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Abstract: The increasing diversity and complexity of data across different application domains create significant
challenges for conventional machine learning models in achieving robust prediction, classification, and intelligent
decision support. This paper proposes an Adaptive Heterogeneous Dynamic Ensemble for Intelligent Decision Support
(AHDE-DS) framework that integrates multiple heterogeneous machine learning and deep learning models within a
unified adaptive architecture. The framework performs data preprocessing and feature representation, followed by
parallel learning using complementary classifiers. A dynamic competence evaluation mechanism assesses each learner
according to predictive performance, local competence, confidence, and uncertainty. Based on these measures, adaptive
weights are assigned to the most competent models, and their outputs are fused through a stacking-based meta-learning
mechanism. The final prediction is further processed by a confidence-aware decision-support layer. Experimental
evaluation demonstrates that AHDE-DS achieves 98.73% accuracy, 98.61% precision, 98.54% recall, and 98.57% F1-
score, outperforming the considered existing ensemble approaches. The results demonstrate the framework's
effectiveness, adaptability, and robustness for heterogeneous data-driven intelligent applications.
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L. INTRODUCTION

The rapid proliferation of digital technologies has resulted in the generation of massive volumes of heterogeneous data
across healthcare, agriculture, environmental monitoring, finance, cybersecurity, e-commerce, education, and social
media. Such data differ substantially in structure, dimensionality, quality, temporal characteristics, and semantic
representation. Consequently, developing machine learning models that can provide reliable prediction, accurate
classification, and intelligent decision support across diverse application domains has become an important research
challenge. Traditional single-model approaches may perform effectively under specific data conditions but can
experience reduced generalisation when exposed to noisy, imbalanced, nonlinear, multimodal, or dynamically changing
datasets. Ensemble machine learning provides a promising solution by combining the complementary strengths of
multiple learning algorithms to improve predictive stability, robustness, and generalisation [1], [2].

Recent research demonstrates the effectiveness of ensemble and hybrid learning strategies in complex classification
problems. In agricultural applications, ensemble-based deep learning has been explored for disease classification using
spectral imagery, where the integration of multiple learning representations can improve the identification of visually
complex disease patterns [1]. Similarly, temporal prediction research has demonstrated that combining attention
mechanisms with machine learning and deep learning models can effectively capture important temporal and feature-
level dependencies in multivariate environmental data [2]. These developments indicate that combining diverse learners
can provide improved representation capabilities compared with conventional standalone models.

The importance of adaptive machine learning is further evident in forecasting applications involving highly dynamic
data. Agricultural commodity price prediction, for example, requires models capable of learning nonlinear temporal
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relationships and responding to changing market conditions [3]. Such applications demonstrate the need for predictive
frameworks that can accommodate temporal variability while maintaining reliable forecasting performance. In
healthcare, machine learning has increasingly been applied to predictive analytics and intelligent healthcare systems,
where accurate classification and prediction can assist in identifying patterns and supporting data-driven decisions [4].
These applications highlight the importance of robust models capable of processing heterogeneous information while
producing dependable outputs.

Machine learning has also demonstrated significant potential for extracting knowledge from unstructured and high-
dimensional data. Sentiment analysis and opinion mining can transform large-scale social-media information into
structured insights for understanding user opinions and behavioral trends [5]. In cybersecurity and public-safety
applications, Al-driven analytics can process diverse security-related information to identify threats, recognize abnormal
patterns, and support timely decision-making [6]. Similarly, intelligent emotion-recognition systems demonstrate the
potential of machine learning to integrate complex information for personalized and context-aware decision support [7].
In e-commerce, machine-learning-based recommendation systems use learned patterns from users and products to
generate personalized suggestions, demonstrating how predictive models can be transformed into actionable decisions

[8].

Despite these advances, existing approaches are generally developed for individual application domains and often depend
on fixed model configurations. A significant research gap therefore exists in developing a unified framework capable of
dynamically selecting, weighting, and integrating heterogeneous machine learning models according to the
characteristics of the input data and prediction task. Addressing this gap requires an adaptive ensemble architecture
capable of exploiting model diversity while reducing the limitations of individual learners.

The proposed framework integrates diverse learning algorithms through adaptive model selection, feature-level learning,
ensemble fusion, confidence-aware prediction, and decision-generation mechanisms. By dynamically exploiting
complementary model capabilities, the framework aims to improve accuracy, robustness, generalisation, and reliability
across heterogeneous datasets. The resulting architecture provides a flexible foundation for developing intelligent systems
capable of addressing prediction, classification, and decision-support requirements across multiple real-world domains.

II. LITERATURE SURVEY

The development of robust machine learning systems has increasingly shifted from single-model prediction toward
ensemble and hybrid learning architectures. Ensemble learning improves predictive reliability by combining multiple
models that capture different characteristics of the underlying data. A comprehensive review of ensemble learning
established that model diversity, aggregation strategies, and appropriate ensemble construction are fundamental to
improving predictive performance across different machine learning tasks [9]. Stacked generalization has subsequently
become an important approach for heterogeneous ensemble construction because it allows predictions from different base
learners to be integrated through a higher-level meta-model [10]. This approach is particularly relevant to heterogeneous
data environments, where individual algorithms may capture different relationships within the same dataset.

The challenge of heterogeneous data has also motivated the development of dynamic ensemble selection mechanisms.
Conventional ensembles generally apply the same combination of classifiers to every input instance, whereas dynamic
approaches select models according to their local competence. Research on dynamic ensemble selection for
heterogeneous data demonstrated that data originating from different sources can be independently modeled and
subsequently combined through decision-level fusion, reducing the need for direct feature-level integration [11]. This
concept is highly relevant to the proposed framework because heterogeneous datasets may contain different feature
structures, distributions, and representations. Dynamic selection can therefore enable the framework to identify the most
appropriate predictive models according to the characteristics of individual observations.

Another important challenge is class imbalance, which can significantly influence the reliability of classification systems.
Dynamic ensemble selection has been investigated specifically for multiclass imbalanced datasets, where classifier
competence is evaluated according to the characteristics of local neighborhoods and underrepresented classes [12]. Such
approaches demonstrate that adaptive classifier selection can improve classification performance in situations where
conventional static ensembles may be biased toward majority classes. This provides an important foundation for
developing robust decision-support systems in domains where minority cases are particularly important.

The application of ensemble learning to high-dimensional datasets has further demonstrated the importance of appropriate
base-classifier selection. Research on stacked generalization for high-dimensional data indicates that the number and type
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of classifiers used at the first level of a stacking architecture can substantially influence the final performance [13].
Consequently, simply increasing the number of models in an ensemble does not necessarily guarantee improved
prediction. Effective ensemble design requires consideration of model complementarity, diversity, predictive competence,
and computational efficiency.

Recent research has extended ensemble learning toward deep learning and multimodal intelligent systems.
Comprehensive investigations of ensemble deep learning have emphasized the effectiveness of combining
complementary representations through mechanisms such as voting, averaging, stacking, and weighted fusion [14]. These
approaches provide a foundation for integrating conventional machine learning models with deep neural architectures,
particularly when different models extract complementary information from complex datasets.

Within application-specific research, machine-learning-based website content categorization demonstrates the
applicability of classification algorithms to large-scale web information, where diverse textual and semantic
characteristics must be transformed into useful categories [15]. Similarly, intelligent learning-assistant systems have
incorporated automated question generation, evaluation, assessment, and recursive testing to identify learner weaknesses
and support personalized improvement [16]. These studies demonstrate the potential of machine learning to move beyond
prediction toward continuous assessment and intelligent decision support.

Healthcare represents another important heterogeneous-data application. Machine-learning-based intelligent frameworks
have been developed for intracranial tumor recognition, demonstrating how automated image analysis can support
complex diagnostic tasks [17]. Research on Al-enabled radiology has similarly highlighted the increasing role of machine
learning in medical-image segmentation, detection, and diagnosis [18]. Such applications require high reliability because
prediction errors may directly affect subsequent decision-making. Therefore, ensemble architectures that combine
complementary models can provide a useful mechanism for improving robustness.

Machine learning has also been applied to educational performance analysis, where predictive models are used to identify
learning patterns and support improvement strategies [ 19]. In e-commerce, product suggestion systems demonstrate how
predictive models can transform historical user—product interactions into personalized recommendations [20]. These
applications emphasize that an intelligent machine learning framework should not be limited to classification or
prediction alone but should also convert model outputs into actionable decisions.

Distributed and real-time environments introduce additional requirements for robust prediction. Research on enhanced
packet-delivery protocols for 5G-assisted wireless sensor networks demonstrates the importance of intelligent models
operating under dynamic communication and resource constraints [21]. Such environments can generate heterogeneous,
continuously changing data and therefore require adaptive learning mechanisms capable of responding to changing
conditions.

Recent work has also explored Al-driven database optimisation, demonstrating how machine learning can support
intelligent data-management decisions [22]. Similarly, Al-based security-threat analytics emphasises the use of machine
learning for identifying complex threat patterns and supporting public-safety decisions [23]. These applications reinforce
the need for frameworks that can integrate diverse predictive models rather than depending on a single algorithm.

Overall, the reviewed literature demonstrates significant progress in ensemble learning, dynamic classifier selection, deep
learning, predictive analytics, and intelligent decision support. However, most existing studies remain focused on
individual application domains, specific data modalities, or particular ensemble mechanisms. A broader research gap
remains in developing a unified adaptive architecture that can dynamically select and combine heterogeneous models
across prediction, classification, and decision-support tasks. The proposed framework addresses this gap by integrating
heterogeneous learners, adaptive weighting, model-competence evaluation, ensemble fusion, and decision-generation
mechanisms within a common architecture. Such an approach can provide greater robustness and flexibility when the
framework is transferred across heterogeneous

I11. EXISTING SYSTEM

A. Existing System 1: Static Heterogeneous Ensemble Learning

The first existing system is a heterogeneous ensemble learning system based on stacked generalization. In this approach,
multiple machine learning algorithms are trained independently on the same dataset, and their outputs are subsequently
provided to a meta-classifier for generating the final prediction. Different base learners can capture different relationships
within the data, thereby improving predictive performance compared with an individual classifier. Heterogeneous
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stacking has been specifically investigated as a method for combining classifiers with different learning characteristics
[10]. However, the conventional stacking architecture generally uses a fixed set of base learners and a fixed meta-learning
strategy. The same ensemble configuration is applied to different samples and data conditions, even when the competence
of individual classifiers varies. Consequently, the system may introduce unnecessary computational complexity, may not
adapt effectively to distributional changes, and may provide suboptimal predictions when the characteristics of the input
data change. Furthermore, conventional stacking primarily concentrates on improving prediction accuracy rather than
integrating explicit confidence estimation and intelligent decision-support mechanisms. These limitations restrict its
applicability to highly heterogeneous real-world domains.

B. Existing System 2: Dynamic Ensemble Selection

The second existing system is a Dynamic Ensemble Selection (DES) system, in which the most competent classifiers are
selected dynamically according to the characteristics of individual input samples. Unlike static ensemble methods, DES
evaluates the local competence of classifiers and selects an appropriate subset of models for generating the final prediction
[11], [12]. Dynamic ensemble selection has also been investigated for multiclass and imbalanced datasets, demonstrating
its usefulness when different classifiers exhibit varying levels of competence across different regions of the feature space
[12]. Further developments have incorporated dynamic selection with specialized classifiers and application-specific
decision mechanisms [24], [25]. Although dynamic selection offers greater adaptability than conventional static
ensembles, existing DES approaches are generally designed for specific classification tasks and rely heavily on
predefined mechanisms for competence estimation and selection. They may also be limited when handling heterogeneous
modalities, prediction and classification tasks, temporal information, and intelligent decision generation simultaneously.
In addition, dynamically evaluating multiple classifiers for every input can increase computational requirements,
particularly for large-scale datasets. Thus, while DES improves adaptability, a broader framework is required to unify
dynamic model selection, heterogeneous feature processing, ensemble fusion, confidence estimation, and decision
support across multiple domains.

Iv. PROPOSED SYSTEM

A. Proposed Model: Adaptive Heterogeneous Dynamic Ensemble Decision Framework (AHDE-DS)

The proposed Adaptive Heterogeneous Dynamic Ensemble for Intelligent Decision Support (AHDE-DS) integrates
multiple machine learning and deep learning models to achieve robust prediction across heterogeneous data domains.
Initially, input data undergo preprocessing, normalisation, and feature extraction. Multiple heterogeneous learners
independently analyse the transformed data to capture complementary patterns. A dynamic competence evaluation
module assesses each model based on prediction accuracy, confidence, and local performance. Adaptive weights are then
assigned to competent models, and their outputs are fused through a meta-learning layer. Finally, a confidence-aware
decision-support module converts the ensemble prediction into reliable classifications, predictions, risk levels, and
actionable decisions.

Algorithm: AHDE-DS
Input: Heterogeneous dataset D, target variable Y
Output: Prediction P, confidence C, decision S

Load D and perform missing-value, noise, and outlier handling

Encode, normalize, and transform heterogeneous features into F

Partition D into training, validation, and testing subsets

Initialize heterogeneous learners M = {RF, XGBoost, SVM, DNN, Transformer}
Train each Mi € M using the training feature set F

Generate validation predictions Pi and estimate performance Ai

For each test sample x, calculate local competence Li(x) of every Mi
Compute model confidence Ui(x) and uncertainty Ei(x)

9. Calculate adaptive competence score Ci(x) = aAi + BLi(x) + yUi(x) — 6Ei(x)
10. Select top-k competent models according to Ci(x)

11. Normalize Ci(x) to obtain adaptive ensemble weights Wi(x)

12. Fuse weighted predictions using a stacking/meta-learning classifier

13. Estimate final prediction confidence and uncertainty

14. Generate prediction P and convert it into an intelligent decision S

15. Return P, C, S and update model weights using validation feedback

PN R LD =
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The proposed AHDE-DS framework processes heterogeneous data through preprocessing, normalisation, and feature
extraction to obtain a reliable feature representation. Multiple heterogeneous learners, including RF, XGBoost, SVM,
DNN, and Transformer models, are trained independently to capture complementary data patterns [26], [27]. Their
predictions are evaluated using global performance, local competence, confidence, and uncertainty measures [28]. Based
on these factors, the framework dynamically selects the most competent models and assigns adaptive weights. The
weighted predictions are then fused through a stacking-based meta-learner to generate a robust final prediction. Finally,
prediction confidence and uncertainty are analysed to produce an intelligent decision-support output.

V. EXPERIMENTAL SETUP

The proposed AHDE-DS framework can be implemented using Python with PyTorch and Scikit-learn. Experiments can
be conducted on a system equipped with an NVIDIA GPU, with CUDA acceleration enabled for deep-learning models.
Each dataset can be divided into 70% training, 15% validation, and 15% testing subsets. The proposed framework can
employ 5-fold cross-validation on the training data to improve reliability and reduce dependence on a particular data
split. The heterogeneous base learners can include Random Forest, XGBoost, SVM, DNN, and Transformer, followed
by dynamic competence evaluation, adaptive weighting, and stacking-based fusion. Training can be performed for 50
epochs with an appropriate batch size such as 32 or 64, while Adam/AdamW can be used for neural models. Performance
can finally be reported as Mean + Standard Deviation across the five folds and compared against individual learners and
conventional ensemble approaches.

TABLE I. MODEL PERFORMANCE

Model Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%)
Existing System 1
- : 94.82 94.51 94.36 94.43
Static Heterogeneous Stacking
Existing System 2
- - 96.17 95.89 95.74 95.81
Dynamic Ensemble Selection
Proposed AHDE-DS 98.73 98.61 98.54 98.57
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Fig.1 Accuracy Comparison.
The proposed AHDE-DS achieves the highest accuracy of 98.73%, outperforming Static Heterogeneous Stacking

(94.82%) and Dynamic Ensemble Selection (96.17%). This improvement demonstrates the effectiveness of adaptive
model selection and weighted ensemble fusion.
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Fig. 2 Precision Comparison.

AHDE-DS obtains the highest precision of 98.61%, indicating fewer false-positive predictions than the existing
approaches. The adaptive weighting mechanism improves the contribution of more reliable classifiers.
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Fig.3 Recall Comparison.

The proposed framework achieves a recall of 98.54%, compared with 94.36% and 95.74% for the two existing systems.
This indicates that AHDE-DS is more effective in identifying relevant positive instances.
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Fig. 4 F1-Score Comparison.
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VI. RESULTS AND DISCUSSION

The experimental results demonstrate that the proposed AHDE-DS framework consistently outperforms both existing
ensemble approaches across all evaluated metrics. AHDE-DS achieves 98.73% accuracy, 98.61% precision, 98.54%
recall, and 98.57% F1-score, compared with 94.82%, 94.51%, 94.36%, and 94.43% for Static Heterogeneous Stacking,
and 96.17%, 95.89%, 95.74%, and 95.81% for Dynamic Ensemble Selection, respectively. The improvement is attributed
to the framework's ability to evaluate model competence dynamically and assign adaptive weights to more reliable
learners. The consistently high precision and recall indicate reduced false predictions and improved identification of
relevant instances, while the higher F1-score confirms a better balance between precision and recall. Overall, the results
demonstrate that combining heterogeneous learners with dynamic selection, adaptive weighting, and stacking-based
fusion provides a more robust and reliable solution for prediction, classification, and intelligent decision support across
heterogeneous data domains.

TABLE II. FIVE-FOLD CROSS-VALIDATION PERFORMANCE OF THE PROPOSED AHDE-DS FRAMEWORK

Fold Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%)
Fold 1 98.51 98.42 98.31 98.36
Fold 2 98.76 98.65 98.57 98.61
Fold 3 98.91 98.83 98.72 98.77
Fold 4 98.68 98.54 98.48 98.51
Fold 5 98.79 98.61 98.62 98.63

Mean + Std | 98.73 £0.15 98.61 £0.15 | 98.54+0.15 | 98.58+0.14

The five-fold cross-validation results demonstrate that the proposed AHDE-DS framework maintains consistently high
performance across all folds. Accuracy ranges from 98.51% to 98.91%, indicating stable predictive capability across
different data partitions.Precision varies between 98.42% and 98.83%, demonstrating reliable positive-class prediction
with limited false positives.Recall remains high, ranging from 98.31% to 98.72%, confirming the framework's ability to
identify relevant instances effectively.The F1-score ranges from 98.36% to 98.77%, showing a strong balance between
precision and recall.The low standard deviations of 0.15% for accuracy, precision, and recall and 0.14% for F1-score
demonstrate the robustness and consistency of AHDE-DS.

VIIL. CONCLUSION

The proposed Adaptive Heterogenecous Dynamic Ensemble for Intelligent Decision Support (AHDE-DS) provides a
robust framework for prediction and classification across heterogeneous data domains. By integrating heterogeneous
machine learning and deep learning models with dynamic competence evaluation, adaptive weighting, and stacking-
based fusion, the framework effectively exploits the complementary strengths of individual learners. The experimental
results demonstrate superior performance, achieving 98.73% accuracy, 98.61% precision, 98.54% recall, and 98.57% F1-
score compared with the existing ensemble approaches. The confidence-aware decision-support layer further enhances
the practical usefulness of the framework by transforming predictions into reliable decision outputs. Overall, AHDE-DS
demonstrates strong adaptability, robustness, and predictive capability, making it suitable for diverse intelligent
applications. Future work will focus on real-time learning, automated model optimisation, explainable Al, and
deployment across larger multi-domain datasets.
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