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Abstract
In web and text documents lot of important information is available 
within the side information. This side-information are available in 
documents as provenance information, the links in the document, 
user-access behavior from web logs, or other non-textual attributes 
which are embedded into the text document. This side information 
is used in document clustering of such documents bunch. This 
information will include noisy information as well; hence it is 
difficult to use it efficiently. Therefore proper algorithms are 
required to use such information in document clustering to avoid 
noise from the extracted clusters. We need a properly ruled way to 
perform the mining process to optimize the advantages got from 
using this side information. In this paper, we improve the design of 
an algorithm which will combine classical partitioning algorithms 
with probabilistic models in order to create an effective clustering 
approach. We provide experimental results on a Cora data set to 
illustrate the advantages of using such an approach.
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I. Introduction
THE problem of text clustering arises in the context of many 
application domains such as the web, social networks, and other 
digital collections. The rapidly increasing amounts of text data in 
the context of these large online collections has led to an interest 
in creating scalable and effective mining algorithms. A tremendous 
amount of work has been done in recent years on the problem 
of clustering in text collections in the database and information 
retrieval communities. However, this work is primarily designed 
for the problem of pure text clustering, in the absence of other kinds 
of attributes. In many application domains, a tremendous amount 
of side information is also associated along with the documents. 
This is because text documents typically occur in the context of 
a variety of applications in which there may be a large amount of 
other kinds of database attributes or misinformation which may 
be useful to the clustering process.
Some examples of such side-information are as follows:

In an application in which we track user access behavior of • 
web documents, the user-access behavior may be captured 
in the form of web logs. For each document, the meta-
information may correspond to the browsing behavior of the 
different users. Such mining process in a way which is more 
meaningful to the user, and also application-sensitive. This 
is because the logs can often pick up subtle correlations in 
content, which cannot be picked up by the raw text alone.
Many text documents contain links among them, which can • 
also be treated as attributes. Such links contain a lot of useful 
information for mining purposes. As in the previous case, such 
attributes may often provide insights about the correlations 
among documents in a way which may not be easily accessible 
from raw content.
Many web documents have meta-data associated with them • 
which correspond to different kinds of attributes such as 

the provenance or other information about the origin of the 
document. In other cases, data such as ownership, location, 
or even temporal information may be informative for 
mining purposes. In a number of network and user-sharing 
applications, documents may be associated with user-tags, 
which may also be quite informative. 

While such side-information can sometimes be useful in improving 
the quality of the clustering process, it can be a risky approach 
when the side-information is noisy. In such cases, it can actually 
worsen the quality of the mining process. Therefore, we will use an 
approach which carefully ascertains the coherence of the clustering 
characteristics of the side information with that of the text content. 
This helps in magnifying the clustering effects of both kinds of 
data. The core of the approach is to determine a clustering in which 
the text attributes and side-information provide similar hints about 
the nature of the underlying clusters, and at the same time ignore 
those aspects in which conflicting hints are provided.

A. Clustering with Side Information
In this section, we will discuss an approach for clustering text 
data with side information. We assume that we have a corpus S 
of text documents. The total number of documents is N, and they 
are denoted by T1 . . . TN. It is assumed that the set of distinct 
words in the entire corpus S is denoted by W. Associated with 
each document Ti, we have a set of side attributes Xi. Each set of 
side attributes Xi has d dimensions, which are denoted by (xi1 . . 
. xid). We refer to such attributes as auxiliary attributes. For ease 
in notation and analysis, we assume that each side-attribute xid is 
binary, though both numerical and categorical attributes can easily 
be converted to this format in a fairly straightforward way. This 
is because the different values of the categorical attribute can be 
assumed to be separate binary attributes, whereas numerical data 
can be discretized to binary values with the use of attribute ranges. 
Some examples of such side-attributes are as follows:

In a web log analysis application, we assume that xir • 
corresponds to the 0-1 variable, which indicates whether or 
not the ith document has been accessed by the rth user. This 
information can be used in order to cluster the web pages 
in a site in a more informative way than a technique which 
is based purely on the content of the documents. As in the 
previous case, the number of pages in a site may be large, 
but the number of documents accessed by a particular user 
may be relatively small.
In a network application, we assume that xir corresponds • 
to the 0-1 variable corresponding to whether or not the ith 
document Ti has a hyperlink to the rth page Tr. If desired, 
it can be implicitly assumed that each page links to itself in 
order to maximize linkage-based connectivity effects during 
the clustering process. Since hyperlink graphs are large and 
sparse, it follows that the number of such auxiliary variables 
are high, but only a small fraction of them take on the value 
of 1. Clustering techniques have been widely applied in 
the information retrieval (IR) and information filtering (IF) 
context. In the IR and IF contexts it is desirable that a document 
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is assigned to more than one cluster to a distinct degree. Soft 
clustering techniques generate overlapping clusters. Almost 
all clustering methods assume that each item must be assigned 
to exactly one cluster and are hence partitioned. However, in 
a variety of important applications, overlapping clustering is 
a technique where items are allowed to be members of two or 
more discovered clusters. The characteristic of soft clustering 
approaches with respect to the property of robustness i.e. the 
performance of a system should not be affected drastically 
due to outliers (bad observations). 

Another issue when clustering textual documents is need to 
generate a hierarchy, i.e. a taxonomy-like structure of clusters, 
so as to provide a classification of documents organized into 
topics of distinct granularity. This allows analyzing the contents 
of a collection at distinct levels of specificity. Actual hierarchical 
clustering techniques are inadequate since they generate a 
dendrogram graph, in which at each node a cluster (or two clusters) 
is (are) split (merged) into two child cluster (one parent cluster). 
From the dendrograms several flat partitions can be obtained 
by specifying distinct thresholds on the minimum intra-cluster 
similarity. Therefore, from dendrograms one can derive cluster 
representing topics of distinct granularity, but at the cost of further 
processing.
Hence, the monitoring and evaluating learning process become 
difficult tasks, so teachers and tutors are obliged to find other 
solutions for decision making. Helping them to understand 
what happens in learning sessions becomes a necessity, if not an 
obligation, for an efficient learning process. 
The use of information technologies for the implementation of 
e-learning environments allows us to have a very rich source of 
information on the progress of learning and how learners interact 
with these technologies. 
Indeed, e-learning platforms are able to save all users’ interactions 
with the environment, and can thus have information on the progress 
of learning as well as user profiles. However, information available 
is abundant but unstructured, which imposes some essential 
processing like collecting, filtering, cleaning and analysis.
We focus on the first phase of the overall process of knowledge 
discovery from data (often referred to as: data mining). 
Several soft and hierarchical clustering algorithms have been 
applied in the IR context to address the above issues, they still 
present problems. Mainly they are not scalable in terms of 
documents and terms, they do not generate soft hierarchies, they 
need several parameters in input to tune the clustering process.

B. Text Mining 
Text mining, also referred to as text data mining, roughly equivalent 
to text analytics, refers to the process of deriving high-quality 
information from text. High-quality information is typically 
derived through the devising of patterns and trends through means 
such as statistical pattern learning. Text mining usually involves 
the process of structuring the input text (usually parsing, along with 
the addition of some derived linguistic features and the removal of 
others, and subsequent insertion into a database), deriving patterns 
within the structured data, and finally evaluation and interpretation 
of the output. ‘High quality’ in text mining usually refers to some 
combination of relevance, novelty, and interestingness. Typical 
text mining tasks include text categorization, text clustering, 
concept/entity extraction, production of granular taxonomies, 
sentiment analysis, document summarization, and entity relation 
modeling (i.e., learning relations between named entities).
Text analysis involves information retrieval, lexical analysis to 

study word frequency distributions, pattern recognition, tagging/
annotation, information extraction, data mining techniques 
including link and association analysis, visualization, and 
predictive analytics. The overarching goal is, essentially, to turn 
text into data for analysis, via application of natural language 
processing (NLP) and analytical methods.
A typical application is to scan a set of documents written in a 
natural language and either model the document set for predictive 
classification purposes or populate a database or search index with 
the information extracted.

C. Text Mining and Text Analytics
The term text analytics describes a set of linguistic, statistical, 
and machine learning techniques that model and structure the 
information content of textual sources for business intelligence, 
exploratory data analysis, research, or investigation. The term is 
roughly synonymous with text mining; indeed, Ronen Feldman 
modified a 2000 description of “text mining” in 2004 to describe 
“text analytics.” The latter term is now used more frequently 
in business settings while “text mining” is used in some of the 
earliest application areas, dating to the 1980s, notably life-sciences 
research and government intelligence.

The term text analytics also describes that application of text 
analytics to respond to business problems, whether independently 
or in conjunction with query and analysis of fielded, numerical 
data. It is a truism that 80 percent of business-relevant information 
originates in unstructured form, primarily text. These techniques 
and processes discover and present knowledge – facts, business 
rules, and relationships – that is otherwise locked in textual form, 
impenetrable to automated processing.

II. Existing System
Clustering has been widely applied in data analysis to group similar 
objects. Many algorithms are either similarity- based or Model- 
based. In general, the former requires no assumption on data 
densities but simply a similarity function, and usually partitions 
data exclusively into clusters. In contrast, model- based methods 
apply mixture model to fit data distributions and assign data to 
clusters probabilistically. This soft clustering is often desired, as it 
encodes uncertainties on data- to- cluster assignments. However, 
their density assumptions can sometimes be restrictive.
Aggarwal, C.C.; Yuchen Zhao; Yu, P.S., “On the Use of Side 
Information for Mining Text Data,”
In many text mining applications, side-information is available 
along with the text documents. Such side-information may be of 
different kinds, such as document provenance information, the 
links in the document, user-access behavior from web logs, or other 
non-textual attributes which are embedded into the text document. 
Such attributes may contain a tremendous amount of information 
for clustering purposes. However, the relative importance of this 
side-information may be difficult to estimate, especially when 
some of the information is noisy. In such cases, it can be risky to 
incorporate side-information into the mining process, because it 
can either improve the quality of the representation for the mining 
process, or can add noise to the process. Therefore, we need a 
principled way to perform the mining process, so as to maximize 
the advantages from using this side information. In this paper, 
we design an algorithm which combines classical partitioning 
algorithms with probabilistic models in order to create an effective 
clustering approach. We then show how to extend the approach 
to the classification problem. We present experimental results on 
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a number of real data sets in order to illustrate the advantages of 
using such an approach.
Vaidya, J.; Shafiq, B.; Wei Fan; Mehmood, D.; Lorenzi, D., “A 
Random Decision Tree Framework for Privacy-Preserving Data 
Mining,”
Distributed data is ubiquitous in modern information driven 
applications. With multiple sources of data, the natural challenge 
is to determine how to collaborate effectively across proprietary 
organizational boundaries while maximizing the utility of collected 
information. Since using only local data gives suboptimal utility, 
techniques for privacy-preserving collaborative knowledge 
discovery must be developed. Existing cryptography-based 
work for privacy-preserving data mining is still too slow to be 
effective for large scale data sets to face today’s big data challenge. 
Previous work on random decision trees (RDT) shows that it is 
possible to generate equivalent and accurate models with much 
smaller cost. We exploit the fact that RDTs can naturally fit into a 
parallel and fully distributed architecture, and develop protocols 
to implement privacy-preserving RDTs that enable general and 
efficient distributed privacy-preserving knowledge discovery.
Lei Zhang; Yao Zhao; Zhenfeng Zhu; Shikui Wei; Xindong 
Wu, “Mining Semantically Consistent Patterns for Cross-View 
Data,”
In some real world applications, like information retrieval and data 
classification, we often are confronted with the situation that the 
same semantic concept can be expressed using different views with 
similar information. Thus, how to obtain a certain Semantically 
Consistent Patterns (SCP) for cross-view data, which embeds 
the complementary information from different views, is of great 
importance for those applications. However, the heterogeneity 
among cross-view representations brings a significant challenge 
on mining the SCP. In this paper, we propose a general framework 
to discover the SCP for cross-view data. Specifically, aiming at 
building a feature-isomorphic space among different views, a 
novel Isomorphic Relevant Redundant Transformation (IRRT) is 
first proposed. The IRRT linearly maps multiple heterogeneous 
low-level feature spaces to a high-dimensional redundant feature-
isomorphic one, which we name as mid-level space. Thus, much 
more complementary information from different views can be 
captured. Furthermore, to mine the semantic consistency among 
the isomorphic representations in the mid-level space, we propose 
a new Correlation-based Joint Feature Learning (CJFL) model to 
extract a unique high-level semantic subspace shared across the 
feature-isomorphic data. Consequently, the SCP for cross-view 
data can be obtained. Comprehensive experiments on three data 
sets demonstrate the advantages of our framework in classification 
and retrieval.
Xin Chen; Vorvoreanu, M.; Madhavan, K.P.C., “Mining Social Media 
Data for Understanding Students’ Learning Experiences,”
Students’ informal conversations on social media (e.g., Twitter, 
Facebook) shed light into their educational experiences-opinions, 
feelings, and concerns about the learning process. Data from such 
uninstrumented environments can provide valuable knowledge 
to inform student learning. Analyzing such data, however, can be 
challenging. The complexity of students’ experiences reflected from 
social media content requires human interpretation. However, the 
growing scale of data demands automatic data analysis techniques. 
In this paper, we developed a workflow to integrate both qualitative 
analysis and large-scale data mining techniques. We focused on 
engineering students’ Twitter posts to understand issues and 
problems in their educational experiences. We first conducted a 
qualitative analysis on samples taken from about 25,000 tweets 

related to engineering students’ college life. We found engineering 
students encounter problems such as heavy study load, lack of 
social engagement, and sleep deprivation. Based on these results, 
we implemented a multi-label classification algorithm to classify 
tweets reflecting students’ problems. We then used the algorithm 
to train a detector of student problems from about 35,000 tweets 
streamed at the geo-location of Purdue University. This work, 
for the first time, presents a methodology and results that show 
how informal social media data can provide insights into students’ 
experiences.
Bosu, M.F.; Macdonell, S.G., “A Taxonomy of Data Quality 
Challenges in Empirical Software Engineering,” 
Reliable empirical models such as those used in software effort 
estimation or defect prediction are inherently dependent on the 
data from which they are built. As demands for process and 
product improvement continue to grow, the quality of the data 
used in measurement and prediction systems warrants increasingly 
close scrutiny. In this paper we propose taxonomy of data quality 
challenges in empirical software engineering, based on an extensive 
review of prior research. We consider current assessment techniques 
for each quality issue and proposed mechanisms to address these 
issues, where available. Our taxonomy classifies data quality issues 
into three broad areas: first, characteristics of data that mean they 
are not fit for modeling, second, data set characteristics that lead to 
concerns about the suitability of applying a given model to another 
data set, and third, factors that prevent or limit data accessibility 
and trust. We identify this latter area as of particular need in terms 
of further research.

III. Proposed Work
This work shall be an enhancement of the work of the base paper 
i.e. improvement of the COATES algorithm i.e. E-COATES as 
follows:

A. Initialization Phase
Step 1: Documents are loaded in application• 
Step 2: Stemming and Stopping is applied to filter unwanted • 
information, redundant words such as “is”, “am”, “are”, 
“there”, “when”, “then” etc.
Step 3: Each filtered document is collected and passed to the • 
main phase

B. Main Phase
Step 1: Filtered documents are treated one by one for applying • 
text mining techniques i.e. Shared Word Count, Word Count 
Bonus (to calculate weight of words), similarity measures.
Step 2: Step 1 gives the list of attributes and base for clustering • 
and classification of documents. All the filtered documents are 
reiterated to decide their clusters using weighted characteristics 
and similarity measures. Nearest neighbour technique is also 
applied before assigning any document to a particular cluster. 
Each technique has some weight and sum of the weights is 
used for finalizing the documents.
Step 3: Clustering is applied incrementally and hence • 
performance of the method shall be high.

C. Result Generation Phase
Evaluation of the implemented system shell be done using various 
data mining measuring features such as accuracy, sensitivity, 
f-measure etc.
Results shall be compared with the results of original COATES 
algorithm in base paper. 
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IV. Algorithm Complexity
For the proposed implementation, two different algorithms have 
been used. First to calculate the frequency of the words in second 
is to assign the weight to the documents in each cluster.
For frequency calculation all documents are iterated which 
incorporates O(d) time. For each document title is broken in words 
array and iteration over it includes O(w) complexity which results 
in aggregate time complexity to be O(d.w)
For weight calculation again a loop iteration is performed for each 
document resulting in O(d) complexity. For each document we 
have to iterate over the cluster count i.e. O(c) and total as O(d.c). 
For each word within the title of the document Complexity is 
O(w) and aggregate is (d.c.w).
Weights are further calculated for words with descending order 
of frequency, which results in O(w.d.c) as the iterations are for 
each word in each document for each cluster.
The total is O(d.w) + O(w.d.c) + O(d.w.c) => O(d.w.c) 
From the above we can conclude that the complexity of the 
proposed algorithm O(d.w.c) is less than the complexity of the 
existing work O(N · k · (d + dt)).

V. Results & Discussion
An extensive simulation has been performed using cora dataset 
as in the base work and results has been drawn using simulation 
environment as follows:

Table 1: Running Times Vs Number of Clusters
Number 
of 
Clusters

Proposed 
Algorithm 
(Milli Sec)

COATES
(Sec)

K-MEANS
(Sec)

Schutze-
Silverstein
(Sec)

12 163 270 155 210
14 194 260 250 160
16 222 295 190 190
18 228 340 220 225
20 242 340 270 230

The above consists of the various reading taken from proposed 
implementation and reading for the existing work from the base 
paper. The readings from the base paper are in seconds and have 
been calculated for 75000 (approx) records approximately.
Since we have received only 2000 (approx.) records, therefore 
the above reading have been normalized using following formula 
for comparison purposes
   RT = ET*NR/TR
   Where RT -> Running Time
    ET = Time taken in execution for given number of records 
    NR = Number of Records used in proposed implementation       
   (i.e. 2000)
  TR = Total number of records used in existing work (i.e. 
75000)

Table 2: Normalized Data

No. of 
Clusters

Proposed 
Algorithm 
(Sec)

COATES
(Sec)

K-MEANS
(Sec)

Schutze-
Silverstein
(Sec)

12 0.163 7.2 4.13 5.6
14 0.194 6.93 6.67 4.27
16 0.222 7.87 5.07 5.07
18 0.228 9.07 5.87 6
20 0.242 9.07 7.2 6.13

Fig. 1: Graph Drawn for the Various Readings of the Existing 
Implementation Vs. Proposed Implementation

From the graph it is seen that the time taken in processing of 
the proposed algorithm is very less than the existing work. If 
we take normalization error to be of 10% and other factors in 
implementation of the existing work and proposed work are 
different and causing another error factor of 10% even than the 
proposed implementation is better than the existing COATES and 
other algorithms in performance.

VI. Conclusion
In this paper, we are applying text document mining using 
enhancement to the existing COATES algorithm. This will be 
enhanced to provide high performance and accuracy in respect 
of the existing work. This has been modified to include the 
incremental clustering as in the proposed algorithm.
This is expected to provide the high efficiency and least time 
consumption as Ant Clustering is applied using various processes 
working in parallel and generates the output quickly. This algorithm 
shall be more accurate as each process will work on exactly one 
characteristic and will only retrieve details related with it, therefore 
the overall accuracy provided will be better and will have high 
throughput as well.
The various research papers have been studied and decided the 
field. After reading and through guidance decided the final topic 
for implementation as dissertation work.
The studies of various algorithms of data mining has been done 
and since incremental Clustering algorithm has been least applied 
therefore it has been taken as field of application for this work.
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