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 Healthcare organizations accept information technology in a management 

system. A huge volume of data is gathered by healthcare system. Analytics 

offers tools and approaches for mining information from this complicated and 

huge data. The extracted information is converted into data which assist 

decision-making in healthcare. The use of big data analytics helps achievement 

of improved service quality and reduces cost. Both data mining and big data 

analytics are applied to pharma co-vigilance and methodological perspectives. 

Using effective load balancing and as little resources as possible, obtained data 

is accessible to improve analysis. Data prediction analysis is performed 

throughout the patient data extraction procedure to achieve prospective 

outcomes. Data aggregation from huge datasets is used for patient information 

prediction. Most current studies attempt to improve the accuracy of patient risk 

prediction by using a commercial model facilitated by big data analytics. 

Privacy concerns, security risks, limited resources, and the difficulty of dealing 

with massive amounts of data have all slowed the adoption of big data 

analytics in the healthcare industry. This paper reviews the various effective 

predictive analytics methods for diverse diseases like heart disease, blood 

pressure, and diabetes. 

Keywords: 

Data mining 

Decision making 

Machine learning 

Predictive analytics 

Smart decision support system 

This is an open access article under the CC BY-SA license. 

 

Corresponding Author: 

Dolley Srivastava 

Department of Computer Science, Maharishi University of Information Technology 

IIM Road, Lucknow, Uttar Pradesh, India 

Email: dolley89@gmail.com 

 

 

1. INTRODUCTION 

Information mining in the healthcare company can significantly reduce expenses by boosting 

efficiencies, improving the quality of life of the patient, and potentially even more substantially, helping to 

save many more patients' lives [1], [2]. The word data processing will imply different things to completely 

distinct individuals like analytics and business intelligence. Data mining's most fundamental concept is the 

analysis of big information sets to find patterns and use those patterns to predict or predict the probability of 

future occurrences. 

- Descriptive analytics—description of what occurred 

- Predictive analytics—what will occur? 

- Prescriptive analytics—determination of what to do about it 

Data processing is applied in the core category of predictive analysis. Data mining includes 

uncovering patterns from large data stores and building predictive models using that information. Many 

sectors are using information mining effectively. It enables the client reaction to the retail sector model. It 

enables banks to predict the profitability of their customers. It provides medium, manufacturing, automotive, 

https://creativecommons.org/licenses/by-sa/4.0/
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higher education, life sciences, and more comparable use cases. However, information processing stays 

attentive these days, with only several pragmatic success tales for the primary instructional practice. 

Academics are exploiting data mining methods to publish studies such as decision trees, clusters, neural 

networks, and time series [3], [4]. 

People with physical and mental disabilities may be diagnosed, treated, and prevented by healthcare 

professionals in a variety of ways. In most nations, the healthcare business is advancing at a breakneck rate. 

Medical records, administrative reports, and other benchmarking results generated by the healthcare business are 

considered to be rich in data because of their volume. However, these medical records are being underutilised. 

Large amounts of data may be mined to find new and important information. Data mining in healthcare is mostly 

used to aid clinicians in making clinical choices by forecasting illnesses and providing diagnostic assistance [5]. 

The following is a breakdown of the numerous approaches used in the healthcare business. 

Anomaly detection is a technique for spotting the most important changes to a data collection. In 

order to test the accuracy of anomaly detection on the uncertain dataset [6] anomaly detection methodologies 

such as normal support vector data description, density induced support vector data description, and Gaussian 

combination are utilised. Clustering is a frequent evocative activity that involves identifying a limited 

collection of categories or clusters to characterise the data. In the clustering method, the technology of vector 

quantization was applied to predict readmissions in advanced medicine [7]. Classification is the discovery of 

a prediction characteristic of learning that classifies a data item into one of several specified classes [8]: 

- Statistical 

Taguchi and Jugulum [9] used the mahalanobis Taguchi system (MTS) approach for multivariable 

statistical assessment. The mahalanobis distance (MD) is used to compare the abnormality of two clusters, 

whereas the mahalanobis room (MS) is used to compare the abnormality of the known reference group data. 

Pressure ulcers were predicted using the MTS. Class imbalance is common in healthcare datasets. When 

dealing with skewed or unbalanced data sets, skewed distribution commonly impacts data mining processes. 

This difficulty typically results in very precise classification accuracy for the majority class but low precision 

for the minority class. This method is excellent for analysing data since it can indicate the degree of 

identified abnormality. This strategy is also used for scaling the MD. This method's performance is based on 

the wide disparity between normal and atypical instances. During the test phase, the MTS shows better 

sensitivity and g-means scaling. The MTS has improved sensitivity efficiency. 

- Discriminant analysis 

Linear discriminant analysis (LDA) is often used in discriminating assessments to estimate the class 

from a series of data based on fresh, unlabeled observations. The LDA method was utilised by Duda et al. 

[10] to estimate the severity of Parkinson's disease patient's non-motor symptoms. 

- Decision tree 

Several studies have examined the use of decision trees to analyse clinical data [11], [12]. Using the 

tree and its principles to forecast on a dataset is the heart of this method. The information set employed in 

this investigation has a very even distribution of information. For predictive purposes, the decision tree 

cannot be employed since it repeatedly separates data into branches in order to form a tree. Some of the best 

minds in the field of sickness treatment are analysing a decision tree approach that was just presented to 

them. In a choice tree, each branch shows an attribute value, each inner node suggests a test on an attribute 

utilised for, and a leaf node reflects the courses or class distributions anticipated by the tree structure. 

Predictive value of each attribute is used to determine where in the tree to start classifying. There are four 

steps in the method: data partitioning and categorization, choosing a decision tree category, and requesting a 

reduction in fault trimming. Testing with or without a vote is part of information partitioning. The gini index, 

the improvement of information, and the gain ratio are three types of decision trees. Finally, a reduction in 

the amount of mistake trimming is useful in order to give more closed choice recommendations. 

- Swarm intelligence 

The particle swarm optimization (PSO) algorithm is able to locate in big search spaces the ideal or 

near-optimal alternatives effectively. If fewer characteristics are used, the classification method will be 

quicker and more precise. As PSO is used to select appropriate parameters in the classifiers concerned, the 

PSO-based strategy demonstrates to enhance the general classification outcomes [13]. 

- K-nearest neighbour 

A classification approach based on an instance is the k-nearest neighbour (k-NN). Since the n-

dimensional space points in the technique are assumed to be connected to all instances, this algorithm's parameter 

units are samples. Because no data is ever lost in the process of training, the method is very valuable [14]. 

- Logistic regression 

It is possible to use logistic regression (LR) in a variety of ways, including continuous, discrete, or a 

combination of both. Logistic regression is then applied to the resultant linear combination of inputs. These 

methods are popular because they are easy to implement and provide effective outcomes [15]. 
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- Bayesian classifier 

The Bayesian classifier is highly effective in computational efficiency and capable of handling 

naturally and effectively missing information. The Bayesian classifier also demonstrates by getting the 

models applied that the model is appropriate as the average strategy has resulted in enhanced forecast 

precision and enables writers to extract more characteristics from the information without being overfitted. 

Bayesian classifiers predict the likelihood of class affiliation so that the likelihood of a specified sample 

belongs statistically to a specific class. In view of the observation, the Bayes theorem used to determine the 

probability of a suggested diagnosis being right. The model of Naive Bayes defines the physical 

characteristics and characteristics of a disease patient. It provides the option of an attribute for the expected 

state for each input [16]. 

- Support vector 

Because of their success in a wide range of pattern categorization tasks, support vector machines 

(SVM) have recently attracted a lot of interest. Supervised learning using SVM is a technique used in this 

field. The SVM method predicts disease incidence by arranging disease predicting features on a 

multidimensional hyperplane and calculating the margin between two data clusters. Kernels, which are 

nonlinear characteristics, are used to attain high accuracy in this technique. SVM, a generalization-efficient 

approach, has been shown to be helpful in handling classification responsibilities. By limiting structural 

hazard, a strategy seeks to reduce generalisation error's upper bounds [17]. 

- Neural network 

Neural networks are well known for generating extremely precise outcomes in practical 

applications. By using the neural network model feed-forward, variable learning speed and momentum 

learning algorithm back-propagation, the neural network trained with the database. The model's structure is 

as follows: it begins with clinical information input and moves towards the development of an artificial 

neural networks (ANN) algorithm [18]. 

- Hybrid 

Prediction of disease is one of the main problems facing the healthcare sector. Motivated by the 

growing death rate of patients globally, scientists use various information mining methods in disease diagnosis. 

Every method possesses its own merits and demerits. Each algorithm used by each method includes certain 

features that are useful for diagnosing the disease [19]. Here the output mixture is regarded as "hybridization." 

 

 

2. TECHNOLOGY AND METHODS FOR DATA ANALYSIS IN HEALTHCARE 

It is difficult to analyse dynamic and complicated data such as magnetic resonance imaging (MRI) 

images, X-rays and biological signals electrocardiography (ECG), electroencephalograph (EEG), and 

electromayography (EMG) because of their dynamic and complex character. They are multi-dimensional. 

There aren't many methods for analysing data of this kind and making decisions based on it [20]. Some of the 

analytical methodologies that may be used in healthcare and medicine are mentioned in the literature  

(Table 1). 

 

 

Table 1. Medical big data analytical methods 
Technique Healthcare application Studies 

Cluster analysis Identification of at-risk populations via locating obesity clusters; Clark et al. [21] 
 Finding population groups with unique health variables for chronic illness 

treatment 

Swain [22], Schatz [23] 

Data mining Biosignal monitoring for health issues; Forkan et al. [24] 
 Detecting outbreaks; Ghani et al. [25] 

 Healthcare data analysis based on inductive and exploratory reasoning Roski et al. [26] 

Graph analytics Examination of hospital performance on a variety of different qualitative 
criteria 

Downing et al. [27] 

Machine learning Diagnosis and treatment planning; Chen et al. [28], Khullar  

et al. [29] 
 Review of the hospital's effectiveness; Downing et al. [27] 

Natural language 

processing (NLP) 

Epidemiological surveillance, enhanced care delivery, and cost containment Downing et al. [27], Lo and 

Jamrozy [30]  
 Assistance in identifying high-risk variables, as well as training, consulting 

and therapy 

Khalifaand and Meystre [31] 

Martin-Sanchez et al. [32] 

 Extracting data from medical records; Ford et al. [33] 
 lowering the risk of disease and death  

Neural networks Chronic illness diagnosis and treatment Al-Jumeily et al. [34] 

 Prediction of a patient's sickness in the future Martin-Sanchez et al. [32] 
Pattern recognition Improvements in public health monitoring Luxton [35] 

Spatial analysis Using visual, geographical, and sophisticated analytics to get insights on the 
population at large 

Amirian et al. [36] 
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3. CLASSIFICATION MODEL TO PREDICT THE DIABETICS MELLITUS AND RETINOPATHY 

Faruque and Sarker [37] had been worked on the diabetes mellitus information mining concept. The 

investigator utilizes the information classification technique of Naive Bayes, k-NN, C4.5, and SVM 

algorithm. Furthermore, in this document, the investigator cites the fine points about the knowledge 

discovery in database (KDD), and explores the risk factors for prediction of disease. The article discusses 

how to manage the data's null values and noise. It provides a vivid overview of the meaning of classification. 

It utilizes classification WEKA software. The research compares two well-known algorithms, the algorithm 

of Naive Bayes, and the algorithm of J48. The precision approached by the algorithm is 81%. 

Nurrahman et al. [38] clarified that type 2 diabetes mellitus is a metabolic disease that affects an 

individual with high blood glucose levels in easy terms called diabetes. Diabetes is a metabolic disorder 

triggered by the body's inability to make insulin or use insulin correctly. This situation occurs when there is 

not enough insulin generated by the body or because the cells do not react to the insulin generated and leads to 

obesity. A key technique for diagnosing diabetes is the blood glucose test. Numerous computerized techniques 

for diagnosing diabetes have also been suggested. All of these techniques have some input values that would 

result from various trials to be performed in hospitals. This article recommends a method to relieve patients 

experiencing countless medical exams, which are considered by most as a tedious and time- consuming job. 

The parameters known for polygenic disease detection are intended so that if the patient is impacted by the 

polygenic disease itself, the user will predict. Diagnosis is based on the backpropagation algorithm. 

Singh and Singh [39] used UCI machine learning repository's pima indians diabetes database which 

is a very rich dataset and 768 tuples and about 8 constant characteristics. The sigmoid, linear SVM kernel 

model and radial basis function is used. The ensemble approach is used by C4.5, sequential minimal 

optimization (SMO) and NB. The stacking approach of SMO generated thehighest accuracy of 79%. Rashid 

and Abdullah [40] suggested the diabetes diagnosis hybrid artificial bee colony (ABC). In this work, the 

writers used the genetic algorithm and back propagation neural network (BPNN). This improved ABC's 

diversity without compromising the quality of the solution. The altered ABC was used to produce an ideal 

fuzzy classifier as an evolutionary algorithm. The research is highly accurate and reliable in tuning optimal 

guidelines that trained BPNN mutation with hybrid ABC method. This classifier is more optimal. This has 

supplied the diabetes information with a good diagnostic instrument. The author overcome the over fitting 

problem. However, in order to attain precision and efficiency, the method requires more training samples. 

Sejdinovic et al. [41] used the ANN for classification. The aim was to concentrate on type 2 diabetes 

and prediabetes. 2 layered, feed-forward neural networks were implemented by the scientists. In the 

concealed layer, the number of neurons needed was 15. The neural network is with 2 key parameters of 

fasting glucose rate and HbA1c testing. The training and test information was distinct from the experiment. 

The precision for prediabetes was nearly 94.1% and for type 2 diabetes’s about 93.3%. 

Choubey et al. [42] implemented the two approaches. The first approach is classification via 

regression, k-NN and radial basis network function classification on the Adaboost. The second approach is 

feature reduction with the same classification models. The classification models with and without the 

principal component analysis (PCA) and linear discriminant analysis is compared. The result shows that both 

are useful to remove insignificant features. The classification accuracy, receiver operating characteristic 

(ROC) curve is measured for validation. 

 

 

4. CLASSIFICATION TECHNIQUE TO PREDICT HEART DISEASE 

In order to analyze the performance of many information handling methods, Zunaidi et al. [43] 

present classification of carcinoma data may be used to search for outcomes of some disease or to explore the 

prevalent nature of heart disease. The many information handling methods are used to heart disease analysis; 

this new strategy usually concludes the comparative performance of decision tree classifiers such as SMO, 

random forest, k-NN, J48, and multi-layer perceptron (MLP). The outcome demonstrates that MLP output 

offers intelligent results in terms of precision, low error rate and efficiency compared to separate classifiers. 

Latha and Jeeva [44] implemented ensemble bagging and boosting classification technique for 

predicting heart disease by measuring accuracy. Latha and Jeeva [44] implemented a faithfully greater 

performance comparison analysis on BPNN and logistic regression for heart disease prediction. BPNN is non 

parametric and LR is parametric analysis. Olatunde et al. [45] used Adaboost and Bagging for navie Bayes, 

neural network, and random forest. This ensemble approach is supportive for weak classifiers but 

performance is low for rigorous dataset. 

Shah et al. [46] conducted a heart disease forecast survey with the assistance of the regulations of 

the association. They used a straightforward algorithm for decision tree. This algorithm treats attributes 

continuously as numerical or categorical. This is used to transform to a transaction format medical records 

for application. The decision tree is used for mining information as it splits numerical values automatically. 
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The split point selected by the tree of decision is of little use. Clustering is used to gain comprehensive 

information knowledge. 

Dora et al. [47] scheduled the Gauss-Newton novel carcinoma classification-based algorithm 

(GNRBA). It utilizes the distributed illustration with the selection of function and evaluates the sparseness in 

an extremely economical approach to computation. Then this method scheduled fresh, mostly classifier-based 

gauss, Newton, to search for optimum weights for classification coaching specimens. These methods are 

studied from the UCI machine learning repository using Wisconsin carcinoma database and Wisconsin 

diagnosing carcinoma database. The outcome demonstrates that this method offers greater precision, 

sensitivity, specificity, matrices of confusion compared to old methods. 

Reis et al. [48] provides an assessment of the categorization and automatic classification of carcinoma 

by the victimization of multi-scale fundamental picture characteristics basic image features (BIF) and local binary 

patterns (LBP) in conjunction with the random decision trees classifier used in carcinoma classification. These 

methods show the text-based classification of invasive breast carcinoma (IBC) images based on haematoxylin 

and eosin (H&E). The outcome demonstrates the good precision is provided by the multi-scale strategy. 

 

 

5. CLASSIFICATION TECHNIQUE TO PREDICT VARIOUS STAGES OF CANCER 

Xiao et al. [49] addressed five different classification models with ensemble approach to cancer 

prediction. This deep learning approach analyzed the gene expression on different cancer tissues such as 

lung, breast and stomach. The generation rate is reduced. Rahimi et al. [50] have introduced a cancer forecast 

classifier, the most prevalent cancers for males and females alike. The author also examined the usefulness of 

the fresh rule pruning method and showed the suggested procedure that has a beneficial impact on both multi 

objective PSO and PSO precision. This research also likened their strategy to popular information mining 

algorithms on the classification of breast cancer and pulmonary cancer and showed that combined with the 

suggested rule pruning, multi objective PSO is efficient in predicting prevalent cancer kinds. An experiment 

has shown that the fresh pruning technique has improved the precision of classification, and this approach 

has been discovered to be efficient in cancer forecast. The effective classification techniques were presented 

by Mavaddat et al. [51]. They used polygenic risk factors for analyzing breast cancer and its subtypes. In the 

prediction of the result, the family history is jointly correlated with the polygenic risk factors. However, 

further improvement is needed for the classification of trained dataset. Dutta et al. [52] evaluated the breast 

cancer. The fuzzy logic with inference system is used to distinguish breast lumps with the tumour. The 

classification model used are navie based, decision tree and logic boost. 

 

 

6. BIG DATA IN HEALTHCARE 

Business and clinical models may be transformed by big data analytics in order to offer care more 

intelligently and efficiently [53]. De-identified health data may be integrated to allow for secondary usage of 

the data. It may also help with self-decision making by spotting patterns and interpreting connections. 

Analytics of big data in healthcare practise may assist to discover diseases earlier, to accurately forecast their 

course, to identify deviations from a healthy condition, to influence the course of diseases and to detect fraud. 

As a result of this information, healthcare organisations are able to tailor their forecasts and treatment plans 

to the individual, so reducing waste and increasing efficiency; and individual patients are encouraged to keep 

a healthy lifestyle by receiving practical advice. It's possible to discover low-frequency occurrences that have 

a major clinical effect thanks to the power of big data. Several usability studies have been summarised in 

Table 2 based on their intended use. 

 

 

Table 2. Healthcare big data use cases 
Application area Studies by: 

Genomics 

Pharmacology and clinical pharmacology 

Patient-centered medical care 
Precision medicine 

Elderly care  

Mental health 
Cardiovascular disease 

Diabetes 

Gynecology 
Nephrology 

Oncology 

Ophthalmology 

Urology 

[52], [54] 

[55], [56] 

[57]–[59] 
[60]–[62] 

[63], [64] 

[65], [66] 
[67], [68] 

[69]–[72] 

[73]–[75] 
[76]–[78] 

[79], [80] 

[81], [82] 

[83], [84] 
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To keep up with the tremendous growth in biomedical and healthcare papers, we've undertaken a 

comprehensive assessment of healthcare analytics across five subfields as illustrated in Table 3. Big data 

analytics is being used in the field of bioinformatics because to its complicated and enormous datasets, 

according to the results of the study. Many bioinformatics tools, methodologies, and platforms are available 

for analysing biological, genomic, protein, and gene sequencing data. 

 

 

Table 3. Comparison of the literature 
Healthcare discipline Analytical methods for large data sets Studies 

Imaging informatics and medical 
image processing 

Image visualization  
Image classification  

Image retrieval  

Data and workflow sharing  

[85], [86] 
[18], [29], [49] 

[87], [88] 

[89] 
Bioinformatics Feature selection  

Classification  

Clustering  

Microarray data analysis  

Protein-protein interaction  

Protein sequencing  

[90], [91] 

[11], [12], [14], [41], [42], [44], [47] 

[92] 

[93] 

[94] 

[95] 
Clinical informatics Storage of EHR  

Retrieval of EHR  

Data sharing via the use of interactive data 
retrieval 

Recommendation for treatment 
Disease prediction, progress and diagnosis 

[93] 

[87] 

[88] 
[46] 

[24], [28], [37]–[39] 

Public health informatics Surveillance of infectious diseases 

Management of population health 
Management of mental illness 

[95] 

[53] 
[15], [35], [64] 

 

 

7. THEORETICAL FOUNDATION FOR BIG DATA ANALYTICS 

A standard healthcare informatics or analytics project's conceptual framework is quite similar to that 

of a big data analytics project. The main difference is in the way processing is carried out. If you are working 

on a standard health analytics project, you may use an in-house business intelligence product installed on a 

desktop or laptop to conduct your analysis. Processing is distributed over numerous nodes due to the sheer 

size of big data. Distributed processing has been around for a long time. Although its usage in huge data sets 

is relatively new, healthcare practitioners are beginning to leverage their massive data repositories to get 

insights for making better health-related choices. As a result of the availability of cloud-based open source 

technologies like Hadoop/MapReduce, healthcare organisations are increasingly relying on big data 

analytics. Traditional health analytics solutions have grown more user-friendly and clearer, despite the fact 

that their algorithms and models are quite similar to those of big data. It is difficult to learn and use big data 

analytics technologies because of their complexity and the need to use a wide range of skill sets. Open-source 

tools and platforms that have arisen in an ad hoc way are lacking in features that vendor-driven proprietary 

products provide, such support and usability. Complexity starts with data, as seen in Figure 1. 

 

 

 
 

Figure 1. Applied big data analytics conceptual architecture 
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Big data analytics platforms in healthcare need to be able to perform the essential activities of data 

processing. There are a variety of factors to consider when evaluating a platform, including the following: 

accessibility, consistency, usability, usability at various levels of granularity, privacy and security, and the 

capacity to ensure quality. Open source platforms have their pros and disadvantages, and this is no different 

for those platforms. Big data analytics in healthcare must be packaged in a way that is menu-driven, user-

friendly, and transparent in order to thrive. In healthcare, real-time big data analytics is essential. Is there a 

time lag between data gathering and analysis? Another need for widespread acceptance is the ability to access 

various analytics techniques, models, and methodologies through a drop-down menu. The management 

concerns of ownership, governance, and standards must be taken into account. The concerns of continual data 

collection and data purification are also intertwined. There is a lack of standardisation in health care data 

since information is typically fragmented, or created in outdated IT systems that are incompatible. This is a 

huge problem that has to be addressed. 

 

 

8. ADVANTAGES OF HEALTHCARE ANALYTICS DATA 

The use of prospective healthcare analytics by Big Data alters the healthcare industry. As a 

consequence of using big data analytics, doctors are able to make rapid treatment choices. Analytics is 

helping the healthcare industry make money. Analytical tools, data collecting, data sharing via electronic 

health records (EHR), electronic medical record (EMR), and interchange of medical information may be used 

to analyse healthcare data. Disease may be detected and predicted earlier and treated more quickly with the 

improvements in healthcare standards. There must be a process in place for new enrolees to be assessed for 

health risk. IBM utilises unstructured information management architecture (UIMA) to anticipate and analyse 

cardiac failures using big data from EHR data at the earliest stages of the illness. These open data sources 

may also be used to detect the transmission of infectious illnesses and analyse them to anticipate how they 

will spread in the future. When it comes to big data analytics, the challenge is to figure out the probabilities 

from databases of different sizes. The benefits of healthcare analytics programmes are evident, even if certain 

challenges are left unaddressed. By combining, digitising, and making effective use of big data, hospital 

networks may reap enormous advantages for their healthcare operations. Benefits include detecting illnesses 

at an early stage, analysing them, and then treating them efficiently. Applied analytics will be used to manage 

the associated dataset since each record is unique and its entry was made in. Big data analytics can answer a 

slew of questions.  

 

 

9. CHALLENGES IN HEALTHCARE 

From new disease outbreaks to ensuring a high level of operational efficiency, the healthcare industry 

faces several problems. In the development of healthcare applications, data mining and data analytics hold 

great potential for addressing these difficulties, but success is based on the availability of high-quality data, 

and there is no magic recipe for efficiently applying data analytics approaches to every circumstance. As a 

result, the creation of data analytics-based applications is dependent on the storage, preparation, and mining of 

data. As a result of the sheer volume and complexity of the data involved, chemical analytics may be difficult 

to implement. Data complexity, regulatory compliance, access to data, information security, inter-operability, 

efficient analytics methodologies, security, manageability, development, maturity, re-usability are some of the 

issues that need to be addressed to overcome these obstacles. 

 

9.1.  Multiple source information management 

Despite the massive expansion in EHR adoption, making this data meaningful, readable, and 

relevant to clinicians and patients remains a challenge. The healthcare industry must find out how to keep, 

manage, and distribute all this data. Interoperability may help us tackle this problem. Lack of EHR 

compatibility complicates healthcare big data analytics. The establishment of a new infrastructure that 

enables all data providers to communicate and share data is required. 

 

9.2.  Security, privacy, and trust 

Everyone involved in the healthcare business has a stake in protecting the privacy and security of 

patient data. Each of us bears some of the weight of the burden. A well-functioning healthcare system is 

dependent on patient privacy and information security to achieve better health results, healthier individuals, 

and more cost-effective expenditure. If a patient has any doubts about the confidentiality of their health 

information, he or she may refuse to divulge it or ask their physician not to record it. As a result, the patient 

is placed at danger, as well as the organisation, in terms of clinical results and operational efficiency 

analyses, as a result of this mentality. If patients are to benefit, providers and people must have confidence in 

the privacy and security of their health information. 
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9.3.  Advanced analysis methods 

Wearable technologies, patient-cantered care, and other technological breakthroughs are reshaping 

the health care business. Even while EHRs have made data collecting easier, they lack the capacity to 

combine, convert or do analytics on the information collected. An inadequate amount of data may be gleaned 

from the little information provided by retroactive reporting. Analyzing large amounts of complicated data 

may be done using any number of methods, strategies, or instruments at one's disposal. 

Based on a sample of the complete dataset, traditional machine learning uses statistical analysis. 

Traditional machine learning approaches are inefficient and computationally infeasible when applied to this 

data set. Analysts are able to concentrate on complicated data analysis approaches that can be scaled to suit 

the volume, velocity, and diversity in the healthcare data. 

 

9.4.  Data quality 

Most hospitals utilize real-time data monitors (particularly ICUs), however real-time data analytics 

are not in use. With real-time data collecting, hospitals will be able to identify infections before they spread, 

monitor treatment progress, and choose better treatments in order to minimize morbidity and mortality. This 

will be possible in the near future thanks to real-time data analytics in the healthcare business. Data standards 

and device interoperability are essential if we are to accomplish real-time processing of data. 

 

 

10. CONCLUSION 

Most hospitals utilise real-time data monitors (particularly ICUs), however real-time data analytics 

are not in use. With real-time data collecting, hospitals will be able to identify infections before they spread, 

monitor treatment progress, and choose better treatments in order to minimise morbidity and mortality. This 

will be possible in the near future thanks to real-time data analytics in the healthcare business. Data standards 

and device interoperability are essential if we are to accomplish real-time processing of data. 
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