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Abstract
Text Classification is  a well-studied issue because of its widespread 
application, especially in the field of information Retrieval (IR). 
For text classification, a major problem is the high dimensionality 
of the feature space,. It’s very common the number of features is 
high to hundreds of thousands. However, few of them are usually 
informative and beneficial for classification task, that may slow 
down accuracy and efficiency, leads to the curse of dimensionality 
and makes many methods based on machine learning and statistical 
theory inapplicable. Thus efficient feature reduction is highly 
desired and essential. Selecting the most informative features or 
removing non-informative features from the original feature space 
to reduce the feature dimension, is more popular than feature 
extraction due to its  lower computational cost in text domain. 
Moreover many theoretical and empirical researches have proved 
that feature selection can not only reduces computational cost 
in space and time,  but also improves performance by carefully 
selecting good features for classification. Depending on whether 
rely on categorization algorithms or not, FS methods can be 
classified into wrapper and filter. Generally, the former may be 
more effective  than the later but a higher computational cost. 
Filter methods, with an evaluation function independent of 
categorization algorithms, are often much less time consuming 
than wrapper ones and have been widely used in text classification. 
A variety of FS methods and feature evaluation metrics have been 
explored from different perspectives in the past.
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I. Introduction
To learn from a handful of training, one must either use a sufficiently 
limited  model class or some additional regularization penalty to 
effectively constrain the models learnable with a small amount of 
data. Otherwise over fitting will yield poor effectiveness on future 
data. On the other hand, strong general constraints on the models 
themselves limit the effectiveness of learnable classifiers.
In addition to semantic issues, an organization scheme is needed 
address the nodes, distribute both data and processing over these 
nodes an access them in an efficient manner. Content-Addressable 
Networks (CAN) provide distributed hash tables which can be 
queried using a key to bet the associated object. In the Cartesian  
space, object is a point in the space representing queries or 
documents. Some recent search engines Vector Space Model 
(VSM) and Latent Semantic Indexing (LSI) that map document 
into a term vector building a  whole document-term matrix.
P2P networks are becoming increasingly popular since they 
offer benefits for efficient collaboration, information sharing, 
and real-time communication in large –scale systems. In such 
an environment, each peer has a collection of documents which 
represent the knowledge distributed by the peer. Moreover, each 
peer shares its information with the rest of the network through 
its neighbors, namely its peers. Each document can be associated 
with a uniquely identify the same documents located on different 
peers. A node searches for information by sending query messages 

to its peers. We can assume that a query is either a collection of 
keywords of  a  complete document containing the key information 
on the topic interested. A peer receiving a query message searches 
the documents locally among its collection of documents and also 
propagates the query to its neighbors if specified in searching 
policy. Most P2P systems use flooding, propagating the query 
along all neighbors until some threshold criteria is reached. If 
the search is successful, the peer generates a reply message to 
the querying peer.
A distributed document sharing system that is capable of indexing 
and searching through collection of documents. The system 
consists of peers that store indexes to documents and key vectors 
that identify each document uniquely, with capability of searching 
through them. Consequently. The amount of data each individual 
node stores is much less compared to the systems that store the 
actual contents of documents. In the proposed system, a machine-
learning approach is utilized to generate identifiers which uniquely 
locate a document. 
The fundamental operations in  CAN networks, such as joining 
as a new node, publishing a document and searching through 
existing documents. All these operations require routing though 
the network to reach a desired node. 

II. HMM for Credit Card Fraud Detection 
An FDS runs at  a credit card issuing bank. Each incoming 
transaction is submitted to the FDS for verification. FDS receives 
the card details and the value of purchase to verify whether the 
transaction is genuine or not. The types of goods that are bought 
in that transaction are not known to the FDS. It tries to find any 
anomaly in the transaction are not known to the FDS. It tries to 
fined any anomaly in the transaction based on the spending profile 
of the cardholder, shipping address, and billing address, etc. if 
the FDS confirms the transaction  to be malicious, it raises an 
alarm, and the issuing bank declines the transaction. The concerned 
cardholder may then be contacted and alerted about the possibility 
that the card is compromised.  

A. Routing
Routing from a source node to a destination node on the overlay 
network is equivalent to routing from the zone of the source node 
to the destination zone in the Cartesian space, so that a message 
with key point is passed from the sender, through some other 
nodes, until it reaches the node whose zone surrounds that key 
point. The routing process here is established for a subkey in its 
associated reality. Since each node has direct connection to only  
its neighbors, a node uses its neighbors to redirect a message. 
Simple approach uses greedy choice. Once a node receives a 
message according to its contents. Otherwise, it computes the 
distances between its neighbors and the key point, and chooses 
the neighbor with the smallest distance to the point. Then it passes 
the messages to that neighbor.
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B. Joining
The CAN space is divided amongst the nodes currently running in 
the system. To allow the CAN to grow incrementally, a new node 
that joins must be given its own portion of the coordinate space. 
This process is called the join process and  a new node must join 
all realities defined in the CAN. The phases are as follows:
A new node that wants to join the CAN  space first discovers the 
IP host address of any node currently in the system. This address 
can be directly configured for the new node, which is actually 
done in this study, or can be retrieved through a bootstrapping 
mechanism.
The new node randomly chooses a point P in join request message 
destined for each subkey of P through the associated reality. Each 
CAN node then uses the routing process to forward the message in 
the reality. The destination node splits its zone in half and assigns 
one half to the new node. The split is done according to order of 
dimensions and the order decides along which dimension a zone 
is to be split, so that zones can remerge when a node leaves the 
CAN.
Then there is some information exchange. First, information about 
the new zone is sent to the new node. After getting its zone in CAN 
space, the new node learns its neighbors set from rteh previous 
occupant. This set is a subset of the previous occupant’s neighbors, 
plus that occupant itself. Similarly, the previous occupant updates 
its neighbor set to eliminate those nodes that are no longer 
neighbors. Finally, both the new and old nodes neighbors are 
informed of this join operation.

III. Publishing
Publishing a document into the system requires some preprocessing 
to get key and value pair related to document which will be stored 
in CAN overlay. The original document is kept in the source 
machine whether this server is inside or outside CAN overlay, 
only URL  address to that document needs to be stored. Once the 
URL of the document is obtained, accessing the original document 
is straightforward, key generation process is performed by the 
hierarchical Expectation Maximization (EM) algorithm that 
classifies a big number of categorized documents. Details of the 
EM algorithm implemented. Publishing process is summarized 
as follows.
Since class labels and thus class weights for most of the documents 
are not known. EM algorithm is used to assign probabilistic class 
labels to documents. After applying EM algorithm, the class 
weights along with the URL addresses are written to a file for 
the publishing application to read.
The publishing application does not have to be inside the CAN 
system. It gets the IP address of any running bootstrap node in 
CAN and sends a message with pairs. The communication between 
outside nodes and those in CAN is assumed to be secured.
Once the inside node gests the pair, it just sends this pair to the 
node which owns the zone containing the point represented by 
vector key.

A. Searching 
Our system treats any expression, whether a keyword phrase or 
an ordinary document, given for search operation as the whole 
query document. Then the naïve bayes classification algorithm is 
used to classify the query document. it uses statistics on previously 
published documents and generates the vector whose elements are 
class labels of query document. Since naïve bayes uses results of 
previous results of EM algorithm, it’s assumed that most of the 
documents will be published from the same set of nodes. Naturally, 

it’s common for Usenet groups since Usenet messages are stored 
In a fixed set of servers and can be classified on those servers. 
The search operation is as follows:
The search operation can be initiated mostly by an outside node. 
As for publish process, the outside node contacts to a  bootstrap 
node inside CAN and sends search request message with the query 
key-point.
Once a node inside CAN gets the query point, it routes the search 
request message until the corresponding node that owns the 
surrounding zone is located. That node imitates the actual search 
process by flooding search messages through its neighbors. When 
a node gets the search message, it computes the  similarity between 
its data and the query, and sends relevant document indices to the 
initiator node directly. It also computes the distance between its 
neighbors and the query point and if the distance does not exceed 
the threshold, sends the threshold, sends the search message to 
its neighbors. 
When a node determines that the distance from the query point 
exceeds the threshold, it stops the flooding process. The initiator 
node collects the results and delivers it to the  user in a sorted 
format.
The system design does not put a limit on the dimensionality of 
the coordinate space. In fact, increasing dimensions of the CAN 
coordinate space reduces the routing path length, the number of 
nodes a message will pass through before reaching  its destination. 
This in turn reduces the path latency only for small increase in the 
size of the coordinate next hop nodes, fault tolerance in routing 
mechanism also improve especially in the case of some neighbor 
node crashes. In the classification scheme, we divide the class 
vectors into sub-vectors according to the class hierarchy. multiple  
coordinate spaces can be maintained, and each node in the system 
can be assigned to a different zone in each coordinate space which 
is called reality. Thus, if there exists r realities in a CAN, a single 
node is assigned to r coordinate zones, one on every reality and 
has r independent neighbor sets. This leads  to the replication 
of information, namely document indices for every reality. The 
replication improves data availability and fault tolerance of routing 
process because information  process fails on one of the realities, 
messages can continue to be routed over the  other realities. Since 
the contents of the hash table are replicated on every reality, routing 
to a key point means reaching the given key on the nearest node on 
any reality. When forwarding a message, a node examines all its 
neighbors on each reality and selects the neighbor with coordinates 
closest to the destination. Hierarchical structure of classes makes 
weights of classes with common ancestors to be closer to each 
other facilitating to divide the whole space into lower dimensional 
realities, each reality representing  an independent virtual space. 
If the class weight vectors resulting from classification are used 
as the only  hash function, then those vectors are decomposed 
into lower dimension vectors. Each of these is associated with a 
common ancestor, so that class labels in vectors are close to each 
other. Then each reality represents a branch in hierarchy. This fact 
reduces computation and latency in parallel executions, since most 
of the computation will take place in realities associated with 
common branches. Different  hash functions can be used to map 
a single document onto different  points in the coordinate space 
and accordingly replicate the data at distinct nodes in the system. 
Then, queries for a particular hash table entry could be distributed 
to all nodes in parallel .reducing the average query latency. This 
is possibly at the cost of increasing the storage size and query 
traffic. Text classification brings an approach which uses leaf 
classes of a class hierarchy as dimensions of a space bounding 
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from 0 to 1, and represents a document with probabilistic class 
labels in that space.
The classification on CAN performance, a prototype document 
sharing system was implemented in java. In our system, each 
peer is capable of joining an existing CAN overlay, publishing 
documents and searching through them. The hierarchical EM 
algorithm was implemented as the classification module to generate 
key vectors for documents. The module writes its output into a 
file for peers to read and publish into the CAN.  Using previous 
classifications, it also classifies query documents and generates 
query-key points to send as search message. Some documents 
were selected arbitrarily and applied to get  query key vectors. 
These query vectors were sent into CAN overlay and returned 
document indices were evaluated, detecting that the search latency 
and cost for computing similarities reduce compared to the results 
with only one reality. It can be stated that using class labels from 
classification of documents can be used efficiently along with 
proven techniques like LSI and VSM as a hash function. Also, 
the closeness of labels with the existence of class hierarchy can be 
used to divide the  overall CAN space into realities. The documents 
stated in the system are collected fro Usenet news groups so that 
there is a hierarchy in which leafs of the hierarchy become the 
concrete classes. The hierarchy organization of documents relates 
documents in different leaf classes so that class labels of related  
classes with common  ancestors will converges each other. This 
method deals with curse of dimensionality that appears in situations 
where documents are represented with high dimensionality 
vectors. If the classifier assigns class labels to documents correctly 
there will be no circumstance in which labels of classes that  are 
unrelated and far from each other in dimensionality converge 
to each other. There is a drawback that this approach classifies 
documents as a whole and does not take their individual parts in 
content into consideration, which LSI does. In effect, similarity 
between two documents is measured by the closeness of them to 
some topics, not by similarities of their contents to each other. 
Therefore, a big number of leaf classes are required to measure 
the measure the similarity as relevant as the user expects. 
Text categorization algorithm usually represent document as bags 
of words and consequently have to deal with huge numbers of 
features. Majority of these features are relevant for classification, 
and that the performance of text categorization with support  
vector machines peaks when no feature selection is performed. 
We describe a class of text categorization problems that are 
characterized with many redundant features. Even though most 
of these features are relevant, the underlying concepts can be 
concisely captured using only a few features, while keeping all 
of them has substantially detrimental effect on categorization 
accuracy. We develop a novel measure that captures feature 
redundancy, and use it to analyzed.
Text categorization deals with assigning category labels to natural 
language documents. Categories come fro a fixed set of labels, 
and each document may be assigned one or more categories’ the 
absolute majority of works in the field employ the so-called “bag 
of words” approach and the  plain language words as features. 
Using a bag of words usually leads to an explosion in the number 
of features, so that even tens of thousands of features. In such 
high-dimensional spaces, feature selection is often necessary to 
reduce noise and avoid over fitting. Prior studies found support 
vector machines and K-Nearest Neighbor to be the best performing 
algorithms for text categorization.
Datasets: acquiring datasets for text categorization based on web 
directories has been  often performed in prior studies, which has 

been often performed in prior studies, which used, ODP and the 
Hoover’s online company database. This approach allows to 
eliminate the huge manual effort required to actually label the 
documents, by first selecting a number of categories to define 
the labels, and then collecting the documents from the sub trees 
rooted at these categories to populate the dataset.
In our prior work we developed a methodology for automatically 
acquiring labeled datasets for text categorization from hierarchical 
directories of documents,  implemented a system that  performed 
such acdqui8sition based on the open directory project. In the 
present paper we use a subset of 100 datasets acquired using this 
methodology. Each dataset consists of a pair of ODP categories 
with an average of 150 documents, and corresponds to a binary 
classification task of telling these two categories apart. when 
generating datasets from web directories, where each category 
contain links to actual internet sites, we construct text documents 
representative of those sites. Following the scheme introduced 
by Yang et al. each link  cataloged in the ODP is used to obtain a 
small representative same of the target web site. To this end, we 
crawl the target site in BFS order, starting from the URL listed in 
the directory. A predefined number of web are downloaded, and 
concatenated  into a synthetic document, which is then filtered to  
remove HTML markup; the average document size . the datasets 
very significantly  by their difficulty for text categorization, and 
baseline SVM accuracy obtained on them is nearly uniformly  
distributed between 0.6 and 092. To list a few examples, datasets 
in our collection range from easy ones containing such pairs of 
ODP categories as gases/video.gases/shooter and recreation/autos/
makes.and_models/volkswagan, to medium difficulty ones with 
arts/music/bonds.and_artists vs.arts/calebrities, to hard ones such 
as regional/north_america/united_states/Virginia/Richmond/
Business.and_economy.

IV. Conclusions
Three kinds of distribution informative characteristics of features 
and their direct or indirect relevance to feature’s contribution to 
text categorization, and then based the analysis on the feature’s  
distribution information propose a novel feature selection method. 
In addition, two kinds of algorithms is presented and implemented. 
The Chinese corpus are carried out. The results show the efficiency 
and effectiveness of the proposed approach. Comparing to the 
well-known IG, our algorithms give better performance.
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