)  WL(t) 
WL(t+2), 
WL(t+3) 

 

2  WL(t), WL(t-1) WL(t+1)  WL(t), WL(t-1) 
WL(t+2), 
WL(t+3) 

 

3  WL(t), WL(t-1), WL(t-2) WL(t+1)  WL(t), WL(t-1), WL(t-2) 
WL(t+2), 
WL(t+3) 

 

4  WL(t), WL(t-1), WL(t-2), WL(t-3) WL(t+1)  WL(t), WL(t-1), WL(t-2), WL(t-3) 
WL(t+2), 
WL(t+3) 

 

5  WL(t), WL(t-1), WL(t-2), WL(t-3), WL(t-4) WL(t+1)  WL(t), WL(t-1), WL(t-2), WL(t-3), WL(t-5) 
WL(t+2), 
WL(t+3) 

 

6  
WL(t), WL(t-1), WL(t-2), WL(t-3), WL(t-4), WL(t-

5) 
WL(t+1)  

WL(t), WL(t-1), WL(t-2), WL(t-3), WL(t-5), WL(t-

4) 
WL(t+2), 
WL(t+3) 

 

 258 

After constructing the input combinations, the best input variables combination for each standalone model 259 

(RT and ICO) was determined. The input variables of each combination were provided to the models and 260 

were then run in the Waikato Environment for Knowledge Analysis (WEKA 3.9) software (Witten et al., 261 

2016) using the default model hyper-parameters. The models’ outputs were then compared to measured 262 

WL values. The results for six different input variable combinations used in training and testing the models 263 

are summarized in Table 6, where the lowest training set RMSE is highlighted to indicate the optimal input 264 

variable combination. Input combination No. 2, including WL(t) and WL(t-1), resulted in the lowest RMSE 265 

for RT-based WL(t+1) and WL(t+2) forecasting in Lake Michigan, while input combination No. 1 including 266 

WL(t), resulted in the lowest error for WL(t+3) forecasting. Similar to Lake Michigan, input combination No. 267 
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2 provided the minimum RMSE for RT-based WL(t+1) forecasting for Lake Superior, whereas the input 268 

combination No. 4 including variables WL(t), WL(t-1), WL(t-2), WL(t-3) and combination No. 6 including 269 

variables WL(t), WL(t-1), WL(t-2), WL(t-3), WL(t-5), and WL(t-4) obtained the lowest RMSE for RT-based WL(t+2) 270 

and WL(t+3) forecasting, respectively in Lake Superior. The most effective variable(s) for RT-based 271 

forecasting models differed for the two lakes. For the ICO-based models, input combination No. 6 provided 272 

the minimum RMSE for all time horizons in both lakes.  273 

 274 

Table 6 Identifying the best input combination based on the RMSE metric in the training period 275 

NO. 

Lake Michigan  Lake Superior 

WL(t+1)  WL(t+2)  WL(t+3)  WL(t+1)  WL(t+2)  WL(t+3) 

RT ICO  RT ICO  RT ICO  RT ICO  RT ICO  RT ICO 

1 0.080 0.068  0.141 0.125  0.191 0.170  0.070 0.067  0.133 0.118  0.181 0.152 

2 0.067 0.050  0.139 0.125  0.210 0.152  0.058 0.044  0.123 0.087  0.180 0.125 

3 0.076 0.052  0.149 0.101  0.208 0.151  0.060 0.044  0.116 0.086  0.167 0.124 

4 0.074 0.050  0.151 0.105  0.216 0.149  0.065 0.045  0.113 0.084  0.151 0.118 

5 0.081 0.050  0.156 0.102  0.219 0.141  0.069 0.044  0.119 0.078  0.141 0.109 

6 0.082 0.049  0.159 0.099  0.227 0.135  0.076 0.041  0.127 0.074  0.135 0.096 

 276 

After finding the most effective input variables for each multistep step ahead WL forecast for each lake, 277 

the selected input variables served as models’ inputs and the models’ optimal hyper-parameters were 278 

calibrated. A WEKA software was used to determine the models’ optimal values through a trial-and-error 279 

process, the most popular method for this software (de Lima et al., 2014). The model hyper-parameters’ 280 

optimal values are listed in Table 7. The models were developed using those optimal hyper-parameters and 281 

then validated using the testing data. To develop the standalone models, single ICO (i.e. based on AMT as 282 

an iterative regressor) and RT algorithms were separately calibrated using training data and afterwards 283 

validated using the testing (unseen) data. While, for hybrid models, the ICO and RT models were used as 284 

base regressor of the AR and BA ensembles for construction and evaluation of the models. The same 285 

training and testing datasets were used for the AR-RT, AR-ICO, BA-RT, and BA-ICO ensemble models. 286 

In the next section, the performance of the different models is presented and discussed.   287 
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 288 

Table 7 Optimal values of the developed models’ hyper-parameters for WL forecasting in Lakes Michigan and Superior 289 

Model operators 
 Optimum value 

RT AMT ICO BA AR  
K-value 0* - - - -  

Batch size 100 100 100 100 100  
Maximum Depth of tree 4 - - - -  

Minimum number of instances at leaf 1 - - - -  
Minimum variance proportion 0.001 - - - -  

Number of folds 0 - 10 - -  

Evaluation Metric  - - RMSE - -  

Iterative classifier - - AMT - -  
Look ahead iteration - - 50 - -  
Number of Iterations  12     

Number of decimal places - 2 2 2 2  
Regressor - - - RT/ICO RT/ICO  

Number of execution slots - - - 1 -  
Shrinkage - 1.0 - - 2  

* ‘K’ is set to 0 (as the default value); however, this corresponds with int(log2(D) + 1) where D is the number of 290 

predictors used in the models (see Table 4, 5, and 6) 291 

** AMT is coupled with ICO, the Number of Iterations value(s) listed in the table were found to be optimal by ICO. 292 

5. Results  293 

Two different standalone models (RT and ICO) and their corresponding hybrid versions developed using 294 

the AR and BA algorithms, drawing on their optimal input variable combinations, were tested and their 295 

performance evaluated using quantitative metrics and visual methods.  296 

Comparative time series and scatter plots of measured vs. forecasted WL values for WL(t+1), WL(t+2), and 297 

WL(t+3) forecasting for Lake Michigan are shown in Fig. 3 and Figs. S1-S2 (in the supplementary material). 298 

For test phase WL(t+1) forecasts (Fig. 3), the BA-ICO model was the most accurate (R2 = 0.979), while the 299 

standalone RT models showed greater scatter between measured and forecasted WLs (R2 = 0.965. For 300 

WL(t+2) forecasting (Fig. S1), the BA-ICO (R2 = 0.876) and AR-ICO (R2 = 0.877) models showed the best 301 

WL forecasts, compared to the poorer predictions and greater scatter of the RT models (R2 = 0.854). The 302 

scatter plots of the forecasted WL(t+3) and the equivalent measured WLs for Lake Michigan showed the ICO 303 

and AR-ICO (R2 = 0.77) and BA-ICO (R2 = 0.768) to have obtained the highest accuracy and RT (R2 = 304 

0.722) model to have provided the lowest accuracy in their WLs forecasts. All developed models, for all 305 
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time horizons for Lake Michigan, can be categorized as having very good performance (0.7 < R2 ≤ 1.0; 306 

Moriasi et al., 2007). 307 

For Lake Superior, the plots of the measured vs. forecasted WL(t+1), WL(t+2), and WL(t+3) scatter plots, 308 

presented in the supplementary material (Figs. S3-S5), show, based on the R2, that for all steps the 309 

forecasted WL obtained using the ICO and its hybrid counterparts with AR and BA algorithms had higher 310 

accuracy than the other models. Moreover, in the test phase, WLs forecast by the RT model showed greater 311 

scatter compared to the other models, along with the poorest fitted linear regression equation for all steps 312 

ahead. All models developed for WL(t+1) forecasting for Lake Superior showed a very good performance 313 

(0.7 < R2 ≤ 1.0), while for WL(t+2) RT models performed satisfactorily (0.5 < R2 ≤ 0.6), and other developed 314 

models well (0.6 < R2 ≤ 0.7). For WL(t+3), all developed models had an unsatisfactory performance (0.0 < 315 

R2 ≤ 0.5); however, the ICO-based models (single ICO and hybrid BA-ICO and AR-ICO) had much better 316 

performance compared to the RT models. The comparative plots for both lakes illustrated that coupling the 317 

standalone ML model (i.e. RT and ICO) with BA and AR results in capturing the WL extremes (both 318 

minimum and maximum) much better than the standalone models. Moreover, the scatter plots showed that 319 

the forecasted WL using the hybrid models are much closer to the 1:1 line (i.e. forecasted WL = measured 320 

WL) than the standalone models for both lakes. 321 
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 322 

Fig. 3 Comparative temporal series and scatter plots of measured and test period forecasted WL(t+1) for Lake Michigan 323 

 324 

The error metrics (i.e., RMSE and MAE) for the developed Lake Michigan WL models (Fig. 4a,b) show 325 

the standalone ICO model to have generated lower errors compared to the standalone RT model for all time 326 
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horizon [WL(t+1), WL(t+2), and WL(t+3)] forecasts. The RT model generally yielded the highest RMSE and 327 

MAE for all time horizons, indicating the worst performance, while, based on having the lowest RMSE and 328 

MAE, the BA-ICO model (RMSE = 0.05 m, MAE = 0.039 m) provided the best WL(t+1) forecast for Lake 329 

Michigan. For WL(t+2) and WL(t+3) forecasting, the AR-ICO and BA-ICO hybrid model along with the 330 

standalone ICO provided the lowest error, indicating it to be the most efficient model for Lake Michigan 331 

WL forecasting. Although the AR and BA algorithms can no improve the ICO models in forecasting two 332 

and three-months ahead WL of Lake Michigan, they can enhance the accuracy of the RT models. 333 

The percentage error of the WL forecasting models in terms of RMSPE and MAPE are provided in Table 334 

8. Based on these model accuracy statistics the BA- and AR-ICO showed no improvement over their 335 

corresponding standalone ICO models for WL(t+2), and WL(t+3) forecasting for Lake Michigan, except for 336 

WL(t+1) forecasting. The maximum improvement of the models belongs to the AR-RT for WL(t+1) 337 

forecasting in Lake Michigan. 338 

Based on the KTAU indicator, the RT model (KTAU = 0.982, 0.924 and 0.850 for WL(t+1), WL(t+2), and 339 

WL(t+3), respectively), showed the lowest KTAU values, indicating the worst performance for WL 340 

forecasting in Lake Michigan (Fig. 4c). In contrast, the hybrid BA-ICO [KTAU = 0.990, 0.936, and 0.877 341 

for WL(t+1), WL(t+2), and WL(t+3), respectively] had the best performance amongst the models developed. In 342 

general, the hybrid models improved performance compared to the standalone models with respect to the 343 

KTAU metric, particularly the standalone RT model. 344 

The RT [KGE = 0.977 and 0.846 for WL(t+1) and WL(t+3), respectively] and BA- and AR-ICO [KGE = 0.918 345 

for WL(t+2)] showed the lowest KGE values for Lake Michigan (Fig. 4d), while the hybrid AR-RT for 346 

WL(t+2) (KGE = 0.989), and WL(t+3) (KGE = 0.937) and BA-ICO for WL(t+1) (KGE = 0.868), outperformed 347 

all other developed models (Fig. 4d). 348 

 349 
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 350 

Fig. 4 Bar graph of the (a) RMSE and (b) MAE metrics and Spider diagram of the calculated (c) KTAU and (d) KGE metrics for 351 

WL forecasting models in Lake Michigan  352 

 353 

Models’ errors for Lake Superior WL forecasting show that, similarly to Lake Michigan, the RMSE and 354 

MAE of the individual ICO model were lower than those of the RT model for all time horizons (Fig. 5a, 355 

b). The BA-ICO model provided the best performance for WL(t+1) forecasting in terms of RMSE and MAE, 356 

while the BA-RT models were the best model for WL(t+2) and WL(t+3) forecasting. Generally, the BA hybrid 357 

algorithm generates more accurate predictions than the AR hybrid algorithm. 358 

The MAPE and RMSPE of the models developed for WL forecasting for Lake Superior (Table 8) show 359 

that for WL forecasting, both AR and BA algorithms decrease the individual RT model’s errors in terms of 360 

RMSPE and MAPE (up to 14% and 27%, respectively), while the those algorithms led to decreases of up 361 

to 4% for the ICO-based WL forecasting models. The error reduction achieved with the BA algorithm was 362 

higher than that of the AR algorithm for the ICO-based model (i.e., up to 4% and 1% decrease in error 363 
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based on the RMSPE and MAPE, respectively). These statistics showed that for Lake Superior, similar to 364 

WL(t+2) forecasting, for WL(t+3) forecasting the BA algorithm performs better than the AR algorithm not 365 

only in improving the ICO models but also in improving the individual RT model. It is worth noting that 366 

the AR and BA algorithms not only improve model performance compared to the standalone models, but 367 

they also reduce overfitting, which is a crucial issue when applying machine learning models to real-world 368 

data. 369 

For Lake Superior, the BA-ICO model (0.973) showed the highest KTAU value for WL(t+1) while the 370 

highest KTAU for the WL(t+2) and WL(t+3) were 0.835 and 0.686 for AR-ICO and BA-RT models, 371 

respectively, indicating the superior performance of the BA-based models for this lake WL forecasting (Fig. 372 

5c). Overall, based on the KTAU, the hybrid models performed better than their corresponding single 373 

models. 374 

The KGE metric shows that AR-RT, with values of 0.950 and 0.760, outperforms the other models for 375 

WL(t+1) and WL(t+2) forecasting of Lake Superior, respectively, while the BA-RT (0.642) had the best 376 

performance among the standalone and hybrid models for WL(t+3) forecasting (Fig. 5d). 377 

 378 
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 379 

Fig. 5 Bar graph of the calculated (a) RMSE and (b) MAE metrics and Spider diagram of the calculated (c) KTAU and (d) KGE 380 

metrics for WL forecasting models in Lake Superior  381 

 382 

Table 8 Performance of the developed models based on MAPE and RMSPE metrics 383 

Lake 
 

Model 
 WL(t+1)  WL(t+2)  WL(t+3) 

  MAPE (%) RMSPE (%)  MAPE (%) RMSPE (%)  MAPE (%) RMSPE (%) 

Michigan 

 ICO  2.3 2.9  5.7 7.1  8.0 9.7 
 RT  3.0 3.8  6.4 7.9  8.8 10.9 
 BA-ICO  2.2 2.9  5.7 7.1  8.0 9.7 
 BA-RT  2.6 3.5  5.5 7.3  8.3 10.6 
 AR-ICO  2.3 2.9  5.7 7.1  8.0 9.7 
 AR-RT  2.3 3.3  5.2 7.2  7.8 10.2 

            

Superior 

 ICO  2.3 2.9  5.6 6.6  7.4 9.1 

 RT  2.9 3.8  6.1 7.5  8.1 10.2 

 BA-ICO  2.2 2.8  5.5 6.5  7.3 9.0 

 BA-RT  2.5 3.6  5.0 6.7  5.9 8.8 

 AR-ICO  2.3 2.9  5.6 6.6  7.4 9.0 

 AR-RT  2.5 3.6  5.1 6.9  7.3 9.7 
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 384 

To further evaluate differences in the models’ performance in forecasting WLs for Lakes Michigan and 385 

Superior, we present combined box-swarm plots (Fig. 6). Although the statistical metrics indicated, 386 

generally, the BA-ICO outperformed the other developed models in forecasting WL(t+1) for Lake Michigan, 387 

the box plot also confirms that the BA-ICO performed better than the other developed models, and 388 

considerably better than the AR-ICO model, in capturing the minimum WL. The swarm plot also confirmed 389 

the superiority of the BA-ICO over the AR-ICO in a detail comparision. It is observed that the main 390 

difference of the Lake Michigan’s models was attributed to the capturing the minimum values, particularly 391 

for the three months ahead forecasts. Swarm patterns for different models developed for Lake Michigan 392 

vary slightly, indicating the low variability of the model’s error. However, it is evident that the hybrid  could 393 

model the measured WLs better than the standalone models. For Lake Superior, the box plots illustrated 394 

that developed models mainly performd differently for different step aheads WL forecasting. Moreover, 395 

outlier WL forecasts could be seen for this lake. The plots showed that the ICO-based models could capture 396 

these extremes along with the median WLs much better than the RT-based models. Similar to Lake 397 

Michigan, it was observed that the BA-ICO followed by BA-RT outperformed among the developed models 398 

for Lake Superior WL forecasting.  399 
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 400 

Fig. 6 Box-swarm plots of the measured and forecasted WLs in Lakes Michigan and Superior  401 

 402 

6. Discussion 403 

Although both hybrid BA- and AR-based algorithms can improve the performance of individual ML 404 

algorithms, generally, the BA outperforms the AR. However, the performance enhancement provided by 405 

the hybrid algorithms differed for the different forecast lead times, and further differed according to whether 406 

AR or BA algorithms were employed at particular lead times. In most steps ahead, the BA algorithm’s 407 
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performance was much better than that of the AR; however, the AR did perform better for some steps ahead. 408 

It is worth noting that in generating multistep forecasts in hydrology it is recommended to explore (and 409 

potentially use) different hybrid algorithms at different steps to obtain the best possible performance. The 410 

poor performance of the standalone models compared to their counterpart hybrid models was the result of 411 

greater bias and variances in the single forecasts. This occurred as the hybrid algorithms decrease bias 412 

and/or variance of the standalone models by incorporating several of them together, thereby creating a 413 

better performing strong learner (or ensemble model). Apart from reducing the bias and variance of the 414 

standalone models, hybrid algorithms can also address overfitting issues in the modeling process, 415 

particularly when a small dataset is used to train the models (Erdal and Karakurt, 2013; Barzegar et al., 416 

2019). Compared to neural networks, tree-based models have been shown to demonstrate improved 417 

generalization (Mihelich et al., 2020). However, the BA and AR-based learning algorithms decrease the 418 

predictive variance and/or bias of the base regressor result in decreasing the overfitting and improving the 419 

generalization. In a study by Mihelich et al. (2020), they concluded that BA can significantly enhance the 420 

generalization performance of the tree- and neural network-based ML models. 421 

Previous studies have shown that using hybrid ensemble models can reduce the error of standalone models. 422 

For example, Bui et al. (2020) showed that BA-based hybrid models [e.g., BA- RF, -M5P, - RT, and -423 

reduced error pruning tree (REPT)] improved the performance of individual models in predicting water 424 

quality indices. Omran et al. (2016) applied three ML models (e.g., multilayer perceptron, support vector 425 

machines, and Gaussian processes regression), four regression tree models (e.g., M5P, REPT, M5-Rules, 426 

and decision stump), and two hybrid methods (e.g., AR and BA) with each of the seven standalone models 427 

as base classifiers, to predict the compressive strength of concrete. They concluded that the hybrid 428 

algorithms improved prediction accuracy for the four regression tree models, but had less success with the 429 

other three ML predictive models. Accordingly, the current study concurs with the findings of Omran et al. 430 

(2016). 431 

As a model newly applied to forecasting problems, the ICO algorithm using an iterative base regressor (e.g. 432 

AMT) is capable of generating accurate multistep WL forecasts. Moreover, the ICO algorithm was shown 433 
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to be more accurate than the RT model in WL forecasting for the study sites. Differences in model 434 

performances were attributed to the different algorithms’ structures. Currently, no published study has used 435 

ICO for hydrological forecasting, making comparisons difficult; however, Pak and Teh (2016) did employ 436 

several ML algorithms for classification purposes, including ICO and RT. Their study indicated that the 437 

ICO algorithm performed better than the RT in their particular application, as it did in the current study’s 438 

specific application. Although several previous studies have used ML [e.g., ANN, ANFIS, gene expression 439 

programming (GEP) (Talebizadeh and Moridnejad, 2011; Kisi et al., 2012] and deep learning [e.g. LSTM 440 

(Zhu et al., 2020b)] for WL forecasting in different lakes, to the best of our knowledge, the lack of any 441 

published studies regarding hybrid ensemble forecasting models for lake WL forecasting makes a 442 

comprehensive comparison with the results of this study difficult. Moreover, there are limited works for 443 

ML-based water level forecasting in Lakes Michigan and Superior. In one of those rare studies, 444 

Altunkaynak (2014) established standalone fuzzy logic (FL) and multilayer perceptron (MLP) along with 445 

their wavelet-based hybrid model to forecast Michigan Lake WL up to 12 months ahead lead times (i.e. 446 

t+3, t+6, t+9 and t+12 time steps). In terms of RMSE, developed models for three months step ahead WL 447 

forecasting gave RMSE of 0.494 m for both standalone FL and MLP and RMSE of 0.139 and 0.136 m for 448 

wavelet-FL and wavelet-MLP models. Compared to the results of the current study, it is found that the 449 

models developed herein have higher accuracy than standalone models in Altunkayak (2014) in terms of 450 

RMSE. While the wavelet-based models appear to outperform the models presented herein, it is important 451 

to note that the wavelet based models in Altunkayak (2014) were developed using an approach that is 452 

inappropriate for real-world forecasting application (since the forecasts incorporate ‘future data’). Details 453 

on (how to address) the incorrect usage of wavelet-based ML models for forecasting can be found in Quilty 454 

and Adamowski (2018). Statistical (e.g. Advanced Hydrologic Prediction System (AHPS) (Andrew et al., 455 

2011)) and numerical (Process-Oriented Model (Fry et al., 2020)) models have also been used successfully 456 

to forecast WLs in both lakes. However, as indicated in the literature, these models have several 457 

disadvantages over the ML models (e.g. time consuming, restrictive assumptions, so on). The results of the 458 
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developed hybrid models in this study show that they can be used as accurate alternatives to these is better 459 

than those models. 460 

Lake WL forecasting could also be carried out using mechanistic models, focused on the causality of input–461 

output relationships (Baker et al., 2018). It has been frequently used for rainfall-runoff process, streamflow 462 

and river water level modeling (Lees, 2000; Romanowicz et al., 2008; Young et al., 2014; Smith et al., 463 

2014). However, ML models have several advantages over the mechanistic models. The mechanistic 464 

models use assumption and oversimplify those assumptions while there is no assumption in ML modeling 465 

to limit the usage of the ML. The mechanistic hydrological modeling should be a numerical representation 466 

of the hydrological catchment/basin that shows the catchment/basin dynamics adopting a minimum degree 467 

of model complexity recognized directly from the existing data (Smith et al., 2014). Therefore, it may not 468 

be able to model complex processes and may require a huge amount of data while ML models, particularly 469 

used algorithms in this study, can successfully simulate any linear/nonlinear complex relationships between 470 

input and output. 471 

The source of the uncertainty in machine learning models includes uncertainty in input data, model 472 

structure, parameters, and output. Although Petropoulos et al. (2018) successfully applied BA for exploring 473 

the uncertainty in time series forecasting, it is recommended to investigate the capability of the hybrid 474 

models used in the current study for uncertainty of hydrological time series forecasting. In Petropoulos et 475 

al. (2018), they suggested a bootstrap model combination strategy to deal with different sources of 476 

uncertainty. They concluded that bootstrapping can inherently address the data uncertainty. Also, model 477 

uncertainty can be considered by fitting various models to each bootstrap series. Even if a standalone model 478 

is recognized as the best over the different bootstraps, the various sets of the model’s parameters (estimated 479 

through this process) should be considered when generating model predictions, to reflect parameter 480 

uncertainty. 481 

7. Conclusions 482 
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The accurate forecasting of lake water levels (WLs) is important for sustainable water resources planning 483 

and management. Given the nonlinear behaviour of WL fluctuations in lakes with response to driving 484 

factors (rainfall, evaporation, etc.), machine learning (ML) algorithms are especially useful to generate 485 

accurate forecasts of such processes. Drawing upon data collected from Lakes Superior and Michigan, the 486 

present research evaluated, for the first time, novel hybrid ensemble ML algorithms by investigating the 487 

feasibility of newly introduced methods to forecast WLs. The ability to forecast multistep ahead [(WL(t+1), 488 

WL(t+2), and WL(t+3))] monthly lake WL using standalone ML algorithms (ICO (i.e. based on AMT as an 489 

iterative regressor) and RT), as well as ICO- and RT-based hybrid ensemble algorithms integrated with AR 490 

and BA models, was assessed. Prior to the modeling process, input time series data analysis was carried out 491 

to identify important time lags. Then, in order to find the most effective input variables for each step ahead 492 

lake WL forecasting, different input combinations were constructed. The models developed drew on these 493 

input variables and optimal model hyper-parameters (determined by trial-and-error). The performance of 494 

the developed models was assessed in terms of statistical metrics: R2, RMSE, MAE, RMSPE, MAPE, as 495 

well as KTAU and KGE. 496 

The statistics showed that the ICO-based models (single ICO and hybrid BA-ICO and AR-ICO) had better 497 

performance compared to RT-based models (both single and corresponding hybridized models) in WL 498 

forecasting for both lakes Michigan and Superior. All models developed for all time horizons for Lake 499 

Michigan had an excellent performance. In contrast, the performance of models for Lake Superior varied 500 

between unsatisfactory and excellent. All WL(t+1) forecasts for Lake Superior were excellent, whereas the 501 

standalone RT and the corresponding hybrid algorithms (BA-RT and AR-RT) showed unsatisfactory 502 

performances for WL(t+3) forecasting.  503 

Overall, hybrid ML techniques provided forecasts of greater accuracy than did standalone models. 504 

However, the performance enhancement of these hybrid algorithms differed for different forecast lead times 505 

and their performance was also tied to whether AR or BA algorithms were used. Based on the RMSPE and 506 

MAPE, the BA-ICO and AR-ICO improved their corresponding standalone ML models for WL(t+1), WL(t+2), 507 

and WL(t+3) forecasts of Lake Michigan WL more so than the other developed hybrid models. For Lake 508 
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Superior, the BA-ICO in WL(t+1) and WL(t+2) forecasting and BA-RT in WL(t+3) forecasting improved their 509 

corresponding standalone ML models more so than other developed hybrid models. Therefore, in order to 510 

obtain the best possible hydrological forecasts, examining different hybrid algorithms at all relevant 511 

forecast lead times is important. In general, the hybrid ensemble models provided better performance than 512 

the standalone models since they reduced forecast bias and variance by including the strengths of multiple 513 

models. This study also demonstrated that the ICO algorithm, as a novel algorithm in forecasting problems, 514 

offers great potential to produce accurate multistep WL forecasts.  515 
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