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Abstract
Classification is one of the most efficient and widely used data 
mining techniques. In the ofclassification, Decision trees can handle 
high dimensional data, and their representation is no rational and 
generally easy to take in by humans. Decision trees handle the data 
whose values are certain. We extend particulartype of classifiers. 
Value doubtfulness arises in many applications during the data 
collection process. Example sources of doubtfulness including 
data staleness, and multiple repetition measurements. Rather 
than abstracting changeable data by statistical derivations. We 
extendclassical decision tree building algorithms to handle data 
in rowwith uncertain values. 

Keywords
Uncertain Data, Decision Tree, Data Mining, Classification

I. Introduction
In this modern world, huge amount of information is kept in 
the databases. So data-mining can be very useful for extracting 
knowledge from huge amount of data. The classification hasmany 
applications in the real world. The classification is separation or 
ordering of objects into the classes. There are various classifications. 
In this paper we proposes decision tree. Classification is a classical 
problem in machine learning and data mining [1]. It summarizes 
an approach for synthesizing decision trees that has been used in a 
variety set of systems, and describes one such systemin detail. The 
Decision trees are mainly uses for handling “Decision-making” 
data. Many algorithms, such as ID3 [2] and C4.5 [3], have been 
devise for conclusion tree construction. C4.5 is an extension to 
ID3 algorithm.In traditional decision-tree classification, a feature 
(an attribute)of a table is either categorical or numerical. 

II. Existing System
In traditional decision-tree categorization, a feature (an attribute) 
of a table is either categorical or numerical. Aperfect and finite 
point value is common assumes. In many applications, in the data 
insecurity is general. The value of a feature or property is in turn  
best captured not by a single point.value, but by a range of values 
giving rise to a probability of distribution. The previous techniques 
can improves the efficiency of means that do not consider the 
spatial relationships among cluster representatives, nor make use 
of the proximity among  groups ofuncertain objects to the pruning 
in a  batch. A simple way to handle data uncertaintyto abstract 
probability distributions by summary statistics. We can call this 
approachas  Average. Another approach is to consider the fuall 
information carries by the probability distributions to building a 
decision tree. We can say this  approach is Distributionbased.

III. Proposed System
We study the problem of building decision tree classifiers on data 
with uncertain numerical attributes. Our Objectives are

To devise an algorithm for building decision trees from 1. 
uncertain data by using the Distribution-based come near
To investigate whether the Distribution-based approach could 2. 
lead to a higher classification accuracy compareswith the 
Averaging approach.

To establish a theoretical foundation on which pruning 3. 
techniques are derive that can significant improveof 
computational efficiency of the Distribution-based 
algorithms.

Modules

A. Data Insertion 
In many applications, however, the data uncertainty is common. 
The value of a feature/attribute is must be capture it is not a 
single point value, but it’s a range of values givento a probability 
distributions.With uncertaintyof the value inthe data item is often 
represents not by a single value, but from the multiple values 
forming a probability distribution. This uncertain data is very 
inserted by the user.

1. Generate Tree
Building a decision tree on tables with numerical, point value of 
data is computationally demand. A numerical attributes usually 
has a possible infinite range of real or integral numbers are 
inducing a large search space for a best “split point”. To improve 
the efficiencyto many techniques have been propose to eliminate 
the number of candidate split points.

2. Averaging
A simple way to handle data uncertainty is to abstract probability 
distributions by summary statistics with means and variances. 
We call the approach average. A direct approach to deal with the 
uncertain data  is to replace each pdf. It reduces the problem back 
to that for pointvalue data. AVG is a greedy algorithm that builds 
a tree top to down. When processes a node.

3. Distribution Based
An approach is consideringto the complete data to carries by the 
probability distributions to builds a decision trees. We call that 
approach toDistributionbased.
Our goals are given below:

To implement an algorithm for build decision trees from • 
uncertain data using the Distributionbased approach;
To check whether the Distributionbased approach could • 
leads to a higher classification accuracy when compare to 
the averaging approach;
To provide a theoretical foundation on which pruning • 
techniques are derive that can significantly improve the 
computational efficiency to Distributionbased algorithms.

IV. Related Work
Decision trees are one of the most important aspects for“Decision-
making”. Classification is one of the mostwidespread data mining 
problems found in daily life. Decisiontree classification is one 
of the bestsolutionapproaches. ID3 is a particularlyelegant and 
instinctive solution. This article presents analgorithm for privately. 
Whilethis has been done for horizontally partitions data. Data 
uncertainty has been broadlyclassifies as existential uncertain 
and value uncertainty.There has been an interest in uncertain data 
mining. The well-known k-means clustering algorithm isextended 
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by UK-means algorithmfor clusteringuncertain data. Data 
uncertainty is usually captures by pdf’s. Mining uncertain data 
is therefore computationally cost dueto information explosion.
We adopts the technique of fractionaltable for splitting tables into 
subsets when the domain of itspdf spans across the split point 
range. It improve the efficiency and manytechniques have been 
proposes to minimize the number ofcandidates split points. 

Fig. 1: Classifying a Test Table

V. Approaches
There are two approaches for handling doubtful data. Thefirst 
come near, called “Averaging,” transforms an uncertaindata set 
into a point-valued one by replacing each pdf with its

Several identical algorithms have been introduced fordecision 
tree construction. This work provides the ID3classification 
algorithm.The ID3 builds a decisiontree from fixing examples. 
The resulting tree is used toclassify future samples. C4.5 is an 
algorithm used to generatea decision tree developed by Ross 
Quinlan. C4.5 is animprovement of Quinlan’s previous ID3 
algorithm. The decisiontrees generate by C4.5 that can be used 
for the classification. We present details of the tree construction 
algorithms underthe two approaches in the following sections.

A. Averaging
A straightforward way to deal with the uncertain information
is to replace each pdf with its expected value, thus,effectively 
converting the data tables into point-valued tables.This reduces 
the problem back to that for point valued data,and hence,  
existingdecision tree algorithms such as ID3and C4.5 [3] can also be  
reused. Hence this can be called as approach Averaging(AVG).

Table 1: Example Tuples

Fig. 2: Decision Tree Built From Example Tables in Table 1

For eachof the (m-1)k combinations of attributes (Aj)and split 
points(z), we divide the set S into the “left” and “right” subsets 
Land R. We then compute the entropy for each such
Combination:

B. Distribution-Based Approach

Exampletables in Table 1 to see how the distribution-based 
algorithm can improve classification accuracy. By holding 
intoAccount the probability distribution.Uncertain Decision Tree  
builds the tree shown in fig. 3 before pre pruning and post pruning 
are going to applied.

Fig. 3: Example Decision Tree Before Post-Pruning
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C. Experiments on Accuracy
In order to achieve a higher classification accuracy byconsidering 
data uncertainty, we should implement AVG and  Uncertain 
Decision Tree  and apply them to 10 real data sets (see Table 
2) takenFrom the UCI Machine Learning Repository [17]. 
These dataSets are chosen because they mostly contain 
numericalattributes obtained from the measurements.Here, first 
data set contains 640 rows; each represents anutterance of the 
Japanese vowels by one of the nineparticipating speakers. Each 
table contains 12 numericalattributes, which are Linear Predictive 
Coding (LPC)coefficients. These coefficients effect important 
characterstics of speech sounds. Each attribute value consists of 
7-29 samples of LPC coefficients are collectsin over time. These 
samples represent uncertain information and used to model the pdf 
of the attribute for tables. The other data sets contain “point values” 
without uncertainty.For most of the data sets,Gaussian distribution 
is assumed as the error model. Since thedata sets “Pen Digits,” 
“Vehicle,” and “Satellite” contain integerdomains, we suspected 
that they are heavily influenced bythe quantization noise.

D. Effect of Noise Model
In this experiment we observes data from UC repository and 
directly add into an uncertain result using UDT algorithm. The 
number of errors in the particular data i is un controlled.

Fig. 4: Experiment With Controlled Noise on Dataset 
“Segment”

VI. Pruning Algorithms

A. Pruning Empty and Homogeneous Intervals
Definition 1: For a given set of tables S, an optimal split point 
for an attribute Aj is one that minimizes H(z , Aj). (Note that 
the minimization is taken over all z €[q1, qv].).The end points 
define v _ 1 disjoint intervals: (qi, qi+1] for i =1; . . . ; v -1. We 
will examine each interval separately. ForEasy Sake, an interval 
is represented as (a,b).

Theorem 1:
If an optimal split point falls in an emptyinterval, then an end 
point of the interval is also an optimalsplit point.
Proof:
By the definition of information gain, if the optimalsplit point 
can be found in the interior of an empty interval(a,b), then that 
split point can be replaced by the end point awithout changing the 
resulting entropy. As a result of thistheorem, if (a,b) is empty, we 
only need to examine the endpoint a when looking for an optimal 
split point. There is awellknown analogues for the point data 
cases which statesthat if it is an optimal split point that it to be 
placed between twoconsecutive attribute values it can be placed 
on anywhere in theinterior intervals.

B. End Point Sampling
UDT-GP Global Pruning algorithm is very effective on pruning 
intervals. In some settings, UDT-GP reduces thenumber of 
“entropy calculations” to only 2.7 percent ofthat of UDT.

Fig. 5: Illustration of End-Point Sampling

In the above diagram consists Row 1 shows the intervals? The 
collection of end pointing intervalsconstitutes the set Qj in row 
2. From these end points, disjointintervals are derived in row 3. 
Instead of using the set of allend points Qj (row 2), we take a 
sample Qj1 (row 4) of thesepoints. The algorithm thus operates 
on the intervals derivedfrom Qij (row 5) instead of those derived 
from Qj (row 3).After all the pruning’s on the coarser intervals 
are done, weare left with a set Y 0 of candidate intervals (row 
6). we bring back the original set of end points inside theinterval 
(row 7) and their original finer intervals (row 8). Thecandidate 
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set of intervals obtained after pruning is Y” (row9), which is a 
much smaller candidate than the set ofcandidate intervals when 
no end point sampling is used.

VII. Conclusions
We have extended the model of decision-tree classification to 
accommodate data tables having numerical attributes with 
doubtfulness described by arbitrarypdfdocuments .In This We 
have modified classical decision tree building algorithms to build 
decision trees for classifying such data. We have found through 
empirical observation to exploiting data doubtfulness leads to 
decision trees with remarkably higher accuracies.wises have 
devised a series of pruning techniques to improve tree construction 
efficiency. Our algorithms have been experimentally verified to 
be highly effective.
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