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Abstract: Data publications are increasing day by day, they unit, diversity and rapidity 

generated data is more than the available data and difficult to analyze and construe. Billions 

of networked sensors are surrounded in devices that run, generate the convey data such as 

smart phones, automobiles , social media sites, laptop computers , PCs and industrial 

machines , The data obtained from different sources are structured, semi structured or 

unstructured form , Traditional data based systems are insufficient to process these data 

types. That’s why new technology introduced. The technologies developed gradually. 

Today’s large data sets including Collecting ,processing, analyzing and visualizing. These 

technologies provide great advantages for enterprises, especially by easily analyzing large 

unstructured data sets. The purpose of this study is to introduce the practices of Hadoop and 

Spark technologies used in Big Data Analysis and to discuss the advantages they provide for 

establishments. 

Keywords: Big data , Hadoop, Spark , MapReduce, New technologies

1. INTRODUCTION 

Big data is called big amounts of data sets that cannot be analyzed and managed using 

traditional databases(Ohlhorst, 2013). The amount of data in the world today has been 

increasing exponentially for many reasons. Various sources and daily activities produce a lot 

of data. With the web's invention, the world has become online and everything we do leaves a 

digital trace. As smart objects become online, the data growth rate has increased even faster. 

Major data sources, social media sites, sensor networks, digital images/videos, mobile 
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phones, purchasing records, web logs, medical records, archives, military surveillance, e-

commerce, complex scientific research, etc. all this information is about five quadrillion 

bytes of data. Scientists estimate that by 2020 the size of the data volume will be about 40 

zettabytes. 

So how did it get to this point over time, where did the world go from version 1.0 to version 

2.0, which version is smarter than the upgraded version? There is no doubt that many trends 

have played an active role in the emergence of all these changes. If we focus on the 2.0 

digital aspect of the Earth, we need to focus on the three major trends that led to the 

information revolution: 

 Unlimited power density in the cloud 

 Set of sensors that will make everything smarter 

 Artificial intelligence and learning through intelligent algorithms 

These three major trends will affect any part of society, including the business we do. Now 

let's look at each of these: 

1.1. Unlimited Power Consumption 

In recent years, the data storage price has fallen to approximately $0.03 per gigabyte, 

according to Moore's law; this price is expected to drop further in the coming years. So today 

data erasure has become more expensive without saving data. In this way, data collection and 

storage for organizations has largely eliminated the problem (See Figure 1). This means that 

the collection and storage of any data can be analyzed using intelligent algorithms, as well as 

much more. 

 

Figure 1: Data Storage Center (Datafloq, 2017) 

However, hardware is not a single component of unlimited computing power. In recent years, 

the new technologies we have seen have the capacity to perform all data analysis. Here we 

talk about terabytes or petabytes of data in just seconds. 

Open source technologies such as Apache Spark have the ability to analyze the memory of 

data over a distributed network, thanks to thousands of nodes. These open source 
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technologies have the capacity to analyze large amounts of data in sensors, all the 

information created on the internet, as well as all the unstructured data created by consumers 

around the world. 

1.2. Set Of Sensors 

Unlimited trading power has created a world that has been devoted to us for many years. 

Although this world is increasingly interconnected and more interconnected, it is estimated 

that there will be up to a trillion interconnected devices in the next decade. All of these 

sensors will make our world intelligent and we will look for these sensors as the Internet of 

Things. According to Cisco, the world-renowned Network Technology Company, the 

Internet of objects will have a market of $ 19 trillion in the next decade. For this production, 

2.9 trillion dollars is projected.  

In the future, you can find sensors anywhere you can think of. Sensors are placed on the 

roads at regular intervals to monitor traffic. Sensors are used to monitor prediction-based 

maintenance or driving behavior in vehicles and accordingly to establish insurance policy. 

The sensors will be very cheap and very small in the future, so that you can find them in 

clothes and medicine. Sensors already placed under human skin have been used. 

1.3. Smart  Algorithms 

Intelligent algorithms are needed to understand the large amount of data generated by trillions 

of sensors. Fortunately, the development of algorithms in the past has reached the next level 

thanks to Artificial Intelligence, Machine-Learning and deep learning. Artificial intelligence 

has a tremendous potential to use today. In a study conducted by the University of Oxford in 

2013, artificial intelligence is estimated to be able to take away almost half of all jobs in the 

United States in the near future. The most common application of artificial intelligence is to 

find patterns of large amounts of data and automatically act independently. This automatic 

and sophisticated complex identifier, prediction, and prescriptive analytical task allow 

companies to create unprecedented levels of value. 

2. BIG DATA TECHNOLOGIES 

The number of technologies used to store, process, manage and analyze large sets of data is 

increasing day by day(Vaccari, 2014). Big data technologies have features such as processing 

all kinds of data (flexible), scalable, backed up and accessible (data guaranteed), and open 

source projects (low cost). Big data is particularly focused on the technology needed to 

manage data in large volumes and in unstructured format. Despite the fact that big data 

technologies are new, today they are of great interest. The most important feature of big data 
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technologies is how it can value organizations, reduce costs, reduce data processing time, 

improve new product and service quality, or use new data models to make better decisions. 

2.1. Hadoop Components And Structure 

Hadoop is a Java-developed (free) software framework for processing big datasets that can be 

distributed over hundreds of machines, starting from a machine. These applications typically 

use data that is accessed from open data sources through open application programming 

interfaces that are commonly used on the web. 

2.1.1. Hadoop Defined By Apache Foundation 

The Apache Hadoop software library is a framework that allows big datasets to be distributed 

between computer clusters using simple programming models. It is designed to scale from 

single servers to thousands of machines, each offering local computation and storage. Instead 

of relying on hardware to provide high accessibility, the library itself is designed to detect 

and handle failures at the application layer(Mukhammadov, 2013). Therefore, Hadoop offers 

a highly available service on a cluster of computers, each of which is prone to failure. Apache 

Hadoop is a good solution to handle big data when large amounts of data are used to leverage 

analytics to obtain meaningful information. The Apache Hadoop structure consists of a 

combination of various Hadoop components and different technologies that have tremendous 

capabilities to solve complex business problems. 

The holistic structure of Hadoop structure is the elements of Hadoop common, Hadoop 

YARN (Yet Another Resource Negativeator), HDFS (Hadoop Distributed File System) and 

MapReduce in the Hadoop ecosystem. There are other tools under these main components. 

Hadoop common is a framework that provides all Java libraries, utilities, OS-level 

abstraction, scripts to run the necessary Java files and Hadoop, while making hadoop yarn, 

business planning and Cluster Resource Management.  HDFS in Hadoop structure provide 

high-efficiency access to application data, and Hadoop MapReduce provides YARN-based 

parallel processing of big data sets. 

In order to produce the right solutions to the given business problems, need to enter in depth 

the Hadoop structure and its components(See Figure 2).  
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Figure 2: Apache Hadoop Ecosystem (Slidershare, 2016) 

2.1.2. Hadoop Structure Components Of The Big Data Ecosystem 

The Hadoop ecosystem consists of four main components: Hadoop common, Hadoop 

Distributed File System (HDFS), MapReduce (distributed data processing framework of 

Apache Hadoop), and YARN. 

Hadoop common, Apache Foundation, has a number of pre-defined utilities and libraries that 

can be used by other modules in the Hadoop ecosystem. For example, if HBase and Hive 

want to access HDFS, they must create Java archives (JAR files) stored in Hadoop common. 

HDFS is the default big data storage layer for Apache Hadoop. Since users can dump big 

datasets into HDFS, HDFS is called the "secret sauce" of Apache Hadoop components, where 

data is ready for analysis. The HDFS component creates several copies of the data block to be 

distributed across different sets for reliable and fast data access. HDFS consists of three 

important components: the Name Node, the Data Node, and the Secondary Name Node. 

HDFS works in a Main/Connector node structure model that serves as the master node to 

keep records of the ad node's storage cluster, and serves as a connector node that is 

aggregated into various systems in the ad node's Hadoop cluster(See Figure 3). 
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Figure 3: Hadoop Main / Connector Node Structure (Slidershare, 2016) 

A typical Hadoop Distributed File System includes client machines, master nodes, and 

connector nodes that take the role of a machine. The main nodes control two important 

functional parts that make up the Hadoop: storing a large amount of data (HDFS), and 

executing parallel calculations (Map Reduce) to all of these data. While the name node 

controls and coordinates the data storage function (HDFS), the Job Tracker controls and 

coordinates parallel processing using the MapReduce. Connector nodes make up the majority 

of machines and do all dirty work to store data and run calculations. Each connector node 

runs a data node and task monitor background program that communicates with both the 

master nodes and the commands. The task monitor background program is connected to the 

name node as a connector to the data node background program. 

On client machines, the Hadoop is installed with all cluster Settings. However, the host or 

connector nodes are not installed. Instead, the role of the client machine is to upload data to 

the cluster, send the MapReduce jobs explaining how to handle this data, and then receive or 

display the results of the job when the job is finished. In small clusters of about 40 nodes, you 

may have a single physical server that plays multiple roles, such as both the business monitor 

and the ad node. A single server machine is required for each role in the medium and large 

clusters. 

MapReduce is a Java-based system created by Google that enables efficient processing of 

real data within HDFS. MapReduce doesbig data processing job by splitting it into smaller 

tasks. MapReduce analyzes big datasets in parallel before shrinking the data to find the 
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results. In the Hadoop ecosystem, Hadoop MapReduce is a framework based on YARN 

structure. The yarn-based Hadoop structure supports parallel processing of big data sets and 

provides a framework for writing applications on thousands of nodes, taking into account the 

fault and error management. 

The basic working principle behind the MapReduce is as follows. Map and Reduce are 

functions, and the data to be processed is divided into separate parts. Each of these reserved 

parts is mapped to map in the form of key-value pairs. Then, the data extracted from map is 

grouped and sent back to reduce. In the reduce section, all couples are reduced by the same 

key value (See Figure 4). Meanwhile, the task inputs and outputs are stored in a file system. 

The MapReduce schedules these jobs, monitors jobs, and performs the failed task again. 

 

Figure 4: Working principle of MapReduce 

Skybox today developed an affordable image-satellite system to capture videos and images 

from anywhere in the world. Skybox today uses Hadoop to analyze large amounts of image 

data downloaded from satellites. Skybox's image processing algorithms are written in C++. A 

proprietary framework of the skybox, Busboy uses built-in code from the Java-based 

MapReduce framework. 

Today, YARN is widely used for the processing and management of distributed big data that 

is known as Hadoop 2.0.  Hadoop YARN is the latest technology released in October 2013. 

With Hadoop YARN, the Hadoop database, and the Hadoop HBase database, Hadoop 1.0 is a 

refresh to provide performance enhancements that will benefit all technologies associated 

with the Hadoop ecosystem. Hadoop yarn comes with Hadoop 2.x distributions sent by 
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Hadoop distributors. Yarn performs business planning and resource management tasks that 

do not have to use Hadoop MapReduce on Hadoop systems. Hadoop yarn has an structure 

developed unlike the original features of Hadoop 1.0, so systems can be scaled to new levels 

and responsibilities can be easily assigned to various components in Hadoop HDFS. 

The basic components of Apache Hadoop listed above are the basic distributed Hadoop 

framework. There are a few other Hadoop components that form an integral part of the 

Hadoop ecosystem. These are used to increase Apache Hadoop's power in some way, or 

better integration with databases, make Hadoop faster, or develop new features and 

functionality. The Hadoop components used largely by companies are: Pig, Hive, Sqoop, 

Flume, HBase, Oozie and Zookeeper.  

2.1.3. Data Access components of Hadoop Ecosystem: Pig and Hive 

Apache Pig is a useful tool developed by Yahoo for efficient and easy analysis of big 

datasets. Pig provides a high level of data flow optimized, extensible and easy to use using 

Latin language. The outstanding feature of pig programs is that their structures are open to 

parallelism that facilitates the operation of big sets of data. 

Apache Hive is a data warehouse developed by Facebook and built on Hadoop. Hive uses a 

simple language known as HiveQL, similar to SQL for managing, querying, summarizing, 

and analyzing unstructured large sets of data. Hive makes querying faster by indexing. Built 

on Hadoop YARN, Hive has advantages such as scalability, usability and fault tolerance. 

2.1.4. Data Integration Components of the Hadoop Ecosystem : Sqoop and Flume 

Apache Sqoop uses Sqoop to send and receive data from Hive RDBMS. Sqoop supports bulk 

data transfer between Hadoop and external relational databases and between Hadoop and 

NoSQL systems. Sqoop is independent of operating systems, and its connector-based 

architecture supports connectivity to additional external systems. Snoop, uses MapReduce to 

import and export data. Online marketer today Coupons.com to ensure that the data between 

Hadoop and IBM Netezza data warehouse is transmitted, Hadoop uses the Sqoop component 

of the ecosystem and sends the results back to Hadoop using Sqoop. 

Apache Flume is used to collect and integrate large amounts of data. Apache fly is used to 

collect data from the original and send it back instead of storing it (HDFS). Flume 

accomplishes this by summarizing data flows from sources and sinks. Processes running with 

the flow of data are called agents, and data particles flowing through the flow are known as 

events. For example, the Twitter source connects through the streaming API and repeatedly 

downloads tweets (called events). These tweets are converted to JSON format and are sent 
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down to Flume sinks for more detailed analysis of tweets and retweets to attract users on 

Twitter. 

2.1.5. Hadoop Ecosystem Data Storage Component: HBase 

Apache HBase is a database for the column that uses HDFS to store data. HBase supports 

random reads and bulk calculations by using Mapeduce. With HBase, the NoSQL database 

provider can create large matrices with millions of rows and columns on the hardware 

machine. 

2.1.6. Monitoring, Management and Orchestration Components of the Hadoop 

Ecosystem: Oozie and Zookeeper 

Apache Oozie is a workflow scheduler in which workflows are expressed as directed native 

graphics. Oozie works in Tomcat within a Java Servlet and uses a database that stores all the 

workflow instances, government ad variables, and workflow definitions that work to manage 

Hadoop jobs (MapReduce, Sqoop, Pig, and Hive).  

Apache Zookeeper is the king of coordination and offers simple, fast, reliable and regular 

operational services for a Hadoop cluster. Zookeeper is responsible for providing 

synchronization service, distributed configuration service, and a name registry for distributed 

systems(Vavilapalli, 2013). Zookeeper tools allow developers to create distributed 

applications that reliably handle partial failures. 

On the other hand, the widely used Hadoop ecosystem components include Avro, Cassandra, 

Chukwa, Mahout, HCatalog, Ambari and Hama. Users can customize big data experiences to 

meet changing business needs by implementing Hadoop using one or more Hadoop 

ecosystem components. 

Apache Cassandra is an open source database management system designed to handle large 

amounts of data on a distributed system. This system was first developed by Facebook and is 

currently managed as an Apache Software-based project. 

The Apache Ambari, a Hadoop component, is an easy-to-use RESTful API for the Hadoop 

administration. The Ambari is equipped with centralized management to start, stop, and 

reconfigure the Hadoop services. The warehouse facilitates the alert frame, which can 

monitor the healthy functioning of the Hadoop cluster. 

Apache Mahout is an important Hadoop component for machine learning. Mahout is a library 

of machine learning algorithms written for MapReduce, but needs many MapReduce jobs 

because machine learning algorithms are iterative. This Hadoop component divides items into 

clusters based on classification by categorizing them into the corresponding group in 

providing recommendations for user behavior. Mahout's algorithms are written on Hadoop, 
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so it works well in a distributed environment. Mahout uses the Apache Hadoop library to 

scale the cloud effectively. Mahout provides a ready framework for the encoder to perform 

data mining tasks on large amounts of data, enabling efficient and rapid analysis of big data 

sets. It also includes Matrix and Vector libraries with several MapReduce -enabled clustering 

applications such as mahout k-means, fuzy k-means, Canopy, Dirichlet, and Mean-Shift. 

Today, companies such as Adobe, Facebook, LinkedIn, Foursquare, Twitter and Yahoo use 

mahout extensively. Foursquare uses mahout to find places, food and entertainment available 

in a specific area.  

Apache Kafka was developed by Linkedln and later became an open source Apache project 

in 2011. Apache head became a first-class Apache project in 2012. Apache is a broadcast-

based error-tolerant messaging system written in Kafka Scala and Java. Messages can be 

quickly, scalable and distributed through design. 

Apache Hama is an Apache top-level open source project that allows advanced analysis 

beyond the MapReduce. Many data analysis techniques, such as machine learning and 

graphical algorithms, require iterative calculations. Hama is where the Bulk Synchronous 

Parallel Model can be more effective than the ‘flat’ map impedance(Pooya Tabesh;Elham 

Mousavidina;Sona Hasani, 2019). 

Apache HCatalog is a storage management layer built on The Hive metadata repository that 

enables Apache Pig, Hive and MapReduce users to share the relational view of the data 

stored in HDFS. HCatalog includes a repressive state transfer (REST) interface (via 

WebHCat) that allows access to hive metadata to external systems(WebHCat, 2016). 

HCatalog supports reading and writing various file formats (such as RCFile, CSV, JSON, and 

SequenceFile formats) using Hive Serde. 

2.2. Apache Spark   

Apache Spark is an open source data processing framework based on speed, ease of Use and 

sophisticated analytics(BehroozHosseini; KouroshKiani, 2019). Initially, UC Berkeley was 

developed in AMPLab in 2009 and prepared as an open source Apache project in 2010. Since 

its launch, Apache Spark has been rapidly adopted by businesses in large-scale industries. 

Netflix, Yahoo, and eBay, as well as internet power plants, spark, collectively processing 

multiple petabytes of data on clusters of more than 8000 nodes, has unleashed a large-scale 

effort. More than 250 companies have become the largest open-source community of over 

1,000 contributors in the field of big data. Apache Spark is lightning fast cluster computing 

technology designed for fast computing. Apache Spark is based on Hadoop Prepreduce and 

extends the Mappreduce model to efficiently use for more computational types, including 
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interactive queries and flow handling(Dariush Khezrimotlagha; Jo eZhubc; Wade Cookd; 

MehdiTolooe, 2019). The main feature of sparkle is in-memory cluster processing, which 

increases the processing speed of an application. Spark is designed to cover a wide range of 

businessloads, including batch applications, iterative algorithms, interactive queries, and 

streaming. In addition to supporting this workload in a relevant system, it also reduces the 

management burden of protecting separate vehicles. Apache Spark has the following features: 

 Speed: It helps run an application on the Hadoop cluster, 100 times faster in memory, 

and 10 times faster in disk space. In spark, it is possible to reduce the number of read / 

write operations on the disk. Additionally, the intermediate processing data may be 

saved in memory. 

 Supports Multiple Languages: Spark provides APIs built into Java, Scala, or 

Python. Therefore, applications can be written in different languages. Spark comes 

with 80 top-level operators for interactive interrogation. 

 Advanced analysis: Spark is not just 'Map' and 'Reduce'. It also supports SQL 

queries, flow data, machine learning (ML) and graphical algorithms. 

2.2.1. Spark Components 

The following figure shows the different components of Spark. 

 

Figure 5: Components of Spark (Tutorialspoint, 2016) 

The Apache Spark kernel is built on all other functions and is the overall execution 

infrastructure underlying the Spark platform. The sparkle Core provides in-memory 

computing and reference datasets for external storage systems. 

Spark SQL is a component at the top of the Spark Core that introduces a new data abstraction 

called SchemaRDD, which provides support for structured and semi-structured data.  The 

sparkle stream uses the Spark Core's quick scheduling feature to perform flow analytics. The 

spark stream takes the data into small particles and performs transforms of RDD (Resilient 

Distributed Datasets) on these small data stacks. 



pg. 219 
 

The Machine Learning Library (MLib) is a distributed machine learning framework on Spark 

because of its distributed memory-based Spark architecture. According to comparisons, 

MLlib is made by developers against alternative least squares (ALS) applications. Spark 

MLlib works nine times faster than the Hadoop disk-based version of Apache, before gaining 

the mahout spark interface. 

GrafikX is a distributed graphics rendering framework on top of spark. GrafikX provides an 

API to express the graphing calculation that can model user-defined graphics using the Pregel 

abstraction API. In addition, this provides an optimized working time for abstraction. 

3. BIG DATA COMPANIES 

The emergence of large data enabled organizations to compete better. In addition to helping 

organizations improve their processes and results, large data helps organizations differentiate 

their products and services from their competitors. Large data has enabled companies to save 

on costs by supporting business growth and to access real-time information in product 

development, marketing, sales, finance and other areas(Paul Quinna ;Liam Quinn, 2018). 

This gave companies more opportunities to make better and smarter decisions, to increase 

sales and identify customer behavior trends that enhance customer relationships, thereby 

giving the company a competitive edge. Moreover, data-driven strategies can be used to 

capture innovative, competitive and value(Feliks P. SejahteraSurbakti; Wei Wang; Marta 

Indulska; Shazia Sadiqa, 2019). Data collected and analyzed can be used to design future 

products or to create new service offerings. 

According to the Forbes report for 2015, nearly 90% of global organizations invest in large 

data technology at a moderate or high level, and one third of their investments are "very 

important". Most importantly, two-thirds of respondents said data and analytical initiatives 

had a significant and measurable impact on revenues. Expanding data in the current situation 

leads us to the "information economy".This economy is based on information gathered in a 

versatile way and is transformed into business understanding to generate revenue. This led to 

the emergence of a new "information layer" in the economy. The new 'information layer', 

which brings income to the economy, also increases the growth of the global 

economy(Adrienne N.CobbMD; Andrew J.BenjaminMD; Erich S.HuangMD, PhD; Paul 

C.KuoMD, 2018). This growth in the global economy will cause millions of new jobs. By 

2015, Gartner predicts that large data demands will create 4.4 million jobs in the IT industry 

around the world. According to Gartner, only 1.9 million IT jobs will be created in the United 

States. How big data affects the IT industry is of great importance. In addition to these 1.9 

million jobs, each IT job will create 3 non-Bt jobs. Thus, in the next 4 years, 6 million U.S. 



pg. 220 
 

labor force created by this new "information economy" will reach a large figure. Gartner 

predicts for the United States how big data will sustain economic growth, as in Figure 6. 

 

Figure 6: Big Data Market Forecast for the United States 

Today, organizational flexibility and change are one of the factors that enable companies to 

survive. It is the first element that will enable a company to stand in front of another company 

by predicting an event and determining strategies accordingly. For example, Amazon has 

increased book sales by 30% through recommendation systems. In an article by Lisa Arthur 

Forbes, eBay has more than 100 million active users globally. In 2011, this company sold $ 

68.6 billion. eBay also did this thanks to large data like other big companies. Another senior 

eBay manager said, ‘We’ve seen patterns in data sets that a technician can't see.  This allows 

us to save millions of dollars by seeing the servers and other inefficiencies that are used 

below our potential.’ As Tractica analyst Bruce Daly said, "Companies that are making 

progress in thinking data differently are companies that change the economy like Google and 

Uber." 

Innovative business models are of great importance for the companies especially in fast-

developing markets and in areas where profit margins are narrowed due to competition, 

because innovation creates opportunities for businesses and threatens their competitors. 

Facebook is the world's most popular site for today, but no content is itself. Alibaba.com the 

world's most valuable retailer, but there is no store that doesn't hold stock. Airbnb, the world's 

largest provider of accommodation services, but does not have a single property. Uber is the 

world's largest taxi company, but he doesn't have a single vehicle. San Francisco, the city 

where Uber was born, plunged into the sinking of the city's fifty-year oldest long-established 

taxi company, and the city became a scene of violent protests. The common feature that 

Airbnb and Uber are very successful is that both have created a sharing economy through an 

application. 
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Airbnb and Uber started an innovative business model but with the data-driven business 

model, each has grown considerably. While Uber is worth 62.5 billion dollars, Airbnb is 

worth 30 billion dollars. NETFLIX and iTunes are initiatives that have created a real 

devastation effect in the sectors in which they are located. In the 2000s, Blockbuster was an 

empire in which we rented movies and videos from physical stores, and Netflix's internet 

video initiative led to blockbuster's bankruptcy. iTunes also created the same destruction in 

the music industry by moving the pieces in the CD market. From here it is possible to achieve 

the following results. Today, in fact, many industries have begun to be threatened by 

innovative, technologically focused data-driven companies that are well aware of the 

customer(AlexNeilson; Ben Daniel; Stevanus Tjandrac, 2019). Therefore, organizations 

today have to start thinking about data-oriented and aim to spread the data culture to the 

whole organization. 

4. CONCLUSION AND EVALUATION 

Today, large data management has become more important than ever. The main reason for 

this is that enterprises pay more attention to data than in the past. The main trends that cause 

such an effect are non-relational databases, large data processing, semantic technologies, and 

a number of new developments such as the Internet of objects. All of these improvements are 

due to the increasing complexity of the data management industry, which requires more to 

combine old data with new data types. With these improvements, regulatory and compliance 

issues by enterprise users, different data management, data quality, and other enterprise 

initiatives have been put under greater pressure to work directly with data. These pressures 

have created an ever-increasing necessity for managing large data more accurately, open and 

reliable. Today, large data analysis technologies such as Hadoop have been developed to 

solve all these problems. When Hadoop first appeared, it quickly became synonymous with 

large data, but it still failed to reach the desired level, and many of the major data projects 

failed, because the structure of Hadoop was much more complicated than it was conceived 

and thought. Hadoop tried to overcome these problems with MapReduce, but failed. But right 

now, thanks to Spark, Hadoop has largely overcome these problems. Thanks to Hadoop, 

companies today provide economical and general-purpose solutions to problems by making 

highly successful analyses for both batch processing and data flow. In this context, through 

new technologies such as Hadoop and spark, enterprises analyze large amounts of non-

structural data simultaneously, develop policies based on analysis results and increase capital 

ratios substantially. In this study, the importance of these technologies in terms of companies 

is emphasized by explaining the structures of large data technologies. As a result, companies 
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need to invest more in large data technology to compete with their competitors in the future 

and survive.
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