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Abstract – Climate change and the growing prevalence of extreme weather events have made El Niño prediction more 

precise and the evaluation of risks from global warming more dependable. With significant influence of El Niño on global 

temperature, rainfall distribution, droughts, floods and ecosystem stability, early prediction is crucial for effective climate 

adaptation and disaster preparedness. In this study, a novel Hybrid Ensemble Learning Model for El Niño Prediction and 

Global Warming Risk Assessment is presented by using state-of-the-art climate data preparation, feature engineering, adaptive 

feature selection, climate similarity clustering and an adaptive weighted stacking ensemble of Random Forest, Extra Trees, 

LightGBM and CatBoost. This framework converts raw oceanic and atmospheric observations into informative climate 

indicators that improve the learning capacity of the predictive models while removing redundant information. Multiple 

ensemble learners’ outputs are intelligently combined to improve prediction robustness, reduce over-fitting, and increase 

generalisation ability across different climate conditions. To improve the model transparency, SHAP-based explainable 

artificial intelligence is integrated to determine the contribution of the single climate variables towards the prediction outcomes, 

supporting the scientific interpretable decision-making. Furthermore, a Global Warming Risk Index is developed to assess 

future climate vulnerability and to provide useful information for environmental monitoring and early warning systems. The 

experimental evaluation reveals that the proposed hybrid framework outperforms the conventional machine learning 

approaches in terms of accuracy, precision, recall, F1-score, and error reduction, while it is robust under different climate 

scenarios. The proposed model offers a reliable, scalable, and interpretable solution for long-term climate forecasting, disaster 

risk reduction, environmental policy planning, and sustainable climate management, demonstrating the increasing potential of 

intelligent ensemble learning techniques to address complex global climate challenges. 

Keywords—El Nino (ENSO) data, Boosting Algorithms, Decision trees, Machine Learning, SHAP Model, Global 

Warming, Environmental changes, Climatic variance. 

__________________________________________________________________________________________________ 

INTRODUCTION 

       In the Twenty-first century the environmental change 

i.e. the climate change has become one of the most affected 

scenarios by which the human life pattern is also affecting, 

so this change should be noted and try to resolve this before 

becoming a big threat and cause the people to death. The 

rising greenhouse gas emission, increase in the global 

temperature, change in precipitation, all these factors lead 

to the creation of a model that predicts the prospects and 

the changes by analysing the current and past data. El Nino 

is one of the natural climate phenomena that occurs when 

the surface waters of the eastern and central tropical Pacific 

Ocean become more warmer than usual, this changes the 

global weather patterns, that leads to the droughts, floods, 

heat waves and drastic changes in the climate. The non-

linear relationship between the atmospheric and the 

environment variables makes the difference and cause the 

threats. In the recent years the Artificial Intelligence and 

Machine learning has enabled the solutions for the critical 

issues also by analysing the large data. But for the current 

criteria and the situation prediction of the threat using the 

Single model  is not enough since that cannot handle the 

entire process efficiently, So Hybrid ensemble learning 
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model has become one of the widest used method to find 

the solutions, which first learns about the data correctly and 

then calculates the equation as required and proceed for the 

further steps and in each step the double check of the 

methods is adopted so that the after each step this filter will 

help to eradicate the minute mistakes too, this enhances the 

models capability to solve the most toughest difficulties 

faced in this digital era. Motivated by these challenges this 

study proposes the Hybrid Ensemble Learning Model for 

El Nino Prediction and the Global warming Risk 

Assessment that integrates the ensemble learning 

techniques and the climate changes. The proposed system 

main aim is to improve the prediction accuracy, supporting 

the environment and the climate change criteria, that helps 

for the whole era that includes the government, social 

activist, common people and the institutions. The first and 

foremost step that is to be taken is to change the 

methodology used by people like the way of behaving with 

environment makes the difference that indirectly will help 

to resolve the issue (1). The Global warming is the main 

cause for this kind of changes in the environment, and these 

patterns will differ according to the regions and the 

continents (2). The constructive climate changes will effect 

the people as more disturbed and this may affect the future 

also but if that is taken as the topic into the discussion then 

it can be resolved since the different solutions can be given 

in different prospects (3). The climate situation and the 

environment changes should be known to all so that the 

awareness and the taking a step towards a better approach 

will happen so this will happen when the social media 

focuses on this area and lets the public and the government 

know what the future of the environment is (4). The El Nino 

Southern oscillations (ENSO) is one of the major ocean 

atmosphere climate phenomena that influences the global 

weather patterns, that includes the floods, droughts, and 

tropical storm. So, the prediction of the ENSO data and the 

prediction of the ENSO is essential and must for protecting 

the environment (5). The heat waves are the major issues 

and the increasing frequency and the intensity of them 

under the global warming leads to variations in the climate 

and the temperature so to avid such major issues a model 

that integrates the AI and ML should be integrated to find 

the better solution (6). The Super El Nino events on the 

climate have the diverse effect by which the Climate 

regime Shifts (CRS) are differentiated and lead to the 

severe destruction so this should be taken care (7). The 

North Pacific Oscillation (NSO) is a key driver of the El 

Nino events that plays a main role by finding the best 

solution to monitor and control the events so by 

implementing the NSO in the methodology can help to get 

the better prediction (8) The Artificial intelligence is 

implemented in the Early Warning System (EWS) in the 

environmental criteria so that the future threats can be 

known and take the precautionary measures (9). The event-

based surveillance can be implemented so that at once the 

system no need to scan the whole data, it can do events by 

events so that the whole model performance, accuracy and 

the final prediction increases and system will be in the 

constant mode (10). The Seasonal forecasting should be 

implemented so that the changes in the seasons will not 

affect the prediction of the environment and this also 

enhances the stability and the performance of the whole 

methodology (11).       

RELATED WORKS 

The Extreme Gradient Boost (XGBoost) is an advanced 

ensemble learning, machine learning method where the 

several decision trees combine and achieve the best 

accuracy (12). The stability-based machine learning 

framework is implemented so that the model will work for 

the longer time and supports the performance by removing 

the minor issues (13). The usage of the machine learning 

approach always gives the best prediction since in this 

method the data is trained regularly and then tested and 

finally implemented by which the errors and the unwanted 

inbuilt chains will be removed and the format will support 

for the long term also (14). The implementation of the 

Conventional Neural Network and the Long Short-Term 

Memory can predict the climate driven streamflow 

prediction that gives the better approach, but this should be 

continuously monitored (15). The changes in the sand 

dunes are detected by which the climate changes can also 

be identified using the hybrid deep learning models so that 

the clear picture of the next state will be known (16). To 

manage the complex environment the method should be 

implemented correctly so first to monitor and maintain the 

data the machine learning is implemented and to explore 

and to perform the logics the Artificial Intelligence is 

employed so that the big risks can be easily solved (17). 

The Sea surface temperature (SST) and the Ocean Heat 

Content (OHC) will describe the variations in the 

temperature as well as the environmental factors that very 

accordingly by which the more changes can be seen to 

avoid these the two factors should be properly maintained 

(18). The Empirical Orthogonal Function (EOF) is applied 

to the global sea surface temperature data and found the 

variability in the ENSO, PDO (Pacific Decadal 

Oscillation), AMO (Atlantic Multidecadal Oscillation). So, 

to monitor them regularly the better model is required that 

is proposed in our model (19). The tropical Atlantic Sea 

Surface Temperature variability and the ENSO relationship 

is discussed and evaluated where the ocean atmospheric 

condition should be maintained properly and evaluated that 

the better AI enabled model is required to continuously 

monitor and keep in constant (20). For any of the digital 

world maintenance the data is maintained correctly so that 

no further issues or the problem of tracking appears so here 

they introduced the large database where the entire current 

and past data of the environmental factors updates can be 

found and modified but this has some limitations to use 

(21).  The Global Climate Models (GCM) and the Transient 
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Climate Response (TCR) are introduced to note the 

uncertainty in all factors that influence the environmental 

changes that resulted the comparison between the older and 

newer model of predicting the most reliable one and shows 

the better results also (22). The future risk of the Compound 

dry hot events (CDHEs) are discussed by involving the 

climate hazards and the current criteria that leads to the 

global warming and this gives the conclusion about the 

future risks of increase in global warming due to several 

factors that affect the changes even in the ENSO 

oscillations and the environment too (23). The location 

specific deep learning method with the integration of the 

Sea Surface Temperature is built so that the several places 

can be identified easily and concluded with less latency, but 

the AI integration can help them to solve the logics and the 

predictions more accurately when compared to the results 

obtained (24). The Hybrid Deep Gated Recurrent Unit 

Convolutional Neural Network (DGCNetwork) for the SST 

forecasting is employed that captures the spatial and the 

temporal climate features that enables the improvement in 

the SST levels and the whole model, but the integration of 

the Machine learning is not employed (25). The combined 

deep learning method integrates the neural networks and 

the climate models to enhance the ENSO data and the 

prediction of the total model by increasing the performance 

of each step (26). The coupled ocean models are proposed 

that contains the Tropical Ocean Global Atmosphere 

(TOGA) program which increase the prediction of the 

model, that eradicates the current challenges of the ENSO 

but lacks in the latency that will change accordingly in 

several changes (27). The Climate Forecast System (CFS) 

is implemented that predicts using all the required 

parameters and integrates the AI and logics for the Deep 

learning this gives the better prediction compared to the 

other models (28). The linear Markov model is introduced 

that is based on the Empirical Orthogonal Functions to 

improve the ENSO prediction and analyse the forecasting 

correctly without missing the minute information too 

(29).Using the linear and quadratic regression the model 

created the stochastic invers model that improve the ENSO 

and the SST uses the El Nino and La Nina for the further 

variations and gives the good prediction (30). Many 

improvements and innovations are done for the El Nino and 

global warming reduction but somehow they lacks in one 

or the other way and no ensemble learning is introduced in 

which only one model performs all the actions and gives 

the good prediction in the real time so the proposed model 

does that and gives the unique and best prediction method. 

METHODLOGY 

        The Proposed Hybrid Ensemble Learning Model for 

El Niño Prediction and Global Warming Risk Assessment 

is introduced to increase the robustness, stability, and the 

interpretability of the climate forecasting by increasing the 

prediction of the whole model. First the dataset is collected 

from the open source Kaggle, in real time implementations 

the data will be coming from real time devices that is 

connected, then this data is pre-processed using the 

normalization and the other techniques which enables to 

remove the duplicates, missing values and the unusual data 

that is brought into the standard format. Then the second 

step is climate feature engineering where the required data 

i.e. the informative data like the temperature anomalies, 

moving averages, seasonal trends and the ocean – 

atmospheric reactions are retrieved so that all other factors 

are removed from the data that increases the perfectness 

and the stability of the model. To reduce the computational 

efficiency the feature selection method is implemented 

where the most influential factors are only selected for the 

further steps then the processed data are grouped using the 

climate similarity clustering that groups the historical and 

the current data into the Strong El Nino, Moderate El Nino, 

Neutral and weak La Nina and Strong La Nina so that in 

the final prediction the data is classified correctly and get 

the result. In the traditional methods the non-linear 

relationships are resolved using only one model that are not 

supporting the heavy models but in the proposed model 

four ensemble learners are introduced that will handle all 

the stuffs correctly that are namely the Random Forest, 

Extra trees, LightGBM, and the CatBoost then the 

predictions are forwarded to the Adaptive weighted 

stacking Ensemble where the bias and the variance are 

minimized and combines all the models prediction then the 

occurrence and the intensity of the El Nino events are 

computed and the Global Warming Risk Index is 

introduced, where the combined analysis of the ENSO, 

SST, atmospheric variables, greenhouse gas trends are 

considered.  The SHAP (Shapely Additive Explanations) is 

incorporated to increase the transparency and the scientific 

interpretability. Finally, the Early warning and decision 

support step gives the timely alerts and the actionable 

insights for the Government or disaster management 

organizations and the forecasting team by integrating the El 

Nino predictions and the global warming risk levels that 

gives the best prediction and immediate alerts which helps 

to find the threats easier and take the precautionary 

measures.  

A. Data Collection: 

      The First step of the model is collection of the data for 

this model the data is collected from the Internationally 

recognized organizations that helps to perform the better 

prediction and find the toughest methods solution, so the 

data is collected from the NOAA ( National Oceanic 

Atmospheric Administration), WMO (World 

Meteorological organization) this includes the Sea surface 

Temperature (SST), Oceanic Nino Index (ONI), Southern 

Oscillation Index (SOI), Ocean Heat Content (OHC), 

rainfall, Air temperature, Carbon dioxide (CO2), 

Greenhouse gas concentration, wind speed, Relative 

Humidity that are represented as the dataset as shown in Eq 

(1) where the X1, X2…. represents the different parameters. 



Venkata Krishna Azith Teja Ganti / Journal of Advances in Management, Engineering and Science (JAMES), July 2026; 1(3) 
_____________________________________________________________________________________________________________  

13 

 

This data is taken from the open source Kaggle (31), to get 

the good prediction. 

        𝐷 = {𝑋1, 𝑋2, … … … , 𝑋𝑛}                                          (1) 

 

 

Fig 1. Flowchart of the Proposed Hybrid model  

B. Cleaning of the data and the preprocessing: 

The Next step is the raw data preprocessing by 

which the data will be coming to the stable format and this 

can be used in the further steps, so this data contains the 

inconsistency, duplicates, missing values, empty values, 

outliers that are removed which is generally represented by 

the Eq (2) as follows: 

              𝑑𝑝 = 𝑓(𝑑)                                                                (2) 

Where the d represents the raw climate dataset, 𝑑𝑝 is the 

Processed data, and f(d) is denoted as the cleaning and 

preprocessing function.  

1. Normalisation and handling the Missing values: 

       Because of the failures of the machines or the tools 

used and due to the latency time or the natural calamities 

affects the data and gives rise to the missing values so if 

this data is removed or delated then the real information or 

the main data can be lost which cannot be recovered after 

so the missing values are estimated using the techniques of 

the interpolation, that helps to get the good results. The 

linear interpolation is calculated as in Eq (3) between the 

two neighbouring values as follows: 

         𝑋𝑚 = 𝑂1 +
(𝑇1 − 𝑇2)

(𝑇2 − 𝑇1)
(𝑂2 − 𝑂1)                            (3) 

Where the 𝑂1is the Previous Observation, 𝑂2 is the Next 

Observation, T is the current time 𝑇1, 𝑇2  are the 

neighbouring time stamps. After the missing values 

estimation the data is still not prepared for the next step, the 

Normalization is performed now to transform all the values 

into a common numerical scale. The direct comparison for 

the machine learning in further steps becomes difficult 

because one data is in the degree Celsius format and the 

other data in ppm so all should be normalized using the Eq 

(4) as follows: 

       𝑥𝑛 =
𝑥 − 𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛
                                                     (4) 

Where the x is the original value, 𝑥𝑚𝑖𝑛  is the minimum 

feature value, 𝑥𝑚𝑎𝑥 is the maximum feature value and the 

𝑥𝑛  is the normalized value. This Normalization helps to 

prevent the numerical imbalance among the climatic 

variables and accelerates the convergence during the model 

training. 

C. Climate Feature Engineering: 

   The climate dataset is transformed into a more 

informative data. The Raw climatic parameters are not 

enough to calculate and get the results that are responsible 

for the formation El Nino and the global warming, so 

climate indicators are formed using the combination of the 

temporal, oceanic and the atmospheric parameters. These 

enables the model to recognize the hidden relationship and 

the oscillations and the long-term climate trends. The 

Proposed model defines the meaningful attributes that 

includes the Ocean Heat Content Trend (OHCT), Rainfall 

Anomaly (RA), Temperature Anomaly (TA), CO2 Growth 

Rate (CGR), Wind Speed Trend (WST), and the lag 

features. The engineered feature vector is represented as 

given in the Eq (5) as follows: 

            𝐹 = {𝑓1,𝑓2, … … … … , 𝑓𝑛}                                       (5) 

Where the F represents the engineer feature set, 𝑓𝑖 is the 

individual engineered feature, m is the total number of 

generated features. The moving average is calculated as 

given in Eq (6) as below: 

             𝑀𝑎𝑡 =
1

𝑘
∑ 𝑥𝑖

𝑡

𝑖=𝑡−𝑘+1

                                                (6) 

Where the 𝑀𝑎𝑡  is the moving average at time t, k is the 

window size, 𝑥𝑖  is the climate observation. The 

temperature anomaly is calculated as given in Eq (7) as 

follows, and the SST anomaly is calculated as in Eq (8) as 

follows: 

              𝑇𝑎 = 𝑇𝑐𝑢𝑟𝑟𝑒𝑛𝑡 − 𝑇𝑎𝑣𝑒𝑟𝑎𝑔𝑒                                       (7) 

Where the 𝑇𝑎 represents the temperature anomaly and the 

𝑇𝑐𝑢𝑟𝑟𝑒𝑛𝑡  is the observed temperature, 𝑇𝑎𝑣𝑒𝑟𝑎𝑔𝑒  is the long-

time climatological value. 

            𝑆𝑆𝑇𝐴 = 𝑆𝑆𝑇𝑂 − 𝑆𝑆𝑇𝐶                                              (8) 

Where the 𝑆𝑆𝑇𝐴 is the Sea Surface Temperature Anomaly, 

𝑆𝑆𝑇𝑂 is the current SST, 𝑆𝑆𝑇𝐶 is the long-term average of 
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the SST. These engineered variables provide the richer 

climate information and improve the prediction accuracy. 

D. Adaptive Feature Selection: 

      Although the feature engineering gives the parameters, 

but those features are not always contributed equally to the 

prediction. Some may contain the redundancy, and some 

may contain the noise that increases the computational 

activity, and overfitting. So, the Adaptive Feature Selection 

(AFS) is used to automatically identify the informative 

features and train it. The traditional methods use the static 

ranking creation, but this method relies on the performance 

i.e. it sees the prediction and the stability towards the model 

and select those features only, the features with the high 

importance values are only moved to the next steps all other 

weak or the redundant features are discarded in this 

method. The importance of each parameter or the feature is 

calculated using the Eq (9) as follows: 

                𝑆(𝑓𝑖) =
1

𝑛
∑ 𝐼𝑚𝑝𝑖𝑗

𝑁

𝑗=1

                                            (9) 

Where the 𝑆(𝑓𝑖) is the importance score of the feature 𝑖 the 

𝐼𝑚𝑝𝑖𝑗 is the importance assigned during the iteration of the 

j and N is the number of the evaluation metrices. The 

optimal feature subject is represented as given in Eq (10) as 

given below:  

            𝐹 = {𝑓𝑖|𝐼(𝑓𝑖) ≥ 𝜃}                                                (10) 

Where F is the Selected feature subset, and 𝜃 is the feature 

selection threshold. The features that exceed the threshold 

are eliminated and the features which do not exceed the 

threshold are sent to the next step. The Advantages of using 

the Adaptive Feature Selection is as follows: 

➢ This removes the irrelevant climatic variables. 

➢ It reduces the computational effect and the overfitting. 

➢ It improves the prediction and makes the model as 

stable one. 

➢ It also enhances the ensemble learning performance. 
E. Climate similarity clustering: 

      This step is also considered as the ENSO phase 

identification, the climate behaviour changes accordingly 

across the different periods during the natural oscillations, 

and the condition of the atmosphere too. Training the 

prediction model on the present and static data may not 

support for the future so the proposed methodology 

introduces the climate similarity clustering stage that 

groups the observations with similar climatic behaviour 

before the ensemble learning. This clustering process 

organizes into the homogeneous data of the climate records 

to the different ENSO phase that includes the Strong El 

Nino, weak El Nino, Strong La Nina, Weak La Nina and 

the neutral conditions. Training of the separate climate 

patterns allows the hybrid method to analyse the 

specialized relationship instead of treating all the values as 

same. The Euclidean distance is given in the Eq (11) as 

follows: 

           𝑑(𝑝, 𝑞) = √∑ (𝑝𝑖 − 𝑦𝑖 )2𝑛
𝑖=1                                   (11)   

F.  Dynamic Ensemble weight Generator: 

      The traditional methods assigns the equal weights to all 

the features that are available in the real time then proceed 

to the next step, but due to this the prediction cannot be 

successful since the model will not be stable, so in the 

proposed methodology the weights are assigned 

dynamically according to the current climate conditions, 

and also the model performance, so finally the models i.e. 

features that produces the higher prediction will be 

considered into the final model without any confusion. The 

dynamic weight is represented as given in Eq (12) as 

follows: 

             𝑊𝑖 =
𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦𝑖

∑ 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦𝑗
𝑚
𝑗=1

                                               (12)  

Where the ∑ 𝑊𝑖 = 1 follows for the whole model. 

G. Hybrid Ensemble Learning: 

      This is the core step of the whole proposed ensemble-

based model, so this method uses the most powerful four 

ensemble learning algorithms namely Random Fores (RF), 

Extra Trees (ET), Light Gradient Boosting Machine 

(LightGBM), and the CatBoost. When the topic comes 

about the climate usually changes and the variability will 

be seen from seconds to seconds, these are considered as 

the non-linear problems that is caused due to the oceanic 

variables, difference in the temporal and spatial scales. The 

usage of the single Machine Learning algorithm will fail to 

give the better prediction and stable model so that in the 

proposed model the different and best algorithms are 

implemented by combining them i.e. training each one 

separately and finally combining for estimation that 

enhances the whole model’s ability to predict and the 

latency also decreases.  

    Now the output obtained from the previous step is taken 

as input to this step by which the process moves forward 

where each algorithm learns the data independently i.e. the 

relationship between the climate variables and the El Nino 

occurrence. Then their predictions are later combined by 

the Adaptive weighted Stacking Ensemble to get the final 

prediction. This strategy always performs better in the real 

time also that increases the prediction, stability and the 

robustness and easier way of dealing with the dynamic 

large data. First the Input vector is represented as shown in 

the Eq (13) as follows: 

          𝑋𝑓 = {𝑥1,𝑥2, 𝑥3, … … . , 𝑥𝑛}                                       (13) 

Where the 𝑋𝑓 represents the climate feature vector, x is the 

individual climate factor, and the n is the total number of 

the selected features. Each ensemble model generates an 

independent prediction that is represented as shown in the 

Eq (14) as follows: 
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           𝑃 = 𝑃𝑟𝑓 + 𝑃𝑒𝑡 + 𝑃𝐿𝑔𝑏𝑚 + 𝑃𝑐𝑏                               (14) 

Where the P is the Total Prediction, 𝑃𝑟𝑓  represents the 

Random forest prediction, 𝑃𝑒𝑡 , 𝑃𝑙𝑔𝑏𝑚 , 𝑃𝑐𝑏  are the 

predictions of the extra tress, LightGBM, CatBoost 

respectively. 

1. Random Forest:    
     The Random Forest is the bagging-based learning 

algorithm that selects randomly the subsets of the training 

data and then constructs the multiple decision trees, in this 

every decision tree independently predicts the occurrence 

of the El Nino based on the processed climate variables. 

The final prediction is obtained from the average of the 

outputs of all decision trees; this reduces the model 

variance and increases the stability. This is used because 

this can deal with the non-linear relationships and it also 

has the noise resistance ability that will always be a positive 

sign to use in the climate prediction and analysis that gives 

the best results compared to other methods. The Random 

Forest is defined as in the Eq (15) as follows: 

            𝑃𝑟𝑓 =
1

𝑁
∑ 𝑡𝑖(𝑥)

𝑁

𝑖=1

                                                 (15) 

Where the 𝑃𝑟𝑓  is the Final prediction of the Random forest, 

𝑡𝑖(𝑥) is the prediction generated by the 𝑖𝑡ℎ  decision tree, 

and the N is the total number of trees. The impurity at each 

node is reduced using the Eq (16) as follows: 

             𝐺 = 1 − ∑ 𝑃𝑖
2

𝑐

𝑖=1

                                                (16) 

Where the G is denoted as the Gini impurity, 𝑃𝑖  is the 

probability of the class 𝑖 , c is the number of classes. A 

lower Gini index will always represent the better split of 

the climate data. The reasons to use the random forest is 

that this handles the non-linear climate relationships, 

reduces the overfitting through the bagging method, 

performs better at the high dimensional data, and provides 

the feature importance score.  

2. Extra Trees:    
      The Extremely Randomized trees also referred as the 

Extra trees, is one of the tree-based ensembles learning 

method or algorithm that introduces the great randomness 

during the tree construction. Here each extra tree selects the 

split thresholds randomly, this increases the model 

diversity, decreases the variance and improves the 

generalization. The uncertainties and the variables can be 

removed using this method and the randomization of this 

model enables the model to collect the huge, diversified 

data and their performance. The prediction of the Extra 

trees is calculated using the Eq (17) as follows: 

          𝑃𝑒𝑡 =
1

𝑚
∑ 𝑡𝑗(𝑥)

𝑚

𝑗=1

                                                   (17) 

Where the 𝑃𝑒𝑡is the prediction of the Extra tree, m is the 

total number of the trees, 𝑡𝑗(𝑥)  is the prediction of the 

𝑗𝑡ℎrandomized tree. Here the node is splitted according to 

the random feature selection, randomly generated split 

thresholds, reducing the correlation among the individual 

trees. 

 

3. Light Gradient Boosting Machine:    
      As the name says this is one of the boosting methods 

that is based on the ensemble learning model algorithm. 

This is made only for the increase the efficiency of the 

prediction of the large dataset that too dynamic. This is one 

of the unique because it builds the decision tree in a 

sequential format like one after the other where each new 

tree attempts to correct the prediction error of the previous 

one. This mainly involves the leaf growth strategy so that o 

data is missed and replaced by the unused data, so this 

usually achieves the higher prediction with more stability. 

The prediction update Equation is given in the Eq (18) as 

follows: 

            𝐹𝑚(𝑥) = 𝐹𝑚−1(𝑥) + 𝜂𝑟𝑚(𝑥)                               (18) 

Where the 𝐹𝑚(𝑥)  is the prediction after the m iteration, 

𝐹𝑚−1(𝑥) is the prediction from the previous trees, 𝑟𝑚(𝑥)  is 

the new regression tree and the 𝜂 represents the Learning 

rate. The objective function is minimized as follows given 

in Eq (19): 

 

 

          𝑂𝑏𝑗𝑒𝑐𝑡 = ∑ 𝐿(𝑦𝑖 , 𝑦𝑖̂)

𝑛

𝑖=1

+ Ω(ℎ)                           (19) 

Where the 𝐿(𝑦𝑖 , 𝑦𝑖̂) is the Loss function, the regularization 

term is represented as Ω(ℎ), and the n is the number of the 

training samples. This always improves the generalization 

by removing the overfitting. 

4. CatBoost:    
      This is one of the advanced gradient boosting methods, 

that minimizes the prediction bias through the ordered 

boosting and the symmetric decision trees. This will be 

more helpful when the data contains the mixed feature 

distributions and the complex nonlinear relationships. This 

complements the other ensemble learners by knowing the 

interactions among the climatic variables as said in the first 

step like the Sea surface Temperature, Ocean Hot content, 

greenhouse gas, concentration, and the atmospheric 

pressure. The catBoost prediction is represented as given in 

Eq (20) as follows: 

           𝑃𝑐𝑏 = ∑ 𝛼𝑘ℎ𝑘(𝑥)𝑘
𝑘=1                                             (20)  

Where the  𝑃𝑐𝑏  is the prediction of the CatBoost, ℎ𝑘(𝑥) is 

the prediction of the 𝑘𝑡ℎ  boosting tree, 𝛼𝑘  is the weight 

assigned to the tree, k is the number of the boosting 
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iterations. The minimization of the squared error loss is 

given in Eq (21) as below: 

            𝐿 = ∑(𝑦𝑖 − 𝑦𝑖̂ )2

𝑛

𝑖=1

                                               (21) 

Where the L is represented as the Loss function, 𝑦𝑖  is the 

actual value, 𝑦𝑖̂ is the predicted value, and n is the number 

of the observations. During each iteration the CatBoost 

minimizes the loss and reduces the overfitting also.  

   

H. Adaptive Weighted Stacking Ensemble: 

      After getting the output from the four algorithms those 

outputs are fed as inputs to this step for combining using 

the Adaptive Weighted Stacking Ensemble (AWSE), the 

previous and traditional methods gives the same 

importance values for all but this will be not useful, so the 

proposed adaptive stacking integrates the prediction 

according to the dynamically generated weights that is 

calculated using the Eq (12), the model that perform better 

performance contribute more significantly to the final El 

Nino prediction. The stacking level combines the two 

levels, the first one is that contains the four ensemble 

learners namely Random forest, Extra trees, XGBoost, and 

CatBoost that produces independent prediction, the second 

level is the meta learner stage that aggregates the 

predictions and considering the average as the final 

prediction. The final ensemble prediction is given by Eq 

(22) as follows: 

          𝐹̂ = ∑ 𝑤𝑖

4

𝑖=1

𝑝𝑖                                                           (22) 

Where the   𝐹̂  is the Final Ensemble Prediction, 𝑤𝑖 is the 

adaptive weight of the 𝑖𝑡ℎ model, 𝑝𝑖  is the prediction of the 

𝑖𝑡ℎ  base learners, that subjects to ∑ 𝑤𝑖
4
𝑖=1 = 1 . This 

adaptive feature increases the strengths of the multiple 

ensemble algorithms while minimizing the weakness of the 

individual models. This gives the model stability to identify 

the complex El Nino patterns under the variable conditions 

of the climate and the temperature and forms the base for 

the Global warming Risk step. The advantages of using this 

step are as follows: This integrates the strengths of the 

multiple ensemble learners, reduces the individual bias, 

increases the prediction and accuracy, improves the 

generalization and adaptability to the climate scenarios.  

I. El Nino Prediction and the Global warming Risk index 

Generation: 

      After the adaptive stack method, the final prediction is 

done, to do this the framework calculates the El Nino 

prediction and the Global Warming Risk Generation 

(GWRG), by integrating the climate indicators or the 

features like the SST, OHC, Greenhouse gas, rainfall 

anomalies, temperature, anomalies, this integration a better 

stable format of the output. The GWRG is formulated as 

the weighted combination of the normalized climatic 

indicators, where each variable contributes according to the 

relative influence on the climate changes. The 

mathematical expression is given in the Eq (23) as follows: 

               𝐺𝑊𝑅𝐼 = ∑ 𝛼𝑖
𝑛
𝑖=1 𝑓𝑖                                           (23) 

 Where the 𝑓𝑖 is the Normalized climate feature, 𝛼𝑖 is the 

importance weight of the feature 𝑖 and n is the total number 

of the selected climate features. The calculation is not only 

enough to identify the final prediction, so the ranges are 

there, so the calculated GWRI values are categorized into 

different climate risk levels as follows: 

Table I: Risk level classification based on the GWRI 

GWRI Range Risk Level 

0.00-0.25 Low Risk 

0.26-0.50 Medium Risk 

0.51-0.75 High Risk 

0.76-1.00 Extreme Risk 

  The Table I represents the comparison values, this enables 

the governments, climate scientist, forecasting team, social 

activists, disaster management agencies to quickly identify 

the danger regions and alert them. 

J. SHAP Based Explainability analysis: 

      The machine learning based algorithms or the methods 

always achieve the better prediction but operates as the 

black box i.e. difficult to understand and move forward, to 

improve the interpretability and the transparency, the 

proposed model integrates the SHapely Additive 

exPlanations (SHAP), this gives the contribution of each 

feature by assigning the importance value based on the 

cooperative game theory. For every feature it calculates the 

individual contribution using the Eq (24) as follows: 

        ∅𝑖 = ∑
|𝑆|!(|𝐹|−|𝑆|−1)!

|𝐹|!𝑆⊆𝐹{𝑖} [𝑓(𝑆 ∪ {𝑖}) − 𝑓(𝑆)]     (24)   

Where the ∅𝑖 represents the SHAP value of feature 𝑖, F is 

the complete feature set, S is the subset of the features, f(s) 

is the Prediction function. A Positive SHAP value indicates 

that the feature increases the Predicted El Nino Probability 

or the climate risk, whereas the negative SHAP value 

decreases the prediction. 

K. Early warning and the Decision support System: 

     This is the final and the last stage of the whole model 

that converts the Predicted El Nino events and the Global 

Warming Risk Indicator to an Intelligent Early warning 

Decision Support System (EWDSS). The main aim to 

provide the timely alerts and provide a safety measure to 

the whole world by analysing the entire data and finding 

the solution and giving the alerts. This is done as follows, 

by considering the El Nino values and the weights, and 

SHAP values the system automatically groups the data into 

the pre-defined warning levels. These indicates the severity 
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of the expected climatic event, and the recommended 

appropriate strategies. The warning function is given in the 

Eq (25) as follows: 

           𝑊𝑎𝑟𝑛𝑖𝑛𝑔 = 𝑓(𝑃𝐸𝑁𝑆𝑂 , 𝐺𝑊𝑅𝐼)                            (25) 

Where the 𝑃𝐸𝑁𝑆𝑂   represents the Predicted El Nino 

probability, GWRI is the global Warming Risk Index. 

 

 

 

Table II Warning categorization representation 

Predicted 

Probability 

Risk 

Level 

Recommended 

Action 

<0.30 Normal Continue 

monitoring 

0.30-0.50 Advisory Precautionary 

measures 

0.50-0.75 Warning Activate 

mitigation 

plans  

>0.75 Emergency Immediate 

response 

The Table II represents the warning categorization that is 

used and helpful for the future prediction and emergency 

calls also by which the entire world can be profitable and 

use this methodology for the whole lifetime without any 

loss. 

L. Performance Evaluation metrics: 

     The Performance of the whole model is important when 

it comes to the final steps, by analysing the different ratios 

that got from the methodology, since the method gives the 

El Nino event classification and the Global warming Risk 

Prediction, both the classification and the regression 

methods are used. These helps the model to correctly 

predict the results and the climate forecasting. The 

following metrices are used for the evaluation of the whole 

model. 

1. Mean Absolute Percentage Error: 

     This measures the percentage error between the actual 

and the predicted values, the lower value indicates the 

better forecasting accuracy. The MAPE is given in the Eq 

(26) as follows: 

             𝑀𝐴𝑃𝐸 =
100

𝑛
∑ |𝑦𝑖 − 𝑦𝑖̅|

𝑛

𝑖=1

                                 (26) 

2. Symmetric Mean Absolute Percentage Error: 

     This provides the balanced percentage error that is less 

affected by the large or small values. It is widely used in 

the climate and weather forecasting. The Equation is given 

in Eq (27) as follows: 

        𝑠𝑀𝐴𝑃𝐸 =
100

𝑛
∑

|𝑦𝑖 − 𝑦𝑖̅|
|𝑦𝑖−𝑦𝑖̅|

2

𝑛

𝑖=1

                           (27) 

3. Nash-Sutcliffe Efficiency: 

The one of the most popular evaluation metrics in the 

climate prediction and the hydrology, the NSE value close 

to 1 indicates excellent predictive performance it is 

represented as given in the Eq (28) as follows: 

      𝑁𝑆𝐸 = 1 −
∑(𝑦𝑖−𝑦𝑖̂)

2

∑  (𝑦𝑖−𝑦𝑖̅̅ ̅)2                                           (28)  

Where the 𝑦𝑖  is the Actual value, 𝑦𝑖̂ is the Predicted value, 

𝑦 is the Mean observed value. 

 

 

4. Pearson Correlation coefficient: 

     This measures the strength of the linear relationship 

between the observed and the predicted value. The value 

close to 1 indicates the strong positive agreement. This is 

given in Eq (29) as follows: 

          𝑅 =
∑(𝑦𝑖 − 𝑦) (𝑦𝑖̂ − 𝑦̂)

√∑(𝑦𝑖 − 𝑦)2  √∑(𝑦𝑖̂ − 𝑦̂)2
                         (29) 

 

5. Explained variance score: 

     This measures the how much variation in the data is 

explained by the model, a higher EVS means the model 

explains the more of the variability in the observed data. 

This is given in the Eq (30) as follows: 

          𝐸𝑉𝑆 = 1 −
𝑣𝑎𝑟(𝑦 − 𝑦̂)

𝑉𝑎𝑟(𝑦)
                                         (30) 

RESULT AND DISCUSSION 

The Experimental results shows that the proposed 

hybrid model provides the more accurate values than the 

existing machine learning techniques, and in one model it 

combines two strategies of finding the ENSO and the 

global warming risk prediction, this uses the several 

methods to analyse the data and the methods, in the below 

the different graphs are shown that gives the results of the 

whole model and the comparison graph gives the better 

understanding of the base model.   

 

Fig. 2 Overall Performance of the proposed model 

The Figure 2 shows the 3D model graph for the 

proposed model by which the performance can be known, 

and this model gives the highest prediction model. 
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Fig 3. Climate feature condition of the model 

      The graph 3 shows the feature importance chart that 

highlights the influence of the different climate variables 

for the El Nino Prediction.  

TABLE III PERFORMANCE MODEL (%) 

MODEL MAPE sMAPE NSE Pearson 
Random 

Forest 
84.52 84.81 

84.76 85.12 

Extra 

Trees 
86.13 86.45 

86.28 86.74 

LightGBM 88.34 88.72 89.02 89.02 

CatBoost 90.18 90.44 90.82 90.08 

Proposed 
Hybrid 
model 

92.87 92.33 
 

93.24 
 

93.02 

The Table III represents the proposed models and the 

independent single model’s performance in which the 

better one is given by the combined model in the real time 

scenario. 

 

Fig 4. The Execution time for the whole model  

Figure 4 shows the execution time that is noted from the 

scratch before data collection the time is started then the 

timer ends at the final prediction that gives the 

performance. 

 

Fig 5. MAE and the RMSE Comparison graph 

Figure 5 gives the Mean Absolute Error, Root Mean 

Squared Error of different machine learning models. This 

records the lowest values indicating the higher prediction 

accuracy. 

 

Fig. 5 Adaptive Ensemble weight graph 

The Figure 5 shows the pie chart that illustrates the 

contribution of the ensemble model to the final prediction 

process. The proposed weighting strategy assigns the 

higher importance. 

 

Fig. 6 Performance over the Existing models 

The Figure 6 shows the performance increasing over the 

existing traditional models that gives the best performance 

compare to the other models. 
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Fig.7 Relationship between the climatic variables 

The Figure 7shows the relationship between the climatic 

variables that are displayed above, this is shown since the 

relationships matter when the final prediction is done and 

while making the decision. 

 

 

 

 

Fig. 8 The Radar chart showing whole model performance 

The Figure 8 gives the radar chart by analysing the 

performance of the different single models and the 

proposed hybrid model gives the better one. 

 

Fig. 9 Confusion matrix 

The Confusion matrix shown in the Figure 9 gives the 

performance of the classification of the El Nino data and 

the proposed model correctly gives the matrix that means it 

identifies and classifies the data correctly. 

CONCLUSION 

        Climate change has become one of the most important 

worldwide problems of the twenty first century affecting 

weather patterns, ecosystems, economies, and human 

lifestyles around the world. Among the climatic 

phenomena that influence the variability of the global 

climate, the El Niño phenomenon is especially important 

due to its wide impact on temperature, rainfall, droughts, 

floods, and extreme weather events. Hence, accurate El 

Nino prediction and timely global warming risk assessment 

are vital to improve climate resilience and facilitate 

evidence-based decision-making. While traditional 

forecasting systems have contributed to climate science, 

they are limited in capturing highly nonlinear interactions 

between oceanic, atmospheric and environmental 

variables. This constraint highlights the need for intelligent 

data-driven methods that can learn complex climate 

correlations and have high confidence in predictions. To 

address this problem, the proposed Hybrid Ensemble 

Learning Model combines several ensemble learning 

techniques into a single predictive model for climate 

prediction. Instead of relying on the power of a single 

algorithm, the proposed framework combines different 

learning algorithms to improve the predicted consistency 

and robustness in different climate scenarios. We propose 

a complete analytical pipeline for meaningful knowledge 

extraction from large scale climate datasets. The pipeline is 

based on advanced feature engineering, adaptive feature 

selection, climate similarity clustering, ensemble learning, 

explainable artificial intelligence and risk assessment. This 

multi-stage approach allows the framework to capture 

subtle environmental patterns, long term climatic 

connections and hidden interactions that can be missed by 

traditional statistical approaches.  

     One of the main contributions of this work is the 

emphasis on intelligent representation of climatic features. 

Instead of relying only on raw measurements the 

framework develops meaningful climatic indicators to 

better characterise ocean-atmosphere interactions involved 

in El-Nino evolution and global warming. These 

engineered features improve the quality of information 

provided to the learning algorithms, resulting in better 

detection of climate anomalies and long-term 

environmental patterns. Moreover, adaptive feature 

selection removes redundant information and guides the 

learning process to focus on the most important climate 

variables, thereby improving computational efficiency 
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without compromising the quality of predictions. The 

hybrid ensemble architecture proposed can further improve 

the forecasting performance by combining the 

complementary characteristics of multiple ensemble 

learning methods. Different models interpret climate data 

differently. An average of predictions from many machine 

learning algorithms can reduce bias and variation of 

individual models and improve overall generalisation 

ability. The adaptive weighting method guarantees that the 

models that better predict ability under different 

environmental conditions receive higher weights. So, this 

prediction is more robust, more dependable, and more 

resistant to the uncertainties commonly present in long-

term climate datasets in the end. This learning partnership 

enhances our ability to predict climate, particularly in the 

case of highly dynamic environmental systems that are 

affected by multiple interacting factors.  This study not only 

emphasises the predictive accuracy, but also model 

transparency and practical usability. Explainable artificial 

intelligence makes it possible to interpret the influence of 

specific climate variables on the results of prediction. This 

kind of interpretability increases confidence in the model 

for scientists and allows researchers and policy makers to 

understand the environmental factors of El Niño genesis 

and the risk of global warming. Unlike a black-box 

prediction system, the proposed framework provides 

valuable explanations for enabling scientific validation and 

informed climate-related decision-making.  

    This study proposes a comprehensive and intelligent 

framework for El Nino prediction and global warming risk 

assessment by integrating advanced ensemble learning 

with climate-specific feature engineering, adaptive model 

fusion, explainable artificial intelligence, and climate risk 

analysis. The proposed methodology enhances the forecast 

reliability and provides interpretable and intelligible 

insights that can be exploited for the development of 

scientific research, environmental management, and 

sustainable policy development. The proposed paradigm 

helps societies to be more resilient and able to adapt to 

future climate variability by identifying earlier climatic 

anomalies and by better understanding the risks of global 

warming. The findings of this study demonstrate the 

promising potentials of hybrid artificial intelligence 

methods to improve the climate forecast research and 

provide a solid platform for future studies in intelligent 

environmental monitoring and global climate risk 

management. 
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                  D =  {   X 1 ,     X 2 , … … … ,     X  n }                                                                                     ( 1 )


                                d  p = f  ( d )                                                                                                                                 ( 2 )


    d  p


                      X  m =   O 1 +    (   T 1 −   T 2 )   (   T 2 −   T 1 )  (   O 2 −   O 1 )                                                         ( 3 )


    O 1


    O 2


    T 1 ,   T 2


                  x  n =   x −   x  m i n    x  m a x −   x  m i n                                                                                                           ( 4 )


    x  m i n


    x  m a x


    x  n


                          F =  {   f 1 ,     f 2 ,   … … … … ,     f  n }                                                                               ( 5 )


    f  i


                              M a  t =  1  k   ∑  i = t − k + 1  t    x  i                                                                                                 ( 6 )


    M a  t


    x  i


                                T  a =   T  c u r r e n t −   T  a v e r a g e                                                                             ( 7 )


    T  a


    T  c u r r e n t


    T  a v e r a g e


                            S S T  A =   S S T  O −   S S T  C                                                                                           ( 8 )


    S S T  A


    S S T  O


    S S T  C


                                  S  (   f  i ) =  1  n   ∑  j = 1  N    I m p  i j                                                                                         ( 9 )


  S (   f  i )


  i


    I m p  i j


                          F =  {    f  i |  I  (   f  i ) ≥ 𝜃 }                                                                                                 ( 10 )


  𝜃


                        d  ( p , q ) =    ∑  i = 1  n    (   p  i −   y  i ) 2                                                                     ( 11 )


                              W  i =     A c c u r a c y  i    ∑  j = 1  m    A c c u r a c y  j                                                                                               ( 12 )


   ∑    W  i = 1


                        X  f =  {   x 1 ,   x 2 ,   x 3 , … … . ,   x  n }                                                                               ( 13 )


    X  f


                        P =   P  r f +   P  e t +   P  L g b m +   P  c b                                                             ( 14 )


    P  r f


    P  e t ,     P  l g b m ,   P  c b  


                            P  r f =  1  N   ∑  i = 1  N    t  i ( x )                                                                                                   ( 15 )


    P  r f


    t  i ( x )


    i  t h


                            G = 1 −   ∑  i = 1  c    P  i 2                                                                                                 ( 16 )


    P  i


  i


                        P  e t =  1  m   ∑  j = 1  m    t  j ( x )                                                                                                       ( 17 )


    P  e t


    t  j ( x )


    j  t h


                            F  m  ( x ) =   F  m − 1  ( x ) + 𝜂   r  m  ( x )                                                               ( 18 )


    F  m ( x )


    F  m − 1 ( x )


    r  m ( x )


  𝜂


                      O b j e c t =   ∑  i = 1  n  L (   y  i ,     y  i ^ ) + Ω  ( h )                                                       ( 19 )


  L (   y  i ,     y  i ^ )


  Ω  ( h )


                          P  c b =   ∑  k = 1  k    𝛼  k  h  k ( x )                                                                                         ( 20 )


    P  c b


   h  k ( x )


    k  t h


    𝛼  k


                          L =   ∑  i = 1  n    (   y  i −     y  i ^ ) 2                                                                                               ( 21 )


    y  i


      y  i ^  


                        F ^ =   ∑  i = 1 4    w  i   p  i                                                                                                                       ( 22 )


      F ^


    w  i


    i  t h


    p  i


    i  t h


    ∑  i = 1 4    w  i = 1


                            G W R I =   ∑  i = 1  n    𝛼  i   f  i                                                                                       ( 23 )


    f  i


    𝛼  i


  i


                   ∅  i =   ∑  S ⊆ F { i }     | S | !  (  | F | −  | S | − 1 ) !   | F | !  [ f  ( S ∪  { i } ) − f  ( S ) ]           ( 24 )


   ∅  i


  i


                        W a r n i n g = f  (   P  E N S O ,   G W R I )                                                         ( 25 )


    P  E N S O


                            M A P E =  100  n   ∑  i = 1  n  |   y  i −     y  i - |                                                                   ( 26 )


                  s M A P E =  100  n   ∑  i = 1  n    |   y  i −     y  i - |    |   y  i −     y  i - | 2                                                       ( 27 )


              N S E = 1 −    ∑     (   y  i −     y  i ^ ) 2     ∑    (   y  i −     y  i - ) 2                                                                                       ( 28 )


    y  i


      y  i ^


    y -


                      R =    ∑   (   y  i −   y - ) (     y  i ^ −   y ^ )    ∑     (   y  i −   y - ) 2     ∑    (     y  i ^ −   y ^ ) 2                                                   ( 29 )


                      E V S = 1 −   v a r  ( y −   y ^ )  V a r  ( y )                                                                                   ( 30 )

