
International Journal of Multidisciplinary Engineering in Current Research - IJMEC 
Volume 10, Issue 5, May-2025, http://ijmec.com/, ISSN: 2456-4265 

  
 

956 
ISSN: 2456-4265 
IJMEC 2025 

Enhancing Liver Disease Detection Using Cloud Computing And 
Autoencoders In Healthcare Systems 

 

Rohith Reddy Mandala1, Charles Ubagaram2, Narsing Rao Dyavani3*, Bhagath Singh Jayaprakasam4, 

Venkat Garikipati5, Monday Fredrick Ohemu6 

1Tekzone Systems Inc, Rancho Cordova, California, USA, 
2Tata Consultancy Services, Ohio, USA, 

3*Uber Technologies Inc, California, USA, 

4Cognizant Technology Solutions, Texas, USA, 

5Innosoft, Maryland, USA, 
6Department of Electrical and Electronics Engineering, Airforce Institute of Technology, Kaduna, Nigeria 

 

rohithreddymandala@ieee.org1, charlesubagaram@ieee.org2, narsingraodyavani@ieee.org3* , 

bhagathsinghjayaprakasam@ieee.org4, venkatgarikipati@ieee.org5, monday.fredrick@outlook.com6  

 
Abstract 
 
Liver disease is a dangerous medical condition in 
need of an early diagnosis for proper treatment to 
prevent complications. This paper presents a 
prediction framework for liver disease based on 
Autoencoders and Cloud Infrastructure. The 
framework commences with the preprocessing of the 
data through cleaning, augmentation, and Z-score 
scaling, after which feature extraction from a Deep 
Belief Network (DBN) and Autoencoder-based 
classification are performed. The performance of 
the proposed model is evaluated using accuracy, 
precision, recall, F1-score, and AUC-ROC. The 
Proposed Autoencoders model performs better than 
the existing methods like Ensemble Method, 
HGB+MARS+SoftMax and SVC as per the 
experiment results. The Proposed Autoencoders 
have excellent 99.45% accuracy, 95.11% precision, 
96.31% recall, 97.82% F1-score, and 96.51% AUC-
ROC, and they exhibit superior performance in 
predicting liver disease. The suggested framework, 
with its cloud infrastructure and deep learning 
architecture, provides a strong solution for accurate 
and efficient diagnosis of liver disease. 
 
Keywords: Liver Disease, Cloud Infrastructure, 
Deep Belief Network, Autoencoders, Healthcare 
Systems 
 
1 Introduction 
 
The ever-growing incidence of liver diseases 
throughout the world demands the creation of 
precise and pragmatic prediction models that will 
facilitate early diagnosis and treatment [1]. Early 
diagnosis of liver diseases such as cirrhosis and 

hepatocellular cancer can potentially help in better 
prognoses in patients through timely treatments [2] 
[3]. Current approaches to predicting liver disease 
typically depend on complex medical processes or 
clinical human interpretation of medical history, 
both of which take time and are error-prone [4]. A 
machine learning-based system that predicts liver 
disease accurately is hence needed to minimize the 
complexity of diagnosis and improve patient care 
[5]. The model presented in this work tries to fill this 
gap by merging deep learning models with cloud 
infrastructure to enable scalable but precise 
predictions [6]. Various other methods have been 
used to predict liver disease, including Support 
Vector Classifier (SVC), Ensemble Methods, and 
LIME with DeepLIFT, with different levels of 
success[7] [8]. SVC and Ensemble Approaches are 
highly used for classification but cannot efficiently 
deal with high-dimensional, complex data [9]. 
Though the approaches like LIME and DeepLIFT 
generate explanations of what a model is deciding 
on, they suffer from low scalability and bad 
interpretability of hierarchical, deep feature 
interactions[10]. Such methods lack high accuracy 
and precision in handling noisy clinical data or 
imbalanced datasets as well [11]. Such limitations 
make the development of better algorithms with 
high performance and interpretability necessary 
[12]. The proposed framework addresses such 
limitations since it applies Autoencoders and Deep 
Belief Networks (DBN) to learn the high-level 
features of the liver disease dataset and determine 
which patients are healthy or disease-presented [13], 
[14]. Unlike traditional models, the Autoencoder 
network can efficiently compress dimensions while 
preserving important information, improving 
classification accuracy and generalization [15]. The 
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use of cloud computing resources ensures that the 
architecture is scalable in a manner that it can 
process big data and perform computations with 
reduced latency [16]. Innovation in this research 
work proposed herein comes with integrating the 
latest deep learning algorithms and cloud 
infrastructure so that an efficient high-performance 
flexible solution for predicting liver disease can be 
implemented in real-world clinical environments 
[17]. 
 
1.1 Problem Statement 
 
Diagnosis of heart disease needs effective 
frameworks that can handle large-scale data and 
make precise predictions [18] [19]. Currently, the 
methods lack scalability and performance[20]. This 
work suggests that heart disease diagnosis and 
management can be made better by using IaaS and 
CNNs. 
 
1.2 Key Contributions 
 

 Design a liver disease predictive model by 
applying deep learning techniques, that is, 
application of an Autoencoder as a 
classifier after feature extraction using a 
Deep Belief Network (DBN). 

 Classify patients as healthy or disease-
presented using the Liver Disease dataset 
of India Liver Patient Records. 

 Conduct data cleaning, perform data 
augmentation methods (rotation, zooming, 
flipping, cropping), and feature 
standardization through Z-score scaling. 

 Use an Autoencoder network for 
classification, feature extraction with DBN, 
with using ReLU activation for the encoder 
and Sigmoid activation for the decoder, and 
performance evaluation by accuracy, 
precision, recall, F1-score, and AUC-ROC. 
 

The suggested architecture begins from the Liver 
Disease dataset, and then the data is pre-processed 
(cleaning, augmentation, scaling). Cloud 
Infrastructure Setup ensures scalability in storage 
and computation. Feature extraction is performed 
via DBN, while Autoencoder is used for 
classification. The performance of the system is 

measured by metrics such as Accuracy, Precision, 
Recall, F1-Score, and AUC-ROC. 
 
2 Literature Survey 
 
[21] had discussed the use of Convolutional Neural 
Networks (CNNs) for medical image analysis, and 
they proved to be useful in feature extraction from 
complicated data sets to be used in the diagnosis of 
diseases. [22] focused on how cloud computing is 
integrated with machine learning models in order to 
make healthcare systems efficient and scalable. [23] 
pointed towards the need for cloud infrastructure to 
handle large medical datasets and increase 
diagnostic efficiency. [24] also investigated cloud-
based platforms in healthcare, demonstrating how 
IaaS facilitates the processing of medical data in 
real-time applications. [25] looked at deep learning 
models, in this case, CNNs, for heart disease 
prediction due to their accuracy in medical 
diagnosis. [26] further noted the application of deep 
learning for predicting heart disease, referencing 
evidence of increased diagnostic efficiency. The 
utilization of cloud computing to optimize 
computational resources, particularly in the health 
sector, and how IaaS can enhance scalability and 
flexibility needed for large-scale disease prediction 
[27]. 
 
3 Proposed Work 
 
Liver disease is any condition that impairs the 
function of the liver, causing ill health. Fatty liver 
disease, hepatitis, cirrhosis, and liver cancer are 
some of the most common forms. Early diagnosis 
and treatment are important in controlling symptoms 
and avoiding serious complications. The block 
diagram in Figure 1 illustrates the proposed 
framework, starting with the Liver Disease dataset, 
followed by pre-processing (cleaning, 
augmentation, and Z-score scaling). Pre-processing 
is done on the data with Cloud Infrastructure for 
computation and storage. Feature extraction is done 
using a Deep Belief Network (DBN) and 
classification using an Autoencoder with ReLU as 
the encoder and Sigmoid as the decoder. They are 
used to measure the model's performance in terms of 
accuracy, precision, recall, F1-score, and AUC-
ROC. 
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Figure 1: Proposed Framework for Liver Disease Prediction using Autoencoder and Cloud 
Infrastructure. 

3.1 Data Collection 
 
The Liver Disease dataset comprises demographic 
details about liver patients in India, i.e., age, sex, 
cholesterol level, and blood pressure, which are 
required for predicting liver disease. It has both 
binary and continuous features that are significant 
for feature extraction and classification. It is utilized 
to classify patients either as healthy or diseased 
while ensuring balanced representation to improve 
the generalizing power of the model. 
 
3.2 Preprocessing 
 
Cleaning the data is a procedure of removing 
missing or contradictory values from the data. 
Techniques like rotation, zooming, flipping, and 
cropping are utilized as data augmentation strategies 
to create variations in the data for boosting the 
robustness of the model. Z-score scaling is 
performed to normalize the data such that every 
feature of the data gets standardized with mean value 
zero and the standard deviation being one as stated 
in eqn. (1). Preprocessing methods like the above 
ones help in refining data quality as well as boosting 
model performance. 

 

 

𝑍 =
(௑ିఓ)

ఙ
     (1) 

Here, 𝑋 is the feature value; 𝜇 is denoted as 
mean; 𝜎 is the representation of standard deviation 

3.3 Cloud Infrastructure Setup 

The Liver Disease dataset is obtained from the India 
Liver Patient Records, which contain extensive 
patient demographic and medical data, such as age, 
sex, cholesterol, and blood pressure. The dataset is 
applied to predict the absence or presence of liver 
disease using machine learning classification 
models. The data is usually captured when patients 
visit medical facilities and stored in electronic forms 
for processing. It is pre-processed through steps 
including data cleaning, augmentation, and scaling 
to be ready for feature extraction and classification. 
This dataset plays a vital role in the training of deep 
learning models for the improvement of liver disease 
predictions in terms of accuracy and efficiency. The 
Overview of Cloud Infrastructure is shown in Figure 
2. 

 

Figure 2: Cloud Infrastructure Overview 
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3.4 Feature Extraction 

The feature extraction is one of the most important 
stages of the proposed framework. DBNs are a 
generative type of neural network that is used for 
abstract feature extraction from raw data. DBNs in 
the proposed framework help automatically identify 
noteworthy patterns from the liver disease dataset, 
consisting of complex correlations between patient 
attributes such as age, cholesterol, and blood 
pressure. The feature extraction step effectively 
decreases the data dimensionality while preserving 
the critical information in a way that facilitates the 
Autoencoder to work efficiently. This approach 
guarantees that the system is able to handle the 
dataset and thus makes it more predictive in 
detecting liver disease. The expression for DBN is 
given in eqn. (2). 

ℎ(௟) = 𝑓൫𝑊(௟)𝑥(௟ିଵ) + 𝑏(௟)൯    (2) 

Here, ℎ(௟) is defined as the hidden layer 
output; 𝑊(௟) is denoted as the weighted matrix; 

𝑥(௟ିଵ) is defined as the input to the current layer; 𝑏(௟) 
is defined as the bias term; 𝑓 is defined as the 
activation function. 

3.5 Classification 

The Classification using Autoencoder block in the 
suggested framework does the last task of 
classifying patients into either Healthy or Disease 
Presented. Autoencoder, being a neural network, is 
employed for feature mapping and dimensionality 
reduction. It compresses the input data to a lower-
dimensional representation through an encoder and 
reconstructs the data with a decoder. Upon 
classification, the decoder output is examined, and 
the model decides whether a patient is healthy or not 
based on features that have been learned. The 
network uses ReLU activation in the encoder and 
Sigmoid activation in the decoder to enable 
classification such that the model can classify the 
data correctly. The architecture of Autoencoder is 
depicted in Figure 4. 

 

Figure 4: Autoencoder 

4 Results and Discussions 
 
The findings prove that the suggested framework 
based on Autoencoders performs better than current 
approaches in terms of accuracy, precision, recall, 
F1-score, and AUC-ROC and is extremely efficient 
for the prediction of liver disease. The discussion 

points out the excellent performance of the 
framework and its applicability in real-world 
healthcare with guaranteed accurate disease 
classification. The graphs below illustrate the 
performance of various scaling methods in cloud 
computing in Figure 5. 
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Figure 5: Scalability, Throughput and Latency of the Proposed Framework 
 

The Scalability in Cloud Computing graph 
illustrates a comparison of static, vertical, and 
horizontal scaling approaches and how resource 
usage varies over time. The Throughput and Latency 

graphs illustrate the system's throughput (requests 
per second) and latency (in milliseconds) over time 
and how throughput improves and latency reduces 
as the system scales. 

 
Table 1: Comparison Table of Proposed vs Existing Methods 

 

Authors and Methods Accuracy Precision Recall F1-Score AUC-ROC 

 [28], Ensemble Method 92 90 89 90 91 

[29], HGB+MARS+SoftMax 94.2 91.7 92 93.1 94.8 

[30], SVC 87.71 88.12 87.49 87.8 92.01 

Proposed Autoencoders 99.45 95.11 96.31 97.82 96.51 

 

The comparison of heart disease prediction 
techniques through five most important metrics, 
namely Accuracy, Precision, Recall, F1-Score, and 
AUC-ROC, is shown in Table 1 above. The 
Ensemble Method is 92% accurate but with reduced 
precision (90%) and recall (89%). 
HGB+MARS+SoftMax is better with 94.2% 
accuracy, 91.7% precision, and 92% recall. The 

SVC model exhibits 87.71% accuracy but with 
reduced precision and recall (88.12% and 87.49%). 
Conversely, the Proposed Autoencoders model 
performs best at 99.45% accuracy, 95.11% 
precision, 96.31% recall, 97.82% F1-score, and 
96.51% AUC-ROC, establishing its supremacy for 
heart disease prediction. 

 

Figure 6: Comparison Chart of Proposed vs Existing Methods 
 

The four heart disease prediction techniques 
Proposed Autoencoders, SVC, 
HGB+MARS+SoftMax and Ensemble Method are 
compared in Figure 6. The proposed Autoencoders 
have 99.45% accuracy, 95.11% precision, 96.31% 

recall, 97.82% F1-score and 96.51% AUC-ROC, 
which is higher than the rest. SVC reports 87.71% 
accuracy and 92.01% AUC-ROC. 
HGB+MARS+SoftMax has 94.2% accuracy and 
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94.8% AUC-ROC, and the Ensemble Method has 
92% accuracy and 91% AUC-ROC. 

5 Conclusions and Future Enhancements 
 
The suggested liver disease prediction framework 
based on Autoencoders and Cloud Infrastructure 
exhibits superior performance compared to the 
current approaches. The Proposed Autoencoders 
model shows remarkable performance compared to 
the Ensemble Method, HGB+MARS+SoftMax, and 
SVC. In particular, the Proposed Autoencoders have 
99.45% accuracy, 95.11% precision, 96.31% recall, 
97.82% F1-score, and 96.51% AUC-ROC, setting it 
as the best method for liver disease prediction. The 
HGB+MARS+SoftMax model indicates 94.2% 
accuracy, 91.7% precision, and 92% recall, whereas 
SVC has 87.71% accuracy with decreased precision 
and recall. The Ensemble Method is good with 92% 
accuracy but is still behind the proposed method. 
The findings reflect that Autoencoders, in 
conjunction with Cloud Infrastructure, give a strong, 
scalable, and high-performance system for liver 
disease prediction, thus becoming a helpful tool for 
early diagnosis in the healthcare sector. Future 
efforts will address the integration of additional data 
streams and the increased ability to provide real-
time monitoring to further refine prediction 
accuracy. 
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