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Abstract
Imbalanced data classification poses a challenge in medical intelligent diagnosis due to 

limited samples and high-dimensional features in real-world biomedical datasets. This issue 
impacts the classification accuracy and can lead to erroneous disease diagnoses. Addressing 
this challenge requires effective methods tailored for imbalanced and limited biomedical 
datasets. In this study, we introduce a novel approach, the Artificial Jellyfish Optimization 
Based Advanced Dynamic Neural Fuzzy (AJO-ADNF) classification model, coupled with 
a Hybrid Shuffle Shepherd based Sampling Method (HSS-SM). Initially, irrelevant features 
are removed through preprocessing, while significant pathogenic traits are identified. The 
HSS-SM algorithm balances the dataset by providing reasonable minority and majority class 
data, mitigating computational burden. Subsequently, the AJO-ADNF classifier is applied to 
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classify the balanced dataset. This approach generates genuine minority and majority class 
data and autonomously selects optimal learning model parameters, enhancing robustness 
and efficiency. Evaluation on COVID-19 healthcare datasets using MATLAB demonstrates 
superior classification performance compared to conventional methods in terms of Accuracy, 
Sensitivity, Specificity, AUC, F-measure, and other metrics.

Subject Classification:  68T07, 92C55.

Keywords: Imbalanced data, Machine learning, Statistical insights, Optimization, Neural fuzzy, 
Sampling, Performance measures, Healthcare and big data.

I.  Introduction

Big data presents challenges in classification due to its volume, 
variety, and velocity, particularly in medical contexts. Imbalanced datasets, 
where one class significantly outnumbers the other, further complicate 
analysis, leading to biased results and inaccurate conclusions [1-3]. 
Traditional classifiers struggle with this imbalance, affecting classification 
accuracy. To address this, we propose the AJO-ADNF 

Method with HSS-SM, which preprocesses data to remove irrelevant 
features, balances datasets, and optimizes classification. This approach 
enhances accuracy and precision, particularly in healthcare applications 
like COVID-19 diagnosis [4-5]. 

Our contributions include effective preprocessing, dataset balancing, 
and improved classification through optimized parameters. Experimental 
results on healthcare datasets demonstrate the model’s efficacy, offering 
insights for biomedical applications. The paper proceeds with a review of 
related work, a discussion of the problem statement, presentation of the 
proposed framework, experimental results, and analysis, concluding with 
implications and future directions.

II.  Problem statement

Big data is integral to modern technology, spanning social networks 
and smart infrastructure. However, the challenge lies in handling 
imbalanced datasets, which can skew classification results and lead to 
erroneous conclusions [6-8]. Existing deep learning techniques struggle 
with class imbalances, requiring adjustments to network structures and 
optimization processes. In medical datasets, imbalances hinder illness 
prediction, necessitating sampling approaches for data balancing [9-12]. 
However, these methods have drawbacks, such as information loss and 
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prolonged training time [13-17]. Conventional classification techniques 
are also affected by probability bias, making it difficult to distinguish 
between minority and majority classes, especially in multiclass scenarios. 
This poses significant challenges in accurately assessing performance, 
particularly in healthcare contexts. As a result, alternative metrics and 
approaches are needed to address the complexities of imbalanced datasets 
[18-23].

III.  Proposed methodology

The proposed system for imbalanced big data classification includes 
three stages, pre-processing, sampling and classification. In this research, 
the hybrid sampling approach is utilized named as HSS-SM based on the 
fitness of this approach. 

Also, the balanced testing and training test of classification is executed 
by the proposed AJO-ADNF method. The parameters of the ADNF 
method is tuned by the fitness function of AJO technique. The block 
representation of the proposed system is shown in Figure 1.

Figure 1
The block representation of the proposed system
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•• Pre-Processing Stage
•• HSS-SM based data balancing
•• AJO-ADNF based Classification

1.	 AJO based parameter tuning
	 Step 1: Initialization
	 Step 2: Clustering Durability
	 Step 3: Cluster center
	 Step 4: Cluster of Fuzzy rule
2.	 ADNF classifier
	� The flowchart of proposed AJO-ADNF with HSS-SM method is 

illustrated in Figure 2. 

IV.  Experiment setup and analysis

Research had been carried out in this part to validate the performance 
of the suggested strategy. The following is a list of experimental system 

Figure 2
The flowchart of proposed AJO-ADNF with HSS-SM method
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setups: Windows 7 Operating System Intel(R) dual-core, 3.20 GHz, 
MATLAB R2019a tool, 8 GB RAM.

•• Experimental analysis
The experimental dataset contribution is provided in Table.1.

Table 1
The experimental dataset contribution

Datasets Attributes Ratio of 
Imbalance

Majority Minority

A- Fleury Institute 25 6.44 20,097 1,29,597

B- Sri-Libanês Hospital 23 1.4 1,946 2,732

C- Israelita Albert Einstein 
Hospital

21 4.66 9,632 44,879

•• Performance Comparison.
  

Figure 3
ROC curve of COVD-19 imbalanced data a) Fleury Institute  
b) Sri-Libanês Hospital c) Israelita Albert Einstein Hospital

This study (Figure 3) created Receiver Operating Characteristic (ROC) 
curves for each of the COVID-19 datasets. 

The classification Accuracy, Precision, Sensitivity, Specificity and 
AUC, F-Measure, FPR, FNR, MCC and Computational time of imbalanced 
COVID-19 data by the proposed method has achieved finest performance 
over the conventional methods, which is illustrated in Fig.4 (a-j).

V.  Discussion

The proposed AJO-ADNF with HSS-SM approach demonstrates 
superior performance in classifying imbalanced big data across various 
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Figure 4
Performance of conventional methods
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training stages (5%, 10%, 15%, and 20%). Compared to conventional 
techniques, it consistently achieves higher positive rates for all performance 
metrics. Specifically, in the proposed approach achieves remarkable 
accuracy: 100% for Fleury Institute, 99.95% for Sri-Libanês Hospital, and 
100% for Israelita Albert Einstein Hospital. In contrast, existing methods 
like WOA + BRNN, Adaptive E-Bat DBN, VLSTM, and LSHGWOBRNN 
show lower accuracy rates for these hospitals. Moreover, the proposed 
model outperforms existing works across all parameters, demonstrating 
significant improvement in imbalanced big data classification using 
intelligent optimized machine learning techniques.

VI.  Conclusion

Imbalanced real-world data challenges effective classification. A 
novel optimization-tuned machine learning approach enhances accuracy 
for large datasets. Using the COVID-19 dataset as an example, the study 
introduces the Hybrid Sampling approach, HSS-SM, to create balanced 
data and achieve remarkable accuracy with the AJO-ADNF classifier. This 
method holds promise for biomedical data classification, with potential 
applications in clinical settings. Future research may explore additional 
deep learning approaches to further improve model performance on 
complex imbalanced big data.
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