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Abstract- Classification is the process of finding a model that 

describes and distinguishes data classes or concepts, for the 

purpose of being able to use the model to predict the class of 

objects whose class label is unknown. Classification method of 

the unknown dataset can be obtained by several processes. 

Online boosting is one of the ensemble classifier method which 

works in an online fashion where each data is processed 

sequentially through a single scan. Boosting works based on 

the ensemble class. 

 

I. INTRODUCTION 

 

Boosting is one of the ensembles learning method which is 

basically works on the concept of multiple classifiers. Boosting 

algorithm generates a sequence of base models with different 

weight distributions over the training set. Ensemble data 

mining methods, also known as committee methods or model 

combiners, are machine learning methods that leverage the 

power of multiple models to achieve better prediction accuracy 

than any of the individual models could on their own [4]. Many 

traditional machine learning algorithms generate a single 

model (neural network or naive ayes). Ensemble learning 

methods like boosting instead generate multiple models. Given 

a new example, the ensemble passes it to each of its multiple 

base models, obtains .Their predictions, and then combines 

them in some appropriate manner. There are various ensemble 

methods are available to provide the classification and two of 

the most popular methods are bagging and boosting. Batch 

boosting is generally useful when we have smaller number of 

data and for which multiple passes for that data are feasible. 

Primed online boosting is desirable for a number of reasons. 

Most importantly it can provide the online learning process 

which processes the data sequentially one at a time. Primed 

online boosting improves the performance of basic online 

boosting by initially training few of the data in batch mode. 

Primed online boosting yield combinations of good 

classification performance and low running times, which make 

it practical algorithm for use with large datasets. In Primed 

online boosting, weight adjustment is based on the model’s 

performance only on the examples seen earlier which is unlike 

in batch boosting where example’s weight is adjusted based on 

the performance of a base model on the entire training set. 

 

II. PROPOSED ALGORITHM: PRIMED 

ONLINE BOOSTING.  

Generate an ensemble classifier from the sequential training 

samples.  

Input:dataset for which primed online boosting to be inducted 

 Class labels 

Output: ensemble that gets the maximum weighted vote over 

the M base model. 

 

Method: 

1. For first 20% of DATA 

2. For rest of the DATA 

3. For each base model, set k according to poisson ( ). 

4. If   correctly classified then  

5.  To classify a new example with x, return: 

 

2.1 Primed online boosting algorithm 

 

Primed online boosting algorithm is shown in above figure 1.1. 

As the primed algorithm combined the advantages of batch as 

well as online algorithm, the above algorithm suggest training 

the first 20% of the data in batch-mode that shown in the first 

step of algorithm. For the rest of the data, algorithm provides 

the online learning process.For the batch mode process we 

require that m  < ½ (this is the weak learning assumption—

the error should be less than what we would achieve through 

randomly guessing the class)—if this condition is not satisfied, 

then we stop and return the ensemble consisting of the 

previously-generated base models. If this condition is satisfied, 

then we calculate a new distribution over the training 

examples. 

Online process shown in algorithm, first initialize the basic 

variable 
sc

m =0, 

sw

m =0 and  =1 where 
sc

m  is the sum of the 

weights of correctly classified examples and 

sw

m  is the sum of 

the weights of the misclassified examples for each of the base 

model that is shown in the second step of the algorithm.Third 

step of an algorithm shows the Poisson distribution which is 

discrete probability distribution function that is used here to 

generate the random number. Using lambda = 1 allows one to 

simulate sampling with replacement in an online manner. The 

adjustments to lambda that online boosting makes is 

correspond to changes in the example weights.Fourth step 

shown in algorithm is used to modify the value of   based on 

examples classification. Here it checks that h 1  has learned the 

example, i.e. whether h 1   classifies it correctly. If it does, 

algorithm update
sc

1 , which is sum of the weights of the 

examples that h 1   has classifies correctly. Then error 1  is 

calculated which is the weighted fraction of the total examples 

that h 1  has misclassified and then   is updated by multiplying 
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it with 











 )1(2

1

m     on the other hand, if h 1  misclassifies the 

example x, then we increment 
sw

1 , which is the sum of the 

weights of the examples that h 1  misclassifies. Then 1  is 

calculated and update   by multiplying it by











m2

1

. The 

final ensemble is a function that takes a new example and 

returns the class that gets the maximum weighted vote over all 

the base models, where each base model’s vote is log( m

m



1

) 

which is proportional to the base model’s accuracy on the 

weighted training set presented to it. 

 A distribution updating function of the algorithm is 

works as follow. The misclassified examples’ weights are 

multiplied by











m2

1

, so that the sum of their weights is 

increased to m * 











m2

1

 = ½. The correctly classified 

examples start out having total weight 1- m , but their weights 

are multiplied by 











 )1(2

1

m , therefore, the sum of their 

weights decreases to (1- m )*











 )1(2

1

m  = ½.  

 

The point of this weight adjustment is that the next base model 

will be generated by a weak learner ( the base model will have 

error less than 1/2); therefore, at least some of the examples 

misclassified by the previous base model will have to be 

learned. 

 

2.2 Performances/result  

No. of 

records 

Thousands 

Online Boosting time 

millisecond 

Primed Online boosting time 

millisecond 

5 2.60 2.49 

10 8.22 6.52 

15 9.81 7.42 

20 17.31 14.72 

30 30.00 28.11 

40 33.43 32.89 

 

Table 1.1 records Performance 

 

                                                                       Figure 1.1 Performances 

 

 

III. CONCLUSION  

 

A primed online boosting is an efficient method to improve the 

performance of boosting. The main intension of proposed 

algorithm is to provide the online boosting process where 

initially providing the batch process in order to combine the 

advantages of batch as well as online learning process. With 

primed online boosting, when algorithm is initially running in 

batch mode, it may choose to generate the fewer base models, 

as batch boosting follows weak learning assumption We do not 

have this luxury with online boosting because initially, many 

of the models may have high errors but these errors may 

decrease with additional training examples. With primed online 

boosting, we regain this luxury because, when the algorithm is 

running in batch mode, it may choose to generate fewer base 

models for the same reason that batch boosting might, in which 
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case the subsequent online learning is also faster because fewer 

base models need to be updated.Also experiment the different 

methods of combining the multiple classifier. Data 

preprocessing technique such as different attribute subset 

selection technique can be applied to select an attribute subset 

on which this algorithm can be applied. 
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