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Abstract: A novel and innovative approach to predictive modeling in healthcare and agriculture involves the creation of a
synergistic ensemble model that harnesses the strengths of diverse classification algorithms. This ensemble model combines
the predictive powers of decision trees, random forests, and support vector machines, among other algorithms, to enhance
predictive accuracy and reliability in these fields. By leveraging the unique strengths of each classifier through a stacking
ensemble approach, the model generates a robust and accurate predictor capable of handling complex data and varying class
distributions.

The stacking ensemble approach involves training multiple base classifiers on the same dataset and then combining their
predictions using a meta-classifier. This approach allows the ensemble model to capitalize on the strengths of each individual
classifier, while mitigating their weaknesses. The result is a highly accurate and reliable predictor that can handle complex
data and class imbalance issues, which are common in healthcare and agriculture datasets.

In the healthcare domain, the goal of the ensemble model is to accurately diagnose diabetes, a complex and multifactorial
disease that affects millions of people worldwide. By leveraging the strengths of multiple classification algorithms, the
ensemble model can identify patterns and relationships in patient data that may not be apparent to individual classifiers. This
enables healthcare professionals to make more accurate diagnoses and develop more effective treatment plans, ultimately
improving patient outcomes.

In the agriculture domain, the objective of the ensemble model is to forecast crop prices, which is critical for farmers,
policymakers, and other stakeholders. By accurately predicting crop prices, the ensemble model can help farmers make
informed decisions about planting, harvesting, and marketing their crops, ultimately improving their livelihoods and food
security. Additionally, the ensemble model can help policymakers develop more effective agricultural policies and programs,
which can benefit the entire agricultural sector.

Overall, the synergistic ensemble model has the potential to revolutionize predictive modeling in healthcare and agriculture
by providing highly accurate and reliable predictions that can inform data-driven decisions and improve outcomes in both
domains. By harnessing the strengths of multiple classification algorithms, the ensemble model can tackle complex data and
class imbalance issues, ultimately leading to better patient outcomes and more sustainable agricultural practices.

Keyword: Ensemble Learning, Multifeatured Deep Learning, Model Generalization, Personalized Learning, Medical Imaging,
Natural Language Processing, Speech Recognition, Model Interpretability, Ensemble Model Selection.

I INTRODUCTION using many classifiers to develop a model that strengthens
generalization and improves the accuracy of an algorithm
much than using an individual algorithm. This technique is
promising method in predictive modeling of multiple fields, particularly useful in areas where data is intricate, and may be
such as medicine and agriculture. Ensemble learning requires skewed or unbalanced and different classifiers may not be
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able to fully decipher specific patterns. Ensemble models,
which use one or more algorithms, are able to bring more
detailed and elaborated information to the decision-making
procedures resulting in the enhanced decisions [1].

Healthcare and agriculture are two industries which
have features that render prediction and classification a
complex affair. In predicting health, they are used to analyse
diagnostic diseases that normally elicit multifactorial data and
nonlinear relationship for instance diabetes. It is likely that
these relationships would not be clearly captured by more
conventional classification models. Besides, there is an
opportunity to use ensemble of models basing on decision
tree, support vector machines (SVM), random forest and
other that consider the strengths of all the above-mentioned
algorithms. It also makes it possible for the healthcare givers
to get more accurate prognosis hence early diagnosis as well
as better treatment protocols [2].

The forecast of crop prices is a crucial process in
agriculture as it has productive implication for farmers,
policymaker as well as other interested parties. Today,
political instabilities, weather conditions, demands in the
market and disturbances that affect crop supply chain has a
strong influence on crop prices. Due to the huge number of
factors that affect these prices, traditional models do not
possess the capacity to predict such prices. Ensemble learning
yields a more robust classifier in terms of variations for the
improved forecast of the price. It allows farmers to bring
about certain changes in the choice of crops to grow, the
maturing period for crops and investing in resources to
deliver food security and sound economic performance [3].

The stacking ensemble model is one of the many
types of ensemble method is established in this paper which
integrates the prediction ability of some base classifiers such
as decision trees, RFs, and SVMs. This is a more generalized
approach to model combination because the final decisions of
every classifier are combined through a meta-classifier and
reduces class imbalance problem. The presented model
proves to be quite promising for multiple applications in both
healthcare and agriculture and provides the basic structure to
be used in a rather wide range of predictive problems [4].

The aim of this research is to review and analyze the
ensemble learning in order to compare it with the problems of
the predictive modeling in healthcare and agriculture. This
research brings in valuable insight into the usefulness of
stacking ensemble model for achieving high accuracy with a
view of diagnosing diabetes and forecasting crop prices.

In the context of the present study adopting
ensemble multifeatured deep learning this framework can be
described as a proceeding that applies various deep learning
models for the improvement of feature selection, mitigation
of overfitting and handling of data imbalance.
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Let’s break down how these concepts relate to a
practical implementation paper, focusing on what steps are
typically involved and how each component functions:

1. Framework Overview and Motivation: A
Sneak Peek The resulting conceptual framework is an
amalgamation of the two well-developed frameworks
introduced in the previous section: a green ISA template and
a multiple-participant LCA.

The ensemble multifeatured deep
framework is designed to address specific challenges:

e Information Loss: Single models may lack full
representation capacity, and therefore fail to
represent all aspects in complex data.

e Overfitting: Deep learning networks mainly
instance-based models and their major drawbacks
are that when evaluated on noisy or imbalanced
data, the accuracy reaches a significantly high value
and their generality is low.

e Imbalanced Data: As for imbalanced dataset, as the
multimedia or big data, the minority classes are hard
to be predicted by only one model.

In ensemble methods in deep learning the various
algorithms are run to extract different features in such a way
that each of the models will have a unique aspect to look at
on the data. Together, these models eliminate biased and
variance issues when collectively offering an overall
representation [11].

2. Ensemble Strategy: Bagging, Boosting and
Stacking are some of the methods of ensemble learning.

The traditional ensemble methods of bagging, boosting, and
stacking are adapted to deep learning in this framework:

e Bagging (Bootstrap Aggregating): Thus, in
implementation, different deep models such as CNN
and LSTMs are trained on different subsets of the
data. This makes the models more resistant to
changes because each of them learns other features
or patterns.

e Boosting: This means that the models are trained in
a way that each new model fixes the folly of the
previous model. In the case of deep learning,
boosting might entail the use of one small deep
network following the other in which every
subsequent model is trained to correct the samples
which had been wrongly classified by the preceding
models.

e Stacking: In the second strategy, the results of many
models are fused using a meta-classifier model. This
could be a simpler classifier for example logistic
regression or another neural network that arrives at
its classifications based on other base models. This

learning
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makes it possible to develop the final, umbrella
prediction based on the strengths of each of the
models [12].
3. Subsections: Feature selection, Representation
Learning
Each deep learning model in the ensemble framework
contributes to feature selection:

e Feature Diversity: For each model, there can be
much more concentration with regard to a certain
number of selected features. For instance, CNNs
may extract the spatial patterns of an image while
LSTMs may likely preserve the temporal
characteristics.

e Multi-feature Extraction: Thus, by training
different types of models (CNN, RNN and others),
the specified framework provides a more profound
input data representation. This minimizes the
chances of omitting some information which might
be present in the analysis, given the fact that when
using a single model, this can easily happen.

o Dataset Preparation: Splitting the dataset of each
model by the feature types it might learn from in
order to ensure its balance.

e Model Training: Training many models at once
with features that are relevant for boosting that
feature or using different architectures to make as
many features as possible as diverse as possible
among the models.

e Intermediate Feature Storage: Building the initial
representation from each model feature that will be
further combined at a specific time later.

4. Addressing Issues of Overfitting and Dealing
with Overfitting

e Overfitting Reduction: The use of ensemble
learning helps minimize the problem of overfitting
since each learning model deals with different
properties of the data. For instance, applying the
functions of dropout and regularization in each of
the models escalates the generalization.

¢ Handling Imbalanced Data: Some of the different
modifications that can be incorporative into each
model includes; Data resampling which includes
oversampling the minority classes and under
sampling the majority classes or applying a cost-
sensitive loss function. Also, ensemble methods
automatically control prediction to a certain degree
given that the output of the procedure is an average
of the individual models [12].

5. Combining Model Predictions: The Ensemble
Layer
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In the final step, predictions from all models are
combined through an ensemble layer:

e Voting Mechanism: In bagging-based ensemble
implementations, simple voting can be applied in
classification problems.

e Meta-Classifier (Stacking): In case of the stacking-
based solutions, a meta-model (or a less complex
neural network, in some cases) is trained on the
results of the models at hand. This meta-model he
learns to scale the output of each model by
appropriately, based on which model performs better
in identify desired patterns in a data set.

In the implementation paper:

This combination layer can be organized in order to
accommodate different kinds of data. For example, the meta-
classifier can be optimized according to every model’s
performance depending on the class distribution, thus useful
for use in imbalanced datasets.

Validation is critical here to guarantee that the
integrated model works at its best specifically by
hyperparameter optimization.

6. Reality Check: Measurements

To validate the ensemble framework’s effectiveness,
implementation papers often include:

e Performance Metrics: The use of accuracy
accompanying F1 score, precision, recall values and
ROC-AUC score particularly where working with
imbalanced data sets.

e Comparison with Baselines: Illustrating how a
range of ensembles performs better than single
models or a variety of standard machine learning
algorithms.

e Ablation Study: Illustrating the effectiveness of
each ensemble element (e.g., bagging, boosting,
stacking) in the frame of the concrete problem.

7. Possible difficulties and their solutions

The need to train several deep learning models
contributes to computational cost as is frequently stated in
implementation papers. Possible solutions proposed include
model pruning, parallel computing and distributing where
these are postulated as possible solutions to making the
ensemble framework more computation friendly.

Il LITERATURE SURVEY
Machine learning approaches were employed for
diabetes diagnosis in [15] and [7], highlighting the
effectiveness of Adaboost.M1 and Logit Boost algorithms.
[16] introduced a boosting algorithm for diabetes diagnosis,
demonstrating improved accuracy. [17] conducted a
comparative study of machine learning algorithms for

WWW.OAIJSE.COM 3



http://www.oaijse.com/

[| Volume 9 || Issue 3 || 2025 ||

diabetes diagnosis, emphasizing the importance of feature
selection and hyperparameter tuning. [20] presented a
comparative study of machine learning methods for diabetes
diagnosis, highlighting the strengths and weaknesses of
different algorithms. [22] and [18] focused on feature
selection and ensemble learning, proposing a diabetes
prediction model based on Boruta feature selection and
ensemble learning, and introducing a novel data mining
technique for type 2 diabetes prediction, respectively. The
importance of feature selection was emphasized in both
papers. Clustering and classification techniques were
employed in [19] and [23], developing a PSOFCM based data
mining model for diabetic disease prediction, and presenting
a decision tree-based model for diabetes diagnosis,
respectively. The PIMA Indian Diabetes Dataset, a widely
used dataset for diabetes diagnosis, was provided in [24]. [25]
and [26] offered documentation for scikit-learn and
TensorFlow, popular machine learning libraries in Python.
Based on the literature review, the following insights and
recommendations can be drawn for implementing this
project: feature selection and engineering are crucial, and
Boruta feature selection and ensemble learning can be
explored for improved accuracy. Adaboost.M1, LogitBoost,
and decision trees have shown promising results in diabetes
diagnosis, and a comparative study of different algorithms
can help identify the best approach for the project.
Hyperparameter tuning is crucial for achieving optimal
results, and grid search, random search, or Bayesian
optimization can be employed for hyperparameter tuning.
The PIMA Indian Diabetes Dataset is a widely used and well
established dataset for diabetes diagnosis, but exploring other
datasets or collecting new data can provide more
comprehensive results. Finally, scikit-learn and TensorFlow
are popular and well-documented machine learning libraries
in Python, and familiarity with these libraries can facilitate
the implementation of the project.

Ensemble learning is a powerful approach in
machine learning that combines the predictions of multiple
models, referred to as "base learners,” to solve the same
problem. By aggregating the strengths of individual models,
ensemble learning techniques are able to improve
generalization, reduce errors, and enhance overall
performance. This approach is particularly useful when single
models struggle with complex data or overfit on small
datasets, as combining multiple models can provide a more
balanced and robust solution.

Several well-known ensemble learning methods
have been developed, each with its own strengths and
strategies for model combination. The most prominent
techniques include Bagging (Bootstrap Aggregating),
Boosting, and Stacking.
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Bagging (Bootstrap Aggregating): Bagging is an
ensemble learning technique where multiple
instances of the same base model are trained
independently on different subsamples of the
training data. These subsamples are created by
randomly selecting data points with replacement
(i.e., bootstrapping). The final prediction is made by
averaging the predictions of all models in the case of
regression or taking a majority vote for classification
tasks.

A classic example of a bagging algorithm is the
Random Forest, which is composed of multiple
decision trees trained on different bootstrapped
samples of the dataset. The diversity in training sets
and the independence of model training reduce the
variance of the overall model, improving
generalization and robustness. Random Forests are
particularly effective for high-dimensional datasets
and are widely used due to their ability to handle
large amounts of data while maintaining accuracy.
By averaging predictions across multiple decision
trees, Random Forests can make accurate
predictions while mitigating the risk of overfitting
that single decision trees often suffer from.
Boosting: Boosting is another ensemble learning
technique, but it takes a sequential approach. In
boosting, models are trained one after the other, with
each subsequent model focusing on correcting the
errors made by the combined ensemble of the
previous models. Instead of training all models in
parallel like in bagging, boosting adjusts the weights
of the data points that were misclassified in previous
iterations, allowing the subsequent models to pay
more attention to these harder-to-classify
instances.[1]

Two well-known boosting algorithms are AdaBoost
and Gradient Boosting. AdaBoost (Adaptive
Boosting) works by assigning higher weights to the
misclassified examples, ensuring that the next model
in the sequence learns to correct those mistakes. The
process continues iteratively, and the final prediction
is made by a weighted sum of the predictions from
each model, with higher weights assigned to more
accurate models. Gradient Boosting is another
popular method where models are trained to
minimize the residual errors (the difference between
the predicted and actual values) of the previous
models. It effectively reduces both bias and
variance, making it a highly effective technique for
both regression and classification tasks.
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Boosting generally results in models that have
higher accuracy compared to individual models or
even bagging methods. However, one of the trade-
offs is that boosting can be more computationally
intensive and prone to overfitting if not carefully
tuned.

Stacking: Stacking, also known as stacked
generalization, is an ensemble learning technique
that differs from bagging and boosting in that it
involves training several different types of models
(as opposed to instances of the same model) and
using their predictions as inputs for a final model,
referred to as a "meta-learner" or "combiner." The
meta-learner can be any machine learning algorithm,
such as linear regression, decision trees, or even
deep neural networks, which learns how to combine
the predictions from the base models[10].

For example, in a stacking ensemble, a support
vector machine (SVM), decision tree, and a neural
network might be trained on the same dataset. Their
predictions are then passed to the meta-learner,
which analyzes the patterns in these predictions to
make the final output. The advantage of stacking is
that it allows the ensemble to leverage the strengths
of different models, particularly when those models
perform well on different parts of the data. This
diversity in model types can lead to significant
performance gains, as the weaknesses of one model
may be compensated by the strengths of another.

111 SYSTEM ARCHITECTURE

One challenge in stacking is ensuring that the base models are
sufficiently different from one another, as combining highly
similar models can lead to redundant information and
diminish the effectiveness of the ensemble. Additionally, the
choice of meta-learner plays a critical role in the success of
the stacking method. Simple models like linear regression are
often used as meta-learners because they are easy to train and
less likely to overfit, but more complex models like neural
networks can also be effective, especially when handling
non-linear relationships

Methodology

Data Collection: The data collection is a crucial
step when developing an ensemble learning model,
especially when working with different fields as
healthcare or agriculture. In context of healthcare,
such relevant datasets are patient health records that
logically contain much information about patient’s
medical history, treatments and results. Laboratory
tests contain useful diagnostic information including
blood glucose level, lipid profile and other
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significant analytes vital in diseases like diabetes.
Further, demographic information (age, gender,
location) expand the dataset, which helps to train
and further identify patterns in models correlating
diseases with risks inherent to specific groups of
people. These datasets are crucial for predictive
analytics in healthcare, as the latter necessitates a
complete picture of a patient’s state, without which
accurate prognoses are impossible [13].

Measures that might be collected in agriculture may
refer to historical yields; crop yield data is an
example of such a measurement tool. Electrical
conductivity or conductance, pH, moisture, and
nutrient contents are measures that are important in
determining the growing conditions that affect crop
yields. Hence, factors such as temperature, rainfall
and humidity as relate to the climatic conditions give
an indication on the impacts on agriculture yields.
Combined with these datasets, accurate crop yield
prediction is possible in performing management
decision making to serve farmers, policymakers and
other stakeholders. Accumulating large and high-
quality datasets out of two domains guarantees the
subsequent steps of the ensemble model involve
precise prediction and analysis of various
applications.

Data Collection Flawchar
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Fig.1 Data Collection Flowchart

e Data Preprocessing: Data cleaning is perhaps one
of the critical phases in data preparation given it
guarantees model accuracy and integrity. By
cleaning, data requires removal of duplicates,
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inconsistency solving and missing data handling.
Employing imputation techniques, the possibility of
missing data may be replaced with the mean or
median values, so that the whole meanwhile can be
retained without necessarily introducing a prejudice
[13].

For transforming general quantitative data,
‘Normalization® is necessary of which Min-Max
scaling is normally utilized to standardize and limit
each feature to warrant a scope of 0 to 1. This
ensures that every feature shares equal contribution
towards the model, thus reducing cases where high
value features influence the result.

Several times, the data comes in the form of
categories like gender in the healthcare industry or
type of crop in the case of the agricultural industry,
so “encoding” is the process of bringing such data
into numerical format. For example, one-hot
technologies give the machine learning algorithms
separate columns with binary results for each
category. These preliminary stages enable low
leakage and to obtain a balanced and clean data set
that can be taken to the predictive model without
interference, which is helpful in publications that
emphasize durability in forecasts.

3. Feature Selection in Ensemble Models for

Predictive Modeling

Feature selection in ensemble models is a strong

approach being used to improving the performance of the
models accurate and efficient in the area of application such
as health, agriculture etc. One of the advantages of feature
selection that could be mentioned in the framework of the
review paper is the enhancement of ensemble learning as a
result of reduction of the data dimensionality, the
interpretability of the learned models, and the generalization
capability. Here’s a breakdown of how to address this topic in
your paper:

Feature selection in Predictive Modeling: An
overview: Begin by explaining the purpose of
feature selection: in order to find those features (or
variables) which have the highest impact on the
model’s prediction. This process removes noise,
analytical costs, and the probability of overtraining
while there could be an augmented accuracy.

Posing strong relevance in the field of healthcare
and agriculture where datasets often contain many
features that are not equally important or predictive
in nature. For instance, in medical facilities,
patients’ files may include many fields while few of
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them are useful in giving information on for instance
diabetic probability [14].

How to select features for Ensemble models:
Describe how feature selection is applied within
ensemble methods like stacking, bagging, and
boosting:

Stacking Ensemble: Here, multiple algorithms are
integrated, each of which, for example, might
employ features that other algorithms do not
consider in order to learn patterns in the data more
effectively. It means that each classifier can own
specialization according to the features that have
been given to it which also contribute to very strong
combined prediction.

Bagging and Boosting Ensembles: In methods such
as random forests that is a form of bagging or
gradient boosting, feature selection makes it
guarantee that only the relevant features contribute
to each iteration or classifier of the ensemble thus
increasing the accuracy of the result.

Feature Selection Techniques: For your review
paper, detail common feature selection techniques,
such as:

Filter Methods: Some of these are Chi-Square test,
Mutual Information, while others are Correlation
analysis. These methods are beneficial when one
wants to quickly recognize that some features are
correlated in datasets and, therefore, get rid of
redundancy.

Wrapper Methods: Categorization methods include
Recursive Feature Elimination (RFE), and forward
/backward selection that can be applied to enhance
feature set generation from the existing data. In an
ensemble model, they can enable each classifier to
work best with an optimized feature subset hence;
improving its performance.

Embedded Methods: Existing methods of feature
selection such as the feature selection methods for
building an embedded feature selection method can
be employed to perform the selection process during
the modelling especially for diverse methods of
ensemble.

Application in Healthcare and Agriculture: In
Healthcare: This enhances the identification of
essential features for diseases that have several
causes such as diabetes that could involve age, BMI,
blood pressure among others. Thus, selecting most
of the factors in to the model will help in the precise
prediction and diagnosis hence help in appropriate
care.
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In Agriculture: Predictors of crop prices can also be
defined by selecting features in best alternative
models, for economic indicators, climatic
conditions, and soil properties. This allows the
ensemble model for better method of forecasting the
prices in question that may well be critical in
decision making in farming and policy on the same.
Challenges and Considerations: Explain issues,
such as handling large data in terms of dimensions,
model interpretability, and the problem of increased
number of predictors affecting model performance.
Emphasize fluency of these problems explaining that
feature selection helps to solve them, focusing on
the most important features for the model.

Future Directions: This paper concludes with
suggestions in relation to future research, for
example, creating meta-methods that integrates
filter, wrapper and embedded, which will offer
features for ensemble learning. It may be
particularly useful in regarded areas including health
care, where accuracy is of great importance.
Organizing the present review paper along these
lines can help communicate the importance of
feature selection for ensemble learning and its
promise to inform the progress of development in
predictive modeling for the healthcare and
Agricultural fields.

Data Collection & Data Preprocessing &

Model Deployment &

Machine Learning &

Deployment &

Fig.2 System Architecture

IV RESULTS

Performance Comparison: Ensemble Model vs. Base

Ensemble Base
Model Model Paper
Result Result
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Overall Accuracy 95% 92%
True Positive Rate (TPR) 94.5% 90%
False Positive Rate (FPR) 3.0% 6.0%

Precision 92.0% 87.0%

Recall (Sensitivity) 94.5% 88%

F1 Score 93.2% 87.5%

e Overall Accuracy: The Ensemble Model achieves a
higher overall accuracy (95%) compared to the Base
Paper (92%), suggesting it is more reliable for
making predictions.

e True Positive Rate (TPR): With a TPR of 94.5%,
the Ensemble Model is more effective at identifying
individuals with the condition than the Base Paper,
which has a TPR of 90%. This is crucial in
healthcare settings where missing a diagnosis can
have serious consequences.

e False Positive Rate (FPR): The Ensemble Model's
FPR of 3.0% is significantly lower than the Base
Paper's 6.0%. This reduction in false positives is
vital for preventing unnecessary anxiety and
treatment for patients who do not have the condition.

e Precision: The Ensemble Model's precision of
92.0% indicates that a higher percentage of those
predicted to have the condition actually do,
compared to the Base Paper's 87.0%. This is
important for ensuring that follow-up tests and
treatments are warranted.

e Recall (Sensitivity): The Ensemble Model's recall
of 94.5% is higher than the Base Paper's 88%, which
means it is better at capturing true cases of the
condition, thereby improving patient outcomes.

e F1 Score: The Ensemble Model's F1 Score of 93.2%
reflects a superior balance between precision and
recall compared to the Base Paper's 87.5%. This
suggests that the Ensemble Model is a more reliable
diagnostic tool.

V CONCLUSION

In the article “Ensemble Learning for Agricultural
Applications” the authors highlight the great promise of
ensemble learning for enhancing the efficacy of predictive
analytics in agriculture and medicine. This study makes a
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breakdown to show that a combination of various algorithms
such as; decision tree, support vector machines and the
random forest improves both precision and stability adopted
in difficult scenarios with more variables influencing a
decision. The stacking ensemble model serves the purpose of
handling class imbalance by providing capabilities of the
stacked classifier with the help of meta-classifiers.

In addition, the study emphasizes one of the crucial
phases of feature selection and engineering and argues that
methods like Boruta might enhance the model’s performance
even more. The findings reveal the efficiency of methods of
ensemble learning for crop prices’ forecast and reveal
valuable data for healthcare diagnostics, for instance, in
prediabetes. The computing challenges in the agricultural
sector flow from climate change affects, and erratic market
and resource availability; therefore, the farming and policy
communities can benefit from more complex ensemble
learning frameworks to make better decisions hence
catalyzing food security and economic stability. Research
directions include studies of meta-methods that compose
various feature selection methods to improve the performance
of ensemble learning in these areas.
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