ISSN: 2278 – 7798
International Journal of Science, Engineering and Technology Research (IJSETR)
Volume 5, Issue 5, May 2016

Classification Algorithms of Data Mining
Bharat S. Makhija, Dr. Anjali B. Raut

Abstract- Data mining is sorting through data to identify
patterns and establish relationships. Data mining parameters
include: Association - looking for patterns where one event is
connected to another event, Sequence or path analysis - looking
for patterns where one event leads to another later event,
Classification - looking for new patterns (May result in a change
in the way the data is organized but that's ok), Clustering finding and visually documenting groups of facts not previously
known, Forecasting - discovering patterns in data that can lead to
reasonable predictions about the future (This area of data mining
is known as predictive analytics). Classification is a data mining
function that assigns items in a collection to target categories or
classes. The goal of classification is to accurately predict the
target class for each case in the data. For example, a classification
model could be used to identify loan applicants as low, medium,
or high credit risks.

then be applied to a different data set in which the class
assignments are unknown.

Index Terms- Decision tree induction classification, NaïveBayesian classification, Rule-Based classification, k-nearest
neighbor classification

1. Data partition, D, which is a set of training tuples and
their associated class labels;

II.
CLASSIFICATION ALGORITHMS
A. Decision tree induction classification:
During the late 1970s and early 1980s, J. Ross Quinlan, a
researcher in machine learning, developed a decision tree
algorithm known as ID3 (Iterative Dichotomiser). The
Algorithm is as follows :
Algorithm:
Generate decision tree. Generate a decision tree from
the training tuples of datapartition D.
Input:

2.
I.

attribute list, the set of candidate attributes;

INTRODUCTION

A classification task begins with a data set in which the class
assignments are known. For example, a classification model
that predicts credit risk could be developed based on observed
data for many loan applicants over a period of time. In
addition to the historical credit rating, the data might track
employment history, home ownership or rental, years of
residence, number and type of investments, and so on. Credit
rating would be the target, the other attributes would be the
predictors, and the data for each customer would constitute a
case.
Classifications are discrete and do not imply order.
Continuous, floating-point values would indicate a numerical,
rather than a categorical, target. A predictive model with a
numerical target uses a regression algorithm, not a
classification algorithm.
The simplest type of
classification problem is binary classification. In binary
classification, the target attribute has only two possible values:
for example, high credit rating or low credit rating. Multiclass
targets have more than two values: for example, low, medium,
high, or unknown credit rating.
In the model build (training) process, a classification
algorithm finds relationships between the values of the
predictors and the values of the target. Different classification
algorithms use different techniques for finding relationships.
These relationships are summarized in a model, which can

3. Attribute selection method, a procedure to determine
the splitting criterion that “best” partitions the data tuples into
individual classes. This criterion consists of a splitting
attribute and, possibly, either a split point or splitting subset.
Output:
A decision tree.
Method:
(1) create a node N;
(2) if tuples in D are all of the same class, C then
(3) return N as a leaf node labeled with the class C;
(4) if attribute list is empty then
(5) return N as a leaf node labeled with the majority
class in D; // majority voting
(6) apply Attribute selection method(D, attribute list)
to find the “best” splitting criterion;
(7) label node N with splitting criterion;
(8) if splitting attribute is discrete-valued and
multiway splits allowed then // not restricted to binary trees
(9) attribute list attribute list � splitting attribute; //
remove splitting attribute
(10) for each outcome j of splitting criterion
// partition the tuples and grow subtrees for each partition
(11) let Dj be the set of data tuples in D satisfying
outcome j; // a partition
(12) if Dj is empty then
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(13) attach a leaf labeled with the majority class in D
to node N;
(14) else attach the node returned by Generate
decision tree(Dj, attribute list) to node N;
endfor
(15) return N;
The strategy of algorithm is as follows:
1. The algorithm is called with three parameters: D, attribute
list, and Attribute selection method.We refer to D as a data
partition. Initially, it is the complete set of training tuples and
their associated class labels. The parameter attribute list is a
list of attributes describing the tuples. Attribute selection
method specifies a heuristic procedure for selecting the
attribute that “best” discriminates the given tuples according
to class. This procedure employs an attribute selection
measure, such as informationgain or the gini index. Whether
the tree is strictly binary is generally driven by the attribute
selection measure. Some attribute selection measures, such as
the gini index, enforce the resulting tree to be binary. Others,
like information gain, do not, therein allowing multiway splits
(i.e., two or more branches to be grown from a node).
2. The tree starts as a single node, N, representing the training
tuples
in
D
(step
1).
3. If the tuples in D are all of the same class, then node N
becomes a leaf and is labeled with that class (steps 2 and 3).
Note that steps 4 and 5 are terminating conditions. All of the
terminating conditions are explained at the end of the
algorithm.
4. Otherwise, the algorithm
calls Attribute selection method to determine the splitting
criterion. The splitting criterion tells us which attribute to test
at node N by determining the “best” way to separate or
partition the tuples in D into individual classes (step 6). The
splitting criterion also tells us which branches to grow from
node N with respect to the outcomes of the chosen test. More
specifically, the splitting criterion indicates the splitting
attribute and may also indicate either a split-point or a splitting
subset. The splitting criterion is determined so that, ideally,
the resulting partitions at each branch are as “pure” as
possible. A partition is pure if all of the tuples in it belong to
the same class. In other words, if we were to split up the tuples
in D according to the mutually exclusive outcomes of the
splitting criterion, we hope for the resulting partitions to be as
pure as possible.
5. The node N is labeled with the splitting criterion, which
serves as a test at the node (step 7). A branch is grown from
node N for each of the outcomes of the splitting criterion. The
tuples in D are partitioned accordingly (steps 10 to 11). There
are three possible scenarios, as illustrated in Figure 6.4. Let A
be the splitting attribute. A has v distinct values, {a1, a2, : : : ,
av}, based on the training data.
A is discrete-valued: In this case, the outcomes of the test at
node N correspond directly to the known values of A. A
branch is created for each known value, aj, of A and labeled
with that value (Figure 6.4(a)). Partition Dj is the subset of

class-labeled tuples in D having value aj of A. Because all of
the tuples in a given partition have the same value for A, then
A need not be considered in any future partitioning of the
tuples. Therefore, it is removed from attribute list(steps 8 to
9).
A is continuous-valued: In this case, the test at node N has two
possible outcomes, corresponding to the conditions A _ split
point and A > split point, respectively, where split point is the
split-point returned by Attribute selection method as part of
the splitting criterion. (In practice, the split-point, a, is often
taken as the midpoint of two known adjacent values of A and
therefore may not actually be a pre-existing value of A from
the training data.) Two branches are grown from N and
labeled according to the above outcomes (Figure 6.4(b)). The
tuples are partitioned such thatD1 holds the subset of classlabeled tuples in D for which A_split point,while D2 holds the
rest.
A is discrete-valued and a binary treemust be produced (as
dictated by the attribute selection measure or algorithm being
used): The test at node N is of the form “A € SA?”. SA is the
splitting subset for A, returned by Attribute selection method
as part of the splitting criterion. It is a subset of the known
values of A. If a given tuple has value aj of A and if aj € SA,
then the test at node N is satisfied. Two branches are grown
from N (Figure 6.4(c)). By convention, the left branch out of
N is labeled yes so that D1 corresponds to the subset of classlabeled tuples in Dthat satisfy the test. The right branch out of
N is labeled no so that D2 corresponds to the subset of classlabeled tuples from D that do not satisfy the test.
6. The algorithm uses the same process recursively to form a
decision tree for the tuples at each resulting partition, Dj, of D
(step
14).
7. The recursive partitioning stops only when any one of the
following terminating conditions is true:
All of the tuples in partition D (represented at node N) belong
to the same class (steps 2 and 3), or
There are no remaining attributes on which the tuples may be
further partitioned (step 4). In this case, majority voting is
employed (step 5). This involves converting node N into a leaf
and labeling it with the most common class in D.
Alternatively, the class distribution of the node tuples may be
stored.
There are no tuples for a given branch, that is, a partition Dj is
empty (step 12).
In this case, a leaf is created with the majority class in D (step
13).
8. The resulting decision tree is returned (step 15).
B. Naïve Bayesian Classification:
The naïve Bayesian classifier, or simple Bayesian classifier,
works as follows:
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1. Let D be a training set of tuples and their associated class
labels. As usual, each tuple is represented by an n-dimensional
attribute vector, X = (x1, x2, : : : , xn), depicting n
measurements made on the tuple from n attributes,
respectively, A1, A2, : : : , An.
2. Suppose that there are m classes, C1, C2, : : : , Cm. Given a
tuple, X, the classifier will predict that X belongs to the class
having the highest posterior probability, conditioned on X.
That is, the naïve Bayesian classifier predicts that tuple X
belongs to the class Ci if and only if
Thus we maximize P(Ci /X). The classCi for which P(Ci / X)
is maximized is called the maximum posteriori hypothesis. By
Bayes’ theorem

3. As P(X) is constant for all classes, only P(X / Ci) P(Ci)
need be maximized. If the class prior probabilities are not
known, then it is commonly assumed that the classes are
equally likely, that is, P(C1) = P(C2) = - - - = P(Cm), and we
would therefore maximize P(X / Ci). Otherwise, we maximize
P(X / Ci) P(Ci).
4. Given data sets with many attributes, it would be extremely
computationally expensive to compute P(X / Ci). In order to
reduce computation in evaluating P(X / Ci), the naive
assumption of class conditional independence is made. This
presumes that the values of the attributes are conditionally
independent of one another, given the class label of the tuple
(i.e., that there are no dependence relationships among the
attributes). Thus,

We can easily estimate the probabilities P(x1 / Ci), P(x2 / Ci),
: : : , P(xn / Ci) from the training tuples. Recall that here xk
refers to the value of attribute Ak for tuple X. For each
attribute, we look at whether the attribute is categorical or
continuous-valued.
5. In order to predict the class label of X, P(X / Ci) P(Ci) is
evaluated for each class Ci. The classifier predicts that the
class label of tuple X is the class Ci if and only if
In other words, the predicted class label is the class Ci for
which P(X / Ci) P(Ci) is the maximum. Various empirical
studies of this classifier in comparison to decision tree and
neural network classifiers have found it to be comparable in
some domains. In theory, Bayesian classifiers have the
minimum error rate in comparison to all other classifiers.
However, in practice this is not always the case, owing to
inaccuracies in the assumptions made for its use, such as class
conditional independence, and the lack of available probability
data.
Bayesian classifiers are also useful in that they provide a
theoretical justification for other classifiers that do not
explicitly use Bayes’ theorem. For example, under certain
assumptions, it can be shown that many neural network and
curve-fitting algorithms output the maximum posteriori
hypothesis, as does the naïve Bayesian classifier.

C. Rule-Based Classification:
In this section, we look at rule-based classifiers, where the
learned model is represented as a set of IF-THEN rules. We
first examine how such rules are used for classification. We
then study ways in which they can be generated, either froma
decision tree or directly from the training data using a
sequential covering algorithm.
IF-THEN rules can be extracted directly from the training data
(i.e., without having to generate a decision tree first) using a
sequential covering algorithm. The name comes from the
notion that the rules are learned sequentially (one at a time),
where each rule for a given class will ideally cover many of
the tuples of that class (and hopefully none of the tuples of
other classes). Sequential covering algorithms are the most
widely used approach to mining disjunctive sets of
classification rules, and form the topic of this subsection. Note
that in a newer alternative approach, classification rules can be
generatedusing associative classification algorithms, which
search for attribute-value pairs that occur frequently in the
data. These pairs may form association rules, which can be
analyzed and used in classification.
Basic sequential covering algorithm is as follows:
Algorithm:
Sequential covering. Learn a set of IF-THEN rules
for classification.
Input:
I.
D, a data set class-labeled tuples;
II.
Att vals, the set of all attributes and their possible
values.
Output:
A set of IF-THEN rules.
Method:
(1) Rule set = { }; // initial set of rules learned is
empty
(2) for each class c do
(3) repeat
(4) Rule = Learn One Rule(D, Att vals, c);
(5) remove tuples covered by Rule from D;
(6) until terminating condition;
(7) Rule set = Rule set +Rule; // add new rule to rule
set
(8) endfor
(9) return Rule Set;
D. k-Nearest-Neighbor Classifiers:
The k-nearest-neighbor method was first described in the early
1950s. The method is labor intensive when given large
training sets, and did not gain popularity until the 1960s when
increased computing power became available. It has since
been widely used in the area of pattern recognition.
Nearest-neighbor classifiers are based on learning by analogy,
that is, by comparing a given test tuplewith training tuples that
are similar to it. The training tuples are described by n
attributes. Each tuple represents a point in an n-dimensional
space. In this way,
all of the training tuples are stored in an n-dimensional pattern
space. When given an unknown tuple, a k-nearest-neighbor
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classifier searches the pattern space for the k training tuples
that are closest to the unknown tuple. These k training tuples
are the k “nearest
neighbors” of the unknown tuple.
“Closeness” is defined in terms of a distance metric, such as
Euclidean distance. The Euclidean distance between two
points or tuples, say, X1 = (x11, x12, : : : , x1n) and X2 =
(x21, x22, : : : , x2n), is

In other words, for each numeric attribute, we take the
difference between the corresponding values of that attribute
in tuple X1 and in tuple X2, square this difference, and
accumulate it. The square root is taken of the total
accumulated distance count. Typically, we normalize the
values of each attribute before using Equation.
For k-nearest-neighbor classification, the unknown tuple is
assigned the most common class among its k nearest
neighbors. When k = 1, the unknown tuple is assigned the
class of the training tuple that is closest to it in pattern space.
Nearestneighbor classifiers can also be used for prediction,
that is, to return a real-valued prediction for a given unknown
tuple. In this case, the classifier returns the average value of
the real-valued labels associated with the k nearest neighbors
of the unknown tuple.
III.
CONCLUSION
The goal of classification algorithms is to generate more
certain, precise and accurate system results. Numerous
methods have been suggested for the creation of ensemble of
classifiers. Classification methods are typically strong in
modeling interactions. Several of the classification methods
produce a set of interacting logic that best predict the
phenotype. However, a straightforward application of
classification methods to large numbers of markers has a
potential risk picking up randomly associated markers. But
still it is difficult to recommend any one technique as superior
to others as the choice of a dataset. Finally, there is no single
classification algorithms is best for all kind of dataset.
Classification algorithms are specific in their problem domain.
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