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   foreword
 

  
 

   

   In today’s dynamic landscape of AI and machine learning, the ability to extract meaningful insights from unlabeled data is transforming industries and driving innovation. As an AI leader and practitioner with experience across multiple sectors—and currently heading the Data Science and AI team at a major pharmaceutical company—I have witnessed first-hand how groundbreaking ideas reshape entire industries.
 

  
 

   

   In our work in oncology and biopharma, we use AI to empower life sciences companies to educate healthcare professionals and target key stakeholders with precision—ensuring that the right therapy reaches the right patient at the right time. In regulated industries, where precision and compliance are paramount, innovative approaches that extract actionable insights from raw, unlabeled data are not just beneficial but essential.
 

  
 

   

   Data Without Labels is organized into three comprehensive parts that chart a clear course from theory to application, as detailed in the table of contents. Part 1 lays the groundwork with core unsupervised learning techniques, covering clustering, dimensionality reduction, and anomaly detection to equip readers with essential tools for interpreting raw data. Part 2 advances into sophisticated methodologies, introducing self-supervised and contrastive learning approaches that overcome the limitations imposed by scarce labeled data. Part 3 bridges theory and practice, delving into deep learning essentials—from neural network building blocks, activation functions, and autoencoders with practical TensorFlow and Keras code to cutting-edge generative models, including generative adversarial networks, BERT, and large language models like GPT. This final section illustrates how these tools can be applied to real-world challenges, guiding practitioners in deploying AI-driven strategies that ensure optimal outcomes while maintaining regulatory compliance.
 

  
 

   

   I am honored to support and endorse this remarkable work. May it inspire you to explore new frontiers in AI and drive innovative solutions that lead to better outcomes for patients and the broader healthcare community.
 

  
 

   

   —Ravi Gopalakrishnan, Vice President
 Data Science & AI, AstraZeneca
 

  


 

   

   preface
 

  
 

   

   Data is the new oil, electricity, and power. The amount of data available has exploded in the past 10 to 15 years. AI-based solutions are harnessing the datasets, and hence AI has made unprecedented progress in the past decade. It has transformed our lives—the way we buy, plan, travel, respond, and connect. With the introduction of cloud computing, massive computational power became readily available. One of the most powerful additions has been large language models like ChatGPT, which revolutionized the entire ecosystem. Across all business domains, including retail, telecommunications, banking, financial services, insurance, healthcare, manufacturing, and aviation—and cutting through the functions of marketing, CRM, production, supply chains, pricing, quality—data-based AI tools are proving their tremendous value. Predictive algorithms, optimization solutions, and classification tools have improved efficiency, reduced operations cost, enhanced profit, and opened new doors to humankind. We can research for new drugs faster and more efficiently, create better and safer manufacturing processes, enhance the effectiveness of business teams, and generate superior and more mature business solutions.
 

  
 

   

   As an ardent follower of AI, I have witnessed both the unwavering excitement and the complexity of navigating this complicated landscape, which is a combination of technology, engineering, research, and human interest. Throughout the process of writing this book, I have often been reminded of the complexities and nuances of understanding AI. The answers are not simple, and, honestly, the more I explored the topic, the more I came to appreciate the layers and shades that shape the way we learn, act, and understand. 
 

  
 

   

   This book has been a journey—a journey of discovery, reflection, challenge, and certainly arduous work. A simple thought was the inception: a curiosity about unsupervised learning solutions by harnessing deep learning and generative AI. And during this journey, the curiosity evolved into something that I hope will inspire, inform, and perhaps challenge readers. This book is a culmination of hours of brainstorming sessions, discussions and research, and thought and grit, woven together with the intention of offering something tangible as well as valuable to readers.
 

  
 

   

   I’ve made a conscious effort to present convoluted ideas in a manner that is both approachable as well as technically thorough. The goal is not just to help you comprehend deep learning or generative AI but to help you develop a much more in-depth understanding of how these solutions are created, the mathematics behind them, and how they can be adapted to solve a range of problems.
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   about this book
 

  
 

   

   As you read through the chapters, I urge you to not just absorb the material but to actively experiment with the concepts and techniques presented. One of the best techniques to learn is getting your hands dirty; there are numerous practical exercises and challenges to reinforce your understanding. Whether you are reading the book in its entirety or only the portions that pique your interest, I hope you find something meaningful in these pages. 
 

  
 

   

   Who should read this book
 

  
 

   

   This book serves as both an introduction to unsupervised learning, deep learning, and generative AI for newcomers and a comprehensive reference for experienced professionals. It is intended for those interested in the latest trends, methodologies, and best practices in unsupervised learning, including students and researchers who wish to explore unsupervised learning algorithms in depth. Data science professionals seeking insights and solutions to common challenges and managers aiming to communicate effectively with teams and clients will find value here. Additionally, curious individuals looking to learn about unsupervised learning algorithms and enhance their Python skills through case studies will benefit. 
 

  
 

   

   The book assumes a basic knowledge of software engineering but provides explanations and references for foundational material when needed. Familiarity with object-oriented programming languages like C++, Java, and Objective-C is advisable, as well as experience with Python, which is used throughout the book. A basic understanding of mathematics and geometry will aid in visualizing results, and knowledge of data-related use cases will assist in relating to business scenarios. Above all, an open mindset for learning is essential.
 

  
 

   

   How this book is organized: A road map
 

  
 

   

   The book is organized into three parts, each covering a key area of unsupervised learning. 
 

  
 

   

   In part 1, we explore the basic principles, mathematical foundations, and core algorithms around clustering and dimensionality reduction techniques.
 

  
 

   

   As the book progresses into part 2, we dive into more advanced topics such as dealing with text data, advanced clustering, and advanced dimensionality reduction algorithms. 
 

  
 

   

   Part 3 (perhaps the most complex) is focused on deep learning and generative AI solutions. In this book, we aim to bridge the gap between theoretical knowledge and practical application, and hence we give emphasis to pragmatic case studies, examples, and exercises. It is complemented by developing solutions with Python using AI algorithms. All the datasets and Python code books are checked in at the GitHub location.
 

  
 

   

   All the very best for the upcoming journey. We hope it is as enriching and exciting for you as it has been for us.
 

  
 

   

   About the code 
 

  
 

   

   This book contains many examples of source code both in numbered listings and in line with normal text. In both cases, source code is formatted in a fixed-width font like this to separate it from ordinary text. Sometimes code is also in bold to highlight code that has changed from previous steps in the chapter, such as when a new feature adds to an existing line of code.
 

  
 

   

   In many cases, the original source code has been reformatted; we’ve added line breaks and reworked indentation to accommodate the available page space in the book. In rare cases, even this was not enough, and listings include line-continuation markers (↪). Additionally, comments in the source code have often been removed from the listings when the code is described in the text. Code annotations accompany many of the listings, highlighting important concepts.
 

  
 

   

   You can get executable snippets of code from the liveBook (online) version of this book at https://livebook.manning.com/book/data-without-labels. The complete code for the examples in the book is available for download from the Manning website at https://www.manning.com/books/data-without-labels, and from GitHub at https://github.com/vverdhan/DataWithoutLabels.
 

  
 

   

   liveBook discussion forum
 

  
 

   

   Purchase of Data Without Labels 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/data-without-labels/discussion.
 

  
 

   

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

  
 

 

   

   about the author
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   Vaibhav Verdhan is a seasoned data science and AI professional, and he has worked across geographies and domains. He is an industry leader and a regular speaker at conferences and summits. He loves to work on machine learning and AI problems and mentor students/professionals on data science and machine learning solutions. Currently, he resides in London with his family.
 

  


 

   

   about the cover illustration
 

  
 

   

   The figure on the cover of Data Without Labels is “Paysan des Environs de Berne,” or “Peasant from the surroundings of Bern,” taken from a collection by Jacques Grasset de Saint-Sauveur, published in 1788. Each illustration is finely drawn and colored by hand. 
 

  
 

   

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

  


 

   

   
Part 1 Basics 

 

  
 

   

    Welcome to part 1.
 

  
 

   

   Machine learning and AI are not magic. Neither are they a secret art that can be understood only by a select few. At their core, they are simply a way for us to help the algorithms assimilate historical datasets and generate insights for us. These insights help us to initiate better, faster, and more influential business effects We give clear, logical instructions that guide the algorithms to do what we want. 
 

  
 

   

   But, like any art, learning machine learning and AI take practice. It’s not about memorizing Python or R or a programming language syntax or learning some commands to run the code or cut-paste the code. It’s about solving pragmatic business problems, thinking about the business objectives critically, and breaking down those complex tasks meticulously into smaller and manageable steps and hence achieving the business objective. 
 

  
 

   

   This book isn’t just about writing code; it’s about learning how to think like a data scientist.
 

  
 

   

   If you’ve never studied unsupervised learning or you’ve never written a single line of Python code, that’s perfectly fine. It is much easier than you think. We start with simple unsupervised learning algorithms. 
 

  
 

   

   All the very best on this journey. Let’s start with the basics, one step at a time.
 

  


 

   

   
1  Introduction to machine learning

 

  
 

   

   This chapter covers
 

    

    	An introduction to data, types of datasets, quality, and sources
 

    	Machine learning and types of machine learning algorithms
 

    	An overview of different types of algorithms
 

   
 

  
 

   

   

    

     There are only patterns, patterns on top of patterns, patterns that affect other patterns. Patterns hidden by patterns. Patterns within patterns.  

     

       —Chuck Palahniuk 

     


    


   
 

  
 

   

   There is a saying going around: “Data is the new electricity.” Data is indeed transforming our world, much like electricity has; nobody can deny that. But like electricity, we must remember that data must be properly harnessed to utilize its value. We have to clean the data and analyze and visualize it, and only then can we develop insights from it. The fields of data science, machine learning (ML), and AI are helping us to better harness data and extract trends and patterns so we can make more insightful and balanced decisions in our activities and business. 
 

  
 

   

   In this book, we unravel the puzzles of data and see how we can find the patterns hidden within. We will be studying a branch of ML referred to as unsupervised learning. Unsupervised learning solutions are one of the most influential approaches and are changing the face of the industry. They are utilized in banking and finance, retail, insurance, manufacturing, aviation, medical sciences, telecom, and almost every other sector. 
 

  
 

   

   Throughout the book, we discuss concepts of ML with a focus on unsupervised learning—the building blocks of algorithms, their nuts and bolts, background processes, and mathematical foundation. We will examine concepts, study best practices, analyze common errors and pitfalls, and use a case study–based approach that complements the learning. At the same time, we develop actual Python code for solving such problems. All the codes are accompanied by step-by-step explanations and comments. 
 

  
 

   

   By the time you finish this book, you will have a very good understanding of unsupervised technique-based ML, various algorithms, the mathematics and statistical foundation on which the algorithm rests, business use cases, Python implementation, and best practices. 
 

  
 

   

   This first chapter is designed to introduce the concepts of ML. We’ll begin by discussing the concepts fundamental to all data analysis and ML: data itself, how it is managed, and what constitutes good-quality data. We’ll then move on to discuss data analysis in the context of ML and deep learning, consider different types of ML algorithms, and wrap up by considering the technical toolkit recommended for getting hands-on with the content in this book. Welcome to the first chapter and all the very best!
 

  
 

   

   
1.1 Technical toolkit 
 

  
 

   

   The following tools are used for different facets of the project:
 

  
 

   

   	 Data engineering —Hadoop, Spark, Scala, Java, C++, SQL, Redshift, Azure, PySpark 
 

   	 Data analysis —SQL, R, Python, Excel 
 

   	 ML —SQL, R, Python, Excel, Weka, Julia, MATLAB, SPSS, SAS 
 

   	 Visualization —Tableau, Power BI, Qlik, COGNOS 
 

   	 Model deployment —Docker, Flask, Amazon S3 
 

   	 Cloud services —Azure, AWS, GCP 
 

  
 

   

   In this book, we are going to use Python. You are advised to install the latest version of Python on your system. At least version 3.5+ is advisable, though the latest version as of this writing is 3.13. We will also use Jupyter Notebook, so installing Anaconda on your system is advisable. 
 

  
 

   

   NOTE  All the codes and datasets will be checked in at the GitHub repository: https://github.com/vverdhan/DataWithoutLabels. You are expected to replicate them and try to reproduce the results.
 

  
 

   

   
1.2 Data, data types, data management, and quality
 

  
 

   

   We begin by introducing the protagonist of this book: data. Data can be thought of as facts and statistics that are collected for performing any kind of analysis or study. But data also has its own traits, attributes, quality measures, and management principles. It is stored, exported, loaded, transformed, and measured. In that sense, data is a tangible “thing” in its own regard, and it must be handled properly to correctly utilize it. To do that, we must properly understand data.
 

  
 

   

   Let’s start with the fundamentals: the definition of data. Once we’ve defined data, we will proceed to discuss different types of data, their respective examples, and the attributes of data that make it useful and of good quality. 
 

  
 

   

   
1.2.1 What is data?
 

  
 

   

   Data is ubiquitous. You make a phone call using a mobile network; as you do, you are generating data. You book a flight ticket and hotel for an upcoming vacation; data is being created. Our day-to-day activity-generated data might include performing a bank transaction, surfing social media, or shopping websites online. That data is transformed from one form to another, stored, cleaned, managed, and analyzed. So what actually is it?
 

  
 

   

   Formally put, data is a collection of facts, observations, measures, text, numbers, images, and videos. A dataset might be clean (i.e., organized to be free from errors, inconsistencies, and irrelevant information) or unclean, be ordered (e.g., alphabetically) or unordered, or have mixed data types or all one type. As mentioned, data in itself is not useful until we clean it, arrange it, analyze it, and draw insights from it. We can visualize the transition from raw to more useful forms in figure 1.1. 
 

  
 

    

   [image: figure] 

   
Figure 1.1 How we can transform raw data to become information, knowledge, and, finally, insights that can be used in business to drive decisions and actions


  
 

   

   Raw data is converted to information when we can find distinctions in it. When we relate the terms and “connect the dots,” the same piece of information becomes knowledge. Insight is the stage where we can find the major centers and significant points. An insight should be actionable, succinct, and direct. For example, if a customer retention team of a telecom operator is told that customers who do not make a call for nine days have a 30% higher chance of churn than those who make calls, this will be a useful insight that they can work on and try to resolve. Similarly, if a line technician in a manufacturing plant is informed that using mold X results in 60% more defects than using mold Y, they will refrain from using the poorly performing mold in the future. An insight is quite useful for a business team because they can consider it and take corrective measures.
 

  
 

   

   
1.2.2 Various types of data
 

  
 

   

   As we’ve discussed, data is generated by much of our day-to-day activity. We can broadly classify that data into different types, as shown in figure 1.2.
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Figure 1.2 The divisions and subdivisions of data


  
 

   

   Data can be divided into quantitative and qualitative categories, which are further subclassified:
 

  
 

   

   	 Qualitative data is the data type that cannot be measured or weighed—for example, taste, color, odor, fitness, name, etc. They can only be observed subjectively. Formally put, when we categorize something or make a classification for it, the data generated is qualitative in nature. Examples are colors in a rainbow, cities in a country, quality of a product, gender, etc. They are also called categorical variables. Qualitative data can be further subcategorized into binary, nominal, and ordinal datasets: 

     

     	 Binary data, as the name suggests, has only two classes that are mutually exclusive to each other. Examples are yes/no, dry/wet, hard/soft, good/bad, true/false, etc.  
 

     	 Nominal data can be described as the type of data that, though categorized, does not have any sequence or order. Examples are distinct languages that are spoken in a country, colors in a rainbow, types of services available to a customer, cities in a country, etc.  
 

     	 Ordinal data is similar to nominal data, except we can order it in a sequence. Examples are fast/medium/slow, positive/neutral/negative, etc.  
 

    
 
 

   	 Quantitative data is all the types of data points that can be measured, weighed, scaled, recorded, etc. Examples are height, revenue, number of customers, demand quantity, area, volume, etc. They are the most common form of data and allow mathematical and statistical operations. Quantitative data is further subcategorized as discrete and continuous: 

     

     	 Discrete data is precise, to the point, and represented as integers. For example, the number of passengers in a plane or the population of a city cannot be in decimals. 
 

     	 Continuous data points can take any value, usually in a range. For example, height can take decimal values or the price of a product need not be an integer. 
 

    
 
 

  
 

   

   Any data point will generally will fall into one of these classes, based on its properties. There is one more logical grouping that can be done using source and usage, which makes a lot of sense while solving business problems. This grouping allows us to design solutions customized to the data type. 
 

  
 

   

   Depending on the source and usage, we can also think of data in two broad classes: structured and unstructured data. A dataset that can be represented in a row-column structure easily is a structured dataset. For example, transactions made by five customers in a retail store can be stored, as shown in table 1.1.
 

  
 

   

   
Table 1.1 An example of a structured dataset with attributes like amount, date, city, items, etc. 
 

    

     

      

      	 

       

         Customer ID 

       
  

      	 

       

         Transaction date 

       
  

      	 

       

         Amount ($) 

       
  

      	 

       

         No. of items 

       
  

      	 

       

         Payment mode 

       
  

      	 

       

         City 

       
  

     
 

     

     

      

      	  1001 
  

      	  01-June-2024 
  

      	  100 
  

      	  5 
  

      	  Cash 
  

      	  New Delhi 
  

     
 

      

      	  1002 
  

      	  02-June-2024 
  

      	  101 
  

      	  6 
  

      	  Card 
  

      	  New York 
  

     
 

      

      	  1003 
  

      	  03-June-2024 
  

      	  102 
  

      	  7 
  

      	  Card 
  

      	  London 
  

     
 

      

      	  1004 
  

      	  04-June-2024 
  

      	  103 
  

      	  8 
  

      	  Cash 
  

      	  Dublin 
  

     
 

      

      	  1005 
  

      	  05-June-2024 
  

      	  104 
  

      	  9 
  

      	  Cash 
  

      	  Tokyo 
  

     
 

     

   
 

  
 

   

   In table 1.1, for each unique customer ID, we have the transaction date, the amount spent in dollars, the number of items purchased, the mode of payment, and the city in which the transaction was made. Such a data type can be extended to employee details, call records, banking transactions, etc. 
 

  
 

   

   NOTE Most of the data used in analysis and model building is structured. Structured data is easier to store, analyze, and visualize in the form of graphs and charts. 
 

  
 

   

   Many algorithms and techniques cater to structured data—in normal real-world language, we refer to structured data primarily. Unstructured data is not easily sorted into a row-column structure. It can be text, audio, image, or video. Figure 1.3 shows examples of unstructured data and their respective sources, as well as the primary types of unstructured data: text, images, audio, and video along with their examples.
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Figure 1.3 Unstructured data, along with its various types and examples. This data is usually complex to analyze and generally requires deep learning-based algorithms.


  
 

   

   Computers and processors understand only binary numbers. So these unstructured data points still need to be represented as numbers so that we can perform mathematical and statistical calculations on them. For example, an image is made up of pixels. If it is a colored image, each pixel will have RGB (red, green, blue) values and each RGB can take a value (0–255). Hence, we will be able to represent an image as a matrix on which further mathematical calculations can be made. Text, audio, and video can be represented similarly.
 

  
 

   

   NOTE In general, deep learning-based solutions like convolutional neural networks (CNN) and recurrent neural networks (RNN) are used for unstructured data. We are going to work on text and explore CNN and RNN at a later stage in the book.
 

  
 

   

   Unstructured data can be understood through an example: consider a picture of a vacuum cleaner, as shown in figure 1.4. A portion of the image can be represented as a matrix and will look like the matrix seen in the figure. This example is only for illustration purposes and doesn’t show actual values. 
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Figure 1.4 An example of how unstructured data can be represented as a matrix to analyze. The matrix on the right is only an illustration and not the actual numbers.


  
 

   

   Similarly, we can have representations of text, audio, or video data. Due to the size and large number of dimensions typically present in such data, this kind of unstructured data is complex to process and model, and hence, in general, deep learning-based models serve that purpose.
 

  
 

   

   In addition to the broad types of data we’ve discussed so far, we can have more categories like ratios or scales, which can be used to define the relationship of one variable with another. All these data points (whether structured or unstructured) are defined by the way they are generated in real life. 
 

  
 

   

   All of these data points have to be captured, stored, and managed. There are quite a few tools available for managing data, which we will discuss in due course. But before that, let’s examine one of the most crucial but often less talked about subjects: data quality. 
 

  
 

   

   
1.2.3 Data quality
 

  
 

   

   “Garbage in, garbage out”—this principle summarizes the importance of good-quality data. If the data is dirty or incorrect and lacks any business relationship between variables, we will not be able to solve the business problem at hand. But what is the meaning of “good quality”? Imagine you want to predict rainfall this year based on last year’s daily rainfall measurements. A good-quality dataset for this task would be as complete as possible (very few missing days of rainfall measurements). It would be relevant and valid (e.g., covering the same local area as where you are making your predictions), the measurements would be accurate, and the data would be readily available for you to access and use without permission problems. A bad dataset, in contrast, might have lots of “holes” in the data, might have been taken in an area distant from the site you wish to study (making it less relevant), or might be difficult to access. As you can no doubt gather, good-quality data facilitates good-quality outputs, while bad data quality actively hinders your work and will likely result in a poor outcome. The major components of data quality are shown in figure 1.5. Let’s explore them one by one.
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Figure 1.5 Data quality is of paramount importance; attributes of good-quality data are shown.


  
 

   

   The major attributes of good-quality data are
 

  
 

   

   	 Completeness —We would expect our dataset to be proper and not missing any values. For example, if we are working on sales data for a year, good data will have all the values for all 12 months. Then it will be a complete data source. The completeness of a dataset ensures that we are not missing an important variable or data point. 
 

   	 Validity —The validity of data is its conformance to the properties, characteristics, and variations that are present and being analyzed in our use case. Validity indicates if the observation and measurement we have captured are reliable and valid. For example, if the scope of the study is for 2015–2019, then using 2014 data will be invalid. 
 

   	 Accuracy —Accuracy is an attribute focusing on the correctness of data. If we have inaccurate data, we will generate inaccurate insights, and actions will be faulty. It is a good practice to start the project by generating key performance indicators (KPIs) and comparing them with the numbers reported by the business to check the authenticity of the data available to us. 
 

   	 Representativeness —This is one of the most important attributes of the data and often the most undermined. Representation of data means that the data in use truly captures the business need and is not biased. If the dataset is biased or is not representative enough, the model generated will not be able to make predictions on the new and unseen data, and the entire effort will go down the drain. 
 

   	 Availability —Nonavailability of data is a challenge we face often. Data might not be available for the business problem, and then we face a dilemma on whether to continue the use case. Sometimes we face operational challenges and do not have access to the database or permission problems, or data might not be available at all for a particular variable since it is not captured. In such cases, we have to work with the data available and use surrogate variables. For example, imagine we are working on a demand generation problem. We want to predict how many customers can be expected during the upcoming sales season for a particular store. But we do not record the number of customers visiting for a few months. We can then use revenue as a surrogate field and synthesize the missing data points. 
 

   	 Consistency —Here we check whether the data points are consistent across systems and interfaces. It should not be the case that one system is reporting a different revenue figure while another system is showing a completely different value. When faced with such a problem, we generate the respective KPIs as per the data available and seek guidance from the business team. 
 

   	 Timeliness —Timeliness simply means that we have all the data that is required at this point. If the dataset is not available now but might become available in the future, then it might be prudent to wait. 
 

   	 Integrity —The data tables and variables we have are interlinked and interrelated to each other. For example, an employee’s details can be spread over multiple tables that are linked to each other using the employee’s ID. Data integrity addresses this requirement and ensures that all such relations between the tables and respective entities are consistent. 
 

  
 

   

   The quality of data is of paramount importance. In pragmatic day-to-day business, often we do not get good-quality data. Due to multiple challenges, good, clean data that is accessible, consistent, representative, and complete is seldom found. 
 

  
 

   

   Degradation in quality can be due to challenges during data capturing and collection, exporting or loading, transformations done, etc. A few of the possibilities are as follows:
 

  
 

   

   	 We can get integers as names, or special characters like “#$!&” in a few columns, or null values, blanks, or not a number (NaN) as some of the values.  
 

   	 There may be duplicates in the records. 
 

   	 Outliers may occur. This is a nuisance we deal with quite a lot. For example, let’s say that the average daily transactions are 1,000 for an online retailer. One fine day, due to a server problem, there were no transactions done. It is an outlier situation. Or, one fine day, the number of transactions was 1,000,000. It is again an example of an outlier. Outliers can bias the algorithms we create. 
 

   	 There may be seasonal variations and movements concerning the time of the day and days of the week—all of them should be representative enough in the dataset. 
 

   	 Inconsistencies in the date format can lead to multiple challenges when we try to merge multiple data sources. For example, source 1 might be using DD/MM/YYYY while another might be using MM/DD/YYYY. This is taken care of during the data loading step itself. 
 

  
 

   

   All these aberrations and quality problems should be addressed and cleaned thoroughly. We will be solving these data problems throughout the book and sharing the best practices to be followed.
 

  
 

   

   NOTE  The quality of your raw data and the rigor shown during the cleaning process directly affect the quality of your final analysis and the maturity of your solution.
 

  
 

   

   We have now defined the major attributes of data. We next study the broad process and techniques used for data engineering and management.
 

  
 

   

   
1.2.4 Data engineering and management
 

  
 

   

   A strong data engineering process and mature data management practice are prerequisites for a successful ML model solution. Whether you come from a data engineering or data science background, each goes hand in hand; a data engineer would be well served by understanding the basics of data science, and vice versa. Figure 1.6 provides a high-level overview of what the engineering process and management practice might look like. The end-to-end journey of data is described—right from the process of data capturing, data pipeline, and data loading to the point it is ready for analysis.
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Figure 1.6 Data engineering paves the way for data analysis. It involves data loading, transformation, enrichment, cleaning, preparation, etc., which leads to the creation of data ready for analysis.


  
 

   

   In the data engineering step, data is cleansed, conformed, reshaped, transformed, and ingested. Generally, we have a server where the final data is hosted and is ready for access. The most used process is the creation of an export, transform, load (ETL) process. Then we make the data ready for analysis. We create new variables, treat null values, enrich the data with methods, and then finally proceed to the analysis/model-building stage. 
 

  
 

   

   Many times, we find that terms like data analysis, data science, machine learning, data mining, artificial intelligence, business intelligence, big data, etc., are used quite interchangeably in business. It is a good idea to clarify them, which is the topic of the next section. There are plenty of tools available for each respective function that we are discussing. We will also understand the role of software engineering in this entire journey.
 

  
 

   

   
1.3 Data analysis, ML, AI, and business intelligence
 

  
 

   

   ML and AI are relatively new fields, and as such, there is little standardization and differentiation in the scope of their work. This has resulted in unclear definitions and demarcation of these fields. We examine these fields—where they overlap, where they differ, and how one empowers the other. Each of the functions empowers and complements the other, as visualized in figure 1.7. 
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Figure 1.7 How the various fields are interlinked with each other and how they are dependent on each other


  
 

   

   After the business problem has been defined and scoped properly, we start with the technical process. Data mining and data engineering start the whole process by providing the data required for analysis. It also exports, transforms, cleans, and loads the data so that it can be consumed by all of the respective functions. Business intelligence and visualizations use this data to generate reports and dashboards. Data analytics generates insights and trends using data. Data science stands on the pillars of data analysis, statistics, business intelligence, data visualization, ML, and data mining. ML creates statistical and mathematical models, and AI further pushes the capabilities. 
 

  
 

   

   ML uses traditional coding. The coding is performed in traditional languages (such as Python), and hence, all the logic and rules of computer science and software engineering are valid in ML too. ML helps us make sense of data that we are otherwise not able to comprehend. The most fascinating advantage of ML is its ability to work on very complex and high-dimensional data points like video, audio, image, text, or complex datasets generated by sensors. It allows us to think beyond the obvious. Now AI can achieve feats that were previously thought impossible. This level of pattern recognition and learning has resulted in technological breakthroughs such as self-driving cars, chatbots conversing like humans, speech-to-text conversion and translation to another language, automated grading of essays, photo captioning, etc. With the advent of generative AI, using large language models like ChatGPT, we can create images, videos, and text based on the prompt given by the user. And that is just the start!
 

  
 

   

   
1.4 Nuts and bolts of ML
 

  
 

   

   Consider this: if a child has to be taught how to open a door, we show them the exact steps quite a few times. The child tries to open it but fails. They try again and fail again. But with each subsequent try, the child improvises their approach. And, after some time, the child can open the door. Another example is when we learn to drive: we make mistakes, we learn from them, and we improve. ML works similarly, wherein the statistical algorithm looks at the historical data and finds patterns and insights. The algorithm uncovers relationships and anomalies, trends and deviations, similarities and differences—and then shares actionable results with us. 
 

  
 

   

   Formally put, ML can be called a branch or a study of computer algorithms that works on historical data to generate insights and helps in making data-driven decisions. The algorithms are based on statistical and mathematical foundations and hence have a sound logical explanation. ML algorithms require coding, which can be done in any of the languages and tools available such as Python, R, SPSS, SAS, MATLAB, Weka, Julia, Java, etc. It also requires a domain understanding of the business.
 

  
 

   

   Whenever you are doing some online shopping for clothing and the website recommends accessories that go along with it or you are booking an airplane ticket and the travel operator shows you a customized deal as per your needs and plan, most of the time, ML is working in the background. It has learned your preferences and compared them with your historical trends. It is also looking for similarities you have with other customers who behave almost the same. Based on all that analysis, the algorithm is making an intelligent recommendation to you. Quite fascinating, right?
 

  
 

   

   Why exactly is ML so good at finding patterns? We humans can analyze only two or maybe three dimensions simultaneously; for example, we can pick up a pattern between two or three interacting variables. But what if there are 50 different variables all interacting? We wouldn’t have a chance. An ML algorithm can work on 50, 60, or maybe 100s of dimensions simultaneously. It can work on any type of data, structured or unstructured, and it can help in the automation of tasks. Hence, it generates patterns and insights quite difficult for a human mind to visualize.
 

  
 

   

   ML, like any other project, requires a team of experts who work closely with each other and complement each other’s skill sets. As shown in figure 1.8, an ML project requires the following roles:
 

  
 

   

   	 Business team —Business stakeholders and subject matter experts define the business problem for the project. They own the solution, have a clear understanding of the ask, and have a clear measurable goal in sight. They course-correct the team in case of confusion and serve as experts who have a deep understanding of the business processes and operations. They are marketing managers, product owners, process engineers, quality experts, risk analysts, portfolio leads, etc. It is imperative that business stakeholders are closely knit into the team from day one. They help in course correction of the overall direction. 
 

   	 Operations team —This team comprises the scrum master, project manager, business analysts, etc. The role of the team can be compared to a typical project management team, which tracks the progress, maintains the records, reports the day-to-day activities, and keeps the entire project on track. They create user stories and act as a bridge between the business team and the data team. 
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Figure 1.8 Team required for a data science project and the respective interactions of them with each other—truly a team effort


  
 

   

   	 Data team —The core team that creates the solution, does the coding, and generates the output in the form of a model, dashboard, report, and insights is the data team. It comprises three main pillars: the data engineering team, the UI/visualization team, and the data science team. Their functions are as follows: 

     

     	 The data engineering team is responsible for building, maintaining, integrating, and ingesting all the data points. They do a periodic data refresh and act as a prime custodian of data. They use ETL, SQL, AWS, Kafka, PySpark, etc.  
 

     	 The UI/visualization team builds dashboards, reports, interactive modules, and web applications. They use SQL, Tableau, Qlik, Power BI, and others.  
 

     	 The data science team is responsible for all the data analysis and model-building tasks. They discover patterns and insights, test hypotheses, and generate the final output that is to be finally consumed by all. The final output can be an ML model that will be used to solve the business problem. In situations where an ML model is not possible, the team might generate actionable insights that can be useful for the business. This team requires SQL, Python, R, SAS, SPSS, etc., to complete their job.  
 

     	 The DevOps team is generally a part of the data engineering team, or they can exist as a separate entity. They focus on the operationalization of the ML model. Remember: if your ML model is not being used, it is just a shiny piece of software sitting on a shelf. The UI/UX team will lead the development of the final product layer where the ML-based outputs will be surfaced to the end user. User experience is often ignored, and without an interactive and engaging user experience, ML will not be used to its full potential.  
 

    
 
 

  
 

   

   The team sometimes has a testing team as well to assess the functionality, various use cases, and overall look and feel of the application. 
 

  
 

   

   Having discussed the typical team structure for a data science project, we will now examine the broad steps involved in a data science project. 
 

  
 

   

   A data science project runs like any other project that has deadlines, stages, testing, phases, etc. The raw material is the data that passes through various phases to be cleaned, analyzed, and modeled.
 

  
 

   

   Figure 1.9 shows an illustration of a data science project’s stages. It starts with a business problem definition of the project. The business problem must be concise, clear, measurable, and achievable. Table 1.2 depicts an example of a bad (ill-defined) and a good business problem.
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Figure 1.9 A data science project is like any other project, having stages and deadlines, dependencies, and processes.


  
 

   

   
Table 1.2 Examples of how to define a business problem to make it clear, concise, and measurable
 

    

     

      

      	 

       

         Examples 

       
  

     
 

      

      	 

       

         Ill-defined business problems 

       
  

      	 

       

         Good business problems 

       
  

     
 

     

     

      

      	  Increase the production 
Decrease the cost 
  

      	  Optimize the various cost heads (A, B, C, and D) and identify the most optimal combination to decrease the cost by 1.2% in the next six months 
  

     
 

      

      	  Increase the revenue by 80% in one month 
Automate the entire process 
  

      	  From the various factors of defects in the process (X, Y, Z), identify the most significant factors to reduce the defect % by 1.8% in the next three months 
  

     
 

     

   
 

  
 

   

   Then we move to the data discovery phase, during which we list all the data sources and host them. All the various datasets, like customer details, purchase histories, social media data, portfolios, etc., are identified and accessed. The data tables that are to be used are finalized in this step, and most of the time, we create a database for us to work, test, and learn.
 

  
 

   

   We then go ahead with data preprocessing. It involves cleaning data like the removal of null values, outliers, duplicates, junk values, etc. The previous step and this one can take 60% to 70% of the project time.
 

  
 

   

   We create a few reports and generate initial insights during the exploratory data analysis phase. These insights are discussed with the business stakeholders, and they guide course correction.
 

  
 

   

   The data is now ready for modeling. Quite a few versions of the solution are tested. Then, depending on the requirements, we choose the best version. Generally, parameters like accuracy and statistical measures like precision and recall drive the selection of the model. We will be exploring the process of choosing the best model and terms like precision and recall in later chapters of the book. Once we choose the final model, we are ready to deploy the model in the production environment, where it will work on unseen data.
 

  
 

   

   These are the broad steps in an ML project. Like any other project, there is a code repository, best practices, coding standards, common errors, pitfalls, etc., which we will discuss throughout the book. 
 

  
 

   

   
1.5 Types of ML algorithms
 

  
 

   

   ML models affect decision-making and follow a statistical approach to solve a business problem. They work on historical data and find patterns and trends in it. The raw material is the historical data, which is analyzed and modeled to generate a predictive algorithm. The historical data available and the sort of problem that needs to be solved informs the ML approach that should be taken. ML algorithms can be split broadly into four classes: supervised learning, unsupervised learning, semisupervised learning, and reinforcement learning, as depicted in figure 1.10. We will examine each of the four types in detail, with a focus on unsupervised learning—the topic of this book.
 

  
 

   

   You might have heard about generative AI (GenAI) in the news. GenAI-based solutions generally start with unsupervised and may include supervised or reinforcement learning to specialize the model for certain tasks. We will discuss GenAI further throughout the book.
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Figure 1.10 ML algorithms can be classified as supervised learning algorithms, unsupervised learning algorithms, semisupervised learning algorithms, and reinforcement learning algorithms.


  
 

   

   
1.5.1 Supervised learning 
 

  
 

   

   Formally put, supervised models are statistical models that use both the input data and the desired output to predict the future. The output is the value that we wish to predict and is referred to as the target variable, and the data used to make that prediction is called training data. The target variable is sometimes referred to as the label. The various attributes or variables present in the data are called independent variables. Each of the historical data points or a training example contains these independent variables and the corresponding target variable. Supervised learning algorithms make a prediction for unseen future data. The accuracy of the solution depends on the training done and patterns learned from the labeled historical data. An example is described in the next section. 
 

  
 

   

   Supervised learning problems are used in demand prediction, credit card fraud detection, customer churn prediction, premium estimation, etc. They are heavily used across domains like retail, telecom, banking and finance, aviation, insurance, and more and for functions like marketing, CRM, quality, supply chain, pricing, and so on.
 

  
 

   

   Supervised learning algorithms can be further broken into regression algorithms and classification algorithms. Let’s consider each of these in turn.
 

  
 

   

   Regression algorithms
 

  
 

   

   Regression algorithms are supervised learning algorithms—that is, they require target variables that need to be predicted. These algorithms are used to predict the values of a continuous variable. Examples include revenue, amount of rainfall, number of transactions, production yield, and so on. In supervised classification problems, we predict a categorical variable like whether it will rain (yes/no), whether the credit card transaction is fraudulent or genuine, and so on. This is the main difference between classification and regression problems. 
 

  
 

   

   Let us understand the regression problem with an example. Say we assume that the weight of a person is only dependent on height and not on other parameters like gender, ethnicity, diet, etc. In such a case, we want to predict the weight of a person based on height. The dataset and the graph plotted for the same data will look like figure 1.11.
 

  
 

   

   A regression model will be able to find the inherent patterns in the data and fit a mathematical equation describing the relationship. It can then take height as an input and predict the weight. Here, height is the independent variable, and weight is the dependent variable or the target variable or the label we want to predict.
 

  
 

    

   [image: figure] 

   
Figure 1.11 Data and plot of relationship between height and weight that is used for regression problem


  
 

   

   There are quite a few algorithms available for regression problems. Some of the major ones are as follows (although this list is certainly not exhaustive):
 

  
 

   

   	 Linear regression 
 

   	 Decision tree 
 

   	 Random forest 
 

   	 k-nearest neighbor 
 

   	 Boosting algorithm 
 

   	 Neural network 
 

  
 

   

   We can use any of the algorithms to solve this problem. We will explore more by using linear regression to solve a problem. 
 

  
 

   

   The linear regression algorithm models the relationship between dependent variables and target variables by assuming a linear relationship between them. The linear regression algorithm would result in a mathematical equation for the problem, shown in equation 1.1:
 

  
 

   

   (1.1)
 

   Weight = β0 * height + β1
 

  
 

   

   Generally put, linear regression is used to fit a mathematical equation depicting the relationship between dependent and independent variables, shown as equation 1.2:
 

  
 

   

   (1.2)
 

   Y = β0 + β1 x1 + β2x2 + ….+ ε
 

  
 

   

   Here, Y is the target variable that we want to predict; x1 is the first independent variable; x2 is the second independent variable; ε is the error term in the equation; and β0 is the intercept of the equation.
 

  
 

   

   A simple visualization for a linear regression problem is shown in figure 1.12. Here we have the x and Y variables where x is the independent variable and Y is the target variable. The objective of the linear regression problem is to find the line of best fit, which can explain the randomness present in the data. 
 

  
 

    

   [image: figure] 

   
Figure 1.12 Raw data that needs to be modeled (left). Using regression, a line of best fit is identified (right).


  
 

   

   Equation 1.2 is used to make predictions for the unseen data. There are variations in linear regression too, like simple linear regression, multiple linear regression, nonlinear regression, etc. Depending on the data at hand, we choose the correct algorithm. A complex dataset might require a nonlinear relationship between the various variables. 
 

  
 

   

   The next type of regression algorithm we shall explore is tree-based solutions. For tree-based algorithms like decision trees, random forests, etc., the algorithm will start from the top and then, like an if/else block, will split iteratively to create nodes and subnodes until we reach a terminal node (see figure 1.13). In the decision tree diagram, we start from the top with the root node, and then we perform splitting until we reach the endpoint, which is the terminal node.
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