
Journal of Contemporary Issues in Business and Government Vol. 26, No. 03, 2020  
https://cibgp.com/         

                                                                                  P-ISSN: 2204-1990; E-ISSN: 1323-6903  

                                                                                      DOI: 10.47750/cibg.2020.26.03.015 
 

International Conference on Trending Application in Science and Technology 
 

129 
 

HYBRID ERA ON BIG DATA ANALYTICS PLATFORMS 

1S Raju Assistant Professor, 

srajunayak@gmail.com, 

2E Krishna Associate Professor,  

krishna.cseit@gmail.com, 

3G Harika Assistant Professor, 

harikagora@gmail.com, 

4E Krishna Assistant Professor, 

krishna.cseit@gmail.com 

Department of CSE Engineering, 

Pallavi Engineering College, 

Kuntloor(V),Hayathnagar(M),Hyderabad,R.R.Dist.-501505. 

 

Abstract: - The key purpose of this paper is to provide an 

unbiased assessment of different systems appropriate for vast 

processing of facts. Numerous technological systems available 

for broad knowledge analytics are analysed in this paper and 

comprehensive reviews are addressed on their strengths and 

limitations. Similarly, a broad collection of guidelines for 

adapting knowledge mining for massive statistical research 

was addressed wart its suitability to cope with actual-global 

computing problems. Through the successful introduction of 

these well developed and commonly utilized knowledge mining 

algorithms, the destiny patterns of big information processing 

and analysis can be anticipated to focus on the strengths of the 

technological frameworks and platforms available. Hybrid 

strategies (integration of or broader structures) can be best 

adapted for a chosen knowledge mining algorithm which can 

be well adaptable and can be processed in real time. Keywords 

huge facts; mass data analytics; cloud computing; mining 

statistics; computer research; systems of large facts; 

1. INTRODUCTION   
This is an era of big, complicated numbers, that is 

to say massive figures. Altering almost all 

conventional platforms for data evaluation plays a 

dominant function. Hardware computer scale is an 

advanced analysis of large quantities. It is very 

challenging to select the right hardware/software 

platform for big data evaluation as all the 

requirements are to be met within a given time 

span. Various large factual constructs with an 

exclusive set of characteristics are available, and a 

thorough comprehension of the expertise of these 

application categories is needed to choose 

appropriate frameworks. In fact, the key feature of 

the adaptability of the framework to handle 

enhanced statistical analysis needs when generating 

empirical answers on a selected platform [1]. In 

this view, the most widely applied analysis of mass 

recording systems is conducted and their 

capabilities and weaknesses are addressed. 

Although the decision on the correct platform is 

normally significant, the user must take care of its 

software/algorithms favourites, time for results, 

scale of process information, the crucial version 

design: iterative or unique releases, enlarging data 

processing capability in future, speed of log switch, 

kind of facts, management of hardware 

catastrophes A large range of high-speed, high-

speed and very wide datasets are available. The use 

of common tools, methods and hardware/device 

programs is an outstanding business to work with 

such vital statistics. Great facts refer to the large 

number of diverse databases of several 

heterogeneous properties that are increasingly 

growing. Rapid network expansion, record storage, 

data collection limitations in almost all fields of 

study, biological science and engineering are now 

growing at a good price. These data sets are 

currently supplied and used with the support of 

distributed frameworks, which store record factors 

in several places and collects them via the 

programming framework [3], through creating 

large numbers of statistics. In certain situations, 

statistics should not be stored immediately in a 

database since this modern age enables the data to 

be analysed as it is being generated [4]. The big 

intelligence span currently involves numerous 

sources of knowledge, such as tweets, photographs, 

interactions between social networks, tool numbers, 

video/voice records and capture with more 

traditional, dependent performance. Facts. 

Information. Production of this kind of fact is the 

easiest conceivable because of the characteristics of 

the present vast mathematical and computational 

era [5]. The paper is as follows: In the chapter 

"Scaling," the basic scaling theory, forces and 

disadvantages of scaling alongside different 

platforms are addressed. The chapter "huge data 
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and cloud" addresses the need for large-scale cloud 

storage. In "extraordinary statistical mining and 

open-supply tools/platforms," different fact-fact 

mining (DM) algorithms alongside their 

adaptability are listed for comprehensive details on 

recent open-source programs. The "Hybrid Method 

- Platform Integration" section addresses different 

integration information on emerging open-source 

platforms for big data programmes. The "end" 

process eventually stops with potential guidance. 

2. SCALING 
"Scaling is the system's ability to meet increased 

data processing requests" Different platforms 

combine scaling into multiple ways to enable large 

data processing [6]. Large data platforms may be 

divided into two categories from an extended 

comparison framework: • horizontal scaling • 

vertical scaling horizontal scaling also defined as 

"scale out." It involves spread of workload across 

multiple computers, coupled to maximize 

computing power. The horizontal scaling will boost 

efficiency by reducing financial expenditure. The 

scaling horizontal is incredibly efficient and can be 

unrestrictedly extended because there is no 

constraint on the scaling quantity, but the key 

downside is the minimal existence of software 

implementations for the proper application of the 

horizontal scaling. Researchers are creating modern 

horizontal scaling platforms, some of which are 

notably built by Peer-to-peer networks [7], Apache 

hardtop [8], Spark [9], Berkeley Data Analytics 

Stack (BDAS) [10]. Vertical Scaling is also defined 

as "scale up." Mainly a single computer with a 

single operating system case, more no processors, 

large memory and faster hardware. Vertical scaling, 

resource management and configuration is easy, 

but the main downside is the scaling potential of a 

network in terms of capital and contributes to 

overhead financial expenditure. Key study has been 

carried out on the appropriate usage of several 

popular vertical platforms including high-powered 

clusters (HPC) [11], MulticourseCPU [12] [29], 

GPU [13], Field Programmable Gate Arrays 

(FPGA) [14]. 

3. BIG DATA AND CLOUD  
Cloud computing, a technologically efficient 

breakthrough for scalable, complex computing. It 

helps to eliminate inefficient hardware and device 

processing resources. In the big data produced by 

cloud computing, a considerable development is 

noted. In Big Data Analytics, time and technology 

are main considerations. As it is time for vital 

work, vast computing systems, a broad range of 

costly applications and enormous integration 

efforts are needed. Cloud storage is the only answer 

to all these issues since it delivers the required 

services on-demand with costs proportionate to the 

real use. Furthermore, it satisfies the scaling 

technology required to be updated or downgraded 

to fit the system to real needs. Although cloud 

computing allows some versatility in the provision 

of machine assets on need, it still takes time to 

mature to be recognised as cloud-supported 

analysis [15]. Big data can have differing degrees 

of variety, pace, volume and veracity. It is therefore 

particularly necessary to consider the requirements 

for selecting the most adequate and flexible Big 

Data resources. The function of cloud storage is 

very critical for Big Data since it can provide any 

sort of technology and resources on demand. In 

addition, big data analytics must pursue this 

pattern, since cloud computing is dominant and 

extremely scalable in two types: • Horizontal 

Scaling • Vertical Scaling Horizontal Scaling. It 

involves spread of workload across multiple 

computers, coupled to maximize computing power. 

The horizontal scaling will boost efficiency by 

reducing financial expenditure. The scaling 

horizontal is incredibly efficient and can be 

unrestrictedly extended because there is no 

constraint on the scaling quantity, but the key 

downside is the minimal existence of software 

implementations for the proper application of the 

horizontal scaling. Researchers are creating modern 

horizontal scaling platforms, some of which are 

notably built by Peer-to-peer networks [7], Apache 

hardtop [8], Spark [9], Berkeley Data Analytics 

Stack (BDAS) [10]. Vertical Scaling is also defined 

as "scale up." Mainly a single computer with a 

single operating system case, more no processors, 

large memory and faster hardware. Vertical scaling, 

resource management and configuration is easy, 

but the main downside is the scaling potential of a 

network in terms of capital and contributes to 

overhead financial expenditure. Key study has been 

carried out on the appropriate usage of several 

popular vertical platforms including high-powered 

clusters (HPC) [11], MulticourseCPU [12] [29], 

GPU [13], Field Programmable Gate Arrays 

(FPGA) [14]. 
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4. BIG DATA MINING AND 

OPEN-SOURCE 

TOOLS/PLATFORMS  
"The more data we have the more insight you can 

get from it." While it is very real, "scalability" is 

the main problem for all data processing 

algorithms. Normal data mining (DM) algorithms 

enable all data to be fully accessible in the main 

computing memory together. Even if adequate 

main memory is sufficient to load vast volumes of 

data, scalability issues are not overcome and 

memory is a significant technological constraint for 

Big Data processing, as data transfers are costly 

and unfeasible too. Because of this, several studies 

have been attempted to suggest new, ground-

breaking methods or finally to incorporate previous 

alternatives [16-18]. In this domain, several data 

mining algorithms are popular, but they concentrate 

on those with the potential to cope with and 

implement new demands and patterns. There is 

primarily domain clustering, template mining, 

classification and suggestion systems:  

 Classification is a technique in data mining 

that assigns multiple input attributes to target 

groups or classes by correctly predicting the 

target class [19].  

 Frequent template mining, or association law 

mining, seeks fascinating links in broad 

datasets of input items [20] [21]. Clustering 

partitions into a sequence of meaningful 

subclasses, known as clusters [22] [23], due to 

their similarity.  

 The suggestion method recognizes, identifies 

and relates undisclosed objects of interest in 

terms of like and expectations of data obtained 

by others [24].  

Currently, open-source software has a pioneering 

position in the big data sector. There are currently a 

broad number of open sources, scalable, enterprise-

grade data analytics platforms. DM implementation 

of the first generation of algorithms is scalable only 

vertically and requires conventional methods 

including SAS [25], R, Python [26], and KNIME 

[27 or WEKA [28]. The second generation operates 

in the programming platform Hardtop/Map Reduce 

along with support structures such as Hive, Base, 

Zookeeper, Pig and several others. Many different 

versions of DM algorithms are required to solve 

large data problems. The library of Apache Mahout 

Machine Learning is the most popular. Mahout 

implementations are in Java and are primarily 

designed for Hardtop in Apache. While it is 

salutary, there are two serious problems: (1) It is 

little more but a library, since it cannot have a 

standalone user interface. It is just a platform for 

hardtop machine learning. (2) Complete 

deployment is in progress. Though Mahout is a 

popular solution over hardtop platform for big data 

problems. It was really quite common, but 

alternative approaches [18] have also emerged for 

big data processing, namely 

 NIMBLE: Map Reduce parallel DM 

algorithms 

 Systems: DM algorithms tracked and 

unattended in Map Reduce setting 

 Ricardo: R and Hardtop incorporation 

 Rhyme: R and Hardtop Incorporated 

Environmental Programming 

 Wegener: Weak and Map Reduce 

integration. 

Map Reduce is a very effective approach to 

different big data concerns in the programming 

context. However, there are few cases in which this 

decent programming model does not work 

normally and so alternatives are needed. 

The third generation of the implementation of DM 

algorithms contains certain programming 

constructs that go beyond Map Reduce [18]. The 

most popular of them are:  

 Guided Acyclic Model: A non-cyclically 

coordinated graph demonstrates a handling 

system. For example: Dryad &Dryad LINQ 

 Iterative Map Reduction: While Map Reduce is 

a promising approach, its key problem is that it 

is not capable of executing iterative tasks or 

algorithms in nature. Alternative methods, 

namely: Halloo and Twister, have been 

established. 

 Spark: It's a popular data processing model for 

the next decade. Its key function is well 

adapted to and encourages iterative algorithms. 

It is also highly scalable, based on the Map 

Reduce architecture and supports Big Data 

analysis in the main machine memory [9] [28]. 

 Spark integrates a machine-learning library 

commonly recognized as Glib [29] with these 

impressive capabilities. Glib follows all 
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traditional machine learning algorithms, such 

as grouping, regression and clustering." 

5. HYBRID APPROACH - 

INTEGRATION OF 

PLATFORMS 
For some systems, certain technologies or 

architectures have different efficiency and 

scalability capabilities. For a proper usage of these 

features, the output scalability for Big Data is not 

achieved just inside a single platform/framework. 

One of the key problems is the convergence of 

these heterogeneous platforms in line with their 

suitability for individual applications. This is the 

greatest challenge in the scalability of data mining. 

Both these problems are referred to as "plumbing," 

a special phrase. Machine schooling is a method 

that is iterative. The scalability of machine learning 

algorithms via cluster-based solutions [30], 

multicourse [31] has received a lot of attention in 

recent years. These solutions are not clear or total, 

but promote growth. Only scalability challenges in 

machine learning algorithms have gained great 

attention but considerably less attention has been 

given to integration concerns. In order to 

incorporate a research framework with other 

analytical platform, adapters/interfaces at both ends 

need to be built to address 'pluming' problems. 

These plumbing systems provide for coherent 

alignment with current state-of-the-art tools, 

networks and framework programs. It is appealing 

as it avoids tedious data transformation 

(import/export) from external intermediate steps to 

next resources, and provides solutions to several 

"plumbing" problems, as stated earlier. The 

programming languages R and Python as the 

Hardtop platform dominate the open-source Big 

Data Analytics initiatives, and several integrations 

are built, namely: 

 RHADOOP: The most widely used approach 

for R incorporation with Hardtop for open-

sourceanalysis [32]. Which comprises 

packages such as? 

 Rebase: this R kit includes Base database 

management functionality. 

 Rhodes: this bundle offers Hardtop distributed 

file system connectivity to R (HDFS). 

 Avro: this kit reads and writes local and HDFS 

Avro scripts. 

 Polymer: this packet facilitates map-reduce 

data management operations on broad 

Hardtop-managed datasets. − Rmr2: this 

package is able to carry out statistical research 

on the data contained in a Hardtop cluster 

using R. 

 RHIPE: R is a library that operates 

HardtopMap Reduce jobs within the scope of 

R programming. 

 Rive: parallels downward moved data 

processes into Hardtop and stops data flow. 

 Spark: is an Apache Spark from R kit to be 

included. It supports deep learning distributed 

with Glib. 

 Python: Consumer can call Python from R 

through this bundle. 

 Pyspark: The Spark Python API demonstrates 

Python the Spark programming model 

 WEKA distributed data mining: it requires 

Week abase distributed, WeekaHadoop 

distributed, WeekaSpark distributed. 

Commercial versions of the hardtop optimized 

platform also appear as unique requirements. 

Prominent among them are the following: 

 ORCH: Oracle R Hardtop Connector [33]. 

 Oracle R Advanced Hardtop Analytics [34]. 

6. Conclusion  
Once you have looked at a thorough study of 

multiple technological systems and hardware 

architectures for big data analysis, you might infer 

from a particular viewpoint that the area of big data 

analytics. A powerful and scalable hybrid 

framework with the correct "plumbing" will solve 

big data issues in the correct combination of the 

efficiency and scalability characteristics of the DM 

algorithms. While this hybrid trend is being 

experimented, the major emphasis on big data 

mining is likely to see exciting developments in the 

immediate future by the collection of suitable 

interconnected platforms. 

References 

[1] Agneeswaran, Vijay Srinivas, PranayTonpay, and 

JayatiTiwary. "Paradigms for realizing machine learning 

algorithms." Big Data 1.4 (2013): 207—214. 

 [2] Tsai, Chun-Wei, et al. "Big Data Analytics." Big Data 

Technologies and Applications. Springer International 

Publishing, 2016. 13-52.  



Journal of Contemporary Issues in Business and Government Vol. 26, No. 03, 2020  
https://cibgp.com/         

                                                                                  P-ISSN: 2204-1990; E-ISSN: 1323-6903  

                                                                                      DOI: 10.47750/cibg.2020.26.03.015 
 

International Conference on Trending Application in Science and Technology 
 

133 
 

[3] Legend, N. and Enrage, A. "Big Data analytics: a 

literature review paper” ‘Industrial Conference on Data 

Mining', Springer, 2014, pp. 214— 227.  

[4] Wu, X., Zhu, X., Wu, G.-Q. And Ding, W. "Data mining 

with Big Data," IEEE transactions on knowledge and data 

engineering (26:1), 2014, pp. 97—107.  

[5] Zikopoulos, Paul, et al. "Harness the power of Big Data 

the IBM Big Data platform". McGraw Hill Professional, 2012.  

[6] Singh, D. and Reddy, C. K. "A survey on platforms for Big 

Data analytics," Journal of Big Data (2:1), 2014, pp. 1.  

[7] Steinmetz, Ralf, and Klaus Where. "Peer-to-peer systems 

and applications." LNCS Springer (2005).  

[8] Hadoop. http://hadoop.apache.org/ 

[9] Lin, C.-Y., Tsai, C.-H., Lee, C.-P. And Lin, C.-J. "Large-

scale logistic regression and linear support vector machines 

using Spark", 'IEEE International Conference on Big Data"', 

IEEE, 2014, pp. 519—528. 

 [10] Berkeley Data Analysis Stack. 

https://amplab.cs.berkeley.edu/software/ 

 [11] Bunya, Rajkumar. "High Performance Cluster 

Computing: Architecture and Systems, Volume I." Prentice 

Hall, Upper Saddle River, NJ, USA 1 (1999): 999.  

[12] Beckerman, Ron, Mikhail Blanco, and John Langford, 

eds. "Scaling up machine learning: Parallel and distributed 

approaches". Cambridge University Press, 2011. 

[13] Nicholls, John, and William J. Dally. "The GPU 

computing era." IEEE micro 30.2 (2010).  

[14] Brown, Stephen D., et al. "Field-programmable gate 

arrays." Vol. 180. Springer Science & Business Media, 2012.  

[15] Asuncion, M. D., Cahiers, R. N., Bianchi, S., Nett, M. A. 

and Bunya, R. "Big Data computing and clouds: Trends and 

future directions," Journal of Parallel and Distributed 

Computing (79), 2015, pp. 3—15.  

[16] Fan, W. and Bidet, A. "Mining Big Data: current status, 

and forecast to the future," ACM singed Explorations 

Newsletter (14:2), 2013, pp. 1—5. 

 [17] Colic, V., Chafe, F., Barolo, L. and Lela, A. "Scalability, 

Memory Issues and Challenges in Mining Large Data Sets” 

‘Intelligent Networking and Collaborative Systems (Incas), 

2014 International Conference on', IEEE, 2014, pp. 268--273. 

 [18] Fernandez, Alberto, et al. "Big Data with Cloud 

Computing: an insight on the computing environment, 

MapReduce, and programming frameworks." Wiley 

Interdisciplinary Reviews: Data Mining and Knowledge 

Discovery 4.5 (2014): 380—409. 

 [19] Hastie T, Tibshirani R, Friedman J. "The Elements of 

Statistical Learning: Data Mining, Inference and Prediction". 

2nd ed. New York, NY; Berlin/Heidelberg: Springer; 2009  

[20] Han, Jiawei, et al. "Frequent pattern mining: current 

status and future directions." Data Mining and Knowledge 

Discovery 15.1 (2007): 55— 86.  

[21] Moans, S., Aksehirli, E. and Goethals, B. "Frequent 

itemset mining for Big Data" Big Data, 2013 IEEE 

International Conference on, IEEE, 2013, pp. 111—118.  

[22] Arora, S. and Chana, I. "A survey of clustering 

techniques for Big Data analysis" Confluence The Next 

Generation Information Technology Summit (Confluence), 

2014 5th International Conference-, IEEE, 2014, pp. 59—65.  

[23] Kurasova, Olga, et al. "Strategies for Big Data 

clustering." Tools with Artificial Intelligence (ICTAI), 2014 

IEEE 26th International Conference on. IEEE, 2014, pp. 

740—747. 

 [24] Lin, J. and Rayon, D. "Scaling Big Data mining 

infrastructure: the twitter experience," ACM SIGKDD 

Explorations Newsletter (14:2), 2013, pp. 6—19.  

[25] Guide, SAS User’s. "Statistical analysis system." SAS 

Institute Inc., Cary, North Carolina, USA (1986).  

[26] Python. https://www.python.org/ 

[27] KNIME. https://www.knime.org/ 

 [28] Koliopoulos, A.-K., Yiapanis, P., Steiner, F., Nomadic, G. 

and Keane, J. "A parallel distributed Weka framework for Big 

Data mining using Spark” ‘Big Data (Big Data Congress), 

2015 IEEE International Congress on', IEEE, 2015, pp. 9—

16. 

 [29] Men, Xiangrui, and et al. "Glib: Machine learning in 

apache spark." Journal of Machine Learning Research 17.34 

(2016): 1-7. 

 [30] Agawam, Aleph, et al. "A reliable effective treacle linear 

learning system." Journal of Machine Learning Research 15.1 

(2014): 11111133.  

[31] Chu, Cheng-Tao, et al. "Map-reduce for machine 

learning on multicore." NIPS. Vol. 6. 2006.  

[32] Analytics, Revolution. "Packages in Readopt Toolkit." 

(2015). 

 [33] Harrick, Mark, and Tom Plunkett. "Using R to unlock 

the value of Big Data: Big Data analytics with Oracle R 

enterprise and Oracle R connector for Hadoop". McGraw-Hill 

Education Group, 2013. 

 [34] Zheng, Jiang, and Aldo Darning. "An initial study of 

predictive machine learning analytics on large volumes of 

historical data for power system applications." Big Data (Big 

Data), 2014 IEEE International Conference on. IEEE, 2014.  

 

 

http://hadoop.apache.org/
https://amplab.cs.berkeley.edu/software/
https://www.python.org/
https://www.knime.org/

