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ABSTRACT

Cloud computing is an evolving paradigm that has redefined the way information technology based services can
be offered. Storing big data is only part of the picture. Special techniques are needed to analyze big data in
cloud computing. Executives need to become familiar with the big data methodologies, adopt the technology
appropriate for their business, and ensure that employees develop skill with the technology. Data storage
techniques differ depending on whether the data are unstructured or structured. In this paper DAaaS is
introduced as another approach of aggregating data into clouds and analyze such data with the powerful
computational capacity of clouds. For handling big account of data like in tens of terabytes (TBs) or tens of
petabytes (PBs) , a new approach is required such as distributed data store and complex event processing which

are basic technologies for big data processing in cloud environments
Index Terms: Big Data, Daaas, Cloud Computing, ICT, RTAE. App Store.

I. INTRODUCTION

Data Analytics as a Service (DAaaS) represents the approach to an extensible platform that can provide cloud-
based analytical capabilities over a variety of industries and use cases. From a functional perspective, the
platform covers the end-to-end capabilities of an analytical solution, from data acquisition to end-user
visualization, reporting and interaction. Beyond this traditional functionality, it extends the usual approach with
innovative concepts, like Analytical Apps and a related Analytical Appstore.

Architecturally, and due to the intrinsic complexities of analytical processes, the implementation of DAaaS
represents an important set of challenges, as it is more similar to a flexible Platform as a Service (PaaS) solution
than a more fixed Software as a Service (SaaS) application. Aspects like the PaaS internal architecture, the
distinction between real-time vs. non real-time processing, the specific characteristics of the Analytic Services,
the needs for data storage and modeling, the delivery over hybrid cloud models and several others, make its

design a complex challenge.

11.BIG DATA PROCESSING IN CLOUD

Information and communication equipment and networks prices shows downfall in recent years .As the number
of ICT equipment increased, the amount of data is also increasing at rapid rate which is being accumulated in
cloud data centers. These massive amounts of data are called big data.

For example, information from position sensors of the Global Positioning System (GPS) mounted on mobile

phone handsets or automobiles for tracking and transaction records from big departmental stores cash registers
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are stored along with the location and time of their generation, and transferred via networks to data centers,

where they are accumulated.

This big department store’s data should be analyzed for varies type of information regarding the behavior of
purchasers like which is the product having most sales with respect to time ,month and the various changes in
demands for different product can be predicted which will be valuable information for the owner of the store for
maintaining the inventory in the store. According to a trial calculation, the amount of event data generated in the
U.S.is estimated to be 7 million pieces per second, which adds up to a few tens to hundreds of PBs per month if
accumulated as they are without compression. This value is not equal to the amount of data actually transferred
to data centers and processed. However, the future availability of such detailed data is raising hopes for the
acquisition of valuable information for enterprises and purchaser , such as estimates of what a person will
purchase, and where. Thus data analysis is important from many prospective of profits for enterprises with big

retails stores, ecommerce websites for planning online offers for websites.

I1l. DATA ANALYTICS AS A SERVICE (DAaaS)

Data Analytics as a Service (DAaaS) is an extensible analytical platform provided using a cloud-based delivery
model, where various tools for data analytics are available and can be configured by the user to efficiently
process and analyze huge quantities of heterogeneous data. Customers will feed their enterprise data into the
platform, and get back concrete and more useful analytic insights. These analytic insights are generated by
Analytical Apps, which orchestrate concrete data analytic workflows. These workflows are built using an
extensible collection of services that implement analytical algorithms; many of them based on Machine
Learning concepts. The data provided by the user can be enhanced by external, ‘curated’ data sources. The
DAaaS platform is designed to be extensible, in order to handle various potential use cases. One concrete case
of this is the collection of Analytical Services, but it is not the only one. For example, the system can support the
integration of very different external data sources. To enable DAaaS to be extensibility and easily configured,

the platform includes a series of tools to support the complete lifecycle of its analytics capabilities.
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It’s really difficult to miss Big Data in the media. Major news outlets like the New York Times or the Guardian
have made everyone aware of the exponential growth of the information that businesses need to cope with. The
importance of Big Data is however not the volume of data, neither its heterogeneity, but instead it is about the
insights that businesses can get from understanding this entire “data deluge” using the appropriate analytical
methods.

“Doing” Big Data in a proper way is not easy. In addition to the complexity of tools and infrastructures that are
required to manage huge volumes of data, we need to identify and resolve the scarcity of talent that can properly
take advantage of these tools to make data “talk”. Some of the techniques associated with Big Data are not
really new (statistics and machine learning have a long history) but these techniques need people with a deep
understanding; in a new role that now is often called the ‘Data Scientist’. So, Big Data can be a tough
proposition for many companies as conventional tools and on-premise techniques could be the wrong approach.

To ease many of these “pain points” another transformative trend has entered the market place - Cloud
Computing and the continuous movement towards a Utility ICT model. So instead of deploying complex
solutions in-house, companies can take advantage of services provided by third parties, using economic models
that offer them flexibility and adaptability to the changing needs of their environment.

It’s easy to understand that the combination of Big Data with Cloud can ease the adoption of advanced analytic
capabilities over the bigger and more heterogeneous data sources that companies need to handle, letting
companies benefit of the insights derived from it. Value is in the data itself, and not in the technology that is
used to process it. What companies need is not the deployment of a complex Big Data infrastructure and the
associated capital investment, but the access to the services that provide advanced Data Analytics on their data
now and in the future. Providing this service in a flexible and scalable format is the main purpose of Data

Analytics as a Service.
V. DAaaS FUNCTIONAL ELEMENTS

In order to deliver all the capabilities of a DAaaS solution, a complete platform needs to be implemented, as

shown in the following figure:
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First, we need to differentiate the two groups of elements:

e Those related with the runtime aspects of the solution, that is, the platform that processes the data. We’ve

identified this as Runtime Environment.

e Those that control the interaction with the user, mainly for the configuration of the system, using a set of

tools that we have called Workbench Environment.

To the last point, we use here the concept of a user quite broadly, including not only the end business users, but
also all other individuals that interact with the platform in more “technical” roles, like programmers in Data

Modeling and Integration roles, or Data Scientists that configure Analytical Services and Data Flows.

5.1 Runtime Environment

The Runtime Environment is the execution platform of the DAaaS solution. We describe the various
components from the bottom to the top as shown in the figure, following the logical data flow from ingested
data (input) to generated insights (output).

Data Acquisition: it provides a web services / messaging interface to the external world, for the acquisition of

data, both from the end customer but also for the alternative ‘curated’ data sources. To provide the flexibility to

cope with very diverse data sources and protocols, the solution needs to be modular with components that
implement widely recognized EIP (Enterprise Integration Patterns).

Storage: the core data repository is used to store the information in the system, both from the customer but also

other data. The solution should be able to cope with up to petabyte-size quantities of data, but also needs to be

flexible enough so very different data models can be implemented and supporting strict multi-tenant capabilities.

There are several potential NoSQL databases that allow these kinds of capabilities, each having strong and weak

points for different scenarios.

Processing: In order to be able to process huge volumes of data, it is essential that some kind of distributed

processing capability exists, so that different processing algorithms can be implemented and executed in

parallel. This processing layer acts as an interface between the Data Storage and the analytical services.

Nowadays the more popular solution for this kind of Distributed Processes is the Hadoop Map-Reduce solution.

It is widely supported, both by different NoSQL data sources, but also by programming languages and analytic

tools in upper layers of the stack. However other emerging alternatives like Spark, or Storm, are appearing with

some specific advantages, for example in real-time scenarios.

Analytics: in a sense, this is the most crucial part of the platform. This is where all the analytic processes reside.

We can deconstruct it further in two main elements:

a) The Analytic Services, which are well-defined components that implement concrete data analysis
algorithms. These can be quite varied and could be implemented using different base technologies. But they
have a defined, concrete scope related to a specific Data Analysis technique over specific dataset classes.
Many of them will be based in Machine Learning techniques, both using Supervised and Unsupervised
approaches.

b) An Analytic Framework, that acts like a glue that brings together different Analytic Services in order to
achieve a concrete business outcome. So a specialized programmer could use this framework to implement

a complete analytic functionality.
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Analytic Apps: as we’ve just seen we can combine different Analytic Services using the capabilities of the

Analytic Framework. We call these bundles of complete analytic functionality an Analytic App. These Analytic
Apps are the elements that expose the final, business-oriented capability to the end-user.

Visualization / Reporting: although a great part of the functionality of the DAaaS platform could be accessed
using a web services interface, a complete solution will integrate some form of end-user oriented visualization /
reporting to simplify access to information. An ample set of tools that provide these kind of capabilities exist,
some commercial (Tableau, QlikView) and some others open source (Pentaho, Jasper Reports).

App Store: The solution will provide high-level functional bundles or Apps to end-users. An enterprise App-
Store front-end will provide the mechanisms to control the lifecycle of an app in an organization, from

acquisition to retirement.

5.2 Workbench Environment

In addition to the runtime environment, some specific tooling is needed to customize the solutions (the Analytic
Apps) to the specific needs of the end-user. We call this set of tools the Workbench Environment. It includes
tooling for different kind of roles:

Data Integrator. This role takes responsibility for interfacing the existing internal enterprise systems with the
DAaaS system. Specific tooling for the Data Acquisition subsystem (and, to a lesser degree, for the data storage
and processing layers) is needed, that enables ETL (extraction, transformation and load) of this information, so
it is properly modeled and incorporated into the DAaaS environment.

Once the data is in the DAaaS Storage subsystem, the next role takes care of a correct implementation of the
analytical capabilities required by the enterprise.

Data Scientist. A substantial part of the work of a Data Scientistis to correctly model, test and check analytic
workflows exposed in Analytic Apps, for validity for the specific datasets used. Going even further, we can
assume that specific Analytic Apps (or even, Analytic Services) could be built by them. Data Scientists can be
employees of the company, but they could also work for a specialized service provider.

The final step is by the Business Users. One important point to bear in mind is that from the DAaaS perspective,
there exist different kinds of business users. Obviously, we have the non-technical, business end-user, who only
needs to have the results from the tool, either integrated in their existing enterprise apps or using simple to use

visualization tools.

VI. CHALLENGES OF ANALYTICS IN THE CLOUD

Analytic solutions that need to support Big Data services present additional challenges. This is even more the

case if these services are intended to be delivered through a cloud environment.

o Information Lifecycle Management: the complete analytical workflow can get very complex with lots of
important steps: data acquisition, data modeling, data mining and visualization. In contrast with
transactional solutions, which are more fixed in nature, Analytics need a flexible approach to adapt to all

this potential variability.

e Data model diversity: a diversity of potential types of data models exists for specific business needs - and
these data models are tightly coupled to specific types of analytics. For example, time series data is
modeled quite differently from social network data and also the potential algorithms to be used are distinct.
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e Analytic knowledge: although not really new, many of the advanced techniques related to advanced
analytics (like Machine Learning) are quite complex and demand people with very specific knowledge,
such as the previously mentioned Data Scientists.

o Data volume: even when technology exists for processing huge volumes of data, it is not easy. Moving big
volumes of data to a cloud solution can be difficult, and sometimes, it is much easier to bring computation
to where the data is.

o Real-time analytics: more and more, the value of analytics demands quicker insights, progressing towards
the concept of real-time analytics. Even if we are talking here of soft real-time, this has a definite impact on

how a cloud solution is designed to handle these loads.

e  Security: like in any other cloud solution, security is a very complex issue. Some companies, due to the data
criticality or regulatory constraints, may be reluctant to move data to the cloud, but could benefit of the

analytical capabilities offered in a private cloud.

e Privacy: for some specific types of data, privacy considerations may impact the potential of cloud analytics
- not only due to the data in itself, but also due to the potential that data will not remain anonymous after

analysis.

In addition, we should note that in addition to issues that are specific to Analytics, there are others that are of a
more technical nature, related to how existing Analytics and Big Data platforms need to adapt to a cloud

infrastructure, as many of them started out in more classical ‘on-premises’ infrastructure.

VIl. REAL-TIME VS NON REAL-TIME ANALYTICS

Another important issue regarding DAaasS is related to its potential real-time capabilities. Note that here we are
talking about a soft real-time; response times are in the order of seconds, not the hard real-time that is in use in

embedded systems for example.

Usually, traditional analytics have been in the realm of non real-time. However, technological advances and
business pressures are demanding shorter response times for analytical processes at the same time that data

volumes grow exponentially.

So, the architecture must provide mechanisms for this kind of near-real-time response.In the case of the DAaaS
platform, there is an additional problem that needs to be taken into account. Some technologies in the DAaaS
stack are not very well aligned with the needs of this kind of real-time response. Perhaps the most significant

one of those ‘troublesome’ system components is the Hadoop Platform.

It is the most popular Big Data platform but at the same time it is not really real-time oriented. For example, the
Map-Reduce framework is based on batch execution modes of operation. This imposes an important burden

onto the system if real-time modes of operation are required.
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Fig3: DAaaS and Real-Time Analytics
We can say that we have two systems running in parallel:

a) The DAaaS platform.

b) A Real-time Analytics Engine (RTAE).

The latter takes care of the real-time analytic capabilities, processing streaming data and looking for patterns on
it. These patterns may be of different degrees of complexity and may be expressed using different mechanisms.
Lower levels of complexity may be represented by a “business rules language”, like the one included in
Complex Event Processing (CEP) solutions.

For a higher level of complexity, complete analytic services could apply that may share common elements with
those included in DAaaS.

For example, a potential approach to the RTAE part is an extension of the Atos’ Context Broker Platform
(CBP)S. The latest version of this solution will use a distributed messaging framework based in the ‘actor
model’, called Akka implemented in the Scala Language. These models will define a “distributed complex event
processing (CEP)’ platform and on top of it, the real time analytical capabilities can be implemented.

As shown in the figure, both DAaaS and RTAE can be interrelated, so that they complement each other:

e They can share some specific analytical services.

e  They can share persistent storage.

e The rules at the RTAE can be configured by the outcomes of the DAaaS Platform. So, if a pattern emerges
in a DAaaS App the RTAE can be configured to detect this pattern.

VIIl. DAaaS IN HYBRID CLOUD ENVIRONMENT
A pure public cloud approach to DAaaS may have to address some important challenges for some user
scenarios:

e When the volume of data is huge or rapidly growing, it may be not practical or efficient to move data from

customer’s premises to a DAaaS provider infrastructure due to size or communication constraints.

o Inaddition to this size issue there may be other limitations such as security or privacy policies, that demand

on-premise or private cloud approaches.
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Fig4: DAaaS working in Hybrid Cloud model
Taking into account these restrictions is there a model that enables the benefits of the DAaaS model while still
preserving data in the locations of the customer?
The answer may be an approach towards a Hybrid Cloud which would bring part of the DAaaS approach to
customer premises, in effect bringing computation to the data instead of the other way round.
The approach is based in the work being done internally by Atos Scientific Community in the concept of Cloud
Services Brokerage6 and can be summarized in the following figure:
In this model, the architecture is split with a part residing on customer premises, which comprises of the Data
Storage and Processing Layers. Part (or even all) of the processing for the Analytic Services then takes place on
customer’s premises as Hadoop Map/Reduce processes for example, coordinated by the higher level elements of
DAaaS available as external public cloud elements and using the Analytic Services present in the Public DAaaS
solution. This coordination is achieved by using a series of Agents which take charge of distributing jobs
between both environments.
So this Hybrid PaaS provides important advantages regarding flexibility of deployment, according to customer
restrictions on data availability and minimizes the needs of data transfers as well as integrating DAaaS in a

higher view of cloud services coordinated by some kinds of Cloud Orchestration services.

8.1 Benefits of DAaaS

The main benefit of the DAaaS is to lower the barrier of entry to advanced analytical capabilities, without

demanding that the user commits to large internal infrastructures and human resources to the project. Instead of

a complex custom project the customer follows simpler steps:

o Data Scientists working for the organization explore the AppStore for an Analytical App that fits the
problem.

e They rent the Analytical App for a specific time or quantity of data.

e They configure the Analytical App to its needs including, for example, the usage of external data sources
provided by the DAaaS.

e Then the data is fed from the internal systems to the Analytical App.

e The SMEs in the company validate the results and even enhance them with some customization.

e  QOutcomes are available for all other uses.

Certainly using DAaaS may not be as direct as using other kinds of SaaS software. Any analytical process

demands certain preparatory work: explore initial data, define analytical processes, implement and validate
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results using test data and optimize it as new data comes. But even so, effort is diminished. And that is without

taking into account the benefits of a Cloud delivery model: no upfront costs in infrastructure and a pay per usage
model allow experimentation or even temporal usage scenarios.

Technically we’ve seen the complex issues that the implementation of a functionally complete Big Data
Analytics solution needs to overcome, if developed internally by an organization. So a DAaaS solution
minimizes this technical complexity even more if it is properly designed to manage a hybrid cloud model, for
those cases where information needs to be on-premises. Also there is the issue of expertise scarcity: Data
Science is hard and expert resources are not easily available. DAaaS doesn’t eliminate the need for Data
Scientists but alleviates some of the problems as some pre-packaged applications are provided for specific use
cases. In addition to providing a DAaaS platform, analytic services companies can offer to their customers’
access to Data Scientists on demand. This way combining a growing collection of Analytical Services and Data

Scientist expertise, the richness of the platform and the value for customers grows.
IX. CONCLUSION

However hyped it may be currently Big Data is certainly a business changing trend, as the facts are evident: the
data explosion is real and some companies have shown clear competitive advantage by creating and
implementing new analytic capabilities over previously unused data. But getting this kind of capability may be
not easy for some companies. Here the flexibility that Cloud delivery models bring can simplify adoption for
some companies and even those that could have the resources to implement it internally can obtain significant
cost advantages with DAaaS. Data Analytics as a Service, the model we propose in this paper, can be applied to
multiple use cases and industries even as the analytic approaches to different scenarios may vary considerably.
Beyond that DAaaS puts analytics as a first-level element component in a new vision of Enterprise Computing

which makes extensive usage of the advantages of Cloud technologies.
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