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  foreword


  
The analytics operating system


  In the twentieth century, scale effects in business were largely driven by breadth and distribution. A company with manufacturing operations around the world had an inherent cost and distribution advantage, leading to more-competitive products. A retailer with a global base of stores had a distribution advantage that could not be matched by a smaller company. These scale effects drove competitive advantage for decades.


  The internet changed all of that. Today, three predominant scale effects exist:


  
    	
 Network—Lock-in that is driven by a loyal network (Facebook, Twitter, Etsy, and so forth)


    	
 Economies of scale—Lower unit cost, driven by volume (Apple, TSMC, and so forth)


    	
 Data—Superior machine learning and insight, driven from a dynamic corpus of data

  


  In Big Data Revolution (Wiley, 2015), I profiled a few companies that are capitalizing on data as a scale effect. But, here in 2019, big data is still largely an unexploited asset in institutions around the world. Spark, the analytics operating system, is a catalyst to change that.


  Spark has been a catalyst in changing the face of innovation at IBM. Spark is the analytics operating system, unifying data sources and data access. The unified programming model of Spark makes it the best choice for developers building data-rich analytic applications. Spark reduces the time and complexity of building analytic workflows, enabling builders to focus on machine learning and the ecosystem around Spark. As we have seen time and again, an open source project is igniting innovation, with speed and scale.


  This book takes you deeper into the world of Spark. It covers the power of the technology and the vibrancy of the ecosystem, and covers practical applications for putting Spark to work in your company today. Whether you are working as a data engineer, data scientist, or application developer, or running IT operations, this book reveals the tools and secrets that you need to know, to drive innovation in your company or community.


  Our strategy at IBM is about building on top of and around a successful open platform, and adding something of our own that’s substantial and differentiated. Spark is that platform. We have countless examples in IBM, and you will have the same in your company as you embark on this journey.


  Spark is about innovation--an analytics operating system on which new solutions will thrive, unlocking the big data scale effect. And Spark is about a community of Spark-savvy data scientists and data analysts who can quickly transform today’s problems into tomorrow’s solutions. Spark is one of the fastest-growing open source projects in history. Welcome to the movement.


  --Rob Thomas


  Senior Vice President,

  Cloud and Data Platform, IBM


  


  
preface


  I don’t think Apache Spark needs an introduction. If you’re reading these lines, you probably have some idea of what this book is about: data engineering and data science at scale, using distributed processing. However, Spark is more than that, which you will soon discover, starting with Rob Thomas’s foreword and chapter 1.


  Just as Obelix fell into the magic potion,1 I fell into Spark in 2015. At that time, I was working for a French computer hardware company, where I helped design highly performing systems for data analytics. As one should be, I was skeptical about Spark at first. Then I started working with it, and you now have the result in your hands. From this initial skepticism came a real passion for a wonderful tool that allows us to process data in--this is my sincere belief--a very easy way.


  I started a few projects with Spark, which allowed me to give talks at Spark Summit, IBM Think, and closer to home at All Things Open, Open Source 101, and through the local Spark user group I co-animate in the Raleigh-Durham area of North Carolina. This allowed me to meet great people and see plenty of Spark-related projects. As a consequence, my passion continued to grow.


  This book is about sharing that passion.


  Examples (or labs) in the book are based on Java, but the only repository contains Scala and Python as well. As Spark 3.0 was coming out, the team at Manning and I decided to make sure that the book reflects the latest versions, and not as an afterthought.


  As you may have guessed, I love comic books. I grew up with them. I love this way of communicating, which you’ll see in this book. It’s not a comic book, but its nearly 200 images should help you understand this fantastic tool that is Apache Spark.


  Just as Asterix has Obelix for a companion, Spark in Action , Second Edition has a reference companion supplement that you can download for free from the resource section on the Manning website; a short link is http://jgp.net/sia . This supplement contains reference information on Spark static functions and will eventually grow to more useful reference resources.


  Whether you like this book or not, drop me a tweet at @jgperrin. If you like it, write an Amazon review. If you don’t, as they say at weddings, forever hold your peace. Nevertheless, I sincerely hope you’ll enjoy it.


  Alea iacta est.2


  
acknowledgments


  This is the section where I express my gratitude to the people who helped me in this journey. It’s also the section where you have a tendency to forget people, so if you feel left out, I am sorry. Really sorry. This book has been a tremendous effort, and doing it alone probably would have resulted in a two- or three-star book on Amazon, instead of the five-star rating you will give it soon (this is a call to action, thanks!).


  I’d like to start by thanking the teams at work who trusted me on this project, starting with Zaloni (Anupam Rakshit and Tufail Khan), Lumeris (Jon Farn, Surya Koduru, Noel Foster, Divya Penmetsa, Srini Gaddam, and Bryce Tutt; all of whom almost blindly followed me on the Spark bandwagon), the people at Veracity Solutions, and my new team at Advance Auto Parts.


  Thanks to Mary Parker of the Department of Statistics at the University of Texas at Austin and Cristiana Straccialana Parada. Their contributions helped clarify some sections.


  I’d like to thank the community at large, including Jim Hughes, Michael Ben-David, Marcel-Jan Krijgsman, Jean-Francois Morin, and all the anonymous posting pull requests on GitHub. I would like to express my sincere gratitude to the folks at Databricks, IBM, Netflix, Uber, Intel, Apple, Alluxio, Oracle, Microsoft, Cloudera, NVIDIA, Facebook, Google, Alibaba, numerous universities, and many more who contribute to making Spark what it is. More specifically, for their work, inspiration, and support, thanks to Holden Karau, Jacek Laskowski, Sean Owen, Matei Zaharia, and Jules Damji.


  During this project, I participated in several podcasts. My thanks to Tobias Macey for Data Engineering Podcast ( http://mng.bz/WPjX ), IBM’s Al Martin for “Making Data Simple” ( http://mng.bz/8p7g ), and the Roaring Elephant by Jhon Masschelein and Dave Russell ( http://mng.bz/EdRr ).


  As an IBM Champion, it has been a pleasure to work with so many IBMers during this adventure. They either helped directly, indirectly, or were inspirational: Rob Thomas (we need to work together more), Marius Ciortea, Albert Martin (who, among other things, runs the great podcast called Make Data Simple), Steve Moore, Sourav Mazumder, Stacey Ronaghan, Mei-Mei Fu, Vijay Bommireddipalli (keep this thing you have in San Francisco rolling!), Sunitha Kambhampati, Sahdev Zala, and, my brother, Stuart Litel.


  I want to thank the people at Manning who adopted this crazy project. As in all good movies, in order of appearance: my acquisition editor, Michael Stephens; our publisher, Marjan Bace; my development editors, Marina Michaels and Toni Arritola; and production staff, Erin Twohey, Rebecca Rinehart, Bert Bates, Candace Gillhoolley, Radmila Ercegovac, Aleks Dragosavljevic, Matko Hrvatin, Christopher Kaufmann, Ana Romac, Cheryl Weisman, Lori Weidert, Sharon Wilkey, and Melody Dolab.


  I would also like to acknowledge and thank all of the Manning reviewers: Anupam Sengupta, Arun Lakkakulam, Christian Kreutzer-Beck, Christopher Kardell, Conor Redmond, Ezra Schroeder, Gábor László Hajba, Gary A. Stafford, George Thomas, Giuliano Araujo Bertoti, Igor Franca, Igor Karp, Jeroen Benckhuijsen, Juan Rufes, Kelvin Johnson, Kelvin Rawls, Mario-Leander Reimer, Markus Breuer, Massimo Dalla Rovere, Pavan Madhira, Sambaran Hazra, Shobha Iyer, Ubaldo Pescatore, Victor Durán, and William E. Wheeler. It does take a village to write a (hopefully) good book. I also want to thank Petar Zečević and Marco Banaći, who wrote the first edition of this book. Thanks to Thomas Lockney for his detailed technical review, and also to Rambabu Posa for porting the code in this book. I’d like to thank Jon Rioux (merci, Jonathan!) for starting the PySpark in Action adventure. He coined the idea of “team Spark at Manning.”


  I’d like to thank again Marina. Marina was my development editor during most of the book. She was here when I had issues, she was here with advice, she was tough on me (yeah, you cannot really slack off), but instrumental in this project. I will remember our long discussions about the book (which may or may not have been a pretext for talking about anything else). I will miss you, big sister (almost to the point of starting another book right away).


  Finally, I want to thank my parents, who supported me more than they should have and to whom I dedicate the cover; my wife, Liz, who helped me on so many levels, including understanding editors; and our kids, Pierre-Nicolas, Jack, Nathaniel, and Ruby, from whom I stole too much time writing this book.


  
about this book


  When I started this project, which became the book you are reading, Spark in Action , Second Edition, my goals were to


  
    	
Help the Java community use Apache Spark, demonstrating that you do not need to learn Scala or Python


    	
Explain the key concepts behind Apache Spark, (big) data engineering, and data science, without you having to know anything else than a relational database and some SQL


    	
Evangelize that Spark is an operating system designed for distributed computing and analytics

  


  I believe in teaching anything computer science with a high dose of examples. The examples in this book are an essential part of the learning process. I designed them to be as close as possible to real-life professional situations. My datasets come from real-life situations with their quality flaws; they are not the ideal textbook datasets that “always work.” That’s why, when combining both those examples and datasets, you will work and learn in a more pragmatic way than a sterilized way. I call those examples labs , with the hope that you will find them inspirational and that you will want to experiment with them.


  Illustrations are everywhere. Based on the well-known saying, A picture is worth a thousand words , I saved you from reading an extra 183,000 words.


  
Who should read this book


  It is a difficult task to associate a job title to a book, so if your title is data engineer, data scientist, software engineer, or data/software architect, you’ll certainly be happy. If you are an enterprise architect, meh, you probably know all that, as enterprise architects know everything about everything, no? More seriously, this book will be helpful if you look to gather more knowledge on any of these topics:


  
    	
Using Apache Spark to build analytics and data pipelines: ingestion, transformation, and exporting/publishing.


    	
Using Spark without having to learn Scala or Hadoop: learning Spark with Java.


    	
Understanding the difference between a relational database and Spark.


    	
The basic concepts about big data, including the key Hadoop components you may encounter in a Spark environment.


    	
Positioning Spark in an enterprise architecture.


    	
Using your existing Java and RDBMS skills in a big data environment.


    	
Understanding the dataframe API.


    	
Integrating relational databases by ingesting data in Spark.


    	
Gathering data via streams.


    	
Understanding the evolution of the industry and why Spark is a good fit.


    	
Understanding and using the central role of the dataframe.


    	
Knowing what resilient distributed datasets (RDDs) are and why they should not be used (anymore).


    	
Understanding how to interact with Spark.


    	
Understanding the various components of Spark: driver, executors, master and workers, Catalyst, Tungsten.


    	
Learning the role of key Hadoop-derived technologies such as YARN or HDFS.


    	
Understanding the role of a resource manager such as YARN, Mesos, and the built-in manager.


    	
Ingesting data from various files in batch mode and via streams.


    	
Using SQL with Spark.


    	
Manipulating the static functions provided with Spark.


    	
Understanding what immutability is and why it matters.


    	
Extending Spark with Java user-defined functions (UDFs).


    	
Extending Spark with new data sources.


    	
Linearizing data from JSON so you can use SQL.


    	
Performing aggregations and unions on dataframes.


    	
Extending aggregation with user-defined aggregate functions (UDAFs).


    	
Understanding the difference between caching and checkpointing, and increasing performance of your Spark applications.


    	
Exporting data to files and databases.


    	
Understanding deployment on AWS, Azure, IBM Cloud, GCP, and on-premises clusters.


    	
Ingesting data from files in CSV, XML, JSON, text, Parquet, ORC, and Avro.


    	
Extending data sources, with an example on how to ingest photo metadata using EXIF, focusing on the Data Source API v1.


    	
Using Delta Lake with Spark while you build pipelines.

  


  
What will you learn in this book?


  The goal of this book is to teach you how to use Spark within your applications or build specific applications for Spark.


  I designed this book for data engineers and Java software engineers . When I started learning Spark, everything was in Scala, nearly all documentation was on the official website, and Stack Overflow displayed a Spark question every other blue moon. Sure, the documentation claimed Spark had a Java API, but advanced examples were scarce. At that time, my teammates were confused, between learning Spark and learning Scala, and our management wanted results. My team members were my motivation for writing this book.


  I assume that you have basic Java and RDBMS knowledge. I use Java 8 in all examples, even though Java 11 is out there.


  You do not need to have Hadoop knowledge to read this book, but because you will need some Hadoop components (very few), I will cover them. If you already know Hadoop, you will certainly find this book refreshing. You do not need any Scala knowledge, as this is a book about Spark and Java.


  When I was a kid (and I must admit, still now), I read a lot of bandes dessinées , a cross between a comic book and a graphic novel. As a result, I love illustrations, and I have a lot of them in this book. Figure 1 shows a typical diagram with several components, icons, and legends.


  [image: ]


  


  
How this book is organized


  This book is divided into four parts and 18 appendices.


  Part 1 gives you the keys to Spark. You will learn the theory and general concepts, but do not despair (yet); I present a lot of examples and diagrams. It almost reads like a comic book.


  
    	
Chapter 1 is an overall introduction with a simple example. You will learn why Spark is a distributed analytics operating system.


    	
Chapter 2 walks you through a simple Spark process.


    	
Chapter 3 teaches about the magnificence of the dataframe, which combines both the API and storage capabilities of Spark.


    	
Chapter 4 celebrates laziness, compares Spark and RDBMS, and introduces the directed acyclic graph (DAG).


    	
Chapters 5 and 6 are linked: you’ll build a small application, build a cluster, and deploy your application. Chapter 5 is about building a small application, while chapter 6 is deploying the application.

  


  In part 2, you will start diving into practical and pragmatic examples around ingestion. Ingestion is the process of bringing data into Spark. It is not complex, but there are a lot of possibilities and combinations.


  
    	
Chapter 7 describes data ingestion from files: CSV, text, JSON, XML, Avro, ORC, and Parquet. Each file format has its own example.


    	
Chapter 8 covers ingestion from databases: data will be coming from relational databases and other data stores.


    	
Chapter 9 is about ingesting anything from custom data sources.


    	
Chapter 10 focuses on streaming data.

  


  Part 3 is about transforming data: this is what I would call heavy data lifting. You’ll learn about data quality, transformation, and publishing of your processed data. This largest part of the book talks about using the dataframe with SQL and with its API, aggregates, caching, and extending Spark with UDF.


  
    	
Chapter 11 is about the well-known query language SQL.


    	
Chapter 12 teaches you how to perform transformation.


    	
Chapter 13 extends transformation to the level of entire documents. This chapter also explains static functions, which are one of the many great aspects of Spark.


    	
Chapter 14 is all about extending Spark using user-defined functions.


    	
Aggregations are also a well-known database concept and may be the key to analytics. Chapter 15 covers aggregations, both those included in Spark and custom aggregations.

  


  Finally, part 4 is about going closer to production and focusing on more advanced topics. You’ll learn about partitioning and exporting data, deployment constraints (including to the cloud), and optimization.


  
    	
Chapter 16 focuses on optimization techniques: caching and checkpointing.


    	
Chapter 17 is about exporting data to databases and files. This chapter also explains how to use Delta Lake, a database that sits next to Spark’s kernel.


    	
Chapter 18 details reference architectures and security needed for deployment. It’s definitely less hands-on, but so full of critical information.

  


  The appendixes, although not essential, also bring a wealth of information: installing, troubleshooting, and contextualizing. A lot of them are curated references for Apache Spark in a Java context.


  
About the code


  As I’ve said, each chapter (except 6 and 18) has labs that combine code and data. Source code is in numbered listings and in line with normal text. In both cases, source code is formatted in a -in-Text">fixed-width font like this to separate it from ordinary text. Sometimes code is also in -in-Text">bold to highlight code that is more important in a block of code.


  All the code is freely available on GitHub under an Apache 2.0 license. The data may have a different license. Each chapter has its own repository: chapter 1 will be in https://github.com/jgperrin/net.jgp.books.spark.ch01 , while chapter 15 is in https://github.com/jgperrin/net.jgp.books.spark.ch15 , and so on. Two exceptions:


  
    	
Chapter 6 uses the code of chapter 5.


    	
Chapter 18, which talks about deployment in detail, does not have code.

  


  As source control tools allow branches, the master branch contains the code against the latest production version, while each repository contains branches dedicated to specific versions, when applicable.


  Labs are numbered in three digits, starting at 100. There are two kinds of labs: the labs that are described in the book and the extra labs available online:


  
    	
Labs described in the book are numbered per section of the chapter. Therefore, lab #200 of chapter 12 is covered in chapter 12, section 2. Likewise, lab #100 of chapter 17 is detailed in the first section of chapter 17.


    	
Labs that are not described in the book start with a 9, as in 900, 910, and so on. Labs in the 900 series are growing: I keep adding more. Labs numbers are not contiguous, just like the line numbers in your BASIC code.

  


  In GitHub, you will find the code in Python, Scala, and Java (unless it is not applicable). However, to maintain clarity in the book, only Java is used.


  In many cases, the original source code has been reformatted; we’ve added line breaks and reworked indentation to accommodate the available page space in the book. In rare cases, even this was not enough, and listings include line-continuation markers ( -Continuation-Arrow">➥ ). Additionally, comments in the source code have often been removed from the listings when the code is described in the text. Code annotations accompany many of the listings, highlighting important concepts.


  


  
liveBook discussion forum


  Purchase of Spark in Action includes free access to a private web forum run by Manning Publications where you can make comments about the book, ask technical questions, and receive help from the author and from other users. To access the forum, go to https://livebook.manning.com/#!/book/spark-in-action-second-edition/discussion . You can also learn more about Manning’s forums and the rules of conduct at https://livebook .manning.com/#!/discussion .


  Manning’s commitment to our readers is to provide a venue where a meaningful dialogue between individual readers and between readers and the author can take place. It is not a commitment to any specific amount of participation on the part of the author, whose contribution to the forum remains voluntary (and unpaid). We suggest you try asking the author some challenging questions lest his interest stray! The forum and the archives of previous discussions will be accessible from the publisher’s website as long as the book is in print.


  
about the author


  Jean-Georges Perrin is passionate about software engineering and all things data. His latest projects have driven him toward more distributed data engineering, where he extensively uses Apache Spark, Java, and other tools in hybrid cloud settings. He is proud to have been the first in France to be recognized as an IBM Champion, and to have been awarded the honor for his twelfth consecutive year. As an awarded data and software engineering expert, he now operates worldwide with a focus in the United States, where he resides. Jean-Georges shares his more than 25 years of experience in the IT industry as a presenter and participant at conferences and through publishing articles in print and online media. You can visit his blog at http://jgp.net .


  
about the cover illustration


  The figure on the cover of Spark in Action is captioned “Homme et Femme de Housberg, près Strasbourg” (Man and Woman from Housberg, near Strasbourg). Housberg has become Hausbergen, a natural region and historic territory in Alsace now divided between three villages: Niederhausbergen (lower Hausbergen), Mittelhausbergen (middle Hausbergen), and Oberhausbergen (upper Hausbergen). The illustration is from a collection of dress costumes from various countries by Jacques Grasset de Saint-Sauveur (1757-1810), titled Costumes de Différents Pays , published in France in 1797. Each illustration is finely drawn and colored by hand.


  This particular illustration has special meaning to me. I am really happy it could be used for this book. I was born in Strasbourg, Alsace, currently in France. I immensely value my Alsatian heritage. When I decided to immigrate to the United States, I knew I was leaving behind a bit of this culture and my family, particularly my parents and sisters. My parents live in a small town called Souffelweyersheim, directly neighboring Niederhausbergen. This illustration reminds me of them every time I see the cover (although my dad has a lot less hair).


  The rich variety of Grasset de Saint-Sauveur’s collection reminds us vividly of how culturally separate the world’s towns and regions were just 200 years ago. Isolated from each other, people spoke different dialects (here, Alsatian) and languages. In the streets or in the countryside, it was easy to identify where someone lived and what their trade or station in life was just by their dress.


  The way we dress has changed since then, and the diversity by region, once so rich, has faded away. It’s now hard to distinguish the inhabitants of different continents, let alone different towns, regions, or countries. Perhaps we have traded cultural diversity for a more varied personal life--certainly for a more varied and fast-paced technological life.


  At a time when it’s hard to tell one computer book from another, Manning celebrates the inventiveness and initiative of the computer business with book covers based on the rich diversity of regional life of two centuries ago, brought back to life by Grasset de Saint-Sauveur’s pictures.


  
    
      1. Obelix is a comics and cartoon character. He is the inseparable companion of Asterix. When Asterix, a Gaul, drinks a magic potion, he gains superpowers that allow him to regularly beat the Romans (and pirates). As a baby, Obelix fell into the cauldron where the potion was made, and the potion has an everlasting effect on him. Asterix is a popular comic in Europe. Find out more at www.asterix.com/en/ .

    


    
      2. The die is cast. This sentence was attributed to Julius Caesar (Asterix’s arch frenemy) as Caesar led his army over the Rubicon: things have happened and can’t be changed back, like this book being printed, for you.

    

  


  
    Part 1. The theory crippled by awesome examples


  


   As with any technology, you need to understand a bit of the “boring” theory before you can deep dive into using it. I have managed to contain this part to six chapters, which will give you a good overview of the concepts, explained through examples.


  Chapter 1 is an overall introduction with a simple example. You will learn why Spark is not just a simple set of tools, but a real distributed analytics operating system. After this first chapter, you will be able to run a simple data ingestion in Spark.


  Chapter 2 will show you how Spark works, at a high level. You’ll build a representation of Spark’s components by building a mental model (representing your own thought process) step by step. This chapter’s lab shows you how to export data in a database. This chapter contains a lot of illustrations, which should make your learning process easer than just from words and code!


  Chapter 3 takes you to a whole new dimension: discovering the powerful dataframe, which combines both the API and storage capabilities of Spark. In this chapter’s lab, you’ll load two datasets and union them together.


  Chapter 4 celebrates laziness and explains why Spark uses lazy optimization. You’ll learn about the directed acyclic graph (DAG) and compare Spark and an RDBMS. The lab teaches you how to start manipulating data by using the dataframe API.


  Chapters 5 and 6 are linked: you’ll build a small application, build a cluster, and deploy your application. These two chapters are very hands-on.


  
    
1. So, what is Spark, anyway?

  


  This chapter covers


  
    	
What Apache Spark is and its use cases


    	
Basics of distributed technology


    	
The four pillars of Spark


    	
Storage and APIs: love the dataframe

  


  When I was a kid in the 1980s, discovering programming through Basic and my Atari, I could not understand why we could not automate basic law enforcement activities such as speed control, traffic-light violations, and parking meters. Everything seemed pretty easy: the book I had said that to be a good programmer, you should avoid GOTO statements. And that’s what I did, trying to structure my code from the age of 12. However, there was no way I could imagine the volume of data (and the booming Internet of Things, or IoT) while I was developing my Monopoly-like game. As my game fit into 64 KB of memory, I definitely had no clue that datasets would become bigger (by a ginormous factor) or that the data would have a speed, or velocity , as I was patiently waiting for my game to be saved on my Atari 1010 tape recorder.


  A short 35 years later, all those use cases I imagined seem accessible (and my game, futile). Data has been growing at a faster pace than the hardware technology to support it.1 A cluster of smaller computers can cost less than one big computer. Memory is cheaper by half compared to 2005, and memory in 2005 was five times cheaper than in 2000.2 Networks are many times faster, and modern datacenters offer speeds of up to 100 gigabits per second (Gbps), nearly 2,000 times faster than your home Wi-Fi from five years ago. These were some of the factors that drove people to ask this question: How can I use distributed memory computing to analyze large quantities of data?


  When you read the literature or search the web for information about Apache Spark, you may find that it is a tool for big data, a successor to Hadoop, a platform for doing analytics, a cluster-computer framework, and more. Que nenni! 3


   Lab The lab in this chapter is available in GitHub at https://github.com/ jgperrin/net.jgp.books.spark.ch01 . This is lab #400. If you are not familiar with GitHub and Eclipse, appendixes A, B, C, and D provide guidance.


  
1.1 The big picture: What Spark is and what it does


  As the Little Prince would say to Antoine de Saint-Exupéry, Draw me a Spark . In this section, you will first look at what Spark is, and then at what Spark can do through several use cases. This first section concludes by describing how Spark is integrated as a software stack and used by data scientists.


  
1.1.1 What is Spark?


   Spark is more than just a software stack for data scientists. When you build applications, you build them on top of an operating system, as illustrated in figure 1.1. The operating system provides services to make your application development easier; in other words, you are not building a filesystem or network driver for each application you develop.
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  Figure 1.1 When you write applications, you use services offered by the operating system, which abstracts

  you from the hardware.


  With the need for more computing power came an increased need for distributed computing. With the advent of distributed computing, a distributed application had to incorporate those distribution functions. Figure 1.2 shows the increased complexity of adding more components to your application.
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  Figure 1.2 One way to write distributed data-oriented applications is to embed all controls at the application level, using libraries or other artifacts. As a result, the applications become fatter and more difficult to maintain.


  Having said all that, Apache Spark may appear like a complex system that requires you to have a lot of prior knowledge. I am convinced that you need only Java and relational database management system (RDBMS) skills to understand, use, build applications with, and extend Spark.


  Applications have also become smarter, producing reports and performing data analysis (including data aggregation, linear regression, or simply displaying donut charts). Therefore, when you want to add such analytics capabilities to your application, you have to link libraries or build your own. All this makes your application bigger (or fatter , as in a fat client), harder to maintain, more complex, and, as a consequence, more expensive for the enterprise.


  “So why wouldn’t you put those functionalities at the operating system level?” you may ask. The benefits of putting those features at a lower level, like the operating system, are numerous and include the following:


  
    	
Provides a standard way to deal with data (a bit like Structured Query Language, or SQL, for relational databases).


    	
Lowers the cost of development (and maintenance) of applications.


    	
Enables you to focus on understanding how to use the tool, not on how the tool works. (For example, Spark performs distributed ingestion, and you can learn how to benefit from that without having to fully grasp the way Spark accomplishes the task.)

  


  And this is exactly what Spark has become for me: an analytics operating system . Figure 1.3 shows this simplified stack.
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  Figure 1.3 Apache Spark simplifies the development of analytics-oriented applications by offering services to applications, just as an operating system does.


  In this chapter, you’ll discover a few use cases of Apache Spark for different industries and various project sizes. These examples will give you a small overview of what you can achieve.


  I am a firm believer that, to get a better understanding of where we are, we should look at history. And this applies to information technology (IT) too: read appendix E if you want my take on it.


  Now that the scene is set, you will dig into Spark. We will start from a global overview, have a look at storage and APIs, and, finally, work through your first example.


  
1.1.2 The four pillars of mana


  According to Polynesians, mana is the power of the elemental forces of nature embodied in an object or person. This definition fits the classic diagram you will find in all Spark documentation, showing four pillars bringing these elemental forces to Spark: Spark SQL, Spark Streaming, Spark MLlib (for machine learning), and GraphX sitting on top of Spark Core. Although this is an exact representation of the Spark stack, I find it limiting. The stack needs to be extended to show the hardware, the operating system, and your application, as in figure 1.4.
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  Figure 1.4 Your application, as well as other applications, are talking to Spark’s four pillars--SQL, streaming, machine learning, and graphs--via a unified API. Spark shields you from the operating system and the hardware constraints: you will not have to worry about where your application is running or if it has the right data. Spark will take care of that. However, your application can still access the operating system or hardware if it needs to.


  Of course, the cluster(s) where Spark is running may not be used exclusively by your application, but your work will use the following:


  
    	
 Spark SQL to run data operations, like traditional SQL jobs in an RDBMS. Spark SQL offers APIs and SQL to manipulate your data. You will discover Spark SQL in chapter 11 and read more about it in most of the chapters after that. Spark SQL is a cornerstone of Spark.


    	
 Spark Streaming , and specifically Spark structured streaming, to analyze streaming data. Spark’s unified API will help you process your data in a similar way, whether it is streamed data or batch data. You will learn the specifics about streaming in chapter 10.


    	
 Spark MLlib for machine learning and recent extensions in deep learning. Machine learning, deep learning, and artificial intelligence deserve their own book.


    	
 GraphX to exploit graph data structures. To learn more about GraphX, you can read Spark GraphX in Action by Michael Malak and Robin East (Manning, 2016).

  


  
1.2 How can you use Spark?


  In this section, you’ll take a detailed look at how you can use Apache Spark by focusing on typical data processing scenarios as well as a data science scenario. Whether you are a data engineer or a data scientist, you will be able to use Apache Spark in your job.


  
1.2.1 Spark in a data processing/engineering scenario


  Spark can process your data in a number of different ways. But it excels when it plays in a big data scenario, where you ingest data, clean it, transform it, and republish it.


  I like to see data engineers as data preparers and data logisticians. They make sure the data is available, that the data quality rules are applied successfully, that the transformations are executed successfully, and that the data is available to other systems or departments, including business analysts and data scientists. Data engineers can also be the ones taking the work of the data scientists and industrializing it.


  Spark is a perfect tool for data engineers. The four steps of a typical Spark (big data) scenario performed by data engineering are as follows:


  
    	
Ingestion


    	
Improvement of data quality (DQ)


    	
Transformation


    	
Publication

  


  Figure 1.5 illustrates this process.
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  Figure 1.5 Spark in a typical data processing scenario. The first step is ingesting the data. At this stage, the data is raw; you may next want to apply some data quality (DQ). You are now ready to transform your data. Once you have transformed your data, it is richer. It is time to publish or share it so people in your organization can perform actions on it and make decisions based on it.


  The process includes four steps, and after each step, the data lands in a zone :


  
    	
 Ingesting data --Spark can ingest data from a variety of sources (see chapters 7, 8, and 9 on ingestion). If you can’t find a supported format, you can build your own data sources. I call data at this stage raw data . You can also find this zone named the staging , landing , bronze , or even swamp zone .


    	
 Improving data quality (DQ) --Before processing your data, you may want to check the quality of the data itself. An example of DQ is to ensure that all birth dates are in the past. As part of this process, you can also elect to obfuscate some data: if you are processing Social Security numbers (SSNs) in a health-care environment, you can make sure that the SSNs are not accessible to developers or nonauthorized personnel.4 After your data is refined, I call this stage the pure data zone. You may also find this zone called the refinery , silver , pond , sandbox , or exploration zone .


    	
 Transforming data --The next step is to process your data. You can join it with other datasets, apply custom functions, perform aggregations, implement machine learning, and more. The goal of this step is to get rich data , the fruit of your analytics work. Most of the chapters discuss transformation. This zone may also be called the production , gold , refined , lagoon , or operationalization zone .


    	
 Loading and publishing --As in an ETL process,5 you can finish by loading the data into a data warehouse, using a business intelligence (BI) tool, calling APIs, or saving the data in a file. The result is actionable data for your enterprise.

  


  
1.2.2 Spark in a data science scenario


  Data scientists have a slightly different approach than software engineers or data engineers, as data scientists focus on the transformation part, in an interactive manner. For this purpose, data scientists use different tools, such as notebooks. Names of notebooks include Jupyter, Zeppelin, IBM Watson Studio, and Databricks Runtime.


  How data scientists work will definitely matter to you, as data science projects will consume enterprise data, and therefore you may end up delivering data to the data scientists, off-loading their work (such as machine learning models) into enterprise data stores, or industrializing their findings.


  Therefore, a UML-like sequence diagram, as in figure 1.6, will explain a little better how data scientists use Spark.


  If you want to know more about Spark and data science, you can take a look at these books:


  
    	
 PySpark in Action by Jonathan Rioux (Manning, 2020, www.manning.com/ books/pyspark-in-action?a_aid=jgp ).


    	
 Mastering Large Datasets with Python by John T. Wolohan (Manning, 2020, www.manning.com/books/mastering-large-datasets-with-python?a_aid=jgp ).
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  Figure 1.6 Sequence diagram for a data scientist using Spark: the user “talks” to the notebook, which calls Spark when needed. Spark directly handles ingestion. Each square represents a step, and each arrow represents a sequence. The diagram should be read chronologically, starting from the top.


  In the use case described in figure 1.6, the data is loaded in Spark, and then the user will play with it, apply transformations, and display part of the data. Displaying the data is not the end of the process. The user will be able to continue in an interactive manner, as in a physical notebook, where you write recipes, take notes, and so on. At the end, the notebook user can save the data to files or databases, or produce (interactive) reports.


  
1.3 What can you do with Spark?


  Spark is used in various kinds of projects, so let’s explore a handful of them. All use cases involve data that cannot fit or be processed on a single computer (aka big data) and therefore require a cluster of computers--hence the need for a distributed operating system, specialized in analytics.


  The definition of big data has evolved over time, from data with characteristics known as the five Vs6 to “data that cannot fit on a single computer.” I dislike this definition; as you probably know, many RDBMSs split data over several servers. As with many concepts, you may have to make your own definition. This book will hopefully help you.


  For me, big data is the collection of datasets, available everywhere in the enterprise, aggregated in a single location, on which you can run basic analytics to more advanced analytics, like machine and deep learning. Those bigger datasets can become the basis for artificial intelligence (AI). Technologies, size, or number of computers are irrelevant to this concept.


  Spark, through its analytics features and natively distributed architecture, can address big data, whether or not you think it is big, or whether it fits in one or many computers. Simply remember that the traditional report output on a 132-column dot-matrix printer is not a typical use case for Spark. Let’s discover a few real-world examples.


  
1.3.1 Spark predicts restaurant quality at NC eateries


  In most of the United States, restaurants require inspections by local health departments in order to operate and are graded based on these inspections. A higher grade does not signify better food, but it might give an indication of whether you are going to die after you have BBQ in a certain shack on your trip to the South. Grades measure the cleanliness of the kitchen, how safely the food is stored, and many more criteria to (hopefully) avoid food-borne illnesses.


  In North Carolina, restaurants are graded on a scale of 0 to 100. Each county offers access to the restaurant’s grade, but there is no central location for accessing the information statewide.


  NCEatery.com is a consumer-oriented website that list restaurants with their inspection grades over time. The ambition of NCEatery.com is to centralize this information and to run predictive analytics on restaurants to see if we can discover patterns in restaurant quality. Is this place I loved two years ago going downhill?


  In the backend of the website, Apache Spark ingests datasets of restaurants, inspections, and violations data coming from different counties, crunches the data, and publishes a summary on the website. During the crunching phase, several data quality rules are applied, as well as machine learning to try to project inspections and scores. Spark processes 1.6 × 1021 datapoints and publishes about 2,500 pages every 18 hours using a small cluster. This ongoing project is in the process of onboarding more NC counties.


  
1.3.2 Spark allows fast data transfer for Lumeris


   Lumeris is an information-based health-care services company, based in St. Louis, Missouri. It has traditionally helped health-care providers get more insights from their data. The company’s state-of-the-art IT system needed a boost to accommodate more customers and drive more powerful insights from the data it had.


  At Lumeris, as part of the data engineering processes, Apache Spark ingests thousands of comma-separated values (CSV) files stored on Amazon Simple Storage Service (S3), builds health-care-compliant HL7 FHIR resources,7 and saves them in a specialized document store where they can be consumed by both the existing applications and a new generation of client applications.


  This technology stack allows Lumeris to continue its growth, both in terms of processed data and applications. Down the road, with the help of this technology, Lumeris aims to save lives.


  
1.3.3 Spark analyzes equipment logs for CERN


  CERN, or the European Organization for Nuclear Research, was founded in 1954. It is home to the Large Hadron Collider (LHC), a 27-kilometer ring located 100 meters under the border between France and Switzerland, in Geneva.


  The giant physics experiments run there generate 1 petabyte (PB) of data per second. After significant filtering, the data is reduced to 900 GB per day.


  After experiments with Oracle, Impala, and Spark, the CERN team designed the Next CERN Accelerator Logging Service (NXCALS) around Spark on an on-premises cloud running OpenStack with up to 250,000 cores. The consumers of this impressive architecture are scientists (through custom applications and Jupyter notebooks), developers, and apps. The ambition for CERN is to onboard even more data and increase the overall velocity of data processing.


  
1.3.4 Other use cases


  Spark has been involved in many other use cases, including the following:


  
    	
Building interactive data-wrangling tools, such as IBM’s Watson Studio and Databricks’ notebooks


    	
Monitoring the quality of video feeds for TV channels like MTV or Nickelodeon8



    	
Monitoring online video game players for bad behavior and adjusting the player interaction in quasi real-time to maximize all players’ positive experiences, via the company Riot Games

  


  
1.4 Why you will love the dataframe


  In this section, my goal is to make you love the dataframe. You will learn just enough to want to discover more, which you will do as you explore deeper in chapter 3 and throughout the book. A dataframe is both a data container and an API.


  The concept of a dataframe is essential to Spark. However, the concept is not difficult to understand. You will use dataframes all the time. In this section, you will look at what a dataframe is from a Java (software engineer) and an RDBMS (data engineer) perspective. Once you are familiar with some of the analogy, I will wrap up with a diagram.


  
    A question of spelling


    In most literature, you will find a different spelling for dataframe: DataFrame. I decided to settle for the most English way of writing it, which, I concur, may be odd for a French native. Nevertheless, and despite its majestic grandeur, the dataframe remains a common noun, so no reason to play with uppercase letters here and there. It’s not a burger place!

  


  
1.4.1 The dataframe from a Java perspective


  If your background is in Java and you have some Java Database Connectivity (JDBC) experience, the dataframe will look like a ResultSet . It contains data; it has an API . . .


  Similarities between a ResultSet and a dataframe are as follows:


  
    	
Data is accessible through a simple API.


    	
You can access the schema.

  


  Here are some differences:


  
    	
You do not browse through it with a next() method.


    	
Its API is extensible through user-defined functions (UDFs). You can write or wrap existing code and add it to Spark. This code will then be accessible in a distributed mode. You will study UDFs in chapter 16.


    	
If you want to access the data, you first get the Row and then go through the columns of the row with getters (similar to a ResultSet ).


    	
Metadata is fairly basic, as there are no primary or foreign keys or indexes in Spark.

  


  In Java, a dataframe is implemented as a Dataset<Row> (pronounced “a dataset of rows”).


  
1.4.2 The dataframe from an RDBMS perspective


  If you come more from an RDBMS background, you may find that a dataframe is like a table. The following are similarities:


  
    	
Data is described in columns and rows.


    	
Columns are strongly typed.

  


  Here are some differences:


  
    	
Data can be nested, as in a JSON or XML document. Chapter 7 describes ingestion of those documents, and you will use those nested constructs in chapter 13.


    	
You don’t update or delete entire rows; you create new dataframes.


    	
You can easily add or remove columns.


    	
There are no constraints, indices, primary or foreign keys, or triggers on the dataframe.

  


  
1.4.3 A graphical representation of the dataframe


  The dataframe is a powerful tool you will use throughout the book and your journey with Spark. Its powerful API and storage capabilities make it the key element from which everything radiates. Figure 1.7 shows one way to imagine the API, implementation, and storage.
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  Figure 1.7 A graphical representation of the dataframe, its implementation in Java ( Dataset<Row> ), the schema, and partitioned storage. As a developer, you will use the dataset API, which will allow you to manipulate columns and rows. The storage in partitions can also be accessed, mainly for optimization; you will learn more about partitions in chapter 2.


  
1.5 Your first example


  It is time for your first example. Your goal is to run Spark with a simple application that will read a file, store its content in a dataframe, and display the result. You will learn how to set up your working environment, which you will be using throughout the book. You will also learn how to interact with Spark and do basic operations.


  As you will discover, most chapters contain dedicated labs, which you can hack to experiment with the code. Each lab has a dataset (as often as possible, a real-life one) as well as one or more code listings.


  To get started, you will do the following:


  
    	\Install basic software, which you may already have: Git, Maven, Eclipse.


    	
Download the code by cloning it from GitHub.


    	
Execute the example, which will load a basic CSV file and display some rows.

  


  
1.5.1 Recommended software


  This section provides the list of software you will be using throughout the book. Detailed installation instructions for the required software are in appendixes A and B.


  This book uses the following software:


  
    	
Apache Spark 3.0.0.


    	
Mainly macOS Catalina, but examples also run on Ubuntu 14 to 18 and on Windows 10.


    	
Java 8 (although you won’t use a lot of the constructs introduced in version 8, such as lambda functions). I know that Java 11 is available, but most enterprises are slow at adopting the newer version (and I found Oracle’s recent Java strategy a little confusing). As of now, only Spark v3 is certified on Java 11.

  


  The examples will use either the command line or Eclipse. For the command line, you can use the following:


  
    	
Maven: the book uses version 3.5.2, but any recent version will work.


    	
Git version 2.13.6, but any recent version will work as well. On macOS, you can use the version packaged with Xcode. On Windows, you can download from https://git-scm.com/download/win . If you like graphical user interfaces (GUIs), I highly recommend Atlassian Sourcetree, which you can download from www.sourcetreeapp.com .

  


  Projects use Maven’s pom.xml structure, which can be imported or directly used in many integrated development environments (IDEs). However, all visual examples will use Eclipse. You could use any earlier version of Eclipse than 4.7.1a (Eclipse Oxygen), but Maven and Git integration have been enhanced in the Oxygen release of Eclipse. I highly recommend that you use at least the Oxygen releases, which are pretty old by now.


  
1.5.2 Downloading the code


  The source code is in a public repository on GitHub. The URL of the repository is https://github.com/jgperrin/net.jgp.books.spark.ch01 . Appendix D describes in great detail how to use Git on the command line, and Eclipse to download the code.


  
1.5.3 Running your first application


  You are now ready to run your application! If you have any issues running your first app, appendix R should have you covered.


  
Command line


  On the command line, change to the working directory:


  $ cd net.jgp.books.spark.ch01


  Then run this:


  $ mvn clean install exec:exec


  
Eclipse


  After importing the project (see appendix D), locate CsvToDataframeApp.java in the Project Explorer. Right-click the file and then select Run As > 2 Java Application, as shown in figure 1.8. Look at the result in the console.
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  Figure 1.8 Eclipse with the project tree in the Project Explorer


  Whether you use the command line or Eclipse, your result should look like this after a few seconds:


  +---+--------+--------------------+-----------+--------------------+ | id|authorId| title|releaseDate| link| +---+--------+--------------------+-----------+--------------------+ | 1| 1|Fantastic Beasts ...| 11/18/16|http://amzn.to/2k...| | 2| 1|Harry Potter and ...| 10/6/15|http://amzn.to/2l...| | 3| 1|The Tales of Beed...| 12/4/08|http://amzn.to/2k...| | 4| 1|Harry Potter and ...| 10/4/16|http://amzn.to/2k...| | 5| 2|Informix 12.10 on...| 4/23/17|http://amzn.to/2i...| +---+--------+--------------------+-----------+--------------------+ only showing top 5 rows


  Now, let’s understand what happened.


  
1.5.4 Your first code


  Finally, you are coding! In the previous section, you saw the output. It’s time you run your first application. It will acquire a session, ask Spark to load a CSV file, and then display five rows (at most) of the dataset. Listing 1.1 provides the full program.


  When it comes to showing code, two schools of thought exist: one school of thought is to show abstracts, and the other is to present all of the code. I am of the latter school: I like the example to be complete, rather than partial, as I don’t want you to have to figure out the missing part or the needed packages, even if they are obvious.


  Listing 1.1 Ingesting CSV


   package net.jgp.books.spark.ch01.lab100_csv_to_dataframe;    import org.apache.spark.sql.Dataset;  import org.apache.spark.sql.Row;  import org.apache.spark.sql.SparkSession;    public class CsvToDataframeApp {       public static void main(String[] args ) { ❶         CsvToDataframeApp app = new CsvToDataframeApp();         app .start();     }       private void start() {         SparkSession spark = SparkSession.builder() ❷                 .appName( "CSV to Dataset" )                 .master( "local" )                 .getOrCreate();           Dataset<Row> df = spark .read().format( "csv" ) ❸                 .option( "header" , "true" )                 .load( "data/books.csv" );           df .show(5); ❹     } }


   ❶ main() is your entry point to the application.


   ❷ Creates a session on a local master


   ❸ Reads a CSV file with header, called books.csv, and stores it in a dataframe


   ❹ Shows at most five rows from the dataframe


  Although the example is simple, you have accomplished the following:


  
    	
Installed all the components you need to work with Spark. (Yes, it is that easy!)


    	
Created a session where code can be executed.


    	
Loaded a CSV data file.


    	
Displayed five rows of this dataset.

  


  You are now ready to get deeper into Apache Spark and understand a little more about what is under the hood.


  
Summary


  
    	
Spark is an analytics operating system; you can use it to process workloads and algorithms in a distributed way. And it’s not only good for analytics: you can use Spark for data transfer, massive data transformation, log analysis, and more.


    	
Spark supports SQL, Java, Scala, R, and Python as a programming interface, but in this book, we focus on Java (and sometimes Python).


    	
Spark’s internal main data storage is the dataframe. The dataframe combines storage capacity with an API.


    	
If you have experience with JDBC development, you will find similarities with a JDBC ResultSet .


    	
If you have experience with relational database development, you can compare a dataframe to a table with less metadata.


    	
In Java, a dataframe is implemented as a Dataset<Row> .


    	
You can quickly set up Spark with Maven and Eclipse. Spark does not need to be installed.


    	
Spark is not limited to the MapReduce algorithm: its API allows a lot of algorithms to be applied to data.


    	
Streaming is used more and more frequently in enterprises, as businesses want access to real-time analytics. Spark supports streaming.


    	
Analytics have evolved from simple joins and aggregations. Enterprises want computers to think for us; hence Spark supports machine learning and deep learning.


    	
Graphs are a special use case of analytics, but nevertheless, Spark supports them.

  


  



  
    
      1. See “Intel Puts the Brakes on Moore’s Law” by Tom Simonite, MIT Technology Review, March 2016 ( http:// mng.bz/gVj8 ).

    


    
      2. See “Memory Prices (1957-2017)” by John C. McCallum ( https://jcmit.net/memoryprice.htm ).

    


    
      3. A medieval French expression meaning of course not .

    


    
      4. If you are outside the United States, you need to understand how important the SSN is. It governs your entire life. It has almost no connection to its original purpose: once an identifier for social benefits, it has become a tax identifier and financial shadow, following and tracking people. Identity thieves look for SSNs and other personal data so they can open bank accounts or access existing accounts.

    


    
      5. Extract, transform, and load is a classic data warehouse process.

    


    
      6. The five Vs are volume (quantity of generated and stored data), variety (type and nature of the data), velocity (speed at which the data is generated and processed), variability (inconsistency of the dataset), and veracity (data quality can vary greatly)--adapted from Wikipedia and IBM.

    


    
      7. Health Level Seven International (HL7) is a not-for-profit, ANSI-accredited standards developing organization dedicated to facilitating the exchange, integration, sharing, and retrieval of electronic health information. HL7 is supported by more than 1,600 members from over 50 countries. Fast Healthcare Interoperability Resources (FHIR) is one of the latest specification standards for exchanging health-care information.

    


    
      8. See “How MTV and Nickelodeon Use Real-Time Big Data Analytics to Improve Customer Experience” by Bernard Marr, Forbes, January 2017 ( http://bit.ly/2ynJvUt ).

    

  


  
    
2. Architecture and flow

  


  This chapter covers


  
    	
Building a mental model of Spark for a typical

    use case


    	
Understanding the associated Java code


    	
Exploring the general architecture of a Spark application


    	
Understanding the flow of data

  


  In this chapter, you will build a mental model of Apache Spark. A mental model is an explanation of how something works in the real world, using your thought process and following diagrams. The goal of this chapter is to help you define your own ideas about the thought process I will walk you through. I will use a lot of diagrams and some code. It would be extremely pretentious to build a unique Spark mental model; this model will describe a typical scenario involving loading, processing, and saving data. You will also walk through the Java code for these operations.


  The scenario you will follow involves distributed loading of a CSV file, performing a small operation, and saving the result in a PostgreSQL database (and Apache Derby). Knowing or installing PostgreSQL is not required to understand the example. If you are familiar with using other RDBMSs and Java, you will easily adapt to this example. Appendix F provides additional help with relational databases (tips, installation, links, and more).


   Lab Code and sample data are available on GitHub at https://github .com/jgperrin/net.jgp.books.spark.ch02 .


  
2.1 Building your mental model


  In this section, you’ll build a mental model of Spark. In terms of software, a mental model is a conceptual map that you can use to plan, predict, diagnose, and debug your applications. To start building the mental model, you’ll work through a big data scenario. While learning the scenario, you’ll explore Spark’s overall architecture, flows, and terminology, and will be well on your way to understanding Spark’s big picture.


  Imagine the following big data scenario: you are a bookseller who has a list of authors in a file, and you want to perform a basic operation on the file and then save it in a database. In technical terms, this process is as follows:


  
    	
 Ingest a CSV file, as you saw in chapter 1.


    	
 Transform the data by concatenating the last name and first name.


    	
 Save the result in a relational database.

  


  Figure 2.1 illustrates what you and Spark are going to do.
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  Figure 2.1 I use specific icons throughout the book; check out “about the book” in the front matter if they confuse you! Your application (also called the driver) connects to Apache Spark (the master), asks it to load a CSV file, makes a transformation, and saves it to a database. On the left of the diagram, you can see a timeline (here, t0, t1, and t7); as you probably guessed, these represent steps. Your application is the first and last element of this flow.


  Your application, or driver , connects to a Spark cluster. From there, the application tells the cluster what to do: the application drives the cluster. In this scenario, the master starts by loading a CSV file and finishes by saving in a database.


   Example environment For lab #100, I initially used Spark v2.4.0, PostgreSQL v10.1 with the PostgreSQL JDBC driver v42.1.4, on macOS v10.13.2 with Java 8. Lab #110 uses Apache Derby v10.14.2.0 as a backend. The code is mostly the same, so if you do not want to (or cannot) install PostgreSQL, follow along with lab #110.


  
2.2 Using Java code to build your mental model


  Before you delve into each step of building the mental model, let’s analyze the application as a whole. In this section, you will set the Java “decorum” before you deconstruct and deep dive into each line of code and its consequence.


  Figure 2.2 is a basic representation of the process: Spark reads a CSV file; concatenates the last name, a comma, and the first name; and then saves the entire dataset in the database.
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  Figure 2.2 A simple process in three steps: reading the CSV file, performing a simple concatenation operation, and saving the resulting data in the database


  When you run this application, you will get a simple Process complete message. Figure 2.3 illustrates the result of the process. You have the ch02 table with three columns-- fname , lname , and the new column you want, name . If you need help with databases, refer to appendix F.


  Listing 2.1 is the full application. I try to present the code as completely as possible, including the import statements, to prevent you from using wrong packages or deprecated classes with similar names. This code can be downloaded from GitHub at https://github.com/jgperrin/net.jgp.books.spark.ch02 .
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  Figure 2.3 The data from your CSV file, along with the additional column, in PostgreSQL. This illustration uses SQLPro, but you could use the standard tools packaged with the database (pgAdmin version 3 or 4).


    


  Listing 2.1 Ingesting the CSV, transforming, and saving in the database


  package net.jgp.books.spark.ch02.lab100_csv_to_db; import static org.apache.spark.sql.functions.concat; import java.util.Properties; import org.apache.spark.sql.Dataset; import org.apache.spark.sql.Row; import org.apache.spark.sql.SaveMode; import org.apache.spark.sql.SparkSession; public class CsvToRelationalDatabaseApp {      public static void main(String[] args ) {      CsvToRelationalDatabaseApp app = new CsvToRelationalDatabaseApp();      app .start();      }      private void start() {      SparkSession spark = SparkSession.builder() ❶          .appName( "CSV to DB" )          .master( "local" )          .getOrCreate();      Dataset<Row> df = spark .read() ❷          .format( "csv" )          .option( "header" , "true" )          .load( "data/authors.csv" );      df = df .withColumn( ❸          "name" , concat( df .col( "lname" ), ❹  lit( ", " ), df .col( "fname" ))); ❹      String dbConnectionUrl = "jdbc:postgresql://localhost/spark_labs" ; ❺      Properties prop = new Properties(); ❻      prop .setProperty( "driver" , "org.postgresql.Driver" );      prop .setProperty( "user" , "jgp" );      prop .setProperty( "password" , "Spark<3Java" );      df .write() ❼          .mode(SaveMode. Overwrite )          .jdbc( dbConnectionUrl , "ch02" , prop );      System. out .println( "Process complete" );      }  }


   ❶ Creates a session on a local master


   ❷ Reads a CSV file with header, called authors.csv, and stores it in a dataframe


   ❸ Creates a new column called “name” as the concatenation of lname, a virtual column containing “, ” and the fname column


   ❹ Both concat() and lit() were statically imported.


   ❺ The connection URL, assuming your PostgreSQL instance runs locally on the default port, and the database you use is spark_labs.


   ❻ Properties to connect to the database; the JDBC driver is part of your pom.xml (see listing 2.2).


   ❼ Overwrites in a table called ch02


  If you are curious and already feel comfortable, you can roast a few steps (another French colloquialism for getting carried away), and refer to the Spark Javadoc at https://spark.apache.org/docs/latest/api/java/index.html .


  You will need the PostgreSQL JDBC driver. Therefore, your pom.xml file should contain the dependencies in the following listing.


  Listing 2.2 Properties and dependencies of your pom.xml (abstract)


      <properties>        <scala.version> 2.12 </scala.version> ❶        <spark.version> 2.4.5 </spark.version> ❷        <postgresql.version> 42.1.4 </postgresql.version>      </properties>      <dependencies>        <dependency>          <groupId> org.apache.spark </groupId>          <artifactId> spark-core_${scala.version} </artifactId> ❸          <version> ${spark.version} </version> ❹        </dependency>        <dependency>          <groupId> org.apache.spark </groupId>          <artifactId> spark-sql_${scala.version} </artifactId> ❸          <version> ${spark.version} </version> ❹        </dependency>        <dependency>          <groupId> org.postgresql </groupId>          <artifactId> postgresql </artifactId>          <version> ${postgresql.version} </version>        </dependency>   </dependencies>


   ❶ Spark is built using a specific Scala version. You can use a property in your Maven project file (aka pom.xml or simply pom) to ensure that you have a consistent version across all your Spark libraries. The property scala.version has a value of 2.12 and is reused in both the spark-core and spark-sql artifacts.


   ❷ The property spark.version, here 2.4.5, is reused in both the spark-core and spark-sql artifacts. With the coming Apache Spark 3.0.0, use 3.0.0.


   ❸ Reusing the scala.version property as a constant in the artifact’s ID


   ❹ Reusing the spark.version property as a constant in the dependency version


  Because the pom.xml is shared with all the labs of a chapter, and because lab #110 uses Apache Derby instead of PostgreSQL, the pom.xml in the repository (in GitHub) also includes the dependencies for Derby.


  
2.3 Walking through your application


  You have seen a simple use case of Spark ingesting data from a CSV file, performing a simple operation, and then storing the result in the database. In this section, you’ll look at what really happens behind the scenes.


  To start, you will look a little more closely at the very first operation: the connection to the master. After this nonfunctional step, let’s walk through the ingestion, the transformation, and, finally, the publishing of the data in the RDBMS.


  
2.3.1 Connecting to a master


  For every Spark application, the first operation is to connect to the Spark master and get a Spark session . This is an operation you will do every time. This is illustrated by the code fragment in listing 2.3 and by figure 2.4.


  In this context, you are connecting to Spark in local mode. You will discover three ways to connect to and use Spark in chapter 5.


  Listing 2.3 Getting a Spark session


  SparkSession spark = SparkSession.builder()          .appName( "CSV to DB" )          .master( "local" )             .getOrCreate();


  
    Method chaining makes Java more compact


    In recent years, more and more Java APIs have been using method chaining, as in SparkSession.builder().appName(...).master(...).getOrCreate() . Previously, you may have seen more intermediate objects being created, a bit like this:

      Object1 o1 = new Object1();        Object2 o2 = o1 .getObject2();         o2 .set( "something" );

    Spark’s API uses a lot of method chaining. Method chaining makes your code more compact and more readable. But one major drawback is debugging: imagine a null pointer exception (NPE) in the middle of your chain, and you’ll spend more time debugging it.


    All the illustrations in this chapter represent a timeline. At t 0, you start your application (your main() function), and at t 1, you get your session.


    This first step is always to connect to a master. You can now ask Spark to load the CSV file.
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  Figure 2.4 The application (or driver) connects to the master and gets a Spark session. The arrow indicates the flow of sequence: at t0, you start your application, and at t1, you get your Spark session.


  
    Local mode is not a cluster, but it’s much easier


    In order for you to be able to run the example in this chapter without setting up a full cluster, I specified local as the value for the master because you are running Spark in local mode. If you had a cluster, you would give the address of this cluster. You will learn more about clusters in chapters 5 and 6.


    For the sake of building your mental model, you will assume you have a cluster instead of the local mode.

  


  
2.3.2 Loading, or ingesting, the CSV file


   Loading ,  ingesting , and reading are synonyms for what you are going to do now: ask Spark to load the data contained in the CSV file. Spark can use distributed ingestion through the various nodes of the cluster. It’s about time to ask Spark to load the file, right? You are several pages into this chapter, learning new concepts, so it’s prime time for Spark to do something for you.


  But as you can imagine, as with all good masters, Spark does not do much. Spark relies on slaves , or workers . You will find both terms in the Spark documentation; despite being French and, by nature, indecisive, I will use worker .


  In our scenario, illustrated in figure 2.5, you have three workers. Distributed ingestion means you will ask our three workers to ingest at the same time.
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  Figure 2.5 The master knows its workers. Here, you have three workers. This is a logical representation: any worker could be on the same physical node as the master. Each worker has memory (of course!), which it will use via partitions.


  At t 2, the master tells the workers to load the file, as coded in listing 2.4. You may wonder, “If you have three workers, which one is loading the file?” or “If they load simultaneously, how do they know where to start and finish?” Spark will ingest the CSV file in a distributed way. The file must be on a shared drive, distributed filesystem (like HDFS in chapter 18), or shared via a shared filesystem mechanism such as Dropbox, Box, Nextcloud, or ownCloud. In this context, a partition is a dedicated area in the worker’s memory.


  Listing 2.4 Reading the authors file


      Dataset<Row> df = spark .read()          .format( "csv" )          .option( "header" , "true" )  .load( "data/authors.csv" );


  Let’s take a second to look at our CSV file (see listing 2.5). It is a simple file with two columns: lname for the last name, and fname for the first name. The first line of the file is a header. The file contains six more lines, which will become six rows in our dataframe.


  Listing 2.5 A good ol’ CSV file


  lname,fname Pascal,Blaise Voltaire,François Perrin,Jean-Georges Maréchal,Pierre Sylvain Karau,Holden  Zaharia,Matei


  The workers will create tasks to read the file. Each worker has access to the node’s memory and will assign a memory partition to the task, as shown in figure 2.6.


  At t 4, each task will continue by reading a part of the CSV file, as illustrated in figure 2.7. As the task is ingesting its rows, it stores them in a dedicated partition.


  Figure 2.7 shows the record being copied from the CSV file to the partition during the ingestion process, within the R > P (Record to Partition) box. The Memory box shows which records are in which partition. In this example, record 1, which contains Blaise Pascal , is in the first partition of the first worker.
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  Figure 2.6 The tasks are being created based on available resources. The worker may create several tasks and will assign a memory partition to each task. The solid tasks are running (they also have a dot), to contrast with nonworking tasks (from another application, for example), which are hollow and have a triangle.
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  Figure 2.7 As the ingestion is taking place, each task loads records into its own memory partition, as indicated by the R > P (Record to Partition) box. The partition box contains the records after the ingestion has been completed.


  
     Why should you care about partitions and their locations?


    Because your operations are pretty simple (for example, concatenating two fields in a third one), Spark will be very fast.


    As you will see in chapters 12 and 13, Spark can join data from multiple datasets and can perform data aggregation, exactly as you do those operations with your relational database. Now imagine that you are joining data from the first partition of worker 1 with data in the second partition of worker 2: all that data will have to be transferred, which is a costly operation.


    You can repartition the data, which can make your applications more efficient, as you will see in chapter 17.

  


  
2.3.3 Transforming your data
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  Figure 2.8 At t5, Spark adds the transformation step to your flow. Each task will continue to perform its work, getting all first and last names from the memory partition to create the new name.


  After the data has been loaded, at t 5, you can process the records. Your operation is fairly simple: you will add to the dataframe a new column, called name . The full name (in the column name ) is a concatenation of the last name (from the column lname ), a comma, a space, and the first name (from the column fname ). So, Jean-Georges (first name) and Perrin (last name) becomes Perrin, Jean-Georges . Listing 2.6 describes the process, and figure 2.8 illustrates it.


  Listing 2.6 Adding a column to your dataframe


      df = df .withColumn(          "name" ,  concat( df .col( "lname" ), lit( ", " ), df .col( "fname" )));


  
    Spark is lazy


    As Seth Rogen said, “I am lazy, but for some reason, I am so paranoid that I end up working hard.”1 This is how Spark acts. At this time, you told Spark to concatenate the fields, but it did not do anything.


    Spark is lazy: it will work only when asked. Spark will stack up all your requests, and when it needs to, it will optimize the operations and do the hard work. You will look more closely at its laziness in chapter 4. And, like Seth, when you ask nicely, Spark will work very hard.


    In this situation, you are using the withColumn() method, which is a transformation. Spark will start processing only when it sees an action, such as the write() method in listing 2.7.

  


  You are now ready for the last operation: saving the result in the database.


  
2.3.4 Saving the work done in your dataframe to a database


  It’s time to save your result to the database, after ingesting the CSV file and transforming the data in the dataframe. The code responsible for this operation is in the following listing and is illustrated in figure 2.9.


  Listing 2.7 Saving the data to the database


      String dbConnectionUrl = "jdbc:postgresql://localhost/spark_labs" ;      Properties prop = new Properties();      prop .setProperty( "driver" , "org.postgresql.Driver" );      prop .setProperty( "user" , "jgp" );      prop .setProperty( "password" , "Spark<3Java" );      df .write()          .mode(SaveMode. Overwrite )  .jdbc( dbConnectionUrl , "ch02" , prop );


  As you are certainly familiar with JDBC, you have probably noticed that Spark expects similar information:


  
    	
A JDBC connection URL


    	
The name of a driver


    	
A user


    	
A password

  


  The write() method returns a DataFrameWriter object on which you can chain a mode() method to specify how to write; here, you will overwrite the data in the table.
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  Figure 2.9 Adding the save operation to your workflow, as you copy the data in the partition (P) to the database (D) at t6, as indicated by the P > D boxes. Each task will open a connection to the database.


  Figure 2.10 represents your application’s full mental model. It is important to remember the following:
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  Figure 2.10 Our complete mental model describing Spark’s behavior when ingesting a CSV file, transforming its data, and then saving the data to a database. The diagram also illustrates the usage of memory in each worker and the attribution of records in those partitions. The R > P symbol indicates that you are loading records in the partition, and the P > D symbol indicates that you are copying the data in the partition to the database. Finally, the timeline, at t7, returns to the application: no data has ever been transferred from the worker to the application.


  
    	
The whole dataset never hits our application (driver). The dataset is split between the partitions on the workers, not on the driver.


    	
The entire processing takes place in the workers.


    	
The workers save the data in their partition to the database. In this scenario, you have four partitions, which means four connections to the database when you save the data. Imagine a similar scenario with 200,000 tasks trying first to connect to the database and then inserting data. A fine-tuned database server will refuse too many connections, which will require more control in the application. A solution to this load issue is addressed in chapter 17 through repartitioning and the options when exporting to a database.

  


  
Summary


  
    	
Your application is the driver. Data may not have to come to the driver; it can be driven remotely. It is important to remember this when you size your deployment (see chapters 5, 6, and 18).


    	
The driver connects to a master and gets a session. Data will be attached to this session; the session defines the life cycle of the data on the worker’s nodes.


    	
The master can be local (your local machine) or a remote cluster. Using the local mode will not require you to build a cluster, making your life much easier while you are developing.


    	
Data is partitioned and processed within the partition. Partitions are in memory.


    	
Spark can easily read from CSV files (more details in chapter 7).


    	
Spark can easily save data in relational databases (more details in chapter 17).


    	
Spark is lazy: it will work only when you ask it to do so via an action. This laziness is good for you, and chapter 4 provides more details.


    	
Spark’s APIs rely heavily on method chaining.

  


  



  
    1. Seth Rogen is a Canadian-American comedian and filmmaker, known for The Interview and for being Steve Wozniak in the Steve Jobs 2015 documentary; see more at www.imdb.com/name/nm0736622/ .

  


  
    
3. The majestic role of the dataframe

  


  This chapter covers


  
    	
Using the dataframe


    	
The essential (majestic) role of the dataframe in Spark


    	
Understanding data immutability


    	
Quickly debugging a dataframe’s schema


    	
Understanding the lower-level storage in RDDs

  


  In this chapter, you will learn about using the dataframe. You’ll learn that the dataframe is so important in a Spark application because it contains typed data through a schema and offers a powerful API.


  As you saw in previous chapters, Spark is a marvelous distributed analytics engine. Wikipedia defines an operating system ( OS ) as “system software that manages computer hardware [and] software resources, and provides common services for computer programs.” In chapter 1, I even qualify Spark as an operating system, as it offers all the services needed to build applications and manage resources. To use Spark in a programmatic way, you need to understand some of its key APIs. To perform analytics and data operations, Spark needs storage, both logical (at the application level) and physical (at the hardware level).


  At the logical level, the favorite storage container is the dataframe , a data structure similar to a table in the relational database world. In this chapter, you will dig into the structure of the dataframe and learn how to use the dataframe via its API.


   Transformations are operations you perform on data, such as extracting a year from a date, combining two fields, normalizing data, and so on. In this chapter, you’ll learn how to use dataframe-specific functions to perform transformations, as well as methods directly attached to the dataframe API. You will merge two dataframes into one by using a SQL union-like operation. You’ll also see the difference between a dataset and a dataframe, and how to go from one to the other.


  Finally, you will look at the resilient distributed dataset (RDD), which was the first generation of storage in Spark. The dataframe is built on top of the RDD concept, and you may encounter RDDs in discussions and projects.


  Examples in this chapter are divided into labs. At the end of the chapter, you will ingest two files in two dataframes, modify their schema so they match, and union the result. You will see how Spark handles the storage as you go through those operations. At various steps, you will inspect the dataframes.


   Lab Examples from this chapter are available in GitHub at https://github .com/jgperrin/net.jgp.books.spark.ch03 .


  
3.1 The essential role of the dataframe in Spark


  In this section, you will learn what a dataframe is and how it is organized. You will also learn about immutability.


  A dataframe is both a data structure and an API, as illustrated in figure 3.1. Spark’s dataframe API is used within Spark SQL, Spark Streaming, MLlib (for machine learning), and GraphX to manipulate graph-based data structures within Spark. Using this unified API drastically simplifies access to those technologies. You will not have to learn an API for each sublibrary.
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  Figure 3.1 By having to learn only one API to do Spark SQL, streaming, machine and deep learning, and graph-based analytics, the developer is happier!


  It is probably odd to describe the dataframe as majestic, but this qualifier suits it perfectly. Just as majestic artwork attracts curiosity, a majestic oak dominates the forest, and majestic walls protect a castle, the dataframe is majestic in the world of Spark.


  
3.1.1 Organization of a dataframe


  In this section, you will learn how a dataframe organizes data. A dataframe is a set of records organized into named columns. It is equivalent to a table in a relational database or a ResultSet in Java. Figure 3.2 illustrates a dataframe.


  Dataframes can be constructed from a wide array of sources, such as files, databases, or custom data sources. The key concept of the dataframe is its API, which is available in Java, Python, Scala, and R. In Java, a dataframe is represented by a dataset of rows: Dataset<Row> .


  Storage can be in memory or on disk, based on Spark’s strategy at the moment, but it will use memory as much as it can.


  Dataframes include the schema in a form of StructType , which can be used for introspection. Dataframes also include a printSchema() method to more quickly debug your dataframes. Enough theory--let’s practice!
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  Figure 3.2 A full dataframe with its schema and data: the dataframe is implemented as a dataset of rows ( Dataset<Row> ). Each column is named and typed. The data itself is in partitions. This illustration is based on the ingestion of the Wake County restaurant dataset used in section 3.2.1.


  
3.1.2 Immutability is not a swear word


  Dataframes, as well as datasets and RDDs (discussed in section 3.4), are considered immutable storage. Immutability is defined as unchangeable . When applied to an object, it means its state cannot be modified after it is created.


  I think this terminology is counterintuitive. When I first started working with Spark, I had a difficult time embracing the concept: Let’s work with this brilliant piece of technology designed for data processing, but the data is immutable. You expect me to process data, but it cannot be changed?


  Figure 3.3 gives an explanation: in its first state, data is immutable; then you start modifying it, but Spark stores only the steps of your transformation, not every step of the transformed data. Let me rephrase that: Spark stores the initial state of the data , in an immutable way, and then keeps the recipe (a list of the transformations) . The intermediate data is not stored. Chapter 4 digs deeper into transformations.
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  Figure 3.3 A typical flow: data is initially stored in an immutable way. The recipe for transformations is stored, not the various stages of the data.


  The why becomes easier to understand when you add nodes. Whereas figure 3.3 illustrates a typical Spark flow with one node, figure 3.4 illustrates with more nodes.
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  Figure 3.4 As you add nodes, imagine the complexity of data synchronization. By keeping only the recipe (list of transformations), you reduce your dependency on storage and increase your reliability (resilience). No data is stored in stage 2.


  Immutability becomes really important when you think in a distributed way. In terms of storage, you have two choices:


  
    	
You store data, and each modification is done immediately on every node, as in a relational database.


    	
You keep the data in sync over the nodes and share only the transformation recipe with the various nodes.

  


  Spark uses the second solution, because it is faster to sync a recipe than all the data over each node. Chapter 4 covers optimization through Catalyst. Catalyst is the cool kid in charge of optimization in Spark processing. Immutability and recipes are cornerstones of this optimization engine.


  Although immutability is brilliantly used by Spark as the foundation to optimize data processing, you will not have to think too much about it as you develop applications. Spark, like any good operating system, will handle the resources for you.


  
3.2 Using dataframes through examples


  There’s nothing like a small example to start with. You ingested files in chapters 1 and 2. But what happens after that?


  In this section, you will perform two simple ingestions. Then you will study their schemas and storage in order to understand the behavior of dataframes as they’re used in an application. The first ingestion is a list of restaurants in Wake County, North Carolina. The second dataset consists of restaurants in Durham County, North Carolina. You will then transform the datasets so you can combine them via a union.


  These are key operations you will be performing as a Spark developer, so understanding the principles behind them will provide the foundation you need. Figure 3.5 illustrates the process.
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  Figure 3.5 This chapter’s labs will show ingestion of files, modification of the dataframes through transformation, union of the dataframes, and their display.


  The destination (and final) dataframe, after the union operation, needs to have the same schema after both transformations, as illustrated in figure 3.6
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  Figure 3.6 Mapping between the incoming (source) dataframe and the destination dataframe


  
3.2.1 A dataframe after a simple CSV ingestion


  In this section, you will first ingest the data, and then you’ll look at the data in the dataframe in order to understand the schema. This process is an important step in your understanding of the way Spark works.


  The goal of the example is to normalize a dataset so it matches specific criteria, as you just saw in figure 3.6. I bet you like to go to restaurants. Maybe not every day, maybe not every kind, but each of you has preferences: type of food, distance from home, company, noise level, and so forth. Websites such as Yelp or OpenTable have rich datasets, but let’s explore some open data. Figure 3.7 illustrates the process in this example.
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  Figure 3.7 The ingestion and transformation processes for the Wake County restaurants


  Your first dataset comes from Wake County in North Carolina at http://mng.bz/ 5AM7 . It contains a list of restaurants in the county. The data can be downloaded directly from http://mng.bz/Jz2P .


  You will now walk through an ingestion and a transformation of the dataframe so it matches the output (by renaming and dropping columns); then you’ll scope out data partitions. As you are ingesting and transforming the data, you will also count the number of records. Figure 3.8 illustrates the mapping.
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  Figure 3.8 Mapping the input dataframe for the Wake County restaurants to the destination dataframe. The little trash cans indicate the fields you are dropping.


   LAB You can download the code from GitHub at https://github.com/jgperrin/ net.jgp.books.spark.ch03 . This is lab #200 in package net.jgp.books.spark.ch03 .lab200_ingestion_schema_manipulation .


  The visual result you are trying to achieve is a list of restaurants, matching the mapping defined in figure 3.8. Note that the following output has been altered to fit on this page:


  *** Dataframe transformed +---------------+-----------+-----+---------------+------+---------------+ | name| city|state| type|county| id| +---------------+-----------+-----+---------------+------+---------------+ | WABA| RALEIGH| NC| Restaurant| Wake|NC_Wake_0409...| |WALMART DELI...| CARY| NC| Food Stand| Wake|NC_Wake_0409...| |CAROLINA SUS...| RALEIGH| NC| Restaurant| Wake|NC_Wake_0409...| |THE CORNER V...| RALEIGH| NC|Mobile Food ...| Wake|NC_Wake_0409...| | SUBWAY #3726|WAKE FOREST| NC| Restaurant| Wake|NC_Wake_0409...| +---------------+-----------+-----+---------------+------+---------------+  only showing top 5 rows


  Because records spreading over multiple lines are a little difficult to read, I’ve added the records as a screenshot in figure 3.9.
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  Figure 3.9 The first five rows of the Wake County restaurant dataset


  To display those datasets (which are also dataframes), your code will look like the following:


  package net.jgp.books.spark.ch03.lab200_ingestion_schema_manipulation;   import static org.apache.spark.sql.functions. concat ; ❶ import static org.apache.spark.sql.functions. lit ; ❶   import org.apache.spark.Partition; import org.apache.spark.sql.Dataset; import org.apache.spark.sql.Row; import org.apache.spark.sql.SparkSession;   public class IngestionSchemaManipulationApp {        public static void main(String[] args ) {       IngestionSchemaManipulationApp app =              new IngestionSchemaManipulationApp();        app .start();     }        private void start() {       SparkSession spark = SparkSession. builder () ❷             .appName( "Restaurants in Wake County, NC" )             .master( "local" )             .getOrCreate();         Dataset<Row> df = spark .read().format( "csv" ) ❸             .option( "header" , "true" ) ❹             .load( "data/Restaurants_in_Wake_County_NC.csv" ); ❺       System. out .println( "*** Right after ingestion" );         df .show(5); ❻


   ❶ Static functions are a powerful tool in Spark; you will study them more in chapter 13, and appendix G provides a reference.


   ❷ Creates a Spark session


   ❸ Creates a dataframe (a Dataset<Row>)


   ❹ The CSV file has a header row.


   ❺ Name of the file in the data directory


   ❻ Shows five records/rows


  So far, this ingestion is similar to chapter 1’s ingestion of a simple list of books, and chapter 2’s ingestion of a list of authors. Ingestion is always done the same way, and chapters 7, 8, and 9 provide further details. Let’s go a little deeper into the dataframe. You can print the schema to standard output ( stdout ) by using printSchema() . The result is as follows:


  root ❶ ❷                      ❸                                   ❹   |-- OBJECTID: string (nullable = true)   |-- HSISID: string (nullable = true)   |-- NAME: string (nullable = true)   |-- ADDRESS1: string (nullable = true)   |-- ADDRESS2: string (nullable = true)   |-- CITY: string (nullable = true)   |-- STATE: string (nullable = true)   |-- POSTALCODE: string (nullable = true)   |-- PHONENUMBER: string (nullable = true)   |-- RESTAURANTOPENDATE: string (nullable = true)   |-- FACILITYTYPE: string (nullable = true)   |-- PERMITID: string (nullable = true)   |-- X: string (nullable = true)   |-- Y: string (nullable = true)    |-- GEOCODESTATUS: string (nullable = true)


   ❶ Because schemas can be nested, they are displayed as a tree, with a root.


   ❷ The first column of the schema is always the field name.


   ❸ The second column (after the colon) is the type.


   ❹ The third column, in parentheses, indicates nullability. In this example, all fields can be null.


  Appendix H provides more details on types. Your call is simply as follows:


   df .printSchema();


  There is an easy way to count the number of records you have in your dataframe. Say you want to display this:


  We have 3440 records.


  You simply use the following:


   System. out .println( "We have " + df .count() + " records." );


  The goal of this section is for you to merge two dataframes, just as you can perform an SQL union of two tables. To make the union effective, you need similarly named columns in both dataframes. To get there, you can easily imagine that the schema of your first dataset was modified too. This is how it looks:


  root   |-- datasetId: string (nullable = true) ❶   |-- name: string (nullable = true) ❶   |-- address1: string (nullable = true) ❶   |-- address2: string (nullable = true) ❶   |-- city: string (nullable = true) ❶   |-- state: string (nullable = true) ❶   |-- zip: string (nullable = true) ❶   |-- tel: string (nullable = true) ❶   |-- dateStart: string (nullable = true) ❶   |-- type: string (nullable = true) ❶   |-- geoX: string (nullable = true) ❶   |-- geoY: string (nullable = true) ❶   |-- county: string (nullable = false) ❷    |-- id: string (nullable = true) ❷


   ❶ The columns are renamed to match the desired name.


   ❷ These new columns add the county name and a made-up unique ID, respectively.


  Let’s walk through the transformation. Note the strong usage of method chaining. As defined in chapter 2, Java APIs can use method chaining, as in SparkSession .builder().appName(...).master(...).getOrCreate() , instead of creating an object at each step and passing it to the next operation.


  You will use four methods of the dataframe and two static functions. You are likely familiar with static functions: they are those functions that are “grouped” in a class, but do not require the instantiation of the class.


  Methods are easy to understand: they are attached to the object itself. Static functions are useful when you work directly with the values in the column. As you read this book, you will see more and more usage of these static functions, and they are described in more detail in chapter 13 and appendix G.


  If you do not find a function that does what you want (for example, a specific transformation or a call to an existing library you may have), you can write your own functions. These are called user-defined functions  ( UDFs ), which you will study in chapter 16.


  Let’s look at the methods and functions you need now:


  
    	
 withColumn() method--Creates a new column from an expression or a column.


    	
 withColumnRenamed() method--Renames a column.


    	
 col() method--Gets a column from its name. Some methods will take the column name as an argument, and some require a Column object.


    	
 drop() method--Drops a column from the dataframe. This method accepts an instance of a Column object or a column name.


    	
 lit() functions--Creates a column with a value; literally, a literal value.


    	
 concat() function--Concatenates the values in a set of columns.

  


  You can look at the code now:


        df = df .withColumn( "county" ,  lit ( "Wake" )) ❶             .withColumnRenamed( "HSISID" , "datasetId" ) ❷             .withColumnRenamed( "NAME" , "name" ) ❷             .withColumnRenamed( "ADDRESS1" , "address1" ) ❷             .withColumnRenamed( "ADDRESS2" , "address2" ) ❷             .withColumnRenamed( "CITY" , "city" ) ❷             .withColumnRenamed( "STATE" , "state" ) ❷             .withColumnRenamed( "POSTALCODE" , "zip" ) ❷             .withColumnRenamed( "PHONENUMBER" , "tel" ) ❷             .withColumnRenamed( "RESTAURANTOPENDATE" , "dateStart" ) ❷             .withColumnRenamed( "FACILITYTYPE" , "type" ) ❷             .withColumnRenamed( "X" , "geoX" ) ❷             .withColumnRenamed( "Y" , "geoY" ) ❷             .drop( "OBJECTID" ) ❸             .drop( "PERMITID" ) ❸              .drop( "GEOCODESTATUS" ); ❸


   ❶ Creates a new column called “county” containing the value “Wake” in every record


   ❷ Simply renames column names to what you need in your new dataset


   ❸ Columns to be dropped


  You may need a unique identifier for each record. You can call this column id and build it by concatenating the following:


  
    	
The state


    	
An underscore ( _ )


    	
The county


    	
An underscore ( _ )


    	
The identifier within the dataset

  


  The code looks like this:


        df = df .withColumn( "id" ,  concat (              df .col( "state" ), lit ( "_" ),              df .col( "county" ), lit ( "_" ),               df .col( "datasetId" )));


  Finally, you can display five records and print the schema:


       System. out .println( "*** Dataframe transformed" );        df .show(5);         df .printSchema();


  
3.2.2 Data is stored in partitions


  Now that you have loaded the data, you can see where it is stored. This will show you how Spark stores data internally. Data is not stored physically in the dataframe, but in partitions , as shown in figure 3.1 and in a simplified figure 3.10.


  [image: ]


   Figure 3.10 A dataframe stores data in partitions. Here, we have only one partition.


  Partitions are not directly accessible from the dataframe; you will need to look at partitions through the RDDs. You will learn more about the RDDs a little later in section 3.4.


  Partitions are created, and data is assigned to each partition automatically based on your infrastructure (number of nodes and size of the dataset). Because of the size of the dataset and the laptop I am using, only one partition is used in this scenario. You can find out how many partitions you have with the following code:


       System. out .println( "*** Looking at partitions" );       Partition[] partitions = df .rdd().partitions(); ❶        int partitionCount = partitions . length ;       System. out .println( "Partition count before repartition: " +               partitionCount );


   ❶ You access the RDD through rdd() and then get to the partitions.


  You can repartition the dataframe to use four partitions by using the repartition() method. Repartitioning can increase performance:


        df = df .repartition(4);       System. out .println( "Partition count after repartition: " +               df .rdd().partitions(). length );


  
3.2.3 Digging in the schema


  In the previous section, you learned about accessing the schema by using printSchema() . It is important to know the structure of the data, and specifically how Spark sees it. You can learn more details about the schema by calling the schema() method.


  Look at SchemaIntrospectionApp in the net.jgp.books.spark.ch03.lab210_schema _introspection package for details about schema() usage. I limited the next lab’s output to the first three fields in each case to simplify reading.


  Say you want to output the following:


  *** Schema as a tree: root   |-- OBJECTID: string (nullable = true)   |-- datasetId: string (nullable = true)   |-- name: string (nullable = true)  ...


  You can use the dataframe’s printSchema() method as you did previously, or the printTreeString() method of the StructType :


       StructType schema = df .schema(); ❶              System. out .println( "*** Schema as a tree:" );         schema .printTreeString(); ❷


   ❶ Extracts the schema


   ❷ Displays the schema as a tree


  You can also display the schema as a simple string:


  *** Schema as string: StructField(OBJECTID,StringType,true)StructField(datasetId,StringType,true)  StructField(name,StringType,true)...


  To do this, you use the following code:


       String schemaAsString = schema .mkString(); ❶        System. out .println( "*** Schema as string: " + schemaAsString );


   ❶ Extracts the schema as a string


  And you can even display the schema as a JSON structure:


  *** Schema as JSON: {     "type" : "struct",     "fields" : [ {       "name" : "OBJECTID",       "type" : "string",       "nullable" : true,       "metadata" : { }     }, {       "name" : "datasetId",       "type" : "string",       "nullable" : true,       "metadata" : { }     }, {       "name" : "name",       "type" : "string",       "nullable" : true,       "metadata" : { }  ...


  You’d use the following code:


       String schemaAsJson = schema .prettyJson(); ❶        System. out .println( "*** Schema as JSON: " + schemaAsJson );


   ❶ Extracts the schema as a JSON object in a string


  Advanced schema manipulation is possible, as you’ll see in chapter 17.


  
3.2.4 A dataframe after a JSON ingestion


  JSON documents can be a little more complex than CSVs because of their nested structure. You are going to work on a similar lab as previously, but this time the source of the restaurant data is a JSON file. This section focuses on the differences from the previous lab and assumes you have read it.


  Using Spark, you are going to read a JSON file, which contains restaurant data that has a similar structure as the dataset in section 3.2.1. You’ll transform the ingested data to match the previous dataset’s transformed structure. You are doing that so you can merge them through a union process. Figure 3.11 illustrates this part of the process.
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  Figure 3.11 The ingestion and transformation processes for the Durham County restaurants


  Your second dataset comes from another North Carolina county, Durham. Durham County is a neighbor of Wake, and its dataset can be found at https://live-durhamnc .opendata.arcgis.com/ .
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