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  Preface


  “How do I get your job?”


  As veteran data scientists, we’re constantly being asked this question. Sometimes, we’re asked directly; at other times, people ask indirectly through questions about the decisions we’ve made in our careers to get where we are. Under the surface, the people asking the questions seem to have a constant struggle, because so few resources are available for finding out how to become or grow as a data scientist. Lots of data scientists are looking for help with their careers and often not finding clear answers.


  Although we’ve written blog posts with tactical advice on how to handle specific moments in a data science job, we’ve struggled with the lack of a definitive text covering the end-to-end of starting and growing a data science career. This book was written to help these people—the thousands of people who hear about data science and machine learning but don’t know where to start, as well as those who are already in the field and want to understand how to move up.


  We were happy to get this chance to collaborate in creating this book. We both felt that our respective backgrounds and viewpoints complemented each other and created a better book for you. We are


  
    	Jacqueline Nolis— I received a BS and MS in mathematics and a PhD in operations research. When I started working, the term data science didn’t yet exist, and I had to figure out my career path at the same time that the field was defining itself. Now I’m a consultant, helping companies grow data science teams.


    	Emily Robinson— I got my undergraduate degree in decision sciences and my master’s in management. After attending a three-month data science bootcamp in 2016, I started working in data science, specializing in A/B testing. Now I work as a senior data scientist at Warby Parker, tackling some of the company’s biggest projects.

  


  Throughout our careers, we’ve both built project portfolios and experienced the stress of adjusting to a new job. We’ve felt the sting of being rejected for jobs we wanted and the triumph of seeing our analyses positively affect the business. We’ve faced issues with a difficult business partner and benefited from a supportive mentor. Although these experiences taught us so much in our careers, to us the true value comes from sharing them with others.


  This book is meant to be a guide to career questions in data science, following the path that a person will take in the career. We start with the beginning of the journey: how to get basic data science skills and understand what jobs are actually like. Then we go through getting a job and how to get settled in. We cover how to grow in the role and eventually how to transition up to management—or out to a new company. Our intention is for this book to be a resource that data scientists continue to go back to as they hit new milestones in their careers.


  Because the focus on career is very important for this book, we chose to not focus deeply on the technical components of data science; we don’t cover topics such as how to choose the hyperparameters of a model or the minute details of Python packages. In fact, this book doesn’t include a single equation or line of code. We know that plenty of great books out there cover these topics; we wanted instead to discuss the often-overlooked but equally important nontechnical knowledge needed to succeed in data science.


  We included many personal experiences from respected data scientists in this book. At the end of each chapter, you’ll find an interview describing how a real, human data scientist personally handled dealing with the concepts that the chapter covers. We’re extremely happy with the amazing, detailed, and vulnerable responses we got from all the data scientists we talked to. We feel that the examples they provide from their lives can teach much more than any broad statement we might write.


  Another decision we made in writing this book was to make it opinionated. By that, we mean we intentionally chose to focus on the lessons we’ve learned as professional data scientists and by talking to others in the community. At times, we make statements not everyone might agree with, such as suggesting that you should always write a cover letter when applying for jobs. We felt that the benefit of providing viewpoints that we strongly believe are helpful to data scientists was more important than trying to write something that contained only objective truths.


  We hope that you find this book to be a helpful guide as you progress in your data science career. We’ve written it to be the document we wish we had when we were aspiring and junior data scientists; we hope that you’ll be glad to have it now.
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  About This Book


  Build a Career in Data Science was written to help you enter the field of data science and grow your career in it. It walks you through the role of a data scientist, how to get the skills you need, and the steps to getting a data science job. After you have a job, this book helps you understand how to mature in the role and eventually become a larger part of the data science community, as well as a senior data scientist. After reading this book, you should be confident about how to advance your career.


  Who should read this book


  This book is for people who have not yet entered the field of data science but are considering it, as well as people who are in the first few years of the role. Aspiring data scientists will learn the skills they need to become data scientists, and junior data scientists will learn how to become more senior. Many of the topics in the book, such as interviewing and negotiating an offer, are worthwhile resources to come back to throughout any data science career.


  How this book is organized: a roadmap


  This book is broken into four parts, arranged in the chronological order of a data science career. Part 1 of the book, Getting started with data science, covers what data science is and what skills it requires:


  
    	Chapter 1 introduces the role of a data scientist and the different types of jobs that share that title.


    	Chapter 2 presents five example companies that have data scientists and shows how the culture and type of each company affects the data science positions.


    	Chapter 3 lays out the different paths a person can take to get the skills needed to be a data scientist.


    	Chapter 4 describes how to create and share projects to build a data science portfolio.

  


  Part 2 of the book, Finding your data science job, explains the entire job search process for data science positions:


  
    	Chapter 5 walks through the search for open positions and how to find the ones worth investing in.


    	Chapter 6 explains how to create a cover letter and résumé and then adjust them for each job you apply for.


    	Chapter 7 provides details on the interview process and what to expect from it.


    	Chapter 8 is about what to do after you receive an offer, focusing on how to negotiate it.

  


  Part 3 of the book, Settling into data science, covers the basics of the early months of a data science job:


  
    	Chapter 9 lays out what to expect in the first few months of a data science job and shows you how to make the most of them.


    	Chapter 10 walks through the process of making analyses, which are core components of most data science roles.


    	Chapter 11 focuses on putting machine learning models into production, which is necessary in more engineering-based positions.


    	Chapter 12 explains how to communicate with stakeholders—a task that data scientists have to do more than most other technical roles.

  


  Part 4 of the book, Growing in your data science role, covers topics for more seasoned data scientists who are looking to continue to advance their careers:


  
    	Chapter 13 describes how to handle failed data science projects.


    	Chapter 14 shows you how to become part of the larger data science community through activities such as speaking and contributing to open source.


    	Chapter 15 is a guide to the difficult task of leaving a data science position.


    	Chapter 16 ends the book with the roles data scientists can get as they move up the corporate ladder.

  


  Finally, we have an appendix of more than 30 interview questions, example answers, and notes on what the question is trying to assess and what makes a good answer.


  People who haven’t been data scientists before should start at the beginning of the book, whereas people who already are in the field may begin with a later chapter to guide them in a challenge they’re currently facing. Although the chapters are ordered to flow like a data science career, they can be read out of order according to readers’ needs.


  The chapters end with interviews of data scientists in various industries who discuss how the topic of the chapter has shown up in their career. The interviewees were selected due to their contributions to the field of data science and the interesting journeys they followed as they became data scientists.


  liveBook discussion forum


  Purchase of Build a Career in Data Science 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/build-a-career-in-data-science/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 their 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 Authors
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  Emily Robinson


  WRITTEN BY JACQUELINE NOLIS


  Emily Robinson is a brilliant senior data scientist at Warby Parker and previously worked at DataCamp and Etsy.


  I first met Emily at Data Day Texas 2018, when she was one of the few people who attended my talk on data science in industry. At the end of my speech, she shot her hand up and asked a great question. To my surprise, an hour later we had swapped; I was watching her calmly and casually give a great presentation while I was eagerly waiting to raise my hand and ask her a question. That day, I knew she was a hard-working and clever data scientist. A few months later, when it came time for me to find someone to co-author a book, she was at the top of my list. When I sent her the email asking whether she would be interested, I figured that there was a good chance she would say no; she was probably out of my league.


  Working with Emily on this book has been a joy. She is deeply thoughtful about the struggles of junior data scientists and has the ability to clearly understand what is important. She is constantly getting her work done and somehow also is able to squeeze out extra blog posts while doing it. Now having seen her at more conferences and social events, I’ve watched as she’s talked to many data scientists and made all of them feel comfortable and welcome. She’s also an expert in A/B testing and experimentation, but it’s clear that this just happens to be the area she’s working in at the moment; she could pick up any other part of data science and be an expert in that if she wanted to.


  My only disappointment is that I’m writing these words about her at the end of creating the book, and with us finishing, someone besides me will have the next opportunity to collaborate with her.


  Jacqueline Nolis


  WRITTEN BY EMILY ROBINSON


  Whenever someone asks me whether I would recommend writing a book, I always say, “Only if you do it with a co-author.” But that’s not actually the full picture. It should be “Only if you do it with a co-author who is as fun, warm, generous, smart, experienced, and caring as Jacqueline.” I’m not sure what it’s like working with a “normal” co-author, because Jacqueline has always been amazing, and I feel incredibly lucky to have gotten to work with her on this project.


  It would be easy for someone as accomplished as Jacqueline to be intimidating. She has a PhD in industrial engineering, got $100,000 for winning the third season of the reality television show King of the Nerds, was a director of analytics, and started her own successful consulting firm. She’s spoken at conferences across the country and is regularly asked back by her alma mater to advise math undergraduates (her major) on careers. When she spoke at an online conference, the compliments about her presentation flooded the chat, such as “the best so far,” “excellent presentation,” “really helpful,” and “great, dynamic presentation.” But Jacqueline never makes anyone feel inferior or bad for not knowing something; rather, she loves making difficult concepts accessible, such as in her great presentation called “Deep learning isn’t hard, I promise.”


  Her personal life is equally impressive: she has a wonderfully vibrant house in Seattle with her wife, son, two dogs, and three cats. I’m hoping that she might also one day adopt a certain co-author to fill out the very few empty spaces. She and her wife, Heather, have even given a presentation to a packed audience of 1,000 people eager to hear about how they used R to deploy machine learning models to production at T-Mobile. They also possibly have the best meet-cute story of all time: they met on the aforementioned show King of the Nerds, where Heather was also a competitor.


  I’m very thankful to Jacqueline, who could have earned much more money for much less aggravation by doing anything other than writing this book with me. It is my hope that our work encourages aspiring and junior data scientists to become contributors to our community who are as great as Jacqueline is.


  About the Cover Illustration


  Saint-Sauver


  The figure on the cover of Build a Career in Data Science is captioned “Femme de l'Aragon,” or “Aragon Woman.” 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. Getting started with data science
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  If you do a Google search for how to become a data scientist, you’ll likely be confronted with a laundry list of skills, from statistical modeling to programming in Python through communicating effectively and making presentations. One job description might describe a role that’s close to a statistician’s, whereas another employer is looking for someone who has a master’s degree in computer science. When you look for ways to gain those skills, you’ll find options ranging from going back to school for a master’s degree to doing a bootcamp to starting to do data analysis in your current job. Put together, all these combinations of paths can feel insurmountable, especially to people who aren’t yet certain that they even want to be data scientists.


  The good news is that there isn’t a single data scientist who has all these skills. Data scientists share a foundation of knowledge, but they each have their own specialties, to the point that many couldn’t swap jobs. The first part of this book is designed to help you understand what all these types of data scientists are and how to make the best decisions to start your career. By the end of this part, you should be prepared with the skills and understanding to start your job search.


  Chapter 1 covers the basics of data science, including the skills you need for the job and the different types of data scientists. Chapter 2 goes into detail about the role of a data scientist at five types of companies to help you better understand what the job will be like. Chapter 3 covers the paths to getting the skills required for being a data scientist and the advantages and disadvantages of each. Finally, Chapter 4 covers how to create a portfolio of data science projects to get hands-on experience doing data science and create a portfolio to show to potential employers.


  


  1 What is data science?
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  This chapter covers


  ·The three main areas of data science


  ·The different types of data science jobs


  “The sexiest job of the 21st century.” “The best job in America.” Data scientist, a title that didn’t even exist before 2008, is now the position employers can’t hire enough of and job seekers strive to become. There’s good reason for the hype: data science is a hugely growing field, with a median base salary of more than $100,000 in the United States in 2019 (http://mng.bz/XpMp). At a good company, data scientists enjoy a lot of autonomy and are constantly learning new things. They use their skills to solve significant problems, such as working with doctors to analyze drug trials, helping a sports team pick its new draftees, or redesigning the pricing model for a widget business. Finally, as we discuss in chapter 3, there’s no one way to become a data scientist. People come from all backgrounds, so you’re not limited based on what you chose to study as an undergraduate.


  But not all data science jobs are perfect. Both companies and job seekers can have unrealistic expectations. Companies new to data science may think that one person can solve all their problems with data, for example. When a data scientist is finally hired, they can be faced with a never-ending to-do list of requests. They might be tasked with immediately implementing a machine learning system when no work has been done to prepare or clean the data. There may be no one to mentor or guide them, or even empathize with the problems they face. We’ll discuss these issues in more depth in chapters 5 and 7, where we’ll help you avoid joining companies that are likely to be a bad fit for a new data scientist, and in chapter 9, where we’ll advise you on what to do if you end up in a negative situation.


  On the other side, job seekers may think that there will never be a dull moment in their new career. They may expect that stakeholders will follow their recommendations routinely, that data engineers can fix any data quality issues immediately, and that they’ll get the fastest computing resources available to implement their models. In reality, data scientists spend a lot of time cleaning and preparing data, as well as managing the expectations and priorities of other teams. Projects won’t always work out. Senior management may make unrealistic promises to clients about what your data science models can deliver. A person’s main job may be to work with an archaic data system that’s impossible to automate and requires hours of mind-numbing work each week just to clean up the data. Data scientists may notice lots of statistical or technical mistakes in legacy analyses that have real consequences, but no one is interested, and they’re so overloaded with work that they have no time to try to fix them. Or a data scientist may be asked to prepare reports that support what senior management has already decided, so they may worry about being fired if they give an independent answer.


  This book is here to guide you through the process of becoming a data scientist and developing your career. We want to ensure that you, the reader, get all the great parts of being a data scientist and avoid most of the pitfalls. Maybe you’re working in an adjacent field, such as marketing analytics, and wondering how to make the switch. Or maybe you’re already a data scientist, but you’re looking for a new job and don’t think you approached your first job search well. Or you want to further your career by speaking at conferences, contributing to open source, or becoming an independent consultant. Whatever your level, we’re confident that you’ll find this book helpful.


  In the first four chapters, we cover the main opportunities for gaining data science skills and building a portfolio to get around the paradox of needing experience to get experience. Part 2 shows how to write a cover letter and resume that will get you an interview and how to build your network to get a referral. We cover negotiation strategies that research has shown will get you the best offer possible.


  When you’re in a data science job, you’ll be writing analyses, working with stakeholders, and maybe even putting a model into production. Part 3 helps you understand what all those processes look like and how to set yourself up for success. In part 4, you’ll find strategies for picking yourself back up when a project inevitably fails. And when you’re ready, we’re here to guide you through the decision of where to take your career: advancing to management, continuing to be an individual contributor, or even striking out as an independent consultant.


  Before you begin that journey, though, you need to be clear on what data scientists are and what work they do. Data science is a broad field that covers many types of work, and the better you understand the differences between those areas, the better you can grow in them.


  1.1. What is data science?


  Data science is the practice of using data to try to understand and solve real-world problems. This concept isn’t exactly new; people have been analyzing sales figures and trends since the invention of the zero. In the past decade, however, we have gained access to exponentially more data than existed before. The advent of computers has assisted in the generation of all that data, but computing is also our only way to process the mounds of information. With computer code, a data scientist can transform or aggregate data, run statistical analyses, or train machine learning models. The output of this code may be a report or dashboard for human consumption, or it could be a machine learning model that will be deployed to run continuously.


  If a retail company is having trouble deciding where to put a new store, for example, it may call in a data scientist to do an analysis. The data scientist could look at the historical data of locations where online orders are shipped to understand where customer demand is. They may also combine that customer location data with demographic and income information for those localities from census records. With these datasets, they could find the optimal place for the new store and create a Microsoft PowerPoint presentation to present their recommendation to the company’s vice president of retail operations.


  In another situation, that same retail company may want to increase online order sizes by recommending items to customers while they shop. A data scientist could load the historical web order data and create a machine learning model that, given a set of items currently in the cart, predicts the best item to recommend to the shopper. After creating that model, the data scientist would work with the company’s engineering team so that every time a customer is shopping, the new machine learning model serves up the recommended items.


  When many people start looking into data science, one challenge they face is being overwhelmed by the amount of things they need to learn, such as coding (but which language?), statistics (but which methods are most important in practice, and which are largely academic?), machine learning (but how is machine learning different from statistics or AI?), and the domain knowledge of whatever industry they want to work in (but what if you don't know where you want to work?). In addition, they need to learn business skills such as effectively communicating results to audiences ranging from other data scientists to the CEO. This anxiety can be exacerbated by job postings that ask for a PhD, multiple years of data science experience, and expertise in a laundry list of statistical and programming methods. How can you possibly learn all these skills? Which ones should you start with? What are the basics?


  If you’ve looked into the different areas of data science, you may be familiar with Drew Conway’s popular data science Venn diagram. In Conway’s opinion (at the time of the diagram’s creation), data science fell into the intersection of math and statistical knowledge, expertise in a domain, and hacking skills (that is, coding). This image is often used as the cornerstone of defining what a data scientist is. From our perspective, the components of data science are slightly different from what he proposed (figure 1.1).


  Figure 1.1. The skills that combine to make data science and how they combine to make different roles
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  We’ve changed Conway’s original Venn diagram to a triangle because it’s not that you either have a skill or you don’t; it’s that you may possess it to a different extent from others in the field. Although it’s true that all three skills are fundamental and that you need to have each to a degree, you don’t need to be an expert in all of them. We put within the triangle different types of data science specialties. These specialties don’t always map one-to-one with job titles, and even when they do, different companies sometimes call them different things.


  So what does each of these components mean?


  1.1.1. Mathematics/statistics


  At the basic level, mathematics and statistics knowledge is data literacy. We break down that literacy into three levels of knowledge:


  
    	That techniques exist— If you don’t know that something is possible, you can’t use it. If a data scientist was trying to group similar customers, knowing that statistical methods (called clustering) can do this would be the first step.


    	How to apply the techniques— Although a data scientist may know about many techniques, they also need to be able to understand the complexities of applying them—not only how to write code to apply the methods, but also how to configure them. If the data scientist wants to use a method such as k-means clustering to group the customers, they would need to understand how to do k-means clustering in a programming language such as R or Python. They would also need to understand how to adjust the parameters of the method, for example, by choosing how many groups to create.


    	How to choose which techniques to try— Because so many possible techniques can be used in data science, it’s important for the data scientist to be able to quickly assess whether a technique would work well. In our customer grouping example, even after the data scientist focuses on clustering, they have to consider dozens of different methods and algorithms. Rather than trying each method, they need to be able to rule out methods quickly and focus on just a few.

  


  These sorts of skills are used constantly within a data science role. To consider a different example, suppose that you work at an e-commerce company. Your business partner might be interested in what countries have the highest average order value. If you have the data available, this question is easy to answer. But rather than simply presenting this information and letting your customer draw their own conclusions, you could dig deeper. If you have one order from country A for $100, and a thousand orders from country B that average $75, it is correct that country A has the higher average order value. But would you be confident in saying that this means your business partner should definitely invest in advertising in country A to increase the number of orders? Probably not. You have only one data point for country A, and maybe it’s an outlier. If country A had 500 orders instead, you might use a statistical test to see whether the order value was significantly different, meaning that if there really was no difference between A and B on this measure, you’d be unlikely to see the difference you did. In this one paragraph-long example, many different assessments were made on what approaches were sensible, what should be considered, and what results were deemed to be unimportant.


  1.1.2. Databases/programming


  Programming and databases refer to the ability to pull data from company databases and to write clean, efficient, maintainable code. These skills are in many ways similar to what a software developer has to know, except that data scientists have to write code that does open-ended analysis rather than produces a predefined output. Each company’s data stack is unique, so no one set of technical skills is required for a data scientist. But broadly, you’ll need to know how to get data from a database and how to clean, manipulate, summarize, visualize, and share data.


  In most data science jobs, R or Python is the main language. R is a programming language that has its roots in statistics, so it’s generally strongest for statistical analysis and modeling, visualization, and generating reports with results. Python is a programming language that started as a general software development language and has become extremely popular in data science. Python is known for being better than R at working with large datasets, doing machine learning, and powering real-time algorithms (such as Amazon’s recommendation engines). But thanks to the work of many contributors, the two languages’ capabilities are now at near parity. Data scientists are successfully using R to make machine learning models that are run millions of times a week, and they’re also making clean, presentable statistical analyses in Python.


  R and Python are the most popular languages for data science for a couple of reasons:


  
    	They’re free and open source, meaning that many people, not just one company or one group, contribute code that you can use. They have many packages or libraries (sets of code) for doing data collection, manipulation, visualization, statistical analysis, and machine learning.


    	Importantly, because each language has such a large following, it’s easy for data scientists to find help when they run into problems. Although some companies still use SAS, SPSS, STATA, MATLAB, or other paid programs, many of them are starting to move to R or Python instead.

  


  Although most data science analysis is done in R or Python, you’ll often need to work with a database to get the data. This is where the language SQL comes in. SQL is the programming language that most databases use to manipulate data within them or to extract it. Consider a data scientist who wants to analyze the hundreds of millions of records of customer orders in a company to forecast how orders per day will change over time. First, they would likely write a SQL query to get the number of orders each day. Then they would take those daily order counts and run a statistical forecast in R or Python. For this reason, SQL is extremely popular in the data science community, and it’s difficult to get too far without knowing it.


  Another core skill is using version control—a method of keeping track of how code changes over time. Version control lets you store your files; revert them to a previous time; and see who changed what file, how, and when. This skill is extremely important for data science and software engineering because if someone accidentally changes a file that breaks your code, you want the ability to revert or see what changed.


  Git is by far the most commonly used system for version control and is often used in conjunction with GitHub, a web-based hosting service for Git. Git allows you to save (commit) your changes, as well as see the whole history of the project and how it changed with each commit. If two people are working on the same file separately, Git makes sure that no one’s work is ever accidentally deleted or overwritten. At many companies, especially those with strong engineering teams, you’ll need to use Git if you want to share your code or put something into production.

  


  
    Can you be a data scientist without programming?

    It’s possible to do a lot of data work using only Excel, Tableau, or other business intelligence tools that have graphical interfaces. Although you’re not writing code, these tools claim to have much of the same functionality as languages such as R or Python, and many data scientist do use them sometimes. But can they be a complete data science toolkit? We say no. Practically, very few companies have a data science team where you wouldn’t need to program. But even if that weren’t the case, programming has advantages over using these tools.


    The first advantage of programming is reproducibility. When you write code instead of using point-and-click software, you’re able to rerun it whenever your data changes, whether that’s every day or in six months. This advantage also ties into version control: instead of renaming your file every time your code changes, you can keep one file but see its entire history.


    The second advantage is flexibility. If Tableau doesn’t have a type of graph available, for example, you won’t be able to create it. But with programming, you can write your own code to make something that the creators and maintainers of a tool never thought of.


    The third and final advantage of open source languages such as Python and R is community contribution. Thousands of people create packages, and publish them openly on GitHub and/or CRAN (for R) and pip (for Python). You can download this code and use it for your own problems. You’re not reliant on one company or group of people to add features.

  

  


  1.1.3. Business understanding


  Any sufficiently advanced technology is indistinguishable from magic.


  Arthur C. Clarke


  Businesses have, to put it mildly, varying understanding of how data science works. Often, management just wants something done and turns to its data science unicorns to make that thing happen. A core skill in data science is knowing how to translate a business situation into a data question, find the data answer, and finally deliver the business answer. A businessperson might ask, for example, “Why are our customers leaving?” But there’s no “why-are-customers-leaving” Python package that you can import—it’s up to you to deduce how to answer that question with data.


  Business understanding is where your data science ideals meet the practicalities of the real world. It’s not enough to want a specific piece of information without knowing how the data is stored and updated at your specific company. If your company is a subscription service, where does the data live? If someone changes their subscription, what happens? Does that subscriber’s row get updated, or is another row added to the table? Do you need to work around any errors or inconsistencies in the data? If you don’t know the answers to these questions, you won’t be able to give an accurate answer to a basic question like “How many subscribers did we have on March 2, 2019?”


  Business understanding also helps you know what questions to ask. Being asked “What should we do next?” by a stakeholder is a little like being asked “Why do we not have more money?” This type of question begs more questions. Developing an understanding of the core business (as well as the personalities involved) can help you parse the situation better. You might follow up with “Which product line are you looking for guidance regarding?” or “Would you like to see more participation from a certain sector of our audience?”


  Another part of business understanding is developing general business skills, such as being able to tailor your presentations and reports to different audiences. Sometimes, you’ll be discussing a better methodology with a room full of statistics PhDs, and sometimes, you’ll be in front of a vice president who hasn’t taken a math class in 20 years. You need to inform your audience without either talking down or overcomplicating.


  Finally, as you become more senior, part of your job is to identify where the business could benefit from data science. If you’ve wanted to build a prediction system for your company but have never had management support, becoming part of the management team can help solve that problem. A senior data scientist will be on the lookout for places to implement machine learning, as they know its limitations and capabilities, as well as which kinds of tasks would benefit from automation.

  


  
    Will data science disappear?

    Underlying the question about whether data science will be around in a decade or two are two main concerns: that the job will become automated and that data science is overhyped and the job-market bubble will pop.


    It’s true that certain parts of the data science pipeline can be automated. Automated Machine Learning (AutoML) can compare the performance of different models and perform certain parts of data preparation (such as scaling variables). But these tasks are just a small part of the data science process. You’ll often need to create the data yourself, for example; it’s very rare to have perfectly clean data waiting for you. Also, creating the data usually involves talking with other people, such as user experience researchers or engineers, who will conduct the survey or log the user actions that can drive your analysis.


    Regarding the possibility of a pop in a job-market bubble, a good comparison is software engineering in the 1980s. As computers grew cheaper, faster, and more common, there were concerns that soon a computer could do everything and that there would be no need for programmers. But the opposite thing happened, and now there are more than 1.2 million software engineers in the United States (http://mng.bz/MOPo). Although titles such as webmaster did disappear, more people than ever are working on website development, maintenance, and improvement.


    We believe that there will be more specialization within data science, which may lead to the disappearance of the general title data scientist, but many companies are still in the early stages of learning how to leverage data science and there’s plenty of work left to do.

  

  


  1.2. Different types of data science jobs


  You can mix and match the three core skills of data science (covered in section 1.1) into several jobs, all of which have some justification for having the title data scientist. From our perspective, these skills get mixed together in three main ways: analytics, machine learning, and decision science. Each of those areas serves a different purpose for the company and fundamentally delivers a different thing.


  When looking for data science jobs, you should pay less attention to the job titles and more to the job descriptions and what you’re asked in the interviews. Look at the backgrounds of people in data science roles, such as what previous jobs they held and what their degrees are. You may find that people who work in similar-sounding jobs have totally different titles or that people who have the same data scientist title do totally different things. As we talk in this book about different types of data science jobs, remember that the actual titles used at companies may vary.


  1.2.1. Analytics


  An analyst takes data and puts it in front of the right people. After a company sets its yearly goals, you might put those goals in a dashboard so that management can track progress every week. You could also build in features that allow managers to easily break down the numbers by country or product type. This work involves a lot of data cleaning and preparation but generally less work to interpret the data. Although you should be able to spot and fix data quality issues, the primary person who makes decisions with this data is the business partner. Thus, the job of an analyst is to take data from within the company, format and arrange it effectively, and deliver that data to others.


  Because the analyst’s role doesn’t involve a lot of statistics and machine learning, some people and companies would consider this role to be outside the field of data science. But much of the work, such as devising meaningful visualizations and deciding on particular data transformations, requires the same skills used in the other types of data science roles. An analyst might be given a task such as “Create an automated dashboard that shows how our number of subscribers is changing over time and lets us filter the data to just subscribers of specific products or in specific geographical regions.” The analyst would have to find the appropriate data within the company, figure out how to transform the data appropriately (such as by changing it from daily to weekly new subscriptions), and then create a meaningful set of dashboards that are visually compelling and automatically update each day without errors.


  Short rule: an analyst creates dashboards and reports that deliver data.


  1.2.2. Machine learning


  A machine learning engineer develops machine learning models and puts them into production, where they run continuously. They may optimize the ranking algorithm for the search results of an e-commerce site, create a recommendation system, or monitor a model in production to make sure that its performance hasn’t degraded since it was deployed. A machine learning engineer spends less time on things like creating visualizations that will convince people of something and more time doing the programming work of data science.


  A big difference between this role and other types of data science positions is that the work output is primarily for machine consumption. You might create machine learning models that get turned into application programming interfaces (APIs) for other machines, for example. In many ways, you’ll be closer to a software developer than to other data science roles. Although it’s good for any data scientist to follow best coding practices, as a machine learning engineer, you must do so. Your code must be performant, tested, and written so that other people will be able to work with it. For this reason, many machine learning engineers come from a computer science background.


  In a machine learning engineer role, a person may be asked to create a machine learning model that can—in real time—predict the probability that a customer on the website will actually finish their order. The machine learning engineer would have to find historical data in the company, train a machine learning model on it, turn that model into an API, and then deploy the API so that the website can run the model. If that model stops working for some reason, the machine learning engineer will be called to fix it.


  Short rule: a machine learning engineer creates models that get run continuously.


  1.2.3. Decision science


  A decision scientist turns a company’s raw data into information that helps the company make decisions. This work relies on having deep understanding of different mathematical and statistical methods and familiarity with business decision-making. Furthermore, decision scientists have to be able to make compelling visualizations and tables so that the nontechnical people they talk to will understand their analysis. Although a decision scientist does plenty of programming, their work generally gets run only once to make a particular analysis, so they can get away with having code that’s inefficient or difficult to maintain.


  A decision scientist must understand the needs of the other people within the company and figure out how to generate constructive information. A marketing director, for example, might ask a decision scientist to help them decide which types of products should be highlighted in the company’s holiday gift guide. The decision scientist might investigate what products have sold well without being featured in the gift guide, talk to the user research team about conducting a survey, and use principles of behavioral science to do an analysis to come up with the optimal items to suggest. The result is likely to be a PowerPoint presentation or report to be shared with product managers, vice presidents, and other businesspeople.


  A decision scientist often uses their knowledge of statistics to help the company make decisions under uncertainty. A decision scientist could be responsible for running their company’s experimentation analytics system, for example. Many companies run online experiments, or A/B tests, to measure whether a change is effective. This change could be as simple as adding a new button or as complicated as changing the ranking system of search results or completely redesigning a page. During an A/B test, visitors are randomly assigned to one of two or more conditions, such as half to the old version of the home page, which is the control, and half to the new version, which is the treatment. Then visitors’ actions after they enter the experiment are compared to see whether those in the treatment have a higher rate of performing desirable actions, such as buying products.


  Because of randomness, it’s rare for the metrics in the control and treatment to be exactly the same. Suppose that you flipped two coins, and that one turned up heads 52 times out of 100 and one 49 times out of 100. Would you conclude that the first coin is more likely to turn up heads? Of course not! But a business partner might look at an experiment, see that the conversion rate is 5.4 percent in the control and 5.6 percent in the treatment, and declare the treatment to be a success. The decision scientist is there to help interpret the data, enforce best practices for designing experiments, and more.


  Short rule: a decision scientist creates analyses that produce recommendations.


  1.2.4. Related jobs


  Although the three areas discussed in the preceding sections are the main types of data science positions, you may see a few other distinct roles that fall outside those categories. We list those jobs here, because it’s good to understand the positions that are out there and because you may need to collaborate with colleagues in these positions. That said, if you’re interested in one of these roles, the material in this book may be less relevant to you.


  Business intelligence analyst


  A business intelligence analyst does work similar to that of an analyst, but they generally use less statistical and programming expertise. Their tool of choice may be Excel instead of Python, and they may not ever make statistical models. Although their job function is similar to that of an analyst, they create less-sophisticated output because of the limitations of their tools and techniques.


  If you want to do machine learning or programming, or to apply statistical methods, a business intelligence analyst position could be a very frustrating role, because it won’t help you gain new skills. Also, these jobs usually pay less than data science jobs and are considered to be less prestigious. But a business intelligence analyst job can be a good entry point to becoming a data scientist, especially if you haven’t worked with data in a business setting before. If you want to start as a business intelligence analyst and grow into becoming a data scientist, look for positions in which you can learn some skills you may not have, such as programming in R or Python.


  Data engineer


  A data engineer focuses on keeping data maintained in databases and ensuring that people can get the data they need. They don’t run reports, make analyses, or develop models; instead, they keep the data neatly stored and formatted in well-structured databases so that other people can do those things. A data engineer may be tasked with maintaining all the customer records in a large-scale cloud database and adding new tables to that database as requested.


  Data engineers are pretty different from data scientists, and they’re even more rare and in demand. A data engineer may help build the data backend components of a company’s internal experimentation system and update the data processing flow when the jobs start taking too long. Other data engineers develop and monitor batch and streaming environments, managing data from collection to processing to data storage.


  If you’re interested in data engineering, you’ll need strong computer science skills; many data engineers are former software engineers.


  Research scientist


  A research scientist develops and implements new tools, algorithms, and methodologies, often to be used by other data scientists within the company. These types of positions almost always require PhDs, usually in computer science, statistics, quantitative social science, or a related field. Research scientists may spend weeks researching and trying out methods to increase the power of online experiments, getting 1% more accuracy on image recognition in self-driving cars, or building a new deep learning algorithm. They may even spend time writing research papers that may rarely be used within the company but that help raise the prestige of the company and (ideally) advance the field. Because these positions require very specific backgrounds, we don’t focus on them in this book.


  1.3. Choosing your path


  In chapter 3, we cover some options for obtaining data science skills, the benefits and drawbacks of each option, and some suggestions for choosing among them. At this point, it’s good to start reflecting on the area of data science you want to specialize in. Where do you already have experience? We’ve seen data scientists who are former engineers, psychology professors, marketing managers, statistics students, and social workers. A lot of times, the knowledge you’ve gained in other jobs and academic areas can help you be a better data scientist. If you’re already in data science, it’s helpful to reflect now on which part of the triangle you’re in. Are you happy with it? Do you want to switch to a different type of data science job? Transitioning is often available.

  


  
    Vicki Boykis: Can anyone become a data scientist?

    With all the optimism (and big potential salaries listed in news articles) around data science, it’s easy to see why it presents attractive career opportunities, particularly as the range and scope of data science job titles continues to expand. But as a new entrant to the field, it’s important to have a realistic, nuanced view of where the data science market is heading for the next couple years and adjust accordingly.


    There’s a couple of trends impacting the data science field today. First, data science as a field has been around for ten years, and as such, has moved through the early stages of the hype cycle: mass media hype, early adoption, and consolidation. It’s been overhyped, talked about in the media, adopted by Silicon Valley companies and beyond, and we’re now at the point of high-growth adoption across larger companies and the standardization of data science workflow toolsets like Spark and AutoML.


    Second, as a result, there is an oversupply of new data scientists, who’ve come from bootcamps, newly-established data science programs in universities, or online courses. The number of candidates for any given data science position, particularly at the entry level, has grown from 20 or so per slot to 100 or more. It’s not uncommon anymore to see 500 resumes per open position.


    Third, the standardization of toolsets and the ready supply of labor, as well as the demand for people who have more experience in the field, has meant a shift in the way data science titles are distributed and a creation of a hierarchy of data science jobs and descriptions. For example, in some companies “data scientist” may mean creating models, but in some it means mostly running SQL analyses, the equivalent of what the data analyst title used to be.


    This means several things for those looking to get into data science as newcomers. First and most importantly, they may find the job market to be extremely competitive and crowded, especially for those who are new to the industry in general (like college graduates), or those making the transition from other industries, and competing with thousands of candidates just like them. Second, they may be applying for jobs that are not truly reflective of data science as it’s portrayed in blog posts and the popular press—solely writing and implementing algorithms.


    Given these trends, it’s important to understand that it may be hard to initially differentiate yourself from the other resumes on the pile to get into the final round of interviews. Though the strategies you read in this book may seem like a lot of work, they will help you stand out, which is needed in this new, competitive data science environment.

  

  


  1.4. Interview with Robert Chang, data scientist at Airbnb


  Robert Chang is a data scientist at Airbnb, where he works on the Airbnb Plus product. He previously worked at Twitter, where he worked on the Growth team, doing product analytics, creating data pipelines, running experiments, and creating models. You can find his blog posts on data engineering, his advice for new and aspiring data scientists, and his work at Airbnb and Twitter at https://medium.com/@rchang.


  What was your first data science journey?


  My first job was as a data scientist at The Washington Post. Back in 2012, I was ready to leave academia and go into industry, but I didn’t know what I wanted to do. I hoped to be a data visualization scientist, having been impressed by work at The New York Times. When I went to my school’s career fair and saw that The Washington Post was hiring, naïve as I was, I just assumed they must be doing similar things to The New York Times. I applied and got the job, not doing any more due diligence.


  If you were to ask for an example of how not to start your data science career, I definitely would volunteer myself! I got the job hoping to do either data visualization or modeling, but I realized very quickly my job was more that of a data engineer. A lot of my work was building ETL (extract transform load) pipelines, rerunning SQL scripts, and trying to make sure reports ran so we could report top-level metrics to executives. This was very painful at the time; I realized what I wanted to do was not aligned with what the company really needed and eventually left the job.


  But in my subsequent years at Twitter and Airbnb, I realized I was seeing the norm and not the exception. When you’re building out the data capabilities, you have to build it layer upon layer. Monica Rogati has written a famous blog post on the hierarchy of data science needs, which is extremely spot-on (http://mng.bz/ad0o). But at the time, I was too new to appreciate how real, live data science work was done.


  What should people look for in a data science job?


  If you’re looking for a data science position, you should focus on the state of data infrastructure of the company. If you join a company where there’s just a bunch of raw data that’s not stored in a data warehouse, it will probably take you months or sometimes even years to get to a point where you can do interesting analytics, experimentation, or machine learning. If that’s not something you expect to do, you will have a fundamental misalignment between the stage of the company and how you want to contribute to the organization.


  To assess this, you can ask questions like “Do you have a data infrastructure team? How long have they been around? What is the data stack? Do you have a data engineering team? How do they work with data scientists? When you’re building out a new product, do you have a process for instrumenting the logs, building out the data tables, and putting them into your data warehouse?” If those things aren’t there, you will be part of


  

  What skills do you need to be a data scientist?


  

  

  Summary


  
    	The data science skill set varies across people and positions. Although some knowledge is fundamental, data scientists don’t need to be experts in every relevant field.


    	Data science jobs have different areas of focus: putting the right, cleaned data in front of stakeholders (analytics); putting machine learning models into production (machine learning); and using data to make a decision (decision science).
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