
   Volume 7 | Issue 1 | 102Int J Diabetes Metab Disord, 2022

Omicron Virus Data Analytics Using Extended RNN Technique
Research Article

*Corresponding author:
AsadiSrinivasulu, Azteca University,Data Science Research Laboratory, 
BlueCrest University College, Monrovia, Liberia.

Submitted: 09  Jun 2022; Accepted: 19 Jun 2022; Published: 30 Jun 2022

 Asadi Srinivasulu*,  Anand Kumar Gupta, Kamal Kant Hiran, TarkeswarBarua, Goddindla Sreenivasulu, Sivaram 
Rajeyyagari and Madhusudhana Subramanyam

International Journal of Diabetes & Metabolic Disorders
ISSN 2475-5451

www.opastonline.com

Azteca University,Data Science Research Laboratory, BlueCrest 
University College, Monrovia, Liberia

Abstract
The OMICRON case that tainted human beings become first observed in China towards the end of 2021. From that point, 
OMICRON has spread practically all nations on the planet. To conquer this issue, it requires a fast work to recognize 
people tainted with OMICRON all the more rapidly. This research article proposes that RNN techniques to be utilized for 
rapid detection and predicting of OMICRON infections. RNN is finished utilizing the Elman agency and implemented to the 
OMICRON dataset gathered from Kaggle. The dataset accommodates of 75% preparing information and 25% analyzing 
information. The learning boundaries utilized were the most extreme age, secret hubs, and late learning. Results are for this 
exploration results show the level of precision is 88.28. Oddity is one of the elective conclusions for potential OMICRON 
illness is Recurrent Neural Network (RNN).

Keywords: Omicron Disease, Cross-Validation Methods, Classification Algorithms, Disease Prediction, RNN, Data minelaying, Fea-
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Introduction
The COVID-19 was declared as global pandemic by the World 
Health Organization (WHO) in March 2020. The OMICRON is 
one of the mutant viruses of COVID-19 disease. The OMICRON 
is known as respiratory illness, which can undoubtedly infect 
individuals through the air and physical (actual) contact. Hack, 
windedness, loss of taste and/or smell, mild and/or high fever, ce-
rebral pain, and muscle throb become the most well-known side 
effects[1,2,3]. The infection acquires a huge effect in different life 
field [4]. The circumstances demonstrate that the OMICRON turns 
into a basic issue to settle soon. The affirmed instance of OMI-
CRON contacts 138416498 individuals, 2975875 demise cases, 
and in 192 nations. This number is still growing day by day(today). 
Lessening the tempo of contamination improvement is one of the 
endeavors which can be constantly being made. The contamina-
tion with speedy transmission likewise requires fast survive. The 
utmost utilized strategies in contradiction of the infection prop-
agate are finding, testing, isolation, detachment, and medication 
[4,5]. In any case of OMICRON affirmation, for example, Reverse 
Transcription PCR (RT-PCR) is yet not so effective to address and 
cover the infection spread [6]. Computerized reasoning such as use 
of Artificial Intelligence turns into an anticipating tacticthat should 

further develop the detecting strategy [7,8,9,10,11,12]. The fast-
er the identity of anthropological tainted through OMICRON; the 
faster remedy may be applied. It thoroughly can be probable the 
high-quality effort to decrease the tempo of development. In this 
way, an elective framework in early conclusion for people tainted 
by OMICRON is required. One of the alternatives is the Recurrent 
Neural Network (RNN) that's a part of Artificial Neural Network 
model. Artificial Neural Network (ANN) is an execution of syn-
thetic brainpower innovation that addresses the cerebrum of indi-
viduals who normally try to reproduce the academic experience-
withinside the people’sbrain [4]. Recurrent NN (RNN) is a sort of 
fake brain systemwhichhave a primary structure of rehashing tiny 
cells. Intermittent micro cells are framed and arranged with histor-
ical data to studyoriginal data [13]. 

Literature Survey
Profound eruditionhasexposed a sensational expansion in clinical 
psychologythrough overall and explicitly into clinical x-ray-based 
conclusion. Profound erudition modelsachieved unmistakably 
computer imaginative and prescient issues associated with scien-
tific picture analysis. Artificial NNs (ANNs) beat added regular 
systems and procedures of clinical image investigation [7,8]. Be-
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cause of its exceptionally encouraging outcomes given by RNNs 
in clinical picture examination and grouping, they are considered 
as recognized norm in this area [9, 10]. RNN has been applied 
for an collection of order assignments linked with medical analy-
sis, for example, remote endoscopy images, discovery of malarial 
parasite in images of tiny blood smear, lung infection, mammary 
gland cancers recognition,  interstitial lung illness, CAD-primarily 
based totally prognosis in chest radiography, dedication of pores 
and skin malignant increase via way of means of characteriza-
tion, and programmed locating of various chest illnesses utiliz-
ing chest X-beam photo arrangement [10,11,12,13,14,15,16,17].
Subsequently the development of the OMICRON in 2019, many 
analysts remain locked in the trial & error and exploration exer-
cises connected with analysis, treatment, and the executives of 
OMICRON. Scientists in have detailed the meaning of the rele-
vance of AI techniques in picture examination of the discovery 
and the board of OMICRON cases[18]. Coronavirus identification 
should be possible precisely utilizing profound erudition model’s 
investigation for pneumonic Computed Tomography (CT) [18]. 
Scientistshave planned an opensource OMICRON determination 
framework in view of a profound RNN[19]. In this review, cus-
tomized profound RNN configuration has been accounted for the 
identification of OMICRON patients utilizing X-beam pictures. 
One huger review has investigated the X-beam dataset involving 
X-beam pictures having a place with normal pneumonia patients, 
OMICRON patients, and individuals with no disease [20]. We con-
centrate on involvement of the best-in-class RNN structures for 
the programmed recognition of patients with OMICRON. Move 
learning has accomplished a promising precision of 97.82% in 
OMICRON location in this review. One more late and applicable 
review isbeing led on approval and flexibility of Decay, Transmis-
sion, and Combine-type profound RNN of OMICRON discovery 
utilizing chest X-beam picture grouping creators have announced 
the aftereffects of the review with a precision of 95.12%, respon-
siveness of 97.91%, and explicitness of 91.87%. [3,21].

Methodology
Existing System
There are approachable in superficial learning strategies, for exam-
ple, the Recurrent Neural Network organization and intermittent 
neural organization. RNN computation Drawbacks: The disser-
vices are:
•	 Little precision 
•	 In flood Time Complexity 
•	 In flood Executing Time 
•	 In flood Fault prone 
•	 Minor Data Size 

Computation downside:  
•	 Little precision 
•	 In flood Time Complexity 
•	 In flood Execution Time 
•	 In flood Fault prone
•	 Little Data Size

Proposed System
There are available in deep learning method like Extended Re-
current Neural Networks (RNN)i.e., in Deep Learning Technique.
ECNN algorithm Advantages:
•	 In flood precision
•	 Fewer time consumption
•	 Little Performance Time
•	 Little MistakeDegree
•	 Big Data Scope

Results
Basic idea of theexecution is to assure that the Omicron disease 
severer affected role collected statisticsfunctioned in the way that 
can compel preparation, subdivision from their first outlook. 

Ernn Algorithm
Recurrent NNs (RNN) isforemost used techniques of Artificial NN 
(ANN) systems. It is a kind of organization of brain systems where 
it has circles as input associations. The Elman Network preparing 
design is as like as the Multi-Layer Perceptron (MLP) preparing, 
the establishment yield contrasted with the goal end result and 
mistake is applied to refresh the company hundreds as indicated 
with the aid of using the Backpropagation mistake calculation with 
the unique case that the upsides of affiliation hundreds are con-
sistent for 1.0. The prototypical of the Elman network explained 
below as in Equation 1.

Algorithm
ERNN is one of the most used classes of Neural Networks (NN). 
Its Arrangement Labeling-Part of discourse named element ac-
knowledgment and labeling are extremely useful and effective to 
obtain desired results. To infer the mentionedadvantages, we trun-
dled out positiveenhancements to Recurrent NN (traditional) and 
get ERNN; by making a group of changes [12,13,14].

Step 1: Drafts the degree of put-away records from experience. 
Step 2: Drafts the quantity of data being added in the existingim-
plementation. 
Step 3: Draftsthe amount of the yield evidenceexistence

Our experiment involved the following related processes: 

Step 1: Introduce the essential collection 
Step 2: Introduce the research dataset 
Step 3: Implementinthe floodlight ordering of the change of evi-
dence
Step 4: Preparethedata composition with 70-time phases and 2 
yield 
Step 5: IntroduceKeras deep learning library 
Step 6: Resetof the ERNN
Step 7: Enhancement of the ERNN part &aboutregulation of loss 

→(1)
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calculation function. 
Step 8: Improvement of yield chunk. 
Step 9: Accelerate the ERNN
Step 10: Fitting the ERNN in the research dataset 
Step 11: Load the Omicron disease infection test imagedata for 
2020 
Step 12: Become an expectedOmicron disease infection in Dec 
2019 
Step 13: Imagine aftereffects with anticipated or genuine Omicron 
disease infection 

Input Datset: Here the input dataset is having 14 columns with 
target class, i.e., severity level of the Omicron disease.

Research Data (Input):The research dataset collected from 
various opensource resources such as Kaggle had 6098 x-ray im-
ages.

Figure 4.1: Input dataset, i.e., Omicron disease dataset of Pro-
posed System

Results: Here are the result of in finding Omicron disease detec-
tion by integrating ERNN.

Figure 1: The Execution flow of ERNN

Figure 1 Exemplify the execution flow through Epochs on Omi-
cron dataset

Figure 2: Computing resources occupancy in the execution pro-
cess of ERNN 

Figure 2 Exposes the CPU, RAM, and other computing resources 
occupancy of Omicron ERNN code.

Figure 3: Omicron RNN results chart comparing Epochs vs. Ac-
curacy

Figure 3 Demonstrates the accurateness of the code through Ep-
ochs vs. Accuracy graph representation. 

Figure 4: Omicron RNN results graph comparison of Epochs vs. 
Loss
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Figure 4 Exemplifies the reduction ratio of the loss compared with 
epochs during RNN code execution on Omicron dataset taken 
from Kaggle. 

Figure 5: Omicron code execution Time consumption comparison 
with respect to Epochs

Figure 5 Depicts the time frequency to complete each iteration of 
Omicron RNN code execution with respect to each epoch. 

Figure 6: Omicron RNN Loss vs. Accuracy results graph

Figure 6 The above image explains and compares the Loss with 
respect to Accuracy of Omicron RNN code execution on database. 

Figure 7: Omicron RNN graph representing Time vs. Loss vs. Ac-
curacy frequency

Figure 7 Explains how the Loss is reduced with respect to time and 
accuracy on each epoch.

Figure 8: Final Result with Accuracy achieved as 88.28%

Figure 8 The Omicron RNN code achieved the accuracy of 88.28% 
during training of the module.

Evaluation Methods
The following are measurements of evaluation methods or metrics.

Conclusions
The strategy proposed in this exploration is to anticipate OMI-
CRON with 12 symptoms by altering the erudition boundary of 
Recurrent NN (RNN) to find an ideal boundary. Laterin the prepa-
ration stage, the eruditionfrequency, stowed away layer, and most 
extreme age boundaries produced ideal incentive aimed atcon-
structing the greatestprototypical of Recurrent NN. The qualities 
stand 0.3 aimed at the erudition rate, 6 aimed at the secret lay-
er, and 6098 for the most extreme age. Through executing ideal 
boundary standards, the best precision esteem created is 88.28%. 
The exactness created by the system demonstrate the way that Re-
current NN can be the best option for analyzing OMICRON. The 
future exploration is trusted that exactness produced for analyzing 
OMICRON remains superior to it [22,23].
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