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Abstract
Very well know that the complexity and volume of the data 
is increasing rapidly in some Crowd sourcing websites. The 
term Crowd sourcing means the action of outsourcing chores, 
traditionalistic performed by an utilize or contractor, which are 
now performed by a large group of people. It is more expensive 
and more time consuming process because of increase in rate of 
submission and so short listing the winners. 
Data submitted by crowd sourcing websites can be noisy, 
inconsistent. To overcome this problems related to data one of 
the method was proposed which named as text mining method; 
this method performs the number of operations like | descent of 
data, procedure, tf-idf computing and calculation of similarity. 
Results obtained by existing system shows that k-means algorithm 
with text mining methods do not do the entire trick of evaluating 
submissions. 
Therefore proposed system uses hierarchic clustering algorithm 
with text mining methods and classification for relation submission 
to overcome the problems present in the existing system.
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I. Introduction
The last several years has revealed a new trend in Machine 
Learning: prediction and learning problems rolled into prize-driven 
competitors. One of the first, and surely the most well-known, 
was the Netflix prize released in the  predict users’ preferences on 
its information of shoots, freed a dataset of 100M ratings to the 
public and asked competing teams to submit a list of predictions 
on a test set withheld from the public. Netflix offered $1,000,000 
to the first team achieving prediction accuracy exceeding a given 
doorway, a goal that was finally met. Such competitory model for 
solving a anticipation task has been used for a range of similar 
competitions since, and there is even a new company (kaggle.com) 
that creates and hosts such competitors. This prediction contests 
have proven quite valuable for a couple of important reasons: (a) 
they leverage the abilities and knowledge of the public at large, 
commonly known as “crowd sourcing”, and (b) they provide 
an incentivized mechanism for an individual or team to apply 
their own knowledge and techniques which could be particularly 
beneficial to the nice tool for companies and institutions that need 
help with a given prediction task yet cannot afford to hire an 
expert. The potential leverage can be quite high: the Netflix prize 
winners apparently spent more than $1,000,000 in effort on their 
algorithm alone. Despite the extent of its quality, it is the Netflix 
competition model the apotheosis way to “crowd source” It is anti-
collaborative. Competitors are strongly incentivized to keep their 
techniques private. This is in stark contrast to many other projects 
that rely on crowd sourcing – Wikipedia being a meridian example, 
whereas players must build off the exploit of others. Indeed, in 
the case of the Net fix prize, not only do leading participants lack 
incentives to share, but the work of non-winning competitors is 
effectively wasted.

The incentives are skewed and misaligned: The winner-take-
all prize structure means that second place is as good as having 
not competed at all. This ultimately leads to equilibrium where 
only a few teams are really competing, and then potential new 
teams never form since catching up appears so unlikely. Inch 
addition, ye fixed achievement benchmark, set by Netflix as a 
10% improvement in prediction RMSE over a baseline, leads 
to misaligned incentives. Effectively, the prize structure implies 
that an improvement of %9.9 percent is worth nothing to Netflix, 
whereas a 20% improvement is still only worth $1,000,000 to 
Netflix. This is clearly not optimal. 
The nature of the competition precludes the use of proprietary 
methods. By requiring that the winner reveal the gaining algorithm, 
possible competitors utilizing non-open software or proprietary 
techniques will be unvoluntary to contend. Near entering the 
competitor, aspen must effectively give away his intellectual 
property.
In this paper we describe a new and very general mechanism 
to crowd source prediction/learning problems. Our mechanism 
requires participants to place bets, yet the space they are betting 
over is the set of hypotheses for the learning chore at pass. At 
all given time the mechanism publishes the current hypothesis 
wand participants can wager on a modification of w to w0, 
upon which the modified w0 is posted. Eventually the wagering 
catamenia ceases, asexual of test information is exposed, Andean 
participant receives a payout allowing calculates. ye critical 
property is that every dealers profit scales according to how well 
their modification improved the solution on the test data. The 
framework we propose has many qualities similar to that of an 
information or prediction market, and many of the ideas derive 
from recent research on the design of automated market makers 
[7, 8, 3, 4, and1]. Many information markets already exist; at sites 
likeIntrade.comandBetfair.com, individuals can bet on everything 
ranging from election outcomes to geopolitical cases. Thither 
gets been a burst of interest in such markets in Holocene years, 
non least of which is due to their possible for combining large 
amounts of information from a ambit of authors. In that words 
of Hanson et al [9]: “Rational expectations theory betokens in 
equipoise, asset prices will reflect all of the information held by 
market players This theorized data aggregation place of prices 
has lead economists to become increasingly interested in using 
securities markets to predict next cases.” In exercise, prediction 
markets have demonstrated impressively accurate as a forecasting 
tool [2, 11-12].
The central contribution of the present paper is to take the framework 
of a prediction market as a tool for information aggregation and 
to apply this tool for the purpose of “aggregating” a hypothesis 
(classifier, predictor, etc.) for a given learning trouble. The crowd 
of ML researchers, practicians, and Area experts represents a 
highly various range of expertise and algorithmic creatures. Inch 
contrast to the Netflix respect, Pitted squads of participants versus, 
the mechanics we propose allows for all to contribute whatever 
knowledge they may have available towards the final solution. 
In a sense, this approach decentralizes the process of solving the 
task, as individual experts can potentially apply their expertise 
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to a subset of the problem on which they have an advantage. 
Whereas a market price can be thought of as representing a 
consensus estimate of the value of an asset, our goal is to construct 
a consensus hypothesis reflects all the knowledge and capabilities 
about a particular learning problem.
Layout: We begin by introducing the simple notion of a generalized 
scoring rule representing the “loss function” of the learning task 
at hand. We describe our proposed Crowd sourced Learning 
Mechanism (CLM) in detail, and discuss how to structure a CLM 
for a particular scoring occasion L, in order that the traders are 
given bonuses to minimize L.
We give an example based on the design of Huffman codes. We 
discuss previous work on the design of prediction markets using 
an automated prediction market maker (APMM). In Section 5 we 
finish by considering two learning settings (e.g. linear regression) 
and we construct a CLM for each.
General Architecture  

Fig. 1:

Term Document Matrix (TDM), Hierarchical Clustering, 
Classification and Relation Submission.  Looking at figure of 
general architecture of proposed system it can very well say that 
client will extract dataset from server. 
Extracted dataset will go through five modules shown in architecture 
of proposed system 

II. Preprocessing 
In the process of data mining the data preprocessing is one of 
the important steps. The raw data occurred in the data is highly 
susceptible to noise, missing values and inconsistency. With all 
this raw data the quality of data as well as result is affected. 
Hence the data preprocessing is one of the method for maintaining 
and improving the quality of data. Preprocessing of data consists 
following three steps: 

1. Stemming 
Stemming process is used to measure the root of the words. By 
applying the semantic knowledge words are converted into stems.  
This process improves the effectiveness and reduces the index 
size. 

2. Stop Word Removals 
Main goal behind using stop word removal algorithm is to reduce 
the indexing file and improve efficiency. In this process file which 
is output of the stemming process (stemmed file) and file containing 
list of stop words are taken as an input. Words of stemmed file 
which are similar to stop word list get removed using this algorithm 
so that resulted file will be without stop words.

3. Tokenization 
This process separates the words if any of the character comes 
in between them.

A. Term Document Matrix (TDM) 

1. TF-IDF 
TF-IDF calculation uses two weighting algorithms called tf and 
tf-idf algorithm. Algorithm takes number of documents as input 
which calculates tf value of every word in every document by 
using following formula:

   (1)
Algorithm also calculates idf value of every word in every 
document by using following formula:

   (2)
Where, 

|• 𝐷|:  Cardinality  of  D,  or  total  number  of  document  in  
the corpus. 
| d• ∈𝐷:t∈d |:  Number of documents where the term t appears 
i.e., tf (t, d) ≠0. If the term is not in the corpus, this will lead 
to a division-by-zero.  It is therefore prevalent to adjust the 
formula to appears 1+| {d € D: t € d}|.

Finally, it calculates TF*IDF value by utilizing following 
formula:
      …………3
In this way TF*IDF value for every term in all documents is 
engenders.
Cosine Homogeneous attribute  
      …………4
Where, Cos sin (x, y) = cosine Homogeneous Attribute between 
documents x and y. 
Where x = no. of documents {x1,x2,…..,xn} 
y = no. of documents {y1,y2,…..,yn} 
||x|| = norm of matrix of documen||y|| = norm of matrix of document 
y.

C. Hierarchical Clustering  
Hierarchical clustering algorithm, takes TF-IDF calculated terms 
as input which find outs kindred attribute between terms. Algorithm 
puts homogeneous terms which are found utilizing average linkage 
criteria and average of kindred values between terms to form the 
clusters in one cluster and others in different clusters. 

Average linkage clustering can be done utilizing following • 
formula:

D. Apriori Algorithm 
Clustered terms are given as input to Apriori algorithm.  The • 
terms are checked in input documents and it composes the 
binary matrix.  

E. Cognation Submission  
Utilizing Apriori algorithm resulted matrix engenders rules • 
which are cognations. 

III. Case Study 
Let’s consider  three  data  sets  each  containing  single  text  • 
file for  the  calculation  of tf*idf  and  implementation  of  
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Apriori algorithm for cognation submission. 
Dataset 1:  the game of life is a game of perpetual learning • 
Dataset 2:  the unexamined life is not worth living • 
Dataset 3:  never stop learning• 

Above table does not contain few words of dataset as during 
experiment few words removed in stemming, stop word removal 
and tokenization phase.

Here  minimum  support  count  is  considered  as  0.6  so  the 
words  having  support  count  less  than  0.6  are  removed  in  
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the process  of  Apriori  algorithm  which  are  indicated  by 
highlighted rows. 
Terms having minimum support count ≥ 0.6 are used as input for 
Apriori algorithm to find out most frequent item set followed by 
relation submission i.e. rule generation. 
All the calculations are performed using formulae mention in 
methodology section.

IV. Related Work  
Existing work has shown that the cluster formation of crowd 
sourcing website context need further enhancement [1-7]. In [10], 
behavioral model is implemented which leads into dynamically 
growing online data which is sometimes noisy, missing values etc. 
Resulting into difficulty into submission of crowd sourcing website 
context To overcome this problem, text mining methodology is 
used in [2]. Methodology consist of data extraction followed by 
stemming, stop word removal and tokenization, tiff calculations 
and finally clustering using k-means algorithm. In [2-3], system 
uses k-means algorithm for clustering. But this approach also has 
some shortcomings as k-means algorithm is a static algorithm. 
In [4], algorithm calculates probability value based on which 
probabilistic classifier indexes the document to the concern group 
of cluster using three steps preprocessing, rule generation and 
probability calculation. [5-7], summarizes and contextualizes 
relation between IR and crowd sourcing, overview of what crowd 
sourcing means, why it is important, core points while designing 
crowd sourcing mechanism and different aspects of crowd sourcing 
such as computational techniques and performance analysis.

V. Conclusion and Future Work 
In proposed scheme, hierarchical clustering algorithm and text 
mining techniques are applied on modern research field of Crowd 
sourcing. Main motto is to detect outstanding innovative ideas 
which are submitted by crowd due to their likelihood of using the 
unique set of words and separating these words from the noise. In 
this way Data Mining Approach help to evaluate submission of 
Crowd sourcing web contents and their quality using Clustering. 
Clustering could be used as decision support of expert committees 
as it provides fast and direct entrance to unique ideas. Clustering 
could facilitate the current situation of which expert committees 
commonly are unable to cope with. On further work clustering 
output can be used as a search engine. Proposed work can use 
different clustering algorithms.
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