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Abstract- The data is never perfect and can often suffer from corruptions (noise) that may impact interpretations of the data, 
models created from the data and decisions made based on the data. Noise can reduce system performance in terms of 
classification accuracy, time in building a classifier and the size of the classifier. The noise introduced in the attributes 
available in advance, and a solution to incorporate it into the mining process. More specifically, the noise knowledge to 
restore original data distributions, which are further used to rectify the model built from noise- corrupted data. This concept 
by the proposed EA naive Bayes classification algorithm. Experimental comparisons on real-world datasets will demonstrate 
the effectiveness of this design. In the proposed work adaboost algorithm technique is applied and still more good results are 
obtained 
 
Index Terms- Classification, Data Mining, Naive Bayes (NB), Noise Handling, Noise Knowledge, Adaboost.  
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I. INTRODUCTION 
 
REAL-WORLD data are dirty, and therefore, noise 
handling is a defining characteristic for data mining 
research and applications. A typical data mining 
application consists of major steps: 
 data collection and preparation,  
 data transformation and quality enhancement,  
 pattern discovery, and  
 Interpretation and evaluation of patterns (or 

post mining processing). 
 
A learning set D which consists of a number of 
training instances, i.e., (x

n 
y

n
), n =1,2,...,N, is given in 

advance, from which the learning algorithm can 
construct a decision theory. Here, each single 
instance (x

n 
y

n
) is characterized by a set of M attribute 

values xn = a1, a2,…  , a3 . and one class label yn , yn ∈{ 
c1,c2,...,cL} (the notation of all the symbols is 
explained in Table I). The problems of data 

imperfections rise from the reality that attribute 
values xn and class label yn might be corrupted and 
contain incorrect values. Under such circumstances, 
incorrect attribute values and mislabeled class labels 
thus constitute attribute and class noises. Extensive 
research studies have shown that the existence of 
such data imperfections is mainly responsible for 
inferior decision theories and eliminating highly 
suspicious data items often leads to an improved 
learner (compared with the one learned from the 
original noisy dataset), because of the enhanced data 
consistency and less confusion among the underlying 
data. Such elimination approaches are commonly 
referred to as data cleansing. Data cleansing methods 
are effective in many scenarios, but some problems 
are still open. 
 
Most data mining methods, however, do not 
accommodate such error information in their 
algorithm design. They either take noisy data as 
quality sources or adopt data cleansing beforehand to 
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eliminate and/or correct the errors. Either way may 
considerably deteriorate the performance of the 
succeeding data mining algorithms because of the 
negative impact of data errors and the limitations and 
practical issues of data cleansing. The 
aforementioned observations raise an interesting and 
important concern on error-aware (EA) data mining, 
where previously known error information (or noise 
knowledge) can be incorporated into the mining 
process for improved mining results. In this paper, I 
have report my recent research efforts toward this 
goal. I have will propose an EA data mining 
framework which accommodates noise knowledge to 
enhance data classification accuracy. By using naive 
Bayes (NB) classification to materialize my idea, my 
experimental results on real-world datasets from 
University of California, Irvine (UCI) machine 
learning database repository will demonstrate that 
such an EA data mining procedure is superior to 
cleansing-based data mining and can significantly 
improve data mining results in noisy environments 
when the statistical error information is provided 
beforehand. 
 
II. ERROR AWARE DATA MINING FOR NB 
 
2.1 NB Classification 
In supervised learning, each instance is described by 
a vector of attribute values. A set of instances with 
their classes are provided as the training data, where 
each instance in the training data is denoted by a 
vector of attribute values xk and a class label yk, i.e., 
Ik =( xk, yk). Given a test instance In with an unknown 
class label yn, i.e., In = ( xn,?), the learner is asked to 
predict  In’s class label according to the evidence 
provided by the training data. By assuming that P(Y 
= cl| In) denotes the probability that example in 
belongs to class cl 
In classification learning, each instance is described 
by a vector of attribute values and a class label. A set 
of instances with their classes is provided as the 
training data, The learner is asked to predict a test 
instance’s class according to the evidence provided 
by the training data. 
X <A1, A2, .., AM> as a vector of random variables 
denoting the observed attribute values (an instance 
with M attribute values) 
 x <a1, a2, …, aM> as a particular observed attribute 
value vector 
(a particular instance). 
 
 X=x as shorthand for X1=x1 ∧ X2=x2 ∧..∧ Xk=xk. 
 aij, j=1,..,Mi as a particular value of attribute Ai, and 
Mi denotes the number of attribute values in Ai. 
 Y as a random variable denoting the class of an 
instance. 
 Cl, l=1, .., L, denotes a particular class label of a 
dataset with L classes. 
Assuming that P(Y=Cl| x) denotes the probability that 
example x belongs to class Cl, the Bayes theorem can 

be used to optimally predict the class label of a 
previously unseen example x, given a set 
of training examples in advance.  
With the Bayes theorem, the expected classification 
error can be minimized by choosing  
arg max{P(Y=Cl| x) }. 
Given an example x, the Bayes theorem provides a 
method to compute P(Y=Cl |x) with Eq. (1) 

 
 
Assuming that the attributes are independent given 
the class, P(X=x|Y=Cl ) can be decomposed into the 
product  
P(x1|Cl  )* P(x2|Cl  )*…..* P(xa|Cl  ).  
Then the probability that an example belongs to class 
Cl    is given by Eq. (2). 
 

P(Y=Cl |x)=    
 
Which can be rewritten as Eq. (3) 
 
P(Y=Cl |x)α log(P(Y=Cl  )) + ∑a log(P(X=x a  |Y=Cl  )) 
..(3) 
 
The classifier obtained by using the discriminate 
function in Eq. (2) is known as the Naïve Bayes 
Classifier.  
 
2.2 Data Distribution Restoration for NB 
Assume that the previously known noise level in 
attribute ai is denoted by pi and that noise in each 
attribute is uniformly that I have define here do not 
include missing values. 
 

 
Fig. 1. Random value transformation for the attribute value 

aij. 
 
distributed. A noise level pi indicates that for any 
particular attribute value, for example, aij, it has a pi 
probability of being randomly corrupted to any other 
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values ai1,...,aiMi, including itself. Thus, for any two 
values aij and aik, aij has a pi/Mi probability of being 
changed to aik and vice versa. Such a random 
transformation model for attribute value aij is shown 
in Fig. 1. Given data set D with|D| instances, assume 
it was corrupted from an error free dataset E (Which 
does not exist). 
 
When noise is uniformly distributed, as depicted in 
the fig.(1),for any attribute Ai  , the relationship betI 
haveen |Dij| and |Eij|,j=1,2,…Mi  , can be expressed as 
follows. 

 
 
E.q(4) can be written in a matrix form as 

 
 
The results from Eq.(5) can only estimate the number 
of instances w.r.t each attribute value, regardless of 
the class label. Since the information is not sufficient. 
I have transform the Eq(5) by pushing constraints 
onto the class labels. 
A.(X1  + X2  +…+ XL  )= B1  + B2 +..+ BL …  Eq (6) 
Eq(6) is unsolvable. 
An alternative is decompose Eq(6) into a series of 
linear functions associated to each single class, as 
denoted Eq.(7) 
 A.X1 =B1 
 A.X2 =B2 
…….. 
A.XL =BL 
X1 +X2 +…+XL  =X    ……….Eq(7)  

 
The rationale of eq(7) lies in the assumption that 
errors are randomly and independently distributed 
across all attributes: thus, instances in each class 
suffer from almost the same level of errors. 
 
2.3 EA-NB Classification 
As NB assumes that all attributes are conditionally 
independent given the class lable, I have can repeat 
the same process for each attribute and use the 

estimated conditional probabilities for final 
classification. 
  
Procedure: Error Aware Naïve Bayes 
Classification() 
 
Input: (1) D (a noisy dataset); 
            (2) pi, i=1,.., M (noise level for each attribute) 
Output: Polished Naïve Bayes model. 
   

1) For each class Cl, l=1, …, L 
2) Calculate class priori probability P(Cl) 
3) For attribute Ai, i=1, …, M 
4) Count the value of the attribute distribution, 

|Dij|,                      j=1,.., 
Mi from D 

5) Solve Eq. (7) and acquire estimated |Eij |, 
j=1,.., Mi. 

6) End For  
7) End For 
8) Take estimated |Eij |, j=1, .., Mi; i=1, .., M; 

l=1, …,L, as conditional probabilities, and 
combine with priori probability P(Cl)  for 
error awareness Naïve Bayes classification. 
Fig 2  Error Awareness Naïve Bayes 

 
Because the EA-NB model in fig.2 processes each 
attribute independently, errors inside each attributes 
are also considered independenly.In other words, 
even if different attributes suffer from different levels 
of errors, EA-NB would still be able to restore data 
distributions for each of them 
 
IMPLEMENTATION OF ADABOOST 
ALGORITHM  
In boosting,  weights are also assigned to each 
training tuple. A series of k classifiers is 
iteratively learned. After a classifier, Mi  , is 
learned , the weights are updated to allow the 
subsequent classifier, Mi+1  , to “pay more 
attention” to the training tuples that were 
misclassified by  Mi  . The final boosted classifier, 
M*, combines the votes of each individual 
classifier, where the weight of each classifier’s 
vote is a function of its accuracy.  
 
AdaBoost algorithm is a popular boosting algorithm 
to boost the accuracy of a learning method.D, a data 
set of d class-label tuples,(X1 ,y1 ) , (X2 ,y2 ),…, (Xd 
,yd ), where yi  is the class label of tuple Xi. 
  Adaboost assigns each training tuple an equal 
weight of 1/d.Generating k classifiers for the 
ensemble requires k rounds through the rest of the 
algorithm. 
A classifier model, Mi, , is derived from the training 
tuples of Di . 
To compute the error rate of model Mi , sum the 
weights of each of the tuples in Di that Mi   
misclassified . That is, 
       error(Mi ) =    wj * err(Xj ), 
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Where, 
err(Xj )is the misclassification error of tuple Xj.   
If the tuple was misclassified, then err(Xj  )   is 1 
;Otherwise, it is 0.  
Adaboost. A boosting algorithm-create an ensemble 
of classifiers. Each one gives a weighted vote. 
Input : 

 D, a set of d class-labeled training tuples; 
 k, the number of rounds(one classifier is 

generated per round); 
  a classification learning scheme 

Output: A composite model. 
Method: 

1)  initialize the weight of each tuple in D to 
1/d; 

2) for i=1 to k do // for each round: 
3)        Sample D with replacement according 

to the tuple weights  to obtain Di  ; 
4)        use training set Di to derive a model , 

Mi; 
5)        compute error(Mi ), the error rate of Mi 
6)        if  error(Mi ) >0.5 then 
7)             go back to step 3 and try again; 
8)       end if  
9)       for each tuple in Di     that was correctly 

classified do 
10)                  multiply the weight of the tuple 

by error(Mi ) /(1- error(Mi ) );// update 
weights 

11)        normalize the weight of each tuple; 
12) endfor  
13) endfor            

 
EXPERIMENTAL RESULTS 
 
To evaluate the performance of the proposed EA-NB 
classification design, I have implemented both NB 
and EA-NB. In my implementation, most NB 
classifications are based on the discriminant function 
in (2), and in the case that class distributions of the 
dataset become undistinguishable (e.g., when datasets 
have many attributes),. I have evaluate the approach 
on ten benchmark datasets from the UCI database 
repository , where each numerical attribute is 
discretized with equal-width discretization approach. 
Although other complex discretization methods, such 
as equal frequency or supervised discretization 
algorithms, are reported to have a better performance 
than equal-width discretization, since I was interested 

in the relative improvement of EA-NB in comparison 
with NB as well as improve still more results with 
Adaboost algorithm, I have believe that the impact of 
the inferior discretization model can be ignored as 
long as using the same discretization method for both 
EA-NB and NB. For this reason, a simple equal-
width discretization method instead where each 
attribute was discretized into a fixed number of bins 
(ten bins in my experiments). The main 
characteristics of my benchmark datasets and their 
tasks are described in Table II. The number of 
instances in these datasets varies from about 100 
(zoo) to about 50000 (adult), and the number of 
attribute values varies from 6 (car) to 60 (splice), 
which gives a chance to observe EA-NB’s 
performance from different perspectives, e.g., the 
performance on very sparse to relatively dense 
datasets. The datasets in the UCI database repository 
have been care- fully examined by domain experts; 
thus, they do not contain much noise . For 
comparative studies, I have adopt both the random 
corruption model in Fig. 1 to manually inject errors 
into the attributes, and then, I have observe the 
performance of different methods on corrupted 
datasets. For simplicity, majority of the experimental 
results are based on the random corruption model in 
Fig. 1  
 
With the general transformation model in Fig. 3, the 
actual noise level in an attribute ai is determined by. 
The transformation matrix and then use EA-NB to 
restore the original data distributions and build an NB 
classifier. The majority of my experiments are 
designed to assess the performance of the proposed 
EA-NB in noisy environments in comparison with 
the original NB classifiers trained from the same 
dataset. For each experiment, a tenfold cross 
validation ten times and use the average accuracy as 
the final result. In each run, the dataset is randomly 
(with a proportional partitioning scheme) divided into 
a training set and a test set. The error corruption 
model was applied to the training set, and this 
corrupted dataset was used to build the NB and EA-
NB classifiers. All the learners are testedon the test 
set to evaluate their performance. In the following 
sections, mainly analyze the results on several 
representative datasets. The summarized results are 
reported in Table III.  
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TABLE III BENCHMARK DATASETS USED FOR EVALUATION 

 
 
Classification Accuracy Comparisons under a 
Uniform Corruption Model 
To evaluate the performance of EA-NB under a 
uniform corruption model (Fig. 1 the following 
experiments. Given a dataset E, I have first train an 
NB classifier and denote its classification accuracy by 
“Original.” I have then introduce a certain level of 
noise into E to build a corrupted dataset D and learn 
another NB classifier from D with its performance 
denoted by “Corrupted.” With D and a noise level pi, 
I have can build an EA-NB classifier, which is 
represented as “EA-NB.” Since in noisy 
environments, data cleansing is often adopted to 
enhance data quality and improve the classification 
accuracy, I have therefore apply a data cleansing 
method [5] on D to remove all misclassified 
examples, and I have build another NB classifier 
from the cleansed dataset. The performance of this 
NB classifier is expressed as “Cleansing.” I have 
compare the performance of the aforementioned four 
classifiers at different noise levels pi ∈ [0.1,0.5] and 
report the detailed results from four representative 
datasets in Fig. 7, where the x-axis represents the 
noise level pi, and the y-axis indicates the 
classification accuracy. The summarized results from 
six other datasets are reported in Table III. To justify 
the performance of the NB classifier implemented by 
myselves and to show that NB is indeed robust in 
noisy environments, I have also report the results of 
C4.5 in Table III so that I have can comparatively 
study NB and EA-NB. To ensure that the 
observations I have made are statistically significant, 
I have report the t-test results (p-value) between the 
accuracies of NB and EA-NB by using accuracies 
from a ten-time cross validation. A statistically 
significant difference (less than 5%) is marked in 
bold text in Table III.. This is a common sense as 
corrupted datasets no longer reveal genuine data 
distributions and will confuse the NB classifiers from  

 
making correct deci- sions. It is worth noting that 
different datasets react differently to the same level 
of noise. A small portion of noise can seriously 
deteriorate an NB learner (e.g., for the car and splice 
datasets in Fig. 7), or a significant amount of noise 
may still do not have much impact at all (e.g., for the 
adult and nursery datasets in Table III). I have 
believe that this is an intrinsic feature of a dataset, 
which is determined by factors such as the instance 
numbers and the complexity of the concepts in the 
dataset. Meanwhile, as NB is a typical statistical 
learner, noise normally does less harm to it compared 
with other no statistical learning mechanisms (as 
shown in Table III, where C4.5 usually deteriorates 
much faster than NB). Generally, for a dataset with a 
large number of instances and containing a significant 
amount of redundancy, the existence of errors does 
less harm, as the genuine data distributions can be 
restored from just a small portion of the data. On the 
other hand, for a dataset with a very limited number 
of instances and when each instance appears to be 
necessary for classification, adding a small amount of 
errors can make considerable changes to the NB 
classifier because errors in this case can easily 
modify data distributions and confuse NB learners. 
Overall, my observation concludes that NB is 
relatively robust to data errors compared with its 
other peer C4.5. This conclusion is consistent with 
the observations from [37]. When noise is introduced 
to the attributes, data cleansing is not an effective 
solution to improve data mining performance. For 
many datasets that I have used, the learners trained 
from the cleansed dataset “Cleansing” are inferior to 
the ones trained from the original noisy datasets 
“Corrupted,” where the results of “Cleansing” can be 
as worse as 7% less than the accuracy of “Corrupted” 
(the absolute accuracy difference). This complies 
with the previous observations from Quinlan [16]. 
The negative impact of data cleansing may come 
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from two possible reasons: 1) Removing suspicious 
instances, which do not comply with the existing 
model, may inevitably eliminate good examples and 
incur information loss, and 2) just because some 
attribute values are erroneous, it does not necessarily 
mean that the whole instance is useless, and many 
other attribute values of the noisy instance may still 
benefit the learning theory; therefore, it cannot be 
simply removed. If a learner has only 50% accuracy, 
it means that half of the removed instances are 
actually good, and this explains the reason why data 
cleansing may introduce information loss. 
 

 
 

 

CONCLUSION 
 
EA data mining framework unifies statistical error 
information and a data mining algorithm for effective 
learning 
The novel features that distinguish the proposed 
effort from existing endeavors are twofold:  

1. I have unify noise knowledge and a general 
data mining algorithm into a unique structure, 
here as existing data mining activities often 
have no awareness of the underlying data 
errors, and  

2.  Instead of polishing noisy data, like many 
cleansing-based approaches do, I have take 
advantage of the noise knowledge to polish the 
model trained from noisy data smyces, and 
therefore, the original data are I havell 
maintained. 

 
In this approach the results can be still  improved 
using adaboost algorithm 
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