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Foreword

Everybody can be a data scientist. And everybody should be. This book shows 
you why everyone should be a data scientist and how you can get there. In 
today’s world, it should be embarrassing to make any complex decision with-
out understanding the available data first. Being a “data-driven organization” 
is the state of the art and often the best way to improve a business outcome 
significantly. Consequently we have seen a dramatic change with respect to the 
tools supporting us to get to this success quickly. It has only been a few years 
that building a data warehouse and creating reports or dashboards on top of 
the data warehouse has become the norm in larger organizations. Technologi-
cal advances have made this process easier than ever and in fact, the existence 
of data discovery tools have allowed business users to build dashboards them-
selves without the need for an army of Information Technology consultants 
supporting them in this endeavor. But now, after we have managed to effec-
tively answer questions based on our data from the past, a new paradigm shift 
is underway: Wouldn’t it be better to answer what is going to happen instead? 
This is the realm of advanced analytics and data science: moving your interest 
from the past to the future and optimizing the outcomes of your business 
proactively.

Here are some examples of this paradigm shift:

 □  Traditional Business Intelligence (BI) system and program answers: How 
many customers did we lose last year? Although certainly interesting, the 
answer comes too late: the customers are already gone and there is not 
much we can do about it. Predictive analytics will show you who will 
most likely churn within the next 10 days and what you can do best for each 
customer to keep them.

 □  Traditional BI answers: What campaign was the most successful in the past? 
Although certainly interesting, the answer will only provide limited 
value to determine what is the best campaign for your upcoming 
product. Predictive analytics will show you what will be the next best 
action to trigger a purchase action for each of your prospects individually.
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 □  Traditional BI answers: How often did my production stand still in the past 
and why? Although certainly interesting, the answer will not change the 
fact that profit was decreased due to suboptimal utilization. Predictive 
analytics will show you exactly when and why a part of a machine will 
break and when you should replace the parts instead of backlogging production 
without control.

Those are all high-value questions and knowing the answers has the potential 
to positively impact your business processes like nothing else. And the good 
news is that this is not science fiction; predicting the future based on data 
from the past and the inherent patterns living in the data is absolutely possible 
today. So why isn’t every company in the world exploiting this potential all day 
long? The answer is the data science skills gap.

Performing advanced analytics (predictive analytics, data mining, text ana-
lytics, and the necessary data preparation) requires, well, advanced skills. In 
fact, a data scientist is seen as a superstar programmer with a PhD in statis-
tics who just happens to understand every business problem in the world. Of 
course people with such a rare skill mix are very rare; in fact McKinsey has 
predicted a shortage of 1.8 million data scientists by the year 2018 only in 
the United States. This is a classical dilemma: we have identified the value of 
 future-oriented questions and solving them with data science methods, but at 
the same time we can’t find the answers to those questions since we don’t have 
the people able to do so. The only way out of this dilemma is a democratization of 
advanced analytics. We need to empower more people to do create predictive 
models: business analysts, Excel power users, data-savvy business managers. 
We can’t transform this group of people magically into data scientists, but we 
can give them the tools and show them how to use them to act like a data 
 scientist. This book can guide you in this direction.

We are in a time of modern analytics with “big data” fueling the explosion 
for the need of answers. It is important to understand that big data is not just 
about volume but also about complexity. More data means new and more 
complex infrastructures. Unstructured data requires new ways of storage and 
retrieval. And sometimes the data is generated so fast it should not be stored 
at all, but analyzed directly at the source and the findings stored instead. Real-
time analytics, stream mining, and the Internet of Things become a reality now. 
At the same time, it is also clear that we are in the midst of a sea change: data 
alone has no value, but the hidden patterns and insights in the data are an 
extremely valuable asset. Accessing this asset should no longer be an option 
for experts only but should be given into the hands of analytical practitioners 
and business managers of all kinds. This democratization of advanced analyt-
ics removes the bottleneck of data science and unleashes new business value 
in an instant.
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This transformation comes with a huge advantage for those who are actually 
data scientists. If business analysts, Excel power users, and data-savvy busi-
ness managers are empowered to solve 95% of their current advanced analytics 
problems on their own, it also frees up the scarce data scientist resources. This 
transition moves what has become analytical table stakes from data scientists 
to business analytics and leads to better results faster for the business. At the 
same time it allows data scientists to focus on new challenging tasks where the 
development of new algorithms is a must instead of reinventing the wheel over 
and over again.

We created RapidMiner with exactly this purpose in mind: empower nonex-
perts to get to the same findings as data scientists. Allow users to get to results 
and value much faster. And make deployment of those findings as easy as a 
single click. RapidMiner empowers the business analyst as well as the data sci-
entist to discover the hidden patterns and unleash new business value much 
faster. This unlocks the huge business value potential in the marketplace.  
I hope that Vijay’s and Bala’s book will be an important contribution to this 
change, supporting you to remove the data science bottleneck in your organi-
zation, and, last but not least, discovering a complete new field for you that 
delivers success and a bit of fun while discovering the unexpected.

Ingo Mierswa
CEO and Co-Founder, RapidMiner
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Preface

According to the technology consulting group Gartner, most emerging tech-
nologies go through what they term the “hype cycle.” This is a way of contrast-
ing the amount of hyperbole or hype versus the productivity that is engendered 
by the emerging technology. The hype cycle has three main phases: peak of 
inflated expectation, trough of disillusionment, and plateau of productivity. The third 
phase refers to the mature and value-generating phase of any technology. The 
hype cycle for predictive analytics (at the time of this writing) indicates that it 
is in this mature phase.

Does this imply that the field has stopped growing or has reached a satura-
tion point? Not at all. On the contrary, this discipline has grown beyond the 
scope of its initial applications in marketing and has advanced to applica-
tions in technology, Internet-based fields, health care, government, finance, 
and manufacturing. Therefore, whereas many early books on data mining and 
predictive analytics may have focused on either the theory of data mining or 
 marketing-related applications, this book will aim to demonstrate a much 
wider set of use cases for this exciting area and introduce the reader to a host of 
different applications and implementations.

We have run out of adjectives and superlatives to describe the growth trends 
of data. Simply put, the technology revolution has brought about the need 
to process, store, analyze, and comprehend large volumes of diverse data in 
meaningful ways. The scale of data volume and variety places new demands 
on organizations to quickly uncover hidden trends and patterns. This is where 
data mining techniques have become essential. They are increasingly finding 
their way into the everyday activities of many business and government func-
tions, whether in identifying which customers are likely to take their business 
elsewhere, or mapping flu pandemic using social media signals.

Data mining is a class of techniques that traces its roots to applied statistics 
and computer science. The process of data mining includes many steps: fram-
ing the problem, understanding the data, preparing data, applying the right 
techniques to build models, interpreting the results, and building processes to 
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deploy the models. This book aims to provide a comprehensive overview of 
data mining techniques to uncover patterns and predict outcomes.

So what exactly does the book cover? Very broadly, it covers many important 
techniques that focus on predictive analytics, which is the science of converting 
future uncertainties to meaningful probabilities, and the much broader area 
of data mining (a slightly well-worn term). Data mining also includes what is 
called descriptive analytics. A little more than a third of this book focuses on 
the descriptive side of data mining and the rest focuses on the predictive side 
of data mining. The most common data mining tasks employed today are cov-
ered: classification, regression, association, and cluster analysis along with few 
allied techniques such as anomaly detection, text mining, and time series fore-
casting. This book is meant to introduce an interested reader to these exciting 
areas and provides a motivated reader enough technical depth to implement 
these technologies in their own business.

WHY THIS BOOK?
The objective of this book is twofold: to help clarify the basic concepts behind 
many data mining techniques in an easy-to-follow manner, and to prepare 
anyone with a basic grasp of mathematics to implement these techniques in 
their business without the need to write any lines of programming code. While 
there are many commercial data mining tools available to implement algo-
rithms and develop applications, the approach to solving a data mining prob-
lem is similar. We wanted to pick a fully functional, open source, graphical 
user interface (GUI)-based data mining tool so readers can follow the concepts 
and in parallel implement data mining algorithms. RapidMiner, a leading data 
mining and predictive analytics platform, fit the bill and thus we use it as a 
companion tool to implement the data mining algorithms introduced in every 
chapter. The best part of this tool is that it is also open source, which means 
learning data mining with this tool is virtually free of cost other than the time 
you invest.

WHO CAN USE THIS BOOK?
The content and practical use cases described in this book are geared towards 
business and analytics professionals who use data in everyday work settings. 
The reader of the book will get a comprehensive understanding of different 
data mining techniques that can be used for prediction and for discovering 
patterns, be prepared to select the right technique for a given data problem, 
and will be able to create a general purpose analytics process.
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We have tried to follow a logical process to describe this body of knowledge. 
Our focus has been on introducing about 20 or so key algorithms that are in 
widespread use today. We present these algorithms in following framework:

 1. A high-level practical use case for each algorithm.
 2.  An explanation of how the algorithm works in plain language. Many 

algorithms have a strong foundation in statistics and/or computer 
science. In our descriptions, we have tried to strike a balance between 
being academically rigorous and being accessible to a wider audience 
who don’t necessarily have a mathematics background.

 3.  A detailed review of using RapidMiner to implement the algorithm, by 
describing the commonly used setup options. If possible, we expand the 
use case introduced at the beginning of the section to demonstrate the 
process by following a set format: we describe a problem, outline the 
objectives, apply the algorithm described in the chapter, interpret the 
results, and deploy the model. Finally, this book is neither a RapidMiner 
user manual nor a simple cookbook, although a recipe format is 
adopted for applications.

Analysts, finance, marketing, and business professionals, or anyone who ana-
lyzes data, most likely will use these advanced analytics techniques in their 
job either now or in the near future. For business executives who are one step 
removed from the actual analysis of data, it is important to know what is pos-
sible and not possible with these advanced techniques so they can ask the right 
questions and set proper expectations. While basic spreadsheet analyses and 
traditional slicing and dicing of data through standard business intelligence 
tools will continue to form the foundations of data exploration in business, 
especially for past data, data mining and predictive analytics are necessary to 
establish the full edifice of data analytics in business. Commercial data mining 
and predictive analytics software tools facilitate this by offering simple GUIs 
and by focusing on applications instead of on the inner workings of the algo-
rithms. Our key motivation is to enable the spread of predictive analytics and 
data mining to a wider audience by providing both conceptual framework and 
a practical “how-to” guide in implementing essential algorithms. We hope that 
this book will help with this objective.

Vijay Kotu
Bala Deshpande
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1

Predictive analytics is an area that has been growing in popularity in recent 
years. However, data mining, of which predictive analytics is a subset, has 
already reached a steady state in its popularity. In spite of this recent growth 
and popularity, the underlying science is at least 40 to 50 years old. Engineers 
and scientists have been using predictive models since at least the first moon 
project. Humans have always been forward-looking creatures and predictive 
sciences are a reflection of this curious nature.

So who uses predictive analytics and data mining today? Who are the big-
gest consumers? A third of the applications are centered on marketing 
(Rexer, 2013). This involves activities such as customer segmentation and 
profiling, customer acquisition, customer churn, and customer lifetime 
value management. Another third of the applications are driven by the 
banking, financial services and insurance (BFSI) industry, which uses data 
mining and predictive analytics for activities such as fraud detection and 
risk analysis. Finally the remaining third of applications are spread among 
various industries ranging from manufacturing to technology/Internet, 
medical-pharmaceutical, government, and academia. The activities range 
from traditional sales forecasting to product recommendations to election 
sentiment modeling.

While scientific and engineering applications of predictive modeling are based 
on applying principles of physics or chemistry to develop models, the kind of 
predictive models we describe in this book are built on empirical knowledge, 
more specifically, historical data. As our ability to collect, store, and process 
data has increased in sync with Moore’s Law, which implies that computing 
hardware capabilities double every two years, data mining has found increas-
ing applications in many diverse fields. However, researchers in the area of 
marketing pioneered much of the early work. Olivia Parr Rud, in her Data Min-
ing Cookbook (Parr Rud, 2001) describes an interesting anecdote on how back in 
the early 1990s building a logistic regression model took about 27 hours. More 
importantly, the process of predictive analytics had to be carefully orchestrated 
because a good chunk of model building work is data preparation. So she had 
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to spend a whole week getting her data prepped, and finally submitted the 
model to run on her PC with a 600MB hard disk over the weekend (while pray-
ing that there would be no crashes)! Technology has come a long way in less 
than 20 years. Today we can run logistic regression models involving hundreds 
of predictors with hundreds of thousands of records (samples) in a matter of 
minutes on a laptop computer.

The process of data mining, however, has not changed since those early days 
and is not likely to change much in the foreseeable future. To get meaningful 
results from any data, we will still need to spend a majority of effort prepar-
ing, cleaning, scrubbing, or standardizing the data before our algorithms can 
begin to crunch them. But what may change is the automation available to 
do this. While today this process is iterative and requires analysts’ awareness 
of best practices, very soon we may have smart algorithms doing this for us. 
This will allow us to focus on the most important aspect of predictive ana-
lytics: interpreting the results of the analysis to make decisions. This will also 
increase the reach of data mining to a broader cross section of analysts and 
business users.

So what constitutes data mining? Are there a core set of procedures and prin-
ciples one must master? Finally, how are the two terms—predictive analytics 
and data mining—different? Before we provide more formal definitions in the 
next section, it is interesting to look into the experiences of today’s data min-
ers based on current surveys (Rexer, 2013). It turns out that a vast majority 
of data mining practitioners today use a handful of very powerful techniques 
to accomplish their objectives: decision trees (Chapter 4), regression models 
(Chapter 5), and clustering (Chapter 7). It turns out that even here an 80/20 
rule applies: a majority of the data mining activity can be accomplished using 
relatively few techniques. However, as with all 80/20 rules, the long tail, which 
is made up of a large number of less-used techniques, is where the value lies, 
and for your needs, the best approach may be a relatively obscure technique or 
a combination of several not so commonly used procedures. Thus it will pay 
off to learn data mining and predictive analytics in a systematic way, and that 
is what this book will help you do.

1.1  WHAT DATA MINING IS
Data mining, in simple terms, is finding useful patterns in the data. Being a 
buzzword, there are a wide variety of definitions and criteria for data mining. 
Data mining is also referred to as knowledge discovery, machine learning, and 
predictive analytics. However, each term has a slightly different connotation 
depending upon the context. In this chapter, we attempt to provide a general 
overview of data mining and point out its important features, purpose, taxon-
omy, and common methods.
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Data mining starts with data, which can range from a simple array of a few 
numeric observations to a complex matrix of millions of observations with thou-
sands of variables. The act of data mining uses some specialized computational 
methods to discover meaningful and useful structures in the data. These computa-
tional methods have been derived from the fields of statistics, machine learning, 
and artificial intelligence. The discipline of data mining coexists and is closely 
associated with a number of related areas such as database systems, data cleans-
ing, visualization, exploratory data analysis, and performance evaluation. We can 
further define data mining by investigating some its key features and motivation.

1.1.1  Extracting Meaningful Patterns
Knowledge discovery in databases is the nontrivial process of identifying valid, 
novel, potentially useful, and ultimately understandable patterns or relation-
ships in the data to make important decisions (Fayyad et al., 1996) The term 
“nontrivial process” distinguishes data mining from straightforward statistical 
computations such as calculating the mean or standard deviation. Data min-
ing involves inference and iteration of many different hypotheses. One of the 
key aspects of data mining is the process of generalization of patterns from the 
data set. The generalization should be valid not just for the data set used to 
observe the pattern, but also for the new unknown data. Data mining is also a 
process with defined steps, each with a set of tasks. The term “novel” indicates 
that data mining is usually involved in finding previously unknown patterns 
in the data. The ultimate objective of data mining is to find potentially useful 
conclusions that can be acted upon by the users of the analysis.

1.1.2  Building Representative Models
In statistics, a model is the representation of a relationship between variables 
in the data. It describes how one or more variables in the data are related 
to other variables. Modeling is a process in which a representative abstrac-
tion is built from the observed data set. For example, we can develop a model 
based on credit score, income level, and requested loan amount, to determine 
the interest rate of the loan. For this task, we need previously known observa-
tional data with the credit score, income level, loan amount, and interest rate.  
Figure 1.1 shows the inputs and output of the model. Once the representative 
model is created, we can use it to predict the value of the interest rate, based on 
all the input values (credit score, income level, and loan amount).

In the context of predictive analytics, data mining is the process of building the 
representative model that fits the observational data. This model serves two 
purposes: on the one hand it predicts the output (interest rate) based on the 
input variables (credit score, income level, and loan amount), and on the other 
hand we can use it to understand the relationship between the output variable 
and all the input variables. For example, does income level really matter in 
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determining the loan interest rate? Does income level matter more than credit 
score? What happens when income levels double or if credit score drops by 
10 points? Model building in the context of data mining can be used in both 
predictive and explanatory applications.

1.1.3  Combination of Statistics, Machine Learning,  
and Computing

In the pursuit of extracting useful and relevant information from large data sets, 
data mining derives computational techniques from the disciplines of statistics, 
artificial intelligence, machine learning, database theories, and pattern recog-
nition. Algorithms used in data mining originated from these disciplines, but 
have since evolved to adopt more diverse techniques such as parallel comput-
ing, evolutionary computing, linguistics, and behavioral studies. One of the key 
ingredients of successful data mining is substantial prior knowledge about the 
data and the business processes that generate the data, known as subject matter  
expertise. Like many quantitative frameworks, data mining is an iterative process 
in which the practitioner gains more information about the patterns and rela-
tionships from data in each cycle. The art of data mining combines the knowl-
edge of statistics, subject matter expertise, database technologies, and machine 
learning techniques to extract meaningful and useful information from the data. 
Data mining also typically operates on large data sets that need to be stored, 
processed, and computed. This is where database techniques along with parallel 
and distributed computing techniques play an important role in data mining.

1.1.4  Algorithms
We can also define data mining as a process of discovering previously unknown 
patterns in the data using automatic iterative methods. Algorithms are iterative 
step-by-step procedure to transform inputs to output. The application of sophis-
ticated algorithms for extracting useful patterns from the data differentiates 
data mining from traditional data analysis techniques. Most of these algorithms 
were developed in recent decades and have been borrowed from the fields of 

FIGURE 1.1
Representative model for Predictive Analytics.
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machine learning and artificial intelligence. However, some of the algorithms 
are based on the foundations of Bayesian probabilistic theories and regression 
analysis, originated hundreds of years ago. These iterative algorithms automate 
the process of searching for an optimal solution for a given data problem. 
Based on the data problem, data mining is classified into tasks such as classifi-
cation, association analysis, clustering, and regression. Each data mining task 
uses specific algorithms like decision trees, neural networks, k-nearest neigh-
bors, k-means clustering, among others. With increased research on data min-
ing, the number of such algorithms is increasing, but a few classic algorithms 
remain foundational to many data mining applications.

1.2  WHAT DATA MINING IS NOT
While data mining covers a wide set of techniques, applications, and disci-
plines, not all analytical and discovery methods are considered data mining 
processes. Data mining is usually applied, though not limited to, large data 
sets. Data mining also goes through a defined process of exploration, prepro-
cessing, modeling, evaluation, and knowledge extraction. Here are some com-
monly used data discovery techniques that are not considered data mining, 
even if they operate on large data sets:

 n  Descriptive statistics: Computing mean, standard deviation, and other 
descriptive statistics quantify the aggregate structure of a data set. This is 
essential information to understand any data set, but calculating these 
statistics is not considered a data mining technique. However, they are 
used in the exploration stage of the data mining process.

 n  Exploratory visualization: The process of expressing data in visual 
coordinates enables users to find patterns and relationships in the data 
and comprehend large data sets. Similar to descriptive statistics, they are 
integral in the preprocessing and postprocessing steps in data mining.

 n  Dimensional slicing: Business intelligence and online analytical 
processing (OLAP) applications, which are prevalent in business 
settings, mainly provide information on the data through dimensional 
slicing, filtering ,and pivoting. OLAP analysis is enabled by a unique 
database schema design where the data is organized as dimensions  
(e.g., Products, Region, Date) and quantitative facts or measures (e.g.,  
Revenue, Quantity). With a well-defined database structure, it is easy 
to slice the yearly revenue by products or combination of region and 
products. While these techniques are extremely useful and may provide 
patterns in data (e.g., Candy sales decline after Halloween in the United 
States), this is considered information retrieval and not data mining.

 n  Hypothesis testing: In confirmatory data analysis, experimental data 
is collected to evaluate whether a hypothesis has enough evidence 
to support it or not. There are many types of statistical testing and 
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they have a wide variety of business applications (e.g., A/B testing in 
marketing). In general, data mining is a process where many hypotheses 
are generated and tested based on observational data. Since the data 
mining algorithms are iterative, we can refine the solution in each step.

 n  Queries: Information retrieval systems, like web search engines, use data 
mining techniques like clustering to index vast repositories of data. But 
the act of querying and rendering of the result is not considered a data 
mining process. Query retrieval from databases and slicing and dicing of 
data are not generally considered data mining (Tan et al., 2005).

All of the above techniques are used in the steps of a data mining process and 
are used in conjunction with the term “data mining.” It is important for the 
practitioner to know what makes up a complete data mining process. We will 
discuss the specific steps of a data mining process in the next chapter.

1.3  THE CASE FOR DATA MINING
In the past few decades, we have seen a massive accumulation of data with 
the advancement of information technology, connected networks and 
businesses it enables. This trend is also coupled with steep decline in the 
cost of data storage and data processing. The applications built on these 
advancements like online businesses, social networking, and mobile tech-
nologies unleash a large amount of complex, heterogeneous data that are 
waiting to be analyzed. Traditional analysis techniques like dimensional 
slicing, hypothesis testing, and descriptive statistics can only get us so far 
in information discovery. We need a paradigm to manage massive vol-
ume of data, explore the interrelationships of thousands of variables, and 
deploy machine learning algorithms to deduce optimal insights from the 
data set. We need a set of frameworks, tools, and techniques to intelligently 
assist humans to process all these data and extract valuable information  
(Piatetsky-Shapiro et al., 1996). Data Mining is one such paradigm that  
can handle large volumes with multiple attributes and deploy complex 
algorithms to search for patterns from the data. Let’s explore each key moti-
vation for using data mining techniques.

1.3.1  Volume
The sheer volume of data captured by organizations is exponentially increas-
ing. The rapid decline in storage costs and advancements in capturing every 
transaction and event, combined with the business need to extract all possible 
leverage using data, creates a strong motivation to store more data than ever. A 
study by IDC Corporation in 2012 reported that the volume of recorded digital 
data by 2012 reached 2.8 zettabytes, and less than 1% of the data are currently 
analyzed (Reinsel, December 2012). As data becomes more granular, the need 
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for using large volume data to extract information increases. A rapid increase in 
the volume of data exposes the limitations of current analysis methodologies. 
In a few implementations, the time to create generalization models is quite 
critical and data volume plays a major part in determining the time to devel-
opment and deployment.

1.3.2  Dimensions
The three characteristics of the Big Data phenomenon are high volume, high 
velocity, and high variety. Variety of data relates to multiple types of values 
(numerical, categorical), formats of data (audio files, video files), and appli-
cation of data (location coordinates, graph data). Every single record or data 
point contains multiple attributes or variables to provide context for the 
record. For example, every user record of an ecommerce site can contain attri-
butes such as products viewed, products purchased, user demographics, fre-
quency of purchase, click stream, etc. Determining what is the most effective 
offer an ecommerce user will respond to can involve computing information 
along all these attributes. Each attribute can be thought as a dimension in the 
data space. The user record has multiple attributes and can be visualized in 
multidimensional space. Addition of each dimension increases the complexity 
of analysis techniques.

A simple linear regression model that has one input dimension is relatively 
easier to build than multiple linear regression models with multiple dimen-
sions. As the dimensional space of the data increases, we need an adaptable 
framework that can work well with multiple data types and multiple attributes. 
In the case of text mining, a document or article becomes a data point with 
each unique word as a dimension. Text mining yields a data set where the 
number of attributes ranges from a few hundred to hundreds of thousands of 
attributes.

1.3.3  Complex Questions
As more complex data are available for analysis, the complexity of information 
that needs to get extracted from the data is increasing as well. If we need to 
find the natural clusters in a data set with hundreds of dimensions, traditional 
analysis like hypothesis testing techniques cannot be used in a scalable fash-
ion. We need to leverage machine-learning algorithms to automate searching 
in the vast search space.

Traditional statistical analysis approaches a data analysis problem by assum-
ing a stochastic model to predict a response variable based on a set of input 
variables. Linear regression and logistic regression analysis are classic examples 
of this technique where the parameters of the model are estimated from the 
data. These hypothesis-driven techniques were highly successful in modeling 
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simple relationships between response and input variables. However, there is 
a significant need to extract nuggets of information from large, complex data 
sets, where the use of traditional statistical data analysis techniques is limited 
(Breiman, 2001)

Machine learning approach the problem of modeling by trying to find an 
algorithmic model that can better predict the output from input variables. 
The algorithms are usually recursive and in each cycle estimate the output and 
“learn” from the predictive errors of previous steps. This route of modeling 
greatly assists in exploratory analysis since the approach here is not validating 
a hypothesis but generating a multitude of hypotheses for a given problem. In 
the context of the data problems we face today, we need to deploy both tech-
niques. John Tuckey, in his article “We need both exploratory and confirma-
tory,” stresses the importance of both exploratory and confirmatory analysis 
techniques (Tuckey, 1980). In this book, we discuss a range of data mining 
techniques, from traditional statistical modeling techniques like regressions 
to machine-learning algorithms.

1.4  TYPES OF DATA MINING
Data mining problems can be broadly categorized into supervised or unsuper-
vised learning models. Supervised or directed data mining tries to infer a func-
tion or relationship based on labeled training data and uses this function to 
map new unlabeled data. Supervised techniques predict the value of the out-
put variables based on a set of input variables. To do this, a model is developed 
from a training data set where the values of input and output are previously 
known. The model generalizes the relationship between the input and out-
put variables and uses it to predict for the data set where only input variables 
are known. The output variable that is being predicted is also called a class 
label or target variable. Supervised data mining needs a sufficient number of 
labeled records to learn the model from the data. Unsupervised or undirected 
data mining uncovers hidden patterns in unlabeled data. In unsupervised data 
mining, there are no output variables to predict. The objective of this class of 
data mining techniques is to find patterns in data based on the relationship 
between data points themselves. An application can employ both supervised 
and unsupervised learners.

Data mining problems can also be grouped into classification, regression, 
association analysis, anomaly detection, time series, and text mining tasks  
(Figure 1.2). This book is organized around these data mining tasks. We pres-
ent an overview of the types of data mining in this chapter and will provide 
an in-depth discussion of concepts and step-by-step implementations of many 
important techniques in the following chapters.
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Classification and regression techniques predict a target variable based on input 
variables. The prediction is based on a generalized model built from a previ-
ously known data set. In regression tasks, the output variable is numeric (e.g., the 
mortgage interest rate on a loan). Classification tasks predict output variables, 
which are categorical or polynomial (e.g., the yes or no decision to approve a 
loan). Clustering is the process of identifying the natural groupings in the data 
set. For example, clustering is helpful in finding natural clusters in customer  
data sets, which can be used for market segmentation. Since this is unsupervised 
data mining, it is up to the end user to investigate why these clusters are formed 
in the data and generalize the uniqueness of each cluster. In retail analytics, it is 
common to identify pairs of items that are purchased together, so that specific 
items can be bundled or placed next to each other. This task is called market bas-
ket analysis or association analysis, which is commonly used in recommendation 
engines.

Anomaly or outlier detection identifies the data points that are significantly 
different from other data points in the data set. Credit card transaction fraud 
detection is one of the most prolific applications of anomaly detection. Time 
series forecasting can be either a special use of regression modeling (where  
models predict the future value of a variable based on the past value of the 
same variable) or a sophisticated averaging or smoothing technique (for exam-
ple, daily weather prediction based on the past few years of daily data).

Text Mining is a data mining application where the input data is text, which  
can be in the form of documents, messages, emails, or web pages. To aid the 
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data mining on text data, the text files are converted into document vectors 
where each unique word is considered an attribute. Once the text file is con-
verted to document vectors, standard data mining tasks such as classification, 
clustering, etc. can be applied on text files. The Feature selection is a process in 
which attributes in a data set is reduced to a few attributes that really matter.

A complete data mining application can contain elements of both supervised 
and unsupervised techniques. Unsupervised techniques provide an increased 
understanding of the data set and hence are sometimes called descriptive data 
mining. As an example of how both unsupervised and supervised data mining 
can be combined in an application, consider the following scenario. In mar-
keting analytics, clustering can be used to find the natural clusters in customer 
records. Each customer is assigned a cluster label at the end of the clustering 
process. A labeled customer data set can now be used to develop a model that 
assigns a cluster label for any new customer record with a supervised classifi-
cation technique.

1.5  DATA MINING ALGORITHMS
An algorithm is a logical step-by-step procedure for solving a problem. In data 
mining, it is the blueprint for how a particular data problem is solved. Many of the 
algorithms are recursive, where a set of steps are repeated many times until a limit-
ing condition is met. Some algorithms also contain a random variable as an input, 
and are aptly called randomized algorithms. A data mining classification task can 
be solved using many different approaches or algorithms such as decision trees, 
artificial neural networks, k-nearest neighbors (k-NN), and even some regression 
algorithms. The choice of which algorithm to use depends on the type of data set, 
objective of the data mining, structure of the data, presence of outliers, available 
computational power, number of records, number of attributes, and so on. It is up 
to the data mining practitioner to make a decision about what algorithm(s) to use 
by evaluating the performance of multiple algorithms. There have been hundreds 
of algorithms developed in the last few decades to solve data mining problems. In 
the next few chapters, we will discuss the inner workings of the most important 
and diverse data mining algorithms and their implementations.

Data mining algorithms can be implemented by custom-developed computer 
programs in almost any computer language. This obviously is a time-consuming  
task. In order for us to focus our time on data and algorithms, we can 
leverage data mining tools or statistical programing tools, like R, Rapid-
Miner, SAS Enterprise Miner, IBM SPSS, etc., which can implement these 
algorithms with ease. These data mining tools offer a library of algorithms 
as functions, which can be interfaced through programming code or config-
uration through graphical user interfaces. Table 1.1 provides a summary of 
data mining tasks with commonly used algorithmic techniques and exam-
ple use cases.



111.6 Roadmap for Upcoming Chapters

1.6  ROADMAP FOR UPCOMING CHAPTERS
It’s time to explore data mining and predictive analytics techniques in more 
detail. In the next couple of chapters, we provide an overview of the data min-
ing process and data exploration techniques. The following chapters present 
the main body of this book: the concepts behind each predictive analytics or 
descriptive data mining algorithm and a practical use case (or two) for each. You 
don’t have to read the chapters in a sequence. We have organized this book in 
such a way that you can directly start reading about the data mining tasks and 
algorithms you are most interested in. Within each chapter focused on a tech-
nique (e.g., decision tree, k-means clustering), we start with a general overview, 
and then present the concepts and the logic of the algorithm and how it works 
in plain language. Later we show how the algorithm can be implemented using 
RapidMiner. RapidMiner is a widely known and used software tool for data min-
ing and predictive analytics (Piatetsky, 2014) and we have chosen it particularly 
for ease of implementation using GUI and it is a open source data mining tool. 
We conclude each chapter with some closing thoughts and list further reading 
materials and references. Here is a roadmap of the book.

Table 1.1 Data Mining Tasks and Examples

Tasks Description Algorithms Examples

Classification Predict if a data point belongs to 
one of the predefined classes. 
The prediction will be based on 
learning from a known data set.

Decision trees, neural 
networks, Bayesian models, 
induction rules, k-nearest 
neighbors

Assigning voters into known 
buckets by political parties, 
e.g., soccer moms
Bucketing new customers 
into one of the known cus-
tomer groups

Regression Predict the numeric target label 
of a data point. The prediction 
will be based on learning from a 
known data set.

Linear regression, logistic 
regression

Predicting unemployment 
rate for next year
Estimating insurance pre-
mium

Anomaly detection Predict if a data point is an outlier 
compared to other data points in 
the data set.

Distance based, density 
based, local outlier factor 
(LOF)

Fraud transaction detection 
in credit cards
Network intrusion detection

Time series Predict the value of the target 
variable for a future time frame 
based on historical values.

Exponential smoothing, 
autoregressive integrated 
moving average (ARIMA), 
regression

Sales forecasting, produc-
tion forecasting, virtually any 
growth phenomenon that 
needs to be extrapolated

Clustering Identify natural clusters within the 
data set based on inherit proper-
ties within the data set.

k-means, density-based 
clustering (e.g., density- 
based spatial clustering 
of applications with noise 
[DBSCAN])

Finding customer segments 
in a company based on 
transaction, web, and cus-
tomer call data

Association 
analysis

Identify relationships within an 
item set based on transaction 
data.

Frequent Pattern Growth 
(FP-Growth) algorithm, Apri-
ori algorithm

Find cross-selling opportu-
nities for a retailer based on 
transaction purchase history
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1.6.1  Getting Started with Data Mining
Successfully uncovering patterns in a data set is an iterative process. Chapter 2 
Data Mining Process provides a framework to solve data mining problems. A 
five-step process outlined in this chapter provides guidelines on gathering sub-
ject matter expertise; exploring the data with statistics and visualization; build-
ing a model using data mining algorithms; testing the model and deploying 
in production environment; and finally reflecting on new knowledge gained 
in the cycle.

A simple data exploration either visually or with the help of basic statistical 
analysis can sometimes answer seemingly tough questions meant for data 
mining. Chapter 3 Data Exploration covers some of the basic tools used in 
knowledge discovery before deploying data mining techniques. These practical 
tools increase one’s understanding of the data and are quite essential in under-
standing the results of data mining process.

1.6.2  An Interlude…
Before we dive into the key data mining techniques and algorithms, we want 
to point out two specific things regarding how you can implement Data Min-
ing algorithms while reading this book. We believe learning the concepts 
and implementation immediately after enhances the learning experience. 
All of the predictive modeling and data mining algorithms explained in the 
following chapters are implemented in RapidMiner. First, we recommend 
that you download the free version of RapidMiner software from http://www.
rapidminer.com (if you have not done so already) and second, review the 
first couple of sections of Chapter 13 Getting Started with RapidMiner to 
familiarize yourself with the features of the tool, its basic operations, and 
the user interface functionality. Acclimating with RapidMiner will be helpful 
while using the algorithms that are discussed in the following chapters. This 
chapter is set at the end of the book because some of the later sections in the 
chapter build upon the material presented in the chapters on algorithms; 
however the first few sections are a good starting point for someone who is 
not yet familiar with the tool.

Each chapter has a data set we use to describe the 
concept of a particular data mining task and in most cases 
the same data set is used for implementation. Step-by-
step instructions on practicing data mining on the data 
set are covered in every algorithm that is discussed in the 
upcoming chapters. All the implementations discussed 

in the book are available at the companion website of the 
book at www.LearnPredictiveAnalytics.com.  
Though not required, we encourage you to access these 
files to aid your learning. You can download the data 
set, complete RapidMiner processes (*.rmp files), and 
many more relevant electronic files from this website.

http://www.rapidminer.com/
http://www.rapidminer.com/
http://www.learnpredictiveanalytics.com/
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1.6.3  The Main Event: Predictive Analytics and Data Mining 
Algorithms

Classification is the most widely used data mining task in businesses. As a 
predictive analytics task, the objective of a classification model is to pre-
dict a target variable that is binary (e.g., a loan decision) or categorical 
(e.g., a customer type) when a set of input variables are given (e.g., credit 
score, income level, etc.). The model does this by learning the generalized 
relationship between the predicted target variable with all other input attri-
butes from a known data set. There are several ways to skin this cat. Each 
algorithm differs by how the relationship is extracted from the known data, 
called a “training” data set. Chapter 4 on classification addresses several of 
these methods.

 n  Decision trees approach the classification problem by partitioning the 
data into “purer” subsets based on the values of the input attributes. 
The attributes that help achieve the cleanest levels of such separation are 
considered significant in their influence on the target variable and end 
up at the root and closer-to-root levels of the tree. The output model is 
a tree framework than can be used for the prediction of new unlabeled 
data.

 n  Rule induction is a data mining process of deducing IF-THEN rules from 
a dataset or from decision trees. These symbolic decision rules explain 
an inherent relationship between the attributes and labels in the data 
set that can be easily understood by everyone.

 n  Naïve Bayesian algorithms provide a probabilistic way of building 
a model. This approach calculates the probability for each value of 
the class variable for given values of input variables. With the help 
of conditional probabilities, for a given unknown record, the model 
calculates the outcome of all values of target classes and comes up with 
a predicted winner.

 n  Why go through the trouble of extracting complex relationships from 
the data when we can just memorize entire training data set and pretend 
we have generalized the relationship? This is exactly what the k-nearest 
neighbor algorithm does, and it is therefore called a “lazy” learner where 
the entire training data set is memorized as the model.

 n  Neurons are the nerve cells that connect with each other to form 
a biological neural network. The working of these interconnected 
nerve cells inspired the solution of some complex data problems 
by the creation of artificial neural networks. The neural networks 
section provides a conceptual background of how a simple neural 
network works and how to implement one for any general prediction 
problem.
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 n  Support vector machines (SVMs) were developed to address optical 
character recognition problems: how can we train an algorithm to detect 
boundaries between different patterns and thus identify characters? 
SVMs can therefore identify if a given data sample belongs within a 
boundary (in a particular class) or outside it (not in the class).

 n  Ensemble learners are “meta” models where the model is a combination 
of several different individual models. If certain conditions are met, 
ensemble learners can gain from the wisdom of crowds and greatly 
reduce the generalization error in data mining.

The simple mathematical equation y = ax + b is a linear regression model. 
Chapter 5 Regression Methods describes a class of predictive analytics tech-
niques in which the target variable (e.g., interest rate or a target class) is func-
tionally related to input variables.

 n  Linear regression: The simplest of all function fitting models is based 
on a linear equation, as mentioned above. Polynomial regression 
uses higher-order equations. No matter what type of equation is 
used, the goal is to represent the variable to be predicted in terms 
of other variables or attributes. Further, the predicted variable and 
the independent variables all have to be numeric for this to work. 
We explore the basics of building regression models and show how 
predictions can be made using such models.

 n  Logistic regression: It addresses the issue of predicting a target variable 
that may be binary or binomial (such as 1 or 0, yes or no) using 
predictors or attributes, which may be numeric.

Supervised data mining or predictive analytics predict the value of the target 
variables. In the next two chapters, we review two important unsupervised data 
mining tasks: Association analysis in Chapter 6 and Clustering in Chapter 7. Ever 
heard of the beer and diaper association in supermarkets? Apparently, a super-
market discovered that customers who buy diapers also tend to buy beer. While 
this may have been an urban legend, the observation has become a poster child 
for association analysis. Associating an item in a transaction with another item 
in the transaction to determine the most frequently occurring patterns is termed 
association analysis. This technique is about, for example, finding relationships 
between products in a supermarket based on purchase data, or finding related 
web pages in a website based on click stream data. This data mining application 
is widely used in retail, ecommerce, and media to creatively bundle products.

Clustering is the data mining task of identifying natural groups in the data. For an 
unsupervised data mining task, there is no target class variable to predict. After 
the clustering is performed, each record in the data set is associated with one 
or more cluster. Widely used in marketing segmentations and text mining, clus-
tering can be performed by a wide range of algorithms. In Chapter 7, we will 
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discuss three common algorithms with diverse identification approaches. The 
k-means  clustering technique identifies a cluster based on a central prototype 
record. DBSCAN  clustering partitions the data based on variation in the density 
of records in a data set. Self-organizing maps (SOM) create a two-dimensional grid 
where all the records related with each other are placed next to each other.

How do we determine which algorithms work best for a given data set? 
Or for that matter how do we objectively quantify the performance of any 
algorithm on a data set? These questions are addressed in Chapter 8 Model 
Evaluation, which covers performance evaluation. We describe the most 
commonly used tools for evaluating classification models such as a confu-
sion matrix, ROC curves, and lift charts.

1.6.4  Special Applications
Chapter 9 Text Mining provides a detailed look into the emerging area of text 
mining and text analytics. It starts with a background on the origins of text min-
ing and provides the motivation for this fascinating topic using the example of 
IBM’s Watson, the Jeopardy!-winning computer program that was built almost 
entirely using concepts from text and data mining. The chapter introduces some 
key concepts important in the area of text analytics such as term frequency–
inverse document frequency (TF-IDF) scores. Finally it describes two hands-on 
case studies in which the reader is shown how to use RapidMiner to address 
problems like document clustering and automatic gender classification based 
on text content.

Forecasting is a very common application of time series analysis. Companies 
use sales forecasts, budget forecasts, or production forecasts in their planning 
cycles. Chapter 10 on Time Series Forecasting starts by pointing out the clear 
distinction between standard supervised predictive models and time series 
forecasting models. It provides a basic introduction to the different time series 
methods ranging from data-driven moving averages to exponential smooth-
ing, and model-driven forecasts including polynomial regression and lag-series 
based ARIMA methods.

Chapter 11 on Anomaly Detection describes how outliers in data can be detected 
by combining multiple data mining tasks like classification, regression, and cluster-
ing. The fraud alert received from credit card companies is the result of an anomaly 
detection algorithm. The target variable to be predicted is whether a transaction is 
an outlier or not. Since clustering tasks identify outliers as a cluster, distance-based 
and density-based clustering techniques can be used in anomaly detection tasks.

In predictive analytics, the objective is to develop a representative model to 
generalize the relationship between input attributes and target attributes, 
so that we can predict the value or class of the target variables. Chapter 12 
introduces a preprocessing step that is often critical for a successful predictive 
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modeling exercise: feature selection. Feature selection is known by several alter-
native terms such as attribute weighting, dimension reduction, and so on. 
There are two main styles of feature selection: filtering the key attributes before 
modeling (filter style) or selecting the attributes during the process of model-
ing (wrapper style). We discuss a few filter-based methods such as principal 
component analysis (PCA), information gain, and chi-square, and a couple of 
wrapper-type methods like forward selection and backward elimination. Even 
in just one data mining algorithm, there are many different ways to tweak the 
parameters and even the sampling for training data set.

If you are not familiar with RapidMiner, the first few sections of Chapter 13 
Getting Started with RapidMiner should provide a good overview, while the 
latter sections of this chapter discuss some of the commonly used productiv-
ity tools and techniques such as data transformation, missing value handling, 
and process optimizations using RapidMiner. As mentioned earlier, while each 
chapter is more or less independent, some of the concepts in Chapters 8 Model 
Evaluation and later build on the material from earlier chapters and for begin-
ners we recommend going in order. However, if you are familiar with the stan-
dard terminology and with RapidMiner, you are not constrained to move in 
any fashion.
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CHAPTER 2

The methodological discovery of useful relationships and patterns in data 
is enabled by a set of iterative activities known as data mining process. The 
standard data mining process involves (1) understanding the problem,  
(2) preparing the data samples, (3) developing the model, (4) applying 
the model on a data set to see how the model may work in real world, and  
(5) production deployment. Over the years of evolution of data mining prac-
tices, different frameworks for the data mining process have been put forward 
by various academic and commercial bodies. In this chapter, we will discuss 
the key steps involved in building a successful data mining solution. The 
framework we put forward in this chapter is synthesized from a few data min-
ing frameworks, and is explained using a simple example data set. This chapter 
serves as a high-level roadmap in building deployable data mining models, 
and discusses the challenges faced in each step, as well as important consider-
ations and pitfalls to avoid. Most of the concepts discussed in this chapter are 
reviewed later in the book with detailed explanations and examples.

One of the most popular data mining process frameworks is CRISP-DM, which 
is an acronym for Cross Industry Standard Process for Data Mining. This frame-
work was developed by a consortium of many companies involved in data 
mining (Chapman et al., 2000). The CRISP-DM process is the most widely 
adopted framework for developing data mining solutions. Figure 2.1 provides 
a visual overview of the CRISP-DM framework. Other data mining frameworks 
are SEMMA, which is an acronym for Sample, Explore, Modify, Model, and 
Assess, developed by the SAS Institute (SAS Institute, 2013); DMAIC, which is 
an acronym for Define, Measure, Analyze, Improve and Control, used in Six 
Sigma practice (Kubiak & Benbow, 2005); and the Selection, Preprocessing, 
Transformation, Data Mining, Interpretation, and Evaluation framework used 
in the knowledge discovery in databases (KDD) process (Fayyad et al., 1996). 
We feel all these frameworks exhibit common characteristics and hence we will 
be using a generic framework closely resembling the CRISP process. As with 
any process framework, a data mining process recommends the performance 
of a certain set of tasks to achieve optimal output. The process of extracting 
information from the data is iterative. The steps within the data mining process 

Data Mining Process



18 CHAPTER 2: Data Mining Process

are not linear and have many loops, going back and forth between steps and at 
times going back to the first step to redefine data mining problem statement.

The data mining process presented in Figure 2.2 is a generic set of steps that is 
business, algorithm, and, data mining tool agnostic. The fundamental objective 
of any process that involves data mining is to address the analysis question. The 
problem at hand could be segmentation of customers or predicting climate 
patterns or a simple data exploration. The algorithm used to solve the busi-
ness question could be automated clustering or an artificial neural network. 
The software tools to develop and implement the data mining algorithm used 
could be custom coding, IBM SPSS, SAS, R, or RapidMiner, to mention a few.

Data mining, specifically in the context of big data, has gained a lot of importance 
in the last few years. Perhaps the most visible and discussed part of data mining 
is the third step: modeling. It involves building representative models that can be 
derived from the sample data set and can be used for either predictions (predictive 
modeling) or for describing the underlying pattern in the data (descriptive or explan-
atory modeling). Rightfully so, there is plenty of academic and business research in 
this step and we have dedicated most of the book to discussing various algorithms 
and quantitative foundations that go with it. We specifically wish to emphasize 

Business
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Deployment
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Evaluation
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FIGURE 2.1
CRISP data mining framework.
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considering data mining as an end-to-end, multistep, iterative process instead of 
just a model building step. Seasoned data mining practitioners can attest to the fact 
that the most time-consuming part of the overall data mining process is not the 
model building part, but the preparation of data, followed by data and business 
understanding. There are many data mining tools, both open source and com-
mercial, available in the market that can automate the model building. The most 
commonly used tools are RapidMiner, R, Weka, SAS, SPSS, Oracle Data Miner, 
Salford, Statistica, etc. (Piatetsky, 2014). Asking the right business questions, gain-
ing in-depth business understanding, sourcing and preparing the data for the data 
mining task, mitigating implementation considerations, and, most useful of all, 
gaining knowledge from the data mining process, remains crucial to the success 
of the data mining process. Lets get started with Step 1: Framing the data mining 
question and understanding the context.

2.1  PRIOR KNOWLEDGE
Prior knowledge refers to information that is already known about a subject. 
The objective of data mining doesn’t emerge in isolation; it always develops 
on top of existing subject matter and contextual information that is already 
known. The prior knowledge step in the data mining process helps to define 
what problem we are solving, how it fits in the business context, and what data 
we need to solve the problem.

FIGURE 2.2
Data mining process.
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2.1.1  Objective
The data mining process starts with an analysis need, a question or a business 
objective. This is possibly the most important step in the data mining pro-
cess (Shearer, 2000). Without a well-defined statement of the problem, it is 
impossible to come up with the right data set and pick the right data mining 
algorithm. Even though the data mining process is a sequential process and it 
is common to go back to previous steps and revise the assumptions, approach, 
and tactics. It is imperative to get the objective of the whole process right, even 
if it is exploratory data mining.

We are going to explain the data mining process using an hypothetical  example. 
Let’s assume we are in the consumer loan business, where a loan is provisioned 
for individuals with the collateral of assets like a home or car, i.e., a mortgage or 
an auto loan. As many home owners know, an important component of the loan, 
for the borrower and the lender, is the interest rate at which the borrower repays 
the loan on top of the principal. The interest rate on a loan depends on a gamut 
of variables like the current federal funds rate as determined by the central bank, 
borrower’s credit score, income level, home value, initial deposit (down payment) 
amount, current assets and liabilities of the borrower, etc. The key factor here is 
whether the lender sees enough reward (interest on the loan) for the risk of losing 
the principal (borrower’s default on the loan). In an individual case, the status of 
default of a loan is Boolean; either one defaults or not, during the period of the 
loan. But, in a group of tens of thousands of borrowers, we can find the default 
rate—a continuous numeric variable that indicates the percentage of borrowers 
who default on their loans. All the variables related to the borrower like credit 
score, income, current liabilities, etc. are used to assess the default risk in a related 
group; based on this, the interest rate is determined for a loan. The business objec-
tive of this hypothetical use case is: If we know the interest rate of past borrowers with 
a range of credit scores, can we predict interest rate for a new borrower?

2.1.2  Subject Area
The process of data mining uncovers hidden patterns in the data set by expos-
ing relationships between attributes. But the issue is that it uncovers a lot of 
patterns. False signals are a major problem in the process. It is up to the data 
mining practitioner to filter through the patterns and accept the ones that are 
valid and relevant to answer the objective question. Hence, it is essential to 
know the subject matter, the context, and the business process generating the 
data.

The lending business is one of the oldest, most prevalent, and complex of 
all the businesses. If the data mining objective is to predict the interest rate, 
then it is important to know how the lending business works, why the predic-
tion matters, what we do once we know the predicted interest rate, what data 
points can be collected from borrowers, what data points cannot be collected  
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because of regulations, what other external factors can affect the interest rate, 
how we verify the validity of the outcome, and so forth. Understanding cur-
rent models and business practices lays the foundation and establishes known 
knowledge. Analysis and mining the data provides the new knowledge that can 
be built on top of existing knowledge (Lidwell et al., 2003).

2.1.3  Data
Similar to prior knowledge in the subject area, there also exists prior knowledge 
in data. Data is usually collected as part of business processes in a  typical enter-
prise. Understanding how the data is collected, stored, transformed, reported, 
and used is essential for the data mining process. This part of the step considers 
all the data available to answer the business question and if needed, what data 
needs to be sourced from the data sources. There are quite a range of factors to 
consider: quality of the data, quantity of data, availability of data, what hap-
pens when data is not available, does lack of data compel the practitioner to 
change the business question, etc. The objective of this step is to come up with 
a data set, the mining of which answers the business question(s). It is critical to 
recognize that a model is only as good as the data used to create it.

For the lending example, we have put together an artificial data set of ten data 
points with three attributes: identifier, credit score, and interest rate. First, let’s 
look at some of the terminology used in the data mining process in relation to 
describing the data.

 n  A data set (example set) is a collection of data with a defined structure. 
Table 2.1 shows a data set. It has a well-defined structure with 10 rows 
and 3 columns along with the column headers.

 n  A data point (record or data object or example) is a single instance in the 
data set. Each row in Table 2.1 is a data point. Each instance contains 
the same structure as the data set.

Table 2.1 Data Set

Borrower ID Credit Score Interest Rate

01 500 7.31%
02 600 6.70%
03 700 5.95%
04 700 6.40%
05 800 5.40%
06 800 5.70%
07 750 5.90%
08 550 7.00%
09 650 6.50%

10 825 5.70%
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 n  An attribute (feature or input or dimension or variable or predictor) is a 
single property of the data set. Each column in Table 2.1 is an attribute. 
Attributes can be numeric, categorical, date-time, text, or Boolean data 
types. In this example, credit score and interest rate are numeric attribute.

 n  A label (class label or output or prediction or target or response) is the 
special attribute that needs to be predicted based on all input attributes. 
In Table 2.1, interest rate is the output variable.

 n  Identifiers are special attributes that are used for locating or providing 
context to individual records. For example, common attributes like 
Names, account numbers, employee ID are identifier attributes. 
Identifiers are often used as lookup keys to combine multiple data sets. 
They bear no information that is suitable for building data mining 
models and should thus be excluded for the actual modeling step. In 
Table 2.1, the ID is the identifier.

2.1.4  Causation vs. Correlation
Let’s invert our prediction objective: Based on the data in Table 2.1, can we predict 
the credit score of the borrower based on interest rate? The answer is yes—but it doesn’t 
make business sense. From existing domain expertise, we know credit score influ-
ences the loan interest rate. Predicting credit score based on interest rate inverses 
that causation relationship. This question also exposes one of the key aspects of 
model building. The correlation between the input and output attributes doesn’t 
guarantee causation. Hence, it is very important to frame the data mining question 
correctly using the existing domain and data knowledge. In this data mining exam-
ple, we are going to predict the interest rate of the new borrower with unknown 
interest rate (Table 2.2) based on the pattern learned from known data in Table 2.1.

2.2  DATA PREPARATION
Preparing the data set to suit a data mining task is the most time-consuming part 
of the process. Very rarely data are available in the form required by the data min-
ing algorithms. Most of the data mining algorithms would require data to be struc-
tured in a tabular format with records in rows and attributes in columns. If the data 
is in any other format, then we would need to transform the data by applying pivot 
or transpose functions, for example, to condition the data into required structure. 
What if there are incorrect data? Or missing values? For example, in hospital health 
records, if the height field of a patient is shown as 1.7 centimeters, then the data is 

Table 2.2 New Data with Unknown Interest Rate

Borrower ID Credit Score Interest Rate

11 625 ?
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obviously wrong. For some records height may not be captured in the first place 
and left blank. Following are some of the activities performed in Data Preparation 
stage, along with common challenges and mitigation strategies.

2.2.1  Data Exploration
Data preparation starts with an in-depth exploration of the data and gain-
ing more understanding of the data set. Data exploration, also known as 
Exploratory Data Analysis (EDA), provides a set of simple tools to achieve basic  
understanding of the data. Basic exploration approaches involve computing 
descriptive statistics and visualization of data. Basic exploration can expose the 
structure of the data, the distribution of the values, the presence of extreme values 
and highlights the interrelationships within the data set. Descriptive statistics like 
mean, median, mode, standard deviation, and range for each attribute provide an 
easily readable summary of the key characteristics of the distribution of the data. 
On the other hand, a visual plot of data points provides an instant grasp of all the 
data points condensed into one chart. Figure 2.3 shows the scatterplot of credit 
score vs. loan interest rate and we can observe that as credit score increases, interest 
rate decreases. We will review more data exploration techniques in Chapter 3. In 
general, a data set sourced to answer a business question has to be analyzed, pre-
pared, and transformed before applying algorithms and creating models.
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FIGURE 2.3
Scatterplot for interest rate data set.
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2.2.2  Data Quality
Data quality is an ongoing concern wherever data is collected, processed, and 
stored. In the data set used as an example (Table 2.1), how do we know if the 
credit score and interest rate data are accurate? What if a credit score has a 
recorded value of 900 (beyond the theoretical limit) or if there was a data entry 
error? These errors in data will impact the representativeness of the model. 
Organizations use data cleansing and transformation techniques to improve 
and manage the quality of data and store them in companywide repositories 
called Data Warehouses. Data sourced from well-maintained data warehouses 
have higher quality, as there are proper controls in place to ensure a level of 
data accuracy for new and existing data. The data cleansing practices include 
elimination of duplicate records, quarantining outlier records that exceed the 
bounds, standardization of attribute values, substitution of missing values, etc. 
Regardless, it is critical to check the data using data exploration techniques in 
addition to using prior knowledge of the data and business before building 
models to ensure a certain degree of data quality.

2.2.3  Missing Values
One of the most common data quality issues is that some records having miss-
ing attribute values. For example, a credit score may be missing in one of the 
records. There are several different mitigation methods to deal with this prob-
lem, but each method has pros and cons. The first step in managing missing 
values is to understand the reason behind why the values are missing. Tracking 
the data lineage of the data source can lead to identifying systemic issues in 
data capture, errors in data transformation, or there may be a phenomenon 
that is not understood to the user yet. Knowing the source of a missing value 
will often guide what mitigation methodology to use. We can substitute the 
missing value with a range of artificial data so that we can manage the issue 
with marginal impact on the later steps in data mining. Missing credit score 
values can be replaced with a credit score derived from the data set (mean or 
minimum or maximum value, depending on the characteristics of the attri-
bute). This method is useful if the missing values occur completely randomly 
and the frequency of occurrence is quite rare. If not, the distribution of the 
attribute that has missing data will be distorted. Alternatively, to build the rep-
resentative model, we can ignore all the data records with missing value or 
records with poor data quality. This method reduces the size of the data set. 
Some data mining algorithms are good at handling records with missing val-
ues, while others expect the data preparation step to handle it before model 
is built and applied. For example, k-nearest neighbor (k-NN) algorithm for 
 classification tasks are often robust with missing values. Neural network mod-
els for classification tasks do not perform well with missing attributes and thus 
the data preparation step is essential for developing neural network models.


