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ABSTRACT

Accurate river water-level forecasting supports flood risk mitigation and water-resource management in the Indus Basin
System, despite increased hydrological variability. This study proposes a hybrid multi-tier ensemble framework for daily
river-level forecasting that incorporates 13 heterogeneous machine learning (ML) and deep learning (DL) models from
the tree-based, kernel-based, neural network, and deep learning families, which are combined using Simple Averaging,
Inverse-RMSE, Adaptive Inverse-RMSE weighting, and stacking-based strategies. Lag-based feature engineering and
chronological TimeSeriesSplit validation maintained temporal relationships while preventing information leakage.
Support Vector Regression (SVR) and Extra Trees (ET) outperformed ML models, while GRU and LSTM dominated
DL architectures. The proposed hybrid ensemble outperformed the persistence benchmark, with an RMSE of 1.7621 m
and R"2 of 0.3012. Diebold-Mariano statistical testing verified the comparative forecasting ability with a rigorous
statistical significance assessment. Furthermore, the findings show that predicting accuracy increased only up to an ideal
ensemble size, after which additional models yielded declining benefits. Overall, the findings show that model diversity
and complementary learning characteristics have a greater impact on forecasting performance than increasing ensemble
size or using increasingly complex weighting strategies, resulting in a strong framework for operational river water -
level forecasting in data-scarce hydrological environments.

Keywords:Flood forecasting; River level prediction; Indus Basin; Hybrid machine learning; Deep learning; Ensemble
learning; Hydrological modeling; Water resources management

1. Introduction

Accurate river water-level forecasting is critical for flood risk mitigation, reservoir management, and long-term water
resource planning. The Indus Basin System (IBS) in Pakistan supports almost 18 million hectares of irrigated land, making
it the primary source of agricultural productivity and water supply (Ahmad 1994; Basharat and Rizvi 2016). The Himalaya-
Karakoram-Hindukush region’s glaciers and snowmelt contribute to the basin’s flow regime (Lutz et al. 2016). Recent
hydroclimatic changes, such as altered precipitation patterns, glacier retreat, and increasing flood frequency, have increased
the uncertainty and nonstationarity of river systems. This highlights the need for reliable forecasting approaches to support
timely water-management decisions (Khan et al. 2025).

Traditional hydrodynamic models are computationally intensive and require extensive calibration (Arico et al. 2016;
Elhanafy and Copeland 2007). Statistical models such as ARIMA and SARIMA are constrained by linear assumptions
(Kader et al. 2020; Al-Mansori et al. 2020; Tadesse and Dinka 2017; Agaj et al. 2024). River water-levels frequently
demonstrate considerable temporal persistence, making persistence forecasting a difficult standard for predictive models.
Previous research indicates that simple persistence forecasts can give extremely competitive short-term hydrological
predictions, especially in systems with considerable temporal autocorrelation (Ghimire and Krajewski 2020). As a result,
this work focuses on comparing ML, DL, and ensemble techniques to a persistent baseline.

Machine learning (ML) and deep learning (DL) algorithms have emerged as viable hydrological forecasting alternatives
due to their capacity to discover nonlinear relationships directly from data. Early applications of Artificial Neural Networks
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demonstrated good performance in rainfall-runoff modeling (Shamseldin 1997). Support Vector Regression enhanced
multi-scale streamflow prediction (Asefa et al. 2006). Random Forest (RF), Gradient Boosting (GB), Extra Trees (ET), and
Extreme Gradient Boosting (XGBoost) ensemble tree-based models have demonstrated robust predictive ability across
varied hydroclimatic situations (Abdoulhalik and Ahmed 2024; Khozani et al. 2025; Kumar et al. 2023). Deep learning
architectures including Recurrent Neural Networks (RNN), Long Short-Term Memory (LSTM), and Gated Recurrent Units
(GRU) improve forecasting performance by incorporating temporal relationships in hydrological time series (Kratzert et al.
2019). TCNs have been studied for their capacity to simulate complex temporal patterns using causal dilated convolutions
(Xu et al. 2021). Despite progress, individual models are nevertheless susceptible to noise, prone to overfitting, and typically
display reduced resilience under extreme hydrological circumstances (Khozani et al. 2025).

To address the limitations of individual forecasting models, hybrid and ensemble learning approaches have garnered
growing interest in hydrological forecasting (Ebtehaj and Bonakdari 2022). Ensemble frameworks, which include numerous
predictive models, can improve generalization capability and forecasting robustness under complicated hydroclimatic
conditions (Al-Sulttani et al. 2021). Because of their simplicity and interpretability, rule-based weighting methods such as
simple averaging and performance-based weighting have gained popularity. Recently, stacking-based meta-learning
approaches have shown promising results by learning optimal combinations of base learners through a secondary meta-
model (Chowdhury et al. 2025; Li et al. 2020). Hybrid machine learning and deep learning architectures have been
successfully employed to capture nonlinear and temporal correlations in hydrological processes (Workneh and Jha 2025;
Sunet al. 2022). Despite the growing popularity of hybrid and ensemble learning methods in hydrological forecasting, some
significant research gaps remain. Most studies prioritize predictive accuracy through increasingly complex ensemble
architectures, with limited attention to how ensemble size affects forecasting performance (Kumar et al. 2023; Workneh
and Jha 2025). It is unclear whether larger ensembles consistently improve forecasts or whether gains saturate beyond an
optimal configuration. Second, the role of model diversity in ensemble construction remains comparatively underexplored,
particularly for river water-level forecasting. Heterogeneous learning paradigms may capture complementary hydrological
behaviors more effectively than larger but redundant ensembles (Kumar et al. 2023; Khozani et al. 2025). Third, most
research analyze only one integration strategy—rule-based weighting, optimization-based aggregation, or stacking—
making it difficult to compare ensemble processes under a unified framework (Parasar et al. 2025; Chowdhury et al. 2025).
While stacking-based meta-learning has shown encouraging results (Chowdhury et al. 2025; Li et al. 2020), few research
systematically compare it to simpler, more interpretable rule-based weighing under identical validation conditions. These
gap require a unifying paradigm for assessing ensemble size, model diversity, and integration method in a consistent
experimental setting.

To overcome these gaps, this study investigates at hybrid ML-DL ensembles for daily river water-level forecasting in
Pakistan’s Jhelum River Basin. The study compares several forecasting models and ensemble integration methodologies to
see how ensemble size, model diversity, and aggregation mechanisms influence predictive performance. The study aims to
identify robust and economical forecasting algorithms capable of improving water resource management and flood risk
mitigation in complicated hydrological situations through a comprehensive comparative examination. The major
contributions of this study are summarized as follows:

1. A comprehensive benchmark of heterogeneous ML and DL models is established for daily river water-level
forecasting in the Jhelum River Basin.

2. Multiple ensemble integration strategies are systematically compared to identify effective approaches for improving
forecasting accuracy and robustness.

3. The influence of ensemble size on predictive performance is investigated to determine whether larger ensembles
consistently provide forecasting benefits.

4. The relationship between model diversity and ensemble effectiveness is examined, highlighting the importance of
complementary learning paradigms in hydrological forecasting.

5. In order to provide rigorous pairwise comparisons of predicted accuracy, the Diebold—Mariano (DM) test with
Newey-West HAC variance estimation and Holm-Bonferroni correction is used to evaluate the statistical
significance of forecasting improvements.

The remaining sections of this study are organized as follows. Section 2 outlines the study field, dataset, data preprocessing,
and proposed multi-tier ensemble methodology. Section 3 presents the findings of baseline model evaluation, hybrid
ensemble comparison, and statistical significance analysis. Section 4 examines the findings in the context of existing
literature, and Section 5 summarizes the work with recommendations for further research.
2. Methodology

The overall methodology adopted in this study is summarized in Figure 1, which outlines the end-to-end workflow from
data preprocessing through individual model training, ensemble construction, benchmarking, and final performance
evaluation. Each stage of this pipeline is described in detail in the following subsections.

‘ ! © SCOPUA Journal of Applied Statistical Research (JASR)- ISSN(e): 3104-4794 published by SCOPUA 19



Kernel-based
SVR

Independent

Tree-based Ereemble e Test
Data Construction vs. Per- .
on (Weighting sistence Exalaation
LR, (G, LB + Stacking) Stacking, (L bE,
I MAE, R2)
Neural Network
MLP,
E ELM. SLP
Deep Learning
LSTM. GRU,
RNN, TCN

Figure 1: Detailed pipeline showing the four model families feeding into ensemble construction, benchmarking, and final evaluation.
2.1 Study Area and Data Source

The dataset for this study comprises 3,896 daily river hydrological records obtained from the Jhelum River basin, as
maintained by WAPDA, Pakistan, and illustrated in Figure 2. The dataset includes daily water level, inflow, and outflow
parameters, continuously recorded from 2015 to 2025.
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Figure 2: Schematic map of the Jhelum River basin showing key locations from origin to confluence with the Chenab River.
The study focuses on the Jhelum River basin, a crucial hydrological resource, situated in the north-eastern region of Punjab,
Pakistan, within the geographical coordinates of (32.50°-33.30° N, 72.50°-73.90° E). The Jhelum River, a primary source
of snow and glacial melt for the Indus river system, originates at the Verinag spring and extends approximately 735 km
before merging with the Chenab River at Trimmu. The basin exhibits a complex hydrological climate, encompassing
mountain ranges reaching 6000 m, transitioning to a semi-arid zone below 200 m in elevation. It also features a combination
of western disturbance snowfalls, glacial runoff, and monsoon activity, with the hydrological point of divergence established
at Mangla Reservoir (33.13° N, 73.65° E), a key basin for hydropower and irrigation within Pakistan’s hydrops scheme.
2.2 Data Preprocessing
Prior to model formation, the hydrological dataset was subject to a comprehensive preprocessing approach to assure data
quality, create informative predictors, reduce temporal dependence, and establish a rigorous validation framework
appropriate for time-series forecasting. The preparation steps included data quality management, temporal dependence
analysis, first-order differencing, lag-based feature engineering, predictor selection, and chronological validation design.
2.3 Data Quality Control and Descriptive Analysis
The hydrological observations were examined for missing values, duplicate records, physically implausible data, sudden
sensor spikes, and temporal discrepancies. No missing observations were found in the dataset. However, during the
exploratory study, a small number of aberrant data related to measurement noise and recording inconsistencies were
discovered. These observations were rectified using local temporal interpolation based on surrounding observations in order
to retain hydrological continuity and physically realistic transitions within the time series.
Following quality control, the final dataset included 3,896 daily observations from January 2015 to August 2025. This
study’s Jhelum River water-level series is summarized in Table 1, which includes descriptive statistics.
Table 1: Descriptive statistics of the Jhelum River water-level series

Statistic Value
Observations 3,896

Period Jan 2015-Aug 2025
Missing values 0

Mean (m) 1161.5

Standard deviation (m) | 47.0

Minimum (m) 1046.5
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Statistic Value
25th percentile (m) 1123.6

Median (m) 1166.0
75th percentile (m) 1199.4
Maximum (m) 1242.0

To prevent information leakage, all preprocessing processes were carried out using data accessible prior to prediction.
Feature-scaling parameters were computed solely from training data and then applied to validation and testing subsets.

2.4 Temporal Dependence Analysis and First-Order Differencing

Exploratory analysis demonstrated extremely high persistence and autocorrelation within the initial water-level series,
which is typical of regulated river systems, influenced by basin storage effects and delayed hydrological response processes.
To assess temporal dependence, the Autocorrelation Function (ACF), Partial Autocorrelation Function (PACF), and
Spearman rank correlation analyses were used. The findings showed extraordinarily great persistence over both short- and
medium-term lag periods. Table 2 shows that correlation coefficients exceeded 0.99 for short lags and remained over 0.90
even after a 21-day lag, showing significant hydrological memory within the Jhelum River system.

Table 2: Spearman rank correlation coefficients between river water-level and lagged observations

Lag (Days) | Spearman Correlation (p) | p-value
1 0.9995 < 0.001
2 0.9986 < 0.001
3 0.9970 < 0.001
5 0.9925 < 0.001
7 0.9861 < 0.001
14 0.9526 < 0.001
21 0.9058 < 0.001

Such strong persistence can boost forecasting performance by allowing models to rely on serial dependence rather than
learning hydrological dynamics. Thus, first-order differencing was applied.

Ay =yt = Y1 1)
where y, denotes the observed water-level at time step t. Moreover, transforming the forecasting task from predicting
absolute water levels to predicting daily water-level changes. Consequently, all ML, DL, and ensemble models were trained
and evaluated in first-difference space. Under this formulation, the persistence benchmark assumes no daily change, such
as:

Ay, =0 (2)
Persistence has been chosen as the primary benchmark, with models required to surpass the naive assumption of zero percent
daily change. Evaluation in the first-difference space decreases performance inflation induced by great hydrological
persistence, allowing for a more accurate assessment of model generalization. Figure 3 shows the appropriate ACF and
PACF plots.
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(b) Partial Autocorrelation Function (PACF)

104+ — ACF/PACF value

—#— Selected lag features (1,2,3,5,7,14,21)

95% confidence band
[1X:]

0.6 1
0.4

0.2 1

Correlation Coefficient

N
l
-0.2 T T T T T T T T
0 5 10 15 20 25 30 35 40
Lag (Days)

Figure 3: Autocorrelation Function (ACF) and Partial Autocorrelation Function (PACF) of the Jhelum River water-level series
showing strong temporal dependence and persistence across multiple lag horizons
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2.5 Lag-Based Feature Engineering and Predictor Selection
A multi-scale lag embedding framework was developed using the persistence structure discovered by the ACF, PACF, and
Spearman correlation analyses. Lag periods of 1, 2, 3, 5, 7, 14, and 21 days were chosen to capture both short-term
hydrological response, weekly persistence patterns, and long-term basin memory effects. The resulting predictor vector is
defined as

Xt = [AYt-1,AY-2,8Y¢-3,8Y¢-5,8Y¢-7,AY 114, AY¢-21] 3
where Ay, represents the first-differenced water-level series.
In addition to lagged predictors, the available hydrological variables, including Jhelum inflow, Jhelum outflow, and Chenab
inflow, were evaluated using Spearman rank correlation analysis. The results are presented in Table 3.
Table 3: Spearman rank correlation between river water level and available exogenous variables

Variable Spearman Correlation (p) | p-value
Jhelum Inflow | 0.1245 < 0.001
Jhelum Outflow | 0.0754 < 0.001
Chenab Inflow | 0.4661 < 0.001

The findings show that the temporal information included in lagged water-level data is significantly stronger than that
provided by the available exogenous variables. Even the 21-day lag maintained a correlation coefficient greater than 0.90,
while the best external predictor (Chenab inflow) had a correlation coefficient of only 0.466. Consequently, lagged water-
level measurements were chosen as the major predictor set for model construction. This finding implies that the predictive
information included in the historical water-level series is significantly stronger than that provided by the exogenous factors.
As a result, integrating weakly linked external factors was unlikely to increase forecasting accuracy and may contribute
more noise into the learning process.

This univariate lag-based framework allows for a focused examination of predicting effectiveness while minimizing any
discrepancies caused by meteorological and hydroclimatic variables that were not available at consistent daily resolution
throughout the study period.

Chronological Validation Framework

To maintain temporal causality and prevent information leaking, the dataset was divided chronologically into training (80%;
3,117 observations) and independent testing (20%; 779 observations) subsets, with the test set containing the latest
observations.

Random K-fold cross-validation is not suitable for time-series forecasting because it violates temporal ordering and yields
overly optimistic performance estimates. A five-fold expanding-window TimeSeriesSplit framework was used for training
data. In each fold, training observations came before validation observations, maintaining chronological consistency.

The resulting Out-of-Fold (OOF) predictions were then used for ensemble creation and model comparison, with the
independent holdout test set reserved solely for final evaluation. This historical validation approach allows for an unbiased
assessment of predicting performance under realistic operational situations while preventing information leakage. Figure 4
shows the adopted train-test partitioning and TimeSeriesSplit technique. This study used a chronological train-test
partitioning and TimeSeriesSplit-based validation technique, as illustrated in Figure 4.

Raw Hydrological Data Quahty Descriptive Temporal Dependence First-Order
Data (2015-2025) Control Statistics &EDA | | ACF/PACF/Spearman Differencing

Y

Lag Feature Exogenous Variab]e Predictor §0/20 Chronological

Engineering Assessment Selection Train-Test Split
Figure 4: Overview of the data preprocessing framework.

2.6 Base Learners Architectures (Tier-1)

Tier-1 of the proposed framework encompasses a wide range of ML and DL models that are used as base learners to

effectively model the nonlinear, nonstationary, and multi-scale nature of river water-level processes. Each base learner is

trained on the same input feature vector X, and generates a separate prediction j, ; at time step ¢, where j = 1,2, ..., M

represents the base learner index and M denotes the total number of base models. The incorporation of different model

architectures promotes complementary learning of hydrological processes, thus improving the diversity of the base learner
predictions and, in turn, the efficacy of the ensemble integration process.

TimeSeriesSplit
CV (5 Folds)
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2.6.1 Tree Based and Boosting Models

The tree-based learning category includes DT, RF, ET, GB, and XGBoost. Although these algorithms internally rely on
ensemble of decision trees. Classifying them into individual learners within the context of this study’s multi-tier framework
is necessary for diversity(Kedam et al. 2024). Boosting-based models, such as GB and XGBoost, learn predictive functions
in an additive fashion by iteratively solving for a weak learner to fit the residual of the previous iteration. At the mt" iteration,
the loss function is optimized by solving the following regularized loss function:

£ =38 £ (ye 3"+ fn(X0) + QFm), (4)
where y; is the observed river water level at time step t, 37t(m_1) is the aggregated prediction from the previous boosting

iteration, f,,(-) is the newly introduced weak learner, £(-) is the loss function, and Q(-) is the regularization term that
regulates model complexity and prevents overfitting(Kedam et al. 2024). The additive learning process allows boosting
models to improve their prediction accuracy through the correction of residual errors at each iteration.

2.6.2 Kernel-Based and Shallow Neural Networks

Support Vector Regression (SVR) and simple neural network models were employed as the complementary base models to
address the nonlinear input-output relationships in river water-level dynamics(Asefa et al. 2006). The SVR maps the input
feature vector of the example, for instance, X;, a high-dimensional feature space with the help of kernel functions and
determines an optimal regression hyperplane by minimizing a regularized e-insensitive loss function. The problem of the
SVR optimization is stated as:

Jnin S 0w I+ CIL (& + £, 5)
ye— WTopX) +b) <e+&, (6)
WX +b) -y <e+if, ()

where W is weight vector, b is bias term ,¢ (+) nonlinear mapping feature, C regularization parameter.
A Multi-Layer Perceptron (MLP) model was also utilized to approximate nonlinear hydrological relationships through
layered nonlinear transformations (Shamseldin 1997). The hidden layer activation for a single-layer network is defined as:
H,=oc(WX;+b) (8)
in which W weight vector, b is bias term and o (-) nonlinear activation function.
ELM is a fast learning neural baseline where the output weights are computed analytically (Kedam et al. 2024). The output
matrix is as:
B=H'y 9
where H representing the hidden-layer output matrix, HT is Moore-Penrose pseudoinverse.
2.6.3  Recurrent and Temporal Deep Architectures
The forecasting of hydrological time series relies on prior values, contingent on the degree of persistence (memory).
Recurrent Neural Networks (RNNs) facilitate this through feedback loops. Generalized RNNs can transmit input in either
direction, to and from all layers. Consequently, the network’s output depends not only on external input but also on its state
from the previous time step. However, RNNs were employed to capture short-term autoregressive relationships as:
ht = G(Whht—l +UpX, + bh) (10)
where h; is the hidden state at time t,X; is input vector and W, Uy, is weight matrix.
The Long Short-Term memory (LSTM) network model is a kind of recurrent neural network (RNN) where the standard
hidden layer is replaced by a memory component consisting of an input gate, an output gate, a memory cell, and a forget
gate. The input gate is used to decide which information should enter the memory cell state, and the forget gate is used to
decide which information should be erased from the memory cell state (Kratzert et al. 2018). LSTMs build on the above
formulation by adding a series of gates that aim to keep long-term hydrological memory and avoid the problem of vanishing
gradient effects (Bengio et al. 1994). The update of the memory cell is given by:

ft = G(tht—l + Uth + bf) (11)

it = O-(Wiht—l + UiXt + bL) (12)

C=fi ©C_q+ iy ©tanh(W.hy_y + U X+ b,) (13)
o = o(Wohi—q1 + UpXy + by) (14)

h; = o, © tanh(C;) (15)

where f;, i¢, o, denotes forget, input and output gate respectively, and C; the memory cell state.
The Gated Recurrent Unit (GRU) was introduced by Cho et al. [2014] to enable each recurrent unit to adaptively learn
dependencies on different time scales. Like the LSTM unit, the GRU also has gating units controlling the flow of information
within the unit, but without the need for memory cells (Chung et al. 2014).
zi =0(W,h;_q +U,X;+b,) (16)
1y = o(Wrhe—y + UpXe + by) 17)
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he = tanh(Wy, (r; © he—1) + UpX¢ + bp) (18)
he=(1—2z)Ohey +2, Ohy) (19)
where z, and r, denote the update and reset gates, respectively.
Temporal Convolutional Networks (TCN) were used in order to learn temporal patterns by means of causal dilated one-
dimensional convolutions with no recurrent feedback (Xu et al. 2021). The convolutional operation can be defined as: what
allows the processing sequence in parallel, with time causality.
hs =% fi- *s-q, (20)
where k denotes the kernel size, f; represents convolutional filter weights, and d; denotes the dilation factor that controls
the receptive field size.
2.7 Hybrid Ensemble Framework (Tier-11)
Tier-I1 of the proposed framework is to improve forecasting performance and investigate the influence of ensemble size and
model diversity, a hybrid ensemble framework was developed by combining predictions from the heterogeneous ML and
DL base learners described in Tier-1. Let J; ; denote the prediction of the j-th base learner at time step ¢, where j =
1,2,...,M and M represents the number of ensemble members. The ensemble prediction is obtained as
yrt=Y+j=1"wy,; (21)
subject to:
Yliwi=1  w;=0. (22)
Three deterministic weighting techniques were investigated to aggregate the base learners’ predictions: Simple Averaging,
Inverse-RMSE Weighting, and Adaptive Inverse-RMSE Weighting. These methods were chosen because they are
computationally efficient, interpretable, and appropriate for the systematic study of ensemble saturation behavior.
2.7.1 Simple Averaging
Simple averaging assigns equal importance to all ensemble members and is defined as

~ 1 . ~
yrt=1%+j=1"y,; (23)

2.7.2 Inverse-RMSE Weighting

Inverse-RMSE weighting assigns larger weights to models with lower validation errors. The weights are computed as
1/RMSE;

I, (1/RMSEy,)

and the final prediction is
yrt=Yxj=1"w;y,;. (25)
2.7.3 Adaptive Inverse-RMSE Weighting

To further emphasize high-performing models while penalizing weaker learners, an adaptive weighting strategy based on

exponential error decay was adopted. The ensemble weights are calculated as
exp(—RMSEj)

T XM | exp(—RMSEy)

Wj (26)

and the final ensemble prediction is

yrt=Yx*j=1"w;y,;. (27)
where RMSE; denotes the validation RMSE of the j-th base learner. This adaptive scheme increases the influence of highly
accurate models while reducing the contribution of poorly performing ensemble members.
To investigate ensemble saturation effects, ensemble sizes ranging from two-model compact ensembles to full
heterogeneous ensembles were systematically evaluated under all three weighting strategies.
2.8 Benchmark Models for Comparative Evaluation (Tier-111)
To provide a rigorous assessment of the proposed hybrid ensemble framework, two benchmark approaches were considered:
a persistence forecasting model and a stacking-based ensemble framework. These benchmarks represent widely used
reference approaches in hydrological forecasting and ensemble learning.
2.8.1 Persistence Baseline
Persistence forecasting was chosen as the primary baseline model since all machine learning and deep learning models were
trained on the first-differenced river water-level dataset. Persistence assumes no future change in water-level, resulting in
the equation:

Ay, =0 (28)
where Ay, represents the expected change in water level at time step t. Persistence forecasting is a useful benchmark since
any improvement above this baseline suggests that the forecasting model has retrieved predictive information beyond simple
temporal dependency and autocorrelation (Ghimire and Krajewski 2020).
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2.8.2 Stacking-Based Ensemble Benchmark

In addition to persistence forecasting, stacking-based ensemble architecture was used as a comparison tool. Stacking
combines the predictions of numerous base learners using a secondary learning process known as a meta-learner. To prevent
information leaking, Out-of-Fold (OOF) predictions provided by the TimeSeriesSplit validation technique served as meta-
features.

Let y,; represent the prediction of the jth base learner at time step ¢, with j = 1,2,..., M. The meta-feature vector is
defined as:

Zxt=[y*t,1,yxt,2,..,.y*t,M] (29)
The final stacked prediction is obtained as
y «t = f + meta(Z;), (30)
where f,...a(-) denotes the meta-learning algorithm.
2.8.2.1 Ridge Regression Meta-Learner
Ridge Regression was used as a linear meta-learner because it can reduce multicollinearity between base-model predictions.
The optimization problem is represented as:

mﬂinly—Zﬁlﬁ + 11813, (31)

where Z denotes the OOF prediction matrix, y represents the observed target values, g is the coefficient vector, and A is the
regularization parameter.

2.8.2.2 Gradient Boosting Regressor Meta-Learner

To describe nonlinear interactions between base-model predictions, a Gradient Boosting Regressor (GBR) was used as a
nonlinear meta-learner. The boosting procedure is described as:

Fin(Z) = Fi-1(Z) + Ymhm(Z) (32)
where h,,, (+) represents the weak learner fitted at iteration m, and y,, is the learning rate. GBR can capture higher-order
nonlinear interactions among base learner predictions through iterative residual correction (Friedman 2001).

The stacking framework serves as a reliable ensemble-learning baseline against which the suggested rule-based hybrid
ensemble techniques are compared.

2.9 Performance Evaluation

In this study, MAE, RMSE, and R? are used as statistical tools to judge the predictive accuracy of models. MAE denotes
the average absolute difference between observed and predicted values, RMSE denotes the spread of prediction error, and
R? denotes the goodness of fit of the simulated to observed series values. If MAE and RMSE are low suggesting the better
performance where R? has a value between 0 and 1 and close to 1, indicate good performance (Parasar et al. 2025). The
evaluation metrics are as followed:

1 ~

RMSE = \/;Z{Ll(yt —¥y)? (33)
1 "

MAE = ﬁZ?’:lb’t — Vel (34)

Rz =1— thvzl(yt_j}t)z (35)

Z{:V:l(yt_y)Z
where y; and 9, denote the observed and predicted river water levels at time step t, respectively; N represents the total
number of test samples, and y denotes the mean of observed values. In addition to this, the predictive accuracy of different
models was checked for statistical significance by using the Diebold-Mariano test.

DM =2
where d represents the mean loss differential between two forecasting models, 62 denotes the estimated long-run variance
of the loss differential series, and T is the number of forecast observations. The DM test evaluates the null hypothesis of
equal predictive accuracy between two competing models and provides a rigorous statistical basis for model comparison.
The DM test has its theoretical footing by Diebold and Mariano (1995).

3. Results

(36)

3.1 Hyperparameter Configuration

To ensure a fair and reproducible comparison of all forecasting methods, fixed hyperparameter values were used throughout
the study. All ML, DL, and ensemble models were trained with the same preprocessing framework, chronological data
segmentation technique, and TimeSeriesSplit cross-validation method. Hyperparameters were chosen through exploratory
testing and then held constant throughout all model assessments. Tables 4, 5, and 6 provide a summary of the final settings
used in this study.

‘ ! © SCOPUA Journal of Applied Statistical Research (JASR)- ISSN(e): 3104-4794 published by SCOPUA 25



Table 4: Hyperparameter configuration of ML models

Model Parameter Value

RF Number of Trees, Max Depth, Min Samples Split 100, 10, 10

ET Number of Trees, Max Depth, Min Samples Split 100, 10, 10

GB Trees, Learning Rate, Max Depth, Subsample 100, 0.05, 5, 0.70

XGBoost | Trees, Max Depth, LR, Subsample, Col Sample, L1, L2 | 100, 6, 0.05, 0.70, 0.70, 0.10, 1.00

SVR Kernel, C, e, Gamma RBF, 1.0, 0.10, Scale

MLP Hidden, Activation, Optimizer, a, Iterations (64,32), ReLU, Adam, 0.01, 300

ELM Hidden Neurons, a 30, 0.10

SLP Regression Type, a Ridge, 5.0

DT Max Depth, Min Samples Split 5,15

Table 5: Hyperparameter configuration of DL models

Model Parameter Value
LSTM Hidden, Dropout, Recurrent Dropout, L2, Learning Rate (128, 64), 0.30, 0.20, 10*, 0.001
GRU Hidden, Dropout, Recurrent Dropout, L2, Learning Rate (96, 48), 0.30, 0.20, 10, 0.001
RNN Hidden, Dropout, Recurrent Dropout, L2, Learning Rate (64, 32), 0.30, 0.20, 10, 0.0005
TCN Filters, Kernel Size, Dilation, Dropout, L2, Learning Rate 64, 3, (1, 2, 4), 0.20, 10, 0.0005
Training | Batch Size, Epochs, Early Stopping Patience, LR Reduction Patience | 32, 300, 20, 10

Table 6: Hyperparameter configuration of ML models

Method Parameter Value

Simple Average Weighting Equal

Inverse-RMSE Weighting RMSE-Based

Adaptive Inverse-RMSE Weighting Exponential RMSE

Ridge Stacking Meta-Learner, o, Training Data Ridge, 5.0, OOF

GBR Stacking Meta-Learner, Trees, Learning Rate, Max Depth, Subsample | GBR, 100, 0.05, 3, 0.80
Cross-Validation Validation Strategy TimeSeriesSplit, 5 Folds, Chronological

The ensemble and stacking approaches were trained using OOF predictions generated through five-fold TimeSeriesSplit
validation. This strategy preserves temporal ordering and prevents information leakage during model training. The resulting
OOF predictions were subsequently used as validation predictions for the weighting-based ensembles and as meta-features
for the stacking models. Consequently, all forecasting approaches were evaluated under identical experimental conditions,
enabling a fair assessment of the influence of weighting strategy, model diversity, and ensemble size on forecasting
performance.

3.2 Performance of ML Models

Table 7 summarizes the OOF validation and independent test performance of the ML models. The OOF measures were
acquired using the five-fold TimeSeriesSplit framework, whereas the test metrics were computed using the independent
holdout dataset. All models were trained and tested in the first-difference space.

Table 7: Performance comparison of ML models of different families

Model OOF Validation Independent Test Set
RMSE MAE R? Corr RMSE MAE R2 Corr
ET 1.197 0.619 0.269 0.627 1.797 0.44 0.271 0.523
XGB 1.212 0.647 0.25 0.613 1.806 0.454 0.264 0.514
RF 1.209 0.638 0.254 0.629 1.877 0.462 0.205 0.47
GB 1.229 0.639 0.229 0.62 1.924 0.466 0.164 0.437
DT 1.232 0.668 0.226 0.616 2.016 0.512 0.083 0.382
SVR 1.019 0.56 0.311 0.683 1.788 0.361 0.278 0.546
MLP 1.209 0.635 0.253 0.631 2.177 0.495 -0.07 0.299
ELM 1.199 0.633 0.266 0.62 2.48 0.522 -0.388 0.166
SLP 1.223 0.68 0.236 0.58 2.238 0.516 -0.131 0.232

SVR produced the lowest RMSE (1.788 m), highest correlation coefficient (0.546), and highest coefficient of determination
(R? = 0.278) among all ML approaches, demonstrating the best generalization performance on the independent test
dataset. SVR’s better performance suggests that nonlinear interactions in the differenced hydrological series were well
captured by kernel-based learning.

Strong forecasting ability was also shown by the ensemble tree-based systems. ET scored second on the test dataset (R? =
0.271) and had the greatest OOF validation performance (R? = 0.269), closely followed by XGBoost (R = 0.264).
The steady performance of ET, XGBoost, and RF indicates that ensemble tree-learning techniques can efficiently take
advantage of nonlinear interactions between lagged river-level observations while retaining strong generalization
capabilities. The advantages of variance reduction and enhanced resilience attained through ensemble tree-learning
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techniques were highlighted by the single-tree DT model’s significantly worse predictive performance compared to its
ensemble equivalents. On the independent test dataset, the shallow neural models (MLP, ELM, and SLP) also showed a
significant decline in performance. These models showed negative test-set R? values, indicating weak generalization power
and possible overfitting to the training period, even though they achieved competitive OOF validation scores.

Overall, the findings indicate that the best individual ML techniques for predicting daily river water-level changes in first-
difference space are kernel-based and ensemble tree-based approaches.

3.3 Performance of DL Models

Table 8 presents the OOF validation and independent test performance of the deep learning architectures.

Table 8: Performance comparison of DL models

Model | OOF Validation Independent Test Set

RMSE | MAE R? Corr RMSE | MAE R? Corr
LSTM | 1.2897 | 0.8152 | 0.1544 | 0.5093 | 1.9319 | 0.7216 | 0.1594 | 0.4008
GRU 1.3043 | 0.8226 | 0.1352 | 0.4738 | 1.9166 | 0.7068 | 0.1727 | 0.4189
RNN 1.4663 | 1.0245 | -0.0929 | 0.3287 | 2.0507 | 0.9840 | 0.0529 | 0.2586
TCN 1.3362 | 0.8719 | 0.0923 | 0.5154 | 1.9972 | 0.8460 | 0.1016 | 0.3675
With the lowest RMSE (1.917 m), greatest R? value (0.173), and strongest correlation coefficient (0.419) among the DL
architectures, GRU demonstrated the best overall prediction performance on the independent test dataset. The better
performance of GRU indicates that, while keeping a relatively compact design, its gating mechanism successfully captured
the short- and medium-term temporal dependencies found in the differenced river-level series.

With an RMSE of 1.932 mand R? of 0.159, LSTM demonstrated similar performance. First-order differencing significantly
diminishes long-range persistence within the original water-level series, so even though LSTM is especially made to
maintain long-term temporal memory, its benefit seems limited in the current forecasting challenge. As a result, LSTM’s
extra memory capacity does not result in appreciable speed improvements over GRU. The TCN model demonstrated a
respectable level of predictive ability, surpassing the traditional RNN but falling short of both GRU and LSTM. Although
TCN was able to effectively capture local temporal patterns through the use of causal dilated convolutions, its capacity to
describe intricate hydrological connections was still rather restricted.

In both the validation and testing stages, the traditional RNN consistently yielded the worst results. Its decreased explanatory
power and poorer correlation coefficients suggest that developing stable temporal representations is challenging. This
behavior is in line with the established drawbacks of conventional recurrent architectures, such as diminished capacity to
capture longer temporal relationships and vanishing-gradient effects.

The best ML models (SVR, ET, and XGBoost) beat all deep learning architectures on the independent test dataset, according
to a comparison between Tables 7 and 8. This result implies that well-designed machine learning algorithms offer better
representations of daily river-level changes than standalone deep learning models for the available dataset size and
forecasting horizon.

3.4 Graphical Performance Assessment Using Taylor Diagrams

Taylor diagrams give a thorough graphical evaluation by concurrently summarizing correlation, normalized standard
deviation, and centred Root Mean Square Error (cCRMSE), whilst traditional performance metrics offer guantitative
measures of forecasting accuracy. Better predicting ability is indicated by models that are closer to the reference observation
because they show higher agreement with the observed series.

3.4.1 ML Models

Figures 5 and 6 present the Taylor diagrams for the machine learning models during the OOF validation and independent
testing phases, respectively.
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Taylor Diagram - Tree-Based Models (OOF Train, Difference Space) Taylor Diagram - Tree-Based Models (Test Set, Difference Space)
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Figure 5: Taylor diagram comparison of tree-based ML models in first-difference space
Taylor Diagram - Neural / Kernel Models (OOF Train, Difference Space) Taylor Diagram - Neural / Kernel Models (Test Set, Difference Space)
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Figure 6: Taylor diagram comparison of nn-based ML models in first-difference space
The OOF and test Taylor diagrams show that ET and XGBoost regularly occupy the spots closest to the reference
observation, implying better representation of observed variability and reduced centered prediction errors. ET had the lowest
cRMSE and one of the greatest correlation coefficients among the tree-based techniques, demonstrating its strong
generalizability. RF showed slightly weaker agreement with the observed series, but GB and DT had higher cRMSE values
and smaller correlations.
According to Fig 6, SVR is the strongest individual ML NN model based on test-set RMSE and R2. Overall, the Taylor-
diagram study indicates that ET and XGBoost are the most resilient tree-based learners, with SVR remaining the greatest
overall ML benchmark.
3.4.2 DL Models
Figures 7 and 8 illustrate the Taylor diagrams for the deep learning architectures during OOF validation and independent
testing.
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Taylor Diagram - Deep Learning Models (OOF Train, Difference Space) Taylor Diagram - Deep Learning Models (Test Set, Difference Space)
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Figure 7: Taylor diagram comparison of DL models in first-difference space
The DL Taylor diagrams show that GRU and LSTM remain closest to the reference observation throughout the validation
and testing phases. Their substantially greater correlations and lower cRMSE values suggest that they are better at capturing
short- and medium-term temporal dependencies than the typical RNN design. Table 5 shows that GRU outperforms LSTM
on the independent test dataset by a small margin.
The TCN model obtained intermediate performance, demonstrating that causal convolutional structures can effectively learn
local temporal patterns but are less competitive than gated recurrent architectures in the current forecasting challenge. In
contrast, the standard RNN continuously occupies the most distant position from the reference observation, indicating a
worse correlation, less variability representation, and bigger prediction errors.
Overall, the Taylor-diagram analysis matches the numerical findings, indicating that GRU and LSTM are the strongest
individual DL models, whereas RNN has the lowest predictive performance of the architectures tested.
3.5 Ensemble Saturation and Weighting Strategy Analysis
This section looks at the impact of ensemble size and weighting approach on forecasting performance. Three ensemble
types were tested: ML, DL, and hybrid ML-DL ensembles. Simple averaging, inverse-RMSE, and adaptive inverse-RMSE
weighting schemes were used for each category to determine whether increasing model diversity continuously improves
forecasting accuracy or if there is a saturation point beyond which adding more models is deleterious.
3.6 ML Ensemble Analysis
Table 9: Performance comparison of hybrid ML ensemble configurations under different ensemble sizes and weighting strategies on
the independent test dataset.
Size Models Weighting | RMSE | MAE R2 Corr
Top-2 | SVR+ET Simple 1.7797 | 0.4329 | 0.2963 | 0.5363
Inverse 1.7780 | 0.4322 | 0.2965 | 0.5364
Adaptive 1.7696 | 0.4320 | 0.2983 | 0.5464
Top-3 | SVR+ET+XGB Simple 1.7962 | 0.4481 | 0.2877 | 0.5360
Inverse 1.7862 | 0.4478 | 0.2878 | 0.5387
Adaptive 1.7761 | 0.4468 | 0.2879 | 0.5391
Top-4 | SVR+ET+XGB+RF Simple 1.8044 | 0.4639 | 0.2731 | 0.5242
Inverse 1.7937 | 0.4626 | 0.2737 | 0.5248
Adaptive 1.7829 | 0.4613 | 0.2743 | 0.5254
Top-5 | SVR+ET+XGB+RF+GB Simple 1.8272 | 0.4756 | 0.2545 | 0.5073
Inverse 1.8155 | 0.4763 | 0.2560 | 0.5086
Adaptive 1.8038 | 0.4771 | 0.2573 | 0.5098
Top-6 | SVR+ET+XGB+RF+GB+DT Simple 1.8433 | 0.4747 | 0.2330 | 0.4885
Inverse 1.8397 | 0.4743 | 0.2359 | 0.4910
Adaptive 1.8302 | 0.4739 | 0.2389 | 0.4935
Top-7 | SVR+ET+XGB+RF+GB+DT+MLP Simple 1.8811 | 0.4751 | 0.2012 | 0.4621
Inverse 1.8730 | 0.4747 | 0.2081 | 0.4677
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Adaptive | 1.8651 | 0.4744 | 0.2147 | 0.4731
Top-8 | SVR+ET+XGB+RF+GB+DT+MLP+SLP Simple 1.9178 | 0.4751 | 0.1697 | 0.4353
Inverse 1.9053 | 0.4752 | 0.1805 | 0.4439
Adaptive | 1.8932 | 0.4714 | 0.1909 | 0.4524
Full SVR+ET+XGB+RF+GB+DT+MLP+SLP+ELM | Simple 1.9658 | 0.4765 | 0.1276 | 0.4034
Inverse 1.9445 | 0.4761 | 0.1464 | 0.4174
Adaptive | 1.9244 | 0.4760 | 0.1640 | 0.4309

Table 9 summarizes the performance of the ML ensembles, while Figures 8 and 9 illustrate the corresponding saturation
behavior and bootstrap performance distributions.
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Figure 8: Machine learning ensemble saturation analysis showing the influence of ensemble size on RMSE and R? under different
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Figure 9: Bootstrap distribution of machine learning ensemble performance across different ensemble sizes and weighting strategies
The data show a definite saturation effect. The Adaptive Top-2 Ensemble (SVR+ET) had the best performance, with RMSE
=1.7696 mand R? =0.2983. As more low-performing models were added, performance declined, demonstrating that model
selection is more important than ensemble size in determining ensemble quality. Although adaptive weighting generally
delivered the best results, the gains over basic and inverse-RMSE weighing were modest.

e In the ideal ML ensemble, just two models (SVR+ET) were used. However, forecasting accuracy gradually

decreased beyond the top-2 configuration.
e Ensemble composition had a significantly greater influence than weighting strategy.
e Adaptive Inverse-RMSE weighting was the most successful deterministic aggregation method.

3.7 DL Ensemble Analysis

Table 10 and Figures 10-11 present the performance of the DL ensemble configurations.
Table 10: Performance comparison of hybrid DL ensemble configurations under different ensemble sizes and weighting strategies on

the independent test dataset.

Size Combination Weighting | RMSE | MAE R? Corr

Size-2 | GRU+TCN Simple 1.9015 | 0.6544 | 0.1856 | 0.4450
Inverse 1.9007 | 0.6524 | 0.1864 | 0.4459
Adaptive | 1.8999 | 0.6506 | 0.1870 | 0.4468

Size-3 | LSTM+GRU+TCN Simple 1.8962 | 0.6357 | 0.1902 | 0.4475
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Size Combination Weighting | RMSE | MAE R? Corr

Inverse 1.8962 | 0.6351 | 0.1902 | 0.4475
Adaptive | 1.8961 | 0.6345 | 0.1903 | 0.4476
Full LSTM+GRU+RNN+TCN | Simple 1.9089 | 0.7015 | 0.1793 | 0.4430
Inverse 1.9082 | 0.6996 | 0.1800 | 0.4436
Adaptive | 1.9074 | 0.6977 | 0.1806 | 0.4441
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Figure 10: DL ensemble saturation analysis showing the influence of ensemble size on RMSE and R? under different weighting
strategies. The horizontal dashed line represents the best individual model (SVR)
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Figure 11: Bootstrap distribution of DL ensemble performance across different ensemble sizes and weighting strategies
The DL ensembles had a weaker saturation pattern. The Adaptive LSTM+GRU+TCN ensemble outperformed other
ensembles (RMSE = 1.8961 m; R? = 0.1903) as the size increased. However, using all four DL models resulted in lower
forecasting accuracy, indicating that excessive architectural redundancy limits ensemble efficacy.
e The optimal DL ensemble included three models: LSTM, GRU, and TCN. Moderate diversity across recurrent and
convolutional architectures increased predicting performance.
e Larger DL ensembles provide minimal extra predictive information.
e Similar to ML ensembles, adaptive weighting produced the best results.
3.8 Hybrid ML-DL Ensemble Analysis
Table 11 and Figures 12-13 present the performance of the DL ensemble configurations.
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Table.11. Performance comparison of hybrid ML-DL ensemble configurations under different ensemble sizes and weighting
strategies on the independent test dataset.

Size Combination Weighting RMSE | MAE R? Corr
Size-2 ET+LSTM Simple 1.7814 | 0.5190 | 0.2858 0.5477
Inverse 1.7805 | 0.5159 | 0.2866 0.5479
Adaptive 1.7796 | 0.5128 | 0.2873 0.5480
Size-3 | ET+SVR+LSTM Simple 1.7629 | 0.5014 | 0.3006 0.5650
Inverse 1.7625 | 0.5004 | 0.3009 0.5648
Adaptive 1.7601 | 0.4994 | 0.3012 0.5646
Size-4 | ET+XGB+SVR+LSTM Simple 1.7768 | 0.5296 | 0.2975 0.5553
Inverse 1.7767 | 0.5290 | 0.2976 0.5550
Adaptive 1.7767 | 0.5284 | 0.2976 0.5547
Size-5 ET+XGB+SVR+LSTM+TCN Simple 1.7722 | 0.5369 | 0.2932 0.5529
Inverse 1.7713 | 0.5362 | 0.2940 0.5532
Adaptive 1.7704 | 0.5357 | 0.2946 0.5534
Full ET+XGB+RF+GB+DT+MLP+ELM+SLP+SVR+LSTM+ | Simple 1.8930 | 0.5576 | 0.1936 0.4417
GRU+RNN+TCN Inverse 1.8786 | 0.5576 | 0.2058 0.4541
Adaptive 1.8651 | 0.5576 | 0.2172 0.4662
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Figure 12: Hybrid ML-DL ensemble saturation analysis showing the influence of ensemble size on RMSE and R? under different

weighting strategies. The horizontal dashed line represents the best individual model (SVR)
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Figure 13: Bootstrap distribution of ML-DL ensemble performance across different ensemble sizes and weighting strategies
The hybrid ensembles had the best overall forecasting performance. The Adaptive Size-3 ensemble (ET+SVR+LSTM) had
the lowest RMSE (1.7621 m) and the highest R? (0.3012), exceeding the top standalone ML and DL ensembles.
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Performance improved from Size-2 to Size-3 before gradually declining when more models were added, demonstrating the
presence of a hybrid saturation point.

Across all ensemble categories, adaptive inverse-RMSE weighting consistently outperformed Simple Averaging and
conventional Inverse-RMSE weighting; nevertheless, the gains were modest. In contrast, ensemble composition had a much
greater impact on forecasting accuracy than the weighting approach itself.

The findings also show the presence of an ensemble saturation point, beyond which increasing ensemble size leads to
performance deterioration rather than improvement. More importantly, the results show that ensemble diversity is more
essential than ensemble size. The largest ensembles did not perform as well as compact ensembles made up of
complimentary learners with fundamentally distinct learning mechanisms. The best hybrid ensemble, in particular,
integrated a tree-based learner (ET), a kernel-based learner (SVR), and a deep sequential model (LSTM), implying that
cross-paradigm diversity is more successful at improving forecasting accuracy than just increasing the number of constituent
models.

The Adaptive Size-3 hybrid ensemble (ET+SVR+LSTM) outperformed all other deterministic ensemble configurations,
with an RMSE of 1.7601 m and R? of 0.3012. These findings imply that well chosen diverse models outperform large
homogenous ensembles in terms of predictive benefit, emphasizing diversity over ensemble size as the major driver of good
ensemble forecasting.

3.9 Benchmark Comparison

To further assess the effectiveness of the proposed ensemble framework, the best hybrid ensemble was compared against
the Persistence benchmark, the best standalone model (SVR), and two stacking approaches (Ridge and GBR) trained using
OOF predictions from all ML and DL base models.

Table 12 shows that the suggested Adaptive Hybrid ensemble (ET+SVR+LSTM) has the best overall forecasting
performance, with the lowest RMSE (1.7621 m), greatest R? (0.3012), and strongest correlation (0.5646). Compared to the
Persistence benchmark, the suggested ensemble lowered RMSE by 16.3%, demonstrating greater predictive capability.
GBR surpassed Ridge Regression among stacking techniques, implying that nonlinear meta-learning is more successful
than linear aggregation. However, both stacking strategies were still inferior to the best standalone model (SVR) and the
proposed hybrid ensemble. This research implies that incorporating all available predictors using meta-learning does not
always result in the best projections.

Table 12: Performance comparison of benchmark, stacking, individual, and hybrid ensemble models on the independent test dataset

Model RMSE | MAE R? Corr
Persistence 2.1041 | 1.1066 | -0.0002 | —
Ridge Stacking 2.0149 | 0.6341 | 0.0856 | 0.3389
GBR Stacking 1.9211 | 0.5831 | 0.1688 | 0.4492
SVR (best individual) 1.7880 | 0.6610 | 0.2780 | 0.5460
Adaptive Hybrid (ET+SVR+LSTM) | 1.7601 | 0.4994 | 0.3012 | 0.5646

e The Adaptive Hybrid ensemble (ET+SVR+LSTM) achieved the best overall performance.
e The individual SVR model outperformed both Ridge and GBR stacking.
e The proposed hybrid further reduced RMSE by 12.64% and 8.38% relative to Ridge and GBR stacking,
respectively, demonstrating the benefit of heterogeneous ensemble integration.
GBR stacking performed better than Ridge stacking but remained inferior to the proposed hybrid ensemble.
o Carefully selected complementary models from different learning paradigms (tree-based, kernel-based, and deep
learning) were more effective than aggregating all available models.
o Model diversity and complementarity contributed more to forecasting accuracy than ensemble size or stacking
complexity.
3.10 Diebold-Mariano Test for Predictive Accuracy
The DM test was conducted using squared forecast errors to determine the statistical significance of differences in predictive
performance among forecasting models. To account for serial correlation in forecast error differentials, Newey-West
heteroskedasticity and autocorrelation consistent (HAC) variance estimation were used, with Holm-Bonferroni correction
controlling for repeated pairwise comparisons. Table 8 shows that the suggested ET-SVR-LSTM hybrid exceeded from
the persistence benchmark, the best individual model (SVR) (p < 0.001) and Ridge stacking ensemble. Despite attaining
the lowest RMSE, there was no significant difference in predictive performance between the suggested hybrid and GBR

stacking ensembles after multiple-comparison correction (p > 0.05).
Table.13: DM test comparing the proposed ET-SVR-LSTM hybrid ensemble with benchmark models on the independent test set.

Comparison DM Statistic | Raw p-value | Adjusted p-value® Decision

Persistence vs. Hybrid 5.631 < 0.001 < 0.001 Significant
SVR vs. Hybrid 3.676 < 0.001 < 0.001 Significant
Ridge Stacking vs. Hybrid 2.644 0.014 0.029 Significant
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Comparison DM Statistic | Raw p-value | Adjusted p-value® Decision
GBR Stacking vs. Hybrid 1.229 0.219 0.219 Not Significant
Note: DM tests were computed using squared forecast errors with Newey—West heteroskedasticity and autocorrelation
consistent (HAC) variance estimation. Adjusted p-values were obtained using the Holm—-Bonferroni procedure to account
for multiple comparisons.

4. Discussion
This study evaluated 13 heterogeneous models from the tree-based, kernel-based, neural network, and DL families, as well
as hybrid ensemble techniques, for daily Jhelum River water-level prediction, with a focus on ensemble size and model
diversity impacts. GRU and LSTM surpassed RNN and TCN in deep learning architectures, while SVR and Extra Trees
(ET) dominated ML models; the hybrid ensemble integrating ET, SVR, and LSTM had the best overall performance.
GRU and LSTM outperform RNN and TCN models in capturing long-term temporal dependencies and delayed basin
response (Kratzert et al. 2018; Chung et al. 2014), indicating the importance of temporal memory in water-level prediction.
SVR’s kernel-based ability to describe nonlinear relationships and ET’s variance-reducing randomized construction are
likely to explain their good findings, as reported in previous studies of nonlinear flow processes (Abdoulhalik and Ahmed
2024; Kumar et al. 2023). The ET+SVR+LSTM hybrid’s superior performance suggests that tree-based, kernel-based, and
sequence-learning models capture complementary aspects of river dynamics, consistent with recent work on hybrid ML—
DL frameworks (Agaj et al. 2024; Workneh and Jha 2025). Combining heterogeneous learning paradigms improves both
accuracy and generalization.
A key finding was an ensemble saturation effect: performance improved only up to an ideal size before worsening with
more models (two models for the best ML ensemble, three for the best hybrid ensemble). This suggests that variety and
complementarity are more important than ensemble size; if dominant nonlinear and temporal patterns are identified;
additional learners offer redundancy rather than new information. Supporting this, the weighting technique had only a little
impact on performance as compared to model selection, and the hybrid ensemble beat both Ridge and GBR stacking,
implying that a small number of complimentary learners can outperform bigger, more sophisticated ensemble structures.
The DM test confirmed statistically significant improvements over the persistence benchmark, the best individual model
(SVR) and Ridge stacking ensemble, but differences with GBR stacking ensemble was not statistically significant,
indicating comparable predictive accuracy among the strongest ensemble approaches. A limitation of this study is its
reliance on a single river basin and a univariate lag-based feature set, which, while effective here, may not generalize to
basins with more limited hydrological memory or stronger exogenous influences. Strengths include the leakage-free, rolling-
origin validation design and the systematic comparison of ensemble size, diversity, and weighting strategies, which together
provide a more rigorous basis for the saturation finding than ensemble size alone would suggest.
These results have practical implications for operational forecasting: the approach is appealing for real-time or resource-
constrained deployment since a small, varied ensemble can match or surpass the performance of bigger, more
computationally expensive ensembles. Future research should investigate adaptive mechanisms for dynamically choosing
complimentary models instead of using predefined ensemble configurations and evaluate whether this saturation effect
applies to other regulated river systems.

5. Conclusion
This study proposed a hybrid multi-tier ensemble framework for daily river water-level forecasting that incorporated 13
heterogeneous models from the tree-based, kernel-based, neural network, and deep learning families using deterministic
weighting and stacking algorithms. Individual ML and DL models were regularly surpassed by hybrid ensembles, with the
Adaptive ET+SVR+LSTM ensemble outperforming all others in terms of forecasting. The investigation also revealed an
ensemble saturation effect, in which accuracy improved only up to an optimal ensemble size and then decreased as more
models were added. Although adaptive inverse-RMSE weighting regularly outperformed traditional weighting techniques,
the improvements were small, demonstrating that model variety and complementarity have a greater influence on predicting
performance than weighting strategy alone. The proposed compact hybrid ensemble also outperformed traditional stacking
methods, demonstrating that carefully chosen heterogeneous learners are more effective than aggregating a huge number of
predictors. However, DM statistical analysis also verified the reliability of the comparative results in that the proposed
hybrid significantly outperformed conventional benchmark models and showed predictive accuracy that was comparable to
the leading stacking ensembles. These findings provide useful information for developing efficient, robust ensemble
forecasting systems for river water level prediction and flood early warning applications. Future study may look into
transformer-based designs, uncertainty quantification, and physics-informed hybrid models to increase forecasting accuracy
under extreme hydrological circumstances.
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