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Abstract. When machine learning algorithms are applied to huge amount of data, 
we found difficulties to process such huge data. Now new approaches are being 

adopted because existing machine learning libraries doesn’t have enough resources 

to process large datasets. So new libraries (CUDA, MapReduce, and Dryad) are 
adding up for concepts like parallel computing. Here we will take account of 

GraphLab, Apache MahoutTM, and Jubatus to get the exposure of famous 

academics and industrial results. Looking at the traditional machine learning 
techniques, tasks like to handle the data which is distributed identically or in batch 

mode becomes impossible and there is requirement to develop new algorithms to 

overcome with the existing difficulties faced by these traditional ML algorithms. 
The objective of this chapter is to provide overall view of developed algorithms and 

paradigm shifts of current big data analysis using machine learning approach to 

compute data. Here we will explore that the machine learning field has great impact 
on cloud computing paradigm. In first step we deploy various tool to the cloud like 

libraries and statistics tools. In second step we embed plugins with current tools in 

order to make Hadoop cluster on the cloud so that working programs can run on it. 
In third step libraries of machine learning algorithms are deployed and used for data 

intensive computing. 
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1. Introduction 

With the fast growing technology data is more digital rather than manuscript. Digital 

data is very fast and easier to process as we share the information on internet. According 

to a study availability of digital media is much more than five Exabyte’s. The problem 

of analyzing larger data is not from today but this problem exists from much before. In 

1950s specifications of the hardware was not enhanced as compared to now so on the 

less efficient hardware software works slow. Though the technology is fast growing and 

the computers now-a-days are much faster still the problem persist as the data is growing 

larger and larger and to analyze such big data we need efficient algorithms.    

There are many ways to analyze big data, but there are very less number of solutions 

that are efficient [1], like condensation of data, data sampling, density based approach, 

D&Q (divide & conquer). Emerging technologies such as machine learning includes 

many solutions and efficient algorithms using statistics and artificial intelligence [2]. 

Though machine learning is best way to perform data analytics in data science but 
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apparently machine learning also consumes time so lot of changes have been made in 

order to enhance the execution-time of ML algorithm shown in figure 1.  

 

Figure 1. Big Data Lifecycle. 

When we shift to cloud computing techniques then execution time will drastically 

decreases and we get enhanced performance. Mostly used tools of statistics in this field 

are Python, R, Octave and compatible with cloud computing as well. We have two 

options to use these statistics tools with cloud [3]. First is, in order to integrate statistics 

tools we make a cluster in cloud and then with statistic tools we bootstrap it. Second is, 

we make Hadoop cluster in cloud, then augmenting of plugins with statistic environment 

takes place and then with statistic tools we bootstrap it, finally jobs can be run on it. 

Certain environments (Octave, R, Mapple) provides low level architecture for data 

analytics and cannot be applied to larger datasets but if cloud based technology is applied 

to these environments then same features can be used for huge datasets [4]. Now to 

enhance all this machine learning technique can be applied and it provides retrieval of 

data from large dataset that can be used for further analysis, as machine learning provides 

many knowledge and learning models, shown in figure 2.  

 
Figure 2. Data Analytics process using machine learning and cloud computing in data science. 



1.1. Definition of Big Data  

Big data describes to extremely huge quantity of data that need to be 

computationally analyzed which is generated by sensors, results of some scientific 

experiments, business records etc., shown in figure 3, that may organized (structured 

data which is organized in data base), unorganized (semi-structured data which is not 

organized in data base) or generic label (unstructured data which doesn’t exist in data 

base or do not have data structure associated with it). Now this extreme huge data expects 

highly sophisticated and advanced technology in storing the data and then this data has 

capacity to be useful for mining the data, shown in figure 4 [5-9]. 

 
Figure 3. Source of generation of Big Data. 

 
Figure 4. Landscape of Big Data. 



1.2. Ecosystem of Big Data 

Big data is diverse concept and it covers many areas both technical and non-

technical. It is dynamic and any changes from user can be easily adaptable [10-14]. It is 

very efficient for emerging technologies like Hadoop, in memory computing, NoSQL 

and every day challenges are faced by these technologies, shown in figure 5.  

 
 

Figure 5. Landscape of Big Data. 

 

1.3. 10 V’s of big data  

There are few characteristics of big data and those are Volume, Variety, Velocity, 

Veracity, Validity, Value, Variability, Venue, Vocabulary, and Vagueness shown in 

figure 6. These are known as 10 Vs of big data, according to Dough Laney big data just 

not focus on the mass/size of the data but also on these 10 factors [15-18], shown in 

figure 7.  

 



 Figure 6. Categorization of Big Data. 

 

Figure 7. 10 Vs of big data. 

1.3.1. Volume 

Volume represents huge amount of data. This data can be produced by machines, 

generated by networks or from interaction of humans on social media [20]. Day by day 

volume of data is increasing and according to IBM, every day 2.5 Exabyte data is getting 

generated [19]. Up to 2020 data volume will increase up to 40 zettabytes (40,000 

Exabyte), shown in figure 8.  



 
Figure 8. Volume of big data. 

1.3.2. Variety 

Variety means that there can data coming from many different sources and its type 

could be both unstructured and structured data. Storage space that we use are the 

databases and spreadsheets. But the data is coming from different sources like audio, 

video, photographs, emails, sensors, monitoring devices, PDF, social media, 

transactional data etc. shown in figure 9. As the data has so much variety and it is also 

unstructured therefore, it becomes difficult for storing, retrieving useful information 

(mining) and to analyze it [21-27]. As there are many features in the data therefore while 

using machine learning technique there are problems like combinatorial explosion, curse 

of dimensionality, there are various data formats and numerous data types [28]. 



 
Figure 9. Variety of big data. 

1.3.3. Velocity 

Velocity refers to the speed (pace) of data at which it flows in various forms from 

different sources like machines, networks, business processes, mobile devices, social 

media, etc [29]. The real time flow of data is continuous and enormous and this data can 

be used for research purposes or for industries like for business purposes to come up to 

a conclusion in decision making [30]. 

In spite of such a great speed or the high velocity of the data coming from real time 

there has to be storing device/technology [31-39], it has to be analyzed/visualized, shown 

in figure 10.   



 

Figure 10. Comparing high velocity and big data. 

 

1.3.4. Veracity 

If we look into the past, structured data was created fitting exactly in rows and 

columns. But today 90% of data is unstructured, generated from many sources in all 

forms and shapes i.e. tweets to geo spatial data, that has to be analyzed to get information 

about the content and sentiments can be derived from it [40], shown in figure 11 

 
Figure 11. Comparing high velocity and big data. 



1.3.5. Validity 

When we talk about validity of data, we mean to check that weather the data is accurate 

and correct for further use [41]. The complete experimental concept is comprehended by 

validity. With the help of validity it becomes possible to check which of the results 

procured is apt for the method of scientific research shown in figure 12. 

 

Figure 12. Validity of big data. 

1.3.6. Value 

When we talk about the value then the data we retrieve is not valuable but the analysis 

that is done on that data can be valuable if we are able to get useful information out of it. 

There can be different ways to get information out of data and making the system learn 

is the best way so we can use machine learning in this case [42]. Various tools and steps 

are shown in figure 13 in order to extract the valuable features. 

 

Figure 13. Stack is also a value chain in big data. 



 

1.3.7. Variability 

Muddling up of Variety and variability is very common. Let’s understand the difference 

between these two with the help of an example. When we go to CCD (cafe coffee day) 

we find a large number of items in their menu. There are many types of shakes, ice-

creams, mocktails etc. This is known as variety. Let’s say that every time you go to CCD 

you drink blue lagoon and you feel that every time it tastes slightly different from the 

last time you had it. This is known as variability.  In short variability means inconsistency 

of data, this can be seen in the figure 14, the varying of sales data and getting results on 

variability that how customers have varied on sale [43].   

 
Figure 14. Variability in big data. 

1.3.8. Venue 

The data we gather here comes from various platforms, and this makes the data 

heterogeneous in nature as it is from different sources (owners), in numerous formats 

[44]. Therefore it becomes difficult to gather such data in structured format. The 

challenge is to make such unstructured data into structured format in order to access the 

data fast and retrieve the information so that we get knowledge as output, shown in figure 

15. 

 



Figure 15. Venue in big data. 

1.3.9. Vocabulary 

Vocabulary defines all the data models that has been used to represent data, related 

semantics, taxonomies, ontologies, metadata based on content to define structure of data, 

syntax of data, content of data and its origin shown in figure 16.  

 

Figure 16. Venue in big data. 

1.3.10. Vagueness 

When we define the entire concept of big data, i.e. the gathering of data then mining of 

data, after which we apply an algorithm to make the system learn and train the network 

through artificial intelligence is processing about big data. But the concept is still vague 

as up to now there is still confusion weather the big data is Hadoop or is it a new 

technology or the existing one. What is new in the technology and the tools related to it 

will work or not. This is vagueness and shown in figure 17.   



 
Figure 17. Vagueness in big data. 

2. Methodology 

 Various steps of the workflow of big data analytics is shown in figure 18. Big Data 

is significantly large data set that may be examined computationally to show patterns and 

trends. Models are built by using data from different sources like data warehouses, 

databases. For building models data goes through the process of cleaning and filtering. 

Once the data is refined it can be used to train data models. Lastly the model is applied 

on data. 

Data Mining is the computing process of discovering patterns in large data set 

involving methods. It is used to solve problems by analyzing data. Data mining is used 

to turn raw data into meaningful information. For this the data goes through refinement 

process. 

Fig. 18 depicts the common phases of a traditional analytics workflow for Big Data.  

Big Data is significantly large data set that may be examined computationally to show 

patterns and trends. Models are built by using data from different sources like data 

warehouses, databases. For building models data goes through the process of cleaning 

and filtering. Once the data is refined it can be used to train data models. Lastly the model 

is applied on data.  



 

Figure 18. Vagueness in big data. 

 

      Data Mining is the computing process of discovering patterns in large data set 

involving methods. It is used to solve problems by analyzing data. Data mining is used 

to turn raw data into meaningful information. For this the data goes through refinement 

process.  

     Earlier historical data was used in identification of patterns and creation of 

management reports. But using this approach was not a good choice as current analytics 

are based on software systems built for general purpose. Hence, integration of data 

sources is done to make data useful for specific requirements of organizations. These 

solutions are generally complex and their operations can take hours to get executed as 

the data is very large. This is where cloud computing comes into play. With the help of 

cloud computing we can get faster access of our data. We can host the solutions on the 

cloud. But for hosting data on cloud we need to address problems like privacy, data 

quality, data management, tuning of data models and data currency. We mainly focus on 

key features in states of analytics solution. Most of the problems in big data are related 

to data management, integration and processing. Security is a key challenge for hosting 

analytics solutions on public Clouds as all the data is stored on the cloud. 

In figure 18 we have done work on addressing challenges on cloud environments, 

and have also elaborated models to provide data on cloud. We have also given solutions 

for visualizing data and of interacting with a customer with the help of analytics solutions. 

Some of the challenges related to business models, service level agreements and service 

structures are also discussed. 

The paper is divided into following sections: 

 Data  

 Compute Infrastructure 

 Storage Infrastructure 



 Analytics 

 Visualization 

 Security and Privacy 

 Conclusion 

3. Data 

Data part is very important factor in big data, as when the huge data is gathered 

then there is requirement for categorizing the data and its domains, in order to get the 

requirements and understand architectural choices which is required for certain data 

types.  The data which we gather is not equal. Looking at the architecture of data we can 

find out the types of infrastructure that is required to store data, process the data and then 

to do data analytics on it.  

3.1. Requirements 

3.1.1. Real time 

 Hardware and software are concerned with real time constraints in real time 

computing (RTC). Deadlines are present in real time computation. Deadlines here refer 

to response within specified time constraints. The accuracy of these systems depend on 

their time related and functional features. 

A real time system does all the work like controlling the data by receiving, 

processing and returning the results in time. Operations in real time systems need to be 

responsive and should not get interrupted by any other process. That is, there should not 

be any other process running in the background except the one we are currently working 

on.  Real time computing is classified in following three types- 

 Soft – In this type of real-type system, the quality of service gets degraded as 

after hitting the deadline the functionality of the result gets reduced. 

 Firm – In this type of real-type system the quality of the system gets degraded 

with irregular deadline misses. The functionality of the result becomes zero 

after the deadline. 

 Hard – In this type of real-type system the system crashes i.e. becomes 

unresponsive in case it misses the deadline. 

3.1.2. Near Real Time 

It means that the system is exclusively Real-time but such a system does not assure of 

completing the work before specific deadlines. Near Real Time is also known as soft real 

time (as opposed to hard real time). 

3.1.3. Batch Processing 

In case of batch processing latency can be tolerated in larger amount and the reason 

behind this is in few seconds the results need not to be produced.  



3.2. Structure 

In order to map different domains of big data is 

 structured data: which is organized in database 

 Semi-structured data: which is not organized in data base  

 Unstructured data: which doesn’t exist in data base or do not have data 

structure associated with it. 

Difference between structured, semi structured and unstructured data is shown in 

figure 19. 

 

 Figure 19. Structured data VS semi structured VS unstructured data.  

The inputs of big data are known as data domains. The domains and sub 
domains of the big data are shown below in the figure 20. 



 

Figure 20. Domains of Data. 

Big data is mapped vertically to the time and organization axis. The vertical 
mapping of data is shown in the figure 21 below. 



 

Figure 21. Big data mapping. 

4. Compute Infrastructure 

Several frameworks are available which can be used in various ways for computing 

but Hadoop ecosystem is one of the most popular choice for managing a very large 

dataset. 

In Figure 22 we have depicted various approach of processing design. There is a level of 

abstraction on first level of computation of big data. There may be real time/ near real 

time on streaming of data or the processing might have been done in batch mode. We are 

depicting two frameworks here- for real time processing we are using spark and we are 

using Hadoop for batch processing. 

 



  

Figure 22. Computational architecture 

MapReduce is a programming model and a processing technique. It is an algorithm 

and is based on java. It is used for generating large dataset and for processing data within 

a dataset. It has two parts- Map and reduce. 

Map takes a dataset and converts it into different dataset. The dataset breaks into 

tuples. The reduce part takes these tuples and further breaks them into smaller tuples.   

When we take input, it passes through Hadoop and gets stored in map.  

 

4.1. Batch Processing 

In case of batch processing latency can be tolerated in larger amount and the reason 

behind this is in few seconds the results need not to be produced. Therefore batch 

oriented methodology is fairly adoptable. If we use Hadoop then batch processing is used 

efficiently. 

4.2. Hadoop 1.0 

Hadoop is popular worldwide upcoming technology which is open source and 

supports distributed programming. Entire Hadoop is based on computing technique 

known as MAP REDUCE.  

In map reduce technique input is first mapped in order to split the working nodes 

which are working on the inputs that are independent subsets and then we reduce the 



solutions from the mapped sub problems. Then it is combined in order to get output of 

entire computing, shown in figure 23. 

  

Figure 23. Procedure of Map-Reduce 

 

Though Hadoop is found to be good at batch processing but for data streams it is not 

suitable which are not terminating, reason behind is in Hadoop, job reckon the data is in 

files of different nodes and therefore MapReduce will start on fixed inputs to give fixed 

outputs. Figure 24 depicts the various features and elements of Hadoop. 



 

Figure 24. Hadoop 1.0 elements 

Limitations of Hadoop 1.0 

 Not suitable for data streams  

 Not suitable for iterative algorithms as it includes machine learning 

algorithms and increase complexity in data analytics. 

 Not suitable for shared global state algorithms as Map Reduce architecture 

is based on independent maps task which runs parallel and does not require 

access the state which is shared which will serve as bottleneck for 

performance due to delays in network, lock, semaphores etc. 

 

4.3. Hadoop 2.0 

As we can see lot of limitation in Hadoop 1.0, we are moving to Hadoop 2.0. This 

architecture has overcome the problems like managing the resources, Map Reduce 

programming. These things are achieved by introducing a new layer known as YARN 

which is resource managing layer which keeps track of resources at lower level. 

Figure 25 depicts the various features and elements of Hadoop 2.0. 



 

Figure 25. Hadoop 2.0 elements 

4.4. Berkeley Spark 

Berkeley Spark is again an open source database that is used to speed up data 

analytics process at development time as well as run time. The core idea behind Spark is 

resilient distributed dataset, i.e. when objects are collected then they are extended over a 

cluster which is stored in RAM/disk. Spark has fast implementation of programming 

language because its API is in Java, Scala, and Python. Spark can be used with the 

Hadoop 2.0, shown in figure 25. 

 

Figure 25. Berkeley Spark with Hadoop 2.0 



5. Storage Infrastructure 

The storage requirement of big data is that of type ‘no limits’. For storing such data 

legacy infrastructure storages are of no use. Scale out storage can be considered for 

storing such vast data as maintaining performance of the system and providing rapid 

answers when it is queried is the foremost goal of such systems. It means we need to add 

more RAM or increase the capacity of HDD. In figure 26 we have shown the 

classification of different databases used to store big data [43]. 

 

Figure 26. Infrastructure storage  

 

In order to figure out information stored in database we use 10 V’s, i.e. Volume, 

Variety, Velocity, Veracity, Validity, Value, Variability, Venue, Vocabulary, and 

Vagueness. In order for scaling process to be more effective we scale it across multiple 

servers in horizontal manner instead of upgrading a single server by scaling it vertically 

[44]. 

 ACID properties define the level which helps in deciding the databases. These 

properties ensures that all the transactions made in the database are correct or not. ACID 

properties consist of following four properties- 



 Atomicity- It means that if a transaction is taking place then it must get 

completed. If there is any problem in the transaction process I midway then the 

transaction completely stops i.e. the transaction fails and no changes are made 

in the database. 

 Consistency- It means that the transaction currently taking place is consistent 

i.e. if a change is being made in one place and a copy of that same data is stored 

in some other place then consistency ensures that same changes are being made 

in all the places at same time. 

 Isolation- This state of transaction keeps check of the current transaction that is 

being held. It ensures that if a transaction is taking place then no other 

transaction can be executed relating to the one currently in execution. That is, 

all the transactions should be held in serial order. 

 Durability- Durability in transaction means that if we have made some changes 

in the data base i.e. any transaction was held and just after that the system 

resulted in failure then the stage till the transaction was fine should be saved. In 

short the system must get committed to the last transaction held and must remain 

committed even after system failures. 

  

In relational Databases the ACID properties are a traditional approach. ACID 

properties of transaction are not enough to fulfill the requirements (fast response time 

and speed) and for storing big data on cloud. Therefore, Eric Brewer came up with a 

design philosophy called BASE [45]. 

BASE stands for-Basically Available, Soft state, eventually consistent. Today most of 

the databases are constructed using BASE. 

  

Common database models, by their strengths are given below, also shown in figure 27. 

 Relational database model- This type of database stores data in rows and 

columns. 

o Example- Oracle, SQLite, PostgreSQL, MySQL, VoltDB 

 Document- This type of database Stores data in documents. 

o Example- MongoDB, CouchDB, BigCouch, Cloudant 

 Key-value- This type of database Stores an arbitrary value at a key. 

o Example- CouchBase, Redis, PostgreSQL HStore, LevelDB 

 Big Table-Inspired- In this type of database, Data put into column-oriented 

stores inspired by Google’s BigTable 

o Example- Hbase, Cassandra (inspired by both BigTable and Dynamo) 

 Dynamo-Inspired- In this type of database, Distributed key/value stores inspired 

by Amazon’s Dynamo 

o Example- Cassandra, Riak, BigCouch 

 Graph- This type of database Uses graph structures with nodes, edges, and 

properties to represent and store data. 

o Example- Neo4j, OrientDB, Giraph, Titan 

 NewSQL- This type of databases stores data Like relational, except these 

databases offer high performance and scalability while preserving traditional 

ACID notions. 

o Example- VoltDB, SQLfire 

 



 

Figure 27. Map of different technologies providing storage  

 

6. Analytics 

6.1. ML Algorithms 

Machine Learning is the skill that helps computers to make inferences from data 

and learn patterns on its own accord i.e. the machine need not be programmed 

explicitly [46]. These algorithms are classified along many different axes. 
 

6.2. Different types of Machine Learning Algorithms 

Tasks in Machine learning are classified into four broad categories. These 

categories depend on the nature of the learning or "feedback" or “signal” 

available to a learning system [47]. These categories are- 

 Supervised Learning- The main aim of supervised learning is to 

learn a common guideline of mapping inputs to outputs. 

 



 Unsupervised learning: In this type of learning techniques no 

labels are given to the learning algorithm, so the machine has to find 

structure of its input on its own.  

 Reinforcement learning: A computer is required to perform certain 

goals when it interacts with a dynamic environment. As the program 

traverses its problem space, feedback is provided in terms of rewards 

and punishments. 

 Semi-Supervised Classification – In order to resemble an 

appropriate learning algorithm, Semi-Supervised classification uses 

small groups of labeled data and combines this information with 

large data. 

Different machine learning algorithms are shown in figure 28. 

 

 

Figure 28. Algorithm on machine learning 



6.3. Statistical Techniques 

With the help of Statistical Techniques we can analyze big data very easily. Fig 29 

provides various notions of machine learning and Statistical Techniques concept [49]. 

 

 

Figure 29. Different statistical technique 

 

Various machine learning algorithms have been mentioned [50] in figure 28, their 

flow chart and working is shown in figure 30. 

 

 

 



 

Figure 30. 4.4. Flow charts for machine learning 

7. Visualization 

The presentation of data in pictorial or graphical format is known as visualization, 

entire process is shown in figure 30.  



 
Figure 30. Visualization process 

 

The techniques of visualizing big data can be classified in following three 

categories: 

 Spatial Layout Visualization –To map a data object to a specific point on the 

coordinate space in a distinct way, we use spatial layout visualization. Some of 

the commonly used techniques for visualizing data using spatial layout 

visualization are- scatter plots, bar charts, line charts, etc. 

 Abstract/Summary Visualization – Scaling of subsisting visualization 

techniques of big data become significant. Therefore, a new category of 

visualization techniques has been developed recently that processes and 

summarizes large-scale data before representing it in the process of 

visualization. 

 Interactive/Real-Time Visualization – This technique is more robust as it allows 

the user to quickly judge the data. A fresh class of techniques are categorized 

under interactive visualization. These techniques interact with the user in real 

time. Such techniques makes it necessary for complex visualization 

mechanisms to take very less time for user to traverse the data [51-57]. 



 

Figure 31. 4.4. Various visualization technique 

 

8. Security and Privacy 

Privacy and security is a topic of major concern when it comes to big data. 
Distributed computations and data stores are of main focus when it comes to 
security [58]. Therefore, methods like cryptography and granular access control 
are used for ensuring the security and privacy of important and sensitive data, 
various steps for classification of security & privacy can be seen in figure 32. 



 

Figure 32. Various steps for classification of security & privacy  

 

9. Conclusion  

These days there is not only hype about big data but also now a days it has become the 

basic requirement. We have discussed in the chapter, how to gather data, what are 

different sources of data, how the computing infrastructure works, how the storage 

architecture works, then we analyzed the data using machine learning, then visualization, 

security, and privacy factors were discussed. Though the big data term is recently 

introduced but this technology is in use since many years. We have seen in the chapter 

that big data can only be analyzed using cloud but the system will not intelligent until 

we train the system using machine learning technique. Machine learning technique 

combine with cloud computing provides easier computation on big data. 
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