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Big Data Analytics: Making Government Data Work

“Big data” comes with many promises, but the data alone is not a silver bullet. True, it @
holds the potential for extracting business or mission intelligence and improving
decision-making, but without the application of expert domain knowledge to give data
contextual meaning, big data is nothing but a whole lot of dark figures.
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Currently, federal agencies cannot make use of all their government data because they do not (or cannot Data brief (PDF,
afford to) employ enough data scientists—that is, experts who possess domain knowledge and can use 267HKB)
government big data analytic technologies to ask the right guestions and extract business or mission
intelligence from vast pools of data. Making use of big data under these circumstances presents a unique L Contact Us

challenge.



The Big Data Landscape
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The Three “V’s
Volume
Velocity
Variety
Veracity
Validity
Viability
Value



The Five “W”s

Who?
Where?

When?
What?



ldentification
Introspection
Integration
Immutability




SMALL DATA BIG DATA

Specific questions
One location
Structured

Single user
Transient
Focused

Can be recreated
Small risk

Simple

Complete

GOAL
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STAKES
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Broad concerns
Many locations
Varied, unstructured
Many providers
Durable

Broad

Gone if not captured
Big risk

Metadata is vital
Incremental



Data Analysis
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Data Collection -
Data Cleaning
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Data Preparation J

Data Integration

Big data is not a product, but a collection of processes
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all clients see current
data regardless of
updates or deletes

the system continues
to operate as expected
even with node failures

the system continues to
operate as expected despite
network or message failures

Partition
Tolerance




Visual Guide to NoSQL Systems
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ABSTRACT

As the complexity of enterprise systems increases.Ahe need for
monitoring and analyzing such systems also grows.. A number of
companies have built sophisticated monitoring tools that g
yond simple resource utilization reports. For example, based on
instrumentation and specialized APIs, it is now possible to monitor
single method invocations and trace individual transactions across
geographically distributed systems. This high-level of detail en-
ables more precise forms of analysis and prediction but comes at
the price of high data rates (i.e., big data). To maximize the benefit
of data monitoring, the data has to be stored for an extended period of the monitored system is needed. Appllcatlon Pe
(]

of time for ulterior analysis. This new wave of big data i ols,

imposes new challenges especially for the application I

monitoring systems. The monitoring data has to be stor n a ymaln
tem that can sustain the high data rates and at the same t at th Sp

an up-to-date view of the underlying infrastructure. With the ad- or combinations of services, as well as about failure rates, resource
vent of modern key-value stores, a variety of data storage systems utl]lzal]on etc le'ferent momtonng targels such as the ‘Tesponse
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