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ABSTRACT 

The advancements in hardware technology in the past few years have made possi¬ble the production of small computers like 
palmtops, notebooks etc. which are now equipped with wireless communication devices that enable a user to access infor¬mation 
from any location. Service providers are also providing additional services like stock news, weather reports, traffic information, 
internet gaming, telephony and short messaging services. Because of limited bandwidth the communication cost over wireless 
channels is very high, thus servers are now trying to broadcast as many data items as possible without waiting for the client's 
request. This broad¬casting introduces another cost for the client in terms of delay in response time, the time taken for the 
completion of a user request, because most of the data items are not relevant to the user. 
How data mining can be used to create a model for data broadcast in mobile environments? Here we present a complete system 
which does data broadcasting on the server side and cache management at the client end. We modify existing algorithms, 
intro¬duce some new techniques for cache management and consider relevant parameters to be considered in dynamic 
mobile environments.  
 
KEYWORDS: Data Mining, Sequence Mining, Hyper Graph, Clustering, Planer Graph, Weighted Topological Sort, 
Caching, Broadcasting. 
 
 
1. INTRODUCTION 
It is important to determine the relevant services and the optimal sequence in which they should be broadcasted in order 
to minimize the load on the server while fulfilling the requests of the maximum number of users. With this kind of system 
which generates broadcast sequence incrementally, considering not only frequencies of occurrence of data items but also 
the relative ordering among them given the input parameters, it is guaranteed that the average latency per request is 
always less than other techniques based on only frequencies and access probabilities. 
Since the mobile environment is dynamic in nature there are various parameters that affect access latency and need to be 
considered and tuned. The service providers provide various services which change with time based on demand but a user 
is interested in only a few services of own interest. 
 
2. DATA BROADCASTING 
Broadcasting is one of the challenging areas in mobile data management and there is active research in inventing 
better strategies for resource utilization. Wireless broadcast allows an arbitrary number of users to simultaneously 
receive information broadcast on air without much performance degradation. Little work has been done in data 
broadcasting using data mining. Important early work was done by Saygin & Ulusoy [9]. They mine the broadcast 
history to find sequential rules to reduce access latency and increase cache hit ratio, but the algorithms they 
propose were not suitable for dynamic environment where there are frequent updates. Earlier Acharya &  Alonso 
[1] proposed techniques to construct a memory hierarchy using broadcast disks in which the highest level contains 
a few items which are frequent and broadcasts them with high frequency while subsequent levels contain more and 
more items which are broadcast them with less frequently. This was a novel technique which did not care about 
ordering of items. Later in Hameed & Vaidya [3], developed a broadcast scheduling algorithm based on access 
frequency for both single and multiple channel broadcast service. Hu & Lee [6] proposed an algorithm for dynamic 
allocation of a channel based on access frequency and request probability on demand channel. A hybrid channel 
allocation method is given in Lee & Hu [8] which mixes the broadcast and on-demand channels to utilize system 
bandwidth more efficiently. It also proposed an algorithm which assigns the channel dynamically depending upon 
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the workload using approximate calculations. Yiu & Chan [10] included with each data item another parameter 
called avi (absolute validity interval). They divide the data items into different groups and associate an avi value 
with each group. Items which are sensitive and whose values change with time frequently they are given low avi 
value. The broadcast of data items is done using their access frequency and avi values. Here they also do broadcast 
skipping of a data item even it is included in the next broadcast if it was broadcast in the near past, because the 
item may be valid in the user cache. It saves the bandwidth. 
 
3. SEQUENCE MINING 
Several algorithms have been proposed for sequential pattern mining in the past few years. Most of the earlier 
algorithms are based on the apriori property proposed in association rule mining, which states that any sub-pattern 
of a frequent pattern, must be frequent Agrawal & Srikant [2]. 
 
4. MOBILE DATA BROADCASTING MODEL 
Our Problem can be Stated as Follows: Given a database of user requests over a certain period of time, 
what would be the optimum sequence to broadcast? So as to minimize access latency per request, where the 
dynamic changing nature of the environment is modeled by certain parameters? The broadcast strategy has to make 
a trade-off between two parameters:  
First from the client side, we need to minimize the time elapsed between a request and when it is served. But, 
Second from the server side there is a need to minimize the cost associated with each service.  
The overall model of the system is shown in Figure 1, at the server side the user service request logs are collected 
from the back channel and inserted into the database. These are those requests which are not fulfilled through the 
broadcast channel. The logs of a certain period for a particular user are combined together, which represents the 
user service requests over that particular period. The structure of the log is < Userld, Service Request String> The 
data mining module which is the core of the whole system mines these logs with supplied parameters and generate 
sequential patterns which thus get stored in the rule base. Along with sequential patterns their support value is also 
stored in the rule base. The server uses these patterns to generate the broadcast sequence of frequently requested 
data items after relative ordering among these items. 

 
Figure 1: Overall Model 

The client is assumed to have some buffer area which acts as a cache and little processing power. The server 
broadcasts the sequential patterns periodically along with the data items. The client stores these patterns and uses 
them for predictive   pre-fetching of data items from the broadcast channel. The access latency decreases further as 
the cache hit ratio increases Fang & Qiu [13]. 



International Journal of Application or Innovation in Engineering & Management (IJAIEM) 
Web Site: www.ijaiem.org Email: editor@ijaiem.org, editorijaiem@gmail.com  

Volume 2, Issue 9, September 2013   ISSN 2319 - 4847 
 

Volume 2, Issue 9, September 2013 Page 103 
 

5. SEQUENCE MINING AND BROADCASTING ALGORITHM 
Components and Control Flow : The high level control flow in the system is given in Figure 2. The system has four 
modules.  
At the server side the incremental sequential pattern mining module finds the sequential patterns from the 
sequential database and generates the rule base. Using this rule base hyper-graph clustering module clusters the 
data items and finally for each cluster the planar graph construction module constructs the acyclic planar graphs 
followed by weighted topological sort to give the final broadcast sequence.  
At the client side cache management module works. It uses the same rule base, which broadcasted by the server 
periodically for predictive pre-fetching of data items from the broadcast channel Liu & Yan [12].  
The overall idea of the system is taken from Saygin & Ulusoy [9] where they have proposed this kind of system for 
data broadcasting in mobile environments. They do not propose an algorithm nor have they considered the true 
dynamic nature of the system where there are frequent updates. Also there is no consideration of various 
parameters which have direct impact on performance and cost. Here we have taken into account most of those 
parameters. 

 
Figure 2: Control Flow 

 
6. PRE-ORDER LINKED WAP (WEB ACCESS PATTERN) TREE 
A sequence is denned as the path  from the root to any node. For  a node e^ , its ancestor nodes in the 
PLWAP tree defines its prefix sequence while descendant nodes defines its suffix sequence. The count of e^ is the 
count of its prefix sequence. The suffix trees of e^ are rooted at several nodes that are children of e^ , called the 
suffix root set of e^. 
The algorithm uses PLWAP tree in which nodes of same label are linked together using preorder traversal. Each 
node has a binary position code which uniquely determines its position in the tree. The root has null position code 
and the position code of nth leftmost child is obtained by appending binary number representation of 2n~1 to the 
parent's position code. 
A node ri\ is ancestor of node n,2 if the position code of ri\ with "1" appended to its end, equals the first k number 
of bits in the position code of n,2, where k is the number of bits in the position code of n\. 
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Figure 3: Initial Tree 

 
 

 
Figure 4: Initial Pruned Tree 

 
All transactions from the same customer grouped together and sorted in increasing order are called a data 
sequence. A support value {supp(s)} for a sequence gives its number of actual occurrences in DB. In other words 
the support of a sequence is defined as the fraction of total data sequences that contain s. A data sequence 
contains a sequence s if s is a sub-sequence of the data sequence. In order to decide whether a sequence is 
frequent or not, a minimum support value (minSupp) is specified by the client, and this sequence is called to be 
frequent if the condition supp(s) > minSupp holds. 
 
7. MINE-PLWAP TREE ALGORITHM 
The Algorithm 1 Mine-PLWAP Tree recursively mines the PLWAP tree using prefix conditional sequence. At every 
stage it looks into the header linkage table and finds out the next frequent item and appends it to the prefix 
sequence, e^ is the next frequent event in the mined prefix subsequence if the support of the node e^ in the 
current suffix tree of current root set has support greater than the minimum support. 
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Algorithm 1: Mine PLWAPTree Algorithm  

 
If the root set is empty or the sum of support of the children of the current root set is empty return. Here the root set is 
Root of the PLWAP tree T and sum of support of it's children is 4 (/ : 1, e : 3) > minSupp. 
1. For every item i, get its queue from the header linkage table.  Follow it and find the first node which is 
descendant of any node of current root set R. Mark it as ancestor, add it to the new root set R' and store its 
support in count. Suppose g is the first item in the header linkage table. Follow the g queue and 
store the first occurrence of the g, node g:l:lll, as the ancestor node because it is a descendant of Root and also 
add it into the new root set. The support of g is added into count. 
 

2. Follow i's queue further and if the next node is a descendant of any node in  R and not a descendant of 
ancestor add it to R' make it ancestor and add its support to the count. At the end if the count is greater than 
or equal to the minimum support append i's label to the prefix sequence F and make it F'.  
Following the g's queue further, it looks for other occurrences , nodes g:l:1011 and g:l:1010. Their supports are 
also added into the count making it 3 which is greater than minimum support. Now the list of mined frequent 
pattern F is 'g' and the new root set R' becomes g:l:lll,  g:l:1011, g:l:1010 . The mining 
process continues for finding the frequent 2-sequences by passing the suffix tree of g rooted at nodes n:l:llll,  
p:l:10111 and p:101011 Figure 5.   Now start again taking event queues from header linkage table. Let us 
assume next chosen item is n. There are two occurrences of item n in the tree n:l:llll and 
n:l:101101. But the only the support of n:l:llll is added to the count because node n:l:101101 is not descendant of any 
of the nodes of the new root set. Since count, which is 1 is less than minimum support, n is not added to previous 
1-sequence.  Next consider p's queue.  There are three occurrences p:l:lllll,  p:l:10111 and p:l:101011. Support 
of all these three nodes are added to count making it 3 because all of them are descendants of new root set. 
Hence p becomes the next frequent event. 
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Figure 5: g suffix Tree 

 

 
Figure 6: p Suffix Tree 

1-sequences and the new sequence becomes 'gp'. The new root set becomes p:l:lllll,  p:l:10111, p:l:101011 and 
the new suffix tree passed to the algorithm is rooted at nodes q:l:llllll, q:l:101111 and q:l:1011011 Figure 6. 
4. The process continues similarly for all the items in the header linkage table recursively and finally we get 
the following frequent sequences and their corresponding supports.     
FS = {g:3, gq:2, gp:3, gpq:2, q:3, e:3, egp:2, eg:2, eq:2, ep:2, ec:2, ecq:2, p:3, pq:2, c:2, cq:2, n:2, nq:2} 
5. Remove continuous duplicates from F'. Reason behind this is that, two continuous duplicates indicate a request of  
the same service which can be merged into one. Here there is no such case. But had there been some frequent 
sequence like gpqq, after duplicate removal it would have become gpq. 
 
8. HYPERGRAPH CLUSTERING   
In broadcasting, the purpose of clustering is to group the items(services) which are requested together. Here we use 
Hypergraph clustering Saygin & Ulusoy [9] and Han & Karypis [4]. A Hypergraph is an extension of a standard 
graph where a hyperedge connects two or more vertices whereas in a standard graph an edge connects only two 
vertices. The objective here is to do a    k-way balanced partition of the hypergraph so as to maximize intra subset 
similarity and minimize inter subset similarity which is a NP hard problem. 
A hypergraph H = (V,E) is defined as a set of vertices V and a set of hyperedges E (called sets). Here the vertex set 
is the items to broadcast and hyperedges are the sequential patterns. The weight of these hyperedges is the support 
of the sequential pattern. For e.g. if an hyperedge < p, q, r > is inserted, the weight of this hyperedge would be the sum 
of support of all the sequential patterns which are permutations o f  p ,  q ,  r  l i k e  <  p , r , q  > ,  <  q  , p ,  r  > ,  <  q , r , p  > ,  <  
r , p ,  q  > ,  <  r , q , p  > .  T h e  p u r p o s e  here is to put items which are accessed together into the same cluster. 
From FS get frequent sequences of length greater than 1. They form the hyperedges of the hypergraph and the 
support of that sequence is the weight of the corresponding hyperedge. 

E = { pq:2, egp:2, gq:2, eg:2, gpq:2, ec:2, ecq:2, cq:2, nq:2, eq:2, ep:2, gp:3} 
Once the hyper graph is constructed from the frequent sequences the run time of hyper graph partitioning 
depends only on the number of vertices and hyper edges. Here we are using the tool HMETIS Karypis & Kumar [7] 
to produce the k-way partitions where k is the user specified number of partitions. 
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P = {Vi, V2,..., Vfc} is a K-way partition on H = (V,E) if and only if following three conditions hold true 
1 .  V keV V V k  = (p φ 1 <  k < K)  
2. Uf=i Vk = V 
3.  Vk n V l = φ for 1 < k < l < K 
Lets the number of clusters given to the HMETIS tool is 2, we get the following mapping of items and clusters 
Table 1. 

Table 1: Cluster Mapping 
Item Cluster No. 
P 1 
q 1 
e 1 
g 1 
c 0 
n 0 

 
9. PLANAR GRAPH AND WEIGHTED TOPOLOGICAL SORT 

 
Algorithm 2: DFS 

After clustering the items the next step is to find out the ordering of data items based on the mined sequential 
patterns. For that we construct weighted planar graphs for each cluster, where the weight of an edge ij is the 
support of the pattern ij.  Remove cycles from the graph and do weighted topological sort.   

 
Algorithm 3: DFS-VISIT 

Look for patterns length of two, a pattern ab where a, b belongs to same cluster, will be inserted only when pattern 
ba is not already inserted or support of ab is greater than that of ba, this step ensures that no cycles of length 
two will be introduced in the graph. While inserting the nodes keep adjacency lists of the vertices sorted in 
increasing order of the support of edges between vertices, i.e. if ab, ac are two patterns with support s\, S2 where 
s\ > S2, keep adjacency list of vertex a sorted in the order b followed by c. With this step it is guaranteed that 
the node which is more frequently followed by the current node will be placed closer to it in the final broadcast 
sequence. To put it other way, when the topological sort is done over the planar graph, it would be weighted 
topological sort where the edge having more weight will be traversed first. 
After constructing the graph detect cycles in it using depth first traversal and break the cycles by removing 
the edge with minimum weight. Using the same depth first traversal algorithm get the topological ordering 
among nodes. Finally concatenate topologically ordered sequences of all clusters. 
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The planar graphs for the two clusters of the example are shown in Figure 7 and Figure 8. Since there are no 
cycles present in Figure 7, doing the weighted topological sort over it we get the sequence egpq. 

 
Figure 7: Planar graph of cluster 1 

 

 
Figure 8: Planar graph of cluster 2 

 
There are no edges in Figure 8, so the sequence obtained from it is nc. Appending both the sequences, the final 
sequence to broadcast is ncegpq. 
In DFS (Algorithm 2) we basically maintain two pieces of information with every node, its color and its previous node. 
The color is useful to determined if the node is traversed(BLACK), partially traversed (GRAY) or not 
visited(WHITE) at all. The previous node is the node following whose adjacency list the current node is reached. 
Initially color all the nodes WHITE and set their previous to null, and then call DFS-VISIT for every node if its 
color is WHITE. In DFS-VISIT mark the color of the node u passed to it GRAY, means it is in the process and 
get its adjacency list. For each node v in the adjacency list of u if its color is GRAY it means a cycle is present. 
Break the cycle and call DFS again. Else if the color of v is WHITE, i.e. its not visited yet, set its previous to u 
and call DFS-VISIT passing v. When all the nodes in the adjacency list of u are visited recursively set its color 
as BLACK, visited completely and add u into the head of the topological order list. 
Once the broadcast sequence is obtained from the mining process the server broadcasts the services and they reach 
the clients.   The time required for arrival of a particular service on the broadcast channel depends upon its size 
and the available bandwidth. 
The response time R, the time elapsed between when a service is requested and it is fulfilled, for a requested 
service j is calculated Hara [5] as follows:  
 

 

 
Figure 9: Tree After Insertion of f and Deletion of n 
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Figure 10: After Inserting New Frequent Sequences from DB 

 

 
Algorithm 4: Caching 

 
 
10.   CONCLUSION AND FUTURE WORK 
Furthermore, we have assumed the clients to have small processing power. If it is not the case then they can do some 
processing locally and send some information about services requested by the client usually to the server. It may help 
server in deciding more optimized broadcast sequence and also reduces computational load on it. The future work may 
include location dependent broadcast of services because if the cell sizes are small, the user change their cells frequently. 
In that case the broadcast sequence of a particular cell is of little interest for users visit that cell for some time. So the 
movement of the users to different cells should also be taken into consideration and hence their requesting behavior.  
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