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ABSTRACT

Big data is one of the largest and most complex datasets can be used to address business problems, medical prediction and diagnosis etc. Many fields now are facing tremendous challenges and various opportunities are provided to us to manage big data in various applications. Various big data tools are available to process the data and provide solutions to such challenges throughout the world. Here is a glimpse of such challenges faced and the major milestones that are achieved in the sizing of these data volumes to avoid information explosion. 
.
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I. INTRODUCTION

The quest for Big data began seventy years ago when the first attempts was made towards quantifying the growth rate of volume of data better known as “Information Explosion” was predicted. In this section we will be discussing about the history of big data, challenges faced, its needs in today’s world and the various opportunities it gives us to manage big data in various applications. The major hurdles that one came across in the history of sizing data volumes  and observations pertaining to data or information explosion are also a part of this discussion.. 

II. Big Data over internet


A. Age of Big Data  

Super computers sites and large data centers must provide high–performance computing services to huge number of internet users concurrently. Data centers have to be upgraded using fast servers, storage systems and high-bandwidth networks. Data Lakes can be used to store  data on cloud. The purpose is to facilitate storage for such large data stored into various data centers.


C.Big Data – Definition 

Big data analytics can be seen from numerous angles. The business perspective, which includes value and commercial outcomes, the technological perspective, which includes managing computer resources and IT infrastructure, and the social perspective are arguably the three that are most frequently discussed [8]. The components of these viewpoints typically include both functional and non-functional criteria [9].
Figure 2 illustrates the various ways that big data influences both the strategy generation process and the strategiesthemselves, sometimes referred to as the "6V's"[10].
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Figure 2. 6Vs of big data

[Courtesy of Demchenko, De Laat and Membrey, 2014]

The V’s of the Health Care Big Data are:

1) Volume: The healthcare data now includes wearable medical devices. These gadgets have the capacity to continually track a variety of physiological data, including bio potential, heart rate, blood pressure, and other parameters [2,4].
2) Variety: The complexity of various data types and the range of data sources could be used to describe healthcare data. In the past, paper prescriptions, handwritten notes, office medical records, MRI and CT scans, and other sources have typically provided the majority of unstructured data[5].

3) Velocity: Scripts, x-ray films, and paper files must be handled quickly[6].

4) Veracity: Healthcare data has biases, noise, and irregularities, which could jeopardize patients' access to appropriate decision-making and care [7]. "However, today, we rely on the general's trained eye."

5) Variability: It specifies how varied the data is? Data which is collected from different sources has data outliers to specify the difference of one type of data from another.

6) Value:  It specifies how efficiently the data is used and its utility in different applications .It also shows whether the data was useful for a specific application or not. 

D. Big Data –looking to internet as a model

As we can see, data is expanding and coming from a variety of sources, sometimes unexpected ones:
Opening Data
• Social networks, where both public and private data are present.
Internet of Things (IoT) (IoE)
• Individual data
• Additional user-generated content (UGC), like uploaded videos
• Commercial dealings

The primary source of this enormous amount of data is the internet. Now the question is, "Are we prepared for the enormous volumes of data in the future? Figure 3 illustrates the sources of the data that were gathered and kept to help with this.
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Figure 3. Data collected from different sources and stored

The rate at which we are collecting is expanding daily .Big data will come from anywhere and everywhere, and there is an immense need to access and consume data .The  data is saved into any private cloud storage .Figure 4, shows how the data is collected and why it is collected? Now the big question lies on how will the data be managed?
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Figure 4. How much data is collected and why?

There have been significant sources that include Internet of Things (IOT) and all the “smart” devices connected to it. In Figure 5, the graph of time v/s the data volume from different sources shows how the data is stored at different levels.
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Figure 5.Big data in consumer context

(Courtesy IDC and Berkeley Data growth estimate)
III.Big data analytics

A. Big data Analytics –Technologies for business processes

 	Big data analytics is the process of examining large and varied data sets  to uncover hidden patterns, customer preferences and other useful information that can help organizations make more-informed business decisions as shown in the figure 6.
[image: Related image]
Figure 6. Big data Analytics

· Data scientists, statisticians, predictive modellers, and other analytics experts can examine the increasing amounts of structured transaction data and other types of data thanks to big data analytics software. High-performance analytics systems are used in sophisticated applications involving elements like what-if studies, statistical algorithms, and predictive models.
· 
· 
· B. Big Data Analytics: Technologies and Tools
· 
· Unstructured and semi-structured data kinds often don't fit well in conventional data warehouses built on relational databases that are focused on structured data sets. In addition to Hadoop and its supporting tools, many enterprises that gather, process, and analyse big data use No-SQL databases. These include the following tools:
· 
· • YARN, a cluster management system that is a crucial component of second-generation Hadoop.
· • MapReduce is a software architecture that enables 
programmers to create applications that analyse enormous volumes of unstructured data concurrently on standalone computers or distributed clusters of processors.
• Spark: An open-source framework for parallel processing that enables users to run complex data analytics programmes across clustered systems.
• HBase is a key/value data store that is column-oriented and built to work on top of the Hadoop Distributed File System (HDFS).
• Hive: a system for querying and analysing massive datasets stored in Hadoop files.
• Kafka is a distributed publish-subscribe messaging platform created to take the role of conventional message brokers.
Pig is an open-source application that provides a high-level framework for parallelizing MapReduce tasks for Hadoop cluster execution.


B. Uses and difficulties of big data analytics

Microsoft and Amazon Web Services (AWS) have simplified things. for establishing and controlling Hadoop clusters in the cloud. Clusters are now created by users on the cloud, used for however long is necessary, and then shut down. Data silos can develop as a result of the usage of several platforms and data storage in a big data architecture, as well as from the volume and variety of data that is generally involved. These difficulties can affect data quality, consistency, and governance.

C. Stakeholders

Big Data is predicted to bring about a variety of motivations and goals for the various stakeholders in the healthcare sector, which can be summed up as follows:

1) Patients require patient-centered care.
2) Providers demand immediate access to patient information and other features.

3) Researchers want new tools to increase workflow quantity and quality.


4) Pharmacy need customer-friendly service.
 
1) Providers want real-time access to patient and other amenities.

2) Researchers want new tools to improve the quality and quantity of workflow .


3) Pharmacy companies want to better understand the causes of diseases.

4) Medical data centers consider safety monitoring and adverse event prediction [11].


E. Opportunities

 	Healthcare organisations, from single-physician practises and multi-provider groups to huge hospital networks and accountable care organisations, stand to gain a lot by digitising, merging, and leveraging big data effectively [12]. Clinical operations and R & D are two of the largest areas for potential savings with $165 billion and $108 billion in waste respectively [13]. Big data could help reduce waste and inefficiency in the following areas: 

i) Clinical Operations
 
 ii) Research & development

iii) Public health
iv) Genomic analytics
v) Fraud detection
vi) Device/remote monitoring


IV. ISSUES AND CHALLENGES 

a. When selecting a platform, factors including accessibility, usability, scalability, level of security, and continuity should be taken into account [16]. Data incompleteness, scalability, and security are some of the other difficulties with big data analytics [17,18]. Among the difficulties are:

b. a.Privacy and data security: The norms of the legal tradition of doctor-patient confidentiality govern the privacy of data specifically related to the healthcare industry. [34].

b.Data is kept in formats that are incompatible with all technologies and applications [21, 24]. This lack of data standardisation also presents concerns with the transfer of that data [25, 26].

c. c. Data Transfers and Storage: Data creation is less expensive than data storage. When data is produced, the expenses of safeguarding it rise and keeping them in storage remain high [26]. Both the act of transmitting data from one location to another and its analysis are costly [28,24,29]. Data scientists are still having trouble coming up with better techniques to process unstructured and heterogeneous data in the same way.


d.Requirement of Appropriate Skills: The managing, storing, retrieving, and implementation of large data are difficult due to the knowledge in technical skills. Highly technical skill sets are required for data scientists. They must have soft talents like teamwork, leadership, creativity, and other things [27].IV.Medical Big Data Analytics 

Information is the primary source of every system. Pervasive inefficiencies and a reward system poorly focuses on the key patient needs. They define a learning health care system as a system designed to generate and apply best evidence for the collaborative healthcare choices of each patient and provider. 

A. The Big Picture of Patient Data

Any industry may now handle, analyse, and use data differently thanks to big data. Big data can be used to alter the healthcare industry. Healthcare analytics have the ability to lower treatment costs, foresee epidemic outbreaks, prevent infections, and more. Healthcare analytics ensure a superior result, i.e. healthy and secure patients.

B. Why is big data used in healthcare?

In recent years, it has become critical to use big data in healthcare and to control the rising expenses in countries like the United States. Medical judgments are becoming more and more evidence-based, which means they draw on a wide range of research and clinical data rather than just their education, and healthcare prices are significantly higher than they should be as well as expert opinion. Data management and gathering are becoming more important, just like in many other businesses.

B.Data-Driven Healthcare Challenges

There are numerous sources of medical data that are controlled by various states, institutions, and administrative divisions. Creating a new infrastructure would be necessary to integrate various data sources.

C. Therapeutic Data Warehouse

As seen in fig. 7, a clinical data warehouse compiles patient data into a single, well-organized place that is used for analysis and reporting.
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Figure 7. Electronic Health record of a patient.

Since data can be stored in a variety of formats across systems, as shown in figure 8, ETL retrieves data from various clinical systems, synchronises formats of data through a process known as transformation, cleans the data, and then imports the data into the database of the clinical data warehouse.
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Figure 8.clinical data warehouse

Process of converting them to match is called transformation. 

V.Analytics 

A. Process and Information Extraction   

The term analytics refers to the discovery of meaningful patterns in data, and is one of the steps in the data life cycle of collection of raw data, preparation of information, analysis of patterns to synthesize knowledge, and action to produce value. A centralized coordination is required to search the location for patient data for analysis and reporting.
Analytical thinking is the synthesis of information into knowledge. One of the processes includes statistical analysis. as evident in the figure 9 below , one of the processes entails statistical analysis. As seen in Figure 9 below, raw data is gathered from a source, processed by exploratory data analysis, and sent for cleaning processed data to select the information needed. This information is then communicated with the aid of visualization tools like bar charts, pie charts, and other graphical representations.[image: https://lh5.googleusercontent.com/Ese_gbRWpsKCFY0N-85lX3q1k4tMcoo2AC4TiG-_BS4PlW9VtudaKYiWFpvRUce79BK3VLuWAHta-fpBKfbRfaoJwuQvSXY9zgcfH7N6_sVdoc5B-XZpLZzvZMSuK1n4ZkJwzZXLmDgrnzXtItBPSWqh30Grhdo]

Figure 9. Process of Analytics

Figure 10 shows the information extraction phase of the analytics process, where both structured and unstructured data are taken as input and features are extracted and stored as patient representations. Analytics is the entire process of data collection, extraction, transformation, analysis, interpretation, and reporting. The saved patient representation serves as the starting point for the feature selection step, which separates data according to the context in which it will be used. This output serves as the starting point for predictive modelling. Predictive modelling classifies data using three algorithms, i.e. Regression, classification, and patient similarity.
[image: https://lh4.googleusercontent.com/MawJ101Mn3tx2-i0X9JkuVJI3W5gAW4UjtQff6DIFLDMPhCtQwpUMwZr4BBHjC5zcrYjMdBZmp_Oli_Mymj2uQJJOSKwwsPaCGCPSmAXgbI05EvX_SLvaTV7nDpFbsLeE3Szo--JmWCpVyxaILtRQcemhJ9l-cY]

Figure 10. Steps involved in Information Extraction

B.Types of Analytics 
In 2013, IBM divided analytics into three categories.
1.Descriptive: asks "what happened" using business intelligence and data mining.
2.Predictive: asks, "What might happen?" using statistical models and projections.
3.Prescriptive: asks "What should we do? " using simulation and optimization. ”Analyzes facts to determine "Why did it happen?
The figure 11 depicts each stage of analytics.[image: https://lh4.googleusercontent.com/ihnoKslOT-cAvH9WhDlqA-q2TjY015Kk35kHsrovgSsBdtPLtghwlBWwlxWCfw6mIu9HO_mmROaVVqR521euCWbi2-IRJeIrCeMsdqJVLegNg4-6K6arrSc73_ppYTXBHWr6WA0YXkG17qBhYbeuOnr5OlWhKeQ]

Figure 11. Types of Analytics

Yet another query is, "Why did it occur? "is clearly explained. The diagnostic analytics are the most basic type of analytics, and they are the most important to the institute but also the easiest to execute. Predictive analytics are even harder but also more valuable. Prescriptive analytics are the final category and are both the most challenging and valuable.
The simplest sort of analytics, descriptive analytics merely explain the data. Common statistics include the number of laboratory tests, average patient age, and average length of hospital stay for patients with specific diagnoses. In descriptive analytics, visualization is frequently offered as tables, written narratives, bar or column charts, or pie charts.

VI. Medical data analysis –Technical Issues
The variety of illnesses and their co-morbidities, the heterogeneity of treatments and outcomes, and the various nuances of study designs, analytical tools, and ways for gathering, processing, and interpreting healthcare data all contribute to the complexity of healthcare [6].
A large part of the reason why medical big data are frequently collected using protocols (i.e., fixed forms) and are reasonably structured is because the extraction process makes raw data easier to understand [9]. Multiple causes of uncertainty, such as measurement errors, missing data, or coding problems that change the information buried in textual reports, might also have an impact on them. As a result, both data analysis and result interpretation may heavily rely on domain expertise [10]. Additional distinguishing characteristics of medical big data in analytical aspects are the various Types of patient characteristics, which may occasionally need to be weighted; time structure, which may provide another dimension; treatment information; and time points at which decisions and changes in treatments are made (i.e., time-dependent confounding) [11].
Making meaning of all accumulated data on as many different factors as feasible is the goal of a big data project, which is made possible by the expanding availability and declining cost of computer technologies [12]. Last but not least, big data technology is increasingly seen as the driving force behind a continuously improving health system that enables two-way communication between research and operations [13]. Clinical epidemiology and medical big data analysis have many similarities, but they also differ in a number of ways, some of which are included in Table 1.
Table 1. Medical big data analysis vs. classical statistical analysis

	Parameters
	Medical big data analysis
	Classical statistical analysis

	Application
	Hypothesis-generating
	Hypothesis-testing

	Questions of interest
	Overcoming the limitation of locally or temporally stable association with continually updating the data and algorithm
	Trying to prove causal relationships

	Domain knowledge
	More important in interpretation of the results
	Important both in collection of data and interpretation of the results

	Sources of data
	Any kind of sources; frequently multiple sources
	Carefully specified collection of data; usually single source

	Data collection
	Recording without the direct supervision of a human
	Human-based measurement recording

	Coverage of data to be analyzed
	Substantial fraction of entire population
	Small data samples from a specific population with some assumptions of their distribution

	Data size
	Frequently huge
	Relatively small

	
	Medical big data analysis
	Classical statistical analysis

	Nature of data
	Unstructured and structured
	Mainly structured

	Data quality
	Rarely clean
	Quality controlled

	Research questions of data analysis
	May be different from those of data collection
	Same as those of data collection

	Underlying assumption of the model
	Frequently absent
	Based on various underlying probability distribution function

	Analytic tools
	Frequently automated with data mining algorithm
	Manually by expert with classical statistics

	Main outputs of analysis
	Prediction, models, patterns identified
	Statistical score contrasted against random chance

	Privacy & ethics
	Concerns about privacy and ethical issues
	Data collection according to the pre-approved protocol; informed consent from the participants



A.How can medical big data be analyzed?

Iavindrasana et al. [19] listed nine steps in the data mining process: 1) learning the application domain, which includes figuring out the goal of the data mining application and relevant prior knowledge of the domain; 2) dataset selection; 3) data cleaning and preprocessing; 4) data reduction and projection; 5) matching the goal defined in step 1 to a data mining method; 6) decision of the algorithm and search for data patterns; 7) pattern extraction; and 8) evaluation. Accuracy, sensitivity, specificity, receiver operating characteristic curve, precision, recall, f-measure, number of accurate predictions, and number of false positives are the most often used performance indicators for evaluation [19].

i) Missing value

Three categories of missing data exist: entirely missing at random (MCAR), missing at random (MAR), and not missing at random (NMAR). MCAR is missingness whose likelihood is independent of the presence or absence of data. The likelihood of a missing observation is the same for all entities if the data are MCAR. The probability of MAR, or missingness, relies on the observed data. NMAR is missingness whose likelihood depends on unobserved information.

ii) Curse of dimensionality

The "curse of dimensionality" [6] refers to the difficulties of optimization in high dimensional datasets [5] and affects numerous numerical studies, data sampling techniques, combinatorial inference, machine learning methods, and data handling processes in high-dimension datasets.
In huge data analysis, multicollinearity is unusual and might be common [6]. The generalizability issue could be brought on by model overfitting. Dimension reduction [33] or feature selection [24] can be used to manage high dimensional data. It is crucial to understand that lowering dimensionality or feature selection may result in the loss of vital mechanistic data. A false positive rate must be balanced against the advantages of discovering new insights [25].

iii) Bias control

Randomized controlled trials are seen to be the gold standard of design validity because they minimize bias and control confounding [26]. A single randomised trial cannot be anticipated to deliver a gold-standard outcome that applies to all clinical investigations because trials frequently produce varied results [27]. Most significantly, research with insufficient power may draw invalid findings [7]. It is advised that unless these ideas are examined in sufficiently powered randomized controlled trials, the findings of observational research should not be used to guide clinical practice [28]. 

VII.EHR (Electronic Health Records) 

It is a collection of patient and population health data that has been digitally saved. The sharing of these records is possible between various healthcare facilities. EHRs may contain a variety of data, including as billing information, demographics, medical history, prescription and allergy information, immunization status, laboratory test results, radiological pictures, and vital signs. EHR systems are made to accurately store data and to record a patient's state over time. It makes it unnecessary to locate a patient's previous paper medical records and helps to guarantee that the data is correct and readable. As there is just one changeable file, which increases the likelihood that the file is current, it can lessen the danger of data replication lost documentation EMRs are better at extracting medical data for the analysis of potential patterns and long-term changes in a patient since the digital information is searchable and contained in a single file. The extensive use of EHRs and EMRs may also make population-based research of medical records easier.

a) Billing Data –ICD codes

International Classification of Diseases is referred to as ICD. The World Health Organization maintains the ICD, a hierarchical terminology of diseases, signs, symptoms, and procedure codes (WHO). ICD-9 is most often used in the US, while ICD-10 is used worldwide..The figure below shows the clinical data of patients suffering Diabetes mellitus with their respective ICD codes which are universally accepted  as shown in figure 16.
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Figure 16. ICD codes of the patient suffering with Diabetes mellitus

b)CPT codes

CPT stands for Current Procedural Terminology created by the American Medical Association. CPT is used for billing purposes for clinical services. The basic advantage is it shows high precision and the disadvantage is it has a low recall. The CPT code is as shown in the figure 17 below.
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Figure 17. CPT codes

b) Quality standards for medicines approved by FDA 

The Food and Drug Administration's (FDA) National Drug Code (NDC) is the industry standard; however, it is overly detailed, not adopted by all EHR systems, and differs between medications with the same constituents but different manufacturers. The National Library of Medicine's RxNorm is a normalized name scheme for both generic and branded medications. Typically, medications just store prescriptions, but we're not sure if patients completed those prescriptions or not.

Rich and varied sources of information can be found in clinical notes. It can be difficult to manage clinical notes because:
d) Short, imprecise phrases
d) Abbreviations
e) Misspellings
f) Semi-structured data: laboratory findings, vital signs

A. Types of EHR:

i) Structured EHR
	
The sharing of health information between clinicians and patients across various doctors, care giving organizations, and healthcare systems is standardized through information exchanges that link population health patterns.

ii)  Unstructured EHR

With unstructured health data, it would be necessary to open each and every doctor's note from the previous few visits, make note of things like your blood sugar level, and later review the trends of all these notes to determine whether or not you had improved over time.

B.Advantages and Disadvantages of Structured and Unstructured Data

Documentation strategies relying exclusively on coded data entry have considerable drawbacks, including clinician time for note completion, difficulties determining medical relevance, and information loss, despite evidence of good impacts such as document completeness and simplicity of invoicing. In order to evaluate medical evidence, make management decisions, and effectively communicate medical information, narrative must be more precise and thorough. This should shorten a patient's hospital stay and eliminate pointless tests.

IX. Big Data Challenges in Medical big data 

Inspite of the methods available in Analytics the main question still remains .The various challenges in health care to be addressed are:
1. Inferring knowledge from complex heterogeneous patient sources.
2. Leveraging the patient/data correlations in longitudinal records.
3. Understanding unstructured clinical notes in the right context.
4. Efficiently handling large volumes of medical imaging data and extracting potentially useful information and biomarkers.
5. Analyzing genomic data is a computationally intensive task and combining with standard clinical data adds additional layers of complexity.
6. Capturing the patient’s behavioral data through several sensors; their various social interactions and communications.

X. Enhanced Treatment Methods with Big Data

By concentrating and combining patient clinical records, one can create datasets for synthesis and then provide the data to others. The evolution of mobile applications is a current trend in digitization that supports patient healthcare. Anyone from anywhere can synchronize the patient's data using mobile apps for use in the latter. Big Data in healthcare plays a significant role in disease prediction, disease treatment, raising living standards, and preventing deaths. Treatment strategies are transforming swiftly in response to the world's population's rapid rise. Data is the driving force behind every change that these decisions entail. In the very near future, a doctor's consultation will even involve data exchange as a component of his or her diagnostic toolkit. even to access the vast, ever expanding databases, allowing issues with public healthcare to be identified and fixed before they materialize. Then, it is necessary to prepare well in advance for studying those disorders and identifying the best treatment options. The ground-breaking research, frequently including collaboration between experts in medicine and data, has the ability to look into the future and identify issues before they arise [17].
Because the data from public health sources is inadequate, there is a problematic curve when it comes to diagnosing the spread of infectious diseases. Real-time difficulties like disease data sources and imitable online and social networking platforms may be beneficial. Creating software to forecast information about common diseases effectively and researching social media's communication methods for effective forecasting of information on widespread diseases and studying how communication of social media is being used operatively.

XI. New Generation of Digital Health Advisors

1..Computer Vision : To improve operational efficiency and patient care, there has been considerable interest in building smart hospitals. The prevention of HAIs, or more specifically, the observation and tracking of hospital personnel hand hygiene, is one application for smart hospitals. RFID-based technologies are currently used to monitor hand hygiene. However, the resolution and precision of such devices are constrained. This example shows the efficacy of a computer vision-based method for tracking and monitoring hand hygiene compliance and identifies promising directions for future smart hospital research. Computer vision-based tracking systems have shown promising results in non-clinical applications such as self-driving cars and sports analytics.

A non-intrusive vision-based system is used in an experiment by the Stanford research lab [46] to monitor patient behavior in hospitals Both compliance with hand hygiene rules and the categorization of hand hygiene activities are measured. The interpretability of the system proposed is demonstrated through intuitive, qualitative results that examine human movement patterns and involve conducting spatial analytics. The hand washing activity is depicted in Figure 23 together with classifiers and transformation parameters.
[image: https://lh5.googleusercontent.com/-yIOH53THaWgHu6_hk7hnS7sae_TbkSlT0qWBjlu6_LOKToGuXAKU9BFEHBDgzrLORnDf8yeRvnDdEZRU2Yn2JtGEnrI-rKYZPdYsaEIsZZbp0D5t6wEDsmRFZurJXILyhOHHYb5gmc_T6wMS4alVqOPjGUF-D4]

Figure 23: Hand Hygiene activity classifier using various transformation parameters

3.Test Cases: Data on actual hand hygiene compliance was gathered on a Friday between 12 and 1 pm. There were a lot of visitors in the hospital at (peak lunchtime). A total of 351 ground truth tracks were gathered and annotated; 170 of these tracks had someone entering a patient room, and 30 of those tracks were compliant (i.e., followed correct hand hygiene protocol). 34 tracks out of 181 tracks leaving a room were compliant. 150,400 photos make up the data set for the classifier, and 12,292 of those photographs showed people using the dispenser. As seen in figures 24 and 25, 80% of the photos were in the training set, while the remaining 20% were assigned to the test set.
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Figure 24.Comparison of hand hygiene
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Figure 25.Top-down view of tracks

Tracks seen from above: Black lines represent walls, orange squares represent dispensers, and entrances are indicated by blue rectangles. Different track colours represent various individuals. The approach described in this paper is an initial step toward vision-based smart hospitals and shows promising results for lowering Hospital acquired infections and ultimately enhancing patient care.
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