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ABSTRACT 

One-to-many knowledge linkage is a vital task in several domains, nonetheless solely a couple of previous publications have self-

addressed this issue. Moreover, whereas historically knowledge linkage is performed among entities of an equivalent sort, it's 

extraordinarily necessary to develop linkage techniques that link between matching entities of various sorts further. During this 

paper, we tend to propose a brand new one-to-many knowledge 

Linkage methodology that links between entities of various natures. The projected methodology is predicated on a one-class 

cluster tree (OCCT) that characterizes the entities that ought to be connected along. The tree is made specified it's simple to grasp 

and rework into association rules, i.e., the inner nodes consist solely of options describing the primary set of entities, whereas the 

leaves of the tree represent features of their matching entities from the second knowledge set. We tend to propose four rending 

criteria and 2 completely different pruning strategies that can be used for inducement the OCCT. The tactic was evaluated 

victimization knowledge sets from 3 completely different domains. The results affirm the effectiveness of the projected 

methodology and show that the OCCT yields higher performance in terms of exactness and recall (in most cases it's statistically 

significant) in comparison to a C4.5 call tree-based linkage methodology 
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1. INTRODUCTION 

DATA linkage is that the task of distinguishing totally 

different entries (i.e., information items) that talk to a similar 

entity across different information sources [1]. The goal of the 

info linkage task is joining information sets that don't share a 

standard symbol (i.e., a foreign key). Common information 

linkage eventualities include: linking information once 

combining 2 totally different databases[2] ; data duplication 

(an information compression technique for eliminating 

redundant data), that is usually done as a preprocessing step 

for data processing tasks [3],[4]; identifying people across 

totally different census information sets[5]; linking similar 

DNA sequences[6]; and matching astronomical objects from 

totally different catalogues [7]. It is common to divide 

information linkage into 2 types: matched and one-to-

many[8]. In matched information linkage, the goal is to 

associate Associate in nursing entity from one information set 

with one matching entity in another information set. In one-to-

many information linkage, the goal is to associate Associate in 

nursing entity from the primary information set with a group 

of matching entities from the opposite information set. Most 

of the previous works specialize in matched information 

linkage. 

In this paper, we tend to propose a brandnew knowledge 

linkage technique aimed at playacting one-to-many (and is 

extended to 

many-to-many) linkage. Additionally, whereas knowledge 

linkage is usually performed among entities of a similar kind, 

the proposed knowledge linkage technique will match entities 

of different varieties. Parenthetically, in very student 

information we tend to might wish to link a student record 

with the coursesshe ought to take (according to completely 
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different options that describe the scholar and options 

describing the courses). The planned technique links between 

the entities employing a One-Class cluster Tree . A cluster tree 

may be a tree in which every of the leaves contain a cluster 

rather than a single classification. Every cluster is generalized 

by a group of rules (e.g., a group of conditional probabilities) 

that's hold on in the appropriate leaf[9],[10]. 

The OCCT was evaluated using knowledge sets from 3 

different domains: knowledge leak hindrance, recommender 

systems, and fraud detection. Within the knowledge leak 

hindrance domain, the goal is to discover abnormal access to 

information records which may indicate a possible knowledge 

leak or knowledge misuse. The goal is to match an action, 

performed by a user within a particular context, with records 

that may be lawfully retrieved among that context. Within the 

recommender systems domain, the planned technique is 

employed for matching new users of the system with the 

things that they're expected to like supported their 

demographic attributes. Within the fraud detection domain, the 

goal is to spot on-line purchase transactions that are dead by a 

dishonest user and not the legitimate user (i.e., identity theft). 

The results show that the OCCT performs well in numerous 

linkage eventualities. In addition, it performs a minimum of as 

correct because the well-known C4.5 call tree data-linkage 

model, whereas incorporating the advantages of a one-class 

resolution. In addition, the OCCT is preferred over the C4.5 

call tree as a result of it will easily be translated to linkage 

rules. 

 

2. RELATED WORK 

2.1 Data Linkage 

Data linkage refers to the task of matching entities from two 

different information sources that don't share a standard 

symbol (i.e., a distant key).Information linkage is typically 

performed among entities of a similar kind. It’s common to 

divide information linkage into two varieties, namely, matched 

and one-to many. In matched information linkage, the goal is 

to associate one record in table ta with a single matching 

record in table TB. 

In the case of one-to-many information linkage, the goal is to 

associate one record in ta with one or a lot of matching records 

in TB. 

Christen and Goiser[13] use a C4.5 call tree to determine that 

records ought to be matched to at least one another. In their 

work, they compare completely different call trees that are 

designed supported completely different string comparison 

strategies. However, in their technique, the attributes in line 

with that the matching is performed area unit predefined and 

just one or two attributes are sometimes used. 

In this paper, we have a tendency to propose a brand new 

information linkage technique 

Aimed at activity one-to-many linkage which will match 

entities of various varieties.Following , we have a tendency to 

use the J48 Weka implementation[14]  of the C4.5 call 

tree[15]  as a baseline for comparison with our technique. The 

inner nodes of the tree comprise attributes relating each of the 

tables being matched (TA and TB). The leaves of the tree can 

confirm whether or not a combine of records represented by 

the path within the tree ending with this leaf could be a match 

Or a no match. Data linkage is closely involving the Entity 

Resolution problem. Whereas in information linkage, the goal 

is to link between related entries in one or a lot of information 

sources, the goal of entity resolution is to spot no identical 

records that represent an equivalent real-world entity, and to 

merge them into one representative record (also referred to as 

duplication)[16]. Joint entity resolution makes an attempt to 

boost entity resolution by mistreatment extra data which will 

be derived by connection the table with a connected table[17]. 

Another connected analysis domain is clustering[18]. 

Clustering refers to a two-dimensional clump method in which 

the entities (i.e., instances) and therefore the attributes area 

unit clustered at an equivalent time. The OCCT model 

additionally ends up in clusters of instances, every could also 

be represented with a distinct set of attributes. The clusters 

area unit later sculptured during a compactway. During this 

sense, the planned OCCT technique may beused for 

clustering; but, during this paper, we have a tendency to 

specialize in the linkage task. 

 

3. PROPOSED 

3.1 Linkage Model Inducer 

The linkage model encapsulates the data of that records are 

expected to match one another. The induction process includes 

derivation the structure of the tree. Building the tree needs 

deciding that attribute ought to be designated at each level of 



    
INTERNATIONAL JOURNAL FOR RESEARCH IN EMERGING SCIENCE AND TECHNOLOGY, VOLUME-2, ISSUE-5, MAY-2015                                                     E-ISSN: 2349-7610 

VOLUME-2, ISSUE-5, MAY-2015                                                COPYRIGHT © 2015 IJREST, ALL RIGHT RESERVED                                                                                                     35 

the tree. The inner nodes of the tree comprise attributes from 

table ta solely. Choosing the attribute is completed by 

victimization one amongst the potential rending criteria given 

in Section 5.1. The rending criteria ranks the attributes based 

mostly on however smart they're in cluster the matching 

examples. 

In addition, a preprinting method is enforced. This means that 

the algorithmic rule stops increasing a branch whenever the 

sub branch doesn’t improve the accuracy of the model. The 

inducer is trained with matching examples solely 

 

3.2 Splitting Criteria 

The OCCT can be derived using any one of the splitting 

criteria. The splitting criterion is used to determine which 

attribute must be used in each step of constructing the tree. 

Our main goal is to achieve a tree that contains less number of 

nodes, as smaller trees easily generalize the data by avoiding 

over fitting. It will also be simpler or the human eyes to 

understand the tree structure. The Five types of splitting 

criteria used in this system are: Maximum Likelihood 

Estimation (MLE), Least Probable Intersections (LPI), 

Coarse-Grained Jaccard Coefficient (CJC), Fine-Grained 

JaccardCoefficient (FJC), Dealing- Multivalued splits (DMS). 

 

3.2 Maximum probability assessment (MLE) 

This particular splitting criterion uses choosing the attribute 

that is most appropriate to serve as the next splitting attribute 

for the forthcoming attributes that are yet to be split. We aim 

to choose the split that achieves the maximum likelihood and 

hence we choose the attribute that has the highest likelihood 

score as the next splitting criterion in the tree. The 

computational complexity of building a decision model using 

the this method is dependent on the complexity of building the 

model and time taken to calculate the likelihood. The 

complexity varies according to the method chosen for 

representing the model, size of the input dataset and to the 

number of attributes. 

 

3.5 Least Probable Intersections (LPI) 

Gershman et al. proposed an optimal splitting criterion which 

relies on cumulative distribution function (CDF). In this 

method, the main aim is to find a splitting attribute which has 

least amount of identifiers that are shared. That splitting 

attribute must be least probable to generate the subsets 

randomly. Hence, the splitting attribute with highest score is 

chosen as the next attribute for the split. The consecutive 

splitting attribute of the tree would be the attribute which has 

achieved the highest score. In terms of computational 

complexity, building a tree using the LPI method is found to 

be cheap when compared with other methods. 

 

3.6 Coarse-Grained Jaccard Coefficient (CGJ) 

It is commonly used in clustering, Measures the similarity 

between clusters, using the coefficient to choose the splitting 

attributes, and define a subset of a record set as a cluster. The 

goal is to choose the splitting attribute that leads to the 

smallest possible similarity between the subsets. To do so, 

Splitting the attributes and measure the similarity between the 

subsets and compute the possible splitting attribute using 

Jaccard coefficient as the ratio between the number of records 

and the total number of records described. 

 

3.7 Fine-Grained Jaccard Coefficient (FGJ) 

It is capable of identifying partial record matches. It checks 

what extent each possible pair of records is similar. Their 

similarity would be calculated as the number of attributes 

containing same values, divided by the total number of 

attributes examined that did not contain null in either of the 

records. This is calculated for each possible pair of records.  

 

3.8 Dealing- Multivalued splits (DMS) 

The three measure which are described above LPI, CJC, FJC 

are described using binary attributes (Measuring the similarity 

of only two record sets at a time) and the forth measure MLE 

does not measure the similarity between two given record set 

and it is computed individually for each possible subset, But in 

most datasets, discrete attributes may have more than two 

possible values. When Multi attributes exists we proposed 

splitting criteria. Each binary split splits into two sets and each 

set includes all records. A weight is calculated for each binary 

split. The weight is proportional to the size of the subsets to 

ensure that the resulted splitting values of an attribute will be 

influenced.  

 

3.9 Pruning 

In a tree induction process, pruning is considered to be an 

important task. The necessity of using pruning is to build a 

tree with accuracy and also to avoid over fitting. Pruning can 
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be done in two ways: pre-pruning and post-pruning. In pre-

pruning, the branches are pruned during the induction process 

if there are no possible splits found. In post-pruning, the tree is 

built completely followed by a bottom-up approach to 

determine which branches are not beneficial. In our system we 

have followed a pre-pruning approach. It was chosen for the 

reason that it reduces the time complexity of the algorithm. 

The decision to prune the branch or not is taken once the next 

attribute for split is chosen.In this proposed system, two pre-

pruning methods are used. They are maximum likelihood 

estimation (MLE) and least probable intersections (LPI). 

3.10 Data Linkage with OCCT 

Data Linkage is a process in which a pair is determined match 

or not. During this phase, each possible pair of test records is 

tested against the linkage model to determine if the pair is a 

match or not. This process results in calculating a score which 

represents the probability of the record pair if it is a true 

match. The initial score is calculated using maximum 

likelihood estimation. The input to the algorithm is an instance 

from table. The output of this algorithm is a Boolean value 

determining whether the instances should be matched or 

not.The likelihood score for a match between the records is 

calculated by using the probability of each value, given all 

other values and appropriate model. Eventually, the 

determination of the given records is found match or not by 

comparing the likelihood score which was calculated earlier 

with the threshold value. The pair is found to be matched if the 

pair’s score is greater than the threshold value. It is considered 

as a non-match if the pair’s score is less than the threshold 

value. Finally, the pairs that are found to be matched are listed 

in the output. Also the time taken for the linkage process is 

calculated and displayed in the output. 

 

Fig-1: Architectural Design 

4. CONCLUSION  

We present OCCT, a one-class call tree approach for 

performing one-to-many and many-to-many information 

linkage. The projected methodology is predicated on a one-

class call tree model that encapsulates the information of that 

records should be joined to every different. Additionally, we 

tend to projected four doable rending criteria and 2 doable 

pruning methods which will be used for inducement the 

information model. Our goal is to link a record from a table 

tantalum with records from another table TB. The generated 

model is within the variety of a tree in which the inner nodes 

represent attributes from tantalum and also the leafs hold a 

compact illustration of a set of records from TB that are a lot 

of probably to be joined with a record from tantalum, whose 

values are in line with the trail from the foundation of the tree 

to the leaf. Our call to use solely the attributes of tantalum 

because the splitting attributes of the tree was taken to stay the 

generated model straightforward and straightforward to know. 
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Thus, the projected OCCT tree is often simply wont to acquire 

all records in TB that match a given record road in TA. For 

this purpose, we want solely to traverse the OCCT tree 

victimization road. The leaf that's ultimately being reached 

holds all foretold matching records in TB. On the opposite 

hand, a regular classification tree that mixes tantalum and TB 

attributes is a smaller amount convenient for this task. 

Especially, to urge all records in TB that match a given road, 

we want to classify all doable links (i.e., road with any record 

in TB) one-by-one as either match or not-match victimization 

the classification tree. This results in a dull method. The J48 

call tree that we tend to tested as our baseline will consider 

attributes from each tables tantalum and TB; but, it is less 

comprehensible as a result of it mixes attributes from tantalum 

and TB. Moreover, J48 needs each matching and nonmatching 

examples within the coaching set. The projected rule, on the 

other hand, desires solely matching instances. Note that we 

tend to square measure interested in reducing the computation 

of each the model induction and also the actual linkage. 

However, it's a lot of essential to reduce the linkage 

computation as a result of inducement the OCCT model are 

often done offline, whereas the linkage part is more vital for 

real-world issues. Therefore, rending the tree by victimization 

attributes from each tantalum and TB would increase the 

linkage time. The contribution of this work is threefold. First 

and foremost, our methodology permits performance of one-

to-many and many-to-many linkage between objects of a 

similar or of different sorts. Second, we tend to use a one-class 

approach, and thus the coaching set needs solely samples of 

matching pairs. Since the rule assumes that everyone examples 

within the training set square measure positive, nonmatching 

(negative) pairs would confuse the rule and cause a less 

correct model. However, preliminary experiments that we tend 

to conducted showed that the generalization capability of the 

proposed model will overcome coaching sets that contain a 

relatively little variety of nonmatching (negative) pairs and 

still generate A correct model. The analysis of the proposed 

model on coaching sets that contain nonmatching examples 

further is left for future work. However, we believe that once 

enough nonmatching examples square measure on the market, 

the J48 model is preferred and would in all probability work 

higher. Third, a very important advantage of the OCCT model 

over a decision tree-based knowledge linkage resolution is that 

the simplicity of the model, which might simply be remodeled 

to rules of the type A! B. this is often not the case in different 

call tree-based linkage models wherever the inner nodes of the 

tree carries with it attributes from each tables tantalum and 

TB, therefore creating them difficult to browse and nearly not 

possible to translate into rules. Although, our focus is on the 

one-to-many case, the OCCT models are often used for many-

to-many linkage, for example, by merely dynamical the roles 

of the 2 table’s tantalum and TB and victimization table TB 

because the supply table instead. Note that within the Movie 

lens knowledge set (movie recommender domain) we tend to 

are literally determination a many-to-many drawback in which 

teams of users are matched with common matching movies. 

5. FUTURE WORK 

Numerous consumer reviews of products are now available on 

the Internet.  

This article proposes a product aspect ranking framework, 

which automatically identifies the important aspects of 

products from online consumer reviews, aiming at improving 

the usability of the numerous reviews.  

A product aspect ranking framework to identify the important 

aspects of products from consumer reviews. The framework 

contains three main components, product aspect identification, 

aspect sentiment classification, and aspect ranking. A 

probabilistic aspect ranking algorithm to infer the importance 

of various aspects of a product from customer reviews. We 

can take into account the Phone product. Phone product 

Contain lot of consumer review. we first split the free text 

reviews into sentences. 

Then we parse each sentence using Stanford parser.The 

frequent noun phrases are then extracted from the sentence 

parsing trees as candidate aspects.All the aspects to be learned 

from a one-class Support Vector Machine (SVM) classifier. 

The Pros and Cons reviews have explicitly categorized 

positive and negative opinions on the product.A sentiment 

classifier is then learned from the Pros reviews (i.e., positive 

samples) and Cons reviews (i.e., negative samples).The 

classifier can be SVM text review that may cover multiple 

aspects. Measure was used as the evaluation metric for aspect 

identification and aspect sentiment classification 
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