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Abstract—Modern business entities are awash in raw data due to the proliferation of technology. In order to be competitive this 
data must be refined and organized into trusted information in order to make business decisions in an ever changing 
environment. Organizations must identify and respond to trends and opportunities on a near real time basis. To survive business 
organizations are making efforts to improve and enhance their decision making capability using business intelligence (BI). In 
order to be effective they must improve the performance of BI tools and while driving down associated costs. The rate of data 
growth is alarming, even a few years ago the hardware and software available made most companies unable to capitalize on 
the opportunity to harness the power of information within the raw data. Recently, because of the advancement of computing 
technologies, software engineering, data warehousing technologies, cloud computing, computer processing powers and the 
emergence of smart-phones the demand for business intelligence tools has increased tremendously. These tools have become 
more sophisticated than ever before, allowing the perusal and refinement of huge datasets. Emerging technologies and 
methods are being adopted steadily by business organizations in order to make sense of the explosion of data. This article 
gives an account of the emerging technologies in business intelligence and data warehousing that significantly improve the 
performance of data warehouses and consequently, business intelligence tools. 
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1 INTRODUCTION

ODAY’S business environment is more competitive 
than ever before due to a number of factors including 
the global nature of business, the proliferation of 

technology and the explosion of data in the environment.   
Supply chains span the globe and business associates 
must share information and make decisions on a near real 
time basis.  This is made possible through computing 
technologies [1], software engineering, data warehousing 
technologies, cloud computing, and lately with the emer-
gence of hand held devices such as tablets and smart-
phones.   The presentation of information on these devic-
es is often used by organizations to make informed busi-
ness decisions in changing environments. 

Companies typically create and collect data in opera-
tional data stores.  This data is then moved to the enter-
prise data warehouse for various analytical needs.  There 
is a push to access information faster, often as soon as it is 
created.  To achieve that database engines need to have a 

faster processing capability [30].  While organizations 
want a state of the art data warehousing and BI environ-
ment they also continuously strive to bring down their IT 
infrastructure budget.  Data warehouse and BI tools in-
volve huge capital expenditure.  Small and medium-sized 
companies cannot afford that.  With the advent of cloud 
computing data warehouse infrastructure costs become 
incremental to the size of the business need as cloud ser-
vices allow companies to pay-for-use avoiding the need 
to own a data warehouse, which can be both costly and 
time consuming [3] to build.  Organizations have started 
to move from traditional server-based data warehousing 
to a private cloud. 

Businesses are facing challenges in today’s environ-
ment because of the exponential growth in data year over 
year.  Data is created by business transactions, mobile 
devices and individuals as well as business entities who 
share information electronically with each other.  Addi-
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tionally more and more information is published elec-
tronically rather than using more traditional paper meth-
ods. 
 
 

 
 

 
Fig.  1: Growth in Electronic Documents. 
 

Consequently, data storage and retrieval response time 
increases.  So, data warehousing tools and database needs 
to be more powerful with parallel processing capability to 
expedite refreshing data warehouses.  Fortunately, new 
tools and parallel processing database engines [40] are 
now available to assist with overcoming that challenge.  
Business organizations find business value in unstruc-
tured data which are in a huge volume – mostly a few 
terabytes to hundreds of terabytes.  This data comes from 
many sources including mobile, social media, videos, sen-
sors and surveillance [46] and has a new name called ‘big 
data’ as opposed to normal data.  Conventional databases 
are used to store, process, and manage structured data.  

For big data, which is mostly unstructured and in huge 
volume, a completely new set of computing technologies 
have emerged [8].  Business organizations are showing 
special interest in big data to generate new business out 
of it.  To view, analyze, and visualize both structured and 
unstructured data BI and visualization tools have 
emerged.  The smart phone and tablets have brought Mo-
bile BI into picture [29], [15]. 

Business organizations need to deploy emerging tech-
nologies in data warehousing (one with a parallel pro-
cessing capability) and state of the art BI tools (e.g., in-
memory analytics capability) to achieve faster data pro-
cessing of, business intelligence to help making strategic 
decisions [11], [47] at the right time.  To facilitate busi-
nesses to make right time decisions a series of new tech-
nologies have emerged.  In this article, we will cover lat-
est database and business intelligence technologies. 

2 LITERATURE REVIEW 
In today’s data-driven business decision making envi-
ronment data warehousing and business intelligence play 
a significant role and are dependent on each other [12].  
Data warehousing is deemed one of the six physical ca-
pability clusters of IT-infrastructure [51].  Data warehous-
ing has been a research topic for the last two decades [5], 
[22], [28], [43], [52]. Business intelligence is also gaining 
growing significance [23], [49] over the last one decade.  
Data warehouse maintenance [37], implementation [33] 
and best practices have been explored [53], [30].  Re-
searchers and practitioners have written papers on busi-
ness intelligence design [20], [39], [9], [38], [54].  BI tools 
[14], [41], [48] have flourished significantly. 
 

In business organizations the data volume has been in-
creasing significantly every year.  Data warehouse users 
express concern about slowness of access to time-critical 
data [45].  This has been putting continuous pressure on 
IT departments to improve performance [25] and efficien-
cy of IT infrastructures.  There is a strong correlation be-
tween information technology capability and organiza-
tional agility [24].  To speed up ETL processing in data 
warehousing Tank et al. [45] suggest techniques to join 
operations and data aggregation.  Allen & Parsons [2] 
propose adjusting and reusing existing queries to help 
improve performance of data warehouse data retrieval 
process.   

Chen et al. [10] state that business intelligence and ana-
lytics has emerged as an important area of study to solve 
data viewing related issues with both ‘normal’ and big 
data in business organizations.  Watson et al. [50] empha-
sizes that “to be successful with real-time BI, organiza-
tions must overcome both organizational and technical 
challenges.” Business organizations need to adopt emerg-
ing technologies to overcome technical and performance 
issues with traditional tools.  The real-time BI helps in 
making right time business decisions which in turn al-
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lows for potential increase of revenues [50]. 
Ramakrishnan et al. [34] examines how external pressures 
influence the relationship between an organization's 
business intelligence (BI) data collection strategy and the 
purpose for which BI is implemented.  Steiger [42] asserts 
that “BI techniques can be applied to knowledge creation 
as an enabling technology.” 

In this article, we show the latest technologies that 
emerged in data warehousing, BI, big data analytics and 
in cloud computing, and how they help support faster 
decision making.  These technologies help in decreasing 
latency in data warehouse refreshes and without impact-
ing performance and resources consumption [31].  These 
technologies allow for achieving maximum benefits in 
terms of efficiency, revenue generation and cost avoid-
ance. 

3 PARALLEL PROCESSING DBMS AS EMERGING 

TECHNOLOGY 
A very few companies have a parallel processing data 

warehousing architecture. Lately, other DBMS companies 
have been trying to implement similar kinds of technolo-
gy.  As we see tremendous data growth in medium to 
large companies, current commercial databases encounter 
huge amounts of data that need to be processed in load-
ing and business intelligence purposes.  Most of the 
commercial databases are not capable of processing mil-
lions of rows within a few seconds to support business 
intelligence decision making.  Parallel processing archi-
tecture of DBMS is the right technology towards that en-
deavor. 

In this article, we provide an overview of a parallel 
processing architecture of a commercial DBMS.  Figure 2 
shows the parser engine (PE) at the top of hierarchy.  The 
parser of the PE parses and optimizes SQL requests and 
then dispatches the optimized plan to AMPs over 
BYNET.  After SQL request is processed the query results 
are returned back to the requesting user via the BYNET.  
The BYNET loosely couples Symmetric Multiprocessing 
(SMP) nodes in a multi-node system.  There are two net-
work links for each node.  The AMPs and PEs send and 
receive messages using BYNET.  It provides communica-
tion path among nodes.  It merges SQL answer sets back 
to PE.  The BYNET enables parallelism. 

 

Fig.  2: A Parallel Processing DBMS. 
 

In a parallel processing DBMS architecture a large 
number of individual access module processors (AMP) 
are used.  The AMPs in DBMS work in parallel.  This is 
also called shared nothing architecture.  The data of a 
table does not get stored into a single AMP and instead is 
distributed across all AMPs.  A hash algorithm decides 
which record to go to which AMP based on primary in-
dex (PI) of the table and during data retrieval all required 
AMPs participate in the data retrieval process based on a 
SQL query.  That is how a parallel processing DBMS 
maintains parallelism during both data store and retrieval 
processes.  The data access module processor (AMP) 
stores and retrieves the distributed data in parallel.  In 
data retrieval process each AMP is only responsible for 
the rows it stores.  A particular AMP cannot pull rows 
that belong to a different AMP.  As far as the AMPs are 
concerned, it owns all of the rows.  The AMPs cannot ac-
cess each other’s data due to shared nothing architecture.  
The AMPs are designed to work in parallel and return the 
request results in the shortest possible time. 

In SQL writing the ETL programmers must make sure 
that their SQL takes the parallel processing architecture of 
DBMS into consideration.  Parallel processing database 
system is a key technology to adopt in handling large 
volumes of data when loading data warehouses as well as 
retrieving data from data warehouses for business intelli-
gence purposes using reporting and data mining tools. 

4 EMERGING TECHNOLOGY IN BIG DATA 
Big data refers to dataset, which conventional DBMS 

cannot store, manage, or analyze.  So big data is not lim-
ited to analytics [35], instead, big data enables collection, 
storing, organization and retrieval of information, which 
in turn enables analyzing and sharing.  All of these activi-
ties pose great challenges when dealing with large data 
volumes in a variety of formats.  Data comes from many 
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sources including sensors embedded in processes, sys-
tems consisting of operational data, images, videos, doc-
uments, mobile devices, and the Internet.   Social media is 
also contributing to the explosion of data in the environ-
ment as people post and share information about them-
selves and their preferences, businesses are quick to capi-
talize on that data.  While organizations have been en-
countering large volumes of data for years, the exponen-
tial growth of data combined with new technologies (e.g. 
mobile devices and social media) has resulted in a need 
for better ways to organize and analyze the information.  
With the maturity of computing technology, processing 
power, and other data processing and BI tools, organiza-
tions are able to take advantage of big data to provide 
greater insights while assessing new business opportuni-
ties resulting in better decision making.  Studies show 
that organizations that adopt data-driven decision mak-
ing have been successful in increasing productivity 5-6% 
higher than competition [27].  Big data is used to empow-
er organizations to improve their predictive capabilities 
[35].   
 

 
Fig.  3: Big Data with emphasis on 5 V’s [46]. 
 

Big Data is identified by five factors - volume, velocity, 
variety, veracity and value.  As the name says big data 
references an enormous amount of data which cannot be 
handled by conventional database systems and associated 
tools.  Given the volume of data, it has become important 
to have the capability of receiving, processing and storing 
data faster (velocity).  Big data is also refers to data that 
comes from many sources and in different formats (varie-
ty).  The data is unstructured (more than 90%), semi 
structured and structured.  This unstructured nature of 
data invalidates conventional database systems, which 
are meant for managing structured data.  As data is most-
ly unstructured data consistency issue comes into picture 
(veracity).  Again, that is due to the nature of source data 
(mostly unstructured).  Business finds value as long as 
there is traceability and data processing is done by fol-
lowing some processes.  With regards to the characteris-
tic, business organizations find business opportunity in 
big data.  One good example is predictive analytics using 
big data.  Big data system provides capabilities for ana-

lyzing a greater breadth and depth of data [46]. 
The big data challenge compels computer scientists, 

programmers, and information technology professionals 
to come up with a new paradigm.  It is about a complete 
set of new technology, tools and techniques to receive 
large volume of data, process them, organize, store and 
display.  There are several technological advancements 
that have recently occurred which effectively deal with 5 
V’s of big data.  HBase database has emerged as a column 
oriented database scaling to billions of rows.  To handle 
large volume of data open source framework, Hadoop 
provides a distributed file system (HDFS).  To process 
large volume of data MapReduce is used for parallel 
computation on server clusters.  Thus big data is distrib-
uted and a small portion of data resides on each node.  
This is shared nothing architecture.  Each node possesses 
its own autonomic unit of CPU, RAM and storage.  Not 
much data movement is needed as the processing occurs 
where data resides.  MapReduce allows lower cost pro-
cessing of massive data.  Hive provides capability of data 
warehouse with SQL-like access.  On the data mining 
front Mahout provides a library of machine learning and 
data mining algorithms.  Sqoop is used to import data 
from relational databases.  Zookeeper tool is used as a 
configuration management and coordination.  From big 
data capable database systems there are a couple of new 
database systems including Hbase and in-memory data-
base. Parallel processing DBMS is best suited for big data 
because it has parallel processing architecture. 

Business organizations have been conducting a variety 
of test cases using big data to prove usefulness and fulfill 
business needs.  In one of our test cases we faced compu-
ting and scalability issue with existing technologies (da-
tabase and other applications) in comparing all pairs of a 
few million proteins.  This search and comparison activi-
ties overburdened the conventional database tables.  Later 
we needed to do this comparison between 20 million pro-
teins.  We realized that this cannot be accomplished with 
existing technology.  Here, Big Data technologies come 
into picture – Hadoop, Map Reduce, Hbase, Hive, etc.  
Our experiments show that big data technologies has to 
do the said comparison and analysis by reducing the pro-
cessing time from days to hours.  Another use case was 
about dealing with medical monitoring data to improve 
patient outcomes.  “The patients routinely are connected 
to equipment that continuously monitors vital signs, such 
as blood pressure, heart rate and temperature.  The 
equipment issues an alert when any vital sign goes out of 
the normal range, prompting hospital staff to take action 
immediately.  The use case result is an early warning that 
gives caregivers the ability to proactively deal with poten-
tial complications, such as detecting infections in prema-
ture infants up to 24 hours before they exhibit symptoms” 
[46].  We conducted another use case to come up with a 
smart traffic intelligence system, a predictive analytics 
using Hadoop technologies.  The challenge was to ana-
lyze city traffic data to derive statistics for crime preven-
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tion, information sharing, and predictive traffic analysis.  
By using real time traffic data predictive analytics was 
performed.  The big data technologies helped with gener-
ating automated queries for traffic violation, data mining 
of fake licenses in a minute based on data captured for a 
week.  This has improved the predictive traffic forecast-
ing capability of city authority. 

Chandramouly & Stinson [8] provide an architectural 
overview of big data solution that allows for effective use 
of BI tools to run business with operational efficiency and 
competitive advantage.  While big data holds hidden in-
formation, business analysts need to read or view that 
business information using some analytical and visualiza-
tion tools [21].  Heer and Kandel [17] suggest some inter-
active analysis tools for big data to empower data ana-
lysts to formulate and assess hypothesis in a rapid man-
ner.  To make meaningful information from big data, vis-
ualization matters.  Visualization of data helps us to un-
derstand data, see patterns, spot trends and detect outli-
ers [16].  Heer and Shneiderman [18] emphasize several 
visualization techniques of big data.  They propose a tax-
onomy of interactive dynamics for visual analysis consist-
ing of data view specification, view manipulation and 
processes. 

5 IN-MEMORY ANALYTICS IN BUSINESS 

INTELLIGENCE AND DBMS 
In-memory data processing is a very new technology 

that has recently emerged.  It’s been used in both data-
base and business intelligence space. In-memory has sev-
eral key performance benefits [13]: dramatic performance 
improvements; cost-effective alternative to data ware-
houses; discover new insights; and connect insight with 
action. 
 

 
Fig.  4: Capabilities of In-Memory Analytics [13]. 
 

  One leading BI company [13] provides several capa-
bilities with in-memory analytics.  These include read and 
write capabilities; centrally managed data, business hier-
archies, rules and calculations; empower business users to 
analyze any combination of data; high impact visualiza-
tions; extend and transform excel; designed for modern 
64 bit architectures; and easy to install and easy to use.  A 
leading ERP company has come up with in-memory da-
tabase technology which provides better performance of 
analytics and transactional applications. The in-memory 
database is being positioned to handle big data in terms 
of several terabytes of data in memory for analytical pur-

poses.   
Some leading commercial database companies have 

launched its in-memory database and business analytics 
technology.  Their in-Memory machine features an opti-
mized BI foundation suite and its ‘TimesTen’ In-Memory 
database.  The BI Foundation takes “advantage of large 
memory, processors, concurrency, storage, networking, 
kernel, and system configuration of the exalytics hard-
ware.  This optimization results in better query respon-
siveness, higher user scalability” [27]. 

6 DATA WAREHOUSING AND BI WITH CLOUD 

COMPUTING 
Data warehousing projects are very expensive.  Nor-

mally medium to large companies maintain their own 
data warehouse.  On the other hand, companies of all 
sizes have data growing over the years.  Data warehouse 
and BI on the cloud have opened the door for all sizes of 
companies to use these technologies.  The Cloud is trans-
forming the economics of BI and opening up many new 
possibilities for organizations of all sizes [47].  With 
cloud, business organizations will find it relatively easy to 
fund data warehousing projects given the low cost and no 
maintenance involved.  For cloud-based data warehous-
ing long term capital expenditures is not needed.  Busi-
nesses can pay for cloud service on a weekly, monthly or 
pay per service basis.  Cloud data warehousing and BI 
will allow business organizations to conduct more short-
term ad-hoc analysis.  Building an organization’s own 
data warehouse takes a long time to set up infrastructure 
and line up resources.  With cloud individual business 
organizations do not have to worry about infrastructure 
and logistics.  With cloud technology it takes a few hours 
or days to get an initial data warehouse created.  Cloud-
based data warehouse is economically suitable for sand-
box kind of development and testing as well as short-
lived projects.  Cloud-based analytic databases will ena-
ble small companies to warehouse and analyze a large 
volume of data even though their BI budgets and staff are 
much smaller than larger enterprises.  On the other hand, 
analytic SaaS market will develop faster [19]. Amazon is 
the leading provider of cloud services.  All leading com-
mercial database companies have teamed up with a lead-
ing cloud provider to run their databases on the cloud 
platform (Amazon EC2). 

Cloud service providers provide both public and pri-
vate cloud services.  Given that most of the business or-
ganizations have financial and other mission critical data, 
using public cloud is not considered the best choice as 
public cloud is shared by multiple parties sharing the 
same network, server, software and hardware.  Data se-
curity is the biggest concern.  While cloud provides finan-
cial advantage, concern about security data and restrict-
ing access to limited individuals grows as data is stored 
outside company firewalls on external clouds, therefore 
industry experts often suggest using private cloud from 
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the standpoint of data security.  They also suggest using 
multiple layers of data protection (e.g., password encryp-
tion) and the higher levels of security [4] to ensure com-
pliance requirements of individual business organiza-
tions.  Another limiting factor of external public clouds is 
the difficulty in transferring large volumes of data over 
the internet to external clouds for storage.  Many small 
companies today which are forced to use public clouds 
for financial reasons are resorting to shipping hard drives 
full of data via overnight shipping companies in order to 
transfer huge volumes of data to the cloud. 

As emerging technology, a leading cloud provider re-
cently announced a new cloud-based data warehousing 
and BI tool [7].  This service provides service in big data 
analytics as well.  The customers can pay per service basis 
to make it affordable to small and medium-sized busi-
nesses [26].  The data warehouse companies are already 
on the market [4] with cloud-based data warehouse ap-
pliance offering.  So with the offering of cloud-based data 
warehousing and BI technology by these leading compa-
nies, the adoption of data warehousing and BI should 
expand much faster [19]. 

It is clear that with the advent of big data, business 
professionals need better, more efficient ways of consum-
ing that data.  The goal is to use the information gleaned 
from big data to make better business decisions faster, 
thus improving velocity and ultimately, profitability. 

7 ADVANCED ANALYTICS 
The buzz over advanced Analytics in the business 

world came about when companies started showing off 
dashboards full of visually appealing controls and 
splashy colors.  While the initial reaction was one of ex-
citement concerns over form and function soon surfaced.  
Expertise in creating and maintaining these dashboards 
was scarce and expensive.  Further, many of the early 
advanced analytics dashboards were little more than 
flashy displays which did little to enhance business deci-
sions.  As a result usage metrics were upside down, with 
initial metrics showing many uses per day, trending 
down to a point where 6 months later no one was view-
ing the dashboard at all.  Clearly, many early advanced 
analytics implementations where the result of marketing 
hype and failed to deliver the promised business value. 

Today, many people are starting to use the terms ad-
vanced analytics and big data interchangeably.  This is 
because the realization has set in that the goal of ad-
vanced analytics is, and should be, to make better busi-
ness decisions faster.  In order to achieve this goal two 
things are required, those being: (1) Timely access to rele-
vant data which has been cleansed, processed and format-
ted for rapid access. (2) A presentation layer which allows 
business professionals to, at a glance, identifies patterns 
and trends in order to react with appropriate decisions. 

In a simple example at a recent conference a presenta-
tion layer company displayed a 20 x 20 matrix of charac-

ters and asked participants to count the number of letter 
‘a’ s.  On the next slide participants were asked to do the 
same thing, with the letter ‘a’s highlighted in red.  Con-
sider the tables below and the difference is obvious: 
 

 
Fig.  5: Matrix of Characters. 
 

So we can think of advanced analytics as being ena-
bled by big data technologies and similarly we realize 
that big data is dependent on advanced analytics in order 
for business professionals to be able to consume and ap-
ply the information that big data provide.  The goal of 
analytics is to traverse huge amount of data, seeking pat-
terns which can be used to develop business opportuni-
ties.  Previously this kind of work was done by statisti-
cians using data mining tools.  Today there is a prolifera-
tion of tools which allow trained professionals to sample, 
chart, analyze and report on data.  This has given rise to a 
new type of job, the data scientist.  These professionals 
are charged with the responsibility of creating structure 
and order out of the chaos that can accompany huge vol-
umes of data. 

Data Scientists organize data using rules.  They define 
data quality and implement rules which cleanse data.  
They also set prescriptive guidance such that data falling 
outside of defined boundaries trigger alters which cause 
people to investigate.  Initial application of these rules has 
fallen on fraud detection and remediation.  It is clear that 
there are numerous uses of these actives however.  Shop-
ping basket analysis is another clear winner here.  Once it 
is noticed that people or businesses who buy product X 
often are interested in product Y then directed marketing 
can target individuals who are most likely to consume a 
product or service.   

Shopping basket analysis examples illustrate a shift in 
the focus of business intelligence.  In the past most forms 
of analytics were backward looking.  What happened in 
the recent past and how does that compare happenings 
farther in the past and so on.  With the advances in hard-
ware and big data software business users can now look 
at patterns and trends as they occur, giving rise to real 
time business intelligence.  This allows businesses to use 
techniques such as Predictive Churn analysis to identify 
vulnerable customers before they move to a competitor’s 
products or services and win them back before they are 
even gone. 

One of the most important outcomes of the conver-
gence of big data and advanced analytics is that big data 
can reduce or even eliminate the need to use “sampling” 
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when doing data mining.  Sampling involves using only a 
portion of the data to analyze and predict and results in a 
type of error called bias.  With big data technology cou-
pled with hardware and software performance improve-
ments data mining can now be run against entire data 
sets rather than a sample resulting in much more accurate 
prescriptive analytics and therefore the best possible 
business decisions. 

Many companies in the market have taken advantage 
of new advances in technology to allow two phases of 
data warehousing using Big Data.  One is called the infi-
nite store, typically a noSQLdatabase which uses file sys-
tem storage.  This gives virtually unlimited capacity at 
low cost.  Companies are coupling this infinite store with 
and “instant store” which holds relevant information in 
memory.  By using solid state devices, enhanced search 
and retrieval algorithms as well as the latest processor 
technologies retrievals which previously took 20 to 30 
minutes can be accomplished in less than a second.   The-
se advances in technology are allowing business people to 
make data driven decisions on a near real time basis. 

The typical business user accesses information in order 
to make informed decisions.  It is critical that the volume 
of data which reaches the end users device is reduced to 
what is needed and relevant.  One of the tenants of big 
data is to host not only detail but also aggregate, or pro-
cessed data.  Detailed data is processed into aggregates 
and those aggregates are what get transmitted to the 
presentation layer.  Thus a salesman can pull out a phone 
or a tablet and select a customer and get information such 
as year to date sales by product category and time be-
tween orders as they reach the customer site.  They can 
then use that information to suggest to the customer that 
they may be nearly out of certain items which have not 
been ordered recently.  Similarly they might compare this 
customer’s year to date purchases with that of last years 
and notice a change in pattern which may trigger them to 
make suggestions or ask questions.  Placing these kinds of 
data tools into the hands of the sales force is necessary in 
today’s business climate. 

8 PRESENTATION LAYER FORM FACTORS 
Modern technology allows information to be presented 

and consumed on a myriad of devices.  This is a stark 
contrast to a world even 5 years ago where almost all 
business data was presented and consumed on comput-
ers.  Clearly today this is not the case.  In today’s envi-
ronment people are using phones as “pocket computers.” 
They are using tablets, notebook computers, desktop 
computers, and displays in their cars and even television 
monitors to access information as well as entertainment.  
In fact, with the advent of social media the line between 
data and entertainment has blurred.  Where once we had 
a clear distinction between computers used for viewing 
columns and rows of data and televisions used for view-
ing moving pictures today we find a multitude of devices 

which can be used for either purpose at any given point 
in time.  Further, many of today’s “visualizations” in-
volve animation (e.g. bubble charts). Data sources are 
omnipresent; everything from intranets to the internet to 
the cloud puts petabytes of data within reach of us all.  
Companies have responded to the opportunities provid-
ed by the onslaught of new devices by releasing software 
which extends their Advanced Analytics presentation 
layer software to mobile devices.  Today, many compa-
nies offer options which will deploy the same interface to 
computers, tablets and phones.  Thus traditional users 
and mobile users can access the same information and 
view and interact with it in the same format regardless of 
their location or the device at hand. 

This evolution of devices has led to a corresponding 
revolution in software engineering.  Requirements today 
are very different than they were even a few years ago.  
Hand held devices are often more powerful than comput-
ers of yesterday.  As a result computers are used less and 
less, while devices such as tables are omnipresent, at con-
ferences, in the office, in the home and in the hands of the 
sales force.  Users require interfaces such that the behav-
ior of the interface is largely the same regardless of the 
device being used.  This requirement is answered with 
something called the “app store.”  Each major device 
manufacturer has an app store.  Similarly companies have 
internal app stores for their proprietary applications.  De-
velopers build applications in provider agnostic lan-
guages such as Java and HTML5.  They can then upload 
the raw application to different app stores for different 
devices and they will be compiled and work correctly 
across applications.  These same applications can also 
usually be hosted on a web page.  Thus users have access 
to the same data in the same format on their lap top, their 
phone, their tablet, their desktop computer and also often 
their gaming device as well as their television. 

With the proliferation of devices come increased secu-
rity concerns.  Hand held devices are designed to be able 
to broadcast information using technologies such as blue 
tooth because they are communication devices.  Therefore 
applications which are secure on the web may or may not 
be on a hand held device.  Also differences between de-
vice manufactures mean different app stores which re-
sults in the same application being more secured on some 
devices as compared to others.  Users are concerned and 
with good reason.  Businesses are even more alarmed 
because not only is the information transmitted to or from 
a device over the airwaves less secure but the devices 
themselves are easily, and therefore frequently, lost or 
stolen.  A whole host of products and services are offered 
on the market to address these information security con-
cerns.  These concerns do present a barrier to entry when 
it comes to sensitive organizational data. 

9 BUSINESS INTELLIGENCE IN MOBILE 
Recent advancements in mobile devices have had a 
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positive impact in the business intelligence field.  Indus-
try surveys show that mobile BI is gaining popularity.  
According to a recent survey, “24% of enterprises already 
use or are piloting mobile BI applications, while 37% are 
considering mobile BI for near-term implementations” 
[44].  In another survey it was observed that “87% of the 
respondents reported that they planned to use a mobile 
device to help make purchasing decisions during holiday 
shopping” [29].   The trend of computer-based reports is 
changing with the emergence of Business Intelligence 
system applications that run on mobile devices, such as 
smart-phones and tablet computers [6].  The Gartner re-
search findings indicate that one third of BI functionality 
will be consumed through hand-held devices.  With the 
growing popularity of the tablet, the adoption rate of mo-
bile BI is expected to soar [36].  The proliferation of apps 
which run on multiple devices (phone, tablets computers) 
has allowed access to BI information at anywhere and 
anytime.  These devices have downloading capabilities 
faster than expected due to the proliferation of cloud 
based technologies.  Additionally, touch-screens have 
improved the user experience [19].  All these speak for 
business intelligence in the Mobile era as opposed to 
desktop-based business intelligence.  The corresponding 
increase in mobile data traffic based on the explosion of 
BI on mobile devices is startling: 
 

 
Fig.  6: Global Mobile Data Traffic Forecast. 
 

Robb [36] reports that the top ten mobile intelligence 
apps.  All of this application operates on iPhone, iPad, 
Blackberry, and Windows Mobile.  Each offers several 
great features. Some of these mobile applications have the 
ability to navigate through displays with interactive 
graphs, tables and charts. Some other mobile architecture 
provides data visualization to mobile devices. Some com-
panies offer bundled server software that integrates with 
most BI platforms and data warehouses.  Some of the BI 
companies’ Mobile architecture extends graphs, grids, 
enterprise reports and information dashboards and its 
features also include out-of-the-box integration with 
Google maps [36]. 

With the advent of smart phone and tablets the Mobile 
Decision Support System (MDSS) has emerged as a new 

decision support system in this early 21st century.  
Haghighi suggests that MDSS can be beneficial to applica-
tion domains where critical decisions need to be made 
under time pressure and the decision-makers are on the 
move [15].  There are many industries that use the emerg-
ing mobile BI technologies.  These include mobile 
healthcare, emergency management, mobile commerce, 
education, mobile banking [15], purchase and selection 
decisions, and negotiations [29]. 

Many of these applications are game changers for the 
industries they serve.   For example health care has tradi-
tionally been provided by doctors meeting face to face 
with patients who travel whatever distance is necessary 
to see the doctor.  Today, companies such as Intel Corpo-
ration manufacture devices and suites of applications 
which allow medical technicians to meet with patients in 
remote settings.  Technology is used to connect the re-
mote setting with the doctor who is supplied with all of 
the information collected while simultaneous interacting 
with the patient.  The doctor can meet face to face with 
the patient while at the same timing use real time analyt-
ics to identify issues and potential resolutions.   

Another example is education.  Previously most aca-
demic materials were available only in printed media.  
Today we are seeing a major shift, especially with emerg-
ing nations providing content only in electronic form as 
printed books become obsolete due to expense and envi-
ronmental footprint.  This electronic media lends itself to 
automated search and retrieval, meaning students of to-
morrow will have limitless access to information and will 
need better and better tools to distill data down to rele-
vant information.  In addition, they will be accessing this 
electronic content more and more from alternative devic-
es (eBook readers, tablets, their cars and even phones). 

Traditional sales and service providers are also seeing 
their industries shift to embrace advanced analytics and 
near real time business intelligence.  Take for example the 
providers of in home video content.  Their predictive 
churn models can identify customers who fit into various 
categories of users who are likely to leave, allowing com-
panies to reach out to these customers to offer them bun-
dles of services at discounted prices which tempt the user 
to stay with the provider.  Other algorithms can deter-
mine the best way to reach out to the customer (printed 
materials, e-mail, a phone call, a text alert, et al). 

What if-scenario (e.g. write-back) are quickly becoming 
an integral part of advanced analytics.  Data retrieved 
from data warehouses contains the actual facts.  Often 
business people need to know what the result would be if 
key facts changed. Write-back analytics allow users to 
enter new facts in a what-if scenario and then rerun mod-
els to determine the impact of the change.  There is a need 
to save not only the parameters submitted for the what-if 
analysis but also the resultant model.  Many companies 
are offering this type of functionality out of the box. 
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10 CONCLUDING REMARKS 
In this article we explored the emerging technologies 

in data storage, retrieval as well as business intelligence 
and advanced analytics.  We also discussed the benefits of 
using these new technologies.  These emerging technolo-
gies and methods are and will continue to be steadily 
adopted and enhanced in the near future by business or-
ganizations.  Use of these new technologies in data ware-
housing and business intelligence will help organizations 
make strategic and tactical decisions at the right time and 
increase revenues.  Additionally these technologies are 
required in the existing market in order for companies to 
remain competitive.  Access to relevant and understanda-
ble information in our ever changing environment is 
clearly the only way to survive. 
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