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What is Data Mining?

< Data mining is an analytic process designed to explore large
amounts of data in search of consistent patterns and/or
systematic relationships between variables, and then to validate
the findings by applying the detected patterns to new subsets of
data.

> “Data Mining is a process of torturing the data until
they confess”

< The typical goals of data mining projects are:

- ldentification of groups, clusters, strata, or dimensions in data
that display no obvious structure,

> The identification of factors that are related to a particular
outcome of interest (root-cause analysis)

- Accurate prediction of outcome variable(s) of interest (in the

future, or in new customers, clients, applicants, etc.; this

slication is usually referred to as predictive data mining)

Steps in Data Mining

» Stage 1: Precise statement of the problem.
» Stage 2: Initial exploration.

» Stage 3: Model building and validation.

» Stage 4: Deployment.




Steps in Data Mining

Stage 1: Precise statement of the problem.

> Before opening a software package and running an analysis, the
analyst must be clear as to what question he wants to answer.
If you have not given a precise formulation of the problem you
are trying to solve, then you are wasting time and money.

Stage 2: Initial exploration.

> This stage usually starts with data preparation that may involve
the “cleaning” of the data (e.qg., identification and removal of
incorrectly coded data, etc.), data transformations/
normalization, selecting subsets of records, and, in the case of
data sets with large numbers of variables, performing
preliminary feature selection. Data description and
V|suaI|zat|on are key components of this stage (e.g. descriptive
correlations, scatterplots, box plots, etc.).

Steps in Data Mining

Stage 3: Model building and validation.

> This stage involves considering various models and choosing
the best one based on their predictive performance.

Stage 4. Deployment.

> When the goal of the data mining project is to predict or
classify new cases (e.g., to predict the credit worthiness of
individuals applying for loans), the third and final stage
typically involves the application of the best model or models
(determined in the previous stage) to generate predictions




Initial exploration

4 “Cleaning” of data,
- |dentification and removal of incorrectly coded data,
e.g., Age=-90, 200, Height=60, Weight=160.

» Data transformations,
- Data may be skewed (that is, outliers in one direction or another
> may be present). Log transformation, Box-Cox transformation, etc.

» Data reduction, Selecting subsets of records, and, in the case of data
sets with large numbers of variables (“fields”), performing preliminary
feature selection.

» Data description and visualization are key components of this stage (e.g.
descriptive statistics, correlations, scatterplots, box plots, brushing
tools, etc.)

- Data description allows you to get a snapshot of the important
characteristics of the data (e.g. central tendency and dispersion).

Model building and validation.

s Data Mining invalves creating models of reality
p A model takes one or rmore inputs and produces one o more outputs

\}
e
A

Gender Wil customer likely
WODIEL default on his loan?

|

Income
—

s Amodel can be "transparent’, for example, a series of ifthen staterments
where structure is easily discerned, or a model can be seen as a black box,
for exarmple, neural network, where the structure or the rules that govern the
predictions are impossible o fully comprehend.




Model building and validation.

»Validation of the model requires that you

train the model on one set of data and
evaluate on another independent set of data.

> There are two main methods of validation

o Split data into train/test datasets (75-25 split)

> If you do not have enough data to have a holdout
sample, then use v-fold cross validation.

P

Data Mining Technigues
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Neural Networks

Generalized EM And K-means Cluster Analysis
General CART Models

General CHAID Models

Interactive Trees (C&RT and CHAID)

Boosted Tree Classifiers and Regression
Association Rules

MARS(Multivariate Adaptive Regression Splines)

Machine Learning(Bayesian, Support Vectors and
Nearest neighbors)

Random Forests for Regression and Classification
Generalized Additive Models (GAM)

MVariable Screening




Data Mining techniques

> Supervised Learning

Supervised learning is a machine learning technique for
deducing a function from training data.

The training data consist of pairs of input variable and desired
outputs. The task of the supervised learner is to predict the value
of the function for any valid input object after having seen a
number of training examples.

Classification and Regression are very popular techniques of
supervised learning.

> Unsupervised Learning
In unsupervised learning training data set is not available in
the form of input and output variable.
unsupervised learning is a class of problems in which
researcher seeks to determine how the data are organized
Cluster analysis, and Principal component analysis are very
Jechniques for unsupervised learning.

Points to Remember..
» Data mining is a tool, not a magic box.

» Data mining will not automatically discover
solutions without guidance.

» To ensure meaningful results, it’s vital that you
understand your data. —

» which leverages analytic tecUser-centric
interactive processhnologiesandcomputing
POWEer.

» Data mining central quest; Find true patterns
and avoid overfitting (findingran S
by searching too many possibilities)




Classification and Regression.

~ Databases are rich with hidden information
that can be used to make intelligent
business decisions.

«» Classification and Regression are two form
of data analysis that can be used to extract
models, describing important data classes or
to predict future data trends.

~ Classification is used to predict or classify
categorical response variable, like to predict Iris
type of flowers (Setosa,Verginica,Versocol).

- Regression is used to predict quantitative
response variable, average income of

Steps of Classification and Regression models

Step 1: In the first step a model is built
describing a predetermined set of
data classes. (Supervised learning).

Step 2: In the second step the predictive accuracy
of the model is estimated.

Step 3: If the accuracy of the model is
considered acceptable, then the
model can be used to classify future
data for which the class label is unknown.

P




Techniques.DISTATISTICAE

Different kind of Classification and Regression

techniques are available in STATISTICA,
including

1. Classification and Regression, through
STATISTICA Automated Neural Network.
General Classification and Regression tree.
General CHAID model.

Boosted Tree Classification and Regression.

Random Forest for Classification and
Regression, etc.

vl D W N

Decision Trees (also in SPSS)

» For example, consider the widely referenced Iris data
classification problem introduced by Fisher (1936).

» The purpose of the analysis is to learn how one can
discriminate between the three types of flowers, based on the
four measures of width and length of petals and sepals.

» A classification tree will determine a set of logical if-then
conditions (instead of linear equations) for predicting or
classifying cases.
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Advantages of tree methods.

Simplicity of results.

In most cases, the interpretation of results summarized in a
tree is very simple. This simplicity is useful not only for
purposes of rapid classification of hew observations .

Often yield a much simpler "mode]” for explaining why
observations are classified or predicted in a particular
manner .

e.g., when analyzing business problems, it is much easier to
present a few simple’if-then statements to management, than
some elaborate equations.

Tree methods are nonparametric and nonlinear.

The final results of using tree methods for classification or
regression can be summarized in a series of logical if-then
conditions .

Therefore, there is no implicit assumption that the
underlying relationships between the predictor variables and
the dependent variable are linear, follow some specific non-
Imsar ink function , or that they are even monotonic in
nature.




General Classification and Regression tree

» The STATISTICA General Classification and
Regression Trees module (GC&RT) will build
classification and regression trees for predicting
continuous dependent variables (regression) and
categorical predictor variables (classification).

> The ﬁrogram supports the classic C&RT
algorithm and includes various methods for
pruning and cross-validation, as well as the
powerful »~fold cross-validation methods.

» Classification and Regression Trees (C&RT)

In most general terms, the purpose of the
analyses via tree-building algorithms is to
determine a set of //-then logical (sFlit) conditions
that permit accurate prediction or classification of

CHAID Model

» CHAID stands for CHi-squared Automatic Interaction Detector.

» CHAID, a technique whose ori?inal intent was to detect
interaction between variables (i.e., find "combination" variables),

recursively partitions a population into separate and distinct
grouBs, which are defined by a set of independent (predictor)
variables, such that the CHAID Objective is met - the variance of
the dependent (target) variable is minimized within the groups,
and maximized across the groups.

~ Like other decision trees, its advantages are that its output is
highly visual and easy to interpret.

» It uses muItiwa¥fspIits|by default, it needs rather large sample
ectively.

sizes to work e




CHAID and Exhaustive CHAID Algorithms:

3 Exhaustive CHAID, a modification to the basic CHA/D
algorithm, performs a more thorough merging and
testing of predictor variables, and hence requires more
computing time.

»  Specifically, the merging of categories continuous
(without reference to any alpha-to-merge value) until
only two categories remain for each predictor.

»  The program then proceeds as described above in
the Selecting the split variable step, and selects among
th(la_ predictors the one that yields the most significant
split.

For large data sets, and with many continuous
predictor variables, this modification of the simpler
CHAID algorithm may require significant computing

Machine Learning Algorithms.

These methods include
> Support Vector Machines (SVM)
( for regression and classification).

» Naive Bayes (for classification)

» K-Nearest Neighbors (KNN)
( for regression and classification.)




Support Vector Machines

Support Vector Machine (SVM) is primarily a classier method
that performs classification tasks by constructing hyperplanes
in a multidimensional space that separates cases of different
class labels.

» To construct an optimal hyperplane, SVM employees an
iterative training algorithm, which is used to minimize an
error function. According to the form of the error function,
SVM models can be classified into four distinct groups:

» Classification SVM Type 1 (also known as C-SVM

classification).

» Classification SVM Type 2 (also known as nu-SVM
classification).

» Regression SVM Type 1 (also known as epsilon-SVM
regression).

» Regression SVM Type 2 (also known as nu-SVM regression).

Support Vector Machings are based on the concept of decision planes that define decision boundaries. & decision plane is one that separates between a set of objects having
different class mermberships. A schematic example is shown in the illustration below. In this example, the objects belong either to class GREEN or RED. The separating line
defines a boundary on the right side of which all objects are GREEN and to the left of which all objects are RED. Any new object (white circle) falling to the right is labeled, i.e.,
classified, as GREEN (or classified as RED should it fall to the left of the separating line).

The above is a classic example of a linear classifier, i.e., a classifier that separates a set of objects into their respective groups (GREEN and RED in this case) with a line. Most
classification tasks, however, are not that simple, and often more complex structures are needed in order to make an optimal separation, i.e., correctly classify new objects
(test cases) on the basis of the examples that are available (train cases). This situation is depicted in the illustration below. Compared to the previous schematic, it is clear that
a full separation of the GREEN and RED objects would require a curve (which is more complex than a ling). Classification tasks based on drawing separating lines to distinguish
between objects of different class memberships are known as hyperplane classifiers. Support Vector Machines are particularly suited to handle such tasks.

The illustration below shows the basic idea behind Swpport Vector Machines. Here we see the original objects (left side of the schematic) mapped, i.e., rearranged, using a set
of rathernatical functions, known as kemels. The process of rearranging the objects is known as mapping (transformation). Mote that in this new setting, the mapped objects
(right side of the schematic) is linearly separable and, thus, instead of constructing the complex curve (left schematic), all we have to do is to find an optimal line that can
separate the GREEN and the RED objects.

Input space Feature space




Classification SV
Classification SWVM Type 1

Far this type of SYA, training involves the minimization of the error function:
1 & ol
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where O i5 the capacity constant, w is the vector of coefficients, b a constant and Eiare pararmeters for handling nonseparable data (inputs). The index §labels the W training
cases. Mote that ¥ € ¥ 1is the class labels and % is the independent variables. The kemel ¢ is used to transform data fram the input (independent) to the feature space. It
should be noted that the larger the , the more the error is penalized. Thus, & should be chosen waith care to avoid over fitting.

Classification SVM Type 2

In contrast to Classification SV Type 1, the Glassification SV Type 2 model minimizes the error function:

oS
W w-vetr— > 5
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subject to the constraints”
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Regression SWM

In & regression SWW, you have to estimate the functional dependence of the dependent variable y on a set of independent variables x. It assumes, like other regression
problems, that the relationship between the independent and dependent variables is given by a deterministic function f plus the addition of some additive noize:

F =45+ noise

The task is then to find a functional form for fthat can correctly predict new cases that the SV has not been presented with before. This can be achieved by training the S
model an & sample set, i.e., training set, a process that invalves, like classification (see above), the sequential optimization of an errar function. Depending on the definition of
this error function, two types of SV models can be recognized:

Regression SYM Type 1
Far this type of ZWM the error function is:
1 I ro.
—wiw O E+CD
2 i1 =
which we minimize subject to:
wigln)rb-y <o+ &

r
Yy w g}(x!.)=bi Lg+ s
E.E 20i=1.N
Regression SVM Type 2

For this SWf model, the error function is given by:
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lwrw—C
2

which we minimize subject to:
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Cross-Validation

»  Kcan be regarded as one of the most
important factors of the model that can
strongly influence the quality of predictions.

» There should be an optimal value for K that
achieves the right trade off between the bias
and the variance of the model.

» STATISTICA KNN can provide an estimate of

K using an algorithm known as “Cross-
validation” .

Cross—Validation

» Cross-validation is_a well established technique that can be used to
obtain estimates of model parameters that are unknown. Here we
discuss the applicability of this technique to estimating K.

» The general idea of this method is to divide the data sample into a
num erto;c v folds (randomly drawn, disjointed sub-samples or
segments).

: For a fixed value of K, we apply the KNV model to make
predictions on the vth seﬂment (i.e., use the v-7 segments as the
examples) and evaluate the error.

The most common choice for this error for regression is sum-of-
squared and for classification it is most conveniently defined as the
accuracy (the percentage of correctly classified cases).

: This process is then successivel aﬂplied to allaoossible choices
of v. At the end of the v folds %cycles , the computed errors are
averaged to yield a measure of the stability of the model (how well
the model predicts query points).

: The above steps are then repeated for various Kand the value
achieving the lowest error (or the highest classification accuracy) is
then selécted as_the optimal value for K (optimal in a cross-
validation sense).

Note that cross-validation is computationally expensive and you
should be prepared to let the algorithm run for some time especially
when the size of the examples sample is large.




Association Rule.

~  The goal of the Association rule is to detect
relationships or associations among a large set of
data items.

» It is an important data mining model studied
extensively by the database and data mining
community.

» Assume all data are categorical.

~ Initially used for Market Basket Analysis to find
how items purchased by customers are related.

» The discovery of such association rule can help
people to develop marketing strategies by gaining
Insight into, which items are frequently purchased

Cluster Analysis.

~ The process of grouping the data into
classes or clusters so that objects within a
cluster have high similarity in comparison
to one another, but are very dissimilar to
objects in other clusters.

» Clustering is an example of unsupervised
learning, where the learning do not rely on
predefined classes and class labeled
training examples.

~ For the above reason , Clustering is the
form of “Learning by observation” , rather

than learning by “Example”.
\M




Area of Application.

> Market Research.

Clustering can help marketers discover
distinct groups in their customer bases and
characterize customer groups based on
purchasing patterns.

~ Biology.
Biologist can use cluster to discover distinct

groups of species depending on some useful
parameters.

> k—Means_cIusterin%. The basic operation of this algorithm is relatively simple:
er

Gjven a fixed num of (desired or hypothesized) k clusters, a55|fgn
observations to those clusters so that the means across clusters (for all

variables) are as different from each other as possible.

» Extensions and generalizations. The methods implemented in the
Generalized EM and k-Means Cluster Analysis module of STATIST/CA extend
this basic approach to clustering in three important ways:

» Instead of assigning cases or observations to clusters so as to maximize the
differences in means for continuous variables, the EM (expectation
maximization) clustering algorithm rather computes probabilities of cluster
memberships based on one or more ﬁrobablllty distributions. The goal of the
clustering algorithm is to maximize the overall probability or likelihood of
the data, given the (final) clusters.

» Unlike the classic implementation of k&~-Means clustering in the Cluster
Analysis module, the k<-Means and EM algorithms in thé Generalized EM and
k-Means Cluster Analysis module then can be applied to both continuous
and categorical variables.

» A ma+or shortcoming of k~~Means clustering has been that you need to
specity the number of clusters before starting the analysis (i.e., the number
of clusters must be known a priori); the Genéralized EM and k-Means Cluster
Analysis module uses a modified v-fold cross-validation scheme , to
determine the best number of clusters from the data. This extension makes
the Generalized EM and k-Means Cluster Analysis module an extremely
useful data mining tool for unsupervised learning and pattern recognition.
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Fig. 2 (A) 3-Dimensional plot of coordinates of socioeconomic and demographic
variables and people’s health care choices. (B) The resulted clustering derived from
the nowvel methodology proposed in this paper.

Table 3
The results of k-means cluster analysis with -fold cross-validation.
Variable Label Group
workgp:1 Government-hi red 1
incomegp:1 =NTD$ 80k 1
incomegp:2 NTD$ 60-80k 1
incomegp:3 NTD$ 40-60k 1
medcho: BD TCM + Folk med 1
medcho:D Folk med 1
medcho: DF Folk med + Others 1
agegpcd Age 40-50 2
workgp:3 Self-hired &
medcho: C Pharmacy 2
medcho: CE Pharmacy + Ignore e
medcho: CF Pharmacy + Others 2
medcho: CD Pharmacy + Folk med 2
medcho: BC TCM + Pharmacy 2
medcho: BF TCM + Others Z
gender:2 Female 3
agegpel Age = 60 3
agegpc2 Age 50-60 3
edugp:3 Under high school 3
relgp:1 Chinese traditional 3
relgp:2 Christian-related 3
relgp3 Atheists 3
waorkgp:4 Mo job 3
incomegp:s ZNTD$20, 000 3
medcho: A Western med 3
medcho:F Others 3
medcho: AC Western + Pharmacy 3
medcho: AD Western+ Folk med 3
medcho: AB Western+ TCM 3
medcho: B TCM 3
medcho: EF Ignore + Others 3
gender: 1 Male 4
agegpd Age 30-40 4
agegps Age 20-30 4
edugp:1 College or above 4
edugp:2 High schoal 4
relgp:4 Other religions 4
wor kgp:2 Private-hired 4
incomegp:4 NTD$20-40 k 4
medcho:E lgnore 4
medcho: AE Western + [gnore 4
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