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The approaches and discussions given in this paper offer applicable solutions for a number of scenarios taking
place in the contemporary world that are dealing with performance issues in development and use of analytical
databases for the support of both tactical and strategic decisionmaking. The paper introduces a novel method for
expediting the development and use of analytical databases that combines columnar database technology with
an approach based on denormalizing data tables for analysis and decision support. Thismethod improves the fea-
sibility and quality of tactical decision making by making critical information more readily available. It also im-
proves the quality of longer term strategic decision making by widening the range of feasible queries against
the vast amounts of available information. The advantages include the improvements in the performance of
the ETL process (the most common time-consuming bottleneck in most implementations of data warehousing
for quality decision support) and in the performance of the individual analytical queries. These improvements
in the critical decision support infrastructure are achieved without resulting in insurmountable storage-size in-
crease requirements. The efficiencies and advantages of the introduced approach are illustrated by showing
the application in two relevant real-world cases.
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1. Introduction

The importance of data in all aspects of business, science and govern-
ment continues to grow. Data analysis underliesmost if not all of the im-
portant decisions taken by corporate, academic and political leaders.
Current technologies make available to analysts and managers a vast
amount of structured and unstructured data from a variety of sources
[1]. With the digitization of world commerce, the emergence of big
data and the advance of analytical technologies, organizations have ex-
traordinary opportunities to differentiate themselves through analytics
[2]. Analytical processes that used to requiremonth, days, or hours have
been reduced to minutes, seconds, and fractions of seconds, with
shorter processing times leading to higher expectations [3]. In fact,
data and its analysis is increasingly required not only to guide and direct
strategic plans but also to justify and explain tactical actions. In some
ways, using analytics for these immediate operational needs can be
more difficult than crafting long-term strategies.Whereas future strate-
gies are typically iterated over time, operational decisions require pre-
cise and accurate insights to be available much more quickly: hence,
the need for analytics speed [2]. This requirement, coupled with the

explosion of data everywhere has led to the today's trend inwhich time-
ly analytics capabilities are a must-have for many organizations.

As a result, firms are increasingly demanding immediate access to
internal corporate data and external data, from an ever-growing list of
sources, to develop insights and to generate actionable responses that
produce measurable results in real-time [4]. To better harness the
power of their own data,manyfirms have invested in datawarehousing
technology [5]. However, the increasing reliance on data analysis for ev-
eryday decisions has put a strain on the standard data warehousing
technology. In particular the ETL (extract, transform, and load) process
that brings data from the operational databases to the analytical data
warehouse is required to run faster and more frequently than ever in
order to make the most recent operational data available for analysis.
For example, for many businesses detecting trends and patterns in
their retail stores and supply chains is now a daily if not an hourly pro-
cess that has critical implications on the bottom line [6].

Finally, the Big Data trend also plays a significant role in the increas-
ing demands on the ETL process as many companies and organizations
are shifting to data-driven decisions across all management levels. Cap-
turing and processing data from a multitude of sensors [7] is helping
companies include many external factors such as weather and traffic
in their data warehouses and improve their analysis of customer pat-
terns and trends.

In this paper, we examine a novel approach to expediting the ETL
process for data warehousing by combining two key data warehousing
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methodologies that can enhance the ability to use massive amounts of
data for more timely and comprehensive decision support and analysis.
Thefirstmethodology is based on reducing the design complexity of the
conceptual data model for the data warehouses by a process of
denormalization of star schemas (described in detail in Section 5.1).
The second methodology of our approach is based on the use of so-
called columnar databases (described in detail in Section 4). Both of
these methodologies have been widely used in the practice as well as
academic research, however the theoretical foundations and implica-
tions of combining these methodologies, as well as practical cases
based on the approach that combines them, have not so far been exam-
ined in details and presented in academic papers. In this paper, we offer
a thorough examination of the synergies of the combination of
denormalization and columnar databases, and analyze the require-
ments that justify the usage of this combination in the context of our
proposed model, which we validate with a series of computational ex-
periments.We also present two real-world projects that have taken ad-
vantage of this novel approach and describe the concrete benefits that
include significantly faster ETL times, as well as improved performance
of analytical queries. These benefits represent critical conditions for en-
ablingwider use of massive amounts of data for timely decision support
in near real-time tactical scenarios as well as in strategic decision
making.

The key novel contribution of this approach is identifying a stan-
dard and widely accepted process of generation and usage of surro-
gate keys (to be explained in detail in the section below) as one of
the critical bottlenecks of the ETL process and showing how our pro-
posed approach eliminates the need for their utilization, resulting in
better performance of large scale analytical depositories for timely
decision making.

Another contribution of our paper is its focus on the logical imple-
mentation of the columnar database approach, and how it improves
the utilization of large data depositories for decision making. There
have been extensive reviews of the design and performance of col-
umn-oriented databases [8–11] for both operational and analytical
databases. However, most of the articles up to the present point are
focused on the physical implementation of the standard database
operations and the optimal design of physical query plans. In fact,
in many articles, the authors emphasized that the logical design of
the database does not change and thus does not warrant any special
attention. In this paper, we consider the interplay between the phys-
ical implementation of columnar databases and the logical imple-
mentation of the analytical database data models (star schemas) as
a unified structure for comprehensive analytics contained within a
single (denormalized) table.

The rest of this paper is organized as following. In Section 2 we
give a brief overview of analytical databases, including the descrip-
tion of surrogate keys and slowly changing dimensions. In Section
3 we present a discussion of the role of analytical databases in the
context of Big Data analytics. In Section 4 we give a brief overview
of columnar databases. Section 5 gives a detailed description and
discussion of the introduced columnar approach for analytical
databases, providing a model based framework for performance
evaluation of our approach, validated by a set of computational ex-
periments. Section 6 describes two real-world implementations of
the introduced approach, further illustrating its feasibility. And final-
ly, Section 7 offers concluding remarks.

2. Analytical databases

Analytical databases, such as data warehouses and data marts, are
databases that store and maintain analytical data separately from oper-
ational (transaction-oriented) databases. In the 1990′s, it has gradually
became apparent that analytical databases, designed to be used specifi-
cally for decision support in the context of organizational analytics,
should be deployed logically and physically separately from day-to-

day operational systems. Using this approach, the lengthy, and often un-
predictable, business intelligence queries would not spoil the response
time of standard operational systems. Additionally, data warehouses
are based on the recognition that the conventional query optimization
and execution engines do not work well on the large sets of analytical
data. Hence, extension or modifications applied on separate analytical
systems are required to achieve good performance [12].

Fig. 1 shows a high-level view of the architecture of an analytical
database system. The analytical data in a corporate data warehouse
or data mart is periodically retrieved from various data sources. Typ-
ical data sources are internal corporate operational databases that
contain analytically-useful data, such as sales-transactions data-
bases, marketing databases and HR databases. Other data sources
can include external data, such as demographics data or stock-mar-
ket data, and, increasingly, Big Data sources, such as machine logs,
sensor data of every imaginable kind, data generated by social net-
works and blogs [13], etc. These extremely large amounts of unstruc-
tured and semi-structured data can be relatively straightforwardly
processed using technologies such as Hadoop [14] into useful struc-
tured information.

The data from operational data sources, external sources and other
repositories of interest is brought into the data warehouse or data
mart via the process of extraction, transformation and load (ETL). The
ETL process is responsible for the extraction of data from sources, their
cleansing, customization and insertion into a data warehouse [15]. The
ETL infrastructure extracts analytically useful data from the chosen
data sources, transforms the extracted data so that it conforms to the
structure of the data warehouse or data mart (while ensuring the com-
pleteness, consistency and other aspects of quality of the transformed
data) and then loads the data into the data warehouse or data mart.
After it is loaded, this data explicitly and implicitly reflects customer
patterns and trends, business practices, organizational strategies, finan-
cial conditions, know-how, and other knowledge of great value to the
organization [16].

Analytical databases are modeled and structured differently than
operational databases. Fig. 2 shows an example of a database modeled
for operational use, with larger number of tables whereby individual ta-
bles have smaller column count. Fig. 3 shows an example of an analyti-
cal database that contains the same data as the operational database
shown in Fig. 2, but it is modeled differently, with model containing a
smaller number of tables whereby individual tables have larger column
count.

Typical operational database relational schema contains a number of
connected tables, as shown in Fig. 2. As illustrated by this figure, opera-
tional databases are structured andmodeled as so-called normalized re-
lational databases, whereby the main goal is to minimize data
redundancy, i.e. eliminate instances of storing of the same data more
than once. If you observe data values in the bottom part of Fig. 2, you
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Fig. 1. Analytical database architecture.
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