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Within the healthcare segment, Artificial Intelligence applications have 
made diagnosis much better through early problem detection with 
much ease, accurate diagnosis, and tailored treatment plans. Apart 
from effective medical action, these advantages come with improved 
patient outcomes. The integration of many benefits in different models 
through the ensemble methods improved these advantages thus 
offering even higher accuracy and dependability.In this paper we 
propose an ensemble technique known as ABNet algorithm that 
combines the resilience of the AdaBoost algorithm with the agility of 
neural networks so as to increase classification accuracy. The algorithm 
implements the traditional architecture of neural networks, utilizing 
backpropagation for training through multiple layers of differentiable 
modules. Within this method the weights allocated to individual neural 
networks are influenced by their accuracy, with more accurate 
networks acquiring higher weights. This adjustability enables 
AdaBoost to highlight previously misclassified instances, effectively 
directing the neural networks to learn from their errors. Our startegy, 
substantiated on three datasets, show sturdiness and generalization, 
centerd on emphasizing the model's adaptability within various 
diagnostic disease datasets. 
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1. Introduction 
Compared to using a single model, ensemble methods combine many models to improve the prediction accuracy 
and flexibility. By using diverse models, ensembles can alleviate bias and variance, resulting in more reliable 
outcomes. Permitting the ensemble to address the individual model weaknesses, the well-known approaches like 
voting or averaging take account of combining model outputs. Ensemble methods have been used extensively in 
health care, finance, agriculture [1] [2] etc. owing to their capability to increase performance and convey more 
precise and steadfast predictions.  

One of the popular ensemble-learning techniques in machine learning is boosting that improves the model 
accuracy by combining multiple weak learners changing into a strong learner. Sequentially, the models are 
trained. Each new model focuses on adjusting errors created by the previous ones. AdaBoost is regarded as one 
of the preferred and adaptive boosting algorithms, which starts by allocating equal weights to all training samples. 
It trains a weak learner then evaluates its errors. After that it increases the weights of misclassified samples to put 
emphasis on them in following iterations. This process is repeated, and each model's role is determined by its 
accuracy. AdaBoost is robust against overfitting and improves prediction accuracy.  

Influenced by the human brain, neural networks [3], [4] are machine learning models that are composed of 
interconnected layers of nodes known as neurons. They comprise of an input layer, hidden layers, and an output 
layer. Each neuron in the network processes data by means of weighted connections and then applies the 
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activation function to introduce the non-linearity that enables complex pattern learning. The training in neural 
networks involves the forward propagation [5] and backward propagation. The former is a step where the data 
passes through the network to generate the predictions whereas in latter weights are adjusted based on the errors 
so as to minimize a loss function [6]. Mostly used for image recognition, natural language processing, and speech 
recognition, neural networks achieve high accuracy due to their aptitude to learn intricate patterns from large 
datasets, but they need large data and computational power. Attributable to their complex internal workings, they 
are often thought of as black boxes. 

Neural networks do not display peak performance when applied to tabular data. Consequently, tree-based 
models are habitually preferred in these scenarios [7]. Tree-based models, by nature, produce piece-wise 
functions, providing them with better interpretability in contrast with neural networks [8]. They also aid as 
effective tools for understanding how various features affect the dependent variable. Many researchers have 
explored the fusion of neural networks with the tree models to construct ensembles. The combination of boosting 
with neural networks improves model performance considerably as detailed in literature. The results have 
highlighted an enhanced accuracy, predominantly for tabular datasets [9], emphasizing the efficacy of this method 
in disease diagnosis and prediction datasets [10].  Using the iterative correction of errors and emphasizing upon 
the indeterminate instances, this approach increases accuracy, decreases overfitting, and improves robustness, 
particularly in noisy or imbalanced datasets. Boosting helps the neural networks to converge more proficiently 
[11], resulting in enhanced generalization and likewise helps in feature selection by focusing upon the most 
pertinent features [12], which makes the model extra adaptive and responsive. On the other hand, to achieve the 
optimal results, boosted neural networks require careful hyperparameter and it can also be computationally 
intensive. When it is about accuracy and sturdiness, this combination is greatly effective. In this domain, our 
research further attempts to contribute to the exploration of this promising research area. We propose ABNet 
(Adaptive Boosted Neural Network) algorithm that combines the resilience of neural networks in conjunction 
with the adaptive learning capabilities of the AdaBoost algorithm to improve classification accuracy. The novelty 
lies in the dynamic adaptation of weights during each iteration focusing on the importance of indeterminate 
instances. The paper is divided into seven sections. Section 1 gives the introduction, Section 2 gives the review of 
literature, and Section 3 gives the methods used in this research work followed by Section 4 that gives the results 
of the research work. Section 5 provides the discussion; Section 6 gives the conclusion and Section 7 follows with 
the limitations and future work of the research study. 

2. Related Work 
Deep ensembles, both together with and separately from neural networks, show favorable performance in 
classification tasks, mostly when tested on disease datasets. This twofold approach displays their adaptability and 
efficacy in contributing to precise and robust disease classification. Over the years, advanced machine learning 
models have seen numerous innovative approaches for the classification of disease datasets. In [13] (2010), the 
authors introduced a Weighted Random Forest that assigned weight built on tree classification to fine-tune the 
tree influence on accuracy. A weight-adjusted voting algorithm was proposed by [14] (2011), which emphasized 
upon tree efficiency through weight consignment to decision trees. [15] (2011) highlighted the importance of 
ensemble methods like Random Forest and XGBoost in tabular data solutions owing to their consistency and 
sturdiness, often starring in winning solutions. [16] (2014) introduced Neural Decision Forests by combining the 
decision tree comprehensibility with the features of neural network thereby providing an exclusive method to 
innovative feature learning. [4] (2016) presented convolutional layers for tabular data, augmenting prediction 
accuracy by capturing complicated patterns. gcForest (Deep Forest) was developed by [11] (2017) which is a 
multi-layer ensemble of decision tree ensembles that surpasses with restricted scale data and overtakes many 
approaches through simple and direct training. Deep Neural Decision Tree was proposed by [17] (2018) that 
aligned the weights with specific decision trees to improve model complexity and flexibility. Transfer learning 
with Decision Forests (DF) was explored by [2] (2018). The authors used quadratic optimization to decide weights 
for a weighted average, substituting standard averaging. [8] (2021) pioneered with ConvXGB, employing 
convolution layers for encoding and feature map inference in XGBoost trees. The combination of CNN with 
XGBoost for breast cancer data classification proposed by [18] (2021), improved the accuracy by capitalizing on 
CNN's pattern recognition and boosting competences.  TabNet developed by [19] (2021) is a deep learning model 
for tabular data that utilizes sequential attention for selection of features. The authors were able to demonstrate 
that their proposed model outperforms other models. XBNet developed by [20] (2022) is a distinguishing 
approach where trees at each layer are integrated with gradient descent-based weight adjustments to improve 
model performance.  
 Inspired by the success of integration of neural networks and tree-based models for developing improved 
prediction methods, we consider a boosted neural network ensemble approach for classification of tabular disease 
datasets. The assimilation of these approaches is inspired by the neural networks' capability to model difficult 
data patterns and tree-based models' efficient handling of feature interactions. 
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3. Methods 

3.1 ABNet Architecture 
The ABNet algorithm combines the robustness of neural networks with the flexible learning abilities of the 
AdaBoost algorithm to improve classification accuracy. Primarily, the algorithm allocates equal weights to entire 
data points and trains a neural network on this equally weighted dataset. In succeeding boosting iterations, the 
algorithm concentrates on refining the classification of formerly misclassified samples by adjusting their weights. 
 

 
Fig. 1 Proposed ABNet architecture 

It attains this by training extra neural networks and assigning higher weights to misclassified instances while 
decreasing weights for correctly classified ones. Fig. 1 provides the architecture of ABNet. 
The significant innovation lies in the dynamic adaptation or revision of weights throughout each iteration, 
highlighting the importance of indeterminate instances that are difficult to classify. The weights designated to 
individual neural networks are dictated by their accuracy, with more accurate networks getting higher weights. 
This adaptableness permits the algorithm to learn based on its mistakes and uninterruptedly refine its predictive 
capabilities. The final or ultimate ensemble is a blend of these neural networks, where every single network 
contributes based on its singular performance. This method proves valuable in scenarios where conventional 
neural networks may contend with certain data patterns. By including AdaBoost's adaptive weighting system, the 
ABNet targets to produce a robust ensemble model that surpasses in handling complex datasets, eventually 
improving overall classification accuracy. 

3.1.1 Gradient Descent Update Rule 
Adaptive Boosted Neural Networks (ABNet), the fundamental gradient descent update rule remains 

unchanged like the standard gradient descent algorithm. The common update rule for a parameter θj in gradient 
descent is given by: 

𝜃𝜃𝑗𝑗 = 𝜃𝜃𝑗𝑗 −  𝛼𝛼 𝜕𝜕𝜕𝜕(𝜃𝜃)
𝜕𝜕𝜃𝜃𝑗𝑗

      (1) 

𝜃𝜃 = 𝜃𝜃 −  𝛼𝛼.∇ 𝐽𝐽(𝜃𝜃)      (2) 

 
where θj is the jth parameter (weight and bias) that is being updated, θ represents the model parameters, α is the 
learning rate J(θ) is the loss function and ∇ J(θ) = ∂J(θ)

∂θj
 is the derivative of the loss function with regard to jth 

parameter. 
The update equation for Stochastic Gradient Descent (SGD) within the framework of neural networks is 

characteristically expressed as follows: 
 

𝜃𝜃𝑡𝑡+1 = 𝜃𝜃𝑡𝑡 −  𝛼𝛼 ∇ 𝐽𝐽�𝜃𝜃𝑡𝑡;  𝑥𝑥(𝑖𝑖),𝑦𝑦(𝑖𝑖)�    (3) 



J. of Soft Computing and Data Mining Vol. 5 No. 2 (2024) p. 264-273 267 

 

 

where θt represents the parameters at time step t,  𝐽𝐽�𝜃𝜃𝑡𝑡;  𝑥𝑥(𝑖𝑖), 𝑦𝑦(𝑖𝑖)�  is the loss function that calculates the 
difference between the predicted output and the actual output for a particular training example (x(i), y(i)), 
∇ J�θt;  x(i), y(i)� is the gradient of the loss with regard to the parameters θt. The update is accomplished for 
each mini-batch or individual training example, where i is used to denote the current training example. 

The gradient descent equation remains unchanged, the exceptional characteristic lies in how these updates 
relate with AdaBoost's adaptive weighting mechanism during the training iterations. 

3.1.2 Weight Update in ABNet 
a) Backpropagation Update 
A very important step in the neural network training is the backpropagation [8], where the error acquired from 
forward propagation is transmitted backward through the network layers so as to adjust the weights and improve 
or optimize the model. The weights in standard backpropagation are updated by means of the gradient of the loss 
regarding the weights. Let L be the loss function, then 

 

𝑤𝑤𝑏𝑏𝑏𝑏_𝑛𝑛𝑛𝑛𝑛𝑛 = 𝑤𝑤𝑏𝑏𝑏𝑏_𝑜𝑜𝑜𝑜𝑜𝑜 −  𝜂𝜂 𝜕𝜕𝜕𝜕
𝜕𝜕𝑤𝑤𝑏𝑏𝑏𝑏_𝑜𝑜𝑜𝑜𝑜𝑜

       (4) 

where 𝑤𝑤𝑏𝑏𝑏𝑏_𝑛𝑛𝑛𝑛𝑛𝑛  is the updated weight after the backpropagation, 𝑤𝑤𝑏𝑏𝑏𝑏_𝑜𝑜𝑜𝑜𝑜𝑜  is the current weight, η is the learning 

rate and 
𝜕𝜕𝜕𝜕

𝜕𝜕𝑤𝑤𝑏𝑏𝑏𝑏_𝑜𝑜𝑜𝑜𝑜𝑜
 is the derivative of loss with respect to the weight. 

The weight update equation for SGD is given by: 
 

𝑤𝑤𝑠𝑠𝑠𝑠𝑠𝑠_𝑛𝑛𝑛𝑛𝑛𝑛 = 𝑤𝑤𝑠𝑠𝑠𝑠𝑠𝑠_𝑜𝑜𝑜𝑜𝑜𝑜 −  𝜂𝜂 ∇ 𝐿𝐿�𝑤𝑤𝑠𝑠𝑠𝑠𝑠𝑠_𝑜𝑜𝑜𝑜𝑜𝑜�      (5) 

where wsgd_new is the updated weight after the SGD update, wsgd_old is the current weight, η is the learning rate, 
∇ L (wsgd_old) is the gradient of the loss with respect to the weight. 

b) AdaBoost Weight Update 
The weight assigned to a data point is adjusted during each iteration of AdaBoost. This adjustment involves a 
decrease if the point is correctly classified by the model produced in that iteration and an increase else. The 
weights are updated as reported by the misclassification error as 

 
𝑤𝑤𝑎𝑎𝑏𝑏𝑛𝑛𝑛𝑛𝑛𝑛 = 𝑤𝑤𝑎𝑎𝑏𝑏𝑜𝑜𝑜𝑜𝑜𝑜 × exp�𝛼𝛼𝑡𝑡 . 𝑦𝑦𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 . 𝑦𝑦𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝�     (6) 

where 𝑤𝑤𝑎𝑎𝑏𝑏𝑛𝑛𝑛𝑛𝑛𝑛  is the updated weight after AdaBoost update, 𝑤𝑤𝑎𝑎𝑏𝑏𝑜𝑜𝑜𝑜𝑜𝑜  is the current weight, 𝛼𝛼𝑡𝑡  is the weight 
�llotted to the neural network by AdaBoost, ytrue is the true label of the sample, and ypred is the predicted output 
of the neural network. 

3.1.3 Proposed Combined Update 
The blend of the updating incorporates the impact of both backpropagation and adaptive boosting, in 

improving or updating the weights of the neural network. On combining, the final weight is given by: 
 

Wfinal = wbp_new  ×  wab_new       (7) 

𝑤𝑤𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 = 𝑤𝑤𝑠𝑠𝑠𝑠𝑠𝑠_𝑛𝑛𝑛𝑛𝑛𝑛  ×  𝑤𝑤𝑎𝑎𝑎𝑎_𝑛𝑛𝑛𝑛𝑛𝑛        (8) 

Equation 7 and Equation 8 is used for updating weights intended for gradient descent and stochastic gradient 
descent respectively. This step is where the boosting mechanism affects the weights of misclassified and correctly 
classified samples. This combination permits each sample's final weight to be determined by both the 
backpropagation method and the AdaBoost method, displaying the adaptive learning methodology of ABNet. 
Normalization of weights is applied to make sure that the steadiness and convergence of the algorithm is 
maintained. Moreover, the hyperparameters that need to be tuned during training are the learning rate η in the 
backpropagation update and the AdaBoost weight αt. 
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The insertion of 0.5 in the formula is a scaling feature to guarantee that the weight is suitably adjusted. This 
scaling aids in attaining a balanced effect of the neural networks, avoiding any single network from ruling the 
ensemble. The algorithm for ABNet is given in Fig. 2. 

 
1. Initialization 

 Equally initialize the weights for the data points  
2. The Boosting Iterations 

 For each boosting iteration (t): 
- On the weighted data train, a new neural network 
- Find out the error of the new neural network. 
- Based on its error, compute neural network’s weight in the final ensemble. 
- Use AdaBoost to update data point weights 
- Increase the weights of the misclassified instances. 
- Reduce the weights of the accurately classified instances. 
- Normalize the weights to ensure that they total up to 1. 

3. Repeat 
  Repeat step 2 until the performance criterion of neural network is met (Early Stopping). 

4. Combine the Neural Networks 
- From each boosting iteration, merge the neural networks to create the final adaptive boosted 
neural network 
- Determine each neural network's contribution weighted by its AdaBoost-calculated 
performance. 

Fig. 2 Algorithm for ABNet architecture 

3.2 Experimental Setup 

3.2.1 Dataset 
We have acquired three commonly used datasets, Indian Liver Patient Dataset (ILPD) [21], Pima Indians Diabetes 
Database (PIMA) [22], and Cleveland Heart Disease (CHD) [23] dataset from Kaggle, a platform that is known for 
its huge collection of datasets, used for data science and machine learning. A short description of ILPD, PIMA and 
CHD datasets are presented in the Table 1.  
 

Table 1 Dataset description 
Dataset No. of 

Records 
No. of 
features 

Missing 
Value 
[%]  

No. of 
Diseased 
Records 

No. of 
Normal 
Records 

ILPD 583 9 0.1% 416 167 
PIMA 768 8 0% 500 268 
CHD 303 13 0% 165 138 

 

3.2.2 Implementation Details 
We implemented our proposed model in a Jupyter Notebook using the Scikit-learn and Tensorflow/Keras 

library. We utilized the MICE (Multivariate Imputation by Chained Equations) method to handle missing values 
by importing critical libraries, loading the datasets and then we implemented the MICE technique using scikit-
learn's IterativeImputer class. Also, the model is implemented by means of a base neural network model, and the 
AdaBoost algorithm is used for boosting. The optimal settings that we used are 50 estimators in the adaptive 
boosting with decision stump as the base model, SAMME.R (Stage-wise Additive Modeling using Multi-class 
Exponential loss function) as the boosting method. The learning rate for neural network is taken as 0.001 and the 
tanh activation with a threshold of 0 has been used for a smooth gradient.  

The algorithm can be stopped either by setting the maximum number of boosting iterations in AdaBoost or 
else setting the maximum number of training epochs for the neural networks. In our case we have used the neural 
network epochs to stop the algorithm using early stopping that is used by implementing the EarlyStopping 
callback from TensorFlow/Keras. 

The training testing ratio is stratified 4-fold at 70:30, where 70% of the data is reserved for training the model, 
and 30% is used for evaluating its performance. This is to ensure that the training as well as testing sets reflect 
the distribution of the original one to get the proper performance measure in imbalanced datasets.The stratified 

https://www.sciencedirect.com/topics/computer-science/learning-rate
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5-fold cross-validation has been implemented using scikit-learn’s StartifiedKFold class that splits the data into 5 
folds while keeping the distribution intact. 

4. Result 
The ultimate classification is obtained by aggregating the predictions of distinct neural networks, weighted by 
their respective final ensemble weight (αi) values. This process safeguards that neural networks that have a better 
performance add more to the final ensemble. The output of the ABNet is the combination of these weighted 
prediction results. We have used the weighted average of the distinct predictions. Table 2 and Table 3 give the 
accuracy metrics and Matthews Correlation Coefficient (MCC) [43] for the three datasets obtained by applying 
conventional gradient descent and stochastic gradient descent in the framework of backpropagation in ABNet. In 
our case, the MCC values are greater than 0.5 in all three datasets taken, which specifies a very sturdy positive 
relationship between the prediction of the model and the actual values. Therefore, the model’s predictive 
correctness is classifying the instances correctly. The coefficient also reveals that there is no random guessing, 
which means the algorithm captures the fundamental data patterns very efficiently. Fig. 3 shows the confusion 
matrix obtained for ABNet via traditional gradient descent in backpropagation. 

 

Table 2 Accuracy comparison for ABNet 
 ABNet with GD ABNet with SGD 
 ILPD PIMA CHD ILPD PIMA CHD 
True Positive 135 155 24 137 158 25 
False Positive 16 16 01 14 13 03 
True Negative 20 46 31 17 49 29 
False Negative 04 14 05 07 11 04 
Precision 89.54% 90.64% 96.00% 90.73% 92.40% 89.29% 
Recall 97.12% 91.72% 82.76% 95.14% 93.49% 86.21% 
F1 Score 93.10% 91.18% 88.82% 92.88% 92.94% 87.68% 
Accuracy 88.57% 87.01% 90.16% 88.00% 89.61% 88.52% 

 
 

    
(a)    (b)    (c) 

Fig 3 Confusion Matrix for (a) ILPD; (b) PIDD; and (c) CHD Using ABNet with GD 
 
 

Table 3 Matthews correlation coefficient values 
ABNet with GD ABNet with SGD 

ILPD PIMA CHD ILPD PIMA CHD 

0.62 0.67 0.80 0.55 0.73 0.77 
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Table 4 shows the distribution of the records across each fold for stratified 5 folds used in cross-validated 
training.  

 
Table 4 Stratified 5-fold cross validation 

 Folds Total Samples Diseased Samples Normal Samples 
ILPD Fold 1 117 83 34 
 Fold 2 117 83 34 
 Fold 3 117 83 34 
 Fold 4 116 84 32 
 Fold 5 116 83 33 
PIDD Fold 1 154 54 100 
 Fold 2 154 54 100 
 Fold 3 154 54 100 
 Fold 4 153 53 100 
 Fold 5 153 53 100 
CHD Fold 1 61 33 28 
 Fold 2 61 33 28 
 Fold 3 61 33 28 
 Fold 4 60 33 27 
 Fold 5 60 33 27 

 
The tanh activation with a threshold of 0 leads to faster convergence while training because it is zero-

centered. The learning rate for neural networks is 0.001, and the stratified 5-fold train-test split is used with 70% 
of the data for training so as to avoid overfitting. This ensured the training as well as testing sets agree with the 
distribution of the original one. This helps to get the appropriate performance measure in imbalanced datasets. 
Table 5 gives the best parameters found for multilayer perceptron after the hyperparameter tuning. 

 
Table 5 Optimal hyperparameter values 

 Hyperparameter Value 
Neural Network Number of Hidden Layers 100 
 Neurons in Hidden Layers 50 
 Activation Function tanh 
 Learning Rate constant 
 Solver/Optimizer GD, SGD 
 Alpha  0.0001 
 Epochs Early Stopping 
AdaBoost Number of Estimators 50 
 Base Model Decision Stump 
 Boosting Method SAMME.R 
 Loss Function Exponential 

5. Discussion 
Dynamic weighting mechanism is the main advantage of incorporating AdaBoost into the training process of 
neural networks. It helps adjust the implications of different data points during each iteration. This adaptableness 
allows the algorithm to learn from its errors and uninterruptedly improve its predictive proficiencies. This 
adaptation of weights impacts ABNet’s ability to handle complex datasets compared to conventional neural 
networks by continuously improving the focus on the difficult samples that contain the maximum of the 
informative patterns for decision-making. It adopts the adaptive learning approach, which makes it different from 
the conventional neural networks, which treat every sample equally. The integration of AdaBoost with the 
standard gradient descent update rule influences the learning process in ABNet by updating the decision 
boundary and trying to reduce the errors in each boosting iteration. This combination can prove beneficial when 
the data to be worked upon is noisy or imbalanced. The dynamic weight adaptation refines the model gradually 
and thus results in a robust and generalized model. 

Moreover, we tried using a simpler neural network and early stopping to reduce the unnecessary 
computations. For faster convergence, training is adjusted using the zero centered activation function. We started 

https://www.sciencedirect.com/topics/computer-science/learning-rate
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with the predefined setting i.e., the default values for the hyperparameters and then upgraded based on the 
results. Our algorithm effectually differentiates between the two classes of classification. The MCC value 
maintained by the algorithm divulges the making of precise predictions rather than the incorrect ones. The choice 
of using the early stopping and tanh activation function contributes to the model’s convergence. The former 
stabilizes the learning process and prevents overfitting while the latter tries to introduce smooth gradient flow to 
avoid saturation. The challenges, however, faced during tuning these parameters include selecting the number of 
epochs before stopping and thresholding. 

 
Table 6 Comparative analysis with other proposed algorithms 

Year Authors Dataset Classifier Accuracy [%] 

2020 Kuzhippallil et al. [24] ILPD XGBoost and Light GBM 86.00 
2021 Sravani et al. [25] ILPD SVM 78.00 
2022 Hassim et al. [26] ILPD MLP-BP 70.61 
2021 Barik et al. [27] PIMA Hybrid XGBoost 74.10 
2022 Harleen et al. [28] PIMA SVM Linear Model 89.00 
2022 Tushar [20] PIMA XBNet 78.78 
2016 Purushottam et al. [29] CHD Association Rules 86.70 
2018 Viijayashree et al. [30] CHD Particle Swarm Optimization 88.22 
2022 El-Hasnony et al. [31] CHD Multi label active learning 57.40 

 
AdaBoost is famous for assigning a higher weight to misclassified samples in conventional machine learning; 

in this manner, it allows subsequent models to emphasize these challenging cases. When used for neural networks, 
AdaBoost allies with the standard backpropagation process, impelling the learning and adapting the models. 
AdaBoost improves the ensemble's flexibility and adaptability by repeatedly adapting weights and emphasizing 
the significance of unclassifiable samples. This flexibility becomes particularly valued when standard neural 
networks encounter difficulties with explicit data patterns. The collaboration of AdaBoost's adaptive weighting 
and the neural networks' proficiency to acquire sophisticated representations aims to create a robust ensemble 
capable of capturing difficult relationships inside the data, eventually enhancing general predictive accuracy. 

Furthermore, the lower accuracy seen in SGD with normalization as opposed to normal Gradient Descent (GD) 
with normalization arises from the stochastic nature of SGD, which requires a very cautious learning rate, fine-
tuning, and mini-batch changeability. The challenges can be addressed by first employing dynamic learning rates 
to quicken convergence. Batch normalization and data augmentation can be used to address SGD’s sensitivity to 
hyperparameters. Early stopping and L1 and L2 regularization can reduce overfitting and enhance the model’s 
reliability. In addition, challenges in normalization and hyperparameter sensitivity, accompanied by concerns of 
model complexity, influence the noted inconsistencies in accuracy. Cautious experimentation and hyperparameter 
tuning are vital to tackle these issues and increase the model performance using SGD and normalization. Table 6 
compares our proposed model with other models trained on the same datasets.  

6. Conclusion 
The ABNet algorithm, a key focus of our research, associates the neural networks with the adaptive learning 
competencies of the AdaBoost algorithm. This exclusive approach proves to improve classification accuracy, as 
well as dynamically helping to adapt weights throughout the iterations. The approach focuses on challenging 
records and incessantly refines its predictive capabilities. The general result is a robust ensemble algorithm that 
is capable of handling complex datasets. Our approach's generalization ability and robustness are confirmed 
through performance assessment on the three databases. Together, these procedures offer a comprehensive 
approach to taking advantage of data in decision-making processes. Basically, this research work makes available 
valued insights and approaches for researchers as well as decision-makers in the difficult demand of healthcare 
analytics. Due to its sequential nature, adaptive boosting is computationally demanding, as the training involves a 
considerable time investment. In the future, we will try to fine-tune the parameters and use weighted loss 
functions to represent the class imbalance by assigning different weights to classes. We shall focus on using the 
hyperparameter optimization libraries, for instance, to automate and rationalize hyperparameter tuning. 
Furthermore, it is worth noting that our existing model exclusively relies on tabular data. As part of our future 
considerations, we plan to evaluate and adapt the model's performance to unstructured data. This expansion of 
the model's capabilities to handle diverse data types aligns with our goal to create a more versatile and adaptable 
solution. 
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