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Preface

This book is intended to help Master’s students prepare seriously and confidently for technical
interviews in data science, machine learning, and artificial intelligence. It goes beyond short
revision-style answers by developing the mathematical ideas, intuitive understanding, and
practical interpretation that sit behind common interview topics. The goal is to help readers
respond in a way that is not only correct, but also clear, well-structured, and convincing in an
interview setting.

My own perspective comes from working across research and teaching for many years. I am an
astronomer and a lecturer in data science, and over the past twenty years I have used machine
learning in both scientific practice and higher education. Through that experience, I have seen
how often students know the vocabulary of machine learning without yet feeling able to explain
it fluently or apply it with confidence. This book is my attempt to bridge that gap by bringing
together theory, intuition, and implementation in a form designed specifically for technically
strong students preparing for demanding interviews.
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Chapter 1

The Aim of This Book

1.1 Why This Book Exists

Over the past decade, the demand for data scientists, machine learning engineers, and artificial
intelligence specialists has grown dramatically. Organisations across technology, finance, health-
care, retail, and government increasingly rely on data-driven decision making and predictive
modelling. As a result, universities around the world now offer Masters degrees in areas such as:

• Data Science

• Machine Learning

• Artificial Intelligence

• Statistics

• Applied Mathematics

• Computer Science

Students graduating from these programmes typically have strong technical training. They study
probability, statistical inference, machine learning algorithms, optimisation, and programming.
They complete projects involving real datasets and build predictive models using modern tools
such as Python and its scientific libraries.

However, when many graduates begin applying for jobs, they encounter a challenge that their
coursework may not have fully prepared them for: the technical interview. Based on decades of
experience in development and applications of machine learning techniques to scientific problems
and designing several Masters level modules, I have developed this guide in order for newly
graduated students to land that dream data scientist role. This guide will also be a valuable
resource for any student about to give their Masters coursework viva.

1
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1.2 The Challenge of Technical Interviews

Technical interviews for data science and machine learning roles rarely focus only on whether
a candidate has seen a concept before. Instead, interviewers want to determine whether the
candidate truly understands the ideas behind the methods they use. Candidates are often asked
questions such as:

• What is the bias–variance trade-off?

• Why does logistic regression use the sigmoid function?

• What is the difference between L1 and L2 regularisation?

• How does gradient boosting work?

• What assumptions does linear regression make?

• What does the Central Limit Theorem tell us?

At first glance, these questions appear straightforward. Many students recognise the topics
immediately. However, recognising a concept and explaining it clearly and rigorously are very
different skills.

Many candidates discover during interviews that they can recall definitions but perhaps they
struggle to explain the intuition behind an algorithm, the mathematical reasoning that motivates
it, the assumptions required for it to work, or the the situations where it may fail. This book
was written to help bridge that gap.

Interview Tip

Technical interviews are not only testing whether you know an algorithm. They are testing
whether you understand why it works, when it should be used, and how to explain it clearly.

Throughout the book, these coloured text boxes will appear to offer additional advice and tips
on intervews, mathematical insights and where to go next for a deeper dive on a topic.

1.3 The Gap Between Coursework and Interviews

University and college courses typically focus on teaching the theory and implementation of
statistical and machine learning methods. Students learn how to apply algorithms to datasets and
evaluate their performance. Once they have gained this understanding, students will typically
encounter real world data problems in a non-production setting.

This training is essential. However, interviews require an additional skill: the ability to explain
technical concepts clearly and logically under pressure. Interviewers often explore a candidate’s
understanding by asking follow-up questions such as:



1.4. Learning Through Interview Questions Chapter 1. The Aim of This Book

• Why does this algorithm work?

• What assumptions does the model make?

• When would you choose this method instead of another?

• How would you diagnose a model that is performing poorly?

These questions reveal whether a candidate truly understands the principles behind machine
learning models.

Deep Dive

A strong candidate is not someone who can simply name many algorithms. A strong
candidate understands the principles that connect them: optimisation, probability, statistical
inference, and linear algebra. Interviews often explore these underlying ideas.

1.4 Learning Through Interview Questions

The central idea of this book is simple:

The best way to prepare for data science interviews is to learn through the
questions that interviewers actually ask.

Rather than presenting machine learning purely as an academic subject, this book approaches
the material through common interview questions used by companies hiring data scientists and
machine learning engineers. Each question becomes an opportunity to explore both the intuition
and the mathematics behind the method.

1.5 What This Book Assumes

This book is written primarily for students who have completed, or are currently completing, a
Master’s degree in data science or a related discipline. Readers should already be familiar with:

• basic probability and statistics

• linear algebra

• Python programming

• fundamental machine learning concepts

The goal of the book is not to introduce these topics from the beginning, but to deepen
understanding and prepare students to explain these ideas clearly in technical interviews.
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1.6 The Five Types of Understanding

Machine learning interviews often appear to cover a wide range of unrelated topics. In a single
interview, a candidate might be asked about linear regression, gradient descent, cross-validation,
Bayesian inference, and system design. At first glance these questions may seem disconnected.

In practice, however, most machine learning interview questions fall into a small number of
conceptual categories. Interviewers are usually trying to assess whether a candidate understands:

✓ how machine learning models represent relationships in data

✓ how these models are trained and optimised

✓ how their performance is evaluated

✓ the statistical ideas that underpin these methods

✓ how machine learning systems behave in real-world environ-
ments

This book is organised around these five types of knowledge.

Part I: Modelling and Theory introduces the core machine learning models that appear
most frequently in interviews. These chapters focus on understanding how different modelling
approaches represent patterns in data and how their behaviour relates to concepts such as bias,
variance, and model complexity.

Part II: Optimisation and Training explains how machine learning models learn from
data. Even a simple model can behave in surprising ways during training, and many interview
questions focus on optimisation algorithms, regularisation, and training dynamics.

Part III: Evaluation and Metrics examines how models are assessed and compared. In
practical machine learning, it is not enough to train a model; we must also determine whether it
generalises well and whether its predictions can be trusted. This section explores evaluation
techniques and common pitfalls such as data leakage.

Part IV: Conceptual Foundations develops the statistical ideas that underlie machine
learning. Many algorithms can be understood more clearly when viewed through the lens of
probability, estimation theory, and statistical reasoning.

Part V: Applied and Systems focuses on the challenges that arise when machine learning is
used in real-world systems. Interviewers frequently ask questions about handling imperfect data,
deploying models in production, and designing large-scale machine learning systems.

Together, these five parts reflect the different dimensions of knowledge that strong machine
learning practitioners are expected to possess. The aim of this structure is not only to prepare
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readers for interview questions, but also to help them build a coherent understanding of how
machine learning models are developed, evaluated, and used in practice.

1.7 How Each Question Is Structured

Each interview question in this book follows a consistent structure designed to help readers
develop both concise explanations and deeper technical understanding.

The Interview Question

Each section begins with a question that commonly appears in technical interviews.

Interview Question

What is the bias–variance trade-off?

Short Interview Answer

In an interview setting, candidates must first give a concise explanation, usually within one or
two minutes. Each section therefore begins with a short answer that demonstrates how a strong
candidate might respond.

Short Interview Answer
The bias–variance trade-off describes the balance between a model that is too simple to
capture the underlying structure of the data and one that is so flexible that it overfits noise
in the training data.

Intuition

A clear conceptual explanation helps interviewers see that the candidate understands the idea
rather than simply memorising a definition. This often involves some mathematical reasoning.

Mathematical Foundations

Machine learning and data science are built on mathematical ideas from linear algebra, probability
theory, statistics and optimisation. Each topic therefore includes a deeper explanation of the
mathematical foundations underlying the concept, as can be seen in this example on polynomial
regression.
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Mathematical Insight

Model complexity is often related to the number of parameters in a model.
Consider a polynomial regression model of degree d:

y = β0 + β1x + β2x2 + · · ·+ βdxd.

This model contains d + 1 parameters.
As d increases, the model becomes capable of representing increasingly complicated functions.
In the limit, a sufficiently high-degree polynomial can interpolate all training points exactly.
However, increasing the number of parameters also increases the variance of the estimator,
making the model more sensitive to fluctuations in the training data.

Worked Examples

Concepts become clearer when applied to concrete examples. The book therefore includes
examples illustrating how ideas appear in real modelling problems.

Worked Example

Suppose we fit polynomial regression models of degree 1, 3, and 15 to the same dataset. The
linear model may miss curvature in the data and have high bias. The degree-15 model may
fit almost every fluctuation and have high variance.

Python Implementations

Many interview processes include coding questions or discussions about implementation details.
For this reason, full practical Python examples are included throughout the book using libraries
such as NumPy, pandas, scikit-learn, PyTorch and statsmodels. These examples are simple in
nature, but help understand the topic from a coding perspective. The notebook files can be
downloaded directly from github here: https://github.com/coherentnoise.

1 import numpy as np

2 from sklearn.linear_model import LinearRegression

3

4 X = np.array([[1], [2], [3], [4], [5]])

5 y = np.array([2, 4, 5, 4, 5])

6

7 model = LinearRegression()

8 model.fit(X, y)

9

10 print("Coefficient:", model.coef_)

11 print("Intercept:", model.intercept_)

Listing 1.1: Simple Python example

https://github.com/coherentnoise
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Follow-Up Questions

Interviewers frequently ask additional questions to test deeper understanding. Each section
therefore includes examples of typical follow-up questions.

Follow-Up Interview Questions

• How does regularisation affect the bias–variance trade-off?

• Why does more flexible modelling usually increase variance?

• How does cross-validation help identify the right level of complexity?

Common Mistakes

We will highlight any common mistakes in this red textbox that students and interviewees make
when trying to answer a particular question.

Common Mistake
A weak answer is to say only that bias is underfitting and variance is overfitting, without
explaining why these occur or how the trade-off affects model selection.

1.8 How to Use This Book

Students preparing for interviews may read the chapters sequentially, gradually strengthening
their understanding of key ideas in statistics, machine learning, and artificial intelligence.

Alternatively, readers may focus on specific areas relevant to their target roles, such as statistical
modelling, machine learning algorithms, deep learning or time series analysis. Because each
topic is organised around a specific interview question, the book can also be used as a reference
when reviewing individual concepts.

1.9 Question Difficulty Levels

This book is organised around technical interview questions in data science, machine learning,
and artificial intelligence. Each question is written at one of three levels:
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Question Difficulty Levels

Core Example: What is logistic regression?
This is a core question because it tests a funda-
mental concept that appears frequently in data
science and machine learning interviews. Most
candidates are expected to answer it clearly and
correctly.

Advanced Example: Why does bagging reduce variance?
This is an advanced question because it requires
more than a definition. A strong answer usu-
ally involves reasoning about model instability,
averaging, and the effect of correlation between
estimators.

Deep / Research level Example: How does the bias–variance decompo-
sition extend to ensemble models, and why does
bagging reduce variance but not bias?
This is a deep question because it requires the
candidate to connect multiple ideas, move be-
yond standard interview definitions, and reason
carefully about the behaviour of ensembles at a
more theoretical level.

These examples are not intended to define the difficulty levels rigidly, since the depth expected
in an interview will always depend on the role. However, they provide a useful guide to the level
of understanding each tag is meant to represent.

A good study strategy is to master the Core questions first, then move on to the Advanced and
Deep questions. In a typical interview, these will start by assessing your core understanding of a
topic, then ask more advanced questions before asking more open ended questions to assess your
deeper understanding of the field.

1.10 A Final Note

Data science sits at the intersection of statistics, mathematics, and computer science. Successful
practitioners combine theoretical understanding with practical problem-solving skills. The aim
of this book is not simply to help students pass interviews. It is to help them develop the depth
of understanding that allows them to think like professional data scientists.

By working through the questions in this book, readers will not only improve their interview
performance but will also gain a deeper understanding of the mathematical and conceptual
foundations of modern data science.



Chapter 2

How Data Science Interviews Work

2.1 Introduction

Before preparing for technical interviews in data science or machine learning, it is important to
understand how these interviews are typically structured and what employers are actually trying
to evaluate. Many students approach interviews as if they were examinations. They attempt to
memorise definitions, lists of algorithms, or short explanations. While knowledge is important,
this strategy is rarely sufficient.

Technical interviews are designed to evaluate a broader set of abilities. Interviewers want to
understand how candidates think, how they reason about problems, and how clearly they can
explain technical ideas. In this chapter we will examine:

✓ the typical structure of data science interviews

✓ the different types of technical questions that may be asked

✓ what interviewers are really trying to assess

✓ how candidates can prepare effectively

Understanding this process will help you interpret the questions presented throughout this book
and see how they relate to real interview situations.

2.2 The Typical Interview Process

Although the exact process varies between organisations, most data science interviews follow a
broadly similar structure. You will typically be in contact with a recruitment specialist who will
guide you through the interview process. Large companies will likely have their own in-house

9
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recruitment teams who you will liaise with about interview dates and next steps. Independent
recruiters specialise in particular fields and will typically put you in touch with small to medium
size organisations. Typically, all communication with the interview team will be done through
the recruiter or the hiring manager.

A typical hiring process may include several stages:

Initial screening interview

Technical interview

Coding or modelling exercise

Case study or practical problem

Final interview with senior team members

Each stage focuses on slightly different skills. If you pass one stage then you will move on to the
next interview. Typically, there will be few days in-between each interview. It is important to
keep in touch with the recruitment specialist about when the next stage will be. In the following
we will breifly describe each of these stages.

2.2.1 Initial Screening Interview

The screening interview is often conducted by a recruiter or a member of the data science team.
Its purpose is to determine whether the candidate’s background matches the requirements of
the role. During this stage, candidates may be asked questions such as:

• Can you describe your experience with machine learning?

• What projects have you worked on during your degree?

• What programming languages are you comfortable using?

These questions are not designed to test deep technical knowledge. Instead, they help the
interviewer understand whether the candidate has the appropriate academic background and
experience. Importantly, your communication and presentation skills as well as other soft skills
will be assessed at this stage.
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