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Abstract

Objectives: To develop a Weighted Multi-model Ensemble (WME) to improve
binary and multiclass data predictions, particularly in handling imbalanced
datasets. The model aims to achieve high performance metrics, such as
precision and recall, while minimizing false positive rates. Additionally, the
study seeks to explore better handling mechanisms to enhance prediction
accuracy further. Methods: The methodology involves a two-phase approach
for the Weighted Multi-Model Ensemble (WME). The first phase includes data
preprocessing, segregating training and test data, and training models like
Decision Tree, Random Forest, and Extra Tree Classifier to determine their
accuracy and weights. The second phase applies the test data to these trained
models, calculates probability levels, and makes final predictions based on
the weighted probabilities. Results: The results indicate that the WME model
achieved high True Positive Rate (TPR) levels, nearing 100%, and low False
Positive Rate (FPR), demonstrating effective performance on the Brazilian bank
dataset. Precision and recall values exceeded 90%, confirming the model's
capability in identifying minority classes in moderately imbalanced data.
Findings: The findings reveal that the Weighted Multi-Model Ensemble (WME)
effectively handles data imbalance, achieving high precision and recall levels,
particularly in the Brazilian bank dataset and KDD Cup 99 data. Novelty: The
novelty of the study lies in the development of the Weighted Multi-Model
Ensemble (WME), which integrates multiple classifiers with a unique weighting
mechanism to enhance prediction accuracy on imbalanced datasets. This
approach not only improves performance metrics like precision and recall but
also addresses the challenges of minority class identification more effectively
than existing models.

Keywords: Data imbalance; Ensemble modeling; Weighted prediction;
Probability based analysis; Classification

1 Introduction

Data imbalance has become one of the major factors affecting the performance of
classifier models). Existing machine learning algorithms are susceptible to data
imbalance, as they usually consider data to be balanced before processing . The
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negative impact of data imbalance is further aggravated by noise, data insufficiency, and class overlap issues contained in the
data. Data imbalance is a common issue that could be observed in several real-time applications like fraud detection, intrusion
detection systems, medical systems used in anomaly detection, and cheminformatics®. Hence, it becomes mandatory to
develop models that can effectively work on imbalanced data to provide accurate predictions. The issue of data imbalance
is generally very apparent in binary classification problems ). Data is considered to be imbalanced if one of its classes consists
of a large number of instances, while the other existing classes contains a very low number of instances. The class that has the
largest number of instances is the majority class, while all the other classes are known as the minority classes®). In most of the
real-time scenarios, minority classes are the classes of importance. For example, identifying a record with disease is much more
significant compared to identifying a normal record. Further, misclassifying a minority instance tends to be costly compared
to misclassifying a majority instance ©.

Several techniques are available to handle the data imbalance”). The techniques can be classified as data-driven techniques
and domain-driven models®. Data driven techniques are focused on modifying data to handle the imbalance. Oversampling
and under sampling are the techniques used towards handling imbalance®. These techniques tend to modify the class
distribution to handle the data imbalance. Domain driven models handle imbalance based on the data availability and data
quality in the domain?), Hybrid techniques are also available in the literature, which uses a combination of oversampling
and under sampling techniques!?). This work presents a domain based solution to data imbalance by providing an integrated
framework that can effectively handle data imbalance.

Handling data imbalance is one of the major requirements in several domains. Although several works have been proposed
to provide effective results, they are highly data specific. A knowledge distillation-based framework for classifying of imbalanced
data has been proposed !?). This model has been designed as an information extraction technique and performs event detection.
It operates on actual data and handles data imbalance to reduce identification errors. It uses a baseline model for initial analysis
and a teacher network that learns from the baseline model. A credit card fraud detection model that handles data imbalance
has been presented !¥). This work proposes a window-based bagging model to ensure data balancing. The work also uses an
incremental learning mechanism that aids in keeping the model up to date. Cost sensitivity is added to the model to ensure
that the minority class is provided with increased significance during the training process. Other credit card fraud detection
strategies focused on handling data imbalance include works by Zhang et al. '), Dantas et al.1*), and Alenzi et al.!®).

An energy system-based framework for load prediction and imbalance handling has been proposed !”). This work proposes
a clustering decision tree model for load prediction. Imbalance is handled by sampling the training data into various levels and
testing for efficiency. A clustering-based technique for handling class imbalance has been proposed (). An oversampling-based
technique to handle data imbalance has been proposed by Fu et al. ). This work uses affinity propagation to ensure balanced
class distributions. Data uncertainty is handled using evidential reasoning-based classifier models. Lim et al. proposed a cluster-
based oversampling technique to handle data imbalance ). This work is based on creating an evolutionary ensemble modeling
technique to perform synthetic oversampling. A bagging-based evolutionary model for imbalanced datasets has been proposed
by Roshan et al. ?”), This work uses evolutionary multi-objective optimization to handle data imbalance.

2 Methodology
2.1 Weighted Multi-model Ensemble

Imbalance is a major issue that occurs in several real-time domains. Although several model-based solutions exist for handling
data imbalance, they are strictly data-based. Hence, the model fails even if there is a slight variation in data. However, data
imbalance is a general issue in several varied domains and requires a generic rather than a data-specific solution. This work
presents a generic model that can be used in any domain experiencing data imbalance. Further, the model has also been designed
to handle binary and multiclass data. The proposed Weighted Multi-Model Ensemble (WME) comprises three major sections.
The data preprocessing and segregation section processes the data and makes it model-ready; the multiple model creation
section creates varied models for training, and the weighted probability-based prediction section makes the final predictions
based on the weights determined from models. The algorithm for the WME model is provided below.

2.2 Data Preprocessing and Segregation

This work uses the Brazilian bank data and the KDD cup 99 data. Brazilian bank data is a financial fraud detection data. It
is completely anonymized data and is a binary classification data. All features in the Brazilian bank data are represented in
numerical format. Hence, the data can be directly used by the machine learning models. The KDD cup 99 data is network
intrusion detection data. This data is composed of several categorical features. Since machine learning models cannot directly
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use these features, they are converted to numerical format using one hot encoding technique. Both datasets are normalized to
ensure data consistency. Brazilian bank data is binary class data, and the KDD cup 99 data is multi-class. The proposed model
has been designed to handle both binary and multiclass data. Hence, class-based changes are not performed. The preprocessed
data is divided in the ratio 8:2 for training and testing.

2.3 Multiple Model creation

The model creation process follows data preprocessing. This work creates a multi-model-based architecture for handling data
imbalance. Three varied models are created for the training process. The architecture uses a decision tree, a random forest, and
an extra tree for the model creation. A decision tree is a tree-based classifier model. The model uses entropy values of the features
while creating the tree. The root node is composed of the feature exhibiting the highest entropy. Features with lower entropy
levels occupy the next level in the tree. The leaf nodes represent the final class. Random forest is an ensemble-based modeling
technique. A bagging ensemble uses multiple decision trees to create the prediction model. Each decision tree is provided with
a distinct part of the data. Every tree is trained on a different set of data. Hence, every tree creates different rules. The resultant
prediction is a combination of rules from all the trees and regulations from all the trees. This final prediction has been observed
to be better than a prediction from a single tree. The extra trees classifier is also an ensemble-based model. The difference is that
the extra trees classifier follows a sampling without replacement strategy. Node split for trees is performed at random during
the tree creation process. All three models are trained using all the training data. Data split for the trees is performed internally.
The training data is again passed to the model, and training-based predictions are obtained. Accuracy level is determined for
each model. The significance of the model is determined based on the accuracy levels that were obtained. Accuracy levels vary
between 0 and 1. The weight of a model is determined based on the accuracy levels. The weight of a model m is given by,
- chm
> ace; @
i=1

Where acc,,, is the accuracy of the model m, and n is the total number of models considered for analysis.

2.4 Weighted Probability Based Final Predictions

Final predictions are based on weighted probability values. Test data is passed to the multiple models. The probability of
predictions is obtained from the models rather than receiving the actual predictions. The Brazilian bank data is a binary
classification problem. Hence, the resultant probabilities contain two values, each depicting the probability level for a single class.
Similarly, the KDD cup 99 data is a multiclass problem that contains five probability values for each instance. The probability
values obtained from each model are multiplied with the model weights to get the weighted probability levels, for example, i.
The weighted probability of an instance i for a model x is given by,

W Prob,;,, = W, x Prob, 2

Where W, is the weight of the model x, and Probi is the probability matrix of the instance i.
The weighted probability levels for each instance obtained from the different models are added together to form the final
probability set. Final probability set is given by,

FProb; =3."_ WProb,, 3)

Where WProbix is the weighted probability set for instance i and model x.
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Algorithm for WME:
Input:Preprocessed training dataset
Output:Final predictions based on weighted probabilities

Data Preprocessing to ensure data consistency

Segregate training and test data

Use the training data to train Decision Tree, Random Forest and Extra Tree Classifier
Perform predictions using trained models over the training data

Identify the accuracy value for the three models
Weight of a model (W,,,) = _0CCm

n

> ace;
i=1

Apply test data over the trained models to determine the probability levels

o o B

N

8. Multiply probably levels with the corresponding weights
9. Add all the corresponding probability levels
10. Determine the final prediction based on the probability levels

3 Results and Discussion

The weighted multi-model ensemble has been implemented using Python. The Brazilian bank data set and the Knowledge
Discovery Database (KDD) cup 99 data set have been used to analyze the model’s performance. The Brazilian bank data is
a binary classification data set with moderate imbalance. The KDD cup 99 data is a multi-class data set with high imbalance
levels. The datasets are divided 80:20, with 80% allocated for training and 20% for testing. This proportion ensures that the
model learns from a sufficient amount of data while maintaining a validation set to evaluate generalization performance. Once
preprocessed, the datasets are used to train three distinct models Decision Tree, Random Forest, and Extra Trees Classifier.
Each model is trained independently using the 80% training data, and accuracy levels are computed to assign weighting factors
in the ensemble approach. The results obtained are used to calculate the standard performance metrics like True Positive Rate
(TPR), False Positive Rate (FPR), True Negative Rate (TNR), False Negative Rate (FNR), accuracy, precision, and recall.

o True Positive Rate (TPR) - measures the model’s ability to correctly classify positive instances.
« False Positive Rate (FPR) — identifies false alarms in classification.

o True Negative Rate (TNR) - validates proper recognition of majority class instances.

« False Negative Rate (FNR) - ensures rare instances are not overlooked.

o Precision & Recall - critical for assessing minority class identification performance.

The Receiver-operating characteristic curve (ROC) plot representing two positive rates and false positive rates of the model
On the Brazilian bank data is shown in Figure 1. High TPR levels and low FPR levels are desirable for effective models. The
figure shows that the FPR level of WME is very low, representing low false alarm levels. The TPR level of WME is very high
and almost 100%. These two factors represent that the WME model can operate on data with moderate imbalance and provide
highly effective results.

The PR plot representing the precision and recall values of WME in Brazilian bank data is shown in Figure 2. High precision
and recall values are desirable for effectively performing models. The curve shows high precision and recall levels greater than
90%. This supports the fact that the WME model performs well in identifying minority classes over moderately imbalanced
data.

The classification report for KDD Cup 99 data is provided in Except for class 2, all the other classes depict high precision,
recall, and F1-Score. Class 2 exhibits slightly reduced recall levels of 5% and F1-Score of 3%. However, the accuracy of
prediction remains at 100%. These metrics show the model performs well on moderate to high imbalance levels. However,
on very high imbalances (>1000), the model exhibits a slight reduction in performance.. Except for class 2, all the other
classes depict high precision, recall, and F1-Score. Class 2 exhibits slightly reduced recall levels of 5% and F1-Score of 3%.
However, the accuracy of prediction remains at 100%. These metrics show the model performs well on moderate to high
imbalance levels. However, on very high imbalances (>1000), the model exhibits a slight reduction in performance.
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Fig 2. PR Plot for Brazilian Bank Data
Table 1. Classification Report for KDD CUP 99 Data
Class Precision Recall F1-Score Support
1 1 1 1 13795
2 1 0.95 0.97 19
3 1 1 1 299
4 1 1 1 3490
5 1 1 1 20189
Accuracy 1 37792
Macro Avg 1 0.99 0.99 37792
Weighted Avg 1 1 1 3779
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Comparisons are performed by analyzing the prediction levels of the WME model with Traditional Window Bagging (TWB)
models, oversampling-based models, and Cost-Sensitive models.

Table 2. Performance Comparison of WME with TWB and Other Existing Approaches

Fea- WME(Proposed) TWB (20 Oversampling-based ~ Cost-Sensitive

ture/Metrics Models (19:20) Learning (14-16)

Handling Strong (Works on both Binary Moderate (Limited to Good (Relieson class ~ Good (Weighted cost

Imbalanced & Multiclass) Window-based balancing) redistribution) assignments)

data

True Positive 99.98% 69.32% 85-90% 88-94%

Rate (TPR)

FPR 0.4% 14.55% 8-12% 5-10%

TNR 99.60% 85.44% 88-94% 90-95%

FNR 0.02% 30.67% 10-15% 8-12%

Precision 99.98% 95.3% 92-96% 97%

Recall 99.98% 69.32% 87-93% 90-95%

Accuracy 99% 85-90% 85-90% 88-94%

Novelty Weighted probability-based Window based bagging Synthetic sampling Weighted

model using ensembles approach based Cost-Sensitive

Learning

Adaptability High (Generic for all domains) =~ Moderate (Finance-specific) Limited Limited

The WME model achieves 99.98% precision and recall (Table 1, Table 2), surpassing traditional approaches that struggle
with minority class identification. Prior Studies’ Bagging and Cost-Sensitive Models typically yield 93-97% precision and 88-
95% recall, lower than WME.

The Weighted Multi-Model Ensemble (WME) demonstrates significant superiority in handling imbalanced learning
compared to existing approaches like Traditional Window Bagging (TWB) ?%, Oversampling-based models **>”), and Cost-
Sensitive Learning 419, With 99.98% precision and recall, WME substantially improves minority class identification,
outperforming TWB and oversampling models, which typically achieve lower recall rates of 69.32% and 87-93%, respectively.
Furthermore, WME exhibits exceptionally low false prediction rates (FPR: 0.004%, FNR: 0.0002%), ensuring better classification
confidence than prior models that struggle with false alarms. The model’s 99.60% True Negative Rate (TNR) further validates
its superior reliability over TWB (85.44% TNR), which suffers from classification errors. Unlike domain-restricted models,
WME adapts efficiently across binary (Brazilian bank dataset) and multiclass (KDD Cup 99 dataset) problems, proving highly
versatile in real-world applications such as fraud detection and intrusion prevention. Unlike oversampling techniques, its
novel weighted probability-based mechanism, which dynamically adjusts classifier weights based on accuracy levels, enhances
predictive performance without relying on artificial data modification. This innovation ensures improved imbalance handling
while avoiding bias toward majority classes. WME’s general applicability across multiple domains sets it apart from previous
models that often fail in high-imbalance scenarios, making it a robust and efficient solution for diverse classification problems.

4 Conclusion

The Weighted Multi-Model Ensemble (WME) presents a novel and efficient approach to handling imbalanced learning,
achieving superior classification accuracy compared to traditional methods. The model comprises two phases; the initial phase
uses multiple models and determines their accuracy levels and weights, and the second phase uses these weights and performs
probability-based predictions. Experiments and comparisons indicate high performance at 99% precision levels. The WME
model could be observed to exhibit better forecasts in all the metrics than the previous models. The findings show that the
WME model exhibits better imbalance handling. The significant advantage of this model is that it can handle any level of
imbalance. Further, the model can operate on both binary and multiclass data. The limitation of this model is that it exhibits
a slight reduction in the class with a very high imbalance. Further experiments will concentrate on integrating better handling
mechanisms to improve the predictions. By combining adaptive weighting mechanisms, hybrid sampling techniques, dynamic
threshold adjustments, and meta-learning approaches, WME could further enhance its ability to handle extreme imbalance
scenarios. These refinements would increase precision, recall, and robustness, making the model more generalizable across
diverse datasets.
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