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Editorial

The diversity of data leads to volume, velocity, variety,
variability and value, the “V”s of big data worldwide known.
And these are the challenges for biomedical and data
scientists to bring proper information out of them. Day
by day a protein is isolated and biological databases are
enhanced. The biological databases like Genbank, PDB etc are
growing in a fast way. Not only protein, DNA, RNA database
are enriched but also disease databases like eBioportal for
cancer genomics [1] is widely used resource that integrates
and visualizes cancer genomic data, including mutations,
copy number variation, gene expression and clinical trial
information. These are the first generation databases having
complete information of particular nucleic acids, gene, and
disease. Now as researches in bioinformatics are speeds up,
our understanding of life and diseases are also achieving
heights. With this we have second generation system cloud
computing with biomedical data which enables researches
of the world to compute over the data. BLAST Basic local
Alignment search tool of NCBI is its very good example.

As the demand of information technology is increasing in
biological field. The researchers are looking towards cloud
computing. It provides on demand, large scale integrated
computing infrastructure for storage and maintain security
of biomedical data/biological data which is called data
cloud [2]. One of the good example is cancer data cloud are
developed by seven bridges Genomics [3] etc.

Importance of using Cloud Computing in
Genomics

a. National cancer institute (NCI) Genomics data
commons[4] is launched to analyze and harmonize
genomic and associated all kind of data, i.e. mutation,
clinical etc, including TGCA. And data harmonization is
applied for cleaning, applying quality control criteria,
processing and post processing of submitted data.

b. Development of three NCI cloud pilots, fire cloud etc
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which provide cloud based computing infrastructure
to analyze TGCA data. They use GCP and AWS
simultaneously.

c. Analysis of280whole genomesusing multiple distributed
public and private clouds for their information storage

[5].

With the increasing demand of cloud computing in
scientificorbiologicalarea. A“datacommons”isborned which
provides the co-location of data with cloud computing and
commonly used software’s, services, tools and applications
for managing,integrating,analyzing and sharing data which
require APIS for creating an interoperable resources. These
data cloud, data lakes, data commons are all important to
bring hidden information in data by the help of data analytics
methods like machine learning or Artificial intelligence.

MLisan application of artificial intelligence that provides
systems the ability to automatically learn and improve from
experience without being explicitly programmed [6]. In
genomics, bioinformatics, these techniques are very suitable
for analytics: (a) researchers are using ML techniques to
identify patterns within high volume genetic datasets; these
patterns are then translated to computer models which will
help in predicting individuals’ probability of certain diseases
or medical practitioners to design the potential therapy.
(b) Genome sequencing and gene editing is the most highly
researched field in medical science for future treatments of
diseases.

Hence cloud computing methods provide data access,
storage, reusability and interoperability. Most important path
breaking is big data to Knowledge (BD2K) initiative [7]. Since
data in a data common are like clinical, molecular, imaging
and other data, which may be structured or unstructured.
The structured data includes clinical data, demographic data,
bio specimen data, variant data which form data schema. The
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unstructured data includes text, notes, articles, and other
data that are not associated with data schema. If there is any
query whether structured or unstructured data, there are
several tools to make it easier [8,9].

By ML, classification models are developed to fulfils one
own demand of data acquisition. As per need of data, data
lakes, data catalog is formed which provide data access,

analyses, in form of data model or schemas. Since importing
data is labor intensive, we make our cloud as pay of compute
models [10].

Asbioinformatics has specialized workflow management
system which is data intensive and complex. So according to
our requirements the model is made (Figure 1).
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Figure 1: Cloud based data analytic model for data.
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Conclusion

With the rapid growth of biological data with the high
throughput techniques and medical system. There is a
need to record data for further investigation, analysis and
scientific study, leads to the development of cloud computing
techniques. For analysis data in cloud, we have machine
learning algorithms, deploying which will help medical
practitioners to improve the treatment processes. The data
is in the form of data commons, Data Lake, data model
to support large scale computing and it is interoperable,
sharing, highly secure and greater compliance. In near future
data commons will provide patients to submit their own data
to data commons and gain some understanding of it. This will
develop new insights to patient’s researcher partnership.
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