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TRENDS IN ENSEMBLE LEARNING AND 
MODEL OPTIMIZATION

Abstract: Ensemble learning has become an adaptive 
machine learning method, that enhances prediction 
accuracy, stability, and generalization by averaging 
several models. This review explains recent developments 
in ensemble techniques with focus on evolution of 
traditional techniques such as bagging, boosting, and 
stacking into adaptive and efficient ones. Contemporary 
ensemble techniques now comprise deep learning models, 
hybrid models, and adaptive choice mechanisms to handle 
challenges such as big data, class imbalance, and 
computational complexity. Model optimization methods 
such as parameter tuning, overfitting avoidance, neural 
architecture search, and trial-and-error are now being 
incorporated into ensemble systems. All these 
advancements have given rise to auto-ML platforms which 
provide scalable and intelligent systems in all domains. 
Real-world deployment has also been considered by this 
paper, and emphasis has been placed on problems like 
model interpretability, runtime efficiency, and suitability 
for deployment in real-time. Overall, it provides insight 
into how ensemble learning is transforming data-driven 
solutions.

Keywords: ensemble learning, model optimization, auto-
ML, deep learning, prediction accuracy, real-world
deployment

1. Introduction

In the rapid growing field of machine 
learning, maintaining high model accuracy, 
strength, and ability to generalize is at the 
top of the agenda. As more data become 
available and tasks grow more complex, no 
single model or algorithm can ever perform 
optimally or consistently provide the best 
performance across a broad spectrum of 
tasks. This has led to the growth and 
popularity of ensemble learning a robust 
paradigm that combines the predictions of 
multiple models to produce a more stable 

and accurate result than any individual one 
of its constituent models. Apart from this, 
model optimization techniques have gained 
prominence as they attempt to optimize 
model performance, reduce computational 
cost, and convert models efficiently to a 
specific domain. Together, ensemble 
learning and model optimization form a 
synergistic combination at the leading edge 
of current machine learning research and 
applications.

Ensemble learning takes the argument that a 
group of weak learners combined in the 
proper manner can individually compensate 
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for a strong learner. Techniques such as 
bagging, boosting, stacking, and random 
forests have exhibited dramatic 
improvements in predictive accuracy across 
a wide variety of fields including medicine, 
finance, image classification, and natural 
language processing. For instance, 
algorithms like XG-Boost and Light-GBM 
have become the standard for most data 
science competitions and real-world 
scenarios due to their efficiency and 
efficacy. These ensemble methods help with 
variance reduction, bias reduction, or 
improving predictions using the strength and 
minimizing the weakness of individual 
models.

But the accuracy of ensemble methods also 
relies on the optimization level of the models 
and not the models themselves. This brings 
the optimization of the models into the 
spotlight. Optimization of models 
incorporates a huge pool of techniques such 
as hyperparameter tuning, regularization, 
feature selection, and search of architecture, 
among others. These are all essential to the 
enhancement of ensemble performance, 
boosting scalability, and avoiding 
overfitting. Methods such as Bayesian 
optimization, grid search, random search, 
and evolutionary algorithms have ensured it 
is possible to save time and get a better 
model without manually checking each 
possible combination that aids us to optimize 
the process making it efficient and accurate. 
Additionally, ensemble methods integrated 
with deep learning, the rise of automated 
machine learning (Auto-ML), and 
application of meta-learning and hybrid 
optimization strategies are expanding the 
capabilities of intelligent model design and 
training.

By studying the latest developments in 
ensemble learning and model optimization, 
this review attempts to find insights into 
state-of-the-art practice, list open research 
challenges, and determine where these two 
areas converge and diverge to provide 
guidance on future machine learning. 

As data quantity and complexity grow, these 
methodologies will definitely play a key role 
in designing wiser, faster, and more accurate 
prediction mechanisms.

2. Literature of review

Hu et al. (2025) This paper proposes PB-
OEL, an online ensemble method integrating 
multi-armed bandits for adaptive weight 
adjustment of classifiers. It guarantees 
ensemble performance to exceed that of any 
base learner over time, even under limited 
annotation. A theoretical framework bounds 

real-time applications like safety assessment. 

and robustness, marking a significant step in 
reliable online ensemble learning

Karakaya (2025) This study evaluates ML 
and ensemble models for predicting delivery 
times using a large Amazon dataset. After 
preprocessing and testing various classifiers, 
ensemble models particularly those using 
SVM, Naive Bayes, and LDA achieved the 
highest accuracy (99.89%). The study 
underlines the value of ensemble approaches 
for logistics optimization and customer 
satisfaction. It provides a scalable 
framework for predictive modeling in e-
commerce logistics, addressing challenges in 
last-mile delivery and data complexity.

Mishra et al. (2025) This review focuses on 
classical ensemble techniques like bagging, 
boosting, and stacking, especially in 
addressing imbalanced datasets. It critically 
analyzes the limitations of single-model ML 

reduce bias and variance. The paper surveys 
recent advances and hybrid modifications in 
ensemble models, also highlighting their 
applicability in real-world sectors like 
bioinformatics and education. It concludes 
with future directions to enhance ensemble 
effectiveness and interpretability.

Aziz et al. (2024) This research integrates 
column generation from optimization theory 
with ensemble learning for binary 
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classification tasks. It proposes a three-phase 
LP-based ensemble framework that 
improves model generalization and diversity 
while reducing computational burden. The 
method decomposes learning into sub-
problems, enhancing scalability and 
guaranteeing optimality in ensemble space. 
Experiments confirm its superiority over 
traditional boosting strategies. The study 
bridges optimization and ML, enhancing 
both theoretical and practical ensemble 
design.

Rane et al. (2024) This paper examines 
ensemble methods combining deep learning 
and ML across domains like healthcare, 
finance, and autonomous systems. It covers 
advanced techniques like stacking, boosting, 
and bagging, noting their improved accuracy 
and robustness. Challenges such as 
computational costs and interpretability are 
discussed, with emphasis on solutions like 
explainable AI. The paper also forecasts 
future impacts from quantum and federated 
learning on ensemble methods. It serves as a 
roadmap for evolving ensemble strategies 
amid big data growth.

Yaiprasert et al. (2024)   This paper explains
how ensemble machine learning models, 
powered by AI, can optimize cost strategies 
in logistics. By simulating business cost 
threshold data, it identifies patterns to 
enhance profit and efficiency. Three 
ensemble ML methods are applied to a 
dataset of 6561 tuples. The study emphasizes 
the flexibility, adaptability, and real-time 
decision-making capabilities of ensemble 
ML in dynamic logistics markets. It also 
highlights the economic and ecological 
benefits of AI integration in logistics.

Afolayan et al. (2024) This paper presents a 
comprehensive review of AI optimization 
strategies in intelligent transportation 
systems (ITS). It categorizes methods into 
four categories: model-based optimization, 
reinforcement learning, model predictive 
control, and generative AI. Emphasis is 
placed on recent techniques (2019 2024), 
their applications, limitations, and future 

research needs. The study aims to bridge the 
gap in literature by covering diverse 
transport problems and aligning optimization 
methods accordingly. It serves as a roadmap 
for scalable, efficient, and adaptive AI 
solutions in transport management.

(Rahman et al., 2023) This paper explores 
the present flood prediction techniques are 
discussed in the paper and highlight the 
drawbacks of using independent machine 
learning models. A suggestion is made to use 
an ensemble technique using Stacked 
Generalization for improved accuracy. 
Training and testing were carried out using 
Kerala rain data (1907 2017). KNN, SVC, 
Decision Tree, and Logistic Regression 
models were tried. The ensemble model was 
found better than the others with 93.3% 
accuracy. The study proves the efficiency of 
ensemble learning in enhancing flood 
forecast systems.

(Kotary et al., 2023) This paper on
"Differentiable Model Selection for 
Ensemble Learning" introduces a new 
framework named e2e-CEL that combines 
machine learning and combinatorial 
optimization to learn to select subsets of 
ensemble models adaptively for improved 
classification performance. By making 
model selection end-to-end trainable and 
differentiable, it largely surpasses existing 
ensemble aggregation techniques in various 
tasks of classification.

(Jeffares et al. 2023) This study explains 
how Deep ensembles have proven to be 
effective at improving predictive 
performance, typically by training models 
independently. But simultaneous 
optimization of the ensemble objective has 
led to poor performance because of what was 
called learner collusion, where models 
artificially improve diversity without 
improving generalization. The paper 
suggests a unified diversity framework and 
demonstrates collusion leads to overfitting 
and poor test performance. Experimental 
results over benchmark sets confirm that 
ensembles trained separately outperform 
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those trained together consistently.

(Ngo et al., 2022) This paper explains 
machine learning applications for energy 
usage in smart buildings, classifying them 
into smart grids, energy management, 
personalization, and maintenance/security. It 
demonstrates the popularity of
reinforcement learning, neural networks and 
hybrid models. The present taxonomy fills in
the gaps of existing taxonomies. There are
several issues that need to be addressed such 
as lack of labeled data, poor generalization, 
and real-time response. The paper discusses 
prospective development based on User 
Comfort, Data privacy and Energy 
Efficiency.

(Kumar et al., 2022) This paper brings to 
limelight through its literature review that 
ensemble methods such as Bagging, 
Boosting, and Stacking are helpful in dealing 
with problems such as class imbalance, 
overfitting, and concept drift in machine 
learning. The methods improve predictive 
accuracy by voting collectively the output of 
an ensemble of classifiers. The article further 
discuses existing research merging ensemble 
methods and deep neural networks and 
demonstrates how one can simplify complex 
ensemble models. Ensemble learning, in 
general, presents itself as a reasonable 
solution for various data and model issues in 
classification problems.

(Mienye et al. 2022) The paper gives a 
comprehensive description of ensemble 
machine learning algorithms bagging, 
boosting, and stacking their relative merits 
with regard to enhancing the accuracy and 
generalization of the model. The paper 
outlines some elementary algorithms such as 
Random Forest, AdaBoost, XG-Boost, Light 
GBM, and Cat Boost. The research further 
identifies practical applications in medical 
diagnosis, credit card fraud detection, and 
sentiment analysis. Its strength is in referring
to the mathematical foundation of the 
algorithms. The article features such issues 
as data imbalance and overfitting, in which 
the subject is focused on ensemble methods 

as useful solutions.

(Hasnain et al., 2022) This study focuses on 
ensemble learning algorithms AdaBoost, 
Random Forest, SVM and their application 
in web service selection and classification. 
Classifiers that utilize models achieve higher 
classification performance at the same time 
are capable of handling missing data and 
class imbalance. Accuracy, precision, recall 
and F-measure are classical methods used to
evaluate the classifiers. Research has 
demonstrated that the combination of 
classifiers outperforms individual models. 
Future work can also focus on the use of 
deep ensemble learning to improve 
performance.

(Shahhosseini et al., 2021) This paper 
explains GEM-ITH which is a nested 
optimization framework introduced for the 
joint tuning of hyperparameters and 
ensemble weights for regression. It is shown 
that an improvement in the predictive 
accuracy is gained when hyperparameter 
optimization is integrated with the ensemble 
creation. The present framework validated 
on ten public datasets through Bayesian 
search performs better than benchmark 
ensembles. GEM-ITH demonstrates a high 
degree of efficiency and generalizability in 
small to medium-scale regression problems.

(Belete et al. 2021) This study explores the 
effect of grid search hyperparameter 
optimization on the HIV/AIDS test result 
prediction with the use of the EDHS dataset 
is studied in this paper. Eight models, 
included the SVM, Random Forest, and 
Gradient Boosting, were compared before 
and after tuning. Hyperparameter tuning was 
found to be vital for optimizing accuracy, 
F1-score, and AUC-ROC. This study 
emphasizes that hyperparameter selection 
underpins model performance enhancement 
in health applications.

(Kastrati & Biba, 2021) The paper 
addresses optimization algorithms applied in 
machine learning, especially deep neural 
networks, covering SGD, Adam, Hessian-
Free, and coordinate descent. It also 
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discusses issues related to scalability and 
convergence in large systems. The study 
emphasizes optimization's importance for 
model performance, and it concludes with 
some forward-looking statements about the 
interplay between optimization and machine 
learning.

(Wang et al., 2020) This new research has 
presented the Ensemble Learning-based 
Prediction Strategy (ELPS), a strategy for 
dynamic multi-objective optimization 
problems (DMOPs), which enhances a 
model's high robustness as far as changing 
environments are concerned. ELPS 
effectively incorporates four base models in 
the re-initialization of populations after any 
change. It certainly defeats an already 
existing prediction strategy with respect to 
benchmark tests. Furthermore, the ELPS-
DMOEA framework is shown to be one that 
is more efficient against other rival 
algorithms in dynamic environments.

(Yu T et al. 2020) In this paper, we discuss 
hyperparameter optimization (HPO) methods 
used in deep learning to aid in improving the 
performance of the model and to minimize 
guesswork and trial-and-error work. A 
number of methods are discussed, including 
grid and random search, Bayesian methods, 
and bandit approaches. The paper examines 
toolkits for HPO and discusses challenges 
such as scalability. The focus lies on 
improving efficiency, accuracy, and reach for 
both academic and industrial applications, 
with an outlook on future developments in 
automated model tuning.

(Hamdia et al., 2020) The paper proposes an 
optimization technique, particularly a genetic 
algorithm, for obtaining efficient machine 
learning models, such as DNNs and ANFIS. 
The methodology optimizes architectural 
hyperparameters targeting minimization of 
prediction errors in supervised learning. The 
case study of polymer/nanoparticle 
composite fracture energy demonstrates that 
the optimized DNNs outperformed ANFIS in 
accuracy and computational efficiency. The 
results highlight the effectiveness of 

evolutionary optimization in helping improve 
machine learning models.

(Shahhosseini et al., 2019) This paper on the 
topic "Optimizing Ensemble Weights and 
Hyperparameters of Machine Learning 
Models for Regression Problems" suggests 
two approaches, COWE and COWE-ITH, to 
enhance regression prediction jointly 
optimizing ensemble weights and model 
hyperparameters using bi-level optimization. 
The experimental results on ten public 
datasets demonstrate that the suggested 
COWE-ITH approach outperforms 
conventional ensemble methods and 
individually tuned models.

(Maruf¨oztürk et al. 2019) This paper "The 
Impact of Parameter Optimization of 
Ensemble Learning on Defect Prediction" 
analyzes the impact of hyperparameter 
optimization (HO) on the performance of 
ensemble learning models on software defect 
prediction. It presents a new ensemble 
method called novel Ensemble, illustrating 
that the optimized ensembles outperform 
default models, especially on AUC and 
MCC, and emphasizes that ensemble learner 
design matters more than the incorporated 
classifiers used.

(Ardabili et al., 2019) This paper "Advances 
in Machine Learning Modeling Reviewing
Hybrid and Ensemble Methods" gives an 
overview of the fast development of hybrid 
and ensemble machine learning models, and 
how they enhance precision, stability, and 
computation efficiency compared to the 
conventional single models. It provides a 
taxonomy of recent approaches and their 
applications in energy, health, and hydrology.

(Young et al. 2018) This paper "Deep Super 
Learner: A Deep Ensemble for Classification 
Problems" introduces a new ensemble 
approach, known as Deep Super Learner 
(DSL), that combines classic machine 
learning algorithms into a deep-learning-like 
multi-layered structure. DSL can attain 
competitive or even better performance than 
deep neural networks with less complex 
training, fewer hyperparameters, faster 
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convergence with small data sizes, and more 
interpretable results.

(Hoch T, 2015) This paper "Deep Super 
Learner: A Deep Ensemble for Classification 
Problems" introduces a new ensemble 
approach, known as Deep Super Learner 
(DSL), that combines classic machine 

learning algorithms into a deep-learning-like 
multi-layered structure. DSL can attain 
competitive or even better performance than 
deep neural networks with less complex 
training, fewer hyperparameters, faster 
convergence with small data sizes, and more 
interpretable results.

Table 1. Major contribution of review in the field of Machine Learning: Trends in Ensemble 
and Model Optimization
Authors Year Methodology Outcomes Strengths

Hu et al. 2025 PB-OEL: Online 
ensemble using multi-
armed bandits for 
adaptive weighting.

Superior real-time 
performance, robust 
even with limited 
annotations.

Theoretical guarantees, 
reliable for online 
applications.

Karakaya 2025 Ensemble models (SVM, 
Naive Bayes, LDA) for 
delivery time prediction.

99.89% accuracy in 
Amazon delivery dataset 
prediction.

Scalable framework for 
logistics optimization.

Mishra et 
al.

2025 Review of bagging, 
boosting, stacking for 
imbalanced data.

Summarizes strengths of 
ensemble models across 
sectors.

Highlights practical 
applications and future 
directions.

Aziz et al. 2024 Three-phase LP-based 
ensemble using column 
generation.

Improved model 
diversity and scalability, 
superior to boosting.

Strong theoretical 
grounding, optimality 
assurance.

Rane et al. 2024 Ensemble of deep 
learning and machine 
learning methods.

Enhanced accuracy and 
robustness across 
sectors.

Discusses challenges like 
interpretability and 
solutions (XAI).

Yaiprasert 
et al.

2024 AI-driven ensemble 
models for logistics cost 
optimization.

Improved profits, 
efficiency, and real-time 
adaptability.

Highlights ecological 
benefits and flexibility.

Afolayan 
et al.

2024 Review of AI 
optimization strategies in 
ITS (Model-based, RL, 
MPC, Gen AI).

Bridges literature gap in 
transport AI solutions.

Comprehensive 
taxonomy and future 
roadmap provided.

Rahman et 
al.

2023 Stacked generalization 
ensemble for flood 
prediction.

93.3% accuracy using 
Kerala rainfall data.

Validates ensemble over 
individual models in 
environmental prediction.

Kotary et 
al.

2023 e2e-CEL: End-to-end 
differentiable ensemble 
selection framework.

Outperforms traditional 
aggregation in 
classification tasks.

Combines combinatorial 
optimization and deep 
learning.

Jeffares et 
al.

2023 Study on learner collusion 
in deep ensembles.

Separate training better 
than joint training for 
generalization.

Introduces unified 
diversity framework to 
counter collusion.

Ngo et al. 2022 ML applications 
taxonomy for smart 
building energy 
management.

Outlines issues like poor 
generalization and real-
time response.

Bridges gaps in ML 
taxonomy for smart 
energy systems.
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Kumar et al. 2022 Literature review on ensembles 
addressing imbalance and 
overfitting.

Ensembles improve 
prediction via 
collective voting.

Merges ensemble 
methods with deep 
neural networks.

Mienye et al. 2022 Overview of bagging, boosting, 
stacking, practical applications.

Discusses medical, 
financial, sentiment 
analysis applications.

Links mathematical 
theory to practical 
effectiveness.

Hasnain et al. 2022 Ensemble learning for web 
service selection/classification.

Ensembles 
outperform individual 
classifiers in handling 
missing data.

Future work 
suggests deep 
ensemble learning 
integration.

Shahhosseini 
et al.

2021 GEM-ITH: Joint 
hyperparameter and ensemble 
weight tuning framework.

Higher predictive 
accuracy over 
standard ensembles.

Validated across ten 
public datasets, 
efficient 
optimization.

3. Limitations in Trends in 
Ensemble Learning and Model 
Optimization

Given below are some of the limitations in
trends in ensemble learning and model 
optimization:

High Computational Cost:

Multi model techniques like Gradient 
Boosting or Random Forests combines 
multiple models into a single model, hence 
increased processing time and computational 
systems or devices with low computational 
capacity.

Difficulty in Interpretation:
As ensemble models contain different
individual models, making them harder to 
interpret. This lack of transparency could 
make decision explanations more difficult in 
sensitive area, such as medical or financial 
purposes.

Risk of Overfitting :
While ensemble methods reduce overfitting, 
poor parameter tuning or over-modeling can 
still induce it. This is due to the fact that the 
ensemble is picking up noise instead of 
learning the patterns in the training data.

Increased Training Time:
It takes longer to train several models in an 
ensemble rather than a single model which 
takes longer time.

Reliance on Base Model Quality:
The quality of the base models strongly

contributes to the ensemble's productivity. If 
the base models are poor or not that stronger 
than the previous one, the ensemble will not 
improve the results.

4. Challenges of Machine 
Learning: Trends in ensemble 
learning and model optimization

Following are the challenges in Machine 
Learning: Trends in Ensemble Learning and 
model optimization:

Data Quantity and Quality:

Models require big, high-quality data. 
Collecting sufficient labeled data is costly 
and time-consuming. Low-quality or 
imbalanced data results in biased 
predictions.

Overfitting and Generalization:

Overfitting happens when models                    
memorize data, decreasing performance on 
new data. Regularization can help, but 
balancing complexity and simplicity is the 
key to generalization.

Interpretability and Transparency:

Most models, particularly deep learning 
ones, are black boxes, making it difficult to 
comprehend decisions. A lack of 
transparency diminishes trust, particularly in 
high-stakes areas such as healthcare.

Computational Resources and 
Scalability:
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Huge models take lots of resources and time 
for training. Scaling efficiently without 
making costs prohibitive is a big problem 
even with the use of GPUs.

Fairness and Bias:

Models can also learn bias from training 
data, resulting in discriminatory outcomes. 
Solving bias involves technical and ethical 
approaches to make applications, such as 
hiring or lending, fair.

5. Future Scope of ensemble 
learning and model optimization

Given below are some of the future-scopes 
in ensemble learning and model 
optimization:

Automated Ensemble Systems:

Auto-ML platforms will increasingly use 
ensemble methods automatically to boost 
model performance without manual tuning.

Edge Deployment of Optimized Models:

Lightweight, optimized ensemble models 
will be deployed on edge devices for real-
time predictions in areas like IoT and mobile 
apps.

Explainable Ensembles:

Future research will focus on making 
ensemble models more interpretable to meet 
transparency needs in healthcare, finance, 
etc.

Hybrid Optimization Techniques:

Combining techniques like genetic 
algorithms with ensemble learning will 
create more accurate and adaptable AI 
systems.

Domain-Specific Ensemble Strategies:

Customized ensemble methods will be 
developed for fields like genomics, climate 
modeling, or cybersecurity for better 
accuracy and robustness.

6. Conclusion

Ensemble learning has evolved from a 
simple technique to enhance model 
performance to a robust and adaptive 
paradigm with a dominant role in machine 
learning research. Its key strength lies in its 
adaptability, resilience, and ability to solve 
intricate high-stakes issues in a broad range 
of domains including medicine, finance, and 
autonomous systems. Old techniques such as 
boosting and bagging have been replaced 
with sophisticated methods such as dynamic 
selection, real-time adaptation, and end-to-
end system optimization. New paradigms 
such as DSL and e2e-CEL are reflective of 
this new trend with improved performance, 
yet attempting to be interpretable and 
efficient.

The primary innovation is to combine 
ensemble learning with AutoML, offering 
high-performance models to both new and 
experienced practitioners by automating 
architecture, hyperparameter tuning, and 
ensemble strategy creation. At the same 
time, a combination of ensemble techniques 
with Explainable AI (XAI), federated 
learning, and quantum computing tackles 
increasing needs for transparency, fairness, 
and privacy.
SHAP and LIME are some of the tools that 
simplify ensemble decisions to explain, 
particularly in life-critical applications.
Ensemble learning on the web is also a 
frontier area, where algorithms like PB-OEL 
learn in real-time from streaming data a
necessity for areas like industrial automation 
and cybersecurity. Meanwhile, though there 
are these advances, there are still challenges, 
particularly in computational cost and 
interpretability. Models like pruning and 
hardware-aware optimization are being 
explored to make ensembles more efficient.
In the years to come, ensemble learning will 
be more sustainable, ethical, and modular. It 
will not only make the predictions more 
accurate but also steer AI towards greener, 
smarter, and more transparent solutions.
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