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This paper is the basis for the creation of a research roadmap for Conquering Data
in Austria. It summarises techniques for Intelligent Data Analytics, presents applications in
which the analysis of data has the potential to generate significant value, discusses research
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Competence Landscape of Austria. Further information on this work is available online at
http://conqueringdata.at/
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1 Introduction
As the citizens of this digital world we generate
more than 200 exabytes of data each year. This
is equivalent to 20 million Libraries of Congress. According to Intel, each internet minute sees 100,000
tweets, 277,000 Facebook logins, 204 million email
exchanges, and more than 2 million search queries
fired [60]. Data artifacts are now primarily digital
and the need to digitise as a separate process is increasingly a phenomenon of the past as many devices
(e.g. cameras) produce digital information right out
of the box, tagged with extra information such as geocoordinates or social connections. The increasingly
wide use of sensors of all kinds leads to a flood of
machine-generated information, while improvements
in sensor technologies mean that this information
is usually at a higher spatial or temporal resolution
than was possible before. It is expected that as the
Internet of Things gains traction, previously datasilent devices and objects will also begin contributing
data. Looking at the scale at which data is being created, it is beyond the scope of a human’s capability
to process and analyse this data in order to obtain
insight to guide action or decision making. Hence
there is a clear need for automation [24].
There is no dearth of data for today’s enterprises.
On the contrary, they are mired in data and quite
deeply at that. Today, therefore, the focus is on
discovery, integration, exploitation and analysis of
this overwhelming information. Paramount is the
question of how all this (big) data should be analyzed
and put to work. Collecting data is not an end but
a means for doing something that hopefully proves
to be beneficial for the data owner, the business and
the society at large. But with huge amounts of data,
it is easy to find correlations that may not be related
in a causal way.
These changes have transformed our society and
keep on doing so. They trigger an entire array of
new questions and interesting challenges about how
society should handle this new opportunity and the
technology attached. Views on data have been dramatically transformed in just a few years. On the one
hand, people are comfortable with storing personal
data remotely and are willing to provide information
about their behavior on a regular and large scale. On
the other hand, there is rising concern about data
ownership, privacy and the dangers of data being
intercepted and potentially misused [18].
We take the position that effective Intelligent Data
Analytics has the potential to greatly benefit the Austrian society and economy and that it is essential

for a successful innovation economy to understand
how to effectively analyze such data resources. Nevertheless, there are still many challenges to overcome
from both a technological and societal point of view,
before Austria is ready to take full advantage of this
opportunity.
This position paper is the first step in the development of an Intelligent Data Analytics research
roadmap for Austria and forms the basis for further
discussion in workshops and interviews with stakeholders. During these workshops and interviews, the
applications and challenges discussed at a more international level in this paper will be made more
specific to the context in Austria.
We begin this paper with a definition of Intelligent
Data Analytics and list the techniques that fall into
this domain. We then summarise the application
areas in which Intelligent Data Analytics has made
an impact internationally or has the potential to
make an impact. The open issues and challenges
for Intelligent Data Analytics, particularly those in
which additional research is required, are listed and
discussed. Finally, we give an overview of the Intelligent Data Analytics Research and Development
(R&D) landscape in Austria.

2 Conquering Data with Intelligent
Data Analytics
The art of Conquering Data with Intelligent Systems
includes all areas of Research and Development in
Intelligent Data Analytics, the area including Data
Analytics and Intelligent Systems, that focus on computational, mathematical, statistical, cognitive, and
algorithmic techniques for modeling high dimensional
data with the ultimate goal of extracting meaning
from (raw) data. This requires methods ranging
from learning, inference, prediction, knowledge discovery and visualisation that are applicable on both
small and large volumes of mostly dynamic data
sets collected and integrated from multiple sources,
across multiple modalities. These methods and techniques trigger the need for assessment and evaluation: automated and by humans. Intelligent Data
Analytics enables automated hypothesis generation,
event correlation, and anomaly detection and helps
in explaining phenomena and inferring results that
would otherwise remain hidden [38]. Intelligent Data
Analytics is a cornerstone in modern Big Data, amplifying perhaps its most important aspect: Value.
We now focus on the techniques common to Intelligent Data Analytics. We have divided these tech-
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niques into four (interacting) groups: Search and
Analysis, Semantic Processing, Cognitive Systems and Prediction, and Visualisation and
Representation. In each of the following sections,
the techniques for each group are listed and briefly defined. Unless otherwise indicated, the definitions are
taken from Wikipedia, representing a broad consensus on the concept meaning. The list is refined and
grouped from the list presented in [42], but also based
on an analysis of the R&D in data analysis currently
undertaken in Austria. As is unavoidable with such
a taxonomy, the various techniques have different
scopes, with some, such as statistics, encompassing
a wide field, while others, such as natural language
processing, are much narrower in scope. There are,
of course, overlaps in the scopes. As the quantitative
evaluation of algorithm and system performance is
important, evaluation and benchmarking is also
discussed. Figure 1 presents a graphical overview
of these groups, along with the application areas
from Section 3. The techniques and their grouping
form the basis for the analysis of the Austrian R&D
landscape presented in Section 5.1. Hardware developments can contribute to speeding up processing
and reducing energy consumption — this topic is not
included in this analysis as it falls under a different
funding stream.

2.1 Search and Analysis

analysis, stereo vision (creating depth from pairs of
images), 3D vision (dealing with data acquired in
3D), document analysis, recognition of objects in
images and videos, and tracking of objects in videos.
Speech processing includes the acquisition, manipulation, storage, transfer and output of digital
speech signals. It is a special application of audio
signal processing, which is part of the broad field
of digital signal processing.
Process analysis involves analysing and comparing processes or workflows (e.g. business processes).
Network science is an interdisciplinary academic
field which studies complex networks such as telecommunication networks, computer networks, biological
networks, and social networks, leading to predictive
models of these phenomena.
In ubiquitous computing (or pervasive computing), computing is made to appear in any device, in any location, and in any format. Sensor
networks, spatially distributed autonomous sensors,
are a specific case of ubiquitous computing.
Information integration is the merging of information from heterogeneous sources with differing
conceptual and contextual representations. Information fusion involves the combination of information with the aim of reducing uncertainty.
Statistics is the study of the collection, organization, analysis and interpretation of data, including
the design of surveys and experiments. Statistical
techniques typically allow an estimation of the significance of relations between variables.
Data mining is the computational process of discovering previously unknown or interesting patterns,
interesting relationships (e.g. association rule mining) or groups (e.g. cluster analysis) in data sets.
Bioinformatics is an interdisciplinary field that
develops and improves on methods for storing, retrieving, organizing and analyzing biological data.
Digital preservation is the series of managed
activities (planning, resource allocation, and application of preservation methods and technologies) necessary to ensure continued access to digital materials
for as long as necessary.
Algorithmic efficiency refers to developing efficient algorithms able to process larger amounts of
data in a shorter time. It includes the development
of parallel algorithms, optimisation and grid
computing.

Search and Analysis is the domain of searching and
analyzing multimodal data (text, image, audio and
voice, and video), and the aggregation and fusion
of such multimodal data streams in real time. The
results of the analysis range from preparing the data
for further semantic processing or as input for cognitive systems, to discovering interesting patterns or
relationships in the data.
Search (or Information Retrieval) is the activity of obtaining information resources relevant to
an information need from a collection of information resources. Searches can be based on metadata
or on full-text (or other content-based) indexing.
The features used in search algorithms are generally specific to the modality being indexed, leading to text search, image search, music search
and video/multimedia search. Web search is currently the most visible application of search.
Computer vision is a field that includes methods
for acquiring, processing and analyzing images and,
2.2 Semantic Processing
in general, high-dimensional data from the real world
in order to produce numerical or symbolic informa- Semantic Processing adds structure and “meaning”
tion. It includes a wide range of sub-fields: image to data, whilst making it accessible for machine learn-
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Figure 1: Relationship of Intelligent Data Analytics techniques and application domains.

learn or model a relationship between input data and
output variables on existing data, and then predict
the value of the output variables given input data.
Prediction techniques have been placed into this
group, as they are often inspired by cognitive systems,
but are also used in analysis, semantic processing
and visualisation.
Machine learning concerns the construction and
study of systems that can learn from data. Machine
learning is related to pattern recognition and
makes use of algorithms such as neural networks,
ensemble learning and genetic algorithms.
Computational neuroscience is the study of
brain function in terms of the information processing
properties of the structures that make up the nervous
system [22]. It is distinct from machine learning in
that it emphasises descriptions of functional and
biologically realistic neurons (and neural systems)
2.3 Cognitive Systems and Prediction
and their physiology and dynamics.
Cognitive Systems transform data into knowledge
Reasoning uses deductive logic and inference on
structures and act on it in ways inspired by the machine-readable descriptions of content (e.g. in
human mind and intellect. Prediction techniques the Semantic Web) to allow computers to perform

ing methods and large scale automatic processing.
Information extraction is the task of automatically extracting structured information from unstructured and/or semi-structured machine-readable
documents or other content.
Knowledge engineering is the process of integrating knowledge into computer systems in order
to solve complex problems normally requiring a high
level of human expertise [26].
The Semantic Web aims at the creation of a
“web of data” by encouraging the inclusion of semantic
content in web pages, allowing users to find, share,
and combine information more easily.
Natural Language Processing uses algorithms
to analyze human natural language [42]. It also
includes the area of sentiment analysis.
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automated information gathering and research.
Recommender systems predict the rating or
preference that a user would give to an item (e.g.
a book), using a model built from the characteristics of an item (content-based approaches) and/or
the user’s social environment (collaborative filtering
approaches) [54].
A decision-support system is an interactive system intended to help decision makers compile useful
information from a mix of raw data, documents, and
personal knowledge, or business models to identify
and solve problems and make decisions.
A simulation aims to model the behaviour of a
particular (complex) system, and then “runs” the
model to explore, forecast, predict and gain new
insights.
Crowdsourcing creates a large cognitive system
by using a group of online people to obtain data or
complete a task .
A brain-computer-interface (BCI) is a direct
communication pathway between the brain and an
external device. The availability of inexpensive BCIs
opens the possibility to obtain new information from
people interacting with a computer, while leading to
the generation of large amounts of data.

2.5 Evaluation and Benchmarking
All types of algorithms above need to be evaluated
or benchmarked in order for their suitability of purpose to be quantitatively measured, and hence to
assist in the choice of a good algorithm for a given
practical problem. Algorithms can be evaluated individually or as systems of multiple algorithms. It
is usually difficult to impossible to extrapolate from
the performance of individual algorithms to the performance of a system using these algorithms, due
to dependencies between the algorithms. Empirical
evaluation looks only at the performance of the algorithm or system without human intervention, while
user-centred evaluation measures the performance
of an algorithm or system while being used by an
end-user. Many methodologies exist for evaluation,
and methods from statistics are commonly used to
estimate the significance of the results obtained.

3 Intelligent Data Analytics
Applications

Austrian companies focus on a range of economic
areas. For the position paper, we reviewed some of
these areas with respect to how they currently handle
2.4 Visualisation and Representation
and use Intelligent Data Analytics for Conquering
Visualisation creates a human-accessible interface to Data. We chose an international viewpoint to provide
Data Analytics. It supports exploring and under- a more holistic overview to the reader.
standing data more easily (especially when volumes
grow) and helps discovering patterns, thus making 3.1 Commerce and Retail
data more accessible for specialists and, most importantly, the general public. Non-visual representations Business Intelligence analyses data collected by an organisation with the aim of transforming it into useful
are also possible.
Visualisation is any technique for creating im- and actionable information. While business intelliages, diagrams, or animations to communicate a mes- gence activities have existed for many decades, the
sage. Areas of interest for Data Analytics include way of analysing the data has been changing recently
scientific visualisation, information visualisa- due to the transformation from having to actively
collect data to being faced by a flood of potentially
tion and knowledge visualisation.
Visual analytics focuses on human interaction relevant data. Competitive intelligence is related to
with visualisation systems as part of a larger process business intelligence, focusing on the environment of
operation, in particular on the competitors, but also
of data analysis.
Rendering is the process of generating an im- on customer requirements in general, the economic
age from a model by means of computer programs. environment, etc.
One of the first areas to took advantage of Data
Of particular interest for Data Analytics is volume
rendering, a set of techniques used to display a 2D Analytics at a large scale was the stock market, where
high speed algorithmic trading has made some forprojection of a 3D discretely sampled data set.
Sonification is the use of non-speech audio to con- tunes, although the impact of such trading on stock
vey information or perceptualise data [40]. Auditory market crashes is under debate [57].
perception has advantages in temporal, amplitude,
Data Analytics is having a significant effect on
and frequency resolution as an alternative or com- retail [42]. Through online available data, consumers
plement to visualisation techniques.
have improved means to compare products in terms
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of features and prices, often in real time. This results in increased price transparency, and allows
the customers to put pressure on prices. Available
data is growing also on the retailer side, not least
by recording customer transactions and operations,
product tracking, and customer behaviour and sentiment. Retailers make increasingly informed decisions by mining customer data. For example, online retailers can use recommender systems to offer
customers products matched to their tastes. In a
real-world shop, consumer behaviour may be tracked
by video-surveillance systems, allowing the retailer
to improve store layout, product mix and shelf positioning. Other examples of Data Analytics in the
retail sector are the use of mobile device generated
data to display profile-based advertisements targeted
to nearby customers and the use of weather and social media information to adjust offer and pricing to
trends.
Companies with large R&D investments apply
Data Analytics methods to scientific publications
and, in particular, patents to create state-of-the-art
technology landscapes to support decisions to invest
in research and product development.

3.2 Manufacturing and Logistics
Manufacturing traditionally generates large data sets.
This phenomenon has developed even further in recent years to having collected almost 2 exabytes of
data in 2010 alone [42] and is continuously growing
at the speed of RFID tags sold1 Data is mostly used
to ensure quality and efficiency in the production
process.
Based on these large data sets, analytics has also
become a long-standing tradition in manufacturing.
Harding, in [35], summarises research in analytics2
that dates back to the mid-80s and distinguishes
the areas of Manufacturing Systems, Fault Detection, Engineering Design, Quality, Decision Support,
Customer Relationship Management (CRM), Maintenance, Scheduling, Layout Design, Concurrent Engineering, Shop Floor Control, Resource Planning
and Material Properties.
These areas remain relevant, although categories
and names may have changed. More importantly,
Data Analytics has to be reviewed in the new light of
big data with more information available and more
dynamic ways of combining and processing them. IT
systems have to manage data that is increasingly
1

RFID tag sales are projected to rise from 12 million pieces
to 209 billion between 2011 and 2021 according to [42].
2
In the paper Data Analytics is referred to as data mining.

more complex and interactive as manufacturers start
to better associate and integrate data from different sources, systems and formats from areas such
as computer-aided design and collaborative product
development management. Data is also increasingly
shared and integrated across organizational boundaries [42]. The McKinsey report forecasts the biggest
applications of big Data Analytics to be in R&D,
supply chain, and production functions and therefore closes the cycle with Harding’s summary with a
modern touch. What is new is the more collaborative
use and the social aspect of data that can enhance
the entire product lifecycle by better integrating the
customer and by combining into a better whole.

3.3 Transportation and Travel
The travel and transportation industry faces challenges and opportunities as the economy moves into
an information age [23]. Travel and transportation
companies are facing many of the same challenges and
opportunities as other business segments in terms
of managing risk, enhancing the customer experience, and ensuring operational excellence. The need
to balance cost, product/service quality/safety, and
customer service is particularly important for travel
and transportation companies because these businesses are undergoing a fundamental shift. For these
“service businesses”, the importance of quality and
customer satisfaction has never been questioned, but
they are seeing a change from “product-related services” to “information-related services”.
As the industry evolves and becomes more complex, the amount of data to be handled, in particular
real-time and near real-time data, is growing. New
technical, organizational, process, and decision management frameworks will be required to cope with
the volume of data generated across the industry
[25]. This includes applications such as: price optimization for the transportation and travel industry
commodities (e.g. airplane seats); offer personalisation based on customer purchasing history and
preferences; efficient booking and travel management
for corporations and organizations; human resource
optimisation (e.g. matching call centre operators to
customers based on personality attributes); financial performance management and the evaluation of
capital investments, including carefully monitoring
employee and customer satisfaction and promoting
customer loyalty.
Data Analytics of primarily large volume, unstructured data plays a vital role in delivering a more
efficient and tailored travel experience with benefits
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to both travel companies and travelers alike. These
benefits range from better decision support, new
products and services over better customer relationships, to cheaper and faster data processing.
Parts of the travel and transportation industry
have been using information technology for decades;
a consequence of this is that key data is often fragmented across multiple functions and units. Integrating this information is difficult and often fraught
with privacy issues. Furthermore, the real-time IT architectures used by many travel industry companies
cannot run on Hadoop or other open-source environments; called TPF for Transaction Processing
Facility, they were developed by IBM in the 1960s
and 70s, and have been refined ever since.

3.4 Tourism and Hospitality
Tourists leave digital traces on the Web and through
interactions with mobile technologies. The resulting
data is not only massive but also multidimensional
(e.g. movements through space and time) and requires new approaches for storage, access, and analytics [33]. This increasing amount of structured
and unstructured data and the availability of Data
Analytics technologies are changing the theory and
practice of hospitality and tourism businesses. Companies are using Data Analytics technologies to anticipate customer needs, rewrite how they meet customer expectations, redefine customer engagement,
and achieve new levels of customer satisfaction. In
the end this creates a new basis for the award of customer loyalty. The hospitality and tourism business
is about “selling experiences” and about “expectations”. If fundamental expectations are not being
met, it detracts from what the experience could be
and negates the type of delight that a customer could
have. In a commoditised marketplace, differentiation
is about being able to build on basic transportation,
accommodation, and destination services to offer a
variety of personalised customer interactions. Current developments in Data Analytics make high-class
experience possible on a mass market basis.
Companies in the hospitality and tourism domain
are required to look outside their enterprises for critical information; to base operations on both internal
and external data resources; to leverage data as they
relate to customers moving through space and time;
and to not so much measure customer satisfaction
and respond to complaints as to design, implement
and assess entire customer travel experiences.
Data Analytics suggest that the future may belong
to those firms best able to shape and deliver the con-

sumer travel experience. In doing so, advantage may
go to companies with the longest history in offering
hospitality and tourism services. Other industries
have shown, however, that in a digital world, past
success is no guarantee of future business growth
and vitality. Identifying preferences and affinities
may become as important to travel and hospitality
companies seeking customer loyalty as being able to
provide these services themselves [10].

3.5 Healthcare
The healthcare sector consists of many stakeholders,
including the pharmaceutical and medical products
industries, healthcare providers, health insurers and
patients. Each generates pools of data, which have
typically remained disconnected [42]. The amount of
information to analyse in the health sector is growing
rapidly. Medical imaging devices produce data ever
more rapidly and at increasing resolution — It is
estimated that medical images of all kinds will soon
amount to 30% of all data storage [6]. The cost of
sequencing a human genome has already dropped
below US$1000, and the increasing ease of extracting further -omics data (proteomics, metabolomics,
epigenomics, ...) will also increase the amount of
data to be processed.
There is a substantial opportunity to create value
if these pools of data can be digitised, combined and
used effectively [42], especially through so-called secondary use of this information (uses beyond providing
direct health care). The following are some of the
ways in which the use Data Analytics in health can
lead to significant savings in health care expenditure
[42]: Comparative Effectiveness Research predicts
which treatments work best for which patients based
on analysis of extensive patient and outcome data;
Clinical Decision Support Systems can automatically
mine the literature to suggest courses of action based
on a patient’s record; Remote Patient Monitoring
for chronically ill patients reduces the frequency of
hospital visits; Predictive Modelling can lead to more
efficient and effective drug development by making
predictions of optimal drug R&D paths based on
aggregated research data; and Personalised Medicine
takes a patient’s genetic information into account to
provide tailored treatment.
Difficulties to overcome while implementing effective solutions in the healthcare sector include the
fact that many medical records are still either handwritten, or in digital formats that are not useful,
such as scanned versions of handwritten records [48].
Furthermore, many issues with privacy and security
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related to the secondary use of health information
need to be solved, although the opinion has been
expressed that it is in fact “in some cases unethical,
to store [population-based data] without installing
mechanisms to allow access and publication in appropriate and useful ways” [28]. Currently, the pharmaceutical industry is under pressure to release all
of the experimental data obtained during the clinical
trials of medication that they have conducted.

years, do real-time data analysis on social networks
to watch news about companies, to evaluate prices
and opinion trends, or to do damage control, the
data being fed into predictive models of economic
forecasts or trading data. Continuously changing
regulatory and compliance requirements lead to the
need of better analysis algorithms that move towards
better risk reporting and improved transparency.

3.7 Public Sector and Government
3.6 Finance and Insurance
Financial institutions have large volumes of custom
data at their disposal, most of it from storing the
details of every transaction performed within the
bank’s business or information systems [61]. Many
traditional systems store this data for years without
being able to analyse it. In the last years, though,
financial institutions recognised the competitive advantage they can gain when making use of the information they store on their customers. A recent IBM
study [61] identified a 97% increase in the number of
financial companies that have gained competitive advantages using Data Analytics in the last two years.
Fraud detection is a flagship of big Data Analytics
in the finance and insurance industry. Adding more
layers of security to the financial transactions, like additional verification requests, or temporary account
blocks is one avenue to take towards better financial crime prevention. These measures, though, may
alienate customers, even when they do accept various
amounts of surveillance of their financial activities
in exchange for some degree of peace of mind. This
emphasizes the importance of employing complex algorithms to detect frauds as fraudsters are more data
and technical savvy and, at the same time, access to
financial products is diversified to new channels (via
smart phones, computers, branches). At the global
level, PayPal was one of the first to use complex
fraud detection algorithms. In Austria, paysafecard,
for example, successfully introduced last year the use
of big Data Analytics solutions to be able to respond
in real-time to transaction requests and to recognise
patterns of fraud attempts.
For both commerce institutions and banks, with
plenty of customer data (derived from, e.g., credit
card transactions), and insurance companies, with
less frequent customer interactions [19], predictive
models based on data analysis enrich the customer
experience and improve the communication relevancy
between financial institutions and customers.
Financial institutions make use of their internal
data (collected by the institution) and, in the recent

The benefits of using advanced analytics in the government and public sector are increased efficiency
and transparency. Two classic examples of government services are tax and labor agencies. The main
activities of tax agencies include managing submissions, organizing examinations, administering collections, and providing services to the taxpayer. Labor
agencies perform market and consumer analysis, as
well as provision and management of employment
services and benefits. Optimizing these processes
with interconnected data sets and more powerful
data analytic tools has advantages for both citizens
and governments. The citizens’ advantages include
shorter paper trails (data does not have to be restated), which lead to fewer errors and faster results.
The government can collect taxes more efficiently
and minimise the so-called “tax gap”—the difference
between what taxpayers owe the government and
what they pay voluntarily. Powerful data analytic
tools can help speed up retrieving relevant offers and
matching them with the profile of the job seeker.
At the European level, the public sector could
reduce administrative costs by 15 to 20 percent and
create an equivalent of e150 billion to e300 billion in
additional value [42]. A recent report of the British
Policy Exchange initiative [65] projects that £16 to
£33 billion of extra value could be generated per
year for Britain when using Data Analytics correctly.
Administrative data in the public sector is primarily textual or numerical. This means that they generally deal with smaller data sets than other branches
such as the health sector described in section 3.5. The
McKinsey study [42] found that the increase in digital data creation in the public sector administration
is also due to the many successful e-government initiatives from the last 15 years. Public sector agencies,
however, are often inefficient in publicizing their data
and communicating them internally to colleagues, citizens and businesses. Inconsistent data formats and
input protocols create additional difficulties. Digital data is not moved electronically but with old
technology (e.g. fax, CDs, post). Strict policies

page 8 of 24

Conquering Data: The State of Play in Intelligent Data Analytics
and additional legal restrictions often also prevent
sharing and using data for advanced analysis.
In Austria, essential steps were taken towards a
more efficient public sector. Bundesrechenzentrum
GmbH has been awarded the 2012 EuroCloud Europe
Award for its E-Gov Portal Services. The City of
Vienna provides much of its data as part of the Open
Government Initiative so that companies can develop
applications that ease daily life.

3.8 Education
The education sector is another potential beneficiary
of Data Analytics in the near future. Educational
Data Mining [15] uses data analysis focused on developing methods to explore data from educational settings to better understand students and their learning
environments. Methods are applied from data mining
and machine learning, statistics, information visualisation, and computational modeling. The theme
is still largely a research topic that aims to model
students — especially individual differences, domain
knowledge, collaboration behavior and pedagogical
support (as for example administered by learning software). There is initial evidence of integrating these
methods with existing educational systems such as
Moodle [55] with potential for dramatic change in
the educational landscape of the future.

3.9 Telecommunications
Telecommunication providers traditionally work with
large data sets. With five billion mobile phones
in active use in 2010 [42], one can only imagine
how much data is stored and available on a daily
basis. Every time a customer makes a call, texts
somebody or uses the internet, there is an activity
log. Even when the phone is just left alone, there is
information about approximate positioning to nearby
cell antennas, not to mention the much more precise
GPS information. Information was rich even before
Big Data was a term and a topic. Hence it comes as
no surprise that telecommunication providers have
largely recognised the need for Data Analytics at
the center of their business model and participate
more strongly in the movement than other businesses.
Unlike other types of businesses, they focus more
strongly on the real-time aspects of data, and less
on the large volume of the data, probably because
large data volumes were part of their business model
long before Big Data existed. In [42], it is found that
communication businesses focus on the customer as
the main objective for their big data analytics efforts,

but that they are at a pilot stage and use their
internal, pre-existing data sources.

3.10 Energy and Utilities
The energy and utility industry, applying latest smart
metering and smart grid technologies, now has the
capability to record information about consumption
and production of energy in much higher resolution.
Whereas meter recordings used to be done manually
on a monthly basis (or even less frequently), modern
meters now record constantly on a 15-Minute basis.
96 million readings per day, for every 100 million
meters, results in a 3000 fold increase in data volume
and adds a big data component to the energy and
utility business. As a result, it is now possible to
better understand the usage pattern of customers,
to find out how well they respond to price changes,
to better segment them and, with this information,
provide services to help customers understand their
own usage pattern better and help them save energy.
In addition, energy grids become more “intelligent”
and adaptive to fast changes and (locally) increased
and reduced power demands.
Ecova, an energy and sustainability management
company, evaluated its Energy Data Warehouse and
revealed interesting trends in its clients’ energy consumption, trends published in a recent report. In
just four years, between 2008 to 2012, energy consumption across the US dropped by nearly 9%. They
also found that water prices increased by 30%. This
report is just one example of how Data Analytics
already starts informing us about the large-scale
transformations in our society.

3.11 Law and Law Enforcement
This area is related to the government and public
sector as described in Section 3.7. Traditionally, a
police department collects millions of service calls,
archives thousands of reports in combination with
months of audio and video recordings. Data Analytics helps explore and explain crime statistics much
better when combined with additional data sources,
like locations of interesting objects (housing, businesses, ATMs and local events). In an experiment,
the police department in Santa Cruz, California, integrated data collected from 5000 crimes dating back
to 2006 and used it for predictive crime forecast [47].
An algorithm predicted the features of certain crimes
(e.g. location, time) based on past crimes, and deployed officers before the crimes were supposed to
happen. Even though some might feel reminded of
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Hollywood’s ‘Minority Report’, the first round of experimentation lowered new crime by up to 11%. The
use of Data Analytics to prevent crime, also called
Predictive Policing, is gaining some attention in the
US. In [45] the crime recording process is enhanced
with data mining techniques that assist the crime
prediction process, e.g. clustering, classification, deviation detection, social network analysis, entity extraction, association rule mining, string comparison
and sequential pattern mining.
Such techniques can help to better understand and
differentiate the districts of a town. Police officers can
be assigned more efficiently based on such findings to
improve crime prevention. Concurrent data analysis
can be the decision support for strengthening or
reducing the force when necessary in a timely manner.
It transforms the re-assignment of officers into a
dynamic and data-driven process in comparison to
one that is based entirely on the perception and
the experience of seniors. This allows policing to
become more accountable, prevents power abuse and
improves the living quality of entire neighbourhoods
on an informed basis.
Due to the significant increase in the amount of
written information that must be searched in legal
proceedings, “it is becoming prohibitively expensive
for lawyers even to search through information” [51].
This is leading to advances in the field of eDiscovery,
which are being noticed in the US court system, for
example, in the case Victor Stanley, Inc. v. Creative Pipe, Inc., 250 F.R.D. 251 (D. Md. 2008), the
court proceedings mention that “there is a growing
body of literature that highlights the risks associated
with conducting an unreliable or inadequate keyword
search,” and mention work done in the TREC (Text
REtrieval Conference) evaluation campaign.

3.12 eScience
Science is moving into a new, data-intensive computing era that has been called the fourth paradigm
for science [36], brought about both by the increasing capacity to generate data and to process data.
Terabyte-sized data sets are now common in earth
and space sciences, physics and genomics [43]. But
smaller datasets are also making an impact, for example the digitisation of extensive cultural heritage,
which allows analyses at an unprecedented scale in
the humanities [34].
The European Commission Report Riding the
Wave [6] lists the requirements and challenges in
creating e-Infrastructures that will allow the practice
of eScience. These e-Infrastructures should contain

a generic set of tools that support the full range of
data activities: capture, data validation, curation,
analysis, and ultimately permanent archiving [36].
The e-Infrastructure should allow interoperability
between data from different sources, facilitate access
by researchers to the data, but also control access
to sensitive data. Incentives should be created to
encourage researchers to contribute data to the eInfrastructure, while financial models are required to
ensure the sustainability of e-Infrastructures. Finally,
amateur scientists or citizen scientists have already
made significant contributions to scientific data collection and data analysis (e.g. solving protein folding
puzzles and scanning through astronomical images),
and methods to involve them in eScience would be
constructive. The European Union Framework 7 eInfrastructure programme supported the creation of
e-Infrastructures, and projects have been funded in
research areas including physics, astronomy, earth
sciences, biology, seismology and agriculture.
Beyond the opportunities offered by eInfrastructures,
scientific communication is
also changing. Although publishers have adopted
technologies such as the web and pdf documents, it
is largely true that “the current scholarly communication system is nothing but a scanned copy of
the paper-based system” [62]. Due to the volume of
scientific papers published, augmenting the papers
with machine-readable meta-data encoding key findings and the literature citations could allow efficient
data mining to, for example, identify promising
avenues of research. For detailed descriptions of
experiments, the myExperiment platform allows
sharing of computational workflow descriptions. A
proposal for an ICT-based system, incorporating
these concepts and more, to revolutionise scholarly
communication and hence create an innovation
accelerator is presented in [63].

3.13 Further Application Areas
We briefly discuss some additional application areas,
in order to give a wider picture of the capabilities and
opportunities that come with using Data Analytics
on large quantities of data.
Sports. Since many years, sensors in racing cars
are used to read tire pressure and temperature, oil
temperature, brakes, etc. To give drivers an edge on
winning a race real-time data analysis is employed to
take decisions on the driver’s course of action during
a race [39]. Sport teams turn to Big Data to evaluate
players, analyse strategies or past games.
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Media and Entertainment. In [42, p. 10], this
sector is listed as being less capable of capturing the
value of big data by lacking relevant skills and having a less data-driven mind set. Interestingly, at the
same time, this area is one of the most IT intensive.
Others [49] recognise the benefits the entertainment
industry has had from the digitization of media. The
main barriers in making the most out of the entertainment data are the siloed organizational structures,
disconnected cross-functional and multi-business unit
processes [49]. The strategies taken to increase the
companies’ competitiveness use Data Analytics and
Big Data algorithms to manage customer experience,
consolidate the hardware systems management to
address the multitude of devices, services and networks currently in use, or develop new, on-demand
delivery business and consumer products.
Gaming. The competitive and growing gaming
industry is driven by two key factors today: lifting
the top line through better understanding of the
customer and efficiently managing the bottom line
through operational excellence. Superior data-driven
applications at the frontline of the business, both on
the customer-facing aspects as well as internal operations, can provide a competitive advantage to gaming
companies and help them meet their revenue growth
and operational efficiency goals. This can be enabled
by fast and rich analysis of large volumes of data
that gaming companies, both online and land-based,
gathered about their customers and their operations.
These data volumes are exponentially growing as
companies employ more sophisticated tracking of
their customers, capturing each individual interaction at the most granular level. Such detailed data
related to the customer’s behavior and preferences,
if analyzed quickly, can provide invaluable customer
insights that can help gaming companies effectively
segment their customers, identify the high potential customers, and execute customer relationship
strategies that would help maximise their revenue.
Similarly, the ability to analyze fresh operational
data efficiently can reduce costs and plug revenue
leakage caused by issues such as game and payment
fraud [5]. Through loyalty programs companies understand the behavior patterns borne out in hundreds
of thousands of interactions per day [7].
Real estate. Commercial or residential, publicly
owned or private, real estate is a beneficiary of the
use of Data Analytics. Facility managers use past
utility readings from digital sensors to analyse and
predict future energy consumption, plan their estate improvements, etc. Real estate brokers can
create better, personalised marketing offers based on

real-estate search engine logs, past sale data, neighbourhood crime rates, public transport connectivity.
Building inspection and construction authorities can
also tap into Data Analytics algorithms and effectively use their rich body of real estate documents on
which development plan decisions are based. Other
stakeholders in this domain are banks (marketing
mortgages), insurance companies, investors and housing companies.
Agriculture. Farming has changed drastically in
the last 50 years. Smartphones, portable computers,
RFID tags on livestock, and other environmental
sensors are nowadays used to collect agricultural information, which is then consolidated with, for example, climate data and market conditions, provided by
public and private institutions, help farmers do their
business planning [17]. Opportunities of Data Analytics in agriculture include higher efficiency, reduced
machine operation costs, better crop productivity,
healthier livestock with impacts on food safety and
environment.
Defence and Intelligence. Modern defence systems must nowadays collect more information than
ever. Defence and intelligence agencies are in need
of efficient real-time big data solutions to correctly
identify and respond to possible threats. The nature of the new threats is changing to have a cyber
dimension, e.g. attacks on national infrastructure
networks, economic institutions, financial systems,
etc. To counter these threats, the industry must
provide safer ICT products and big data analytical
methods. In Austria, several projects involving the
National Army have been started [11]. In the frame
of the Cyber Security Initiative founded in 2011 with
the aim to increase the awareness on IT security
issues, the Cyber Security Forum was opened this
year, a forum where decision makers can meet and
share experiences and solutions.

4 Challenges and Open Issues
This section presents an initial overview of important
open research challenges in the Intelligent Data Analytics area. It covers not only technical challenges
related to conquering the data, but also challenges to
be faced in a wider legal or societal framework. The
challenges will be extended and further developed
through input received from an online questionnaire,
workshops with researchers and interviews with stakeholders.
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4.1 Privacy and Security
Privacy is the selective ability of individuals or groups
to withhold themselves or information about themselves entirely or in part3 . Often, individual privacy
is related to anonymity: information that does not
allow a person to be identified. Security, on the
other hand, “is the practice of defending information
from unauthorised access, use, disclosure, disruption,
modification, perusal, inspection, recording or destruction4 ” and generally covers more technological
aspects such as encryption in storage, transmission
and access control (e.g. authentication). Security can
be used to protect privacy by, for example, encrypting sensitive information. However, security could
also breach privacy, for example when a company
stores copies of personal data in multiple geographical locations for increased security [20]. A recent
paper from the Cloud Security Alliance presents the
top ten Big Data security and privacy challenges [4].
Privacy concerns increase with high data volumes
and advanced analytics applications. Whereas some
sectors have established regulations (e.g. the health
sector about sharing health records electronically),
others rely far too often on inconsistent and unstable
company policies paired with very general privacy
laws that have not been updated to match the new
technological landscape. One of the most powerful
and comprehensive legal efforts toward privacy regulation today is the EU Data Protection Directive.
It regulates the processing of personal data within
the European Union. In January 2012, the European Commission unveiled a draft of the European
General Data Protection Regulation that will supersede the Data Protection Directive. The directive
extends the scope of the EU data protection law to
all foreign businesses that process data of Europeans.
Violations are punished severely. This propagates European data privacy beyond Europe with a potential
to further standardise privacy efforts internationally.
This effort, however, does not quite meet the current technological state with high data volumes, highfrequency and multi-source recording, and advanced
data analytics that may exploit all these properties.
In such a context, previously law-abiding anonymised
data sets can be used to reindentify people and draw
the entire legal effort into jeopardy. One of the most
notorious cases in the past is AOL Research that
published twenty million search queries for 650,000
3

Paraphrased from http://en.wikipedia.org/wiki/
Privacy
4
http://www.en.wikipedia.org/wiki/Information_
security

users of the AOL’s search engine, summarizing three
months of search activity in 2006 [46]. User names
and IP numbers were suppressed in an effort to
anonymise the data set. However, AOL decided
to maintain the connection between queries by assigning unique user identifiers to enable research on
the data set. Soon thereafter, it was discovered that
people could be re-identified from the anonymous
data based on what people searched for and on the
personal information included in the search query
(e.g. names and places). Perhaps the most disturbing
fact was that no advanced data analysis was needed
to discover very private and potentially harmful information about individuals5 . This risk naturally
increases with bigger data sets and better tools.
Another issue is that some types of information
are very easy to exploit for re-identification (e.g.
user location) and at the same time are required for
an entire category of services that we all like (e.g.
location-based services). A malicious location-based
service can infer the identity of the query source from
collecting a sequence of locations and then finally
associating this “anonymous” user to a residence or
an office building. At this point, the user has lost
the anonymity and is exposed. Several other types
of surprisingly private information such as health
issues (e.g., presence in a cancer treatment center)
or religious preferences (e.g., presence in a church)
can also be revealed by just observing anonymous
users’ movement and usage pattern over time. It has
been shown that there is a close correlation between
people’s identities and their movement patterns [31].
This paralyses almost everything that currently exists in terms of data privacy law and calls for revision
and the need to address these issues both legally and
technologically. We do not yet know how to share
private data in a way that ensures sufficient data
utility in the shared data while limiting disclosure
or protecting anonymity. The existing paradigm of
differential privacy is a very important step in the
right direction, but it unfortunately reduces information content too far in order to be useful in most
practical cases. In addition, real data is not static
but increases and changes over time; none of the prevailing techniques result in any useful content being
released in this scenario. Yet another very important direction is to rethink security for information
sharing in Big Data use cases. Many online services
today require us to share private information (think
of Facebook applications), but beyond record-level
5
One of the re-identified users was a woman who extensively searched for ways to kill her husband.
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access control we do not understand the implications
of sharing data, how the shared data can be linked,
and how to give users fine-grained control over this
sharing [13].
Accumulo, infamously known for its use in the
NSA PRISM project, is ironically one of the few
tools that includes security in its core. The tool is
based on the BigTable framework by Google, and
built on top of Apache Hadoop. One of Accumulo’s
strengths is finding connections among seemingly
unrelated data sets. Accumulo’s major feature is a
security filter that operates at the cell level unlike
HBase or Cassandra. Each data cell can carry a
range of security labels that need to be satisfied at
query time. This allows data with divergent security
clearance to be stored in the same table and the
cell can still be controlled with respect to a security
policy on a large, distributed scale with many users
and many simultaneous tasks.

4.2 Algorithm and Data Issues
Algorithms play an essential part in every phase of
Intelligent Data Analytics. From deciding which
pieces of data to store, and in which format, to
extracting the right information supporting a business decision, algorithms are involved at every step.
As Intelligent Data Analytics is a highly interdisciplinary field which adopts methods and aspects from
other research fields, the set of algorithm types available to choose from is large and varied (Section 2).
The choice of (sets of) algorithms has to be done
depending on the kind of insights sought for the issues of interest, issues to which existing or incoming
data might provide answers. At a high level, these
algorithms can be split into two categories: data acquisition and data processing or analysis. This split
is often not clear, with many algorithmic solutions
integrating both.
One of the main challenges observed in Intelligent
Data Analytics relates to the data fed into the analytical processes. Algorithms have to deal with
data that is dynamic (like financial market data);
or is multimodal, combining different types of information (text, photos, audio); is unstructured or
semi-structured, potentially written in natural language (where nuance useful to humans complicates
machine processing); or is simply extremely large,
where the data is not all of equal value and sieving
through it to get any insight is still an issue. This
heterogeneity and incompleteness is a major challenge [13]. For many tasks that require reporting
carried out by humans, it is usually more efficient to

collect unstructured or semi-structured data rather
than imposing a completely structured reporting format. It is also important for algorithms to be able
to deal with missing data, and to take into account
potentially systematically missing values that could
lead to a skewing of results. Data cleaning and error
correction algorithms are useful for countering these
problems, but are usually not infallible. Among the
currently most popular approaches to overcome the
problem of scale, we mention parallel algorithms [21]
to split the workload among several computing units,
extracting representative samples of data to reduce
the computing workload [59], streaming algorithms
that process the data as it is collected [30], where
the data is unknown before execution. Observing
how data is generated and collected we expect that
future solution implementations will use adaptable
algorithms. Changes in data format and representations, in hardware used, etc. are very likely, therefore
algorithms should be designed having in mind that
the context in which they are used may change.
It is generally a requirement that, as the amount
of data to be processed increases, the algorithms’
output is given in a reasonable and useful amount of
time. Though not explicitly mentioned, this translates not only into speed requirements for algorithms
but also into lower energy usage requirements (green
computing), leading to lower costs. What is ‘reasonable’ depends very much on the kind of task given to
the data analysis tools. For example, understanding
what a customer’s goals were up to a given point in
time is not as urgent as deciding what products to
display in side ads at the moment a customer browses
an online shop, but the former crucially influences
the latter [16]. Research into creating better methods to analyze and extract knowledge from large and
massive data repositories is rich with improvements
and novel ideas (see for example [12, 27]).
It is mentioned in [13] that it is no longer sufficient to rely on processors getting faster according to
Moore’s law to cope with increasing volumes of data
— data volume is now scaling faster than compute
resources. Due to power constraints, processor clock
speeds are no longer increasing significantly, but processors are being built with increasing numbers of
cores. Parallel data processing techniques are needed,
but techniques developed for inter-node parallelism
don’t directly apply for intra-node parallelism due
to the different architecture. Parallelism for multiple
nodes each with multiple cores adds another layer of
complexity. Cloud computing introduces extensive
sharing of resources, and requires new ways of determining how to run and execute data processing
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cost-effectively through system-driven optimization
of the program execution. Finally, as hard disk drives
are being replaced by solid state drives, and with
new storage technologies expected in the near future,
data processing algorithms will no longer be faced
with a large spread in performance between sequential and random I/O performance, with implications
for the design of many algorithms.

4.3 Evaluation
As is clear from Section 2, there are many algorithms
and techniques available for Intelligent Data Analytics. This means that there are usually multiple ways
to solve a problem, and it is usually not immediately
clear from the beginning which combination of algorithms and techniques will produce the optimal
solution. Whether the optimal solution is found can
often depend on the aptitudes and skills of the people
solving the problem.
Kaggle (http://kaggle.com) takes advantage of
the dependence on aptitude and skills by crowdsourcing solutions to data analytics problems. Companies
post data and associated problems as competitions
on the Kaggle platform, and anybody can submit
solutions to the problems. Incentives include prize
money, fame (people winning multiple competitions
are promoted on the Kaggle main page), and occasionally employment offers.
In the academic community, the emphasis has
been more on removing the human influence on solutions by careful benchmarking of algorithms. An
important tool in achieving this is the organisation
of evaluation campaigns, also known as challenges,
benchmarks or competitions. Such events are common, for example, in Information Retrieval [64] and
Machine Learning [52]. In such events, the organisers
make available data and associated tasks, and solutions are submitted, usually by academic researchers
and, occasionally, by industrial research labs. The
main aim of these events is an in-depth analysis of
the behaviour of the algorithms submitted in order
to advance scientific knowledge, and winning plays a
subordinate role.
One of the longest running evaluation campaigns
is TREC, the Text REtrieval Conference, which is
organised by the National Institute of Standard and
Technology (NIST) in the USA, and has been running since 1992. A recent independent study of the
economic impact of TREC [56] came to the conclusion that “for every $1 that NIST and its partners
invested in TREC, at least $3.35 to $5.07 in benefits
accrued to [Information Retrieval] researchers,” as

more efficient and effective experimentation could be
done due to, amongst other benefits, the availability
of shared datasets and evaluation methodologies. At
present, work is being done to update the way in
which evaluation campaigns are carried out, allowing,
for example, the use of larger datasets and real-time
evaluation independent of a cycle of workshops.
This can be seen as work towards increasing the reproducibility of experimental results in the computational sciences, in order to overcome concerns about
their reliability [29]. The work underway ranges
from presenting the case for open computer programs
[37], through creating infrastructures to allow reproducible computational research [29] to considerations
about the legal licensing and copyright frameworks
for computational research [58].

4.4 Data Ownership and Open Data
The problems faced when talking about data ownership are illustrated in a 2003 Information Management column by D. Loshin [41]. It starts from the
definition of ownership and lists different paradigms
in which potentially different entities may have rightful claims to ownership: Creator, Enterprise, Funder, Decoder, Packager, Subject (e.g. the person
in the photograph), and Purchaser. The different
paradigms are partially a result of the distinction
between two types of data: those related to individual physical persons and those not related. The
spectrum is defined by the relatedness parameter.
For the general public, data ownership is tightly
related to personal data protection, while for the
professional public, it has a stronger link to CyberSecurity. As such, the two aspects, data protection
and cyber-security can be seen as two sides of the
same coin, and this has been observed by the EU
Justice Commissioner in a recent speech before the
NATO Parliamentary Assembly [53]. Overall, the
regulatory issues are now being re-considered across
the world, as evidenced by the two new proposed
directives of the EC mentioned above, the relatively
controversial Cyber Intelligence Sharing and Protection Act (CISPA) in the US, and a recent study
covering 63 jurisdictions [9].
The matter of data ownership is difficult because
data can be changed in unforeseeable ways, at which
point it may be considered new data and rightfully
assigned new ownership. However, the precise point
at which processed data becomes new data is unclear.
One definition, related to data ownership, is based
on the possibility or impossibility to re-generate the
original data from the “new” data. However, the
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notorious AOL search log data release incident [14]
(also mentioned in Section 4.1) showed that original
data may be reconstructed given sufficient external
data, outside the control of the owner. The issue is
complicated beyond the means of this report. A short
report of current problems from a legal perspective
was recently published in [32].
Finally, it is worth noting that ownership of data,
as in the case of some physical objects, is not only a
set of rights, but also a set of responsibilities. Owning data, selling, licensing, making it available for
processing, to generate new data implies a statement
of quality or integrity. The consumer estimates these
properties by an implicit or explicit credibility assessment of the input data and, in the face of large
or complex data, automatic tools may need to be
developed to assist the consumer in this assessment.

4.5 Data Curation and Preservation
Data constitutes an enormous investment and value.
This is growing as data is being reused in metastudies or repurposed and integrated with other
sources across domains. This requires measures to be
taken to ensure that the investment made into data
is made sustainable by ensuring long-term data availability via appropriate data curation. This is also
essential to support verification of decisions made
based on data, or to allow re-evaluation of older data
with newer models. Beyond the mere challenge of
redundantly and securely storing vast amounts of
data in distributed settings, which poses significant
engineering challenges, there are numerous unsolved
issues that require significant research to tackle.
With the value of data having been recognised,
most research institutions are currently developing
data management policies, while most research proposals need to provide a data management plan. Currently, many data management policies are not connected to operational procedures, and most plans
are simply text stating intentions with no means
of enforcement, monitoring and verification. Methods need to be devised to consistently document
the policies and steps in a machine-readable and
machine-actionable manner, or it will be impossible
to scale up data curation operations to meet the
requirements posed by the massive amounts of data
in an enormous variety of styles and formats [2]. Process management plans go further than just the data,
and allow the data context to be captured. This
should ensure that essential components of this context, such as specific processing steps, can be kept
operational over longer periods of time [50]. This

requires completely new machine-actionable models
of process management plans [44].
Data citation allows persistent links to be established between data sets and result presentations.
Several approaches for assigning persistent identifiers
(PIDs) to support data citation have been proposed
[8, 1]. Current approaches do not support citation
of arbitrary subsets in a machine-processable way
and provide only limited support for dynamic data.
Finally, for data to remain useable and useful, we
need to be able to read and interpret it in an authentic manner over time. This raises specific challenges
on two levels: the logical (format) and semantic (interpretation). As formats evolve and older formats
lose their support, tools need to be developed that
efficiently and as far as possible losslessly transform
these data and move them into newer data repositories. At the semantic level, data changes its meaning
as terminology evolves. Ensuring correct and authentic interpretation across data sets collected over
longer periods of time will require novel means of (automatic) data annotation. This includes all aspects
of data collection and processing (e.g. characteristics
of physical sensors or of data collection techniques),
to interpretation aspects encoded in transformations,
filtering and appraisal decisions taken. Furthermore,
terminology needs to be developed to capture data
semantics in a machine-processable manner [3].

4.6 Qualified Personnel
According to the McKinsey report [42], there are
three types of talent required to take full advantage
of Intelligent Data Analytics: deep analytical talent
— people with technical skills capable of integrating
and analyzing data to derive insights; data-savvy
managers and analysts who have the skills to be effective consumers of data insights, i.e., capable of
posing the right questions for analysis, interpreting
and challenging the results, and making appropriate
decisions; and supporting technology personnel who
develop, implement, and maintain the hardware and
software tools such as databases and analytic programs needed. Although this report looked at the
requirements from the view of the industry, a recent
paper in Nature [43] pointed out that for the growing
area of eScience, a new breed of researcher equally
familiar with science and advanced computing is required. Such a researcher would also be expected to
have deep analytical talent.
The people with deep analytical talent have been
given the name of data scientists. According to
Wikipedia, a data scientist has the task of extracting
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meaning from data, and, in order to be capable of
doing this, should master techniques and theories
from many fields, including mathematics, statistics,
data engineering, pattern recognition and learning,
advanced computing, visualisation, uncertainty modeling, data warehousing, and high performance computing.
McKinsey [42] estimates, based on 2008 figures,
that there will be a shortage in the USA of 140,000–
190,000 people with deep analytical talent by 2018.
In 2008, it is estimated that 24,730 students with
deep analytical skills graduated in the USA, while
in Austria in 2008, the estimate is that 370 such
students graduated. It is likely that the US will
continue to rely partly on immigration to cover their
talent shortage in this area, increasing the pressure
on countries that tend to export talent. As developing deep analytic skills requires mathematical aptitude and extensive training, it will take time to
increase the rate of production of data scientists, and
universities should consider creating the necessary
interdisciplinary degree programmes to achieve this.
Efforts are already being made to increase the attractiveness of this career option with headlines such as
“Data Scientist: The Sexiest Job of the 21st Century”
(Harvard Business Review, October 2012).
McKinsey [42] also predict that there will be a
shortage of 1.5 million data-savvy managers and analysts in the USA in 2018, and hence also likely in
other countries. The level of training and mathematical aptitude for this group is lower than for the deep
analytical talent, but these people need enough conceptual knowledge and quantitative skills to be able
to frame and interpret analyses in an effective way.
Filling this gap requires enhancing relevant university curricula with Intelligent Data Analytics courses,
but also training the existing workforce again.

tions to Intelligent Data Analytics challenges for
clients; and end users — companies with data and
challenges to be solved by Intelligent Data Analytics.

5.1 Research Landscape
For the universities, research groups working in the
areas of Intelligent Data Analytics or a related area
were identified through a manual analysis of the
university websites. For each potentially relevant research group, a list of all publications of the leading
researchers (professors and associate professors) was
extracted from the DBLP Computer Science Bibliography6 , under the assumption that these leading
researchers are usually co-authors on the majority of
papers published by a research group. The titles of
all publications were extracted and tokenised, and a
count of the word occurrence over all publication titles allowed the main research foci to be determined.
This was complemented by a short perusal of the
research group web page. For research institutes,
more emphasis was placed on obtaining the research
foci from the web pages, due to a usually smaller
number of publications. The Universities of Applied
Science are currently not included in the list, due to
their larger emphasis on teaching — it is however
planned to include relevant Universities of Applied
Science in the final study report.
Two visualisations of the data obtained are presented. For Table 2, all research groups are clustered
by their host organisation, and their research foci are
classified into the groups listed in Section 2, leading
to a matrix showing the Intelligent Data Analytics
research competences available in the Austrian universities and research centres. The colours indicate
the province, according to the legend in Table 1.
While it is clear that all groups evaluate their algorithms, the evaluation column indicates groups that

5 Austrian Intelligent Data
Analytics Competence
Landscape
This section summarises the Austrian Intelligent
Data Analytics competence landscape. As with other
aspects of this study, it will be extended through interaction and consultation with the Intelligent Data
Analytics community in Austria, and the final version will appear in the final study report. The Intelligent Data Analytics community is divided into
three groups: researchers in academia or research
institutes; service providers (often small and medium
enterprises) with the expertise to implement solu-

Table 1: Colour legend.
Colour

Meaning
Carinthia
Lower Austria
Styria
Salzburg
Tyrol
Upper Austria
Vienna
Company with headquarters
outside Austria

6

http://www.informatik.uni-trier.de/~ley/db/
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Table 2: Research foci of universities and research centres. Colour meanings are described in Table 1.
Search and Analysis

Visualisation

music search

video/multimedia search

computer vision

speech/audio processing

process analysis

network science

ubiquitous computing

info. integration/fusion

statistics

data mining

bioinformatics

digital preservation

algorithmic efficiency

information extraction

knowledge engineering

semantic web

natural language proc.

machine learning
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Figure 2: Publication titles word cloud for research groups working in data analysis in Austria.

have organised a larger-scale evaluation activity, such
as an evaluation campaign or challenge. Figure 2
shows a word cloud created by processing the words
in all publication titles extracted as described above
from all identified research groups. Interestingly, the
word occurring most in the titles is “using,” which
has been removed to allow a better distribution of
word sizes for the words more related to research
areas.

5.2 Service Providers
The service providers in the area of Intelligent Data
Analytics or a related area were identified through
desk research and the manual analysis of company
websites. The focus was on identifying and reviewing
Austrian companies. However, some large interna-

tional players active in the field of Intelligent Data
Analytics were reviewed as well. During this review,
we have i) identified the application domains and
industries the companies operate in and ii) tried
to elicit the technological foundations of their offerings. Table 4 summarises the result of the review
of the service providers. The service providers are
categorised according to their activities in the selected application domains. While Manufacturing
and Logistics, the Public Sector and Government,
Finance and Insurance as well as Transportation and
Travel are addressed by a rather large number of
providers, Tourism and Hospitality, Education as
well as Law are less prominently addressed by the
reviewed providers (see Table 3). A summary of the
technological foundations of the offerings of reviewed
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Table 3: Distribution of service providers across application domains.
Manufacturing & Logistics
Finance & Insurance
Transportation & Travel
Public Sector/Government
Healthcare
Commerce & Retail
Telecommunications
Energy & Utilities
eScience
Tourism & Hospitality
Education
Law Enforcement & Legal

28
24
23
23
17
17
17
14
14
7
6
4

service providers is given in Figure 3. The technological foundations are depicted as a tag cloud, which
was derived by collecting the technologies mentioned
in the context of the respective offering. A content
analytics tool (http://smartcoder.at/) was used
to pre-code and harmonise the technologies.

5.3 End Users
This study focusses on creating a Intelligent Data
Analytics research roadmap, so we have not created
a landscape of the end users of Intelligent Data Analytics solutions, apart from the broad contours of
the application landscape described in Section 3. A
further study focussing on the end users of Data Analytics solutions and big data has been commissioned.

6 Conclusion
This position paper provides a definition of the field
of Intelligent Data Analytics to be applied to the challenge of Conquering Data identified by the Austrian
Research Promotion Agency (FFG). It identifies the
techniques required for Conquering Data, divided
into four (interacting) groups: Search and Analysis,
Semantic Processing, Cognitive Systems and Prediction, and Visualisation and Representation. Evaluation and Benchmarking techniques are required in
all four groups. For each of the techniques, research
groups in Austria with relevant competencies were
identified. The five competencies represented in the
largest number of research organisations (universities
and research centres) in Austria are: statistics, ma-

chine learning, computer vision, semantic web and
knowledge engineering.
The most important Intelligent Data Analytics
application areas are summarised, and companies
in Austria providing solutions by applying Intelligent Data Analytics in these areas are identified.
The largest number of companies are applying Intelligent Data Analytics in the area of Manufacturing and Logistics, with the areas of Finance and
Insurance, Transportation and Travel, and Public
Sector/Government also being well covered.
Finally, important challenges in Intelligent Data
Analytics, both from a technological and societal
point of view, are identified. Technological challenges can be divided into: algorithmic challenges,
ensuring: that algorithms are able to effectively analyse the ever increasing amount of heterogeneous and
potentially incomplete data, that the capabilities of
the algorithms are well understood, and that the
analyses lead to sensible results; and data challenges,
ensuring that useful data is not lost and remains
accessible over time. Some challenges require legal
expertise, such as the questions on data ownership,
while privacy and security should be treated from
both the technological and societal sides — a legal
framework and corresponding technological capabilities to implement it are required. Finally, it is not
surprising that there is a predicted worldwide shortage of not only people with the training and expertise
to perform Intelligent Data Analytics, but also of
people capable of taking advantage of the potential
of Intelligent Data Analytics — relevant educational
measures are required to counter this prognosis.
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Figure 3: Technological foundations of offerings of service providers.
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