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Abstract

Healthcare organizations rely on data more than ever, making data collection and processing vital for
any organization (Demirkan, 2013). The advancement of technology every day has led to more and more data
to a level where it has become hard for an organization to manage using the current technology and approaches
(AOCNP, 2015). These facts have led to big data in almost every organization that deals with data and
consumers. Therefore, for any organization to meet the present and future demands of an organization, such as
a healthcare organization, there is a need to develop new strategies that aim at organization and deriving
meaningful information from the collected data. Especially in healthcare, it is notable that the organization
produces many data rapidly, posing a challenge and advantage if the data is used (Demirkan, 2013). This
research article proposes a theoretical data framework that includes the management, analysis of data in the

healthcare sector.

Big data in healthcare

As suggested by the name, big data is used to represent a large amount of data that cannot be managed
using traditional software or through the use of internet-based platforms (Park et al., 2014). Big data is featured
in three different proportions, namely, velocity, variety, and volume. Significant data characteristics are referred
to as 3Vs (Liu et al., 2015). The large volume of the data is indicative of its size, as in big data. Velocity is
noted to come from the speed or rate at which the data is collected and accessible to different analyses and used
in other parts. Finally, variety is used in big data regarding the different kinds of organized and unorganized
data, such as data in the form of audio, transaction-level data, video, log files, and text (Salama & Shawish,

2014).
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Big data has become super popular in recent years and has been an integral part of many organizations.

In addition to the same, almost every sector in an organization focuses on generating and analyzing big data
that it is using for various reasons (Salama & Shawish, 2014). Big data cannot be managed using traditional
software. Hence, there is a need for advanced software and applications that can utilize cost-efficient and fast
computational power for conducting different tasks. By implementing various artificial intelligence algorithms
and the use of novel fusion, algorithms are essential. It can help extract sense from the big data in an organization
(AlJarullah & El-Masri, 2013).). Big data can be pretty hazy if the organization does not have the required
software and hardware to process it. However, suppose an organization can have proper tools for storage and
analysis of big data. In that case, the organization can derive vital information that can be used to make the

healthcare setting more aware, efficient, and interactive (Islam et al., 2015).

Methods

EHRs have been featured with many advantages in handling different information in an organization.
For example, various EMR's in the market, such as Cerner, Epic, etc., can store information such as medical
history, diagnoses data, labs data, surveys, questionnaires, radiology imaging, surgery data, prescriptions,

demographics information (AlJarullah & EI-Masri, 2013).

EHRs have helped overcome different logical errors such as illegal handwriting and mistakes in coming
up with reports. The system has been featured as essential and helped enable faster recovery of information
and facilitate the announcing of crucial healthcare quality depicters by organizing and improving the
surveillance in public health by reporting the outbreak of any illness (Nasi, Cucciniello & Guerrazzi, 2015)
immediately. The system is essential and provides relevant information regarding the care quality for
employees' insurance as it helps to take charge of the costs benefits of health insurance. Lastly, EHRs provide
different access to different health-related medical information to improve treatment in healthcare

organizations.
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A massive amount of data is generated whenever a patient visits a healthcare facility. EMR data is sitting

in various data source systems, and from the systems, it can be ETL'd into the data lake.

Billing Data- We have various revenue codes that generate billing data. ICD 9 and 10 codes also do
generate a lot of the data. In this data source system, all the tables should have a unique number for the patient,

billing date, the procedure it was billed for, and the code of the billing data.

Registry Data- In the united states, some states require healthcare institutions to report cases from a

particular disease group. So hospitals have dedicated teams working on entering these data into the database.
Labs data- General blood work and any disease-specific data

Pharmacy data- Patients get prescribed thousands of drugs. Pharmacy data systems aim to store
information about drug order date, drug start date, drug end date, drug dosage information, brand name, generic

name, and the status of the order.

Molecular data- We live in a world of sophisticated tests developed to detect mutations and look at

aberrant expressing genes. This molecular data can be the form of the source system.

Demographics data- These are the data variables that assist in epidemiological studies. Variables such
as race, ethnicity are of paramount importance. For example, demographics data play a vital role in detecting

survival differences between various races for a specific disease.

The framework would require data engineers, Bl engineers, and data scientists, depending on the
institution's requirements. The requirements can vary widely depending on the scale of the project. The

engineering team should comprise engineers who would test the quality of code in production.
Data systems:

For data systems, we have prominent vendors like Oracle and Microsoft are available in the market. Oracle
SQL has one of the popular databases named My SQL. My SQL is from Oracle and even managed by it. My
SQL has been in the market for so long, and there is a strong community built around it. MySQL is compatible
with various languages, frameworks and has connectors with many of them. This is an open-source database.

There is another database from Oracle that is available for enterprises for data storage purposes. It is costly but
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can store large-scale data and has advanced programming features like pl/sgl. It is compatible with many

operating systems and is suitable for medium to large healthcare companies.

Microsoft has sql database, which is called sql server database. Microsoft sql database is compatible with
Windows and Linux as well. Furthermore, since Microsoft manages this database, it is technically robust.

Therefore, Microsoft SQL is better suited for the needs of medium to large healthcare companies.

In addition to these, the advent of no SQL databases has changed the whole dynamic. Traditional sql databases
are known to be relational, but no sql databases are not relational. No SQL databases are good with unstructured
data and can store data that are not only table-based. In terms of scalability, no sql databases are even more
robust when compared to traditional sgl servers. No sql databases can be graph or key-based, unlike sql

relational databases. Some of the no SQL databases in the market are mongo DB etc.

Mongo DB has a dynamic schema, which gives flexibility whenever a database administrator changes the
schema. Mongo DB is scalable, which decreases the workload. In terms of speed, no sql databases are faster
when compared to relational databases. For adding new columns, Mongo DB is always flexible. Mongo DB is
an excellent choice for companies with rapid growth in data and data dynamics. For healthcare tech companies

that have rapid data growth, no SQL databases are a better fit.

Apache Cassandra was another system formed in the Facebook labs, but the company opened-sourced it later.

Cassandra offers a sophisticated design with identical nodes, which offers superior scalability.

Apache Hbase is another no SQL database and works well with large datasets and sits on top of the HDFS. In

addition, Hbase offers wonderful scalability when working with clusters.

The ETL process is to extract, transform, load the data into the data warehouse. Data is usually extracted from
large transactional databases. These databases function in real-time, having millions of records that store every
transaction. Since these databases are not well suited for data analytics or reporting, we utilize a large ETL
process to make a data warehouse and then have the reporting layers. A lot of variable transformations happen
during this phase. Finally, when the data is ready, it can be loaded into the data warehouse. Much automation

has occurred in this area recently. ETL has to be done to improve the data-driven decision process for a firm.
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ETL usually consolidates data from various source systems and puts them in a manner that businesses can

utilize. There has been tremendous pressure in the united states from regulatory agencies on healthcare
institutions to comply with regulations and handle this. It would require excellent tracking of all the metrics.
Monitoring of these metrics would only be possible if the organizations have enterprise-level data warehouses

and dashboards.

To implement a successful ETL strategy, the healthcare organization needs to develop a road map, which
outlines the strategy about infrastructure, data system, end data warehouse structure, processes, resources, and
timelines. Data consolidation and integration is the critical factor in ETL. Bringing the data from multiple data
source systems such as financial, medical records, pathology, etc., and mapping all the essential variables to
each table is very important. Making this data integrate from various sources and creating views is a vital step
in the ETL process. However, there are some challenges with this process which makes overall ETL a bit
difficult. Accessing data from various systems is a challenge owning to various databases that are stored.
Different emr's have different backend tied to, and if a healthcare institution has external documentation/records
coming from different emr, it poses a challenge for data integration. Another challenge with the ETL process is
data quality issues. Blob files, text files, and free text fields are complicated to deal with, especially in terms of
querying and making a discrete variable for the data. Particularly non-discrete data is known to be not much use
for reporting purposes. As the author, | feel that there is good business potential for organizations to capitalize
on this free text data and converting them into discrete variables or to the tune of data that can be utilized for
business reporting. We recently saw the advent of the NLP algorithm implemented in healthcare to etl these
clinical notes, unstructured data into structured data. Even in these cases, the problem is that different
physicians, nurse practitioners write the notes in multiple ways, and comprehending these various scenarios into
the NLP algorithms is challenging. Critical components of the ETL process should allow incremental loading
of the data into warehouses, supporting real-time data analytics processes. Also, the ETL teams need to ensure
the logging of these pipelines to ensure hot bug fixes. Having low latency would be ideal for any ETL process

to succeed.
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Even after getting the data organized into databases, there might be a need for data warehouses in a healthcare

firm. Datawarehouse is vital for the implementation of business intelligence programs in healthcare. Business
intelligence solutions are necessary to draw insights, make data-driven decisions, and make insightful
dashboards. For an organization, data warehousing costs money to employ personnel to work on the data
engineering aspects, but in many cases, the benefits outweigh the costs. Data warehouse hosts critical data
elements required for enterprise analytics, and often data houses will have data elements coming from a wide
array of data source systems. Data warehouses usually provide access to a lot of historical data, which is helpful
for data analytics. DW also may host metadata in some cases and essentially involves the extract, transform
load (ETL) process. ETL needs to be done from various database systems. We have varisoftwarere's in the

market to handle etl processes. Dw involves various data transformations such as normalization, reverse coding

the variables, etc.

Few of the vendors in this space include Informatica, Datastage from IBM, SAS data managemenCognosnos
data manager. With the latest advancement in cloud-based technology, we have cloud-based data warehouses
operating in the market. Enterprises are opting for cloud solutions because of scalability, increase performance,
and costs. The cloud is beneficial when the data operations require a large amount of computing power. Cloud-

based data warehousing solutions also use remote resources, which leads to cutting down on expenses.
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Snowflake is one of the leading providers of cloud-based data warehousing solutions. Snowflake can support

semi-structured data types such as arrays, objects, and the data can be loaded without worrying about schemas.
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With snowflake, a company can choose cluster size relative to the size of relevant data operations, and they can

scale up or down as per requirements. Snowflake also offers more automated database maintenance.

Another leading cloud-based data warehouse provider in the market is Amazon redshift. Redshift has
capabilities of machine learning etc. Redshift has a large customer base too. These two cloud data warehouses

support parallel processing and have some excellent sophisticated architecture

In addition to the regular data, since we live in a data explosion generation, we have big data generated
at a tremendous speed. The primary purpose of collecting these data is to optimize customer services rather
than consumer consumption (De Domenico et al., 2015). Managing big data is challenging. Make it structured
and valuable for business intelligence, data science, and data analytics teams in the organization. (Narrod,

Zinsstag & Tiongco, 2012).

Big data management needs sophisticated high-end computing software and architecture, which needs
to be governed by a scientific research computing team. The scientific research team can comprise directors,
software engineers for building these big data frameworks, and administrators for maintaining these clusters. In
addition, a scientific computing team would be needed to initiate, maintain the cluster environment. The big
data engineering team can work hand in hand with the scientific computing team to achieve the goal. These
experts' main tasks are to ensure that they integrate, annotate and present the complex data to understand more

appropriately in the absence of an appropriate way of solving them.

Big data is large and has been known to be challenging to deal with. Big data is often hosted over many
platforms, necessitating migration projects to have the data in one place. These migration projects are often
tricky, involving a large team of engineers, architects, administrators, consume more time and money. Data
mapping is one of the critical components of the migration project to see data is consistent across all the
platforms. Data quality is another component that makes the management of big data cumbersome. Big data is
sometimes cumbersome because of the semi-structured or raw data. Data mostly comes from various platforms,
which makes the ETL process a significant step in migration. Data governance is another vital step in

maintaining extensive data systems.
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Different programming languages are needed to work on big data, such as python and R. In healthcare

organizations, the commonly used platforms known for big data include Hadoop and Apache Spark.

Hadoop ecosystem

HDFS is one of the popular open-source frameworks that is used for ingesting big data. HDFS is a data
ingestion ecosystem that comprises several other components that support the process of data ingestion. Data
in hdfs resides in the form of clusters. The essential aim of the Hadoop ecosystem is to process massive amounts
of complex data in a short amount of time. Data size is massive; hence, it demands various computing machines
needed for distribution and finishing the processing within a limited time. For instance, when working with
different nodes, an individual must focus on handling problems such as achieving parallelized computation,

distributing data, and handling all the system failures (Peek, Holmes & Sun, 2014).

In HDFS data management component is made of oozie, zookeeper etc. Data processing components
are hive, pig etc. Data storage can be done in hdfs or hbase. Pig is developed in yahoo labs. Pig uses a querying
language similar to SQL. Pig is a platform in Hadoop for data processing and etl processes. Map-reduce uses
parallel algorithms to process the data, and it is made of two essential functions. The map does the filtering and
sorting of the data—map essential outputs the critical value, which is an input for reduction. Reduce does the
job as the name suggests — it aggregates the data and may combine several datasets into one or vice versa. The
reduced operation aims at combining all the values that are said to have shared the same access (Stephens et al.,
2015). The method is efficient in providing parallelism of the computation, handling different system failures,
and scheduling further communication between machines across large-scale and small-scale clusters of other
machines. The hive component of Hadoop uses a query language that is similar to SQL. Hive is used for
querying and creating large tables. The majority of the SQL data types are supported in the hive. Mahout is
another component of Hadoop and is a machine learning component. Through Hadoop Distributed File systems
(HDFS), it is noted that one can quickly provide both scalability, efficiency, and replica based on how data is

stored according to the nodes of the different clusters (Peek, Holmes & Sun, 2014).

Researchers have used Hadoop to apply data sets that are said to be impossible to handle. Hadoop and

other significant ecosystems might significantly help support machine learning and bioinformatics departments
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of the healthcare research setting. For example, genomic and mutation data are primarily known to be massive

and cumbersome. Hadoop can help in streamlining the data processing. The top vendors that provide the Hadoop

ecosystem are Horton works, Cloudera.

Apache Spark

Another popular framework in addition to Hadoop is Spark. Apache spark was developed at the
University of California, Berkely. Apache spark is considerably faster than Hadoop owing to its processing
speed of big data. Spark engine is unified and used for distributed data processing known for the inclusion of
higher-level libraries, essential for supporting the different SQL queries, machine learning, streaming data, and
graph processing (Song & Ryu, 2015). These libraries are necessary and are known for increasing the
developers' productivity as the programming interface is featured using efforts to code. That is said to be
combined to create more complex computations (Forkan et al., 2015). Spark core has in-memory computing.
Spark uses structured query language, which in turn helps for working with tabular data. Spark has a streaming
component to support the needs of companies that have real-time streaming data, such as Netflix or any other
entertainment company. In streaming, data can be ingested from many sources like Kafka, Flume, etc. Spark is
compatible with multiple languages such as scala, python. Spark supports real-time streaming applications, and

this is a point that makes it superior to the Hadoop ecosystem.

Resilient Distributed Datasets (RDDs) can be implemented in the memory processing supported, making Spark
to be about 100x faster than Hadoop, which is implemented in various pas analytics, known for using small
datasets (Song & Ryu, 2015). This is noted to be necessary if the data involved is small compared to the available
memory. This is indicated to show that big data processing uses Apache Spark and is known for using Apache
Spark that needs a large memory. It is a fact that the memory cost tends to be high as compared to the hard
drive, MapReduce is essential, and it is supposed to provide a cost-effective approach when used for big datasets
than Apache Spark (Khazaei et al., 2015). Spark also has machine learning libraries embedded in it, making

data science analytics feasible with the spark ecosystem.
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Conclusion

Different healthcare and various biomedical tools such as sensors used for mobile biometric, genomics,
and smartphone applications have been essential in generating enormous data. Hence, it is necessary to develop
different methods that can access and use this data. For instance, healthcare can get a clear insight into different
methods, skills, medical, and other needed improvements in the healthcare setting through additional data
analysis. Therefore, big data analytics of EHRs, EMRs, and other medical data is a continuous process for
building a better prognostic framework. The main goal of coming up with the framework is to reduce the cost
used for analysis, develop an adequate Clinical Decision Support (CDS) system, and better platforms used to

provide treatment.
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