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Chapter 4 ¢ Data Mining Process, Methods, and Algorithms

step, the main activity of the data mining process is to identify the relevant data from
many available databases. Some key points must be considered in the data iden-
tification and selection phase. First and foremost, the analyst should be clear and
concise about the description of the data mining task so that the most relevant data
can be identified. For example, a retail data mining project could seek to identify
spending behaviors of female shoppers who purchase seasonal clothes based on their
demographics, credit card transactions, and socioeconomic attributes. Furthermore,
the analyst should build an intimate understanding of the data sources (e.g., where
the relevant data are stored and in what form; what the process of collecting the data
is—automated versus manual; who the collectors of the data are and how often the
data are updated) and the variables (e.g., What are the most relevant variables? Are
there any synonymous and/or homonymous variables? Are the variables independent
of each other—do they stand as a complete information source without overlapping or
conflicting information?).

To better understand the data, the analyst often uses a variety of statistical and
graphical techniques, such as simple statistical summaries of each variable (e.g., for nu-
meric variables, the average, minimum/maximum, median, and standard deviation are
among the calculated measures whereas for categorical variables, the mode and fre-
quency tables are calculated), and correlation analysis, scatterplots, histograms, and box
plots can be used. A careful identification and selection of data sources and the most
relevant variables can make it easier for data mining algorithms to quickly discover useful
knowledge patterns.

Data sources for data selection can vary. Traditionally, data sources for business
applications include demographic data (such as income, education, number of house-
holds, and age), sociographic data (such as hobby, club membership, and entertain-
ment), transactional data (sales record, credit card spending, issued checks), and so on.
Today, data sources also use external (open or commercial) data repositories, social
media, and machine-generated data.

Data can be categorized as quantitative and qualitative. Quantitative data are mea-
sured using numeric values, or numeric data. They can be discrete (such as integers)
or continuous (such as real numbers). Qualitative data, also known as categorical data,
contain both nominal and ordinal data. Nominal data have finite nonordered values
(e.g., gender data, which have two values: male and female). Ordinal data have finite
ordered values. For example, customer credit ratings are considered ordinal data because
the ratings can be excellent, fair, and bad. A simple taxonomy of data (i.e., the nature of
data) is provided in Chapter 3.

Quantitative data can be readily represented by some sort of probability distribu-
tion. A probability distribution describes how the data are dispersed and shaped. For
instance, normally distributed data are symmetric and are commonly referred to as being
a bell-shaped curve. Qualitative data can be coded to numbers and then described by
frequency distributions. Once the relevant data are selected according to the data mining
business objective, data preprocessing should be pursued.

Step 3: Data Preparation

The purpose of data preparation (more commonly called data preprocessing) is to take
the data identified in the previous step and prepare it for analysis by data mining meth-
ods. Compared to the other steps in CRISP-DM, data preprocessing consumes the most
time and effort; most people believe that this step accounts for roughly 80 percent of
the total time spent on a data mining project. The reason for such an enormous effort
spent on this step is the fact that real-world data are generally incomplete (lacking at-
tribute values, lacking certain attributes of interest, or containing only aggregate data),
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noisy (containing errors or outliers), and inconsistent (containing discrepancies in codes
or names). The nature of the data and the issues related to the preprocessing of data for
analytics are explained in detail in Chapter 3.

Step 4: Model Building

In this step, various modeling techniques are selected and applied to an already prepared
data set to address the specific business need. The model-building step also encompasses
the assessment and comparative analysis of the various models built. Because there is not
a universally known best method or algorithm for a data mining task, one should use a
variety of viable model types along with a well-defined experimentation and assessment
strategy to identify the “best” method for a given purpose. Even for a single method or
algorithm, a number of parameters need to be calibrated to obtain optimal results. Some
methods could have specific requirements in the way that the data are to be formatted;
thus, stepping back to the data preparation step is often necessary. Application Case 4.4
presents a research study in which a number of model types are developed and com-
pared to each other.

Application Case 4.4 Data Mining Helps in Cancer Research

According to the American Cancer Society, half of all
men and one-third of all women in the United States
will develop cancer during their lifetimes; approxi-
mately 1.5 million new cancer cases were expected
to be diagnosed in 2013. Cancer is the second most
common cause of death in the United States and
in the world, exceeded only by cardiovascular dis-
ease. This year, more than 500,000 Americans are
expected to die of cancer—more than 1,300 peo-
ple a day—accounting for nearly one of every four
deaths.

Cancer is a group of diseases generally char-
acterized by uncontrolled growth and spread of
abnormal cells. If the growth and/or spread are not
controlled, cancer can result in death. Even though
the exact reasons are not known, cancer is believed
to be caused by both external factors (e.g., tobacco,
infectious organisms, chemicals, and radiation) and
internal factors (e.g., inherited mutations, hormones,
immune conditions, and mutations that occur from
metabolism). These causal factors can act together
or in sequence to initiate or promote carcinogenesis.
Cancer is treated with surgery, radiation, chemo-
therapy, hormone therapy, biological therapy, and
targeted therapy. Survival statistics vary greatly by
cancer type and stage at diagnosis.

The five-year relative survival rate for all can-
cers is improving, and the decline in cancer mortal-
ity had reached 20 percent in 2013, translating into
the avoidance of about 1.2 million deaths from can-
cer since 1991. That’s more than 400 lives saved per
day! The improvement in survival reflects progress
in diagnosing certain cancers at an earlier stage and
improvements in treatment. Further improvements
are needed to prevent and treat cancer.

Even though cancer research has traditionally
been clinical and biological in nature, in recent years,
data-driven analytic studies have become a common
complement. In medical domains where data- and
analytics-driven research has been applied success-
fully, novel research directions have been identified
to further advance the clinical and biological stud-
ies. Using various types of data, including molecular,
clinical, literature-based, and clinical trial data, along
with suitable data mining tools and techniques,
researchers have been able to identify novel pat-
terns, paving the road toward a cancer-free society.

In one study, Delen (2009) used three popular
data mining techniques (decision trees, artificial neu-
ral networks, and SVMs) in conjunction with logistic
regression to develop prediction models for prostate
cancer survivability. The data set contained around
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120,000 records and 77 variables. A k-fold cross-
validation methodology was used in model building,
evaluation, and comparison. The results showed that
support vector models are the most accurate predic-
tor (with a test set accuracy of 92.85 percent) for
this domain followed by artificial neural networks
and decision trees. Furthermore, using a sensitivity—
analysis-based evaluation method, the study also
revealed novel patterns related to prognostic factors
of prostate cancer.

In a related study, Delen, Walker, and Kadam
(2005) used two data mining algorithms (artificial
neural networks and decision trees) and logistic
regression to develop prediction models for breast
cancer survival using a large data set (more than
200,000 cases). Using a 10-fold cross-validation
method to measure the unbiased estimate of the
prediction models for performance comparison pur-
poses, the researchers determined that the results
indicated that the decision tree (C5 algorithm) was
the best predictor with 93.6 percent accuracy on
the holdout sample (which was the best prediction
accuracy reported in the literature) followed by arti-
ficial neural networks with 91.2 percent accuracy,
and logistic regression, with 89.2 percent accu-
racy. Further analysis of prediction models revealed
prioritized importance of the prognostic factors,
which can then be used as a basis for further clinical
and biological research studies.

In the most recent study, Zolbanin et al. (2015)
studied the impact of comorbidity in cancer sur-
vivability. Although prior research has shown that
diagnostic and treatment recommendations might
be altered based on the severity of comorbidities,
chronic diseases are still being investigated in isola-
tion from one another in most cases. To illustrate
the significance of concurrent chronic diseases
in the course of treatment, their study used the
Surveillance, Epidemiology, and End Results (SEER)
Program’s cancer data to create two comorbid data
sets: one for breast and female genital cancers and
another for prostate and urinal cancers. Several pop-
ular machine-learning techniques are then applied
to the resultant data sets to build predictive mod-
els (see Figure 4.4). Comparison of the results has

shown that having more information about comor-
bid conditions of patients can improve models’ pre-
dictive power, which in turn can help practitioners
make better diagnostic and treatment decisions.
Therefore, the study suggested that proper identi-
fication, recording, and use of patients’ comorbidity
status can potentially lower treatment costs and ease
the healthcare-related economic challenges.

These examples (among many others in the
medical literature) show that advanced data min-
ing techniques can be used to develop models
that possess a high degree of predictive as well as
explanatory power. Although data mining meth-
ods are capable of extracting patterns and relation-
ships hidden deep in large and complex medical
databases, without the cooperation and feedback
from medical experts, their results are not of much
use. The patterns found via data mining methods
should be evaluated by medical professionals who
have years of experience in the problem domain
to decide whether they are logical, actionable, and
novel enough to warrant new research directions.
In short, data mining is not meant to replace medi-
cal professionals and researchers but to comple-
ment their invaluable efforts to provide data-driven
new research directions and to ultimately save more
human lives.

QUESTIONS FOR CASE 4.4

1. How can data mining be used for ultimately cur-
ing illnesses like cancer?

2. What do you think are the promises and major
challenges for data miners in contributing to
medical and biological research endeavors?

Sources: H. M. Zolbanin, D. Delen, & A. H. Zadeh, “Predicting
Overall Survivability in Comorbidity of Cancers: A Data Mining
Approach,” Decision Support Systems, 74, 2015, pp. 150-161;
D. Delen, “Analysis of Cancer Data: A Data Mining Approach,”
Expert Systems, 26(1), 2009, pp. 100-112; J. Thongkam, G. Xu,
Y. Zhang, & F. Huang, “Toward Breast Cancer Survivability
Prediction Models Through Improving Training Space,” Expert
Systems with Applications, 36(10), 2009, pp. 12200-12209;
D. Delen, G. Walker, & A. Kadam, “Predicting Breast Cancer
Survivability: A Comparison of Three Data Mining Methods,”
Artificial Intelligence in Medicine, 34(2), 2005, pp. 113-127.

(Continued)
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Application Case 4.4 (Continued)
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FIGURE 4.4 Data Mining Methodology for Investigation of Comorbidity in Cancer Survivability.

Depending on the business need, the data mining task can be of a prediction (either
classification or regression), an association, or a clustering type. Each of these data min-
ing tasks can use a variety of data mining methods and algorithms. Some of these data
mining methods were explained earlier in this chapter, and some of the most popular
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algorithms, including decision trees for classification, k-means for clustering, and the
Apriori algorithm for association rule mining, are described later in this chapter.

Step 5: Testing and Evaluation

In step 5, the developed models are assessed and evaluated for their accuracy and gen-
erality. This step assesses the degree to which the selected model (or models) meets
the business objectives and, if so, to what extent (i.e., Do more models need to be
developed and assessed?). Another option is to test the developed model(s) in a real-
world scenario if time and budget constraints permit. Even though the outcome of the
developed models is expected to relate to the original business objectives, other find-
ings that are not necessarily related to the original business objectives but that might
also unveil additional information or hints for future directions often are discovered.

The testing and evaluation step is a critical and challenging task. No value is added
by the data mining task until the business value obtained from discovered knowledge
patterns is identified and recognized. Determining the business value from discovered
knowledge patterns is somewhat similar to playing with puzzles. The extracted knowledge
patterns are pieces of the puzzle that need to be put together in the context of the specific
business purpose. The success of this identification operation depends on the interaction
among data analysts, business analysts, and decision makers (such as business managers).
Because data analysts might not have the full understanding of the data mining objectives
and what they mean to the business and the business analysts, and decision makers might
not have the technical knowledge to interpret the results of sophisticated mathematical
solutions, interaction among them is necessary. To properly interpret knowledge patterns,
it is often necessary to use a variety of tabulation and visualization techniques (e.g., pivot
tables, cross-tabulation of findings, pie charts, histograms, box plots, scatterplots).

Step 6: Deployment

Development and assessment of the models is not the end of the data mining project.
Even if the purpose of the model is to have a simple exploration of the data, the knowl-
edge gained from such exploration will need to be organized and presented in a way that
the end user can understand and benefit from. Depending on the requirements, the de-
ployment phase can be as simple as generating a report or as complex as implementing
a repeatable data mining process across the enterprise. In many cases, it is the customer,
not the data analyst, who carries out the deployment steps. However, even if the analyst
will not carry out the deployment effort, it is important for the customer to understand
up front what actions need to be carried out to actually make use of the created models.
The deployment step can also include maintenance activities for the deployed models.
Because everything about the business is constantly changing, the data that reflect the busi-
ness activities also are changing. Over time, the models (and the patterns embedded within
them) built on the old data can become obsolete, irrelevant, or misleading. Therefore, moni-
toring and maintenance of the models are important if the data mining results are to become
a part of the day-to-day business and its environment. A careful preparation of a maintenance
strategy helps avoid unnecessarily long periods of incorrect usage of data mining results. To
monitor the deployment of the data mining result(s), the project needs a detailed plan on the
monitoring process, which might not be a trivial task for complex data mining models.

Other Data Mining Standardized Processes and Methodologies

To be applied successfully, a data mining study must be viewed as a process that follows
a standardized methodology rather than as a set of automated software tools and tech-
niques. In addition to CRISP-DM, there is another well-known methodology developed
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FIGURE 4.5 SEMMA Data Mining Process.

by the SAS Institute, called SEMMA (2009). The acronym SEMMA stands for “sample,
explore, modify, model, and assess.”

Beginning with a statistically representative sample of the data, SEMMA makes it
easy to apply exploratory statistical and visualization techniques, select and transform
the most significant predictive variables, model the variables to predict outcomes, and
confirm a model’s accuracy. A pictorial representation of SEMMA is given in Figure 4.5.

By assessing the outcome of each stage in the SEMMA process, the model devel-
oper can determine how to model new questions raised by the previous results and
thus proceed back to the exploration phase for additional refinement of the data; that
is, as with CRISP-DM, SEMMA is driven by a highly iterative experimentation cycle.
The main difference between CRISP-DM and SEMMA is that CRISP-DM takes a more
comprehensive approach—including understanding of the business and the relevant
data—to data mining projects whereas SEMMA implicitly assumes that the data mining
project’s goals and objectives along with the appropriate data sources have been identi-
fied and understood.

Some practitioners commonly use the term knowledge discovery in databases
(KDD) as a synonym for data mining. Fayyad et al. (1996) defined knowledge discov-
ery in databases as a process of using data mining methods to find useful information
and patterns in the data as opposed to data mining, which involves using algorithms
to identify patterns in data derived through the KDD process (see Figure 4.6). KDD is
a comprehensive process that encompasses data mining. The input to the KDD pro-
cess consists of organizational data. The enterprise data warehouse enables KDD to
be implemented efficiently because it provides a single source for data to be mined.
Dunham (2003) summarized the KDD process as consisting of the following steps:
data selection, data preprocessing, data transformation, data mining, and interpretation/
evaluation.

Figure 4.7 shows the polling results for the question, “What main methodology are
you using for data mining?” (conducted by KDnuggets.com in August 2007).
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