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Preface
      

      
      
      
      The idea for this book came to me in the summer of 2018 after working with some especially talented developers who had managed
         to go a significant portion of their careers without learning how to write scalable code. I realized then that a lot of the
         techniques for “big data” work, or what we’ll refer to in this book as “large dataset” problems, are reserved for those who
         want to tackle these problems exclusively. Because a lot of these problems occur in enterprise environments, where the mechanisms
         to produce data at this scale are ripe, books about this topic tend to be written in the same enterprise languages as the
         tools, such as Java.
      

      
      This book is a little different. I’ve noticed that large dataset problems are increasingly being tackled in a distributed
         manner. Not distributed in the terms of distributed computing—though certainly that as well—but distributed in terms of who’s
         doing the work. Individual developers or small development teams, often working in rapid prototyping environments or with
         rapid development languages (such as Python), are now working with large datasets.
      

      
      My hope is that this book can bring the techniques for scalable and distributed programming to a broader audience of developers.
         We’re living in an era where big data is becoming increasingly prevalent. Skills in parallelization and distributed programming
         are increasingly vital to developers’ day-to-day work. More and more programmers are facing problems resulting from datasets
         that are too large for the way they’ve been taught to think about them. Hopefully, with this book, developers will have the
         tools to solve those big data problems and focus on the ones that got them interested in programming in the first place.
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About this book
      

      
      
      
      
      
Who should read this book
      

      
      The goal of this book is to teach a scalable style of programming. To do that, we’ll cover a wider range of material than
         you might be familiar with from other programming or technology books. Where other books might cover a single library, this
         book covers many libraries—both built-in modules, such as functools and itertools, as well as third-party libraries, such
         as toolz, pathos, and mrjob. Where other books cover just one technology, this book covers many, including Hadoop, Spark,
         and Amazon Web Services (AWS). The choice to cover a broad range of technologies is admitting the fact that to scale your
         code, you need to be able to adapt to new situations. Across all the technologies, however, I emphasize a “map and reduce”
         style of programming in Python.
      

      
      You’ll find that this style is a constant throughout the changing environment in which your code is running, which is why
         I adopted it in the first place. You can use it to rapidly adapt your code to new situations. Ultimately, the book aims to
         teach you how to scale your code by authoring it in a map and reduce style. Along the way, I also aim to teach you the tools
         of the trade for big data work, such as Spark, Hadoop, and AWS.
      

      
      I wrote this book for a developer or data scientist who knows enough to have gotten themselves into a situation where they’re
         facing a problem caused by having too much data. If you know how to solve your problem, but you can’t solve it fast enough
         at the scale of data with which you’re working, this book is for you. If you’re curious about Hadoop and Spark, this book
         is for you. If you’re looking for a few pointers on how to bring your large data work into the cloud, this book could be for
         you.
      

      
      
      
      
      
How this book is organized: A roadmap
      

      
      In chapter 1, I introduce the map and reduce style of programming and what I’ll cover in this book. I discuss the benefits of parallel
         programming, the basics of distributed computing, the tools we’ll cover for parallel and distributed computing, and cloud
         computing. I also provide a conceptual model for the material that I cover in this book.
      

      
      In chapter 2, I introduce the map part of the map and reduce style, and we look at how to parallelize a problem to solve it faster. I
         cover the process of pickling in Python—how Python shares data during parallelization—and we’ll tackle an example using parallelization
         to speed up web scraping.
      

      
      In chapter 3, we’ll use the map function to perform complex data transformations. In this chapter, I teach how you can chain small functions together into
         function pipelines or function chains to great effect. I also show how you can parallelize these function chains for faster
         problem solving on large datasets.
      

      
      In chapter 4, I introduce the idea of laziness and how you can incorporate laziness to speed up your large data workflows. I show how
         lazy functions allow you to tackle large dataset problems locally, how you can create your own lazy functions, and how to
         best combine lazy and hasty approaches to programming. We’ll use these lazy methods to solve a simulation problem.
      

      
      In chapter 5, I cover accumulation transformations with the reduce function. I also teach the use of anonymous or lambda functions. In this chapter, we’ll use the reduce function to calculate summary statistics on a large dataset.
      

      
      In chapter 6, I cover advanced parallelization techniques using both map and reduce. You’ll learn advanced functions for parallelization in Python, as well as how and when to pursue a parallel solution to
         your problem. In this chapter, you’ll also learn how to implement parallel reduce workflows.
      

      
      In chapter 7, I introduce the basics of distributed computing as well as the technologies of Hadoop and Spark. You’ll write introductory
         programs in Hadoop and Spark, and learn the benefits of each framework. We’ll also cover the situations in which Hadoop is
         preferable over Spark, and when Spark is preferable over Hadoop.
      

      
      In chapter 8, I cover how to use Hadoop streaming to run your map-and-reduce–style code on a distributed cluster. I also introduce the
         mrjob library for writing Hadoop jobs in Python. We’ll cover how to move complex data types between Hadoop job steps. We’ll
         cement these principles with hands-on examples analyzing web traffic data and tennis match logs.
      

      
      In chapter 9, we dive into using Spark for distributing our Python code. I cover Spark’s RDD data structure as well as convenience methods
         of the RDD that you can use to implement your code in a map and reduce style. We’ll also implement the classic PageRank algorithm on
         the tennis match log data from chapter 8.
      

      
      In chapter 10, we look at one of the most popular applications of Spark: parallel machine learning. In this chapter, we cover some of the
         basics of machine learning. We’ll practice these principles by implementing decision trees and forests to predict whether
         mushrooms are poisonous or not.
      

      
      In chapter 11, I cover the basics of cloud computing and the nature of cloud storage. We’ll put our learning into practice by loading data
         into Amazon S3 using both the web GUI and the boto3 AWS API wrapper library for Python.
      

      
      In chapter 12, we use Amazon ElasticMapReduce to run distributed Hadoop and Spark jobs in the cloud. You’ll learn how to set up an elastic
         Hadoop cluster from the console using mrjob and from the AWS browser-based GUI. Once you’ve mastered this chapter, you’ll
         be ready to tackle datasets of any size.
      

      
      
      
      
About the code
      

      
      On the journey to mastering large datasets with Python, you’ll need a few tools, the first of which is a recent version of
         Python. Throughout this book, any version of Python 3.3+ will work. For the most part, you can install the remainder of the
         software you’ll need with a single pip command:
      

      
      pip install toolz pathos pyspark mrjob --user

      
      If you’d like to set up a virtual environment to keep the packages installed with this book separate from Python packages
         you currently have installed on your path, you can do this with a few lines of code as well:
      

      
      $ python3 -m venv mastering_large_datasets
$ pip install toolz pathos pyspark mrjob --user
$ source mastering_large_datasets/bin/active

      
      If you set up a virtual environment, remember that you’ll need to run the source command to activate it so you can access
         the libraries inside of it.
      

      
      Beyond Python, the only software that you’ll need for this book is Hadoop. The easiest way to install Hadoop is to go to the
         Hadoop website and follow the instructions for downloading Hadoop there: https://hadoop.apache.org/releases.html. Hadoop is written in Java, so you’ll also need to have a Java Development Kit installed to run it. I recommend OpenJDK.
         You can download OpenJDK from the OpenJDK website: https://openjdk.java.net/.
      

      
      Finally, to complete the last two chapters of the book, you’ll need an AWS account. You can create a new AWS account by going
         to https://aws.amazon.com, selecting “Sign in to the Console,” and then creating a new AWS account. To set up your account, you’ll need to provide
         a payment method. Amazon will use this method to charge you for resources you use. For this book, you won’t need more than
         $5 of resources from AWS. To ensure you don’t spend more than you’re comfortable with, you can get a prepaid Visa card and
         set that up as your payment method. You can find prepaid Visa cards at stores like CVS, Walgreens, Rite-Aid, Target, and Walmart,
         as well as many convenience stores and gas stations. You won’t need an AWS account until chapter 11.
      

      
      
      
      
      
liveBook discussion forum
      

      
      Purchase of Mastering Large Datasets with Python 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/mastering-large-datasets/welcome/v-5/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.
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      J.T. Wolohan is a senior artificial intelligence and natural language processing architect at Booz Allen Hamilton. He has
         taught programming to learners of all levels: from elementary and middle school students up to graduate students and professionals.
         In addition to his interests in distributed and parallel computing, J.T. enjoys running, cooking, and spending time with his
         family.
      

      
      

About the cover illustration
      

      
      
      
      The figure on the cover of Mastering Large Datasets with Python is captioned “Costumes civils actuels de tous les peuples connus,” or “Current Civilian Costumes of All Known Peoples.” The
         illustration is taken 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. The rich variety of Grasset de Saint-Sauveur’s
         collection reminds us vividly of how culturally apart the world’s towns and regions were just 200 years ago. Isolated from
         each other, people spoke different dialects and languages. In the streets or in the countryside, it was easy to identify where
         they 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, so rich at the time, has faded away. It is now hard to
         tell apart 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 is 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.
      

      
      
      
      


Part 1. 


      
      
      Part 1 explores the map and reduce style of computing. We’ll introduce map and reduce, as well as the helper and convenience functions
         that you’ll need to get the most out of this style. In this section, we’ll also cover the basics of parallel computing. The
         tools and techniques in this part are useful for large data in categories 1 and 2: tasks that are both storable and computable
         locally, and tasks that are not storable locally but are still computable locally.
      

      
      
      
      
      


Chapter 1. Introduction
      

      
      This chapter covers

      
      

      
         
         	Introducing the map and reduce style of programming

         
         	Understanding the benefits of parallel programming

         
         	Extending parallel programming to a distributed environment

         
         	Parallel programming in the cloud

         
      

      
      This book teaches a set of programming techniques, tools, and frameworks for mastering large datasets. Throughout this book,
         I’ll refer to the style of programming you’re learning as a map and reduce style. The map and reduce style of programming is one in which we can easily write parallel programs—programs that can do
         multiple things at the same time—by organizing our code around two functions: map and reduce. To get a better sense of why we’ll want to use a map and reduce style, consider this scenario:
      

      
      
         
            
         
         
            
               	
            

         
      

      Scenario

      
      
      Two young programmers have come up with an idea for how to rank pages on the internet. They want to rank pages based on the
         importance of the other sites on the internet that link to them. They think the internet should be just like high school: the more the cool kids talk about you, the more important you are. The two young
         programmers love the idea, but how can they possibly analyze the entire internet?
      

      
      
         
            
         
         
            
               	
            

         
      

      
      A reader well versed in Silicon Valley history will recognize this scenario as the Google.com origin story. In its early years,
         Google popularized a way of programming called MapReduce as a way to effectively process and rank the entire internet. This style was a natural fit for Google because
      

      
      

      
         
         	Both of Google’s founders were math geeks, and MapReduce has its roots in math.

         
         	Map and reduce-centric programming results in simple parallelization when compared with a more traditional style of programming.

         
      

      
      
         
            
         
         
            
               	
            

         
      

      
         
         map and reduce vs. MapReduce
         
         I’m going to refer to a map and reduce style of programming a lot in this book. Indeed, this style is the primary means through
            which I’ll be teaching you how to scale up your programs beyond your laptop. Though this style is similar in name and functionality
            to MapReduce, it is distinct from and more general than MapReduce. MapReduce is a framework for parallel and distributed computing.
            The map and reduce style is a style of programming that allows programmers to run their work in parallel with minimal rewriting
            and extend this work to distributed workflows, possibly using MapReduce, or possibly using other means.
         

         
      

      
         
            
         
         
            
               	
            

         
      

      
      In this book, we’ll tackle the same issues Google tackled in their early stages. We’ll look at a style of programming that
         makes it easy to take a good idea and scale it up. We’ll look at a way of programming that makes it easy to go from doing
         work as an individual to doing work on a team, or from doing work on your laptop to doing work in a distributed parallel environment.
         In other words, we’ll look at how to master large datasets.
      

      
      
      
1.1. What you’ll learn in this book
      

      
      In this book, you’ll learn a style of programming that makes parallelization easy. You’ll learn how to write scalable, parallel
         code that will work just as well on one machine as it will on thousands. You’ll learn how to
      

      
      

      
         
         	chunk large problems into small pieces

         
         	use the map and reduce functions
         

         
         	run programs in parallel on your personal computer

         
         	run programs in parallel in distributed cloud environments

         
      

      
      and you’ll learn two popular frameworks for working with large datasets: Apache Hadoop and Apache Spark.

      
      This book is for the programmer who can write working data-transformation programs already and now needs to scale those programs
         up. They need to be able to work with more data and to do it faster.
      

      
      
      
      
1.2. Why large datasets?
      

      
      You’ve probably heard conversations about an amorphous set of problems in modern computing that revolve around the notion
         of big data. Big data tends to mean different things to different people. I find that most people use that phrase to mean that the data
         “feels” big—it’s uncomfortable to work with or unwieldy.
      

      
      Because one of the goals of this book is to get you comfortable with any size dataset, we’ll work with large datasets. As I think of it, large dataset problems come in three sizes:
      

      
      

      
         
         	The data can both fit on and be processed on a personal computer.

         
         	The solution for the problem can be executed from a personal computer, but the data can’t be stored on a personal computer.

         
         	The solution for the problem can’t be executed on a personal computer, and the data can’t be stored on one either.

         
      

      
      You likely already know how to solve problems that fall in the first category. Most problems—especially those that are used
         to teach programming—fall into this first category. The second group of problems is a bit harder. They require a technique
         called parallel computing that allows us to get the most out of our hardware. Lastly, we have the third group of problems. These problems are expensive,
         requiring either more money or more time to solve. To solve them, we’ll want to use a technique called distributed computing.
      

      
      
         
            
         
         
            
               	
            

         
      

      
         
         Dask—A different type of distributed computing
         
         The map and reduce style of programming puts data at the forefront and is excellent for working with data, from small data
            transformations up to large distributed data stores.
         

         
         If you aren’t interested in learning a style of programming that will make your Python code easier to read and easier to scale,
            but you still want to be able to manage large datasets, one tool out there for you is Dask. Dask is a Python framework for
            distributed data frames with a NumPy and pandas look-alike API. If that sounds like something you’re interested in, I recommend
            Data Science with Python and Dask, by Jesse Daniel (Manning, 2019; http://mng.bz/ANxg).
         

         
      

      
         
            
         
         
            
               	
            

         
      

      
      Through this book, you’ll learn a style of programming that allows you to write code in the same way for problems of all three
         sizes. You’ll also learn about parallel computing and two distributed computing frameworks (Hadoop and Spark), and we’ll explore
         how to use those frameworks in a distributed cloud environment.
      

      
      
      
      
      
1.3. What is parallel computing?
      

      
      Parallel computing, which I’ll also refer to as parallel programming and parallelization, is a way to get your computer to do multiple things at once. For example, referring to the scenario you saw earlier, our
         young programmers are going to need to process more than one web page at a time; otherwise, they might never finish—there
         are a lot of web pages. Even processing one page per half second wouldn’t bring them to 200,000 pages a day. To scrape and
         analyze the entire internet, they’re going to need to be able to scale up their processing. Parallel computing will allow
         them to do just that.
      

      
      
      1.3.1. Understanding parallel computing
      

      
      To understand parallel programming, let’s first talk about what happens in standard procedural programming. The standard procedural
         programming workflow typically looks like this:
      

      
      

      
         
         	A program starts to run.

         
         	The program issues an instruction.

         
         	That instruction is executed.

         
         	Steps 2 and 3 are repeated.

         
         	The program finishes running.

         
      

      
      This is a straightforward way of programming; however, it limits us to executing one instruction at a time (figure 1.1). Steps 2 and 3 need to resolve before we can move on to Step 4. And Step 4 routes us back to Steps 2 and 3, leaving us in
         the same pickle.
      

      
      
      
      Figure 1.1. The procedural computing process involves issuing instructions and resolving them in sequence.
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      In a standard linear program, if the instructions in Step 2 take a long time to execute, then we won’t be able to move on
         to the next section of the problem. Imagine what this looks like for our young programmers trying to scrape the entire internet.
         How many of their instructions are going to be “scrape web page abc.com/xyz”? Probably a lot. What’s more, we know that the
         scraping of one web page (like the Amazon homepage, for instance) is in no way going to alter the content of other web pages
         (such as the New York Times homepage).
      

      
      Parallel programming allows us to execute all of these similar and independent steps simultaneously. In parallel programming,
         our workflow is going to look more like this:
      

      
      

      
         
         	A program starts to run.

         
         	The program divides up the work into chunks of instructions and data.

         
         	Each chunk of work is executed independently.

         
         	The chunks of work are reassembled.

         
         	The program finishes running.

         
      

      
      By programming this way, we free ourselves from the instruction-execution loop we were trapped in before (figure 1.2). Now we can split our work up into as many chunks as we’d like, as long as we have a way of processing them.
      

      
      
      
      Figure 1.2. The parallel computing process divides work into chunks that can be processed separately from one another and recombined when
         finished.
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      This process would be much better for the young programmers wishing to scrape the entire internet. They still need to find
         a way to get enough computing resources to process all of the chunks, but every time they acquire a new machine, they make
         their process that much faster. And indeed, even early-stage Google was running on a cluster of thousands of computers.
      

      
      
      
      1.3.2. Scalable computing with the map and reduce style
      

      
      When we think about the map and reduce style of computing, it’s important to do so in the context of both the size of our
         data and the capacity of the compute resources available to us (figure 1.3). With normal-sized data—which allows us to use personal computer-scale resources to work on data we can store on a personal
         computer—we can rely on the fundamentals of the map and reduce style and standard Python code. In this area, we won’t see
         much difference from other styles of programming.
      

      
      
      
      Figure 1.3. We can think of the map and reduce style of programming as a construction project: from blueprints, which help us organize
         our work; to the transformation of raw material; to the assembly of parts into a final product.
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      Moving up in size of data, we arrive at a place where we can use our personal computer hardware to process the data, but we’re
         having trouble storing the data on a personal computer. At this point, we could, if we wanted to, work on our job in a cluster, but it’s not a necessity. Here,
         the benefits of the map and reduce style start to become apparent. We can use a slightly modified version of our code from
         the smaller sized data to work on data in this size category.
      

      
      And finally, we arrive at the final and largest category of data. This is data that we need to both process and store in a
         distributed environment. Here, we can use distributed computing frameworks such as Hadoop and Spark. And although we can’t
         use the exact same code, we can use the principles and patterns from the smaller sizes. We’ll often also need to use a cloud
         computing service, such as AWS.
      

      
      
         
            
         
         
            
               	
            

         
      

      
         
         Other large data technologies: Splunk, Elasticsearch, Pig, and Hive
         
         Because this book focuses on scalable workflows, I intentionally omitted big data tools that only make sense to operate once
            you’re already in a high-volume environment, including Splunk, Elasticsearch, Apache Pig, and Apache Hive. The latter two,
            built on the Hadoop stack, are natural bedfellows with Hadoop and Spark. If you’re operating with a large volume of data,
            investigating these tools is well worth your while.
         

         
      

      
         
            
         
         
            
               	
            

         
      

      
      We can see this at play in figure 1.3. Figure 1.3 shows how the techniques taught in this book match up against the various sizes of data and the compute resources available.
         We begin by covering techniques that you can use on your laptop or personal computer: the built-in map and reduce and parallel
         computing abilities of Python. In the final two sections (from chapter 7 and on), we cover distributed computing frameworks such as Hadoop and Spark, as well as how to deploy these services on the
         cloud using Amazon Web Services EMR.
      

      
      
      
      1.3.3. When to program in a map and reduce style
      

      
      The map and reduce style of programming is applicable everywhere, but its specific strengths are in areas where you may need
         to scale. Scaling means starting with a small application, such as a little game you might build on your laptop in an evening
         as a pet project, and applying it to a much larger use case, such as a viral game that everyone is playing on their cell phones.
      

      
      Consider one small step in our hypothetical game: improving the AI. Say we have an AI opponent against which all the players
         compete, and we want the AI to improve every 1,000 matches. At first, we’ll be able to update our AI on a single machine.
         After all, we only have 1,000 matches, and it’s trivial to process them. Even as the number of players picks up, we’ll only
         have to run this improvement every few hours. Eventually, however, if our game gets popular enough, we’ll have to dedicate
         several machines to this task—the amount of information they’ll need to process will be larger (there will be more matches
         in the match history), and they’ll need to process the information faster (because the rate of plays will be faster). This
         would be an excellent application for a map and reduce style because we could easily modify our code to be parallel, allowing
         us to scale our AI improvements up to any number of users.
      

      
      
      
      
      
1.4. The map and reduce style
      

      
      The parallel programming workflow has three parts that distinguish it from the standard linear workflow:

      
      

      
         
         	Divide the work into chunks.

         
         	Work on those chunks separately.

         
         	Reassemble the work.

         
      

      
      In this book, we’ll let the functions map and reduce handle these three parts for us.
      

      
      
      1.4.1. The map function for transforming data
      

      
      map is a function we’ll use to transform sequences of data from one type to another (figure 1.4). The function gets its name from mathematics, where some mathematicians think of functions as rules for taking an input
         and returning the single corresponding output. Considering again our young and ambitious programmers, they may want to map a sequence of web pages (or the sequence of all web pages) into the URLs that those pages contain. They could then use those
         URLs to see which pages were linked to most often and by whom.
      

      
      
      
      Figure 1.4. We can use the map function to transform a sequence of data from one type to another, such as transforming web page URLs into lists of links
         found on those pages.
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      A key thing to remember about map is that it always retains the same number of objects in the output as were provided in the input. For example, if we wanted
         to get the outbound links on 100,000 websites with map, then the resulting data structure would be 100,000 lists of links.
      

      
      
         
            
         
         
            
               	
            

         
      

      Note

      
      
      map and reduce have their roots in a style of programming called declarative programming. Declarative programming focuses on explaining
         the logic of our code and not on specifying low-level details. That’s why scaling our code is natural in the map and reduce
         style: the logic stays the same, even if the size of the problem changes.
      

      
      
         
            
         
         
            
               	
            

         
      

      
      It’s worth taking a look at a small example of map in action now because of how fundamental it is to what we’ll be doing throughout this book. Let’s imagine we want to add
         seven to a sequence of four numbers: –1, 0, 1, and 2. To do this, we write a small function called add_seven that takes a number n and returns n+7. To do this for our sequence of numbers, we’d simply call map on add_seven and our sequence (figure 1.5).
      

      
      
      
      Figure 1.5. A basic use of map would be to increment a sequence of numbers, such as changing –1, 0, 1, and 2 into 6, 7, 8, and 9.
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      You’ll note that, like we touched on previously, we have the same number of inputs (4) as outputs (4). Also, these inputs
         and outputs have a direct 1 to 1 relationship: a particular output corresponds to each and every input.
      

      
      
      
      
      1.4.2. The reduce function for advanced transformations
      

      
      If we want to take that sequence and turn it into something of a different length, we’ll need our other critical function:
         reduce. reduce allows us to take a sequence of data and transform it into a data structure of any shape or size (figure 1.6). For example, if our programmers wanted to take those links and turn them into frequency counts—finding which pages are
         linked to the most—they would need to use reduce, because it is possible that the number of pages linked to is different from the number of pages crawled. We can easily imagine
         that 100 web pages might link to anywhere between 0 and 1 million external pages, depending on what the web pages in question
         are.
      

      
      
      
      Figure 1.6. We can use the reduce function to turn a sequence of data of one type into something else: another sequence or even a primitive.
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      We can even use reduce to turn a sequence of data into a primitive data type if we’d like, such as an integer or a string. For example, we could
         use reduce to find the number of outbound links on 100 web pages (an integer) or we could use it to find the longest word in a long text document, such as a book (a string). In this way, reduce is a lot more flexible than map.
      

      
      
      
      1.4.3. Map and reduce for data transformation pipelines
      

      
      Often, we’ll want to use map and reduce together, one right after another. This pattern gives rise to the MapReduce programming pattern. The MapReduce programming pattern relies on the map function to transform some data into another type of data and then uses the reduce function to combine that data. A mathematical example might be taking the sum of the greatest prime factor of a sequence
         of numbers. We can use map to transform each number into its greatest prime factor and then use reduce to take their sum. A more practical example may be finding the longest word on a sequence of web pages, when all we have
         is the URLs. We can use map to turn the URLs into text and reduce to find the longest word (figure 1.7).
      

      
      
      
      Figure 1.7. The functions map and reduce are often used together to perform complex transformations of large amounts of data quickly.
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1.5. Distributed computing for speed and scale
      

      
      To get the most out of parallel programming, we need to be working in a distributed environment, that is, an environment where
         it’s possible to spread the workload out across several machines. Consider the following scenario.
      

      
      
         
            
         
         
            
               	
            

         
      

      Scenario

      
      
      A financial trading firm has come up with a way of forecasting the next day’s market activity based on the overnight taxi
         and rideshare traffic in New York City, combined with the morning’s fish prices. The firm’s simulation is perfect, but it
         takes five hours to run. The traffic results are considered final at 3:00 a.m., and the markets don’t open until 9:00 a.m.
         That would give it plenty of time, except the fish prices aren’t available until 6:00 a.m. on some days. How can the trading
         firm get its model to run in time?
      

      
      
         
            
         
         
            
               	
            

         
      

      
      In the above scenario, our traders are out of luck if they are hoping to input the actual fish price data for that day. Lucky
         for them, it’s possible to distribute this problem over a network of computers and have them each compute a separate scenario.
         That way, no matter what the fish price data says, they’ll already have the results on hand.
      

      
      Distributed computing is an extension of parallel computing in which the compute resource we are dedicating to work on each
         chunk of a given task is its own machine. This can get complex. All of these machines have to communicate with the machine
         that splits the tasks up and combines the results. The benefit is that many, many complex tasks—like financial simulations—can
         be performed simultaneously and have their results brought together (figure 1.8).
      

      
      
      
      Figure 1.8. We can use distributed computing to run sophisticated scenarios simultaneously and return the results to a single location.
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      Importantly, for problems that we can execute in a distributed manner, we can often speed them up simply by distributing the
         work over more and more machines or by improving the capability of the machines that the tasks are being distributed across.
         Which, if either, solution is going to result in faster code depends on the problem. The good news for our financial trading
         firm, though, is that they probably have the money for either one.
      

      
      
      
      
      
1.6. Hadoop: A distributed framework for map and reduce
      

      
      To learn more about distributed computing, we’ll first look at a specific form of distributed computing called Apache Hadoop, or simply Hadoop. Hadoop was designed as an open source implementation of Google’s original MapReduce framework and has evolved into distributed
         computing software that is used widely by companies processing large amounts of data. Examples of such companies include Spotify,
         Yelp, and Netflix.
      

      
      
         
            
         
         
            
               	
            

         
      

      Scenario

      
      
      Spotify is a cloud music provider that has two signature offerings: free music over the internet and customized, curated playlists
         that help you discover new music. These custom playlists work by comparing songs you like and listen to with what other users
         listen to, then suggesting songs that you may have missed. The challenge is that Spotify has hundreds of millions of users.
         How can Spotify compare the musical taste of all these users?
      

      
      
         
            
         
         
            
               	
            

         
      

      
      To create their music recommendations, Spotify uses Hadoop. Hadoop allows Spotify to store its listening logs (petabytes of
         information) on a distributed filesystem and then regularly analyze that information. The volume of data is the reason Hadoop
         is so valuable.
      

      
      If Spotify had a smaller amount of information, it could use a relational database. With many petabytes of data, though, that
         becomes infeasible. For comparison, since we’re talking about music, a 10 PB playlist of MP3s would take about 20,000 years
         to play. If someone started playing it before humans domesticated livestock, you could finish the playlist in your lifetime.
      

      
      Using Hadoop means that the data storage and the processing both can be distributed, so Spotify doesn’t have to pay attention,
         necessarily, to how much data it has. As long as it can pay for new machines to store the data on, it can pull them together
         with Hadoop (figure 1.9).
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