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   foreword
 

  
 

   

   In the modern world, data is everywhere. Applications run by governments and companies collect data about the world and about our actions. We walk around with smartphones, which constantly collect data about our movements, purchases, and preferences, and then share that information with a wide variety of companies.
 

  
 

   

   The good news is that this data makes it easier than ever to ask interesting questions about the world, ourselves, and our customers, and to get coherent answers. The bad news is that you need to find the data that will allow you to solve the problem, which isn’t trivial. You then need to clean that data and modify it to suit your purposes. Only when you have wrestled the data into submission can you finally start to perform analysis. And then, when you finally have answered your questions, you have to decide how to present your analysis to others.
 

  
 

   

   In other words, analyzing data involves much more than just analyzing it. Most of your time in a data project will be spent searching, retrieving, cleaning, editing, and producing reports. Each of these steps, in and of itself, can be quite frustrating, and they require practice and understanding.
 

  
 

   

   But for a beginner, it’s worse than that because it’s not clear where to start. Even if you have lots of experience with Python and pandas, that doesn’t mean you know how to solve problems—much as knowing how to use a hammer and screwdriver doesn’t necessarily make you qualified to take on a carpentry project.
 

  
 

   

   That’s where this book, The Well-Grounded Data Analyst, comes in. David Asboth gives you a clear set of steps to follow when you want to solve a problem. Follow these steps, and you’ll know what questions to ask at each stage of a project, what inputs you’ll need, and what outputs you’ll be creating.
 

  
 

   

   For example, David tells you to start a project by understanding it, and then by starting from the end—that is, thinking about what answers you’re trying to find and who those answers are meant for. These might seem obvious to someone experienced in data analysis problems, but as I’ve repeatedly seen in my pandas courses, it’s all too easy to forget or ignore them.
 

  
 

   

   This book goes far beyond just laying out the steps: it walks you through a number of projects, each of which presents its own obstacles and problems that you’ll need to overcome. David guides you through the solutions, not only explaining how to solve them, but what pitfalls you might encounter and what tradeoffs are involved with different approaches.
 

  
 

   

   Every project in the book uses real-world data, which is always problematic and dirty. As you work through the examples, you’ll learn how to handle such problems—including how to decide what’s worth keeping, as opposed to throwing away.
 

  
 

   

   No analysis project ever truly ends. It’s thus appropriate that the final step of David’s strategy is iterate. Once you’ve gotten an answer to your question, don’t spend too much time congratulating yourself. Instead, see where the flaws are in what you just did, and see if you can do even better.
 

  
 

   

   If you feel nervous when starting to solve an actual data analysis problem, even (or especially) after learning the basics of Python and pandas, then this book should boost your confidence. That confidence will go a long way toward helping you analyze your own problems and projects.
 

  
 

   

   — Reuven M Lerner
 

  
 

   

   Owner, LernerPython.com
 

  
 

   

   Author, Python Workout and Pandas Workout
 

  


 

   

   preface
 

  
 

   

   When I graduated from data education and started working as a data scientist, I was shocked at how different the job was from what I expected based on my studies. Data was harder to come by than I imagined. There weren’t clean datasets just sitting around waiting for me to analyze them. When I did get my hands on some data, it was undocumented and full of problems. I soon found out I wasn’t the only one who had this experience, so when I started teaching data science alongside my day job, I wanted to bridge this gap between the classroom and the real world.
 

  
 

   

   I’ve been teaching data topics for a number of years now, and the single most frequently asked question I get after a course is, what should I learn next? Based on my own experiences, I usually give a standard answer: solve real problems and learn by doing. I’ve given this answer so many times now that I wanted to write it down somewhere. This book is my extended answer.
 

  
 

   

   To improve as an analyst, you need two things: get better at the process of analyzing data, regardless of what tools you use, and be immersed in a business environment where your work directly affects your surroundings. The market is saturated with introductory material. “Introduction to data science/analysis” books and courses are everywhere. What has always struck me was the lack of follow-up resources. What about intermediate or advanced data science? Everything that’s out there is exclusively about tools and algorithms. That’s great, but there is more to data science than the technical details. In fact, the technical details change, whereas the job of an analyst fundamentally does not.
 

  
 

   

   Analysts need to be problem solvers. People have questions that can be answered with data; analysts answer them and, in doing so, have to solve technical and organizational problems. At a high level, problem solving is the skill that analysts need to hone most after initial training. The best way to do that is to actually solve problems. But what problems? And with what projects? With this book, I want aspiring analysts to continue learning, while creating a portfolio of projects to show off their advanced skills.
 

  
 

   

   When choosing the projects, I was careful to focus on topics that don’t normally make it into an introductory syllabus but come up often in the real world. I also chose real-world datasets and made little or no modifications so the problems would be as true to life as possible. I hope you enjoy solving these problems as much as I enjoyed creating them.
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   about this book
 

  
 

   

   The Well-Grounded Data Analyst was written to help you improve your data analysis skills by solving real-world problems. It presents eight scenarios you would encounter as an analyst, each of them on a topic that is prevalent in industry but often missing from data education. It also provides a framework that can be used to solve any analysis problem, mostly by helping you define the problem properly before you start.
 

  
 

   

   Who should read this book
 

  
 

   

   The book is for junior or aspiring analysts who are looking to build on their foundational data analysis skills and want exposure to real-world problems. Readers should have at least six months of experience with data analysis and be familiar with problem framing, data cleaning, analysis, and visualization. Even seasoned analysts would benefit from solving the problems in the book because we never stop learning.
 

  
 

   

   How this book is organized: A road map
 

  
 

   

   The book contains eight data analysis projects to attempt, spread across 13 chapters. Each chapter, starting from chapter 2, describes a project, explains the available data, provides a step-by-step breakdown of how you might approach the project, and offers an example solution in Python:
 

  
 

   

   	 Chapter 1 introduces a results-oriented framework you can apply to any data problem. It also walks through an example of applying it to a real-world scenario. 
 

   	 Chapter 2 contains the first project. In it, the task is to retrieve information from free text address data. The chapter includes a detailed application of the results-oriented process to the specific problem. 
 

   	 Chapter 3 is about data modeling. In the project, customer information needs to be retrieved and deduplicated from raw transaction data. 
 

   	 Chapter 4 is about defining metrics. The project requires you to define what it means for a product to be a best performer and analyze the data accordingly. 
 

   	 Chapter 5 deals with unusual data sources. The project task is to analyze the changes in the film industry during and after the COVID-19 lockdowns. To do this, you need to retrieve data from a collection of PDF files. 
 

   	 Chapter 6 introduces a project about handling categorical data. Your task is to analyze a developer survey to understand attitudes toward and uses of AI tools. The example solution in this chapter focuses on exploring the data and answering some initial questions. 
 

   	 Chapter 7 continues the project from the previous chapter. In the example solution, we apply more advanced methods to working with categorical data to better understand the survey results. 
 

   	 Chapter 8 introduces the next project, which is working with time series data. The task is to explore traffic data to understand where cycling infrastructure could be improved. The example solution in this chapter contains an exploration and initial analysis of the data. 
 

   	 Chapter 9 continues the time series project from the previous chapter by applying more advanced methods, including forecasting traffic numbers into the future. The results of the project are also discussed. 
 

   	 Chapter 10 introduces a new project, which is about creating rapid proofs of concept to test the viability of an idea given the available data. In this chapter’s example solution, the data is explored, analyzed, and exported to be used in the next chapter. 
 

   	 Chapter 11 contains the build of the example proof of concept which we prepared in chapter 10. The design and build of this application are described in detail. 
 

   	 Chapter 12 introduces the final project that is about taking over someone else’s analysis. Your task is to review another analyst’s work and create the next version of the analysis. The topic is customer segmentation, specifically, analyzing mobile phone events to find distinct customer behaviors. 
 

   	 Chapter 13 contains the second part of the example solution for the final project. It walks through how the mobile event data can be used to create distinct customer segments and how those would be presented to stakeholders. 
 

  
 

   

   The best way to read the book is to start with chapter 1 to understand the framework and then read chapter 2 to get a feel for how the project chapters are structured. For example, before reading any of the example solutions, I strongly advise that you attempt the project yourself. After chapter 2, I suggest choosing one of the projects that interests you. The eight projects are introduced in chapters 2 through 6, 8, 10, and 12. They do not need to be completed in order.
 

  
 

   

   About the code
 

  
 

   

   This book contains many examples of source code in line with normal text. In these cases, source code is formatted in a fixed-width font like this to separate it from ordinary text.
 

  
 

   

   In many cases, the original source code has been reformatted; we’ve added line breaks and reworked indentation to accommodate the available page space in the book. In some cases, even this was not enough, and listings include line-continuation markers (↪). Code annotations accompany many of the code snippets, highlighting important concepts.
 

  
 

   

   Every chapter from chapter 2 onwards contains supplementary materials. The main repository for all the materials can be found at https://davidasboth.com/book-code. The repository is organized into one folder per chapter. Each folder contains
 

  
 

   

   	 The data file(s) required to attempt the project yourself 
 

   	 Additional files, such as data dictionaries, to lend more context to the problem 
 

   	 Example solutions in the form of Jupyter notebook files 
 

  
 

   

   The projects can be attempted with any data analysis tool, so software and hardware requirements will vary. The example solutions are in Python, and if you want to run the code, see the appendix for details on setting up a Python environment that mimics the one I used for the solutions.
 

  
 

   

   You can get executable snippets of code from the liveBook (online) version of this book at https://livebook.manning.com/book/the-well-grounded-data-analyst. The complete code for the examples in the book is also available for download from the Manning website at https://www.manning.com/books/the-well-grounded-data-analyst.
 

  
 

   

   liveBook discussion forum
 

  
 

   

   Purchase of The Well-Grounded Data Analyst includes free access to liveBook, Manning’s online reading platform. Using liveBook’s exclusive discussion features, you can attach comments to the book globally or to specific sections or paragraphs. It’s a snap to make notes for yourself, ask and answer technical questions, and receive help from the author and other users. To access the forum, go to https://livebook.manning.com/book/the-well-grounded-data-analyst/discussion. You can also learn more about Manning’s forums and the rules of conduct at https://livebook.manning.com/discussion.
 

  
 

   

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

  
 

 

   

   about the author
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   David Asboth is a “data generalist.” Currently, he works as a freelance data consultant and educator with an M.S. in Data Science, and has a background in software and web development in various industries. His previous roles include a range of data science, software development, and software architecting jobs, and his latest interest is figuring out what skills the analysts of the future actually need to succeed. Beyond having over a decade’s worth of technical experience in multiple industries, David cohosts the Half Stack Data Science podcast about data science in the real world, has spoken at multiple conferences, including the Data Science Festival in London, and has taught a variety of data science courses to enterprise students, including large banks and consultancies. David has taught hundreds of students introductory data science over the years and wanted to write a book about what he thinks students like those could benefit from after learning the basics.
 

  


 

 

   

   about the cover illustration
 

  
 

   

   The figure on the cover of The Well-Grounded Data Analyst is “Hongrois,” or “Hungarian,” taken from a collection by Jacques Grasset de Saint-Sauveur, published in 1788. Each illustration is finely drawn and colored by hand. 
 

  
 

   

   In those days, it was easy to identify where people lived and what their trade or station in life was just by their dress. Manning celebrates the inventiveness and initiative of the computer business with book covers based on the rich diversity of regional culture centuries ago, brought back to life by pictures from collections such as this one.
 

  


 

   

   
1 Bridging the gap between data science training and the real world

 

  
 

   

   This chapter covers
 

    

    	Approaching data analysis using a results-driven process
 

    	Important data science concepts using true-to-life projects
 

    	Focusing on pragmatic solutions when analyzing data and learning new skills
 

   
 

  
 

   

   Does the following scenario sound familiar? You’ve just received a data request from a department in your organization, and you have no idea how to handle it or perhaps even exactly what you’ve been asked to do. Outside the structured experience of your initial training, the real world is messy and uncertain. You may be wondering
 

  
 

   

   	 How do you use your existing skills to complete projects for demanding stakeholders? 
 

   	 How do you keep learning now that the structured training environment is no longer there? 
 

   	 How can you apply your general skills to domain-specific tasks? 
 

   	 What do you need to learn next? 
 

  
 

   

   Any senior data scientist will tell you that the answer to all these questions is “experience.” By completing the eight projects in this book, you will accelerate the process of getting the experience you need to succeed as a data analyst.
 

  
 

   

   You will hone your existing skills and learn new ones by completing projects similar to those you may encounter in the real world. As you go, you will do most of the work, but ideas will be provided to get you started. To augment the specific skills, I also lay out an approach to make you a better analyst by focusing on pragmatic results. Along the way, you’ll follow a process to make it easier to learn new skills efficiently and to get the most value out of each new challenge you face.
 

  
 

   

   
1.1 The data analyst’s toolkit
 

  
 

   

   There are certain fundamental skills analysts learn at the start of their journeys and bring to their roles. These are the ability to
 

  
 

   

   	 Read in (load) a dataset from a variety of sources 
 

   	 Join datasets together 
 

   	 Manipulate columns by creating, deleting, renaming, and transforming them 
 

   	 Perform basic statistical analysis, such as calculating averages 
 

   	 Explore your data using visualizations such as bar charts, line charts, or scatter plots 
 

   	 Present your findings by creating appropriate visualizations or designing dashboards 
 

  
 

   

   Which tool you find comfortable using for these tasks does not matter. Appropriate tools include
 

  
 

   

   	 Microsoft Excel (or equivalent) 
 

   	 Business intelligence (BI) tools, such as Tableau or Power BI 
 

   	 Database query languages such as SQL, although these typically don’t have visualization capabilities 
 

   	 Programming languages with data analysis capabilities, such as Python or R 
 

  
 

   

   The example solutions to the projects are provided in Python, but the focus will be on problem solving, not the specifics of the Python programming language.
 

  
 

   

   Completing the projects will build on your foundational skill set by adding skills specific to real-world use cases, which include data modeling, working with categorical data, extracting data from unusual sources, and rapid prototyping. In each case, I will highlight the exact kind of functionality required to solve the problem so that you can find the appropriate way to do that with your preferred tool. Some of the projects use machine learning models, but in-depth discussions about machine learning are beyond the scope of our projects.
 

  
 

   

   The projects will also let you hone more “meta-skills,” which are vital for any data analysis project. These skills are the ability to
 

  
 

   

   	 Take a human question, one that is vague and contains no technical jargon, and translate it into one that can be answered with data 
 

   	 Evaluate the available data and determine whether it’s suitable for answering the question 
 

   	 Know how to pivot your analysis and change your analytical question if it cannot be answered with the available data 
 

   	 Communicate your results to someone with no knowledge, or even interest, in the technical details 
 

  
 

   

   NOTE  The practice projects focus on building technical and problem-solving skills, but there are other professional skills needed for a good data analyst. If you want a deeper dive into these, I recommend Build a Career in Data Science by Robinson and Nolis (Manning, 2020).
 

  
 

   

   The future of data analysis also includes artificial intelligence (AI) tools, such as ChatGPT and similar large language models. AI tools cannot replace your ability to think critically, communicate with stakeholders, or work within the constraints of your business environment; however, AI tools can accelerate your work by helping you automate the more mechanical aspects of a project. I will highlight instances where such a tool could help solve a part of your problem. For example, if you don’t know how to read data from a PDF file, an AI model will be able to tell you how to access this functionality in your preferred tool and give you code snippets to use. This means that you can solve that particular subproblem faster, which will make you more productive.
 

  
 

   

    

    A note on terminology 
 

   
 

    

    I use the terms “data science” and “data analysis” interchangeably. First and foremost, data scientists need to be good analysts, so I prefer to use the phrase “analysis” instead of “data science” to describe the discipline and “analyst” instead of “data scientist” when describing the practitioner. When I use “data science,” I just mean “the process of analyzing data.”
 

   
 

    

    I also refer to the “real world” a lot. The reason for this is to emphasize the disconnect between what you learn in a classroom versus what an analyst job looks like in practice. This disconnect doesn’t mean classrooms are bad; there are simply multiple, not necessarily technical, hurdles to overcome that cannot be taught in a classroom. My focus is on preparing junior analysts for their jobs by teaching them all the things they couldn’t have learned in their formal training. When I say, “real world,” I mean “outside a learning environment.”
 

   
 

    

    Similarly, the word “stakeholder” is also a loaded term. I will use it to mean your boss, an internal client, or an external customer. They are the originators of the requests that generate the work you do. A stakeholder is anyone who is the target audience of your analysis and will be directly affected by your work.
 

   
 

  
 

   

   
1.2 A results-driven approach
 

  
 

   

   On the job, your success depends far more on the results you deliver than the skills and knowledge you bring to a task. Being results oriented means your focus is always on problem solving. You should arrive at a first draft solution as soon as possible—something I like to call the minimum viable answer. This is what you present to your stakeholders and what is used as the basis for future iterations. Applying this thinking streamlines your work and delivers immediate value. You spend time learning something that will be immediately applicable, getting a higher return on the time you invest. With this results-focused approach, you do not need to be an expert in everything up front; instead, by completing each project, you will add new, specific skills to your toolbox and learn a method for approaching new tasks efficiently as you go. The results-driven approach I present means practicing learning by doing and working in a results-focused way.
 

  
 

   

   Let’s look at this approach through the lens of a classic example from industry. Suppose you work for a car dealership and need to answer the seemingly simple question, “How many cars did we sell yesterday?” for your manager. In an ideal world, this is a simple business intelligence question that requires nothing more than filtering a sales table down to just cars sold yesterday and providing an answer. The reality is that we need to think deeper about the problem, starting with defining the terms before we begin.
 

  
 

   

   A results-driven analytical method to solve such a problem looks like this:
 

  
 

   

   	 Understand the problem —This includes definitions of individual words/concepts. 
 

   	 Start at the end —What is a minimum viable answer that could spark further conversation? 
 

   	 Identify additional resources —These can be data, people, or access permissions you need to get this minimum viable answer. 
 

   	 Obtain the data you will need to get your minimum viable answer —Does this data even exist? 
 

   	 Do the work to get your minimum viable answer —Ideally, this step shouldn’t take more than a few days so you can iterate quickly. 
 

   	 Present the minimum viable answer to a stakeholder —This could be anything from a casual conversation to a presentation to an audience. 
 

   	 Iterate if necessary —If the work is valuable, stakeholders will ask you to pursue it further. 
 

  
 

   

   Figure 1.1 is a visual representation of this process. Notice the arrows going back from step 7: they highlight the nonlinearity of the process. Depending on how step 6 goes, you might need to go back to an earlier step, even as far back as the very beginning.
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Figure 1.1 The results-driven process visualized


  
 

   

   The icons in figure 1.1 will be used throughout the book when discussing how this approach can be applied to specific projects. To apply this process to our car example, we start with step 1, “Understand the problem.”
 

  
 

   

   
1.2.1 Understand the problem
 

  
 

   

   What do we mean by “car”? When I worked in the automotive industry, every time a question about vehicles came up, we would have to clarify whether that included vans or other vehicles that weren’t quite cars. Sometimes vans were relevant, sometimes they weren’t. Then, what do we mean by “yesterday”? Often, several dates could be associated with a sale event: the day the customer bought an item in a store, the day we invoiced a customer for an item, the day the customer paid, or even the date a sale-related dispute was resolved. So, when we ask about “yesterday,” we need to know which date column to use. Even the word “sell” can be ambiguous. What if a customer returns an item later? Does that mean the answer to this question changes over time? We might explicitly decide that what happened in the past isn’t fixed, which will make our analyses more complicated. Incidentally, we should codify answers to these kinds of questions and record them in business-specific data models. More on this in chapter 3.
 

  
 

   

   The output of this step should be
 

  
 

   

   	 A clear question that can be tackled with an analysis 
 

   	 A defined scope (e.g., does the analysis of cars also extend to vans?) 
 

   	 Clearly defined terminology agreed on by those involved 
 

  
 

   

   These items should be documented as part of the project for transparency and reproducibility. Once we have understood the requirements, we should move on to envisaging a solution.
 

  
 

   

   
1.2.2 Start at the end
 

  
 

   

   Assuming we have agreed on terminology, we can start at the end and decide what a minimum viable answer looks like. This depends on the nature of the request and what our stakeholders want to do with the information. If it’s a quick ballpark estimate they need, we can sidestep some of those difficult questions about vehicle types and dates unless we have a good data model to pull from. Knowing what level of answer our stakeholder expects is crucial to deciding how much effort the request warrants.
 

  
 

   

   The output of this step is a clear picture of what an acceptable solution looks like. Is it a document, a presentation, or even a working proof of concept? Once this is understood, the next step is to identify the required data.
 

  
 

   

   
1.2.3 Identify additional resources
 

  
 

   

   Even for simple requests, it is important to ask, “What data would we need to answer this question?” immediately followed by “Do we have this data?” It is advisable to research the available data before committing to any work because there are cases where we just don’t have a dataset that directly records the concept we’re interested in. For example, in an online auction marketplace, sales transactions might not be recorded directly as they could take place outside the system. We would need to know where a record is made if a sale is agreed over the phone after the auction takes place.
 

  
 

   

   The output should be a list of what the appropriate data might look like to answer the question. This should include possible datasets already available to the organization and external datasets that will need to be obtained.
 

  
 

   

   
1.2.4 Obtain the data
 

  
 

   

   Now, we need to obtain the relevant data, either by extracting it from somewhere or by creating it. If our online auction marketplace is only used for listing and bidding, we might have to make do with inferring when something was sold by seeing when it stopped being listed. This is a dataset we would need to create from the raw listing data. In this case, we would have to stop at step 3 and regroup to figure out whether creating such an inferred sales dataset is worth the effort. This will depend on the minimum viable answer we defined in step 2.
 

  
 

   

   The output should be a tangible dataset or extract, which we can use to get to our minimum viable answer. If the data is only an extract, it should be representative of the larger data.
 

  
 

   

   
1.2.5 Do the work
 

  
 

   

   You will notice that step 5 just says “Do the work.” This is intentionally broad and vague. Step 5 might encompass the entirety of other data analysis workflows you may have encountered. Steps 1–4 ensure that the doing part will have a higher ROI. By this point, you’ve given the problem enough thought that you’re not just aimlessly jumping into writing code, which is certainly a temptation when your skills are fresh and you’re eager to deliver. I encourage you to spend time on steps 1–4, perhaps even more than you instinctively would.
 

  
 

   

   In the car example, during this phase, you might find that the sale date of a vehicle changes over time based on events such as a customer waiting for a finance agreement to come through, or previously undisclosed faults were subsequently noticed, and the customer raised a complaint. You as the analyst should not be making the decision alone about which possible date constitutes the actual sale date. Here, you would go all the way back to step 1 to have a conversation with your stakeholders before continuing your analysis.
 

  
 

   

   Whatever happens in the analysis, documenting your specific choices and assumptions is critical for transparency and reproducibility. In the example solutions presented for each project, I have documented the specific choices I made and where another analyst’s path might have diverged had they made different decisions.
 

  
 

   

   The output here is whatever was decided in step 2, “Start at the end.” This artifact should be recorded as part of the project and be reproducible by other analysts. Chapters 12 and 13 present a project where we do just that.
 

  
 

   

   
1.2.6 Present the minimum viable answer
 

  
 

   

   A key component of the results-driven approach is presenting results earlier than we might be inclined to. We are looking for a satisfactory solution, so we should be discussing preliminary results as early as possible to allow iteration. Data teams have failed in the past when they siloed themselves away from the rest of the business, only to emerge months later with work that no one asked for and has no tangible business value.
 

  
 

   

    

    Is anyone using your work?
 

   
 

    

    I once sat through an interesting presentation at a conference where the data science team had built a complicated sales forecasting model. The presentation was purely technical and told the story of how they arrived at their hierarchical Bayesian approach.
 

   
 

    

    In the Q&A portion, I asked the difficult question: “Does anyone use your forecasts, and if so, what for?” The data scientists sheepishly admitted that they’re still working on convincing the business that their forecasts are worthwhile. I suspect a lot of needless work could have been avoided had they engaged in that conversation sooner.
 

   
 

  
 

   

   The output of this step is minutes of a meeting with, or presentation to, our stakeholders. The outcomes should also be recorded as part of the project. Was further work requested? If so, what?
 

  
 

   

   
1.2.7 Iterate if necessary
 

  
 

   

   Finally, you will almost always end up iterating your first answer. It is an important step to include in any data analysis framework because it highlights the inherent uncertainty of the job. You will never have all the answers up front, including an answer to the question “How long will this analysis take?” and that’s fine. Accept that a first draft will be necessary to reach a satisfying solution, and the sooner that first draft exists, the better. The added benefit of this iterative approach is that you become better at estimating how long your work will take because you only ever have to estimate one iteration rather than the entire project.
 

  
 

   

   Using a results-driven approach, you will develop an intuition for how to make analytical decisions that help you focus on providing a pragmatic solution rather than an unnecessarily deep answer up front. Of course, you will need to learn new tools along the way. Sometimes, these tools will only be used for the analysis you have in front of you. The next analysis may need different tools. That’s okay—tools come and go, but the knowledge and concepts you learn will remain the same, and these are what make a good analyst.
 

  
 

   

   It is important to note that this approach is not a substitute for going deep when necessary. I’m not encouraging anyone to learn to take shortcuts. However, a key skill in analytics is identifying the highest ROI on your time, which often means adopting a breadth-first rather than depth-first approach.
 

  
 

   

   
1.3 Project structure
 

  
 

   

   The projects are designed to represent common problems faced by analysts in industry. Each project is designed to be approachable with fundamental analyst skills and not take too long. There are a lot of factors at play: your level of experience with your tools, your familiarity with the topics at hand, the speed at which you learn new concepts, and so on, but generally, the first iteration of your solution to each project should take somewhere between 2 hours and two days. That’s a broad range, but even a two-day “sprint” to deliver something you can discuss with a stakeholder would be considered a quick turnaround time.
 

  
 

   

   The projects not only reflect common industry problems but are also designed to bridge specific skill gaps between initial training and the real world. Table 1.1 is an overview of these projects.
 

  
 

   

   
Table 1.1 A summary of the eight projects in the book
 

    

     

      

      	 

       

         Project 

       

 

      	 

       

         Data analysis skill(s) 

       

 

      	 

       

         Chapter(s) 

       

 

     
 

     

     

      

      	  Analyzing customer retail spend in different geographic areas 

 

      	  Extracting structured data from free text 

 

      	  2 

 

     
 

      

      	  Extracting unique customer records from e-commerce transactions 

 

      	  Data modeling 

 

      	  3 

 

     
 

      

      	  Defining and finding best-performing products on an e-commerce store 

 

      	  Defining metrics 

 

      	  4 

 

     
 

      

      	  Analyzing the effects of the coronavirus pandemic on the film industry 

 

      	  Extracting data from PDFs 

 

      	  5 

 

     
 

      

      	  Investigating developer attitudes toward AI tools from a survey 

 

      	  Handling categorical data 

 

      	  6, 7 

 

     
 

      

      	  Identifying potential improvements to cycling infrastructure 

 

      	  Working with time series data 

 

      	  8, 9 

 

     
 

      

      	  Building a proof-of-concept application to explore the Welsh property market 

 

      	  Rapid prototyping 

 

      	  10, 11 

 

     
 

      

      	  Continuing another analyst’s work and creating customer segments using mobile phone activity 

 

      	  Iterating on someone else’s work Customer segmentation, clustering 

 

      	  12, 13 

 

     
 

     

   
 

  
 

   

   Each project is structured in the following way:
 

  
 

   

   	 It starts with a high-level description and the data. Beyond that, you’re on your own. This section is sufficient to read if you either feel more comfortable formulating an action plan based on a somewhat vague analytical question or want to practice that skill explicitly. 
 

   	 What follows is a more detailed step-by-step breakdown of how you might go about attempting a solution. There will be no code snippets here, but if the high-level description has you stuck on where to start, this section should help kick-start your solution attempt. 
 

   	 Finally, I will always include an example solution. There will be discussions on how you might go about attempting to solve the problem, what assumptions you’ll have to make, how you might change your analytical question given the constraints of the data, and what an acceptable result will look like. In the example solution, I’ll have made some specific assumptions and decisions that may differ from yours. That’s to be expected. The goal is not that you arrive at my solution—my solution won’t be the solution. In fact, I’ll highlight places where the analysis may have diverged. The goal is to practice going from problem definition to a minimum viable answer. 
 

  
 

   

   Consider this collection of realistic analysis projects as a practice companion to help you get used to diving into something without knowing the answers or even the required tools up front. When learning through practice projects, you will
 

  
 

   

   	 Have an end goal in mind and work toward it. 
 

   	 Learn the skills necessary to get an answer rather than learning skills with no real end goal in mind. 
 

   	 Learn breadth-first, not depth-first. 
 

  
 

   

   Approaching projects using the results-driven method will prepare you to apply these methods to any project. These projects should inspire you to continue analyzing data and use the “solve a problem” framework for learning, all while accumulating new skills and building a handy portfolio to show to prospective employers.
 

  
 

   

   Let’s get started! The next step is to take on your first project, an analysis of some customer demographics for a hypothetical UK-based retailer. I hope you enjoy the journey! 
 

  
 

   

   Summary
 

  
 

   

   	 Expect a gap between your formal data science training and the real world. 
 

   	 Being pragmatic and results driven helps navigate the inherent uncertainty in data analysis. 
 

   	 Practicing this results-driven approach through real-world examples will help you 

     

     	 Focus on problem-solving 
 

     	 Get better at identifying additional considerations 
 

     	 Develop an intuition for how to make analytical decisions to provide a pragmatic solution to stakeholder questions sooner 
 

     	 Create a real-world project portfolio to make yourself stand out as a candidate 
 

    


 

  


 

   

   
2 Encoding geographies

 

  
 

   

   This chapter covers
 

    

    	How to use the results-driven approach to tackle a real problem
 

    	Making analytical decisions in the face of uncertainty
 

   
 

  
 

   

   Now that you have been introduced to the results-driven approach, let’s apply it to a real data science task. We will tackle a real-world problem and apply the results-driven method to it. It is a template for approaching the other projects and any other project you encounter in the future.
 

  
 

   

   All the projects and data are available at https://davidasboth.com/book-code for you to attempt them yourself. There, you will find both the dataset for the project and the same example solution presented in the chapter in the form of a Jupyter notebook.
 

  
 

   

    

    A note on Jupyter notebooks
 

   
 

    

    Jupyter is a development environment that allows the mixing of code and accompanying text in the form of notebooks. Notebook files let you read the text and run the code directly within the document. They are popular for education and data analysis.
 

   
 

    

    The notebooks accompanying the book collect the code snippets from each chapter into a single document where the code is also runnable. Sites such as GitHub even let you view the notebooks in the browser without requiring Jupyter to be installed. See the appendix for instructions on how to install Python to run the code yourself.
 

   
 

  
 

   

   For this chapter’s project, let’s examine an example task that analysts encounter, which at first glance might seem simple enough—encoding geography.
 

  
 

   

   
2.1 Project 1: Identifying customer geographies
 

  
 

   

   Let’s look at the project in which we will extract location information from free text to better understand our customer base. As an analyst for ProWidget Systems, a UK-based B2B (business-to-business) retailer, you’ve been asked to report on spending volumes for London-based customers versus those based in the rest of the United Kingdom. The board has supplied a high-level data extract containing all customers’ addresses and their total spending to date. They want to know
 

  
 

   

   	 Which UK cities are currently underserved 
 

   	 Whether their customers are primarily London based 
 

  
 

   

   If this were a sanitized tutorial, your data would likely have a column called city, and your task would be more about the technical steps required to group the data by city and summarize it using an appropriate metric. Perhaps you would take the total spending from all London-based customers and compare it against the same figure from other major cities in the United Kingdom or all data where the city column is not London. Perhaps you would choose to show the distribution instead to get a more detailed picture of the difference. Either way, your choice is more about the specific technical steps required to get an answer.
 

  
 

   

   Compare this to answering the same question as an analyst in a real business. For instance, in this project, the available data is not organized cleanly enough to have a city column: we only have a single customer address column, which may or may not contain the city somewhere within it. The address data for this project comes from Companies House, an executive agency sponsored by the UK government’s Department for Business and Trade. The original public data, which I modified for this exercise, is available at https://mng.bz/mGxr. 
 

  
 

   

   Before doing any analysis, we need to decide how to identify what city an address relates to. We will follow the results-driven process laid out in chapter 1 to do this and get an answer for our stakeholders.
 

  
 

   

    

    Real business case: Finding new leads with address data
 

   
 

    

    As a data scientist, one data-driven tool I built was a map of all our customers combined with a list of all companies in the United Kingdom that were in a relevant industry to be our potential customers. The sales team used this map to identify prospective customers in the local area whenever they went to visit an existing customer.
 

   
 

    

    The project involved combining our own customer data with the government’s official public list of companies, and the bulk of the work was sanitizing address data in both lists so they could be compared, which is why that is the topic of this chapter.
 

   
 

  
 

   

   
2.1.1 Data dictionary
 

  
 

   

   The first step in understanding what’s in a dataset is to read the data dictionary or ask for one if it wasn’t provided. You may ultimately need to write one yourself. One of the ways the real world differs from this book’s projects is that I provide well-documented data dictionaries. Don’t get used to it! Table 2.1 shows the data dictionary for the supplied data, and figure 2.1 shows a snapshot of the first few rows.
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Figure 2.1 A snapshot of the first few rows of customer address data


  
 

   

   
Table 2.1 Data dictionary for the customer address dataset
 

    

     

      

      	 

       

         Column 

       

 

      	 

       

         Definition 

       

 

     
 

     

     

      

      	  company_id 

 

      	  A unique identifier for each customer company in the dataset 

 

     
 

      

      	  address 

 

      	  A single field to store the customer address 

 

     
 

      

      	  total_spend 

 

      	  The total amount this customer has spent to date (in GBP) 

 

     
 

     

   
 

  
 

   

   Now that we have our problem statement and have seen the available data, it is time to start our results-driven process to arrive at a solution.
 

  
 

   

   
2.2 An example solution: Finding London
 

  
 

   

   In this section, I will dive into an example solution, focusing on the steps of the results-driven approach, as well as the details of solving the problem. You may wish to attempt this problem yourself before going further or use this chapter to get a feel for the structure of the rest of the projects. As for most solutions I provide, the code itself will be written in Python, primarily using the pandas library. While code snippets will be used to explain the example solution, I will focus discussions on the conceptual solution and less on the code specifics. The solution will have three parts: setting up the problem statement and the data, creating the first iteration of a solution, and reviewing the work and deciding on further steps.
 

  
 

   

   
2.2.1 Setting ourselves up for success
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   The first step is to ensure we understand the problem. In this case, we know we need to use our customer address data to calculate the total spending by city across the United Kingdom and come up with an answer for how London customers compare with the rest of the country. If we encountered multiple metrics in the data, such as the number of transactions a customer has made or how long they have been a customer, we would need to clarify the purpose of the question with our stakeholders so that we know which metrics to focus on.
 

  
 

   

   In this case, the data provided does not contain this ambiguity; it is clear we are focusing on spending patterns across two predefined geographic areas. However, had our stakeholders asked us about which areas are underserved in general, we would also seek to understand whether we should look at data at a city level or a different level of granularity.
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   The crucial step in any analysis is to think of where we are going. What form will a minimum viable answer take? In this example, our stakeholders have two questions:
 

  
 

   

   	 Are different cities underserved? This requires us to calculate total customer spending by city and find cities with the lowest customer spending. 
 

   	 How does London compare to the rest of the United Kingdom? This can then be answered from the output of the first answer. 
 

  
 

   

   For a minimum viable answer to exist, we need to add a city column to our data, which we will extract from the address. This will allow us to have a breakdown of spending by city, meaning we could take the row for London and compare it against the rest of the table. As for the final output, a table or a bar chart will suffice for both cases. It may seem obvious, but knowing the exact format of our output will guide us toward a relevant solution, which is a table containing one row per city and an associated total spending figure.
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   To tackle any analytical question, we need to know what data is required to answer it. To get city-level customer figures, we need data on which city each customer belongs to. This requires that each customer record has a city column, or at least some sort of address data, against it. We know in this case that an address field has been provided, so we have sufficient data to attempt the problem, even if we are unsure at this stage whether we can get a satisfactory answer. In this step, we also decide on additional data sources we might need. In this case, it might be to enhance the accuracy of our address data. Our first iteration should usually focus on the data we already have, and additional data sources can be considered in future iterations.
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   The step of acquiring data should not be underestimated. Entire data science initiatives have failed because the data science team never received any usable data to analyze. The obstacles to obtaining data are not technical but organizational, and it is one aspect of the real world we won’t simulate. Throughout the projects, you will not need to find any data yourself; it will be provided. It will not always be easy to clean, but you will not spend any time emailing someone in your organization and hoping for their goodwill to send you a data extract!
 

  
 

   

   
2.2.2 Creating the first iteration of a solution
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   By this point, we have established the problem statement and obtained all necessary data. It is now time to explore the dataset before extracting the city component of each address and summarizing customer spending data by city. Let’s start by importing the necessary libraries and reading in the data:
 

  
 

   

    

    import pandas as pd

customers = pd.read_csv("./data/addresses.csv")

print(customers.shape)
  

   
 

  
 

   

   The output is (100000, 3), meaning we have a total of 100,000 rows of data and the three columns we saw in the data dictionary. Before extracting any city data, we should check for missing values.
 

  
 

   

   Investigating missing values
 

  
 

   

   Depending on your tool of choice, attempting to extract data from empty addresses may yield errors. The output of the following code snippet is shown in figure 2.2:
 

  
 

   

    

    customers.isnull().sum()
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Figure 2.2 A table showing the number of missing values per column


  
 

   

   We can see there are 968 missing addresses, which is just under 1% of our rows. Since we have no way of knowing the addresses of those missing customers just from the data provided, we can safely drop these rows:
 

  
 

   

    

    customers = customers.dropna(subset=["address"])
  

   
 

  
 

   

   What percentage of rows is acceptable to drop will depend on the context, but losing 1% due to missing key information is fine. If, say, 10% of our customers had missing addresses, we might want to examine why.
 

  
 

   

   However, this is a point where analyses might diverge. The missing address data could either be kept and categorized simply as “Other” or, if we had more customer-related data, we may choose to spend the time looking up a customer’s address elsewhere to get a more complete dataset.
 

  
 

   

   There are many places in an analysis where there is no definitive right decision, only different decisions based on different assumptions. Because of this, your analysis will diverge from mine at various points. Figure 2.3 illustrates this branching of possible paths in a diagram, which I will use heavily to reiterate this point.
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Figure 2.3 The first step of the analysis and its alternative paths visualized


  
 

   

   There are two types of shapes: steps and decisions. Steps represent sequential tasks to be undertaken in the analysis. These come from the original action plan but may also be informed by what we find in the data. Decisions represent places where the analysis might diverge, depending on the assumptions and choices made. Your analysis will not necessarily contain the same steps or the same decisions as mine.
 

  
 

   

   While we are exploring our columns, we should also check if our total_spend column contains any strange values, such as negatives. The output of the following code snippet is shown in figure 2.4:
 

  
 

   

    

    customers["total_spend"].describe()
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Figure 2.4 Summary statistics of the total_spend column


  
 

   

   As the figure shows, the values range from 0 to just under £12,000 with no negative values. Now that we have seen our data, we need to decide on an approach to extract the information about cities. Let’s think back to our two stakeholder questions: “Are different cities underserved?” and “How does London compare to the rest of the United Kingdom?” The second question is a subset of the first. That is, once you have a dataset of customer spending by city, it is easy to compare London against other cities. To solve one question means solving the other, so if we start by focusing on identifying addresses in London first, we can find the nuances and edge cases of how addresses are represented.
 

  
 

   

   Extracting city column from addresses
 

  
 

   

   Before deciding on a method, we should look at some sample addresses. The following code prints the first five addresses, the output of which is shown in figure 2.5:
 

  
 

   

    

    for address in customers["address"].head():

    print(address, "\n")
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Figure 2.5 Five sample addresses


  
 

   

   We can already notice some patterns, as well as some potential pitfalls. From our limited sample, it appears that addresses end with the postcode, but sometimes London addresses contain a line for England, and sometimes they don’t. This means we cannot rely on looking at a specific row of an address to give us the city, which is useful information.
 

  
 

   

   What about looking for the string “London” to identify customers in London? Would that be sufficient? Probably not. You would end up including people who live on “London Road” in other towns, for a start. Examining the data, we can see that address lines are separated by a comma and a new line character, so looking for "LONDON," could alleviate this particular problem. Note the extra comma in the search string. Our rule could simply be the following: if one of the rows of an address is “London,” then that address is a London one. In our sample, all addresses were uppercase, but we should not assume this will be the case for all 100,000 rows, so we should ensure they are all uppercase ourselves. To compare our cleaned address data with the original, we will create a new column to store the cleaned version. It is usually a good idea to keep data in its raw form somewhere to reference as needed:
 

  
 

   

    

    customers["address_clean"] = customers["address"].str.upper()
  

   
 

  
 

   

   Now that we have ensured that the casing is consistent, we can investigate the difference between looking for "LONDON" and "LONDON,":
 

  
 

   

    

    len(customers[customers["address_clean"].str.contains("LONDON")])

len(customers[customers["address_clean"].str.contains("LONDON,")])
  

   
 

  
 

   

   The output of these lines of code is 21,768 and 20,831, respectively, which means nearly 1,000 rows are no longer selected when we add the commas. Those are the addresses that contain the word London, but we assume are not, in fact, in the city of London (e.g., addresses on London Road). We have already seen from our sample addresses that we cannot rely on the position of a row to decide where the city component is. However, there may only be a finite number of address structures. Let’s look at how many addresses consist of how many rows. The output of this code is shown in figure 2.6:
 

  
 

   

    

    customers["address_lines"] = (

    customers["address_clean"]

    .str.split(",\n")                     #1

    .apply(len)                       #2

)

customers["address_lines"].value_counts().sort_index()    #3
 

    

     #1 Splits an address into a list of substrings (i.e., separate the rows)

     
#2 Counts the length of each list (i.e., the number of rows in the address)

     
#3 Now counts how many addresses are made of how many rows
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Figure 2.6 Distribution of address lengths


  
 

   

   We can observe that some addresses consist of only one or two lines, and some have as many as six. In theory, if every three-line, four-line, five-line, and so forth address is consistent, we could come up with a rule to extract the city slightly differently from each. We should also examine some of these shorter addresses to see what they look like. The output of this code is shown in figures 2.7 and 2.8, respectively:
 

  
 

   

    

    print(customers.loc[customers["address_lines"] == 1, "address_clean"])

print((

    customers[customers["address_lines"] == 2]

    .sample(5, random_state=42)                  #1

    ["address_clean"])

)
 

    

     #1 Looks at five random rows that have only two lines of address. The random_state parameter ensures we get the same results each time for reproducibility.
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Figure 2.7 All the one-line addresses in our data
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Figure 2.8 A sample of five rows of two-line address data


  
 

   

   These figures show the variability of our data. Some rows are simply a city, Falkirk; there are entirely missing addresses referring us to a parent registry; and we also have PO Box addresses. It is unlikely we can come up with a rule to extract cities purely based on their position in the lines of an address without writing a lot of bespoke code.
 

  
 

   

   Let’s remind ourselves of our goal: our immediate task is to create a city column, and we now have to decide how to proceed. One option is to take our London-finding example and extend it by explicitly looking for city names in the address column. This would require a comprehensive list of cities in the United Kingdom, which is not an impossible task. Such lists exist—for example, the list available at https://mng.bz/5gKB is provided by the UK government. In this case, we would still need to decide what to do with addresses that fall outside of these cities. Do we simply label them “Other”? For a first iteration, this may suffice, as the question was specifically asking about cities, not towns or villages.
 

  
 

   

   Another option is to use the postcode component of each address and look it up against a national postcode database, which we would have to obtain and ensure we are allowed to use. This might be a more accurate method but would require additional work, such as identifying the postcode component of each address in the first place.
 

  
 

   

   In general, we should err on the side of less effort for our first iteration, so we will attempt to use the list of cities in the UK provided by the UK government. The web page consists of a bulleted list of cities for each country of the United Kingdom, an extract of which is shown in figure 2.9.
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Figure 2.9 An extract of the UK government's web page listing all the cities in the United Kingdom


  
 

   

   There are multiple ways to extract these into a code-friendly form. The simplest one is to copy and paste the bullet points from the website directly into Excel, so each city is on a separate line, and then import and clean the data in our code. The quickest option isn’t always to write code! However, for full reproducibility, you may want to automate that step. Obtaining this data manually will suit us here since we don’t expect the list of UK cities to change very often. This raw data is provided in the accompanying materials as a separate file called cities.csv. The first few rows of this data are shown in figure 2.10:
 

  
 

   

    

    cities = pd.read_csv("./data/cities.csv", header=None, names=["city"])

cities.head()
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Figure 2.10 The first few rows of city data


  
 

   

   There are clearly some aspects of this data to clean before using it as a definitive list of cities. First, the country headings were included as rows in the data, so the values England
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