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Abstract
This paper describes about the concept of data retrieval in a peer 
to peer system that is Gnutella software using Text Mining. Here 
we have used the ideal term-based pruning algorithm which is the 
modification of old pruning algorithm. This algorithm is used in 
text mining which retrieves data in Gnutella Peer to Peer network. 
It performs unsupervised learning on query results to discover 
information about the collection and uses this information on future 
queries to prune the results using some concept of text mining 
like precision, recall and F-measure concept. This algorithm is 
also used to prune the index data. The ideal term-based pruning 
algorithm is implemented in Gnutella System to retrieve the data 
and trace the result with the help of network simulator which is 
purely based on mathematical calculation. The result shows the 
differences comparing to the theoretical results which we used to 
obtain the data from the pruned index and the original index.
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I. Introduction
Traditional data mining assumes that the information to be 
“mined” is already in the form of a relational database. Information 
extraction can play an obvious role in text mining and retrieving 
data in a peer to peer network. The problem of text mining, i.e. 
discovering useful knowledge from unstructured text, is attracting 
increasing attention. This paper suggest a new frame work for 
text mining based on Information Extraction (IE) in peer to peer 
network by using a pruning algorithm for data retrieval.
The most common retrieval systems run queries independently 
of one another – no data about the queries is retained from query 
to query. This paper described an ideal term-based modified 
pruning algorithm that uses information about previous queries 
to prune new query results. In this algorithm we learn about the 
collection and the relationship between its documents. It also uses 
the accumulated knowledge to prune query results. Documents are 
removed from query results based on their learned relationship 
to documents at the top of the results list. Our goal is to perform 
the pruning in such a way, that a user can easily distinguish the 
difference between the documents and get the document which 
is actually required.
Peer to Peer networks are increasingly becoming popular because 
they offer opportunities for real-time communication, ad-hoc 
collaboration and information sharing in a large-scale distributed 
environment. In this thesis we consider the information retrieval 
problem in the P2P networks, where we assumes that each peer 
has a database or collection of documents, which represents the 
knowledge of the peer and each peer shares its information with 
the rest of the network through its neighbours. A node searches for 
information by sending query messages to its peers and receiving a 
query message evaluates the constraint locally against its collections 
of documents. If the evaluation is successful, the peer generates a 
reply message to the querying peer which includes the identifier of 
all the documents that correspond to the constraint and decides to 
download the documents after receiving the responses. To solve 
the search problem, one approach can easily be extended which 

is best suited for unstructured peer-to peer networks. Gnutella is 
an example of such a system.
Gnutella is the peer to peer network system of software, first 
developed by Nullsoft team. After being posted in 2000, the 
software was quickly removed from the website by Nullsoft’s 
owners. America Online Inc, and the plans to release the 
specification of the protocol were abandoned. Nevertheless, 
other developers were able to reverse engineer the protocol and 
publicly released the specification. The publication of a well 
defined protocol specification currently Gnutella v0.6 proved to 
be extremely useful. In this thesis we use the ideal term-based 
modified pruning algorithm by using C++ code to retrieve the 
data and trace the data with the help of network simulator and the 
result is purely based on the mathematical calculation.

II. Text Mining
Text Mining is: “The non-trivial extraction of implicit, previously 
unknown, and potentially useful information from large amount of 
textual data by automatic and semi-automatic means to discover 
new knowledge” [1-2].

Fig. 1: Text Data Mining

It consists of two phases: Text refining that transforms free from text 
documents into a chosen intermediate form which is either semi-
structured or structured, and knowledge distillation that deduces 
patterns or knowledge from the intermediate form [1-2].

Fig. 2: Framework of Text Mining

Basic concept used in text mining data retrieval is: 

A. Terms
It is a pre-selected word or group of words that can be used to 
refer to the content of a document.
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B. Documents
These are the units of retrieval. E.g. a paragraph, a section, a 
chapter, a web page, an article etc.

C. Traditional Vector Space Retrieval
Documents and queries are represented as vectors in t-dimensional 
space, where t is the number of indexed terms in the collection. 

D. Cosine Similarity Metric
Used to compare the vectors and provides an ordering of the 
documents, with higher weight assigned to documents that are 
considered more relevant to the query and assign a rank to each 
document, with the document whose weight is highest assigned 
rank = 1 [3].

E. Term Weighting
Commonly applied to the entries in both the query and the 
document vectors and reduce the relative importance of high 
frequency terms while giving words that distinguish the documents 
in a collection a higher weight [3]. The normalized word frequency 
tfidf is determined as:
 tfidf (w) = tf . log (N/df (w)) 

 Where, tf(w) – term frequency 
df(w) – document frequency 
N – Number of all documents.
tfidf(w) – relative importance of the word in the document.
tf – important word if it appears several times in a target 
document. 
df –important words if it appears less in documents.

F. Query Precision and Recall
Used for measuring the performance of a query.
Precision at rank n is number of relevant documents with rank 
less than n divided by n. Recall at rank n is the number of relevant 
documents with rank less than n divided by the total number of 
relevant documents in the corpus. The harmonic mean of precision 
and recall is determined by F-measure.

      Number of actual slot values correctly predicted
Precision = -------------------------------------------------------------
       Number of slot values predicted to be present

                    Number of actual slot 
                    values correctly predicted
Recall = --------------------------------------------
       Number of actual slot values

  2 * precision * recall
F-measure =   ---------------------------             
  precision + recall

G. Stop List
Terms extracted from a corpus are usually compared to a list of 
common words - ̀ noise‘ words that would be useless for running 
queries - and any matches against this list are discarded. This is 
usually called a stop list.

H. Stemming
Commonly used to control the list of words indexed for a collection. 
If stemming is chosen, words are run through an algorithm that 
attempts to reduce a word to its root. 

III. Text Mining Pruning Algorithm Related Work
In information retrieval systems which use traditional methods, the 
level of precision is very low [4]. Much time and effort has been 
expended to develop methods to push the most relevant documents 
to the top of the query results. Many of these methods have met 
with high levels of success; however, the overall precision of all 
documents returned by a query is typically still very low.
The first static pruning algorithm that we consider removes from 
the index all posting entries whose corresponding table values are 
bounded above by some fixed cutoff threshold. We refer to this type 
of pruning as uniform pruning, since the threshold is uniformly 
chosen, with the same cutoff value being used for every term.
A more sophisticated pruning algorithm is that in which the cutoff 
threshold may depend on the term is called as term-based pruning, 
which guarantees that each term will have some representatives 
left in the index. This algorithm can be applied on the top k-ranked 
documents and remove all other documents which has some 
similarities to the query. 
The Uniform and Term-based pruning algorithms have the 
drawbacks that the users could not distinguish the difference, 
because the mathematical calculation is not perfect. 

IV. Proposed Ideal Term-Based Modified Pruning 
Algorithm 
We have developed an algorithm that can be applied to a collection 
of documents to reduce the number of unnecessary documents 
and perform unsupervised learning on query results to discover 
information about the collection and determine which documents 
are closely related to one another. Our goal is to perform the 
pruning in such a way, that a user can easily distinguish the 
difference between the documents and get the document which 
he actually wants.
So, a modified pruning algorithm is developed which has the 
mathematical guarantee by which a user can distinguish the 
difference easily and to set the cutoff thresholds, known as ideal 
term-based modified pruning algorithm. It attempts to minimize 
the effect of pruning on the top k results for each Query, where k 
is one of the parameters of the algorithm. 
Here, we give two variations i.e. the first corresponds to the “top 
k answers” definition, while the second corresponds to the “δ-top 
answers” definition.
For k-top answers, the parameters are є and k, we shall give a 
method for doing the pruning that guarantees that for all queries q 
with r terms, such that r < 1/ є, the rank function R*q based on A* 
is (k, єr) - good for Rq, where, r is limited by the inequality r< 1/ 
є, since the notion “(k, єr)-good” is meaningful only for єr < 1.
For each term t, let zt be the rank of the kth highest document 
for term t according to A. Let τt = ztє. We take τt to be the cutoff 
threshold for term t. Thus, let A*(t, d) = A(t, d) if A(t, d) > τt, and 
A*(t, d) = 0 otherwise. The algorithm is:

retrieve the posting list Pt from I
if |Pt| > k
for each entry d Є Pt
compute A(t, d) 
let zt be the kth best entry in row t of A
τt ← є  zt
for each entry d Є Pt
if A(t, d) ≤ τt
remove entry d from Pt
Save (t, Pt) in the pruned inverted file
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For δ – top answers, the parameters are є and δ, which shall give a 
method for doing the pruning that is, for obtaining table A* from 
table A, that guarantees that for all queries q with r terms such 
that r < 1/ є, the rank function R*q based on A* is (δ, єr)-good 
for the rank function Rq based on A.
To prune the rank table A to obtain A*, given our parameters є 
and δ. For each term t, let zt = δ maxd A(t, d) be the δ-top rank for 
term t according to A. We take τt = є zt to be the cutoff threshold 
for term t. Thus, let A*(t, d) = A(t, d) if A(t, d) > τt, and A*(t, d) 
= 0 otherwise. The time complexity of these two variations i.e. 
k-top and δ – top answers is O(M · N).

A. Rank Function
Here, we assume that for each query, there is a rank function that 
assigns a rank to each document, so that the documents with the 
highest ranks are the most relevant. The rank function is often 
based on a 2-dimensional rank table A, indexed by terms and 
documents. Table entries are set according to the rank model 
of the search engine; thus, A(t, d) is the rank of document d for 
term t. We assume that A(t, d) = 0 if t is not in d, and A(t, d) > 0 
otherwise. 
We define a є-variation of a rank function R to be a rank function 
R’ that differs from R by at most a multiplicative factor of є, but 
R’ is essentially as good as R. 
A rank function R is a function mapping each document to a 
non-negative real number. The rank model used by peer to peer 
systems to retrieve the data is the tf × idf formula. The rank of 
term t for document d depends on the term frequency tf of t in 
d, the length |d| of document d, and the inverse number idf of 
documents containing t in the collection. 

A(t, d) = ((log (1 + tf) / log (1 + avgtf)) log (N/Nt) / |d|          (1)

Where avgtf = average term frequency in d, 
N = number of documents in the collection, 
Nt = number of documents containing t, 
|d|=[0.8 * pivot + 0.2 * (# unique terms in d)]0.5 is an approximation 
to the length of document d. 
pivot = average number of unique terms in a document in the 
collections.
 
We identify a query q with a nonempty set of distinct terms t1, 
…. ,tr, where each term ti is associated with a positive weight αi. 
Here the term weights are determined as follows:

αi = log (1 + tf i) / log (1 + avgtf)             (2)

Here tfi = term frequency of term ti in the topic avgtf = average 
term frequency in the topic. 

The rank of document d for query q is determined as Rq (d) as:
Rq (d) = ∑ r i=1 αi A (ti, d)              (3)

Here, Rq is the rank function for q that is based on A.
Assume that 0 < є < 1. Let us say that a scoring function R’ is a 
є - variation of the rank function R, if for each document d and є 
represents the fuzziness inherent in the ranks as: 

(1 − є) R (d) ≤ R’(d) ≤ (1 + є) R (d)              (4)

Under this interpretation, if R’ is an є -variation of R, then 
intuitively, the rank of document d could just as well be R’(d) 

as R(d).
Let A be a rank table. Our goal is to find a new rank table A* that 
is like A, except that some of the entries are set to 0. Using the 
uniform pruning approach, we find a uniform cutoff threshold τ 
for the entire table such that,
A* (t, d) = A(t, d) if A(t, d) > τ, and A*(t, d) = 0 otherwise. 
For the two variations of the “top answers” to a query q, as 
follows:

Top k answers, where k is a positive integer: these are the k • 
documents with the highest ranks under the query q. 
δ -top answers, where 0 < δ ≤ 1: these are the documents • 
whose rank under the query q is at least δ times the highest 
rank of all the documents under q. For example, for δ = 0.7, 
each document with a rank that is at least 70% of the top 
rank is a δ-top answer.

The top k answers definition is more intuitive, since search results 
are usually presented k at a time, and users often want to see only 
the top k, and no more. Let us say that the rank function R*q is 
(k, є)-good for Rq if there is a є -variation R’ of Rq such that the 
top k answers for R*q are the same as the top k answers for R’, 
in the same order. 
Similarly, R*q is (δ, є)-good for Rq if there is a є -variation R’ of 
Rq such that the δ-top answers for R*q are the same as the δ-top 
answers for R’, in the same order.

V. Experimental Analysis
To compare the top results in pruned index against the top results 
in original index we use the precision, recall and f-measure (P@10) 
concept.
If y is the size of the union of the two top k lists, and x is the size 
of the symmetric difference, then we take the symmetric difference 
score to be 1− x/y. The highest rank of 1 occurs precisely when 
the top k of both lists are the same, and the lowest rank of 0 
occurs precisely when the top k of the two lists are disjoint. Here 
we compare the two top-k list by assigning the penalties for each 
pair {i, j} of distinct items needs to be defined, that i and j might 
not appear in the top k of one or both lists.
For each i, j, each of which appear in the top k of at least one of 
the lists, the penalty rank R(i, j) is defined as follows:

Case 1: if i and j appear in the top k of both lists, then R(i, j) is 
defined as before. Namely, if i and j are in the same order, then 
R(i, j) = 0, and otherwise R(i, j) = 1.
Case 2: if i and j appear in the top k of one list (say list 1), and 
exactly one of i or j (say i), appears in the top k of the other list 
(list 2), and if i is ahead of j in list 1, then R(i, j) = 0, and otherwise 
R(i, j) = 1. Intuitively, we know that i is actually ahead of j in list 
2, since i, but not j, appears in the top k of list 2.
Case 3: if i, but not j, appears in the top k of one list, and j, but not 
i, appears in the top k of the other list, then R(i, j) = 1. Intuitively, 
we know that i is actually ahead of j in the one list, and j is actually 
ahead of i in the other list.
Case 4: if i and j appear in the top k of one list, but neither i nor j 
appear in the top k of the other list, then R(i, j) = 1/2. Intuitively, 
we do not have enough information to determine whether i and 
j are in the same order in list 1 as in list 2, and so we assign a 
neutral penalty rank of 1/2.

The overall penalty rank now lies between 0, when the top k of 
the lists are identical and in the same order and k(3k −1)/2 if the 
top k of one list is disjoint from the top k of the other list. We get 
a normalized overall penalty rank x’, which lies between 0 and 
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1, by setting x’ = 1− 2x/k(3k−1).
Here we have tested the impact of pruning on the search precision 
and the similarity of the top results obtained from the original index 
to the top results obtained from the pruned index. First, we created 
a sequence of indices by varying τ, the cutoff threshold, and thereby 
the number of entries pruned from the resulting pruned index using 
uniform pruning approach. Next, we created a sequence of pruned 
indices by invoking the top k pruning algorithm, where we fixed 
k to 10 and where we used varying values of є. We conducted a 
similar sequence of experiments by invoking the δ-top algorithm, 
where we fixed δ to 0.7 and used varying values of є.
For each index we ran a set of some short queries and a set of 
some long queries, and measured the precision of the search results 
and the similarity of the top 10 results to the top 10 results of the 
original index. After eliminating the stemming and stop-word, 
the average number of terms in the short queries is 2.42 and the 
average number of terms in the long queries is 9.06.
We applied the ideal term-based modifies pruning algorithm, in 
order to determine which documents should be removed from 
various posting lists. This shift indeed resulted in significant 
pruning. The net result was a pruned index with little deterioration 
in precision and with hardly any change in the top k results.

A. Mathematical Experiment Result
With the help of data taking from the table, we plot the result in 
graph, which is calculated by mathematical formula. The first 
result we present is in terms of precision and in terms of the 
similarity between the top 10 lists for various levels of pruning. 
The level of pruning is determined by τ and є in the ideal term-
based modified pruning approach. We then analyze the algorithm 
for short and long queries as we vary є. Finally, we examine the 
effect of varying k and δ for fixed є.
The figure given below plots the average precision and the P@10, 
as a function of the amount of pruning, for the indices obtained 
by the ideal top k answers modified pruning algorithm. 
This also indicate that while there is a significant deterioration in 
the average precision with the increase of pruning, there is only 
moderate deterioration in the precision at the top 10 results. The 
table for this is:

Table 1: Precision vs. Pruning Table

Pruning (%) Precision P@10 
values

Average Precision 
values

0 0 0.27 0.26
10 0.05 0,278 0.241
20 0.1 0.28 0.242

30 0.15 0.261 0.24

40 0.2 0.269 0.237

50 0.25 0.26 0.223

60 0.3 0.25 0.203

Fig. 3: Precision of Search Results at Varying Levels of        
Pruning

The figure given below shows the similarity between the top 10 
results of the original index and the pruned index, at varying levels 
of pruning, for ideal top k answers modified pruning algorithm, 
with k=10.  We use the symmetric difference to measure the 
similarity between the two lists. The relatively high similarity 
between the top 10 lists for moderate pruning levels supports the 
claim that for moderate pruning levels, the top 10 results of the 
pruned indices are very similar to the top 10 results of the original 
index. The data table for this is:

Table 2:  Similarity vs. Pruning Table

Pruning (%) Similarity P@10 
values

Similarity 
Difference 
values

0 0 0.88 0.65
10 0.2 0.81 0.55
20 0.4 0.69 0.44
30 0.6 0.64 0.39
40 0.8 0.61 0.35
50 1 0.6 0.33

Fig. 4: Top 10 Similarities at Varying Levels of Pruning

The figure given below shows that the average query processing 
time for long and short queries, as a function of the amount of 
pruning. The results clearly show that especially for long queries, 
query time processing is significantly lower for smaller indices. 
The data table for this is:
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Table 3: Average Query Processing Time at Varying Levels of 
Pruning

Pruning (%) Seconds Long 
Queries

Short 
Queries

0 0.1 0.49 0.12
20 0.2 0.43 0.1
40 0.3 0.38 0.1

60 0.4 0.27 0.1

80 0.5 0.21 0.05

Fig. 5: Average Query Processing Time at Varying Levels of 
Pruning

B. Experiment Performed in Gnutella Using NS2
Here we evaluate how the ideal term-based modified pruning 
algorithm behaves both for short and long queries. For this we 
write the code for this algorithm in C++ and implement it in peer 
to peer network that is the gnutella system and trace the result 
with the help of network simulator 2 by using the data coming 
by the mathematical calculation. 
The given table summarizes the results obtained by the ideal top 
k answer modified pruning algorithm, for long and short queries, 
where k is fixed to be 10 and where є is varied. As the results 
show, the algorithm can achieve high levels of pruning even for 
modest values of є. 

Table 4: Precision Results of the Ideal Top k Answers Modified 
Pruning Algorithm for k = 10 and Varying є.

є Prune 
(%)

Average 
precision
LongQ

Average 
precision 
ShortQ

P@10 
LongQ

P@10 
ShortQ

0 0 0.261 0.250 0.271 0.262
0.025 13.2 0.241 0.242 0.278 0.280
0.05 19.9 0.242 0.240 0.280 0.282
0.1 36.4 0.241 0.242 0.262 0.278
0.15 51.9 0.226 0.235 0.269 0.258
0.2 64.2 0.224 0.229 0.260 0.256
0.25 72.8 0.207 0.223 0.251 0.249

Fig. 6: Precision Results of the Ideal Top k Answers Modified 
Pruning Algorithm for k = 10 and Varying є

Here the below two lines represents the average precision value 
for long and short queries and the above two line represents the 
P@10 measures for long and short queries. 
The table given below summarizes the results obtained by the δ-top 
algorithm, fixing δ to 0.7 and varying є. The average precision 
of the search results are consistent with the results obtained from 
the top k algorithm. 
The fourth and the fifth columns show the precision at the 0.7-top 
result lists obtained from the pruned indices (all results higher 
than 0.7 times the top result). Note that the precision at the 0.7-top 
results is much higher than the precision at the top 10 results. 
The main reason for this is that the documents in the δ-top list, 
by definition, have a significantly higher score than the scores 
of the rest of the documents. Thus the documents are tested for 
relevancies to the query are more likely relevant.

Table 5: Precision Results of the δ-top Term-Based Algorithm 
for δ=0.7 and Varying є

є Prune 
(%)

Average
precision
LongQ

Average 
precision 
ShortQ

P@0.7 
LongQ

P@0.7 
ShortQ

0.15 0 0.261 0.250 0.330 0.320
0.2 19.4 0.239 0.240 0.329 0.310
0.25 35.6 0.236 0.236 0.314 0.311
0.3 51.4 0.220 0.223 0.323 0.294
0.35 64.4 0.228 0.231 0.331 0.304

Fig. 7: Precision Results of the δ-top Term-Based Algorithm for 
δ=0.7 and Varying є
 
Here the below two lines represents the average precision value 
for long and short queries and the two line represents the P@0.7 
measures for long and short queries respectively.
The table given below summarizes the results obtained by the 
top k algorithm for long queries, where є is fixed to 0.1 and k is 
varied. For smaller values of k, the algorithm prunes much more, 
as expected, since the cutoff threshold is higher. As k increases, the 
precision of the top k results of both the original and the pruned 
indices decreases. Examining the difference between precision 
of the original and pruned indices shows that the adverse effect 
of pruning on precision becomes less significant with increase in 
k, since larger values of k result in less pruning.
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Table 6: Precision Results of the top k Algorithm for є =0.1 and 
Varying k

k Prune (%)
Average 
precision

P@ k 
Original 
index

P@ k
Pruned 
index

1 49.2 0.218 0.533 0.356
5 40.2 0.231 0.347 0.293
10 36.4 0.241 0.271 0.262
15 34.2 0.238 0.241 0.236

Fig. 8: Precision Results of the Top k Algorithm for є =0.1 and 
Varying k

Here the last line represents the Average Precision; first line 
represents the P@ k for Original Index value and the middle line 
represents the P@ k for Pruned Index value.
The table given below summarizes the results obtained by the 
δ-top algorithm for long queries, where є is fixed to 0.1 and δ is 
varied. The size of the δ-top set is varied with δ. For δ = 0.99 the 
average size of the 0.99-top set is 1, while for δ = 0.7 the average 
set size is 16.9.

Table 7: Precision results of the δ- top algorithm for є = 0.1 and 
varying δ.

δ Prune (%)
Average 
precision

P@ δ- top 
Original 
index

P@ δ- top
Pruned 
index

0.99 48.9 0.217 0.516 0.456
0.9 44.9 0.230 0.468 0.410
0.8 40.4 0.234 0.430 0.370
0.7 35.6 0.236 0.330 0.314

Fig. 9: Precision Results of the δ- top Algorithm for є = 0.1 and 
Varying δ

Here the last line represents the Average Precision; first line 
represents the P@ δ- top for Original Index value and the middle 
line represents the P@ δ- top for Pruned Index value.

VI. Conclusion
We present an ideal term-based modified pruning algorithm, and 
proved that for short queries the rank function based on the pruned 

index has the same top answers, in the same order, as some є 
-variation of the original rank function. We show by simulations 
that we can achieve high levels of pruning, while still retrieving 
“good” results in terms of (a) precision and (b) similarity to the 
top results of the original unpruned index. Therefore, this work 
essentially shows how to obtain a greatly compressed index that 
still gives answers that are almost as good as those derived from 
the full index.
The Gnutella System is used to retrieve the unstructured data by 
using the ideal term-based modified pruning algorithm of text 
mining and calculate the values and retrieve the data and finally 
trace the result with the help of network simulator 2 which shows 
the differences comparing to the theoretical results which we used 
to obtain the data from the pruned index and the original index. 

VII. Future Scope
In particular, we find a theoretical justification for our practical 
modification to ideal term-based modified pruning, to complement 
the strong empirical evidence we have presented here. We do have 
some initial weak theoretical results in this case that show some 
form of “closeness” between the results obtained from the pruned 
index and the original index.  Some value here we assumed and 
calculate so there is a possibility to make an algorithm to determine 
the value dynamically.
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