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ig Data is a field dedicated to the analysis, processing, and storage of large collections of data that frequently originate from disparate sources. Big Data solutions
and practices are typically required when traditional data analysis, processing and
storage technologies and techniques are insufficient. Specifically, Big Data addresses
distinct requirements, such as the combining of multiple unrelated datasets, processing
of large amounts of unstructured data and harvesting of hidden information in a timesensitive manner.
Although Big Data may appear as a new discipline, it has been developing for years. The
management and analysis of large datasets has been a long-standing problem—from
labor-intensive approaches of early census efforts to the actuarial science behind the
calculations of insurance premiums. Big Data science has evolved from these roots.
In addition to traditional analytic approaches based on statistics, Big Data adds newer
techniques that leverage computational resources and approaches to execute analytic
algorithms. This shift is important as datasets continue to become larger, more diverse,
more complex and streaming-centric. While statistical approaches have been used to
approximate measures of a population via sampling since Biblical times, advances in
computational science have allowed the processing of entire datasets, making such
sampling unnecessary.
The analysis of Big Data datasets is an interdisciplinary endeavor that blends mathematics, statistics, computer science and subject matter expertise. This mixture of skillsets and perspectives has led to some confusion as to what comprises the field of Big
Data and its analysis, for the response one receives will be dependent upon the perspective of whoever is answering the question. The boundaries of what constitutes a
Big Data problem are also changing due to the ever-shifting and advancing landscape
of software and hardware technology. This is due to the fact that the defi nition of Big
Data takes into account the impact of the data’s characteristics on the design of the solution environment itself. Thirty years ago, one gigabyte of data could amount to a Big
Data problem and require special purpose computing resources. Now, gigabytes of data
are commonplace and can be easily transmitted, processed and stored on consumeroriented devices.
Data within Big Data environments generally accumulates from being amassed within
the enterprise via applications, sensors and external sources. Data processed by a Big
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Data solution can be used by enterprise applications directly or can be fed into a data
warehouse to enrich existing data there. The results obtained through the processing of
Big Data can lead to a wide range of insights and benefits, such as:
• operational optimization
• actionable intelligence
• identiﬁcation of new markets
• accurate predictions
• fault and fraud detection
• more detailed records
• improved decision-making
• scientiﬁc discoveries
Evidently, the applications and potential benefits of Big Data are broad. However, there
are numerous issues that need to be considered when adopting Big Data analytics
approaches. These issues need to be understood and weighed against anticipated benefits so that informed decisions and plans can be produced. These topics are discussed
separately in Part II.

Concepts and Terminology
As a starting point, several fundamental concepts and terms need to be deﬁned and
understood.
Datasets
Collections or groups of related data are generally referred to as datasets. Each group or
dataset member (datum) shares the same set of attributes or properties as others in the
same dataset. Some examples of datasets are:
• tweets stored in a ﬂat file
• a collection of image ﬁles in a directory
• an extract of rows from a database table stored in a CSV formatted ﬁle
• historical weather observations that are stored as XML ﬁles
Figure 1.1 shows three datasets based on three different data formats.
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Figure 1.1
Datasets can be found in many
different formats.

Data Analysis
Data analysis is the process of examining data to find facts,
relationships, patterns, insights and/or trends. The overall goal
of data analysis is to support better decision-making. A simple
data analysis example is the analysis of ice cream sales data in
order to determine how the number of ice cream cones sold is
related to the daily temperature. The results of such an analysis
would support decisions related to how much ice cream a store
should order in relation to weather forecast information. Carrying out data analysis helps establish patterns and relationships
among the data being analyzed. Figure 1.2 shows the symbol
used to represent data analysis.

Figure 1.2
The symbol used to represent
data analysis.

Data Analytics
Data analytics is a broader term that encompasses data analysis. Data analytics is a
discipline that includes the management of the complete data lifecycle, which encompasses collecting, cleansing, organizing, storing, analyzing and governing data. The
term includes the development of analysis methods, scientific techniques and automated tools. In Big Data environments, data analytics has developed methods that
allow data analysis to occur through the use of highly scalable distributed technologies and frameworks that are capable of analyzing large volumes of data from different
sources. Figure 1.3 shows the symbol used to represent analytics.
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The Big Data analytics lifecycle generally involves identifying, procuring, preparing and analyzing large amounts of raw,
unstructured data to extract meaningful information that can
serve as an input for identifying patterns, enriching existing
enterprise data and performing large-scale searches.
Different kinds of organizations use data analytics tools and
techniques in different ways. Take, for example, these three
sectors:

Figure 1.3
The symbol used to represent
data analytics.

• In business-oriented environments, data analytics results
can lower operational costs and facilitate strategic decision-making.
• In the scientiﬁc domain, data analytics can help identify the cause of a
phenomenon to improve the accuracy of predictions.
• In service-based environments like public sector organizations, data analytics can help strengthen the focus on delivering high-quality services by driving
down costs.
Data analytics enable data-driven decision-making with scientiﬁc backing so that decisions can be based on factual data and not simply on past experience or intuition alone.
There are four general categories of analytics that are distinguished by the results they
produce:
• descriptive analytics
• diagnostic analytics
• predictive analytics
• prescriptive analytics
The different analytics types leverage different techniques and analysis algorithms.
This implies that there may be varying data, storage and processing requirements to
facilitate the delivery of multiple types of analytic results. Figure 1.4 depicts the reality
that the generation of high value analytic results increases the complexity and cost of
the analytic environment.
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Figure 1.4
Value and complexity
increase from descriptive
to prescriptive analytics.

Descriptive Analytics

Descriptive analytics are carried out to answer questions about events that have already
occurred. This form of analytics contextualizes data to generate information.
Sample questions can include:
• What was the sales volume over the past 12 months?
• What is the number of support calls received as categorized by severity and geographic location?
• What is the monthly commission earned by each sales agent?
It is estimated that 80% of generated analytics results are descriptive in nature. Valuewise, descriptive analytics provide the least worth and require a relatively basic skillset.
Descriptive analytics are often carried out via ad-hoc reporting or dashboards, as shown
in Figure 1.5. The reports are generally static in nature and display historical data that is
presented in the form of data grids or charts. Queries are executed on operational data
stores from within an enterprise, for example a Customer Relationship Management
system (CRM) or Enterprise Resource Planning (ERP) system.

Concepts and Terminology

9

Figure 1.5
The operational systems, pictured left, are
queried via descriptive analytics tools to
generate reports or dashboards, pictured
right.

Diagnostic Analytics

Diagnostic analytics aim to determine the cause of a phenomenon that occurred in the
past using questions that focus on the reason behind the event. The goal of this type
of analytics is to determine what information is related to the phenomenon in order to
enable answering questions that seek to determine why something has occurred.
Such questions include:
• Why were Q2 sales less than Q1 sales?
• Why have there been more support calls originating from the Eastern region than
from the Western region?
• Why was there an increase in patient re-admission rates over the past three
months?
Diagnostic analytics provide more value than descriptive analytics but require a more
advanced skillset. Diagnostic analytics usually require collecting data from multiple
sources and storing it in a structure that lends itself to performing drill-down and rollup analysis, as shown in Figure 1.6. Diagnostic analytics results are viewed via interactive visualization tools that enable users to identify trends and patterns. The executed
queries are more complex compared to those of descriptive analytics and are performed
on multi-dimensional data held in analytic processing systems.
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Figure 1.6
Diagnostic analytics can result in data that
is suitable for performing drill-down and
roll-up analysis.

Predictive Analytics

Predictive analytics are carried out in an attempt to determine the outcome of an event
that might occur in the future. With predictive analytics, information is enhanced with
meaning to generate knowledge that conveys how that information is related. The
strength and magnitude of the associations form the basis of models that are used to
generate future predictions based upon past events. It is important to understand that
the models used for predictive analytics have implicit dependencies on the conditions
under which the past events occurred. If these underlying conditions change, then the
models that make predictions need to be updated.
Questions are usually formulated using a what-if rationale, such as the following:
• What are the chances that a customer will default on a loan if they have missed a
monthly payment?
• What will be the patient survival rate if Drug B is administered instead of
Drug A?
• If a customer has purchased Products A and B, what are the chances that they will
also purchase Product C?
Predictive analytics try to predict the outcomes of events, and predictions are made
based on patterns, trends and exceptions found in historical and current data. This can
lead to the identification of both risks and opportunities.
This kind of analytics involves the use of large datasets comprised of internal and external data and various data analysis techniques. It provides greater value and requires a
more advanced skillset than both descriptive and diagnostic analytics. The tools used
generally abstract underlying statistical intricacies by providing user-friendly front-end
interfaces, as shown in Figure 1.7.
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Figure 1.7
Predictive analytics tools can provide
user-friendly front-end interfaces.

Prescriptive Analytics

Prescriptive analytics build upon the results of predictive analytics by prescribing
actions that should be taken. The focus is not only on which prescribed option is best
to follow, but why. In other words, prescriptive analytics provide results that can be
reasoned about because they embed elements of situational understanding. Thus, this
kind of analytics can be used to gain an advantage or mitigate a risk.
Sample questions may include:
• Among three drugs, which one provides the best results?
• When is the best time to trade a particular stock?
Prescriptive analytics provide more value than any other type of analytics and correspondingly require the most advanced skillset, as well as specialized software and
tools. Various outcomes are calculated, and the best course of action for each outcome
is suggested. The approach shifts from explanatory to advisory and can include the
simulation of various scenarios.
This sort of analytics incorporates internal data with external data. Internal data might
include current and historical sales data, customer information, product data and
business rules. External data may include social media data, weather forecasts and
government-produced demographic data. Prescriptive analytics involve the use of business rules and large amounts of internal and external data to simulate outcomes and
prescribe the best course of action, as shown in Figure 1.8.
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Figure 1.8
Prescriptive analytics involves the use of
business rules and internal and/or external
data to perform an in-depth analysis.

Business Intelligence (BI)
BI enables an organization to gain insight into the performance of an enterprise by analyzing data generated by its business processes and information systems. The results
of the analysis can be used by management to steer the business in an effort to correct
detected issues or otherwise enhance organizational performance. BI applies analytics
to large amounts of data across the enterprise, which has typically been consolidated
into an enterprise data warehouse to run analytical queries. As shown in Figure 1.9, the
output of BI can be surfaced to a dashboard that allows managers to access and analyze
the results and potentially refi ne the analytic queries to further explore the data.
Figure 1.9
BI can be used to improve business
applications, consolidate data in data
warehouses and analyze queries via a
dashboard.

Key Performance Indicators (KPI)
A KPI is a metric that can be used to gauge success within a particular business context. KPIs are linked with an enterprise’s overall strategic goals and objectives. They
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are often used to identify business performance problems and demonstrate regulatory
compliance. KPIs therefore act as quantifiable reference points for measuring a specific
aspect of a business’ overall performance. KPIs are often displayed via a KPI dashboard, as shown in Figure 1.10. The dashboard consolidates the display of multiple KPIs
and compares the actual measurements with threshold values that define the acceptable
value range of the KPI.
Figure 1.10
A KPI dashboard acts as a central
reference point for gauging business
performance.

Big Data Characteristics
For a dataset to be considered Big Data, it must possess one or more characteristics
that require accommodation in the solution design and architecture of the analytic
environment. Most of these data characteristics were initially identified by Doug Laney
in early 2001 when he published an article describing the impact of the volume, velocity and variety of e-commerce data on enterprise data warehouses. To this list, veracity
has been added to account for the lower signal-to-noise ratio of unstructured data as
compared to structured data sources. Ultimately, the goal is to conduct analysis of the
data in such a manner that high-quality results are delivered in a timely manner, which
provides optimal value to the enterprise.
This section explores the five Big Data characteristics that can be used to help differentiate data categorized as “Big” from other forms of data. The five Big Data traits shown in
Figure 1.11 are commonly referred to as the Five Vs:
• volume
• velocity
• variety
• veracity
• value

Figure 1.11
The Five Vs of Big Data.
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Volume
The anticipated volume of data that is processed by Big Data solutions is substantial
and ever-growing. High data volumes impose distinct data storage and processing
demands, as well as additional data preparation, curation and management processes.
Figure 1.12 provides a visual representation of the large volume of data being created
daily by organizations and users world-wide.
Figure 1.12
Organizations and users world-wide create
over 2.5 EBs of data a day. As a point
of comparison, the Library of Congress
currently holds more than 300 TBs of data.

Typical data sources that are responsible for generating high data volumes can include:
• online transactions, such as point-of-sale and banking
• scientiﬁc and research experiments, such as the Large Hadron Collider and
Atacama Large Millimeter/Submillimeter Array telescope
• sensors, such as GPS sensors, RFIDs, smart meters and telematics
• social media, such as Facebook and Twitter
Velocity
In Big Data environments, data can arrive at fast speeds, and enormous datasets can
accumulate within very short periods of time. From an enterprise’s point of view, the
velocity of data translates into the amount of time it takes for the data to be processed
once it enters the enterprise’s perimeter. Coping with the fast inflow of data requires
the enterprise to design highly elastic and available data processing solutions and corresponding data storage capabilities.
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Depending on the data source, velocity may not always be high. For example, MRI scan
images are not generated as frequently as log entries from a high-traffic webserver. As
illustrated in Figure 1.13, data velocity is put into perspective when considering that
the following data volume can easily be generated in a given minute: 350,000 tweets,
300 hours of video footage uploaded to YouTube, 171 million emails and 330 GBs of sensor data from a jet engine.
Figure 1.13
Examples of high-velocity Big Data
datasets produced every minute
include tweets, video, emails and
GBs generated from a jet engine.

Variety
Data variety refers to the multiple formats and types of data that need to be supported
by Big Data solutions. Data variety brings challenges for enterprises in terms of data
integration, transformation, processing, and storage. Figure 1.14 provides a visual representation of data variety, which includes structured data in the form of financial transactions, semi-structured data in the form of emails and unstructured data in the form
of images.

Figure 1.14
Examples of high-variety Big Data datasets include structured, textual, image, video, audio, XML, JSON, sensor data and
metadata.
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Veracity
Veracity refers to the quality or fidelity of data. Data that enters Big Data environments
needs to be assessed for quality, which can lead to data processing activities to resolve
invalid data and remove noise. In relation to veracity, data can be part of the signal or
noise of a dataset. Noise is data that cannot be converted into information and thus has
no value, whereas signals have value and lead to meaningful information. Data with a
high signal-to-noise ratio has more veracity than data with a lower ratio. Data that is
acquired in a controlled manner, for example via online customer registrations, usually
contains less noise than data acquired via uncontrolled sources, such as blog postings.
Thus the signal-to-noise ratio of data is dependent upon the source of the data and
its type.
Value
Value is defined as the usefulness of data for an enterprise. The value characteristic
is intuitively related to the veracity characteristic in that the higher the data fidelity,
the more value it holds for the business. Value is also dependent on how long data
processing takes because analytics results have a shelf-life; for example, a 20 minute
delayed stock quote has little to no value for making a trade compared to a quote that
is 20 milliseconds old. As demonstrated, value and time are inversely related. The longer it takes for data to be turned into meaningful information, the less value it has for
a business. Stale results inhibit the quality and speed of informed decision-making.
Figure 1.15 provides two illustrations of how value is impacted by the veracity of data
and the timeliness of generated analytic results.

Figure 1.15
Data that has high veracity and can be analyzed quickly has more value to a business.
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Apart from veracity and time, value is also impacted by the following lifecycle-related
concerns:
• How well has the data been stored?
• Were valuable attributes of the data removed during data cleansing?
• Are the right types of questions being asked during data analysis?
• Are the results of the analysis being accurately communicated to the appropriate
decision-makers?

Different Types of Data
The data processed by Big Data solutions can be human-generated or machine-generated,
although it is ultimately the responsibility of machines to generate the analytic results.
Human-generated data is the result of human interaction with systems, such as online
services and digital devices. Figure 1.16 shows examples of human-generated data.
Figure 1.16
Examples of human-generated
data include social media, blog
posts, emails, photo sharing and
messaging.

Machine-generated data is generated by software programs and hardware devices in
response to real-world events. For example, a log file captures an authorization decision
made by a security service, and a point-of-sale system generates a transaction against
inventory to reflect items purchased by a customer. From a hardware perspective, an
example of machine-generated data would be information conveyed from the numerous sensors in a cellphone that may be reporting information, including position and
cell tower signal strength. Figure 1.17 provides a visual representation of different types
of machine-generated data.
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Figure 1.17
Examples of machine-generated
data include web logs, sensor
data, telemetry data, smart meter
data and appliance usage data.

As demonstrated, human-generated and machine-generated data can come from a variety of sources and be represented in various formats or types. This section examines
the variety of data types that are processed by Big Data solutions. The primary types
of data are:
• structured data
• unstructured data
• semi-structured data
These data types refer to the internal organization of data and are sometimes called
data formats. Apart from these three fundamental data types, another important type
of data in Big Data environments is metadata. Each will be explored in turn.
Structured Data
Structured data conforms to a data model or schema and is
often stored in tabular form. It is used to capture relationships
between different entities and is therefore most often stored in
Figure 1.18
a relational database. Structured data is frequently generated
The symbol used to represent
by enterprise applications and information systems like ERP
structured data stored in a
and CRM systems. Due to the abundance of tools and datatabular form.
bases that natively support structured data, it rarely requires
special consideration in regards to processing or storage. Examples of this type of data
include banking transactions, invoices, and customer records. Figure 1.18 shows the
symbol used to represent structured data.
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Unstructured Data
Data that does not conform to a data model or data schema is known as unstructured
data. It is estimated that unstructured data makes up 80% of the data within any given
enterprise. Unstructured data has a faster growth rate than structured data. Figure 1.19
illustrates some common types of unstructured data. This form of data is either textual
or binary and often conveyed via files that are self-contained and non-relational. A text
file may contain the contents of various tweets or blog postings. Binary files are often
media files that contain image, audio or video data. Technically, both text and binary
files have a structure defined by the file format itself, but this aspect is disregarded, and
the notion of being unstructured is in relation to the format of the data contained in the
file itself.
Figure 1.19
Video, image and audio files are all
types of unstructured data.

Special purpose logic is usually required to process and store unstructured data. For
example, to play a video file, it is essential that the correct codec (coder-decoder) is
available. Unstructured data cannot be directly processed or queried using SQL. If it is
required to be stored within a relational database, it is stored in a table as a Binary Large
Object (BLOB). Alternatively, a Not-only SQL (NoSQL) database is a non-relational database that can be used to store unstructured data alongside structured data.
Semi-structured Data
Semi-structured data has a defined level of structure and consistency, but is not relational in nature. Instead, semi-structured data is hierarchical or graph-based. This kind
of data is commonly stored in files that contain text. For instance, Figure 1.20 shows
that XML and JSON files are common forms of semi-structured data. Due to the textual
nature of this data and its conformance to some level of structure, it is more easily processed than unstructured data.
Examples of common sources of semi-structured data include electronic data interchange (EDI) files, spreadsheets, RSS feeds and sensor data. Semi-structured data
often has special pre-processing and storage requirements, especially if the underlying
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format is not text-based. An example of pre-processing of semi-structured data would
be the validation of an XML file to ensure that it conformed to its schema defi nition.
Figure 1.20
XML, JSON and sensor data
are semi-structured.

Metadata
Metadata provides information about a dataset’s characteristics and
structure. This type of data is mostly machine-generated and can be
appended to data. The tracking of metadata is crucial to Big Data processing, storage and analysis because it provides information about
the pedigree of the data and its provenance during processing. Examples of metadata include:
• XML tags providing the author and creation date of a document

Figure 1.21
The symbol used to
represent metadata.

• attributes providing the ﬁle size and resolution of a digital
photograph
Big Data solutions rely on metadata, particularly when processing semi-structured and
unstructured data. Figure 1.21 shows the symbol used to represent metadata.

Case Study Background
Ensure to Insure (ETI) is a leading insurance company that provides a range of insurance plans in the health, building, marine and aviation sectors to its 25 million globally
dispersed customer base. The company consists of a workforce of around 5,000 employees and generates annual revenue of more than 350,000,000 USD.
History
ETI started its life as an exclusive health insurance provider 50 years ago. As a result
of multiple acquisitions over the past 30 years, ETI has extended its services to include
property and casualty insurance plans in the building, marine and aviation sectors.
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Each of its four sectors is comprised of a core team of specialized and experienced
agents, actuaries, underwriters and claim adjusters.
The agents generate the company’s revenue by selling policies while the actuaries are
responsible for risk assessment, coming up with new insurance plans and revising existing plans. The actuaries also perform what-if analyses and make use of dashboards and
scorecards for scenario evaluation. The underwriters evaluate new insurance applications and decide on the premium amount. The claim adjusters deal with investigating
claims made against a policy and arrive at a settlement amount for the policyholder.
Some of the key departments within ETI include the underwriting, claims settlement,
customer care, legal, marketing, human resource, accounts and IT departments. Both
prospective and existing customers generally contact ETI’s customer care department
via telephone, although contact via email and social media has increased exponentially
over the past few years.
ETI strives to distinguish itself by providing competitive policies and premium customer service that does not end once a policy has been sold. Its management believes
that doing so helps to achieve increased levels of customer acquisition and retention.
ETI relies heavily on its actuaries to create insurance plans that reflect the needs of its
customers.
Technical Infrastructure and Automation Environment
ETI’s IT environment consists of a combination of client-server and mainframe platforms
that support the execution of a number of systems, including policy quotation, policy
administration, claims management, risk assessment, document management, billing,
enterprise resource planning (ERP) and customer relationship management (CRM).
The policy quotation system is used to create new insurance plans and to provide quotes
to prospective customers. It is integrated with the website and customer care portal to
provide website visitors and customer care agents the ability to obtain insurance quotes.
The policy administration system handles all aspects of policy lifecycle management,
including issuance, update, renewal and cancellation of policies. The claims management system deals with claim processing activities.
A claim is registered when a policyholder makes a report, which is then assigned to a
claim adjuster who analyzes the claim in light of the available information that was submitted when the claim was made, as well other background information obtained from
different internal and external sources. Based on the analyzed information, the claim
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is settled following a certain set of business rules. The risk assessment system is used
by the actuaries to assess any potential risk, such as a storm or a flood that could result
in policyholders making claims. The risk assessment system enables probability-based
risk evaluation that involves executing various mathematical and statistical models.
The document management system serves as a central repository for all kinds of documents, including policies, claims, scanned documents and customer correspondence.
The billing system keeps track of premium collection from customers and also generates various reminders for customers who have missed their payment via email and
postal mail. The ERP system is used for day-to-day running of ETI, including human
resource management and accounts. The CRM system records all aspects of customer
communication via phone, email and postal mail and also provides a portal for call
center agents for dealing with customer enquiries. Furthermore, it enables the marketing team to create, run and manage marketing campaigns. Data from these operational
systems is exported to an Enterprise Data Warehouse (EDW) that is used to generate reports for financial and performance analysis. The EDW is also used to generate
reports for different regulatory authorities to ensure continuous regulatory compliance.
Business Goals and Obstacles
Over the past few decades, the company’s profitability has been in decline. A committee comprised of senior managers was formed to investigate and make recommendations. The committee’s findings revealed that the main reason behind the company’s
deteriorating financial position is the increased number of fraudulent claims and the
associated payments being made against them. These findings showed that the fraud
committed has become complex and hard to detect because fraudsters have become
more sophisticated and organized. Apart from incurring direct monetary loss, the costs
related to the processing of fraudulent claims result in indirect loss.
Another contributing factor is a significant upsurge in the occurrence of catastrophes
such as floods, storms and epidemics, which have also increased the number of highend genuine claims. Further reasons for declines in revenue include customer defection
due to slow claims processing and insurance products that no longer match the needs
of customers. The latter weakness has been exposed by the emergence of tech-savvy
competitors that employ the use of telematics to provide personalized policies.
The committee pointed out that the frequency with which the existing regulations
change and new regulations are introduced has recently increased. The company has
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unfortunately been slow to respond and has not been able to ensure full and continuous
compliance. Due to these shortcomings, ETI has had to pay heavy fines.
The committee noted that yet another reason behind the company’s poor financial performance is that insurance plans are created and policies are underwritten without a
thorough risk assessment. This has led to incorrect premiums being set and more payouts being made than anticipated. Currently, the shortfall between the collected premiums and the payouts made is compensated for with return on investments. However,
this is not a long-term solution as it dilutes the profit made on investments. In addition,
the insurance plans are generally based on the actuaries’ experience and analysis of the
population as a whole, resulting in insurance plans that only apply to an average set of
customers. Customers whose circumstances deviate from the average set are not interested in such insurance plans.
The aforementioned reasons are also responsible for ETI’s falling share price and
decrease in market share.
Based on the committee’s findings, the following strategic goals are set by ETI’s directors:
1. Decrease losses by (a) improving risk evaluation and maximizing risk mitigation,
which applies to both creation of insurance plans and when new applications are
screened at the time of issuing a policy, (b) implementing a proactive catastrophe
management system that decreases the number of potential claims resulting from
a calamity and (c) detecting fraudulent claims.
2. Decrease customer defection and improve customer retention with (a) speedy
settlement of claims and (b) personalized and competitive policies based on individual circumstances rather than demographic generalization alone.
3. Achieve and maintain full regulatory compliance at all times by employing
enhanced risk management techniques that can better predict risks, because the
majority of regulations require accurate knowledge of risks in order to ensure
compliance.
After consulting with its IT team, the committee recommended the adoption of a datadriven strategy with enhanced analytics to be applied across multiple business functions in such a way that different business processes take into account relevant internal
and external data. In this way, decisions can be based on evidence rather than on experience and intuition alone. In particular, augmentation of large amounts of structured
data with large amounts of unstructured data is stressed in support of performing deep
yet timely data analyses.
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The committee asked the IT team if there are any existing obstacles that might prevent
the implementation of the aforementioned strategy. The IT team was reminded of the
financial constraints within which it needs to operate. In response to this, the team prepared a feasibility report that highlights the following obstacles:
• Acquiring, storing and processing unstructured data from internal and external data
sources – Currently, only structured data is stored and processed, because the
existing technology does not support the storage and processing of unstructured
data.
• Processing large amounts of data in a timely manner – Although the EDW is used to
generate reports based on historical data, the amount of data processed cannot be
classified as large, and the reports take a long time to generate.
• Processing multiple types of data and combining structured data with unstructured data –
Multiple types of unstructured data are produced, such as textual documents
and call center logs that cannot currently be processed due to their unstructured
nature. Secondly, structured data is used in isolation for all types of analyses.
The IT team concluded by issuing a recommendation that ETI adopt Big Data as the
primary means of overcoming these impediments in support of achieving the set goals.

CASE STUDY EXAMPLE
Although ETI has chosen Big Data for the implementation of its strategic goals, as it
currently stands, ETI has no in-house Big Data skills and needs to choose between
hiring a Big Data consultant or sending its IT team on a Big Data training course. The
latter option is chosen. However, only the senior IT team members are sent to the
training in anticipation of a cost-effective, long-term solution where the trained team
members will become a permanent in-house Big Data resource that can be consulted
any time and can also train junior team members to further increase the in-house Big
Data skillset.
Having received the Big Data training, the trained team members emphasize the
need for a common vocabulary of terms so that the entire team is on the same page
when talking about Big Data. An example-driven approach is adopted. When discussing datasets, some of the related datasets pointed out by the team members
include claims, policies, quotes, customer profile data and census data. Although the

Case Study Background

25

data analysis and data analytics concepts are quickly comprehended, some of the
team members that do not have much business exposure have trouble understanding
BI and the establishment of appropriate KPIs. One of the trained IT team members
explains BI by using the monthly report generation process for evaluating the previous month’s performance as an example. This process involves importing data from
operational systems into the EDW and generating KPIs such as policies sold and
claims submitted, processed, accepted and rejected that are displayed on different
dashboards and scorecards.
In terms of analytics, ETI makes use of both descriptive and diagnostic analytics.
Descriptive analytics include querying the policy administration system to determine the number of polices sold each day, querying the claims management system
to find out how many claims are submitted daily and querying the billing system to
find out how many customers are behind on their premium payments. Diagnostic
analytics are carried out as part of various BI activities, such as performing queries
to answer questions such as why last month’s sales target was not met. This includes
performing drill-down operations to breakdown sales by type and location so that
it can be determined which locations underperformed for specific types of policies.
ETI currently does not utilize predictive nor prescriptive analytics. However, the
adoption of Big Data will enable it to perform these types of analytics as now it can
make use of unstructured data, which when combined with structured data provides
a rich resource in support of these analytics types. ETI has decided to implement
these two types of analytics in a gradual manner by first implementing predictive
analytics and then slowly building up their capabilities to implement prescriptive
analytics.
At this stage, ETI is planning to make use of predictive analytics in support of achieving its goals. For example, predictive analytics will enable detection of fraudulent
claims by predicting which claim is a fraudulent one and in case of customer defection by predicting which customers are likely to defect. In the future, via prescriptive
analytics, it is anticipated that ETI can further enhance the realization of its goals. For
example, prescriptive analytics can prescribe the correct premium amount considering all risk factors or can prescribe the best course of action to take for mitigating
claims when faced with catastrophes, such as floods or storms.
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Chapter 1: Understanding Big Data

Identifying Data Characteristics
The IT team members want to gauge different datasets that are generated inside ETI’s
boundary as well as any other data generated outside ETI’s boundary that may be of
interest to the company in the context of volume, velocity, variety, veracity and value
characteristics. The team members take each characteristic in turn and discuss how
different datasets manifest that characteristic.
Volume

The team notes that within the company, a large amount of transactional data is
generated as a result of processing claims, selling new policies and changes to existing policies. However, a quick discussion reveals that large volumes of unstructured
data, both inside and outside the company, may prove helpful in achieving ETI’s
goals. This data includes health records, documents submitted by the customers at
the time of submitting an insurance application, property schedules, fleet data, social
media data and weather data.
Velocity

With regards to the in-flow of data, some of the data is low velocity, such as the claims
submission data and the new policies issued data. However, data such as webserver
logs and insurance quotes is high velocity data. Looking outside the company, the IT
team members anticipate that social media data and the weather data may arrive at
a fast pace. Further, it is anticipated that for catastrophe management and fraudulent
claim detection, data needs to be processed reasonably quickly to minimize losses.
Variety

In pursuit of its goals, ETI will be required to incorporate a range of datasets that
include health records, policy data, claim data, quote data, social media data, call center agent notes, claim adjuster notes, incident photographs, weather reports, census
data, webserver logs and emails.
Veracity

A sample of data taken from the operational systems and the EDW shows signs of
high veracity. The IT team attributes this to the data validation performed at multiple
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stages including validation at the time of data entry, validation at various points
when an application is processing data, such as function-level input validation, and
validation performed by the database when data is persisted. Looking outside ETI’s
boundary, a study of a few samples taken from the social media data and weather
data demonstrates further decline in veracity indicating that such data will require
an increased level of data validation and cleansing to make it high veracity data.
Value

As far as the value characteristic is concerned, all IT team members concur that they
need to draw maximum value out of the available datasets by ensuring the datasets are stored in their original form and that they are subjected to the right type of
analytics.
Identifying Types of Data
The IT team members go through a categorization exercise of the various datasets
that have been identified up until now and come up with the following list:
• Structured data: policy data, claim data, customer profile data and quote data.
• Unstructured data: social media data, insurance application documents, call
center agent notes, claim adjuster notes and incident photographs.
• Semi-structured data: health records, customer profile data, weather reports,
census data, webserver logs and emails.
Metadata is a new concept for the group as ETI’s current data management procedures do not create nor append any metadata. Also, the current data processing practices do not take into account any metadata even if it were present. One of the reasons
noted by the IT team is that currently, nearly all data that is stored and processed is
structured in nature and originates from within the company. Hence, the origins
and the characteristics of data are implicitly known. After some consideration, the
members of the team realize that for the structured data, the data dictionary and the
existence of last updated timestamp and last updated userid columns within the different relational database tables can be used as a form of metadata.

