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Abstract
Generating large set of data items to be mined searching data that 
is related to domain experts. It is the main aspect in present days. 
For doing this work efficiently number of processing works can 
be introduced in variance with suitable performance in real time 
applications.  Traditionally used many type applications manually 
by considering total refinement of all the information from domain 
experts. This was accomplished by building a web platform in 
which human groups interact to both respond to questions likely 
to help predict a behavioral outcome and pose new questions to 
their peers. This results in a dynamically-growing online survey, 
but the result of this cooperative behavior also leads to models that 
can predict user’s outcomes based on their responses to the user-
generated survey questions. For providing efficient permissions 
on outsourcing data we introduce to develop Attracted forced 
applications with suitable increment process in searched and 
mined data. These results can be  provide efficient transformation 
between each user depending on the systematic efficiency in used 
information.
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I. Introduction
Data mining is the process of extracting useful information from 
different domain experts. Those considerations are deployed 
in systematic informative generation in retrieving relevant 
information efficiently. Statistical tools such as multiple regression 
or neural networks provide mature methods for computing model 
parameters when the set of predictive covariates and the model 
structure are pre-specified. 

Fig. 1: Data Mining Applications Over Special Data on User 
Behaviors

The need for the involvement of domain experts can become a 
bottleneck to new insights. However, if the wisdom of crowds 
could be harnessed to produce insight into difficult problems, 
one might see exponential rises in the discovery of the causal 
factors of behavioral outcomes, mirroring the exponential growth 
on other online collaborative communities. Thus, the goal of this 
research was to test an alternative approach to modeling in which 
the wisdom of crowds is harnessed to both propose potentially 
predictive variables to study by asking questions, and respond to 
those questions, in order to develop a predictive model.  

A. Crowd Sourcing
The rapid growth in user-generated content on the Internet is 
an example of how bottom-up interactions can, under some 
circumstances, effectively solve problems that previously 
required explicit management by teams of experts. Harnessing the 
experience and effort of large numbers of individuals is frequently 
known as “crowd sourcing” and has been used effectively in a 
number of research and commercial applications. Although 
arguably not strictly a crowd sourced system, the rapid rise of 
Wikipedia illustrates how online collaboration can be used to 
solve difficult problems (the creation of an encyclopedia) without 
financial incentives.
Collaborative systems are generally more scalable than top-
down systems. Wikipedia is now orders-of-magnitude larger 
than Encyclopedia Britannica. The climateprediction.net project 
has produced over 124 million hours of  climate simulation, 
which compares favorably with the amount of simulation time 
produced by supercomputer simulations. User generated news 
content sites often host as many or more readers than conventional 
news outlets

Fig. 2: Overview of the System. The Investigator (a-f) is 
Responsible for Initially Creating the Web Platform, and Seeding 
it With a Starting Question. Then, as the Experiment Runs They 
Filter New Survey Questions Generated by the Users
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Users who visit the site first provide their individual value for 
the outcome of interest, such as their own BMI.  We conjecture 
that crowd sourcing the selection of predictive variables can 
reveal creative, unexpected predictors of behavioral outcomes. 
For problems in which behavioral change is desirable (such as 
is the case with obesity or energy efficiency), identifying new, 
unexpected predictors of the outcome may be useful in identifying 
relatively easy ways for individuals to change their outcomes.

II. Existing System
Because of policy efforts to increase energy efficiency, many are 
working to provide consumers with better information about their 
energy consumption. Research on consumer perception of energy 
efficiency indicates that electricity customers often misjudge the 
relative importance of various activities and devices to reducing 
energy consumption. Thus motivated, we designed the “Energy 
Minder” website to predict and provide feedback about monthly 
household (residential) electricity consumption. Participants 
were invited to join the site through notices in university e-mail 
networks, a university news letter, and reedit, a user-generated 
content news site.  

A. Body Mass Index Instantiation
In order to test this approach with an outcome that was more 
readily available to participants a second website was deployed 
in which models attempted to predict the body mass index of each 
participant. Participants arriving for the first time at the BMI site 
were asked to enter their height and weight in feet, inches and 
pounds respectively, as most of the visitors to the site resided in 
the U.S. Participants were then free to respond to and pose new 
questions. 
This indicates that although the majority of participants are unlikely 
to be experts in the domain of interest, collectively they uncovered 
many of the classes of known correlates of obesity, and responded 
sufficiently honestly so that these correlates became predictive 
of BMI on the site. It could be argued that the most predictive 
question should not have been accepted as it is highly likely that 
it correlates with the outcome: people who perceive themselves 
as overweight are likely to be overweight. However, it is known 
that for those suffering from body image disorders the opposite 
is often the case: those that perceive themselves incorrectly as 
overweight can become extremely underweight.
We hypothesize that willingness to generate candidate predictors of 
a behavioral outcome may be stimulated under several conditions. 
First, if subjects are incurring a health or financial cost as a result 
of the outcome under study, they may be motivated to contribute. 
For example a user that has an above average electricity bill or 
body mass index, yet has similar lifestyle attributes as his fellow 
users, may wish to generate additional attributes to explain the 
discrepancy. However, a substantial number of users were recruited 
from online communities outside of the authors’ social networks, 
indicating that some online users are motivated to contribute to 
such studies even if they do not know those responsible for the 
study.  

B. Rare Outcomes
It remains to be seen though how the proposed methodology 
would work for outcomes that affect a small minority of online 
users or for which predictors are not well known. We hypothesize 
that for rare outcomes, online users who have experience with 
this outcome, could be encouraged to participate, and would be 
intrinsically motivated to contribute. For example if the outcome 

to be studied were a rare disease, users who suffer from the disease 
would be attracted to the site. Once there, they may be in a unique 
position to suggest and collectively discover previously unknown 
predictors of that disease. Moreover, a user who suffers from the 
disease is likely to know more people who suffer from that disease 
and would be motivated to advertise the site to them.

III. Proposed System
One common approach is to choose one classifier and select data 
points that help the training of this classifier, which normally 
includes choosing data points according to some confidence 
measure. In this paper, the random subspace method (RSM) is 
combined with QBC. As a well-established ensemble method, 
RSM offers good generalization and only requires one data point 
to start training. Although previous methods have focused on 
building homogeneous ensembles with QBC, homogeneous 
ensembles face similar problems as when using one classifier: 
the bias of the chosen classifier type.

A. Method
The adaptive heterogeneous ensembles method alternates between 
two phases: the query phase chooses one data point for labeling 
and adds it to the training set, and the training phase adapts the 
ensemble towards a better combination of classifiers. After the 
first data point has been chosen out of the first chunk of data, a 
heterogeneous ensemble of classifiers is generated according to 
a predefined initial ratio. The first query phase is followed by the 
first training phase. In this phase, the ratio of classifier types in the 
ensemble is first adapted, and then a new ensemble of classifiers 
is generated according to the new ratio, each again on a 50% 
random subspace on the current training set. Several adaptation 
strategies could work with AHE. The adaptation strategy in this 
paper works as follows: 

The entire data set is partitioned into three sets: the training 1. 
pool, the testing set and the adaptation set which is used for 
adapting the ratio of the ensemble.
Each time the ensemble is adapted, three accuracies are 2. 
obtained for the ensemble against the adaptation set: the 
voting accuracy of the entire ensemble, the voting accuracy 
of the current ensemble with one randomly chosen C4.5 
classifier removed, and the voting accuracy of the current 
ensemble with one randomly chosen Naive Bayes classifier 
removed.

Fig. 3: Randomly Processed Datasets
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3.   The ratio of C4.5 and Naive Bayes classifiers are adapted 
according to the comparison of the three accuracies. If the 
accuracy with one C4.5 classifier removed is better than the 
accuracy with one Naive Bayes classifier removed and better 
than or equal to the accuracy with the entire ensemble, then 
the number of C4.5 classifiers is decreased by one, and the 
number of Naive Bayes classifier is increased by one.

The relative numbers are adjusted similarly in the opposite case. 
If the entire ensemble achieves the best accuracy, then the ratio 
remains the same. The algorithm then starts the second query 
phase: a third data point is chosen from the third chunk of data and 
added to the training set. The second training phase then adapts 
the ratio of the ensemble again, and a new ensemble is trained 
according to the new ratio on the updated training set.   

IV. Experimental Results
In this section the experimental settings and data sets are 
introduced, and then the experimental results are reported. Two 
sets of experiments were conducted. In the first set of experiments, 
evidence is provided that heterogeneous ensembles consistently 
outperform homogeneous ensembles, and different combinations 
of C4.5 and Naive Bayes classifiers suit different data sets. 

A. Data Sets and Experimental Settings
All data sets were shuffled and partitioned into three sets: the 
training pool, the testing set and the adaptation set as mentioned 
before. For all data sets, parameters were chosen empirically as 
a tradeoff between computation time and labeling cost, which are 
also criteria for choosing parameters in practice.
The first data set was one of the feature sets from the Multiple 
Features Data Set called mfeat-pixel1. This data set consists of 
features of handwritten digits extracted from a collection of Dutch 
utility maps. The mfeat-pixel data set contains 240 features and 
10 possible output labels, with each representing a digit between 
“0” and “9”. For each class label there are 200 data points, thus 
the whole data set contains 2000 data points. There are no missing 
values in the data set. 1200 data points were randomly chosen for 
the training pool, 500 were randomly chosen to serve as the testing 
set, and the remaining 300 data points serve as the adaptation 
set. The training pool was partitioned into 400 chunks, with 
each containing three data points. The second data set was the 
Page Blocks Classification Data Set2, henceforth referred to as 
“page”. The data set recorded 10 features of segmented blocks of a 
document, and the task is to classify a block as “text”, “horizontal 
line”, “picture”, “vertical line” and “graphic”.

B. Comparison With Static Ensembles
In this section,  evidence is provided that heterogeneous ensembles 
work consistently better than homogeneous ensembles with active 
learning on the five tested data sets, and the effectiveness of AHE 
is reported in terms of both accuracy compared against AHE with 
static ratios and the algorithm’s ability to converge to suitable 
ratios.

The experiments on AHE with static ratios consist of the test 
of AHE on all possible starting ratios of C4.5 and Naïve Bayes 
classifiers without adaptation: we tested the AHE with static ratios 
from zero C4.5 classifiers and 10 Naïve Bayes classifiers to 10 
C4.5 classifiers and zero Naive Bayes classifiers.

Fig. 4: Ability of AHE to Discover the Optimal Ratio for the 
“Page” Data Set

For each of the tested data sets, two sets of experiments were 
conducted: AHE was first compared against AHE with random 
sampling, C4.5 with uncertainty sampling, and Naive Bayes 
with uncertainty sampling over iterations, and then AHE was 
compared against bagging with random sampling, boosting with 
random sampling and the random subspace method with random 
sampling.

V. Conclusion
Data mining is the process of extracting useful information from 
different domain experts. This was accomplished by building a 
web platform in which human groups interact to both respond to 
questions likely to help predict a behavioral outcome and pose 
new questions to their peers. This results in a dynamically-growing 
online survey, but the result of this cooperative behavior also 
leads to models that can predict user’s outcomes based on their 
responses to the user-generated survey questions. For providing 
efficient permissions on outsourcing data we introduce to develop 
Attracted forced applications with suitable increment process in 
searched and mined data. These results can be providing efficient 
transformation between each user depending on the systematic 
efficiency in used information.
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