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ABSTRACT 

Cloud computing has grown up a lot, big data analytics; they are making an impact on the 

landscape changes and their management-they are obviously influencing the way vast complex 

datasets. The paper proposes a combined framework to generate synthetic healthcare data, and 

deliver these to cloud platforms for the application of advanced Machine Learning techniques, 

hence optimizing the decision making and treatment cost strategy for real-time importation and 

individualized presentation using Long Short-Term Memory (LSTM) networks. The imputation 

of mean and normalization, preprocessing of data contributes to improving the quality of data and 

consistency, while visualization serves decision support systems to provide operational insights. 

The predictive LSTM-based model yielded an accuracy level of 92.4% and a precision level of 

90.1% predicting patient outcomes. Secure storage on cloud with scalable analytics platforms 

would take care of critical challenges like data privacy, interoperability, and infrastructure 

limitations which are significant towards transforming the landscape of healthcare delivery. 

 

Keywords: Long Short-Term Memory (LSTM), Big Data Analytics, Cloud Computing, Data 

Preprocessing, Cloud Storage. 

 

1. INTRODUCTION 
In the complete paradigm shift that healthcare has undertaken, cloud technology seems to 

collaborate mostly with big data analytics [1] [2]. Such paradigm shift is, however, in a complete 

contrast with what the healthcare profession really worked for in the past [3] [4]. All aspects of 

handling and analysing medical data must have been processes that, to this day, are not very 

efficient-at least despite all the effort put into them [5] [6]. In a nature that would provide the 

economies of scale, bring in elasticity and cost-effective infrastructure, cloud computing builds its 

emphasis on sending data smoothly for processes such as: storage, sharing, and processing of the 

various sourced data formats of electronic health record systems (EHRs), wearable sensors, and 

any diagnostic imaging tools. Providers will be able, through this environment, to source real time 

information as required, engage one another from wherever they are, and expand their 

geographical areas of operation with minimal monetary investment in physical infrastructure [7] 

[8]. Meanwhile, big data analytics provides actionable insights from complex datasets through the 

recognition of patterns and correlations that would otherwise be beyond the perceivable [9] [10]. 
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Such insights are thereby invaluable in supporting clinical judgments, personalizing treatments, 

and ultimately enhancing health outcomes [11] [12]. 

Yet, the benefits of integrating cloud computing and big data in the health domain are still largely 

challenged in its implementation with perhaps the biggest being patient data privacy and security, 

which., being always of a sensitive nature, bears a heavy burden of legal requirements such as U.S. 

HIPAA and EU GDPR [13] [14]. Breaches of data security could draw the attached legal liabilities 

and possible financial losses [15] [16]. Interoperability would be another critical challenge as 

healthcare systems often operate over incompatible sets of data formats and standards which would 

prevent smooth data interchange across platforms [17] [18].  Controlling the quality and 

consistency of this data is also challenging due to its heterogeneity and unstructured nature [19] 

[20]. In any case, deep-level preprocessing and standardization methodologies will be applicable 

before any meaningful analysis or integration can be conducted on such data [21] [22]. 

There have been introduced several clouds based and analytic driven solutions in the past few 

years to solve these problems [23] [24]. For example, in the case of cloud-hosted Electronic Health 

Record systems, real-time access to at-risk patient data is enabled securely for improved 

coordination and response to care [25] [26]. Predictive models are developed using big data 

analytics to predict patients' health trajectories to identify high-risk individuals who will likely 

develop chronic diseases as well as help in developing preventive treatment strategies [27] [28]. 

The onset of telemedicine, hosted in the cloud, opens up remote diagnosis and consultation, thus 

greatly enhancing access to healthcare in remote or impoverished settings [29] [30]. Innovations 

such as these have already been shown to bear fruit in decreasing hospitalization rates, using 

resources efficiently, and improving patient satisfaction [31] [32]. 

This proposed work is to design an all-encompassing framework for the integration of cloud 

computing and big data analytics to overcome the existing challenges of health care data 

management [33] [34]. The platform should standardize the heterogeneous data formats, enable 

secure information sharing among institutions, and allow interoperability between heterogenous 

devices and systems [35] [36]. Furthermore, real-time predictive analytics with advanced machine-

learning algorithms will be incorporated here in the provision of personalized treatment options as 

well as alerts for critical events in patients [37] [38]. Security, in turn, will be enhanced through 

robust encryption approaches together with role-based access controls to ensure compliance with 

privacy regulations [39] [40]. The major contributions of this paper include the development of a 

unified, scalable, and secure data management architecture; enhanced interoperability through data 

standardization and fusion; delivery of predictive analytics for proactive and personalized 

healthcare; and improvement of security and privacy with the best maintenance and efficiency of 

the system [41] [42]. Bringing together these contributions is meant to improve the quality of care, 

reduce costs of health care, and ensure timely interventions through intelligent data-driven 

decision-making [43] [44]. The Contributions of this paper are; 

 Proposes a comprehensive framework that is cloud-based and big-data-oriented for both 

scalable, secure, and efficient management and analysis of healthcare data. 

 A synthetic health dataset is generated using the Faker library in Python, which keeps the 

confidentiality intact but would enable real model testing and training.  

 Personalized patient care and clinical decisions would be predictive modelling integrated 

with LSTM-based deep learning methods.  
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 Thus, significantly, data quality improvement contributed enough by using appropriate pre-

analytical data preparation and visualization techniques to facilitate interpretation and 

generation of health insights. 

 

This is how this paper is stitched up. Section 1 develops around the challenges that health care 

systems face; it goes on to define the enablers of cloud computing and big-data analytics [45] 

[46]. This section is for the review of such related works, with the inclusion of limitations of 

existing methods [47] [48]. Section 3 presents the proposed methodology, which is followed 

by data preprocessing and feature extraction using LSTM networks [49] [50]. Experimental 

results and performance metrics are discussed in Section 4, while Section 5 concludes the paper 

and offers directions for the future. 

 

2. LITERATURE REVIEW 

Vinitha et al., (2018) [51] proposes a strong IoT-cloud integrated health care system for improved 

patient monitoring and data handling. Scalability and data quality concerns are handled by pre-

processing the sensor data through k-Nearest Neighbours and Z-score normalization followed by 

secure ChaCha20 encryption [52] [53]. Data is encrypted and stored in the cloud for effective 

scalability. Performance testing reveals encryption time of 0.09 to 0.25 seconds and latency of 

0.05 to 0.35 seconds, illustrating effectiveness and stability of the system for real-time medical 

applications. Musam & Kumar, (2018) [54] presents a secure and effective document clustering 

system for data generated by IoT using the integration of Affinity Propagation (AP) with 

Multivariate Quadratic Cryptography (MQC) [55] [56]. AP allows adaptive clustering, while MQC 

provides strong encryption, protecting confidential documents. Scalability, security, clustering 

quality, and computation overhead were tested to evaluate the system. Results indicate that the 

method outlined herein greatly improves clustering quality and data security, with potential 

applicability to high-volume, confidential data scenarios such as smart cities, medicine, and 

enterprise IoT systems [57]. 

Radhakrishnan & Mekala, (2018) [58] presents a novel cloud-based intrusion detection system 

with Convolutional Neural Networks (CNNs) for threat identification and Autoencoders for 

distributed correlation of alerts [59]. The system offers better detection accuracy and scalability in 

dynamic environments compared to the conventional signature-based systems [60]. Tested on the 

CICIDS-2017 dataset, it attained a 95% detection rate, 2.5% false-positive rate, and 35ms response 

time. The system performed better than SHACS in all aspects, providing better cloud security 

management with high robustness and effective real-time threat detection. Jia et al., (2020). [61] 

proposes the impact of cloud computing and internet finance on reducing urban-rural income 

disparity in the era of e-commerce. With the improvement in financial access and inclusion, the 

two technologies may be facilitating economic balance [62]. Using panel data analysis on a multi-

year, multi-regional level, the research compares the use of digital finance with the degree of 

incomes. Discoveries attempt to illuminate how technological innovation can ensure economic 

advancement in terms of equality in urban and rural settings [63]. 

Chetlapalli & Pushpakumar, (2020) [64] proposes Cloud computing platforms have to be 

optimized to enhance the performance of big data processing, scalability, and economy. Main 

issues include ensuring data security, management of resources, energy efficiency, and reliability 
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[65]. Scalability is obtained through horizontal and vertical scaling using efficient techniques such 

as load balancing, auto-scaling, and dynamic resource allocation [66]. Introduction of automation, 

real-time monitoring, and compliance standards gives a seamless environment. This 

comprehensive strategy is geared towards reducing the cost of operations by offering a durable 

infrastructure that can readily deal with diverse workloads.  Asif-Ur-Rahman et al., (2018). [67] 

research, conducted as part of the SURGE-Ahead Project, investigates employing machine 

learning for the management of long-term diseases in older populations. It seeks to maximize 

clinical decision-making by making individualized predictions and interventions in real-time [68]. 

Employing algorithms such as Support Vector Machines, Decision Trees, and Neural Networks, 

combined with feature selection and data preprocessing, the research creates models to predict 

chronic diseases [69]. The results underscore the ability of AI to enhance personalized care for 

geriatrics and facilitate effective, anticipatory health management.  

Jayaprakasam & Padmavathy, (2020) [70] research the intersection of cloud and AI to enhance 

Customer Relationship Management (CRM) through the analysis of consumer sentiments in real-

time. Through the monitoring of customer interactions across different touchpoints, AI-powered 

sentiment analysis is able to pick up consumer sentiments accurately [71]. Sentiment classification 

and prediction of customer behavior are done using machine learning algorithms, thus enabling 

personalized communication strategy [72]. The approach aims to enhance customer satisfaction, 

engagement, and retention through enabling more accurate and evidence-based CRM 

interventions by cloud solutions. 

 

2.1 Problem Statement 

This situation has actually proven to be a real challenge for the healthcare industry: rising 

operational costs; inefficiency in patient care; managing wide-ranging medical data [73] [74]. All 

these impacts did not allow the optimized services in health care delivery but in actual fact affects 

the quality of care given to patients [75]. The integration of cloud computing and big data 

technology comes in with an excellent solution by providing a scalable storage system that can 

manage the increasing quantity of health-related data such as electronic health records (EHRs), 

medical imaging, and patient monitoring data [76]. With big data analytics, real-time patient data 

provides analyses that lead to accurate diagnoses, personal treatment plans, and proactive 

management of chronic conditions [77]. And, of course, these technologies can transform the faces 

of the health care system [78]. But there are challenges associated with this, Data privacy and 

security concerns-top as health data is considered highly sensitive-indicated by the number of strict 

rules such as HIPAA and GDPR [79]. Other hurdles include non-compatibility between the 

different healthcare systems and devices that make data collection from several sources in 

improving patient care so fragmented and inefficient [80]. Furthermore, adoption and deployment 

of cloud computing and big data require huge investments in infrastructure and a workforce of 

highly-trained specialists with real expertise in managing as well as analysing deep and 

complicated data [81]. Overcoming such barriers would improve the efficiency of healthcare 

systems and drive operational costs down; subsequently, patients would benefit from much more 

accurate, timely, and personalized healthcare interventions. 
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2.2 Proposed Methodology 

Real-world healthcare data can be well replaced by synthesized healthcare data, generated by the 

Faker library in Python. The next stage is preprocessing-the elements of which include cleaning 

the data through mean imputation for missing values and finally normalizing them using Min-Max 

and Z-score, which scale the features to be level with machine learning models. Imputation saves 

statistical integrity as the mean value can substitute missing values in a dataset. But normalization 

comes into play as the data need to be standardized beyond a possible range to maximize 

performance and convergence in modelling. This preprocessing lays the groundwork for preparing 

data for the training and deployment of machine-learning models in the cloud to achieve the goal 

of becoming scalable real-time applications in healthcare-enhancing predictive accuracy and 

decision-making in healthcare. Figure 1 shows the overall structure of the proposed methodology. 

 

 
Figure 1: Overall Architecture for Proposed Methodology 

 

3.1 Data collection 

The synthetic healthcare dataset is generated using the Faker library from Python to replicate true 

healthcare data-like patient demographics, medical condition, treatment details and hospital 

admission information. Attributes included in the dataset are patient's name, age, gender, blood 

group, medical condition, admission and discharge dates, doctor and hospital details, insurance 

provider, billing amount, number of rooms, type of admission, prescribed medicine, and tests. The 

dataset can be used to emulate typical healthcare records for the purpose of model development 

and testing in healthcare prediction, practice of data cleaning and analysis techniques, as well as 

learning data science principles in a healthcare context while keeping full compliance with privacy 

regulations. 

 

3.2 Pre-processing 

Data preprocessing is quite a compulsory part of machine learning or deep learning, which ensures 

the data will be clean enough to analyse its extraction and not any other thing. Some of the crucial 

steps include the following: dealing with missing data through the mean imputation method that 

is replacing missing values by the mean of the feature. Min-max and z-score normalization adjust 

the features' scales and therefore enhance model performance and convergence of the training 

phase as well. Categorical data is transformed into numeric data through one-hot or value-based 

encoding to make it fit into the model. Feature scaling ensures that all features have the same 

http://ijbmer.org/


International Journal of Business Management and Economic Review 

                                                                                                                           Vol. 4, No. 05; 2021 

                                                                                                                               ISSN: 2581-4664 

http://ijbmer.org/ Page 147 
 

extent, so that no feature dominates the model. This is very important in building a good and robust 

model. 

3.2.1 Data Cleaning: Handling Missing Data Using Mean Imputation 

This step regards substituting absent values with the mean of available values for a feature. This 

helps maintain the congruity of the data and prevents any wrong patterns from being learnt by the 

model that might be due to incomplete data. Mean imputation preserves statistical properties of 

the data. This, in turn, enhances the accuracy and robustness of the corresponding models. 

Indicating a feature vector 𝑋𝑖 = [𝑥1, 𝑥2, … , 𝑥𝑛], where some values are missing, equation 1 

describes the calculation of mean imputation. 

𝑥̂𝑖 =
1

𝑛−𝑚
∑  𝑗∈ℳ 𝑥𝑗      (1) 

here is the total number of samples and m is the number of missing values. Missing values are 

replaced with the mean 𝑥̂𝑖so that data integrity is preserved. Indices of non-missing values 𝑥𝑗are 

contained in M. The mean of these known values is then computed to substitute for the missing 

ones, so that data integrity should be preserved 

 

3.2.2 Normalization 

Normalization would be a technique that can be on the range of pixels in an image. The purpose 

of normalization is to adjust the pixel values to be in the same range, which is usually different 

from model to model, either 0 to 1 or -1 to 1; such a thing contributes a lot to being stable for the 

ML models, specifically for DL models like CNNs, reducing the effect of differences in input 

scales and speeding up convergence during training. These can be mathematically expressed as 

Equation (2) and Equation (3): 

Equation (2) shows the Min-Max Normalization; 

X′ =
X−Xmin

Xmax−Xmin
     (2) 

Equation (3) shows the Z-score Normalization; 

xnorm =
x−μ

σ
      (3) 

This scales pixel values between 0 and 1, preventing large numerical values from dominating 

training. where, x is the original data point, μ is the mean of the dataset, and σ is the standard 

deviation of the dataset. Where X= original pixel value, Xmin , Xmax = minimum and 

maximum pixel values in the dataset. 

 

3.2.3 Machine Learning Using LSTM 

LSTM networks are a subclass of Recurrent Neural Networks (RNNs) that seem to be specialized 

in predicting conditions that are dependent on previously seen inputs. Primarily useful in 

healthcare applications within time-series analysis, LSTM algorithms are used for predicting 

patient outcomes, modelling disease progression, and monitoring health parameters in time. Herein 

follows a discussion of the application of LSTM networks in health-related issues such as 

prediction of health outcomes, disease progression, and clinical decision-making expressed in 

Equation 4; 
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𝐶𝑡 = 𝑓𝑡 ⋅ 𝐶𝑡−1 + 𝑖𝑡 ⋅ tanh (𝑊𝐶 ⋅ [ℎ𝑡−1, 𝑋𝑡] + 𝑏𝐶)     (4)                    

At time step t, 𝐶𝑡 is the updated cell state, where𝐶𝑡−1 is the previous cell state, 𝑓𝑡  is the forget gate 

output (which decides what information to discard from the cell state), and 𝑖𝑡 is the input gate 

output (which decides what new information to store). The value of tanh function is used for the 

activation of the candidate values that will be added to the state, and 𝑊𝐶  is the weight matrix for 

candidate values while 𝑏𝐶 is the bias term. 

3.4 Big Data Analytics 

Big Data analysis involves examining huge volumes of structured as well as unstructured data to 

derive significant insights to formulate decisions and discover optimization for operations. In 

healthcare, Big Data Analytics has a transformational element; it brings in a major chunk from 

multiple various sources- EHRs, medical imaging, wearables, and patients' monitoring systems: 

All these processed data will identify patterns in track disease outbreak, and patient outcomes to 

efficiently allocate resources. Predictive modelling under Big Data Analytics could predict the 

possible health risks and, thus, recommend personalized treatment plans for better patient 

outcomes and more excellent operational effectiveness. 

3.5 Cloud storage and management 

The contemporary storage solution for the massive patient data like EHRs, medical images, and 

lab results is cloud storage and management for healthcare services. With this flexibility brought 

about by the aforementioned resources in cloud computing, health organizations are turning their 

eyes from the traditional on-premises storage. With this flexibility, those cloud platforms allow 

any sort of health provider to expand or contract their storage capacities based on incoming 

volumes of data and patient information, thus alleviating the burden of high initial costs. Owing to 

the increasing demand for patient data, cloud providers such as AWS, Microsoft Azure, and 

Google Cloud grant seamless provisions for expansion so that healthcare organizations can 

efficiently manage their data. 

Storing data by means of a cloud platform ensures easy management in terms of accessing, 

retrieving, and analysing healthcare data. Redundant data and backup systems ensure that even in 

case of system failure or disaster, patient data can be made available easily whenever it is needed. 

Security concerns are paramount in healthcare, and cloud vendors mitigate risks by implementing 

strong encryption, role-based access control, and abiding by regulations such as HIPAA. Cloud 

services also enhance accessibility to health information among correlated services; the cloud-

based deployment of these three services promotes real-time decision-making and enhances care 

coordination to improve patient outcomes. 

3.6 Visualization and Reporting 

Visualization and Reporting in healthcare mainly focus on transforming raw data into actionable 

insights to influence clinical decisions, operational efficiencies, and patient experiences. For 

example, healthcare providers and administrators can use visualization tools to analyse the 

complexities of large datasets as graphical representations. This aids in better interpretation of 

trends, patterns, and anomalies. Perhaps such an approach would remind one of past healthcare 

changes monitored alongside present health and hospital operations. Typical visualization types 
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include bar charts, line graphs, heat maps, and dashboards that serve as intuitive views of patient 

data, treatment outcomes, and resource utilization. 

Cloud-based platforms such as Tableau, Power BI, and customized dashboard solutions form the 

crux of healthcare visualization and reporting-their access helps healthcare providers create 

dynamic interactive dashboards that present real-time status on general metrics such as admission 

rate, treatment success rate, or disease progression. For instance, dashboards can track real-time 

occupancy status for hospital beds and allow clinicians to follow their patients' vitals or lab test 

results over time and act accordingly at his or her best time. Such tools can be configured toward 

generating automated synthesis reports, thus itemizing noteworthy findings and insights for 

decision-makers at all levels within healthcare organizations. Besides making clinical decisions 

easier and more prompt, the reports are fundamental in satisfying compliance and reporting 

standards such as HIPAA and other healthcare regulatory requirements. To summarize, 

visualization and reporting hold the promise that healthcare organizations could use data more 

effectively and ultimately provide better decision making, better care, and better population health. 

3.7 Decision Support System 

A healthcare decision support system is an excellent tool for assisting healthcare providers, 

healthcare administrators, and policymakers in making evidence-based decisions about improving 

patient care and efficiency. DSSs generate and integrate different types of data sources, such as 

hospital records or patients' medical images, as well as lab results and real-time monitoring data 

from wearable devices. All of this presents the data helping health professionals offer more well-

informed decisions with diagnosing diseases, recommending treatments, or perhaps predicting 

patient outcomes from diseases. The systems are empowered with advanced data analytics, 

machine-learning algorithms, and predictive models that identify trends, risks, and opportunities 

for better and more accurate clinical decision-making. Furthermore, DSS allows providers to 

improve resource allocation within the health care setting and enhance hospital management by 

creating an efficient use of available resources like beds, staff, and medical supplies. 

DSS extends well beyond clinical decision making and is very instrumental in public health and 

policy planning; in general, by analysing very large data from healthcare, DSS would give insight 

into the population pattern of disease, health trends, and the effectiveness of interventions in 

relation to guiding public health strategies and policy decisions. The system further seeks to 

promote preventive care by being able to identify at-risk patients at an early stage and offering 

personalized treatment plans. Furthermore, DSS provides avenues for collaboration among 

healthcare professionals, improves patient care outcomes, and thus becomes one of the ways in 

which efficiency of the healthcare system has been operationalized. 

4. RESULT AND DISCUSSION 

The model performance metrics indicate high effectiveness in making accurate predictions 

measured by various evaluation metrics. The precision of the model is high, since it identifies 

positive instances while reducing false positives; recall is good, detecting true positive cases. The 

model achieves a good trade-off between precision and recall as F1-Score indicates. The ROC 

curve comparison for the positive and negative classes shows a pronounced rise toward the top-

left corner indicating excellent performance. The value of AUC further strengthens its conviction 
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of ability to classify instances accurately due to a good margin above a random classifier. The 

results confirm that the model is an excellent candidate in the healthcare domain, where accurate 

illness detection and decision-making are imperative to improve patient outcomes. 

4.1 Performances metrics 

The performance metrics Figure 2 shows in the graph is self-explanatory regarding how effectively 

the model makes accurate predictions. Accuracy of 98.00% indicates making most of the 

predictions correctly. Precision comes to 97.12%, which indicates the ability to identify positive 

instances while minimizing false positives. Recall is slightly lower at 96.32%, indicating how good 

it is at identifying true positive cases while possibly missing a small fraction. The combination of 

Precision and Recall, which is termed as F1-Score, is found in the performance ranges of 98.16%, 

thus indicating even well-balanced metrics. All these things imply that the model has very high 

reliability, fulfilling good performance all through major evaluation measures; thus it is well fitted 

to accomplish its object whether it is forecasting the disease or assisting healthcare decision 

making. 

 

Figure 2: Performance Metrix 

 

4.2 ROC Curve 

A binary classification model is evaluated through the ROC curve (Receiver Operating 

Characteristic curve) depicting the TPR (True Positive Rate) and FPR (False Positive Rate). The 

False Positive Rate that indicates how many negative instances were wrongly classified as positive 

can be read on the x-axis. The True Positive Rate that avails how the model rightly identifies 

positive instances can be read on the y-axis. The diagonal dashed line is a line of demarcation 

between a random classifier with any model performing at this line for the predictions is just 

random. The blue ROC curve in the figure illustrates how the model distinguishes two classes 

against each other, with a sharply rising blue curve toward the upper left corner indicating the good 

model performance. The AUC (Area Under Curve) is 0.91, which clearly establishes the model as 
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an efficient mean to rightly distinguish between the two classes much better than the class A model 

using a random classifier (AUC = 0.5). The overall ROC curve and AUC reveal the sensitivity as 

well as the specificity and overall classification ability of the model with higher AUC values 

indicating better performance to show the figure 3. 

 

Figure 3: ROC Curve 

4. CONCLUSION AND FUTURE WORK 

The research elucidates that combining cloud computing and big data analytics has the potential 

to rehabilitate the health care system. LSTM networks placed on synthetic healthcare data achieved 

a notable prediction accuracy of 92.4% and a precision of 90.1%, suggesting that the model can 

reliably predict patient outcomes. The approach guarantees an instantaneous flow of clinical 

insights, securely storing them in cloud infrastructure, which is seamless to access on any clinical 

platform. Clinical visualization and reporting tools also support the decision-making process and 

operational efficiency. This integrated pipeline opens doors to innovations in data-driven, cost-

efficient, and patient-centric healthcare. Future research will be directed toward deploying this 

model in the real-world clinical space, integrating IoT-based health monitoring systems. Further 

enhancement of model accuracy and real-time processing on edge computing will also be 

harnessed. The enlargement toward other datasets will validate the robustness and generalizability 

of the system further. 
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