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Abstract—In this paper, we present an overview and tutorial of
the Apache Spark ecosystem used for Big Data Analytics. Apache
Spark is a unified computing engine and a set of libraries for
parallel data processing on computer clusters. It has emerged as
a leading contender for big data processing. Big Data analytics
has been one of the most active research areas in recent times.
Techniques of database dealing with large data are extension
from traditional relational database. Apache Spark technique
can deal with different large data processing types, for example,
in real-time data analysis or graph processing. It is a fast and
general engine for large-scale data processing and a open source
for developers or data scientists interested in Big Data Analytics.

Index Terms—Apache Spark, Big Data, Data Analysis, Hadoop,
Machine Learning, Stream Processing, Spark’s Architecture,
Keys Components

I. INTRODUCTION TO SPARK

Apache Spark, since its initial release in 2014, has become
one of the most popular big data tools and considered as the
next generation powerful unified analytics engine for large-
scale distributed data processing and machine learning, with
APIs in multiple programming languages and a wealth of built-
in and third-party libraries. It is an open-source distributed
general-purpose cluster-computing framework, making it a
highly important for any developer or data scientist interested
in big data.

Apache Spark is driving data analytics excitement. One of
the biggest concerns of big data and analytics is security and
privacy. Apache Spark performance processes data anonymiza-
tion. Real time SPAM detection [21] and cyber crime forensics
[10] are two of these security and privacy applications. Apache
Spark can be used in different areas, for example, in scientific
research for neural response to organisms activity [9] or in
genomic data processing [1].

Apache Spark Ecosystem is fast for large-scale data process-
ing and well integrated with Hadoop. Apache Spark is around
100 times faster than MapReduce using only RAM and 10
times faster if using the disk. In addition, it can run on top of
YARN and can access HDFS [2] with great set of libraries.
It has become a powerful alternative to Hadoop MapReduce
with rich functionality features, for example, machine learning,
graph computation and real-time stream processing.

A. History of Spark

Before Spark, many organizations and large enterprises have
been using Hadoop and its framework based on MapReduce
extensively to analyze their datasets [18]. Hadoop was the
first open source system to tackle data-parallel processing on
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clusters of thousands of nodes. It was the dominant parallel
programming engine for clusters of the big data world. The
main concern is to maintain speed in processing large datasets
then Spark was introduced for speeding up the Hadoop com-
putational computing software process [14].

Going back to 2009, Apache Spark was first developed as
the Spark research project and published the following year
by Matei Zaharia, Mosharaf Chowdhury, Michael J. Franklin,
Scott Shenker and Ion Stoica of UC Berkeley’s AMP Lab
(see [4], [20]). Zaharia and his collaborators had worked
with multiple early Hadoop MapReduce users to understand
its main benefits of tremendous potential clusters computing
and drawbacks of challenging and inefficient to build large
applications.

The first version of Spark only supported batch applications
but it quickly became a new candidate for the big data
world.The early version of Spark (before 1.0) largely defined
composable APIs in terms of functional operations. In 2014,
beginning with 1.0, a new API with structured data was added
as Spark SQL.

Spark has its own cluster management. It is not a modified
version of Hadoop own cluster management. Spark 2.0 was
released in 2016 and the project continues to make regular
releases with new features.

B. Big Data World

Big data analytics is at the core of transformation of orga-
nizations and large enterprises. It can help organizations and
large enterprises to better understand the information contained
in data to identify what information is the most important for
their business decisions. Big data is getting bigger and bigger
day by day. Ever increasing complexity and appetite for big
data [7] require data processing to scale to multiple nodes [21].
Big data analytics is a process of collecting, organizing and
analyzing large volumes of data. The aim of this process is to
discover patterns and connections of useful information that
might be invisible and can provide us a better insights about
who created it.

Previously, the applications developed to handle large data
ran faster as the speed of the processor increased. However,
over last decade, as the processor speed plateaued out, the
computing power increase has relied on processing data over
multiple processors, and through development of distributed
computing architecture. Hence traditional software applica-
tions have to be redesigned to handle this paradigm shift in
computing framework. Apache Spark was built to adapt to



this new trend. It’s high-speed cluster computing technology
works with the system to distribute data across the cluster and
process data in parallel.

II. APACHE SPARK ARCHITECTURE

In this section, we walk through the core architecture of
Apache Spark (see [4]-[6]). Many organizations and large
enterprises have considered data processing as a particularly
challenging area.

A. Basic Design and Concepts

Nowadays, a single computer or machine does not have
enough power and resources to perform multi-tasks required
to process large datasets. They have to use cluster computing
to perform their tasks.

A cluster is a type of parallel or distributed computer system
pools the resources of many machines together as a single
integrated computing resources. Groups of independent com-
puters are combined into a unified system through software
and networking giving us the powerful ability to use all the
cumulative resources.

Apache Spark helps us to manage and coordinate the
execution of tasks on data across a cluster of computers. It
has a master-slave architecture with a cluster manager and
two daemons, as shown in Figure 1.
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Figure 1. Apache Spark architecture

The cluster of machines is managed by a cluster manager.
We submit Spark Applications to these cluster managers to
perform and complete our tasks. The daemons are master and
worker here. Every Spark application consists of a driver pro-
gram that is responsible for running the user’s main function
and executing various parallel operations on the cluster.

B. Spark Applications

Spark Applications consist of a driver process that is respon-
sible for running your main() function and a set of executor
processes to execute various parallel operations on the cluster.
The driver process is the heart of a Spark Application and the
driver communicate in different ways for instance, with Spark
through the Spark Context object, that is the entry point for
Spark functionality. There are other ways that the driver can
communicate with Cluster Manager for resource allocation to
execute the tasks and with distributed workers called executors
to execute tasks.

Figure 2. Apache Spark Cluster Managers

In Spark Applications, the Cluster Manager knows where
the workers are located, how much memory they have and
the number of CPU cores each one has. The essential respon-
sibility of the Cluster Manager is to schedule and allocate
resources across the host machines forming the cluster and to
Spark Applications. There are three core Cluster Managers,
YARN, Spark’s standalone Cluster Manager and Mesos, that
can be launched on-site or in the cloud.

The executors are responsible for actually executing the
tasks and data processing in the given Spark jobs that the
driver assigns them. They launch at the beginning of Spark
Application and run for the lifetime of an application, read
from and write to external sources, store intermediate results,
offer resources (memory, CPU cores etc.)

C. Discussions

Spark’s standalone Cluster Manager is one of three core
Cluster Managers that Apache Spark supports. It is a simple
cluster available as part of the Spark application and works
on different environment (Linux, Windows or MAC OS).
Its capacities for managing resources per application and
for running alongside of existing Hadoop deployment and
accessing Hadoop Distributed File System (HDFS) data make
Spark’s standalone Cluster Manager as the first choice of users.



Another Cluster Manager, Mesos, is a distributed systems
kernel and has high availability for masters and slaves. Mesos
has API’s for Java, C++ and Python and can be run on Linux or
Mac OS, support for Docker containers. This Cluster Manager
can control resource per application and can run Spark jobs or
Hadoop MapReduce. The third Cluster Manager, supported by
Apache Spark that we will discuss now is YARN. It works on
Linux and Windows. It also has high availability for masters
and slaves.

IIT. APACHE SPARK ECOSYSTEM

Apache Spark is written in Scala making it Spark’s default
language. Even though Spark is written in Scala, we can write
code in Java. It provides high-level application programming
interfaces (APIs) in Java, Scala, Python, and R. Python sup-
ports nearly all constructs that Scala supports. Apache Spark
also supports a subset of the SQL standard that makes it easy
for data analysts and non-programmers to take advantage of
Spark big data powers. There are two common R libraries,
SparkR and sparklyr. It runs on the Java Virtual Machine
(JVM) either on a personal computer or on a cluster. The
installation of Java is a need to run Spark.

Apache Spark continues to gain in popularity and use
cases. Many new Spark Ecosystem projects have been intro-
duced and used by Fortune 500 companies (Amazon, Ebay,
Nasa Jpl, Yahoo, Uber, Slack, Netflix) to institutions (NASA,
CERN, MIT, Harvard). In particular, in 2016, a new high-level
streaming engine - Structure Streaming technology was made
available that helps to solve massive-scale data challenges
(see [11]-[16], [18]-[20]). This work serves as a tutorial on
Apache Spark ecosystem, focusing on its key components, its
applications and toolkit reviews. Table I provides a comparison
between Spark and Hadoop MapReduce [5].

Hadoop MapReduce Apache Spark
General Open source framework Open source big data
to process structured processing framework
and unstructured big data
Data Source Hadoop Distributed In-memory and interface
File System (HDFS) to external data source
Speed Reads and writes from disk 100 times faster than
which slows down the Hadoop MapReduce when
data processing speed Spark runs in memory
and 10 times faster
when Spark runs on disk
Difficulty Developers need to Spark provides high-level
hand code each operation operators such as map,
in Hadoop MapReduce filter, and so on,
which makes the
developer’s job easy
Real-time Only supports batch Spark supports both
processing processing batch and real-time
processing
Interactive Does not provide Spark provides an
mode an interactive shell interactive shell to
learn and explore data

Table T

SPARKS VS. HADOOP MAPREDUCE

Apache Stark supports different programming languages
and libraries for diverse tasks ranging from SQL to streaming

and machine learning. It can run anywhere from a laptop to
a cluster of thousands of servers making it an easy system to
start with and scale-up to big data processing or incredibly
large scale. The Figure 3 illustrates all the components and
libraries that Spark offers to end-users. Apache Spark has
two fundamental sets of APIs, the low-level “unstructured”
APIs and the higher-level structured APIs. Now we will
walk through our description of Apache Spark into its key
ecosystem features: Unified, Computing Engine and Libraries
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K Structured

Libraries & \

Advanced
Streaming Analytics Ecosystem
Structured APIs
Datasets DataFrames sQL
Low-Level APIs

RDDs Distributed Variables

\ /

Figure 3. Components of Spark

A. Unified

The first component of Spark is unified. The design of
Spark supports a wide range of data analytics tasks such that
data loading, SQL queries, machine learning and streaming
computation over the same computing engine and with a
consistent set of APIs. Its unified platform is offered to
write big data applications more easily and efficiently and
for parallel data processing. By consistent and composable
APIs, we can build an application out of smaller pieces or
out of existing libraries with high performance by optimizing
different libraries and functions composed together in a user
program. To cover more workloads, Spark has continued to
expand its built- in APIs .

B. Computing Engine

The second component of Spark is Computer Engine that is
an infrastructure as a service that lets you run your large- scale
computing workloads on virtual machines. We can use Spark
with a wide variety of persistent storage systems, including
cloud storage systems such that Azure Storage and Amazon
S3, distributed file systems such as Apache Hadoop, key-value
stores such as Apache Cassandra, and message buses such as
Apache Kafka. The different key between Apache Spark and
Apache Hadoop is the focus on computation of Spark, instead
of the focus on a storage system and a computing system of
Hadoop MapReduce.

C. Libraries

The final component of Spark is its Libraries to provide a
unified APIs for common data analysis tasks. Some internal
libraries are like Spark SQL for SQL and structured data,
MLIib for machine learning, Spark Streaming for stream



processing and GraphX for graph analytics. There are also
hundreds of open source external libraries that can be found
at spark-packages.org, ranging from connectors for various
storage systems to machine learning algorithms.

IV. CASE STUDY

We now will go through some toolkits of Apache Spark.

A. Apache Spark’s Toolkit Review

The focus so far in the tutorial has been on the structured
APIs in Spark, specifically in context of Spark data frame.
However, Spark’s foundational aspects lie in low level API’s
like the Resilient Distributed Datasets, or RDDs, and vast suite
of standard libraries for additional functionalities.

- Spark Submit: Spark makes it easy to turn our interactive
program development exercise into production application
through Spark Submit by allowing us to send application code
to a cluster and launch and execute there. It contrasts this
feature with Spark shell which is more useful for running
small interactive jobs, and testing and debug the code. We
can specify the resources that the application needs through
command line switches. It provides support for all cluster
managers including Standalone, Mesos, and YARN, and also
applications in any of Spark’s supported languages. Spark runs
the job on our local machine, and has specifications for which
class and which JAR we would like to run. By changing
the master argument of Spark Submit, same application can
be submitted to a cluster running Spark’s standalone cluster
manager, Mesos or YARN.

- Spark Datasets: It is a type-safe version of Spark’s
structured API used for writing statically typed code in Java
and Scala. The dataset API is not available in Python and
R, because those languages are dynamically typed but gives
users the ability to assign a Java/Scala class to the records
within a dataframe and manipulate it as a collection of typed
objects, similar to a Java ArrayList or Scala Seq. The APIs
available on Datasets are type-safe, meaning that one cannot
accidentally view the objects in a dataset as being of another
class than the class you put in initially. This makes datasets
especially attractive for writing large applications, with which
multiple software engineers must interact through well-defined
interfaces.

- Structured Streaming: It is a high level APIL. The strength
of this API is that one can use same operations that are run
in batch mode, using structured API, and run it stream mode.
This requires minimal code changes and hence lends to quick
code development.

- Lower level API’s: RDDs or Resilient Distributed Datasets
(a key programming abstraction) is at the core of Spark. RDDs
forms a simple extension to MapReduce model. At the core of
Apache Spark is the notion of data abstraction as distributed
collection of objects. Resilient Distributed Datasets (RDDs)
are these data abstractions, allow us to write programs that
transform these distributed datasets, to execute a sequence of
commands independently on a cluster and enable data sharing

across multiple computations then improving efficiency of
iterative algorithms like K-means clustering, Page Rank, etc.
RDDs constitute lower-level APIs available for manipulating
raw or unprocessed unstructured data. RDDs are available in
Scala and Python.

Lower-

Level APls

Figure 4. Lower Level APIs

- SparkR: It allows accessing Spark through an R program.
SparkR package supports distributed dataframe implementa-
tion for Spark operations and distributed machine learning
using MLIib. Its feature adds to the versatility of Spark to
address big data analytic challenges.

B. Case Study Example for Machine Learning

In this section, we present a machine learning example using
the Machine Learning and Advanced Analytics libraries using
Python in Spark. Spark supports at scale machine learning
analysis through MLIib, a built in library of machine learning
algorithms. It has functions to handle data pre-processing,
munging, training of models and last but not the least pre-
diction. As is typical of Spark in terms of its versatility, pre-
dictions from machine learning models can be easily applied
to streaming data through structured streaming. Spark provides
API to handle different ML tasks like classification, regression,
clustering and deep learning. We now look features of a typical
machine learning application flow in Spark that uses K-means
clustering algorithm.

Typically, the first step is to transform the data to numeric
format, so that it can be input to machine learning algorithm
in MLIib.

from pyspark.sgl.functions

import date_format, col
preppedDataFrame = staticDataFrame
.na.fill (0)

.withColumn ("day_of_week",
date_format (col ("InvoiceDate"),
.coalesce (5)

"EREE" ) )

We can also create test and train data set easily, for example,
in this case study, it is done with respect to invoice date being
less than 1st July 2011 or not.



trainDataFrame
= preppedDataFrame
.where ("InvoiceDate <
testDataFrame
= preppedDataFrame
.where ("InvoiceDate >=

72011-07-01"")

72011-07-01"")

By using transformedTraining.cache() command, one can
perform in memory computations that lead to speed improve-
ments.

transformedTraining.cache ()

Model training is typically a two-step process. First, the
model is initialized

from pyspark.ml.clustering import KMeans
kmeans = KMeans () .setK(20) .setSeed (1L)

and then it’s trained.

kmModel = kmeans.fit (transformedTraining)

Finally, the model developed is validated and tested on test
data set, that can be performed using a simple command.

transformedTest =
fittedPipeline.transform(testDataFrame)
kmModel.computeCost (transformedTest)

C. A SparkR exemple

The following code is an example of SparkR. Here SparkR
library is loaded in R environment in order to use Spark in R
directly.

// Load SparkR to use Spark from R
library (SparkR)

https://dshs.texas.gov/coronavirus/AdditionalData.aspx and we
load it into Tableau to create a Tableau Dashboard (Figure 5).
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Figure 5. Tableau - Texas COV19 - Updated 04-18-2020

V. CONCLUSIONS

Apache Spark is a next-generation cluster platform with fast
and efficient stream processing capacities. It supports more
computation types than Hadoop MapReduce. In this tutorial,
we walked through how Apache Spark can help with big
data processing and analytics with its standard APIs. Key
aspects of Apache Spark architecture and Ecosystem were
reviewed, and a machine learning case study was highlighted.
With the massive explosion of Big Data and the exponentially
increasing speed of computational power, Apache Spark has
moved from a talking point in the boardroom discussions to
enterprise deployments. It can help handle the complexity big
data with ease. Due to its open source nature, active users and
developers all over the world, it has promise to grow even

read.df ("/data/flight-data/csv/2015-summary.csv",further, and become mainstay for big data processing in future.

sparkDF <-—

source = "csv", header = "true", inferSchema
= "true")

take (sparkDF, 5)

collect (orderBy (sparkDF, "count"), 20)

D. Tableau and Apache Spark - An integration

The integration of Tableau with Spark gives us a huge
value in big data world. It provides a fast, versatile data
processing engine at their fingertips and also new capabilities
to the Spark community. By Tableau environment, we can
visually analyze data without writing a single line of Spark
SQL code. Connecting Apache Spark to Tableau is one of the
best approaches for processing and visualizing big data. By
integrating Tableau with Spark, it requires a driver to talk to
the database. Apache Spark needs to be installed either on our
machine or on an accessible cluster.We can start Tableau Desk-
top that supports SparkSQL connector, and under Connect, we
select Spark SQL. Here we used the data source from TEXAS
Health and Human Services website at the following website
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