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PREFACE

Several years ago, I sat in a strategy meeting watching a colleague — brilliant, experienced,
genuinely one of the sharpest business minds I had ever encountered — go completely silent the
moment the data analyst in the room pulled up a dashboard and began talking about regression
models, confidence intervals, and statistical significance. My colleague nodded along, asked no
questions, and later told me privately that she had simply decided to trust whatever the analyst
recommended because she had no idea how to evaluate it herself. That moment stayed with
me. Here was a capable professional, someone whose judgment shaped real decisions affecting
real people, effectively handing over her critical thinking to a tool she did not understand. I saw
versions of that same scene repeat itself across industries, in boardrooms and team meetings and
budget reviews, and I began to wonder: what would change if the non-technical professionals in
those rooms felt genuinely equipped to engage with data — not to become analysts themselves,
but to ask better questions, spot weak arguments, and make more confident decisions? This
book is my attempt to answer that question.

This book is written for you if you work with data every day but have never formally studied
it. You might be a marketing manager interpreting campaign reports, a healthcare administrator
reviewing patient outcome dashboards, a small business owner trying to make sense of your sales
figures, or a project lead being asked to justify decisions to a data-savvy executive team. I have
assumed no prior knowledge of statistics, mathematics beyond basic arithmetic, or programming
of any kind. What I have assumed is that you are curious, that you care about making good
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decisions, and that you are willing to think carefully. That is genuinely all you need to get real
value from this book.

The philosophy behind this book is practical before it is technical. There are excellent textbooks
on statistics and data science written for people who want to build models and write code. This
is not one of them. My goal is not to turn you into a data analyst. My goal is to turn you
into a more powerful collaborator with data analysts, a more discerning consumer of data-driven
arguments, and a more confident decision-maker in a world that increasingly speaks in numbers.
Every concept introduced here is anchored to a realistic professional scenario, because I believe
that understanding follows meaning, and meaning comes from context. You will not be asked to
memorize formulas. You will be asked to think about what questions data can and cannot answer
— and that, in my experience, is the more valuable skill.

The book is organized into four parts. The first part, Foundations, builds the conceptual vo-
cabulary you need before anything else. We explore what data actually is, where it comes from,
how it gets collected, and why the same dataset can tell very different stories depending on how
it is framed. We also spend time on a topic most introductory books rush past: the difference
between correlation and causation, and why confusing the two has led to some of the most ex-
pensive business mistakes of the last two decades. The second part, Reading and Interpreting
Data, is where we get hands-on with the kinds of outputs you are most likely to encounter in
your professional life — charts, tables, dashboards, and summary reports. You will learn to read
these critically, identify when a visualization is misleading (sometimes intentionally, sometimes
not), and ask the right follow-up questions. The third part, Analytics in Practice, zooms out to
look at how data analytics functions within organizations. We cover the analytics process from
problem definition to recommendation, how to evaluate the quality of an analysis you did not
conduct yourself, and how to communicate data-driven insights to audiences who may be even
less comfortable with numbers than you currently are. The fourth and final part, Making Better
Decisions, ties everything together by examining how data fits into the broader landscape of
professional judgment. Data is a tool, not an oracle, and the most important skill in this section
is learning when to trust it, when to question it, and when to recognize that the most important
variables in a decision simply cannot be captured in a spreadsheet.

By the time you finish this book, you will be able to look at a data report and quickly assess
whether its conclusions are well-supported or overstated. You will know how to ask questions
that expose hidden assumptions in an analysis. You will understand enough about how data is
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collected and cleaned to recognize when those processes might have introduced bias or error. You
will feel comfortable in conversations with technical colleagues — not because you speak their
language fluently, but because you understand the terrain well enough to navigate it.

I want to be honest about what this book does not cover, and why. You will not find chapters
on Python, R, SQL, or any other analytical tool. You will not learn how to build a predictive
model or design a database schema. Those are important skills, and there are wonderful resources
dedicated to teaching them. But they are not what most non-technical professionals need, and
including them here would dilute the focus on the interpretive and critical thinking skills that are
genuinely underserved. I have also deliberately kept the statistical content at a conceptual level.
Where a formula would illuminate, I have included it simply and explained it plainly. Where it
would only intimidate without adding real understanding, I have left it out.

Data is one of the defining forces shaping how organizations operate, how policies get made, and
how resources get allocated in the world right now. You deserve to engage with it on your own
terms. I hope this book gives you the confidence and the tools to do exactly that. Let’s begin.
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CHAPTER 1

WHAT IS DATA ANALYTICS AND WHY
DOES IT MATTER?

1.1 Welcome to the Age of Data

Imagine you are a marketing manager preparing for the most important budget meeting of the
year. You have a gut feeling that your email campaigns are outperforming your social media spend,
but when your CFO asks you to justify a thirty percent increase in email marketing resources,
you hesitate. You have impressions, anecdotes, and a general sense of what is working — but
you do not have numbers. Across the table, a colleague from a competitor company walks into
a similar meeting armed with dashboards, conversion rates, customer lifetime value calculations,
and a clear story told entirely through data. Who walks out with the budget? This scenario plays
out in organizations of every size, in every industry, every single day. The difference between the
two professionals in that room is not raw intelligence or years of experience — it is fluency with
data analytics.

Data analytics has moved from the exclusive domain of statisticians and computer scientists into
the mainstream of professional life. Whether you work in healthcare, retail, finance, education,
logistics, or government, the ability to understand and communicate with data has become one
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of the most valuable skills a professional can possess. And here is the encouraging truth: you do
not need to be a programmer or a mathematician to harness its power. What you need is a clear
understanding of what data analytics is, how it works, and how to ask the right questions. This
chapter gives you exactly that foundation.

1.2 Defining Data Analytics

1.2.1 What Data Analytics Actually Means

At its core, data analytics is the process of examining raw data with the purpose of drawing
meaningful conclusions that support decision-making. The word “raw” is important here. Raw
data, on its own, is just a collection of numbers, text, dates, or categories sitting in a spreadsheet,
a database, or a digital file. It has no inherent meaning until someone applies a process to it —
a process of cleaning, organizing, analyzing, and interpreting. That process is data analytics.

Think of raw data the way you might think of unprocessed ore pulled from a mine. Iron ore is
not particularly useful sitting in a pile on the ground. It only becomes valuable after it has been
smelted, refined, and shaped into steel. Data follows the same logic. A file containing one million
rows of customer purchase records is not, by itself, actionable intelligence. But once you analyze
it — identifying patterns, calculating averages, spotting anomalies, and connecting it to business
outcomes — it becomes something an organization can act on. Data analytics is the refinery.

It is also worth clarifying what data analytics is not. It is not the same as data collection, which is
the process of gathering and storing information. It is not the same as data science, which typically
involves more advanced statistical modeling, machine learning, and algorithmic development. And
it is not the same as business intelligence, although the two overlap significantly. Data analytics
is broader and more fundamental — it is the practice of turning data into insight, regardless of
the tools or techniques used to get there.

Example: Consider a regional hospital network that collects data on patient readmission rates.
For years, that data sat in an electronic health records system, largely untouched beyond manda-
tory regulatory reporting. When the hospital’s operations team began applying analytics — com-
paring readmission rates by department, by physician, by patient demographics, and by discharge
procedures — they discovered that patients discharged on Fridays were significantly more likely
to be readmitted within thirty days. The data had always contained this signal. Analytics made
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it visible, and the hospital changed its discharge protocols accordingly, reducing readmissions and
saving both money and patient suffering.

1.2.2 The Data Analytics Process

Understanding data analytics also means understanding the process through which it operates.
While different organizations and textbooks describe this process in slightly different ways, it
generally follows a sequence of stages: defining the question, collecting and preparing the data,
analyzing the data, interpreting the results, and communicating findings.

The first stage — defining the question — is arguably the most important, and it is the stage
where non-technical professionals have the greatest influence. Analytics without a clear question
is like a ship without a destination. You might generate beautiful charts and sophisticated models,
but if they are not anchored to a specific business problem, they will not produce useful decisions.
We will return to this idea in depth later in this chapter.

The preparation stage involves cleaning and organizing data so it is suitable for analysis. This
step is often unglamorous but essential. Real-world data is messy: it contains duplicates, missing
values, inconsistent formatting, and errors. A customer name might be entered as “John Smith” in
one record and “J. Smith” in another. A date field might contain entries in three different formats.
Analysts estimate that data preparation can consume sixty to eighty percent of the total time
spent on an analytics project. Understanding this reality helps non-technical professionals set
realistic expectations and appreciate the work that goes into producing reliable results.

The analysis stage is where mathematical and statistical techniques are applied to the prepared
data. This might involve calculating simple averages and percentages, building pivot tables,
running regression models, or applying machine learning algorithms. The appropriate technique
depends entirely on the question being asked and the nature of the data available. Interpretation
follows analysis: translating numbers into narrative, understanding what the results actually
mean in the context of the business, and identifying the limitations of the analysis. Finally,
communication transforms insights into action by presenting findings to decision-makers in a
clear, compelling, and honest way.
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Key Insight

The most common failure in data analytics is not a technical one — it is asking the wrong
question at the start. Before any data is collected or any tool is opened, the most valuable
thing a professional can do is spend time clearly articulating the decision they need to make
and the information that would help them make it better. A sharp question produces sharp
analysis.

1.3 The Analytics Spectrum: From Descriptive to Pre-

scriptive

1.3.1 Descriptive Analytics: Understanding What Happened

Analytics does not exist as a single, monolithic activity. It exists on a spectrum, and under-
standing where different types of analysis fall on that spectrum helps professionals choose the
right approach for the right situation. The most foundational type is descriptive analytics, which
answers the question: What happened?

Descriptive analytics summarizes historical data to provide a picture of past performance. Sales
reports, website traffic summaries, monthly financial statements, and customer satisfaction scores
are all products of descriptive analytics. When a retail chain reviews its quarterly revenue by store
location, it is engaging in descriptive analytics. When a human resources department calculates
average employee tenure or voluntary turnover rates, it is engaging in descriptive analytics. This
type of analysis is the most common in business, and it forms the bedrock on which all other
types of analytics are built.

The power of descriptive analytics lies in its ability to establish baselines and surface patterns.
Before you can understand why something happened or predict what will happen next, you need
a clear and accurate picture of what has already occurred. Many organizations that believe they
are “doing analytics” are, in practice, doing descriptive analytics — and there is nothing wrong
with that. A well-constructed descriptive analysis can reveal enormous value on its own.

Example: A mid-sized e-commerce company runs a weekly sales summary report that breaks
down revenue by product category, geographic region, and customer segment. For most of the
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year, this report is used to monitor performance against targets. During one review, the team
notices that a single product category — outdoor furniture — has spiked dramatically in sales
volume in a region that historically underperforms. No one predicted this. The descriptive report
simply showed what happened. That observation then triggered a deeper investigation, ultimately
revealing that a local influencer had featured the product on social media. The company quickly
scaled its inventory and marketing in that region, capitalizing on a trend it would have missed
without its weekly descriptive analytics routine.

1.3.2 Diagnostic Analytics: Understanding Why It Happened

The next level on the spectrum is diagnostic analytics, which asks: Why did it happen? While
descriptive analytics tells you that sales dropped last quarter, diagnostic analytics helps you
understand the cause. It involves drilling deeper into data, comparing variables, and identifying
correlations or causal relationships that explain observed outcomes.

Diagnostic analytics often involves techniques like data segmentation, correlation analysis, and
root cause analysis. It requires more sophisticated questioning and, frequently, the combination
of multiple data sources. For example, if a software company sees a spike in customer churn,
diagnostic analytics might involve comparing churn rates across customer segments, analyzing
support ticket volume, reviewing product usage logs, and correlating churn timing with specific
product updates or pricing changes. The goal is not just to know that churn increased, but to
understand why — so that something can be done about it.

This type of analytics is where the collaboration between technical analysts and non-technical
professionals becomes particularly important. The business professional brings contextual knowl-
edge — an understanding of recent operational changes, market conditions, or customer feedback
— that the data alone cannot provide. The analyst brings technical capability. Together, they
can build a much more complete and accurate picture of causation than either could alone.

1.3.3 Predictive Analytics: Anticipating What Will Happen

Moving further along the spectrum, predictive analytics uses historical data, statistical algorithms,
and machine learning models to forecast future outcomes. It answers the question: What is likely
to happen? This is the type of analytics that has captured the most public imagination, largely
because of its association with artificial intelligence and big data.
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Predictive analytics is used across virtually every industry. Credit scoring models predict the
likelihood that a borrower will default on a loan. Demand forecasting models help retailers
decide how much inventory to stock before a holiday season. Predictive maintenance models
in manufacturing analyze sensor data from equipment to forecast when a machine is likely to
fail, allowing maintenance teams to intervene before a costly breakdown occurs. Hospitals use
predictive models to identify patients at high risk of sepsis before symptoms become severe.

It is important for non-technical professionals to understand that predictive models are proba-
bilistic, not certain. A model that predicts a customer is likely to churn is not guaranteeing that
they will churn — it is assigning a probability based on patterns in historical data. Models can be
wrong, and they can be biased if the historical data they are trained on reflects past inequities or
incomplete information. Understanding these limitations is essential for anyone who will be using
predictive outputs to make real decisions.

Case Study: Netflix is one of the most frequently cited examples of predictive analytics in action.
The company’s recommendation engine analyzes viewing history, search behavior, time of day,
device type, and dozens of other variables to predict which content a given user is most likely
to watch next. Netflix has reported that this recommendation system influences the majority of
content consumed on the platform, directly reducing subscriber churn. Importantly, the business
value of this system is not purely technical — it required product managers, content strategists,
and user experience designers working alongside data scientists to translate predictive outputs
into a useful and engaging product feature.

1.3.4 Prescriptive Analytics: Deciding What to Do

At the far end of the spectrum sits prescriptive analytics, which goes beyond predicting what will
happen to recommending what should be done. It answers the question: What action should
we take? Prescriptive analytics combines predictive models with optimization algorithms and
business rules to suggest specific courses of action.

Airlines use prescriptive analytics to dynamically price seats, balancing the competing goals of
maximizing revenue, filling planes, and responding to competitor pricing in real time. Logistics
companies use it to optimize delivery routes, accounting for traffic, fuel costs, delivery time
windows, and vehicle capacity simultaneously. Some healthcare systems use prescriptive analytics
to recommend personalized treatment protocols based on patient characteristics and evidence
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from thousands of similar cases.

Prescriptive analytics is the most technically complex type and is still maturing in many industries.
But its underlying logic is accessible to any professional: it is about using data not just to
understand the world, but to actively improve decisions within it. As tools become more user-
friendly and accessible, prescriptive capabilities are increasingly being embedded into the everyday
software that non-technical professionals already use.

Table 1.1: The Analytics Spectrum at a Glance
Type Question Answered Complexity Example
Descriptive What happened? Low Monthly sales report
Diagnostic Why did it happen? Medium Churn root cause analysis
Predictive What will happen? High Customer churn forecast
Prescriptive What should we do? Very High Dynamic pricing engine

1.4 The Role of Non-Technical Professionals in Analyt-

ics

1.4.1 Why You Do Not Need to Be a Data Scientist

One of the most persistent and damaging myths about data analytics is that it belongs exclusively
to people with advanced degrees in statistics or computer science. This myth causes non-technical
professionals to disengage from analytics conversations, defer entirely to technical colleagues, and
miss opportunities to contribute in ways that are genuinely irreplaceable. The reality is quite
different: the most technically sophisticated analysis in the world is worthless if it is solving the
wrong problem, answering the wrong question, or being communicated to the wrong audience.

Non-technical professionals bring something to analytics that no algorithm can replicate: deep
contextual knowledge of the business, the customer, and the operational reality in which decisions
are made. A data scientist can build a model that predicts which employees are most likely to
leave the company. But it takes an experienced HR professional to recognize that the model’s
top predictor — number of direct reports — actually reflects a structural problem with a specific
management layer, not a general tendency toward burnout. That insight changes everything
about how the organization should respond.
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The goal for non-technical professionals is not to become data scientists. It is to become data-
literate: capable of understanding what data can and cannot tell you, asking the right questions,
critically evaluating analytical outputs, and translating insights into action. This book is designed
to build exactly that kind of literacy.

1.4.2 Asking the Right Questions

If there is one skill that distinguishes truly effective non-technical analytics practitioners from
those who simply consume reports, it is the ability to formulate precise, answerable, business-
relevant questions. This sounds simpler than it is. Most professionals, when asked what they
want to know from data, respond with vague statements like “I want to understand our customers
better” or “I want to see how our marketing is performing.” These are not questions — they are
aspirations. And they cannot be answered by any dataset.

A well-formed analytics question has three characteristics. First, it is specific: it identifies a
particular outcome, population, or time period. Second, it is measurable: it can be answered
with data that exists or can be collected. Third, it is actionable: the answer will influence
a decision or change a behavior. Compare “I want to understand our customers better” with
“Among customers who made a purchase in the last ninety days, what percentage have opened
at least one email from us, and does email engagement correlate with repeat purchase rates?”
The second question is specific, measurable, and actionable. It points directly toward a dataset,
a calculation, and a decision about email marketing strategy.

Scenario: A regional bank’s retail division wants to improve its mortgage conversion rate — the
percentage of applicants who ultimately close a loan. The division head asks her analytics team
to “look at the data and see what’s going on.” The team produces a 40-slide deck full of charts
showing application volumes, approval rates, processing times, and demographic breakdowns. It
is thorough and technically accurate, but the division head finishes the presentation without a
clear direction for action. Two weeks later, a consultant facilitates a question-refinement session
with the same team. They land on a specific question: “At which stage of the application process
do we lose the highest percentage of qualified applicants, and what distinguishes applicants who
drop out at that stage from those who complete?” The same data, analyzed against this sharper
question, reveals that a disproportionate number of applicants abandon the process during the
document submission phase — and that the abandonment rate is highest among applicants using
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mobile devices. The bank redesigns its mobile document upload interface, and conversion rates
improve measurably within one quarter.

1.4.3 Bridging the Gap Between Data and Decisions

Even when analytics produces clear and actionable insights, those insights do not automatically
translate into better decisions. There is always a gap between what the data shows and what
an organization actually does with it. Bridging that gap is fundamentally a human responsibility,
and non-technical professionals are often best positioned to do it.

Bridging the gap requires several capabilities. It requires the ability to communicate data findings
to audiences who may be skeptical, busy, or unfamiliar with quantitative reasoning. It requires
the judgment to know when the data is sufficient to act and when more information is needed.
It requires the organizational influence to champion data-driven recommendations in the face of
institutional inertia or political resistance. And it requires the ethical awareness to ask whether
the insights being generated are being used fairly and responsibly.

These are not technical skills. They are professional and leadership skills, and they are the reason
that data-driven organizations need non-technical professionals who are engaged with analytics,
not just technically trained analysts who work in isolation. The most successful analytics cultures
are ones where business professionals and technical analysts work as genuine partners, each
contributing what the other cannot.

Common Mistake

Many organizations invest heavily in analytics tools and technical talent but neglect to
involve business professionals in defining the questions those tools should answer. The
result is sophisticated analysis that sits unused because it does not connect to the decisions
that matter most. If you are a non-technical professional, your most powerful contribution
to your organization’s analytics capability is not learning to code — it is learning to ask
better questions and to advocate for insights that lead to action.

1.5 Why Data-Driven Organizations Win
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1.5.1 The Performance Advantage of Data-Driven Decision Making

The business case for data analytics is not theoretical. Decades of research and real-world evidence
have established that organizations that systematically use data to guide decisions consistently
outperform those that rely primarily on intuition, experience, or hierarchy. A landmark study by
MIT Sloan Management Review and IBM Institute for Business Value found that organizations in
the top third of their industry for data-driven decision making were, on average, five percent more
productive and six percent more profitable than their competitors. McKinsey Global Institute has
reported similar findings across sectors from retail to manufacturing to financial services.

The performance advantage of data-driven organizations comes from several sources. First, they
make faster decisions. When data is accessible and well-organized, the time between identifying
a problem and understanding its causes shrinks dramatically. Second, they make more consistent
decisions. When decisions are anchored in shared data rather than individual judgment, they are
less vulnerable to cognitive biases, political pressures, or the influence of the most forceful voice
in the room. Third, they learn faster. Organizations that track the outcomes of their decisions
with data can identify what works and what does not, and adjust accordingly, creating a feedback
loop that continuously improves performance.

Case Study: Amazon is perhaps the most frequently cited example of a data-driven organization,
and for good reason. The company uses data analytics at virtually every layer of its operations
— from the algorithms that determine which products appear at the top of search results, to the
dynamic pricing systems that adjust prices millions of times per day, to the inventory forecasting
models that ensure products are stocked in the right warehouses before customers even place their
orders. Amazon’s founder Jeff Bezos famously institutionalized a culture of data-driven decision
making through practices like requiring written memos with supporting data before major decisions
and using A/B testing to evaluate changes to the customer experience. The result is a company
that has consistently expanded into new markets and outcompeted established incumbents across
retail, cloud computing, logistics, and entertainment.

1.5.2 Data Literacy as a Competitive Skill

Beyond the organizational level, data literacy has become a genuinely differentiating skill for
individual professionals. A 2020 report by Qlik and IHS Markit found that only twenty-four percent
of business decision-makers consider themselves fully data-literate, despite the fact that ninety-
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one percent of those same respondents said that data literacy is important for career success.
This gap between the perceived importance of data skills and actual proficiency represents both
a challenge and an opportunity.

The opportunity is significant. Professionals who can read and interpret data, communicate with
analysts, evaluate the quality of evidence, and translate insights into action are increasingly rare
and increasingly valued. In hiring and promotion decisions, the ability to work fluently with data is
becoming a baseline expectation in roles that would not traditionally have been considered “data
jobs” — including marketing managers, operations supervisors, HR business partners, project
managers, and executive leaders.

The challenge is that many professionals feel intimidated by data and analytics, associating them
with technical complexity that seems beyond their reach. This intimidation is understandable
but misplaced. The core skills of data literacy — asking good questions, interpreting charts and
tables, understanding the difference between correlation and causation, and recognizing when
a sample size is too small to draw reliable conclusions — are learnable by anyone. They do
not require programming skills or statistical expertise. They require curiosity, practice, and a
willingness to engage with evidence rather than retreat from it.

1.5.3 Building a Data-Informed Mindset

Becoming data-literate is not primarily about learning tools or techniques. It is about develop-
ing a mindset — a habitual orientation toward evidence, questions, and intellectual humility. A
data-informed mindset means asking “what does the data say?” before forming strong opinions.
It means being willing to update your beliefs when evidence contradicts them. It means distin-
guishing between what you know and what you assume. And it means recognizing the limits of
data — understanding that not everything important can be measured, and that data is always
a representation of reality, not reality itself.

Developing this mindset takes time and deliberate practice. It helps to build habits: starting every
significant decision with a question about what evidence exists, seeking out data before forming
conclusions, and reflecting on past decisions to understand whether the evidence you used was
accurate and complete. It also helps to build relationships — with analysts, with data teams,
with colleagues who are already comfortable working with data. Observing how experienced data
practitioners approach problems is one of the fastest ways to develop your own analytical instincts.
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Example: Sarah, a senior product manager at a mid-sized software company, describes herself
as “not a numbers person.” She studied English literature in college and spent the first decade of
her career in content strategy. But over the past three years, she has made a deliberate effort to
engage with data in her product decisions. She now starts every product review meeting by pulling
up a dashboard of user engagement metrics. She does not build the models or write the queries
herself — her company has analysts for that. But she has learned to read the outputs critically, ask
follow-up questions, and connect what the data shows to what she hears in customer interviews.
Her manager recently described her as one of the most data-informed product managers on the
team. Sarah’s story illustrates that data literacy is not about technical transformation — it is
about professional evolution.

Key Takeaways

• Data analytics is the process of examining raw data to draw meaningful conclusions and
support decision-making. It transforms unprocessed information into actionable insight
through a structured process of questioning, preparation, analysis, interpretation, and com-
munication.

• Analytics exists on a spectrum from descriptive to predictive to prescriptive, each serving
different business needs. Descriptive analytics explains what happened, diagnostic analytics
explores why, predictive analytics forecasts what will happen, and prescriptive analytics
recommends what actions to take.

• Non-technical professionals play a critical role in defining the right questions that ana-
lytics must answer. Technical skill alone cannot produce useful analysis — it requires
the contextual knowledge, business judgment, and communication ability that experienced
professionals bring.

• Data-driven organizations consistently outperform intuition-driven competitors across in-
dustries. The advantage comes from faster decisions, more consistent reasoning, and the
ability to learn and adapt based on evidence rather than assumption.

• Data literacy — the ability to read, interpret, question, and communicate with data — is
a learnable skill that is increasingly essential across all professional roles, not just technical
ones.
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Exercises

1. List three decisions you made last week at work and identify what data, if any, influenced
each one. For each decision, ask yourself: Was the data sufficient? Was it the right data?
What additional information, if available, would have improved the decision? Write a short
paragraph reflecting on each case.

2. Find one publicly available dataset related to your industry — sources like the U.S. Census
Bureau, World Bank Open Data, or your industry’s trade association are good starting
points — and write two specific, measurable, actionable questions you would want it to an-
swer. For each question, identify what type of analytics (descriptive, diagnostic, predictive,
or prescriptive) would be required to answer it.

3. Interview a colleague who uses data regularly in their work and document how they describe
its impact on their daily decisions. Ask them: What questions do they most commonly
try to answer with data? What tools do they use? What are the biggest limitations or
frustrations they encounter? Summarize your findings in a one-page write-up and identify
one insight from the conversation that surprised you.
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