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   foreword
 
  
 
   
   Early in my career, I was conducting a complex analysis as part of a consulting project. I spent weeks collecting and cleaning data and putting together a model that pointed to a clear recommendation. (True confession: if you were confused as to the seemingly random pricing of Wi-Fi on a major US airline in the early 2010s, I was partly to blame.)
 
  
 
   
   As I walked my manager through it, however, his feedback was somewhat unexpected: he thought I did a great job on my analysis, but he wanted me to change my methodology, explaining that another angle would “better fit the story the client wants to hear.”
 
  
 
   
   What?! As a data analyst, I saw my job as a seeker of objective truth, out to understand the world through exacting measurement. Changing my approach because it fits a story someone wanted to hear felt . . . weird. But looking back, I’m not sure it was wrong. The alternative approach was completely valid—it’s not like we were faking data. And just because it was what the client wanted to hear didn’t make it inaccurate; it was just another way to look at the world.
 
  
 
   
   Reading through this new book by Mona Khalil, I found myself reflecting on lessons from a career in data and finding a new appreciation for the science—and art!—of effective data analysis. I believe practitioners of any experience and technicality can benefit from this book and avoid common pitfalls so they can make new, unique mistakes of their own.
 
  
 
   
   Situations like the one I described are incredibly common in the world of data analysis. There’s rarely a straightforward “right” answer to the complex questions that arise in organizations. One often finds situations with incomplete data, varying assumptions, and unclear conclusions. Fusing objective measurement with subjective interpretation and thoughtful communication is a much larger part of the role of a data practitioner than most give credit for, and this took me years to fully understand.
 
  
 
   
   That learning curve would have come much faster if I had access to this wonderful book. That’s not just because it’s full of helpful technical pointers, methodologies, and exercises (which it certainly is) but rather because it does such an effective job of breaking down how to think about the craft of data analysis, in all its nuance.
 
  
 
   
   Mona takes the time to unpack topics like defining metrics and the theory of measurement. She breaks down how to think about results that don’t support a hypothesis, and how to present findings to stakeholders (including how to debug the kind of situation I found myself in so many years ago). 
 
  
 
   
   This toolkit is especially important as we enter the exciting and exotic world of AI. It turns out that LLMs can write code pretty well; I certainly wouldn’t recommend aspiring analysts to spend a lot of time memorizing arcane syntax, but I would encourage them to study how to properly interpret, contextualize, and communicate results—the kind of things that a model may never come to do as well as a human.
 
  
 
   
   As a final note, I’ll add that Mona shares the one lesson that every aspiring data scientist needs to learn: “simpler” is often “better.”
 
  
 
   
   —Barry McCardel, CEO, Hex Technologies
 
  

 
   
   preface
 
  
 
   
   I started my data analytics career in 2016 after leaving a PhD program in psychology. In my first role, I was the sole data analyst at a school, responsible for helping the administration make informed decisions and allocate resources effectively. I had to set my own priorities, identify high-value projects, and learn how to communicate effectively with various stakeholders. Needless to say, my work involved a lot of trial and error to align with the rest of the organization. To grow my career, I had to actively seek guidance outside of the workplace and learn many lessons on my own.
 
  
 
   
   Among data professionals, I hear of similar experiences time and time again. We enter the workforce with a set of technical skills (e.g., statistics, programming) but struggle to apply them to complex real-world scenarios, such as managing stakeholders and prioritizing work on our own. We often report to managers who don’t have data analytics experience, have few peers to collaborate with, and spend a large chunk of our time with data literacy education and advocating for the resources we need to perform our jobs effectively. It’s not easy.
 
  
 
   
   I wrote this book as a resource for early- to mid-career analysts. It’s written with the type of guidance that a mentor might provide, structured in a way that I (and many colleagues I spoke to) would have considered a valuable reference in their day-to-day work. The world of data analytics can be overwhelming, and it can often seem like we need to figure things out on our own. This book is designed to go beyond the current resources on data analytics (e.g., Python, SQL, statistics) and guide you through the real-world application of these skills. It’s intended to provide clear, actionable advice regardless of your industry or focus.
 
  
 
   
   In today’s world where organizations are inundated with data, the need for skilled analysts who can distill meaning from this data has never been greater. By mastering the comprehensive range of hard and soft skills covered in this book, you will be well-equipped to choose the right approach to solve complex problems, communicate your findings, and drive strategic decisions that add real value to your organization.
 
  
 
   
   Writing this book has been an incredible journey. I had the opportunity to reflect on my career, learn from my past experiences, and reaffirm my belief in the value of learning and sharing knowledge. I hope this book inspires you to take your career to the next level, ask questions of your data, and become a leader at your organization who leaves a positive impact in their wake.
 
  
 
   
   To the readers of this book, I wish you the best on your learning journey. While we’re in a dynamic and ever-changing field, the core of our work remains the same. Ask questions, take on new challenges, and never stop learning. Remember that our goal is not just to analyze data, but to drive meaningful change and improvements with our analyses. Thank you for choosing this book as part of your learning journey. I hope it serves to empower you with knowledge and confidence in your career. 
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   about this book
 
  
 
   
   Effective Data Analysis was written to help you strategically apply the skills you’ve learned to the business problems you encounter in your work. It’s designed to help you go beyond the technical and programming components of your work and understand the depth and value you can bring to the teams you collaborate with. This book can help you succeed in job interviews and become familiar with the day-to-day job of an analyst, and you can keep it on your desk as an ongoing reference throughout your career.
 
  
 
   
   Who should read this book?
 
  
 
   
   This book is primarily written for aspiring and early- or mid-career data professionals in analytics or data science and analytics engineers who answer questions for stakeholders and inform business decisions. We enter the field from a wide variety of backgrounds, giving each of us different strengths and opportunities to grow. There are many resources available on the specific technical aspects of our field (SQL, Python, R, statistics, machine learning), but few resources cover the skills you need to be a strategic partner to your colleagues. This book brings together the depth and nuance you’ll need to know how and where to apply your skills to problems, creating a clear and efficient path to delivering value in your work. 
 
  
 
   
   How this book is organized: A roadmap
 
  
 
   
   This book has 12 chapters organized into 3 parts.
 
  
 
   
   Part 1 orients your analytical thinking around asking and answering powerful questions:
 
  
 
   
   	 Chapter 1 covers the areas of focus and specialization in analytics, as well as common tasks and responsibilities associated with each. 
 
   	 Chapter 2 covers the process of crafting an analytical question, testing it, creating appropriate deliverables, and ensuring your work can be reproduced by other data professionals. 
 
   	 Chapter 3 covers the construction of a hypothesis based on an analytical question and the process of gathering information and designing a research and analytical framework based on the hypothesis. 
 
  
 
   
   Part 2 covers the approaches in statistical testing and measurement that can be used to answer analytical questions:
 
  
 
   
   	 Chapter 4 breaks down the most common statistical tests used to answer questions. The underlying logic of each test and the limitations of their use are covered. 
 
   	 Chapter 5 discusses aspects of statistics that aren’t included in traditional curricula, including their historical development, non-parametric alternatives to common tests, and best practices for using statistics responsibly. 
 
   	 Chapter 6 covers techniques used to appropriately translate abstract phenomena into measurable constructs. 
 
   	 Chapter 7 breaks down the step-by-step strategies needed to design effective organizational metrics and KPIs based on available measures. 
 
  
 
   
   Part 3 encompasses a range of skills and strategies needed to take your analytics career to the next level:
 
  
 
   
   	 Chapter 8 covers the steps needed to responsibly handle and analyze sensitive and protected data. 
 
   	 Chapter 9 describes the process of statistical modeling for different stakeholder deliverables. 
 
   	 Chapter 10 discusses the value you can bring to your analyses by obtaining third-party data from APIs, web scraping, and public data sources. 
 
   	 Chapter 11 teaches data management strategies, including data engineering stacks and the recently emerging practice of analytics engineering. 
 
   	 Chapter 12 reviews modern data analytics tools and resources that can be used to enhance your deliverable’s quality, speed of delivery, and capacity for enabling self-service. 
 
  
 
   
   About the code
 
  
 
   
   This book contains many examples of source code in line with normal text. The source code is formatted in a fixed-width font like this to separate it from ordinary text. Code annotations accompany much of the source code, highlighting important concepts.
 
  
 
   
   All of the code in this book is written in Python, and it assumes you have an intermediate working knowledge of Python for data analysis (e.g., the numpy and pandas libraries). The code and datasets from chapters 3 through 11 is available for download in an ipynb (Jupyter Notebook) format. Additional code for the chapter 4 and 5 exercises are available in separate Jupyter notebooks.
 
  
 
   
   You can get executable snippets of code from the liveBook (online) version of this book at https://livebook.manning.com/book/effective-data-analysis. The complete code for the examples in the book is available for download from the Manning website at www.manning.com, and from GitHub at https://github.com/mona-kay/effective-data-analysis.
 
  
 
   
   liveBook discussion forum
 
  
 
   
   Purchase of Effective Data Analysis 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/effective-data-analysis/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 for as long as the book is in print.
 
  
 
 
   
   about the author
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   about the cover illustration
 
  
 
   
   The figure on the cover of Effective Data Analysis, titled “Homme de Saint-Pierre,” is taken from a book by Louis Curmer published in 1841. 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.
 
  

 
   
   Part 1 Asking questions
 
  
 
   
   As an analyst, you’ll wear many hats throughout your career. Depending on the project or request, you might shift between building dashboards, auditing data for quality, or calculating a key summary statistic. The variety in our work is vast.
 
  
 
   
   At the core of all these tasks lies a guiding principle: a question. Every deliverable you create, whether explicitly stated or not, is an attempt to answer a question. This framework will accompany you throughout your career—whether you’re directly answering questions (as an analyst, data scientist, or research scientist) or empowering others to do so (as a data or analytics engineer). We are, in essence, scientists—though often by another name.
 
  
 
   
   This part explores how the scientific method underpins much of our work. You likely remember the steps from school: ask a question, develop a hypothesis, test it, and evaluate the results. In some cases, you’ll have the luxury of following each step meticulously; in others, you’ll be pressed to produce answers within hours. No matter the timeline, starting with a straightforward question and an open mind is crucial to setting yourself—and your stakeholders—up for success.
 
  
 
   
   Sometimes, your stakeholders may have limited experience with this approach. They might assume that the organization’s data holds the answers to all their problems, eliminating the need for strategic thinking or domain expertise. But that’s rarely the case. In fact, one of the most effective things you can do is guide them through the process of asking the right questions. In this part, we’ll cover everything you need to know to apply this essential skill across disciplines.
 
  

 
   
   1  What does an analyst do?
 
  
 
   
   This chapter covers
 
    
    	Introducing analytics
 
    	A review of common domains in analytics 
 
    	Using a data analyst’s toolkit
 
    	Preparing for your first role
 
   
 
  
 
   
   So you’re a newly minted data analyst—congratulations! Perhaps you just finished school and are looking for your first role, or maybe you just started your first job. It’s possible you planned this career path, or perhaps you landed here without the preparation you would have liked. Maybe you’re part of a large team or your organization’s first and only analyst. All of that’s okay! There are so many paths into the world of data, each bringing unique challenges. If you want to do your best work and become an expert in making data-informed decisions, this book is written for you. 
 
  
 
   
   Across the topics that we’ll cover in this book, a combination of mathematics, programming, and business knowledge are necessary to derive value for your stakeholders. Throughout these twelve chapters, we will cover a range of topics and skills that can benefit anyone who uses data to inform decisions—analysts, data scientists, data engineers, operations specialists, and others can all gain a comprehensive skill set that many of us learn over time, through trial and error. My goal in the following chapters is to provide you with those skills up front, whether or not you have peers, a mentor, a large team, or are working independently. We will cover technical and soft skills that are less often covered in data analyst and data scientist curricula but are still vital to setting yourself up for career success.
 
  
 
   
   1.1 What is analytics?
 
  
 
   
   Analytics is an all-encompassing term for a broad domain with many definitions. For this book, we will define analytics as the practice of using data to discover and communicate patterns, trends, and insights that inform decisions. An analyst applies various methods to describe and infer information about a dataset. These can include descriptive statistics, inferential statistics, statistical models, financial models, and more. The specific methods used vary by field, with a set of core approaches and best practices being used by the majority of analysts. 
 
  
 
   
   As a data analyst, you’ll likely play many roles in your career, and you may find that some suit you better than others. Each has a unique profile of skills and responsibilities. Let’s look at some of the most common domains for data analytics, starting with business intelligence.
 
  
 
   
   1.1.1 Business intelligence
 
  
 
   
   Business intelligence or business analytics teams enable data tracking and the analysis of an organization’s performance, using data to make informed and strategic recommendations for their stakeholders. This type of team can employ a wide variety of methods to synthesize data and communicate results, but it typically aims to present results in a clear and readable format for stakeholders less familiar with the interpretation of statistics and mathematics.
 
  
 
   
    
    Business intelligence vs. business analytics
 
   
 
    
    It’s important to note that business intelligence and business analytics are not entirely interchangeable. Gartner defines business analytics as the specific application of analysis and statistical methods to inform a business. Some sources describe business intelligence as a more encompassing function that can include skills and tasks such as data mining, machine learning, data engineering, data governance, and more. In practice, the use of these terms may be interchangeable and continually evolve with the needs of an organization.
 
   
 
    
    Further, depending on the size and structure of an organization, a business intelligence function may include additional specializations such as marketing analytics, financial analytics, and human resources analytics. However, the primary distinguishing characteristic of business intelligence is that it supports the internal operational need for data within an organization. 
 
   
 
  
 
   
   The specific tasks and workflow owned by a business analytics team vary by organization but will typically involve the following:
 
  
 
   
   	 Developing metrics and key performance indicators (KPIs) 
 
   	 Developing reports to generate business insights 
 
   	 Developing dashboards for ease of information consumption 
 
   	 Distilling and communicating results to business stakeholders 
 
  
 
   
   Let’s look at these each in turn.
 
  
 
   
   Developing metrics and KPIs
 
  
 
   
   Metrics (standardized quantitative data tracked over time) and key performance indicators (KPIs; the most important indicators of business performance) aligned with an organization’s objectives are key to its long-term success. Many business intelligence teams will track a combination of standard metrics (used across industries or fields) and custom metrics (unique to the organization) to provide a comprehensive picture of performance. These metrics are distilled into tools such as dashboards for ease of consumption, understanding, and decision-making. Figure 1.1 shows an example of how a monthly metric and its target value can be visualized.
 
  
 
    
   [image: figure] 
   Figure 1.1 Line graph of a support team KPI with a threshold for the service level agreement (SLA) for resolving tickets in less than 12 hours. Metrics and KPIs generate value when tracked over time.

  
 
   
   Developing reports to generate business insights
 
  
 
   
   In addition to developing and tracking metrics, a business intelligence team will often dedicate its time to generating novel insights about the function and operation of the business. They may identify areas of inefficiency and revenue-generating opportunities, and they may answer questions from stakeholders to enable them to make increasingly strategic decisions. These results are often shared as reports or presentations.
 
  
 
   
   Developing dashboards for ease of information consumption
 
  
 
   
   Nearly every type of analytics team produces dashboards as deliverables. Dashboards are highly curated visual representations of data, typically containing interactive charts and graphs that provide insight into a specific area of the organization. These deliverables typically use data sources that are automatically refreshed on a regular cadence, minimizing the time spent supporting routine updates for stakeholders.
 
  
 
   
   Business intelligence teams will typically use a business intelligence tool (BI tool) purchased as software (e.g., Tableau, Power BI) or built and maintained by the organization. The team will often create dashboards to track metrics, KPIs, and trends that stakeholders monitor regularly. These tools are powerful assistants to the team, enabling much of the organization to become data-driven in their decision-making without needing direct support from the business intelligence analysts. Figure 1.2 shows a simple example of what a sales dashboard might contain. 
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   Figure 1.2 A dashboard typically contains summary information and the highest-value visualizations for quick interpretation.

  
 
   
   Distilling and communicating results to business stakeholders
 
  
 
   
   A business intelligence team is highly flexible in delivering insights to the stakeholders they support. Depending on the purpose of the analysis and the data literacy of their stakeholders, the team will need to tailor their use of statistical and mathematical language, the depth of their analysis, and the formatting of the deliverable to maximize value. Deliverables may include dashboards, reports, summarized insights, or presentations.
 
  
 
   
   1.1.2 Marketing analytics
 
  
 
   
   Marketing analytics finds patterns in data related to an organization’s marketing efforts. Evaluating and optimizing email campaigns, advertisements, conversion rates, and customer or prospective customer engagement are all common areas of focus within marketing analytics. 
 
  
 
   
   A marketing analytics team will often perform tasks similar to those of a business intelligence team. For example, a marketing analyst may track metrics and KPIs for a marketing team, create a dashboard, and develop an ad hoc attribution model to understand where visitors are converting to users in the pipeline.
 
  
 
   
   Experimentation
 
  
 
   
   Experimentation refers to the process of testing a hypothesis in controlled conditions to discover cause-and-effect relationships. Many organizations use experimental procedures to guide the design and improvement of websites, applications, and products; without these approaches, teams may find themselves guessing which approaches would create a desired outcome for their users. 
 
  
 
   
   A/B testing is a common experimental procedure used by marketing analytics teams to understand how small iterations affect the engagement of prospective customers or users. These tests split a subset of users into one or more experiment and control groups, showing each group variations of an advertisement that invites them to ask for a product demonstration or convert to paid subscribers. One company tested engagement with a green versus red “Sign up now!” button on their website, finding that the red button led to a 21% higher click-through rate [1]!
 
  
 
   
   By splitting your users into separate groups and testing simple variations of text, colors, images, calls to action, etc., you can build an understanding of their behaviors over time. Most A/B tests are shared as reports with stakeholders, often conducted using the same statistical tests covered in college statistics courses. Figure 1.3 shows two variations of a website layout that may be shown to users at random, evaluating whether one version has higher subscription rates. 
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   Figure 1.3 Example of two conditions in an A/B test, varying the location of the Subscribe button. Small iterative variations like this can significantly improve user engagement and revenue.

  
 
   
   Attribution modeling
 
  
 
   
   Attribution modeling is the analysis of each touchpoint, or step, prior to a purchase or subscription. For example, a prospective user may follow these steps in order: click on an advertisement, visit the marketing page, start a free trial, and subscribe. At each step, a percentage of users will complete the following step, with a very small number making it to the end of the purchasing process (as shown in figure 1.4). 
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   Figure 1.4 Attribution model showing first/last touch and example intermediary steps. Each model breaks down the sources at the touchpoint to understand which is most successful at generating new customers.

  
 
   
   The task of the marketing analytics team is to determine what proportion of the success (subscription) can be attributed to each touchpoint and understand which are the most valuable in the customer acquisition process. 
 
  
 
   
   Some simple methods include first-touch attribution (attributing all credit to the first touchpoint) and last-touch attribution (attributing all credit to the final touchpoint). More complex approaches include multi-touch attribution and algorithmic techniques using statistical models. Each of these involves delivering an analysis breaking down the top sources of traffic or subscriptions at the selected touchpoint. 
 
  
 
   
   Competitive analysis
 
  
 
   
   Competitive analysis involves various approaches to researching and obtaining publicly available data on competitor performance and business practices. This type of analysis helps an organization determine its market fit and ideal user profiles, and to understand specific areas where its competitors tend to win or lose. A marketing analytics team may be involved directly in the research and compiling of information for the competitive analysis, as well as in any comparisons of quantitative data discovered in the research process. This function is often performed collaboratively with a finance or financial analytics team.
 
  
 
   
   1.1.3 Financial analytics
 
  
 
   
   Financial analytics teams use payment and financial data about an organization to understand trends in its performance over time. Generating financial insights involves a range of tools and methods similar to business analysis, and it may involve some overlap with other teams (e.g., marketing analytics) where the performance of the business is concerned. 
 
  
 
   
   Depending on the business, a financial analytics team may include functions that require specialized coursework or skill sets (e.g., risk analysis). An investment firm will need a different set of deliverables from a financial analysis team than a software company, and jobs at these types of companies will have correspondingly different requirements. The following sections highlight financial analytics team approaches that are common to many types of businesses.
 
  
 
   
   Financial metrics
 
  
 
   
   Financial analytics teams will monitor and report on a comprehensive set of standard financial metrics such as revenue, profitability, and customer lifetime value. Often, business metrics are monitored to understand the relationship between a team’s work and the overall performance. These metrics often serve as outcome measures for other teams seeking to understand the effect of more specific actions on organizational performance. 
 
  
 
   
   Risk analysis
 
  
 
   
   Risk analysis assesses the likelihood of different types of negative events affecting an organization, such as a reduction in revenue, an increase in customer churn, or an increase in operational costs. Financial analysts perform simulations and develop forecasting models and other approaches to quantify a business’s numerous potential risks. The mathematical models a risk analysis includes can be complex but are ultimately limited by the number of factors that can be accounted for in a model. 
 
  
 
   
   Business forecasting
 
  
 
   
   Forecasting models use historical data to provide insight into the expected financial performance of an organization. These can include projected growth based on seasonal and most recent trends, augmented by organizational factors and broader economic indicators. A range of statistical methods are used for this type of analysis, and organizations hiring to meet this need will often specify a requirement for skills in standard forecasting methods. Figure 1.5 shows a graph of a metric that includes a simple three-month forecast.
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   Figure 1.5 A revision of figure 1.2, with a 3-month rolling average forecast. Forecasting methods range from simple calculations such as this one to more complex time-series-modeling approaches. A simple forecast like this one will typically have less variability than the actual data.

  
 
   
   1.1.4 Product analytics
 
  
 
   
   Product analytics is the analysis of product usage and users to understand and continually improve users’ experience with a product. Product analysis typically resides within a research and development (R&D) department supporting a product team in understanding users’ needs, the value of investments, and more. This function is quite common at software companies. Product analytics can be decentralized, with product managers, software engineers, and other team members working together to answer questions leveraging data, or centralized, with product analysts answering questions using data to support the department’s ability to make data-informed decisions.
 
  
 
   
   Opportunity sizing 
 
  
 
   
   An essential component of product development involves appropriately quantifying the value of pursuing a specific opportunity (e.g., building a new feature in the software that solves a customer problem). A product analytics team will try to answer questions about the expected effect on subscriptions, user engagement, productivity, or any metrics, and compare that to the amount of work involved. 
 
  
 
   
   For example, suppose a product team is considering redesigning parts of the website dedicated to a specific segment of users. The team discovers from available data that this segment of users has proportionally low engagement (website visits per week), tends to generate more support tickets than other segments, and tends to cancel their subscriptions more frequently. This new design addresses the most common sources of confusion mentioned in support tickets. 
 
  
 
   
   Overall, the examination of these data sources provides a comprehensive picture of the opportunity: the estimated loss to the business if they don’t pursue it, the estimated labor costs, and potential increases in customer or user engagement. These analyses include a combination of gathering measurements (e.g., retrieving mean, median, or total values to answer a lot of questions) and developing metrics to measure the success of the opportunity.
 
  
 
   
   Experimentation
 
  
 
   
   The experimental procedures that marketing analytics teams use are also frequently owned and performed by product analytics or growth teams. In addition to simple iterations on layouts, buttons, text, etc., product analytics teams will use a broad range of methods to design and evaluate more sophisticated experiments. These may include longer-running A/B tests on complex workflows with multiple outcome metrics and a more comprehensive range of statistical tests for evaluation. 
 
  
 
   
   In addition to evaluating metrics between two separate groups (e.g., in an A/B test), product analytics teams will use pre/post comparisons to measure effect, quasi-experimental designs when a true experiment is impossible, and more. The appropriate use of these methods and statistical tests to evaluate them will be covered in chapters 3 and 4. 
 
  
 
   
   1.1.5 How distinct are these fields?
 
  
 
   
   Analytics functions and teams have a noticeable overlap in methods, tasks, approaches, and stakeholders. The lines between teams and functions may blur within an organization or for an individual role. The shape of an analytics practice within an organization constantly evolves, and you will readily discover opportunities for increased collaboration and division of labor. This will be especially true earlier in your career, when you may have a similar education and skill set to other analysts you meet. Over time, you will build a profile of specialized skills unique to the analytics function you work with and greater exposure to the needs and problems of that type of team. Figure 1.6 provides a visual of the tasks associated with each analytics team and where they tend to overlap.
 
  
 
    
   [image: figure] 
   Figure 1.6 Concentric circles showing common areas of overlap for categories of deliverables provided by different analytics teams.

  
 
   
   1.2 The data analyst’s toolkit
 
  
 
   
   A data analyst who has completed an education, training program, or coursework in this field will generally be exposed to various tools and languages necessary to complete their work. In the workplace, you may have access to a range of sophisticated proprietary tooling maintained by an engineering team, or you may only have access to the free versions of software you learned to use in a classroom. 
 
  
 
   
   Regardless of your organization’s previous investment in data tooling, you will benefit from accessing the following categories of tools for your work. 
 
  
 
   
   1.2.1 Spreadsheet tools
 
  
 
   
   In all titles and seniority levels, a data practitioner needs a readily available spreadsheet tool to directly manipulate, shape, present, and interact with data. Spreadsheets are often considered the least common denominator of the data world. Appropriately using a programming language and development environment can reduce the amount of manual and repetitive work when performing analysis in a spreadsheet. As the most widely used data manipulation and analysis software on the market, there’s no avoiding the periodic need for a spreadsheet. 
 
  
 
   
   If you cannot access a proprietary spreadsheet tool, such as Microsoft Excel, the freely available Google Workspace and Google Sheets will meet most of your needs to manipulate data and add charts, formulas, and pivot tables. Google Workspace enables you to collaborate with teammates on projects and quickly support stakeholders with their analyses. In situations where a spreadsheet becomes challenging to use (e.g., complex statistics, large datasets), you can directly connect to and import data from an appropriately formatted sheet in a development environment of your choice using R or Python. You can easily develop dashboards for your stakeholders, such as the one shown in figure 1.7.
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   Figure 1.7 Don’t underestimate the value of a spreadsheet for easy analysis and sharing!

  
 
   
   1.2.2 Querying language
 
  
 
   
   The majority of organizations store data in tabular format (in rows and columns, like you would see in a spreadsheet) across multiple sources. When working at organizations that collect and store large amounts of data from a website, application, or business process, you will typically have access to a data warehouse [2]. Data warehouses are large storage systems that synthesize the data an organization collects from multiple sources into databases, allowing teams to curate the structure of data into the following objects:
 
  
 
   
   	 Tables, which are sets of logically organized tabular data. Each row in a table is a record, and each column contains information about that record. 
 
   	 Views, which are curated results of a query containing logically organized information that may come from multiple underlying tables. These are often constructed by data engineering or analytics engineering teams to better enable analysts to generate insights. 
 
   	 Schemas, which are logically organized sets of tables. 
 
  
 
   
   In this situation, analysts usually need to draw from these data sources using a query language. This is almost always a dialect of SQL (structured query language) [3] similar to what is taught in classrooms, bootcamps, and online tutorials. Even if you are new to an organization and have never worked with their specific type of data warehouse, being familiar with SQL will give you the ability to quickly access, discover, and manipulate data in that warehouse. If the “dialect” of SQL differs from what you are used to, the data warehouse will typically have documentation on the functions that differ from one type to another (e.g., functions to manipulate dates often differ between warehouses). 
 
  
 
   
   Without a well-maintained data warehouse, a data analyst will still benefit from the knowledge and use of SQL. Manipulating data in programming languages such as R or Python involves the use of functions and methods with similar syntax to SQL statements. For example, the following example shows how the total population by state is calculated in SQL, R, and Python, respectively (note that this code will not run, as we don’t have this table):
 
  
 
   
    
    SELECT     #1
    state,
    SUM(population) AS total_population
FROM city_populations
GROUP BY state

city_populations %>%    #2
    group_by(state) %>%
    summarise(total_population = sum(population))

city_populations.groupby('state')['population'].sum()     #3
 
    
     #1 Group a dataset using SQL.
     
#2 Group a dataframe using dplyr in R.
     
#3 Group a dataframe using pandas in Python.
     

    
 
   
 
  
 
   
   The syntax is quite similar across each language—using sum and group by functions after selecting each column. In addition, both R and Python have functions that allow you to use SQL queries to manipulate data if you are more comfortable with that syntax. 
 
  
 
   
   If you have little to no opportunity to interact with a data warehouse, it may be a good idea to proactively identify opportunities to incorporate SQL in your data manipulation workflows. For example, you can write SQL or Python scripts that process data for you, saving time and reducing errors. Eventually, you will likely be required to use these tools more actively in your career, and keeping this skill fresh in your mind will benefit your long-term growth and opportunities.
 
  
 
   
   1.2.3 Programming languages for statistics
 
  
 
   
   A statistical software or modeling language is essential for any analytics job where you expect to evaluate data using descriptive or inferential statistics. Like the choice of data warehouse, the preferred software depends on the team and organization. SAS was a popular statistical software suite for decades and continues to be used in government agencies and some large corporations. Many smaller organizations, marketing agencies, and non-profits use SPSS for statistical analysis, especially when they primarily hire researchers and analysts with degrees in the social sciences (statistics courses in these programs frequently use SPSS).
 
  
 
   
   If your team prefers proprietary software, it may still be beneficial to incorporate the use of a language such as R or Python into your workflow. In R, you can access, interact with
 
  
 
   
   
    
  
 
   
    
  
 
   
   
    
  
 
   
    
  
 
   
   
    
  
 
   
    
  
 
   
   
    
  
 
   
   
    
  
 
   
    
  
 
   
   
    
  
 
   
    
  
 
   
   	 Review the same analysis repeatedly over time with new data 
 
   	 Drill down into an analysis to view subsets or subgroups of data in customizable ways beyond what fits into a report or presentation 
 
   	 Answer predictable questions beyond what your team can support in an ad hoc capacity 
 
  
 
   
   
    
  
 
   
   
    
  
 
   
   
    
  
 
   
   
    
  
 
   
   	 Data science 
 
   	 Data engineering 
 
   	 Research science 
 
   	 Technical communication 
 
  
 
   
    
  
 
   
   
    
  
 
   
    
  
 
   
    
  
 
   
    
  
 
   
    
  
 
   
   
    
  
 
   
    
  
 
   
   
   	 There is a wide range of analytics domains (such as marketing analytics and product analytics). Each has a standard set of workflows and deliverables and unique methods to solve problems for the team’s stakeholders. 
 
   	 Analysts typically use spreadsheet tools, querying languages, programming languages, and data visualization tools to complete their work and develop deliverables for stakeholders. 
 
   	 Being successful as an analyst involves more than producing the output assigned to you; it involves strategic stakeholder communication and alignment to create value over time. 
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