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Abstract
Traditional decision tree classifiers work with data whose values 
are known and precise. We extend such classifiers to handle data 
with uncertain information. Value uncertainty arises in many 
applications during the data collection process like multiple 
repeated measurements. With uncertainty, the value of a data 
item is often represented not by one single value, but by multiple 
values forming a probability distribution. Rather than abstracting 
uncertain data by statistical derivatives (such as mean and median), 
we discover that the accuracy of a decision tree classifier can 
be much improved if the “complete information” of a data item 
(taking into account the probability density function (PDF)) is 
utilized. 
Extensive experiment results shown that the resulting classifiers are 
more accurate than those using value averages. Since processing 
PDF’s is computationally more costly than processing single 
values (e.g., averages), decision tree construction on uncertain 
data is more CPU demanding than that for certain data, To tackle 
this pruning techniques are used. We extend classical decision tree 
building algorithms to handle data tuples with uncertain values 
using Uncertain Decision Tree -Cumulative Distributive Function 
(UDT-CDF).
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I. Introduction
Decision trees are simple, yet widely used method for classification 
and predictive modeling. A decision tree partitions data into smaller 
segments called terminal nodes. Each terminal node is assigned
a class label. The non-terminal nodes,which include the root and 
other internal nodes, contain attribute test conditions to separate
records that have different characteristics. The partitioning process 
terminates when the subsets cannot be partitioned any further using 
pre defined criteria. Decision trees are used in many domains. For 
example, in data base marketing, decision trees can be used to 
segment groups of customers and develop customer profiles to 
help marketers produce targeted promotions that achieve higher
response rates.This paper studies decision tree based classification 
methods for uncertain data. In many applications, data contains
inherent uncertainty [2-3, 5-6]. A number off actors contribute to 
the uncertainty, such as the random nature of the physical data 
generation and collection process, measurement and decision 
errors, unreliable data transmission and data staling. For example, 
there are massive amounts of uncertain data in sensor networks,
such as temperature, humidity, and pressure. Uncertainty can also 
arise in categorical data. For instance, a tumor is typically classified 
as benign or malignant in cancer diagnosis and treatment.
In practice, it is often very difficult to accurately classify a 
tumor due to the experiment precision limitation. The lab results 
in evitably give false positives or false negatives some of the 
time. Therefore, doctors may often decide tumors to be benign 
or malignant with certain probability or confidence. Since data 
uncertainty is ubiquitous, it is important to develop classification 

models for uncertain data. In this paper, we focus on the decision 
tree based classification approach. We choose the decision tree 
because of its numerous positive features. Decision tree is simple 
to understand and interpret. It requires little data preparation, while 
some other techniques often require data normalization, dummy 
variables need to be created and blank values to be removed. 
Decision tree can handle both numerical and categorical data, 
while many other techniques are usually specialized in analyzing 
datasets that have only one type of variable. Decision tree uses 
a white box model. If a given situation is observable in a model 
the explanation for the condition is easily explained by Boolean 
logic. Besides, it is possible to validate a decision tree model 
using Statistical tests. Decision tree is also robust and scalable. It 
performs well with large data in a short period of time.
In this paper, we propose a new decision tree for classifying 
and predicting both certain and uncertain data (DTU). The main 
contributions of this paper are:
that it can handle both numerical and categorical data with 
uncertainty.
This paper is organized as follows. In the next section, we will 
discuss related work. Section III describes the Averaging and 
UDTLP data models. Section IV illustrates the technique of 
UDTCDF. Section V. The experimental results are shown in 
Section VI concludes the paper.

II. Existing System on Averaging 
In this section, we discuss two approaches for handling uncertain 
data. The first approach, called Averaging, transforms an uncertain 
dataset to a point-valued one by replacing each pdf with its mean 
value. A decision tree can then be built by applying a traditional
tree construction algorithm. To exploit the full information carried 
by the pdf’s, our second approach, called ―Distribution based, 
considers all the sample points that constitute each pdf [3].
A straight-forward way to deal with the uncertain information 
is to replace each pdf with its expected value, thus effectively 
converting the data tuples to point-valued tuples. This reduces the 
problem back to that for point-valued data, and hence traditional 
decision tree algorithms such as ID3 and C4.5 [3] can be reused. 
We call this approach AVG (for Averaging). We use an algorithm 
based on C4.5. Here is a brief description. AVG is a greedy 
algorithm that builds a tree top-down. When processing a node, 
we examine a set of tuples S. The Algorithm starts with the root 
node and with S being the set of all training tuples. At each node 
n, we first check if all the tuples in S have the same class label c. 
If so, we make n a leaf node and set Pn(c) = 1, Pn(c0) = 0 8c0 6= 
c. Otherwise, we select an attribute Ajn and a split point zn and 
divide the tuples into two subsets: “left” and “right”. All tuples 
with vi;jn _zn are put in the “left” subset L; the rest go to the 
“right” subsetR. If either L or R is empty (even after exhausting 
all possible choices of Ajn and zn), it is impossible to use the 
available attributes to further discern the tuples in S. In that case, 
we make n a leaf node.
Moreover, the population of the tuples in S for each class label
induces the probability distribution Pn.In particular, for each class 
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label c 2 C, we assign to Pn(c)the fraction of tuples in S that are
labelled c. If neither L nor R is empty, we make n an internal node 
and create child nodes for it. We recursively invoke the algorithm 
on the “left”child and the “right” child, passing to them the sets
L and R,respectively.
To build a good decision tree, the choice of Ajn and znis crucial. 
At this point, we may assume that this selection is performed by 
a blackbox algorithm Best Split, which takesa set of tuples as 

parameter, and returns the best choice of attribute and split point for 
those tuples. We will examine thisblack box in details. Typically, 
BestSplit is designed to select the attribute and split point that 
minimizes the degree of dispersion.The degree of dispersion can 
be measured in many ways,such as entropy (from information
theory) or Gini index [10].The choice of dispersion function affects 
the structure of the resulting decision tree.

Table 1: Example Tuples

Averaging Procedure:
In this paper we assume that entropy isused as the measure 
since it is predominantly used for building decision trees.The 
minimization is taken over the set of all possible attributes Aj (j = 
1; : : : ; k), considering all possible split points in dom(Aj). Given 
a set S = ft1; : : : ; tmg of multiples with point values, there are 
only m-1 ways to Partition S into two non-empty L and R sets. 
For each attribute Aj, The split points to consider are given by 
the set of values of the tuples under attribute Aj , i.e., fv1;j ; : : : 
vm;jg. Among these values, all but the largest one give valid split 
points. (The largest one gives an empty R set, so invalid.)For each 
of the (m - 1)k combinations of attributes (Aj )and split points (z), 
we divide the set S into the “left” and“right” subsets L and R. We 
then compute the entropy For each such combination:

 (1)

where pc=X is the fraction of tuples in X that are labeled c. We take 
the pair of attribute Aj and split point z_ that minimizes H(z;Aj) 
and assign to node n the attribute Aj with split point z3.

Let us illustrate this classification algorithm using the example 
tuples shown in Table 1. This set consists of 6 tuples of 2 class 
labels “A” and “B”. Each tuple has only 1 attribute,whose (discrete) 
probability distribution is shown under the column “probability
distribution”. For instance, tuple 3 has class label “A” and its 
attribute takes the values of 1, +1,+10 with probabilities 5=8, 
1=8, 2=8 respectively [13].

Fig. 1: Show the Process on Averaging Technique on Automotive 
Data Set and Make as a Certain Data Set
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III. Proposed Approach
In this section we present UDTCDF, a new classification 
algorithm that overcomes the limitations of existing agglomerative 
hierarchical classification algorithms discussed in Section III. And 
provides an overview of the overall approach used by UDT-CDF 
to find the decision tree in a data.
In our algorithm, a feature value is represented not by a single value, 
but by a cdf . In our algorithm the cumulative distribution function 
(CDF) describes probability of a random variable falling in the 
interval (−∞, x].The CDF of the standard normal distribution is 
denoted with the capital Greek letter Φ (phi), and can be computed 
as an integral of the probability density function:

Numerical methods for calculation of the standard normal CDF
are as follows For a generic normal random variable with mean
μ and variance σ2 > 0 the CDF will be equal to

3.3.Properties of CDF : 3.3.1 The standard normal CDF is 2-fold 
rotationally symmetric around point (0, ½): Φ(−x) = 1 − Φ(x).
3.3.2 The derivative of Φ(x) is equal to the standard normal pdf
ϕ(x): Φ′(x) = ϕ(x).
3.3.3 The anti derivative of Φ(x) is: ∫ Φ(x) dx = x Φ(x) + ϕ(x).
Algorithm for UDT-CDF 
Input : the training dataset DS (Japanese vowel) ; the set of 
candidate attributes att-list Output : 
An uncertain numerical tree 
Begin 4.1 create a node N; 
4.2 if (DS are all of the same class, C)then 
4.3 return N as a leaf node labeled with the class C; 4.4 else if 
(attribute –list is empty)then
4.5 return N as a leaf node labeled with the highest weight class 
in DS; 
4.6 endif; 
4.7 select a test-attribute with the highest probabilistic information 
gini index to label node N; 4.8 if (test-attribute is uncertain numeric 
) then 
4.9 binary split the data from the selected position p; 4.10for 
(each instance i)do
4.11 if(test-attribute <= p)then 
4.12 put it into DSl left side with weight i.w;
 4.13 Else if (test-attribute>p)then
4.14 Put it into DSrright side with weight i.w; 
4.15 else 4.16 put it into DSL with weight
i.w(1)*

  (2)
4.17 put it into DSR with weight i.w(2)*

  (3)
4.18 endif; 
4.19 end for; 
The basic concept of this algorithm as follows: (1)The tree starts 

as a single node representing the training samples (step 1). (2) If 
the samples are all of the same class; then the node becomes a 
leaf and is labeled with that class (step2 and 3). (3) Otherwise, the 
algorithm uses a probabilistic measure, known as the probabilistic 
information gini index, as the criteria for selecting the attribute 
that will best separate the samples into an individual class (step 
7). This attribute becomes the ”test” attribute at the node. (4) If 
the test attribute is uncertain numerical, we split for the data at 
the selected position p (steps 8 and 9). (5) A branch is created for 
test-attribute ≤ p or test-attribute > p respectively. If an instance’s 
test attribute value is less than or equal to p , it is put into the 
left branch with the instance’s weight i .w(1). If an instance’s 
test attribute value is larger than p , it is put into the right branch 
with the instance’s weight i .w(2). If an attribute’s value covers 
the split point p (-∞ ≤ p <∞ ), it is put into the left branch with 
weight i .w∗cdf eq.

IV. Experimental Analaysis
The Execution time or CPU time and Space of a(an) algorithm is 
defined as the time spent by the system executing that particular
algorithm, including the time spent executing run-time or system 
services on its behalf. we examine the execution time of the 
algorithms,

Fig. 2:AVERAGING Algorithm Results
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Fig. 3: AVERAGING Algorithm Results Remove the Uncertain Data Sets

Fig. 4: UDT-LP Model Algorithm Results 

Fig. 5: UDT-CDF Model Algorithm Results 



IJCST  Vol. 5, ISSue 4, oCT - DeC 2014

w w w . i j c s t . c o m InternatIonal Journal of Computer SCIenCe and teChnology  93

 ISSN : 0976-8491 (Online)  |  ISSN : 2229-4333 (Print)

Fig. 5: Time Taken for Averaging, UDT-LP and UDT-CDF 
Algorithms

Fig. 6: Space Taken for Averaging, UDT-LP and UDT-CDF 
Algorithms

V. Conclusion
Automotive data set is considered which is used by the most 
preferable users and applied on both Averaging data model 
algorithm and UDT-CDF model algorithm to remove the uncertain 
data and make it as relevant data usage. In this paper we are 
comparing the performance by using time complexity.The UDT-
CDF algorithm gives the best results comparative Averaging and 
UDT-LP classification algorithm.  Averaging algorithm gives 
best results for space occupation comparative to the UDT-CDF, 
UDT_LP  algorithms. So finally on the basis of time complexity 
UDT-CDF algorithm is an advanced algorithm to remove uncertain 
data and is proved by the results.
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