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Abstract

In recent years the use and application of data including; Big Data, Al, Intelligent Data,
Forecasting, Planning, and Warehousing tools have provided businesses with significant
opportunities and potential for competitive advantages. However, this is the beginning
of the journey. The notion that data is used for generating intuition is gradually being
rejected by organisation, and the focus is more on how to leverage the full potential of
data. The term Big Data was introduced in 1980 and contains a number of different fields
including messages, images, posts on social media networks, GPS signals from phones,
and business data. Whilst Big Data can assist in improving performance, efficient
operations, customised promotion, and new business models, the success of Big Data
relies heavily on Smart Data. Smart Data first appeared in the literature in 2009 and
defined as use of relevant data for supporting decision making process. Smart Data is
viewed by some as a foundation for business intelligence and bring many benefits to
data driven organisations including; Data Modelling, Data, Analytics, Access Control
in line with data governance, and Data Aggregation. This paper provides a critical
review of literature dealing with both Big Data and Smart Data with a view to
recommend a conceptual framework for Smart Data Framework based on four levels of
Strategy, Resources, Operations, and Design.
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Introduction
Smart data is defined as data transformed into information which feeds the decision-making and
action cycle (Lafrate, 2015). This suggests that Smart Data is related to information which enable the
companies to act and decide rather than to be overwhelmed with tons of data sources. As the volume
of available data has significantly increased during the recent years, the discussion about how data
can be used efficiently for business related areas has attracted the attention of marketers to exploit
business potentials based on data knowledge. The available data gives the companies the unique
chance to gain knowledge about key factors which impact business performance such as the market
trends, consumer behaviour, trade partners, suppliers, and the competition (Nagle and Miiller, 2017).
However, the majority of companies are overwhelmed with large volume of data and do not find
ways to efficiently combining the given information (Canitoa et. al., 2018) and drive the business
based on the given information as this is directly with high initial costs for creating the relevant
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framework and the need for long-term headcounts to improve the data driven set up and decision
making.

This paper is intended to provide a critical analysis of literature in relation to Big Data and Smart
Data, how Big Data can be turned into Smart Data and how this can is connected to data driven
decision making and opportunity for competitive advantage. Further existing strategic approaches to
Smart Data will be analysed and the paper conclude with a conceptual framework. It is intended that
the proposed framework will provide academic and practitioners with a strategy on how to best
benefits from the opportunities provided by Smart Data.

Literature Review

Big Data

The term “Big Data” was first used in 1980 by Sociologist Charles Tilly (1980) who used
the term as a magnitude for the term “data” in a different context. However, the first article
on Big Data in the modern context was published by Mougalas in 2005. Big Data contains a
large number of different fields such as messages, images, posts on social media networks,
GPS signals from phones (McAfee and Brynjolfsson, 2012), historical data, business data,
geographical data, and much more (Manyika, et al., 2011). According to Lohr (2012) we are
in the new era of Big Data where Facebook and Google are efficiently using user search data
and posts to connect them with the advertisements designed to meet their needs best. During
the World Economic Forum in Swiss (2012) data was declared as a new class of economic
asset comparable with gold or a new currency which underlines the importance and value of
data. The use of Big Data can also improve business performance and ensure efficient
operations, customized promotions (Lohr, 2012), assist in implementing new business
models and establishing new markets (Glick, 2017).

Big Data of whatever size, velocity, and variety of data set requires new tools in order
to compute. Although the data volume may be considered Big by today’s standards, it is very
likely to be the norm in the future perspective (Runciman and Gordon, 2014). This is
precisely the reason why the word “Big Data” may not be appropriate and experts expect
that the word “Big” will be dropped as the description fails completely as the “big number
of connections” between people, places and things that are the actual valuable element of
Big Data.(Baker and Gourley, 2014).

Smart Data
The literature introduced the term “Smart Data” around 2009 (Fisher, 2009) expressing the
use of all relevant data for bringing value and support for decision making (Marr, 2015).
Generally, there are two types of Smart data which are often discussed by academic and
practitioners. The first is information collected by sensors and send to a collection point and
acted upon before it is sent to analytics platform. Such data is sourced from smart sensors
and is often used for ‘Internet of Things’ (IOT) systems. The second is Big Data that has
been processed and is waiting to be turned into actionable information. As proposed by
Khakimullin (2018), data coming and going to smart sensors will be called ‘Sensor Data’
whereas the term ‘Smart Data’ refers to Big Data that has been transferred to useful and
actionable data.

Smart data is defined as the data that is transformed into information for decision-
making and action cycle in that different data sources are brought together, filtered, analysed,
and correlated to be able to deliver actual information which enables companies to decide or
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take actions. Therefore, Smart Data has to be seen as a set of technologies and processes
including the structures associated with it that enable the companies to deliver value of the
existing data.

Smart data is one of the key foundations of business intelligence (Lafrate, 2015),
whereas Big Data is more focused on collection of data volume, variety, and velocity, Smart
Data however, focuses on bringing actual value to the business. Therefore, Smart Data only
contains all kinds of relevant data which have been already filtered, analysed and embody
the framework for the actual decision-making process (Lafrate, 2015). According to
Jahnichen (2015) Big Data is the rare material which needs to be refined to Smart Data, as
such, Big Data may be considered of limited significance unless it has been transformed to
Smart Data. In addition, the work of Garcia-Gil et al (2017) lead to similar findings where
they discovered that no matter the size of the Big Data sets, it only became of use and have
a real impact once it has been transferred to Smart Data. According to Hardawar (2017) a
perfect example for the efficient use of Smart Data and the interaction of data and the real
world is the google lens which uses huge databases, links all information together, and
provide consumers with the required information, sights, or products, by simply scanning
the objects with the google lens. Smart Data can also be used to set the pricing based on the
generated data which allows price management flexibly and efficiently through intelligent
and adaptive incentive mechanisms (Niyato and Thai Hoang, 2016). Referring to the use of
Smart Data for pricing Sen et al (2014) highlights the fact that Smart Data pricing is already
the basis for several industrial sectors including airline companies, car rentals, big online
players like Amazon and will spread out to all industrial sectors.

From Big Data to Smart Data

According to Coffey (2016) in 2020 the volume of all data stored will have a size of forty
Zettabytes which equals sixty times the number of all sand grains on all beaches worldwide.
Moving from Big data to Smart data and make this huge volume of data business relevant,
device, analytics, and domain expertise has to be conducted, as illustrated in in Figure 1.
Device expertise consists of technical specialties and knowledge such as mechanical
structures and sensor measured variables. Analytics expertise analyses the available data and
creates an architecture for processing the data and domain expertise which consists of
knowledge and data of market drivers, customer needs, and product cycles convert big data
to Smart Data.

SMART
— DATA

+ Domain
. Expertise
+ Analytics
Expertise
® Device
= Expertise

BIG DATA"

Figure 1: From Big Data to Smart Data (Coffey, 2016)
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Competitive Advantage through efficient use of data

According to Wheelen and Hunger (2012) and Clegg et al (2011) good business strategy
aims to improve the competitive position of the company’s products and services within the
target market or segment. Considering the work of Porter (1985) on competitive strategies,
Rayner (2017) is of the view that efficient use of data will not only lead to competitive
advantage but also to efficient and innovative solutions and products. Further, the agility is
an essential asset for a company to efficiently adapt to the changing market demand through
organizational changes (Argyris and Schon, 1978; Senge P. M., 2010; Kotter, 2014) and
adapting to cultural demands (Hofstede, 2004) by using an efficient and agile price setting
(Teece et al.,2016) to ensure competitive advantage. The playground for competition is now
global and the required respond rate for customer demands is more agile, hence Kotler et al
(2016) strategies could provide a number of useful options for company’s who wish to
survival and success. Therefore, one of the major requirement for Smart Data to lead to
competitive advantage and improvement of the business performance is that the data is
generated with a required level of speed (Drucker, 1964; Culp et al., 2016) to enable the
business to adapt to customer requirements quickly (Loeb, 2014; Aghina et al., 2015; James,
2015; Purkayastha and Sharma, 2016) and that the data is of value supported by high level
of accuracy and reliability (Coffey, 2016). To ensure sustainable strategic value and survival
in the competitive landscape of rapid change, companies are expected to develop dynamic
capabilities for adapting, integrating, and reallocating existing resources in order to match
the needs of the changing environment (Karimi and Walter, 2015). Creating the ability to
use these dynamic capabilities leads to a strategic agility which allows companies to
recognise and capitalise from opportunities that lead to competitive advantage on time
(Sambamurthy et al.2003). According to Ransbotham and Kiron (2017) strategic value
derives from analytics. To gain real strategic value it is essential that companies are moving
from general-purpose to specialized analytics especially optimized to address specific
measures. Moreover, they suggest that organizational silos have to be eliminated to
coordinate data sharing and analytics across functional boundaries.

Data Driven Decision Making

According to Thorstad and Wolff (2018) the way that people think about the future is the
most relevant factor when people are making future-oriented decisions. However, social
factors and variety of different and available information have an impact in the way people
make decisions. Jansen et al. (2017) is of the view that organizations are searching for ways
to use the power of big data more efficiently to improve their decision making. Despite its
significance, the impact of Big Data on decision-making quality has received limited
attention in the literature. To contextualize data and make it a valuable source in the decision-
making process contractual governance mechanisms are required to ensure the quality as the
challenge is not only the data size but also factors like liability of data, the heterogeneity of
data, and constantly changing data sources.

Strategic Approaches to Smart Data

Gartner (2015) predicted that up to 60 percent of all Big Data projects will not go beyond
piloting phase until the year 2017. The main reason for this failure is that a successful
advanced analytics strategy is much more than only acquiring the right tools. The key is to
change the mind-sets and culture within a company and to be creative in search of success.
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Further, there are four key initiatives which ensure a successful Smart Data Project
implementation. According to Gartner (2015) the first initiative is to choose a business
problem that offers an initial win. This means to concentrate on a problem which has the
biggest impact or the quickest payback. This can be daily operational decisions, planning
process, or strategic topics. The higher the uncertainty and complexity of data involved, the
better the chances for success of the implementation.

The second initiative consists of outsourcing or purchase packaged apps in the
absence of advanced analytics and expertise. The majority of companies assume their current
way of having own Business Intelligent teams dealing with all aspects of Big Data including
their implementation allows further t capabilities internally. However, there is another option
for organizations that lack of internal skills to build advanced analytics themselves to use
external service providers who deal with the advanced analytics applications to show the
value of advanced analytics expertise for a particular problem.

The third and very crucial initiative is to identify stakeholders within the organization
that need to be convinced of the value of advanced analytics. These might be the decision
makers or the people who have to carry out the actions. Besides selling an attractive business
case, it is more challenging to change people’s beliefs and to make them understand why
they might have to change their thinking. Due to that the success of advanced analytics is to
not only communicate the value but also change the company culture to a data driven one.

The fourth and final initiative is to decide which skills and tools needs to be
develpoed internally. According to Gartner (2015) the best in class analytical companies
have own internal solutions but it may not be the right way to build up capacities internally
for the start but use external resources.

Mac Innes (2017) who generally agrees with the work of Gartner (2015) is convinced
that the fact that the data volume and sources are gaining continuously it encourages
companies to search for solutions and to make sense of the data and sorting important
available data from less important data. In addition, Mikalef et al. (2016) created a strategic
framework to point out the most relevant factors to gain strategic relevance through big data.
Figure 2 displays this framework. Based on their findings the first and most important factor
to reach competitive advantage is IT competencies within a company which include the IT
resources like infrastructure, skills, relational IT resources and data storage, and efficient
data handling. The second key factor is organizational capabilities and business strategy.
This also includes IT enabled dynamic capabilities like sensing, learning, coordinating,
integrating, and reconfiguring. However, the framework may be criticized for lack of
references to strategic aspects, target setting, soft skills, and implementation phases.

Environmental Factors

IT Resources: IT Enabled Dynamic Capabilities:

-IT Infrastructure -Sensing

Organizational
Capabilities Competitive
and Business Performance

-IT Human Skills & Knowledge I

-Learning

Competencies

Strategy

-Relational IT Resources -Coordinating

-Data -Integrating

— -Reconfiguring —
Figure 2: Conceptual Research Framework (Mikalef et al., 2016)
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Smart Data and Business Intelligence

According to Vinnakota (2012) Big Data and Smart Data applications are the successor of
traditional business intelligence (BI) tools and bring major improvements. Whereas the
scope of traditional BI is limited to structured data, the fact is that over 90% of today’s data
is unstructured, consequently traditional BI tools leave out over 90% of relevant data which
can be taken into consideration with Smart Data applications. Based on that, traditional BI
is left behind by forward-looking businesses that are keen to gain competitive advantage
from unstructured business data floating around, within, and beyond their enterprise. While
traditional BI was created to give the management a good overview of the customer
performance in different areas including Finance, Sales, Human Resources, Marketing, IT,
and purchasing, Smart Data analytics is aiming to provide a tool to drive actual decisions
and predictive analytics taking all relevant data into consideration (Marr, 2015). Figure 3
illustrates the difference between the classical BI and Smart Data.

Factors [Traditional BINNINNN Smart Data
Speed of Data Primary while data input or From parallel processing to
processing query streaming

Data Updates Daily/multiple times daily Real Time/Near Time

Easy to mid complex queries

Type of Analytics

or analytics

Up to advanced analytics

Data Volume

Smal to mid sized

Huge data sets possible

E.g. General Reporting for

E.g. Advanced analytics, Text

Use Cases

Finance, Marketing, Sales, mining
Figure 3: Comparison Traditional BI and Smart Data

Smart Data and Artificial Intelligence

Artificial Intelligence is a sub-field of computer science with the target of machines being
and acting human-like and autonomous. Tasks which would normally require human
intelligence such as visual perception, speech recognition, decision-making and translation
of languages, are all fields where Artificial Intelligence (AI) can act autonomous without
human interactions (Marr, 2018).

Most businesses would like to capitalise from the opportunities provided by Al, however,
irrespective of the purpose of Al, smart data is required to enable Al to become intelligent.
The main difference between Smart Data applications and Artificial intelligence is that
applied Al enables computers to make decisions on their own (Welsh, 2019) , while Smart
Data frameworks propose actions to the human user but the decision making is still in the
power of the human not in the hands of the computer.

In fact, the authors of this article have the conviction that AI may not be able to
deliver some of its promises when considering decision making. For example: there are three
leading competitors on similar positioning, similar strategies, similar sizes and all using
similar Al concepts. In case the market signs would give to all the Al systems the signal all
three companies would react in the same way and competitive benefits would not be realised
and other competitors may benefit from the action of the three main players. In contrast,
using Smart Data applications the systems would propose a certain reaction to the market
signs and the responsible department of the respective company can still evaluate in which
way this proposal makes sense or not. The combination of Al and Smart data would support
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analytics, correlations, patterns, taking environmental changes into consideration. However,
the above together with available technologies such as cloud and emerging technologies
provide significant opportunities for exploitation of data in the future.

Framework for advanced customer analytics

The aim of customer analytics frameworks are to derive findings and knowledge to answer
questions in a better manner. Fulfilling or even exceeding the customer requirements is one
of the key elements when ensuring sustainable competitiveness in any industry (Harrigan,
2017). In order to use Data in the context of Business relations efficiently a framework is
essential. There is only a view publication which investigate frameworks for using data
efficiently. Kitchens et. al. (2018) published a detailed research in the Journal of Information
Systems which dealt with advanced customer analytics, in particular he investigates the
strategic value through integration of relationship-oriented Big Data. This section is mainly
based on Kitchens et. al. (2018) but takes variety of publications and findings into
consideration as well.

Kitchens et. al. (2018) proposed a framework for implementing advanced customer
analytics solutions, including a set of constructs that may can be used to understand and
predict consumer behaviour in a better way. The design of the framework, method, and
instantiation is primarily related to the theory of relationship marketing frames with
customers not a set of discrete transactions bit as relational exchange. Relationships with
customers provide a source of sustainable competitive advantage and strategic value for the
company. In order to make to make the framework helpful, the following factors have to be
a part of the framework (Kitchens et al., 2018):

A rich set of relationship-oriented constructs to guide the identification and

acquisition of valuable data for advanced customer analytics

e A principled, flexible, versatile, and predictive model for extracting value from data
constructs

e Value-based evaluation metrics for action and outcome-oriented cost/benefit
analysis

e Construct evaluation leading to value-justified integration and data management
investments in IT infrastructure to create a foundation for integrated data for
analytics

e A portfolio of advanced customer analytics capabilities supported by IT-enabled

agility for providing strategic value through enhanced customer lifetime value and

customer equity.

This Framework incorporates a wide number of aspects which are important for customer
analytics. However, the author of this study believes that fundamental aspects like brand
power, brand heritage, and a customer segmentation based on valuable segmentation criteria
are missing. In addition, missing out such important information in the analytics phase, will
have a significant negative impact on the quality of the predictions using the predictive
model.
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Figure 4: Advanced Customer Analytics Framework (Kitchens et al., 2018)

Advanced customer analytics constructs

In intending to guide the identification and acquisition of beneficial data sources Kitchens et
al. (2018) developed a comprehensive and generalized set of potential construct categories.
Some of these have rarely been used to predict customer behaviour as the integration is
difficult. They suggest that only a synergistic approach which takes data from a rich variety
of sources into consideration is beneficial to create advanced customer analytics. This model
is unlikely to take all further intangible customer characteristics such as expertise, risk
affinity, and technical self-efficacy into consideration (Bolton et al., 2004). The following
factors are still solid characteristics in order to build a valid advanced customer analytics
construct.

Transaction

The characterization Transaction with regards to customer relationship is the most basic one.
The most used factors trying to predict customer behaviour are measurement of frequency,
recency of monetary value involved in the transaction (Petty and Cacioppio, 2018). It may
also include more details such as promotion, discount levels, payment types, or specific items
purchased (Kitchens et al., 2018).

Demographics

Demographics are basic information about the customer. Combining transaction with
demographics is the starting point for every customer analytics construct. However,
relationship marketing studies have discovered that the demographic background
significantly influence the baseline expectations which is directly linked to satisfaction,
repurchase intention, and purchase behaviour (Mittal and Kamakura, 2001; Lalwani and J.,
2018).

Engagement
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Customers engage with companies in many ways beside the purchase transactions.
Depending on the type of engagement, conclusions about future behaviour may be drawn
(Beckers et al., 2018). Such engagements may be the visit of the corporate website, opening
an email, contact customer service, visiting a forum, or posting a review online. In general
engagement shows the interest of the customer to continue the relationship with a company
(Kitchens et al.,2018). The level of sophistication of the ability to collect, measure, and
analyse data is wide spread cross the different companies. Especially variables which are not
controlled by the company itself such as social media tend to be problematic in terms of
handling for the majority of companies (Beckers et al., 2018; Trkman and Trkman, 2018).
As the capabilities improve constantly, customer engagement has the potential to become a
valuable resource for advanced customer analytics. The core challenge consists of the
integration with other customer data for analysis purposes (Kitchens et al.,2018).

Satisfaction

A number of empirical studies have shown that increasing satisfaction leads to an improved
customer retention and increasing customer life-time value (Grover et al., 2018; Kumar and
Reinartz, 2018). Beyond satisfaction, there are other related perceptual constructs like
commitment, loyalty, trust, and the perception of the company which are strongly connected
with satisfaction and how customer feel and think about a firm (Beyari and Abareshi, 2018).
The core challenge with satisfaction and related perceptions is the difficulty in measuring
individual customer’s satisfaction. The majority of studies examine these perceptions on
sample base surveys intending to explain customer relationships or measuring the entire
market share rather than making individual-level predictions (Kitchens et al., 2018).

Choice

Another core parameter is the customer’s first and subsequent choice of services or products
purchased, especially if the products of choice differ horizontally significantly. The
categories or products purchased can be and is an indicator for the level of trust or interest
for a particular company and the likelihood of cross buying of certain product groups
(Garrette et al., 2018; Kitchens et al., 2018).

Channel

The channel through which the customer acquires products or services and continues to
interact with the company provide important information about the customer and the
relationship with the company (Kitchens et al., 2018). A mix of various channel interactions
may lead to a positive effect on the customer loyalty (Ascarza, et al., 2018). In addition,
studies have found that customers using digital channels tend to be more loyal and active
due to self-selection effects and greater opportunities to form connections with the company
(Kitchens et al., 2018). Moreover, it is crucial to take into consideration that different
channels may attract different customer groups (Ascarza, et al., 2018).

Messaging

The communication the customer receives from a company may impact on the future
behaviour of the customer in relation with the respective company. The majority of
companies focus on messaging in the context of informing customers about promotional
activities to encourage the customer to a purchase. However, relationship building
messaging which focuses on the customer’s view of the company may not be game changer
for the short-term but a very rich tool ensuring a long-term relationship (Kumar, 2018). The
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mode and quantity of communications received may also impact customer behaviour. In
both cases, too little and too much communication can be harmful.

Firm and environment characteristics

The characteristics of a company and the market the company is operating in is the basis for
customer’s relationship with the company. Factors like brand equity, perceived fairness of
the company, pricing policy, and corporate ethics have a major impact on the customer’s
perception and relationship with the company (Zietsman et al., 2018). In addition,
characteristics like competition, market share, and perceived complexity influence the
customer’s view on the company (Kitchens et al., 2018). This construct incorporates a wide
number of aspects which are important for customer analytics. However, the author of this
study believes that fundamental aspects like brand power, brand heritage and a customer
segmentation based on valuable segmentation criteria are missing.

Characteristics of a rich predictive Model

Relationship-oriented data can be in the body of many different formats, structured and
unstructured. However, traditional machine learning methods are limited in the complexity
of data which can be analysed. According to Kitchens et al (2018) in order to ensure full
leverage of available value within each construct category for producing customer insights,
a customer analytics framework should employ a predictive model that is:

e Capable of theory-driven prediction to exploit the nuances of relationship-oriented
data

e Flexible in accommodating complexity of a wide variety of data constructs of
different formats

e Versatile in application to a variety of customer analytics initiatives.

Each of the above characteristics is embodied by Kernel-based learning methods, allowing
theory embedding via customized kernel functions, incorporation of structured and
unstructured data, and adaptability to a wide range of tasks (Chiang et al., 2018; Kitchens et
al.,2018) making it feasible to effectively represent the complexities of customer behaviour.

Value-Based evaluation metrics

Working with a huge volume of data and creating an advanced customer analytics
framework, a clear guideline and for directly measuring the value of an analytical solution
is necessary. Such guidelines are an absolute must working with advanced customer
analytics as the essential support for management of the volume, variety, and velocity of
required data can be costly and have to be justified (Kitchens et al., 2018). Reviewing the
relevant literature on the value of big data analytics (Marr, 2015; Mikalef et al., 2017) and
how to deal with information systems (Laney, 2015), the core steps for creating a value-
based evaluation matrix include:

Identify Potential Actions

The intermediate outcome of customer analytics are predictions regarding the customer
behaviour. However, the pure prediction is not of any value as the value creation is only
taking place if the predictions are leading to decisions or actions within a company. Only in
cases were predictions lead to decisions or actions there is the chance of value creation
(Delen et al., 2018; Vassakis et al., 2018). Those decisions and actions can be linked with
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topics like improvement of customer relationship, influencing the purchase behaviour of the
customer or defining define cost reduction measures. Based on this it is essential that every
customer analytics has the final goal of creating value driving decisions and actions. As a
first step it is essential to reflect all in the company existing customer analytics and eliminate
those which cause manual work without creating actual value and do not drive decisions and
actions (Kitchens et al., 2018). Grover et al (2018) argues that the most important strategic
options to consider before and during the design of customer analytics is to critically review
if the resulting options really create value and drive relevant decisions and actions within the
company.

Determine Action Value

After the potential outcomes of the customer analytics are reflected and linked actions and
decisions are taking into consideration, the proposed actions have to be further analysed per
customer with regards to benefits, risks, costs, and resources required. This process is very
similar to creating a cost matrix for cost sensitivity analysis. All costs and benefits have to
be assigned to correct, incorrect, positive and negative predictions (Kitchens et al., 2018).
All costs and benefits have to be reflected including managerial and marketing cost savings
which would be realized in churn case of customers and revenue gains for the remaining
customers (Shmueli and Koppius, 2011). Determining the entire range of values for potential
actions requires assumptions based in part on experience and analysis of historical activities
(Nagle and Miiller, 2017).

Define Boundary

Before finally implementing the value-based evaluation matric, it has to be defined which
customers are included in which action. For instance, companies with a high likelihood for
churn may not be included in a marketing campaign. Every model implemented in the
context of an advanced customer analytics solution will only be able to provide estimations
or the likelihood of a certain outcome for each customer. Based on this it is an absolute must
to carefully consider the findings and how to determine what share of customers will receive
specific potential actions (Shmueli and Koppius, 2011).

Generate Final Metrics

Finally, the actions, value, and boundaries determined are in this stage are combined to create
a complete value-based evaluation metrics, which is critical in later stages for evaluating
constructs and models, guide data management, integration, real-time feature engineering
efforts, and demonstrate potential return on investment. For each combination of potential
action and actual outcome, a net ratio of cost and benefit is defined and applied to all
predictions. To reach the total expected value the number of customers which are above the
boundary are multiplied with the per customer value (Kitchens et al.,2018). Generally, this
evaluation is a straight forward way to evaluate how beneficial analytic frameworks may be.
Based on the belief of the researcher this part of the study of Kitchens et al. (2018) is the
most valuable part.

Value-Justified Data Management, Integration and Feature Engineering

The most important aspect to be considered for any big data analytic initiative is the costs
creation for data management, integration efforts, and real-time feature engineering (Grover
et al., 2018). The core essence dealing with any big data analytical framework is to evaluate
each potential construct with regards to the value-based metrics identified earlier, enabling
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the IT department to focus only on the most valuable data once in order to focus and gain
speed (Mendes et al., 2018). They suggest to use the add-in and leave-out approach to
quantify the individual value for each construct. Therefore, all the existing constructs will
be in the first step excluded. Only the most basic models will remain which do not cause
additional investments and are anyway available. Now the actual evaluation begin is and the
decision has to be taken which analytics is bringing significant value and should receive
investments in data management, integration, and real-time feature construction. These
actions result in value-justified investments in IT infrastructure supporting an agile
deployment of advanced customer analytics.

Portfolio of Advanced Customer Analytics

According to Kitchens et al. (2018) the ultimate aim of the framework is to design a portfolio
of customer analytics applications which are supported by value-justified IT infrastructure
and enables agility. This portfolio has to include applications across customer acquisition,
retention and expansion. Using the analytics of these different dimensions might improve
the customer lifetime value, customer equity, creating strategic value and leading to
sustainable competitive advantage.

Research Methodology
Due to dynamic nature of the business environment the use of literature review as a research
method is supported by many including; Harrigan (2017), Kitchens et al (2018), Marr (2018),
Mikalef et al (2016), and Welsh (2019). Benefiting from the professional experience of the
author, the review concludes with a conceptual framework.

Results and Analysis

The proposed conceptual framework in figure five consists of four hierarchal levels which
are Strategy, Resources, Operations and Design. In case there are mismatches in the
hierarchical levels there is a high likelihood that the superior levels will not be able to
compensate this mismatch and the whole concept will not deliver and the competitive
advantage may not be realised. The framework is influenced by the work of Mikalef et al.,
(2016) the Conceptual Research Framework, and Kitchens et al., (2018) Advanced Customer
Analytics Framework. The following sections describe each level of the framework;
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« Data Driven decision making

+ Empowerment
Strategy * Investment

« Customer Focus

+ Review, maintenance & enhancement

« IT resources
« IT capabilities
Resou rces « IT infrastructure
* Data
« Sensing, integrating & reconfiguring

Competitive

« Defining boundaries
+ Data management policy

Operations * Action value
* KPI's
* Process of implementation

Advantage

« Data requirement & quality
+ Customer

+ Regulations

« Security

+ Dynamic

+ Access level

Design

Figure 5: Conceptual Framework of Smart Data

Strategy

Every project has to be based on a strategic background which is the first hierarchical level
in this framework. It is essential that the top management is willing to change their behaviour
towards data driven decision making and therefore allow the company to question overall
decisions in case the data analysis would lead to different assumptions. In addition, the top
management has to have the conviction of empowering employees and actively transferring
power to people to be able to drive the change. Further, the company has to be committed to
the required investment for setting up the IT infrastructure, allocate resources, emerging
technologies, and awareness of the fact this is a long term investment for the future of the
company and returns are not achieved in a short period of time. Moreover, companies have
to believe in the value of being truly customer focused in order to have a true purpose.
Finally, the strategy has to be review, maintain, and enhanced in order to adapt to changing
environment and expectations.

Resources

For companies to leverage the benefits of Smart Data, certain resources are essential. The
foundation is IT resources which are the basis for starting any Smart Data concept. As
dealing with Smart Data is not a standard IT capability, those capabilities have to be built up
in order to drive Smart data projects. Further, the IT infrastructure has to include both
physical and digital elements, making Smart Data analytics an integrated part of the IT
environment. In addition; relevant data set has to be collected and stored and consideration
must be given to change of culture, information sharing, data quality, governance, and
security.

Operations

The third hierarchical level consists of the operations. Frist of all boundaries have to be
defined per employee group. What is expected from each employee, which decision can the
employee take on their own and which ones need further approval. This goes hand in hand
with a data management policy which in addition defines how to deal with data from legal
perspective but also within the internal terms and conditions. Further, for every Smart Data
framework which is requested to be implemented the action value has to be clearly defined.
Which actions will be taken in case of different outcomes of the analysis? In case the
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outcomes would not influence and action taken within the company there is a high likelihood
that the requested project is not of high value. After a project is identified to bring action
value, the relevant KPI’s have to be defined in order to create a measurable framework, and
finally the process of implementation and integration has to be defined.

Design

In this level all data requirements have to be set in place in order to decide which data to be
selected and which data to ignore. Normally it is expected that the data has to be of high
standards in order to allow accuracy and reliability. In case of using customer data the
customers have to be consulted and a written agreement of data use has to be documented.
Further, national and international laws have to be taken into account to ensure legal
conformity. The security of data as well plays and important role as confidential data should
not be accessible to unauthorised any entities. Moreover, the dynamic of data updates should
be automated with adequate timeframe depending on the type of data. Finally, the access
levels have to be defined to clarify who should have access to which kind of data to only
give access to critical data to a defined set of people.

Research Limitation and Future Direction

Whilst there are limited publications in the subject area under study, Smart Data covers a
wide range of topics, hence, focus on specific parts of Smart Data such as Construction of
Smart Data analytics for a specific area or the implementation of Smart Data Analytics for a
specific area would have been beneficial. To further understand the impact of Smart Data on
business performance, future work may be conducted at both theoretical and practical levels.
This study suggests a number of opportunities for future research including the
implementation process of Smart Data, analysis of the impact of Smart Data implementation
on company performance, and the benefits and challenges associated with the successful
implementation of Smart Data.

Conclusions

This paper identified the differences of Big Data and Smart Data, how Big Data can become
Smart Data and how this can is connected to data driven decision making leading to possible
competitive advantage. The review suggest that there are different interpretations of Big
Data and Smart Data and how the efficient use of data will lead to business performance
improvement and competitive advantage. In addition whilst the existing strategic approaches
to Smart Data provide useful information in support of the same, they are limited in relation
to inclusion of all required factors. The proposed framework incorporates all the required
factors within strategic, resources, operations, and design hierarchical levels. Due to limited
number of publications on the impact of data on business performance and competitive
advantage, the paper contributes to knowledge and the proposed framework could assist
companies to benefit from a manageable and practically driven approach on how to deal with
Smart Data efficiently and effectively for enhanced business performance and competitive
advantage
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