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Abstract
Search and navigating the query results on various large databases 
in different domains often gives a vast number of results in which 
only a small number of results required by the user. To reduce 
this information overload problem categorization and ranking 
techniques were used earlier. Efficient navigation through results 
categorization and ranking is the focus of the work. In this paper 
we are using a combined approach of ranking and categorization. 
In Our approach we are also using a clustering technique that 
performs offline query processing of all the query results of the 
users. Later we are using an efficient navigation over these clusters 
that reduces the navigational cost so that user can easily navigates 
and match his needs. We are also proposing a generalized Top 
down approach of efficient navigation of database query results for 
all databases. We show experimentally that system out performs 
state of the art categorization system and works well for the data 
sets in different domains.
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I. Introduction
In recent years, there has been high increase in the size of databases 
published online, commonly referred to as the “deep web”, 
exposing a wide range of content including product catalogs (ex. 
eBay, Amazon), bibliographies (e.g. DBLP, CiteSeer, PubMed), 
local businesses (e.g. Yelp) and many more.  These databases 
are commonly queried using forms or keyword-based interfaces. 
When users are not so much familiar with the content and structure 
of the database, or are unable to use sophisticated search interfaces, 
they issue queries hat are exploratory in nature and may return a 
large number of results.  In other cases, users often issue broad 
(underspecified) queries in fear of missing potentially useful 
results.  As a consequence, users end up spending considerable 
effort browsing long results lists. This phenomenon, known 
as information overload, is a major hurdle in querying large 
database.
In the internet text-search scenario, there has been two ways to 
tackle this problem - ranking and categorization. There have 
been attempts to adapt these solutions in the database-scenario. 
Ranking of database query results has been proposed in [3, 4, and 
5]. Work on SQL-Query-Result Categorization is rather recent 
and is the  focus of this article There are many recent works on 
ranking database results for both keyword [1,11] and structured 
queries [5]. Ranking is effective when the assumptions used by 
the ranking function are aligned with user preferences. Ranking 
may not perform well for exploratory queries, since it is hard to 
judge which result is better than the other when the query is broad. 
Moreover, no summary (grouping) of the query result is provided 
for the user to refine her query. In categorization, query results are 
grouped based on hierarchies, keywords, tags, or attribute values. 
For instance, consider the MEDLINE database of biomedical 
citations [16], whose articles are tagged with terms from the MeSH 

concept hierarchy [14].  Categorization systems propose a method 
for users to effectively explore the large results by navigating the 
MeSH sub-hierarchy relevant to the particular query result [13]. 
Wider adoption of such hierarchical categorization systems 
is limited, as building these concept hierarchies requires an 
intense manual effort, and automatically assigning terms to 
tuples afterwards is not always successful [9].In this paper we 
are proposing a combined top down approach of ranking and 
categorization. A common approach for categorization, involves 
around creating xed category structure. . All data items are assigned 
category labels as well. At search time, items in the search-results 
are simply grouped by their category labels. Since the category 
structures are independent of the query, the distribution of query 
results on the category hierarchy tends to get skewed. For the same 
reason Xed category structures tend to have longer paths.
Categorization of database query results presents some unique 
challenges that are not addressed in the approaches taken by 
likes of search engines/web directories (Google, Yahoo!,) and/or 
product catalog search (Amazon, Ebay). In all the above cases, 
the category structures are created a priori. The items are tagged 
(i.e., assigned categories) in advance as well. At search time, the 
search results are integrated with the pre-defined category structure 
by simply placing each search result under the category it was 
assigned during the tagging process. Since such categorization is 
independent of the query, the distribution of items in the categories 
is susceptible to skew: some groups can have a very large number 
of items and some very few. For example, a search on ‘databases’ 
on Amazon.com yields around  34,000 matches out of which 
32,580 are under the “books” category. These 32,580 items are 
not categorized any further1 (can be sorted based on price or 
publication date or customer rating) and the user is forced to go 
through the long list to find the relevant items. This defeats the 
purpose of categorization as it retains the problem of information 
overload.

Fig. 1: Static Navigation on the MeSH Concept Hierarchy
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Fig. 1, displays a snapshot of such an interface where shown next 
to each node label is the count of distinct citations in the subtree 
rooted at that node. For this example, we assume that the user 
queries MEDLINE for the nucleoprotein ―prothymosin‖ and 
his personal interests are reflected in the two indicated concepts, 
corresponding to two independent lines of research related to 
prothymosin. A typical navigation starts with revealing the children 
of the root ranked by their citation count, and is continued with 
expanding one or more of them, revealing their ranked children 
and so on. Further, the user may click on a concept and inspect 
the attached citations. A similar interface and navigation method 
is used by GoPubMed [5] and e-commerce sites, such as Amazon 
and eBay.
In this paper, we propose a technique to automatically navigate 
and categorize the results of query results based on the combined 
top down approach of ranking and categorization of query results. 
In this approach we are proposing an top down algorithm that 
initially clusters the documents and then applying the efficient 
navigation over these clusters so that we can effectively reduce 
the navigation cost.  

II. Related Work
Several systems have been developed to facilitate keyword search 
on PubMed using the MeSH concept hierarchy.Pubmed itself 
allows the user to search for citations based on MeSH annotations. 
A keyword query “histones[MeSH Terms]” will retrieve all 
citations annotated with the MeSH term “histones” in the MeSH 
hierarchy. The user can also limit her search to a MeSH term by 
using additional filters, e.g., “[majr]” to filter out all citations in 
the query result that don’t have the term as their major term. These 
filters can be combined by using the Boolean connectives AND, 
OR, and NOT. This interface poses significant challenges, even 
to experienced users, since the annotation process is manual and 
thus prone to errors. The closest to BioNav is GoPubMed [5], 
which implements a static navigation method on the results of 
PubMed. GoPubMed lists a predefined list of high-level MeSH 
concepts, such as “Chemicals and Drugs,” “Biological Sciences,” 
and so on, and for each one of them displays the top-10 concepts. 
After a node expansion, its children are revealed and ranked by 
the number of their attached citations, whereas BioNav reveals 
a selective and dynamic list of descendant (not always children) 
nodes ranked by their estimated relevance to the user’s query. 
Further, BioNav uses a cost model to decide which concepts to 
display at each step.
Other systems that tackle PubMed search using the MeSH concept 
hierarchy include PubMed PubReMine and XplorMed. Both of 
them are query refinement tools and do not implement a particular 
navigation method.
In particular, PubMed PubReMiner outputs a long list of all MeSH 
concepts associated with each query along with their citation 
count. The user can select one or more of them and refine her 
query. XplorMed performs statistical analysis of the words in the 
abstracts of the citations in the query result and proposes query 
refinements/extensions to the user in a multistep process. Ali Baba 
displays the results on a graph where edges denote associations 
between the result nodes, which are typically genes and proteins. 
iHOP [10-11] shows to the user the genes associated to a query 
gene, where the association is measured through co-occurrence in 
a sentence. LSLink [15] uses the physical links between objects 
in the query result to find meaningful associationsv between pairs 
of terms in different controlled vocabularies annotating objects in 
multiple datasources. These associations allow users to discover 

novel and interesting relationships between pairs of concepts and 
potentially explore objects that are not retrieved by the initial 
query.
Two academic proposals [2-3] dynamically categorize SQL query 
results by inferring a hierarchy based on the characteristics of the 
result tuples. Their domain is the tuple attributes and their problem 
is how to organize them hierarchically in order to minimize the 
navigation cost. They also decide the value ranges for each attribute, 
for both categorical and numerical ones, and how to rank them. One 
of the systems [3] takes into consideration the user’s preferences 
during the inference for a more personalized experience. Once 
the hierarchy is inferred, they follow a static navigation method. 
BioNav is distinct since it offers dynamic navigation on a 
predefined hierarchy. Hence, BioNav is complementary to these 
systems, since it can be used to optimize the navigation, after these 
systems construct the initial navigation tree. Clustering systems 
create unsupervised query-dependent clusters. Pub Matrix takes as 
input two sets of keywords terms, in addition to query keyword, 
and generates a co-occurrence frequency matrix of each pair of 
terms from the two lists, in the query result. The user can then 
browse this matrix and perform independent searches on pairs of 
terms. The Clusty] search engine clusters keyword-based query 
results on the web and operates on top of other search engines. 
HighWire Press uses Clusty’s algorithms to cluster query results 
in the biomedical domain. Demner-Fushman and Lin [6] cluster 
PubMed documents by the drug they refer to based on the UMLS 
[17] drugs classification. Once the clusters are created, a static 
navigation method is followed. BioNav could be adapted to work 
on top of the (typically shallow) hierarchy created by clustering 
systems.

III. Preliminaries
A. System Architecture: The BioNav system architecture is 
shown in following Fig. and consists of two parts. The offline 
components populate the BioNav database with the MeSH concept 
hierarchy and the associations of the MEDLINE citations with 
MeSH concepts, while the online components support BioNav’s 
web interface and the EXPAND-SHOWRESULTS actions of the 
user.

A. Offline Preprocessing
with their support count information, and measure the degree of 
paths overlap between documents [9].

B. Online Operation
Upon receiving a keyword query from the user, BioNav executes 
the same query against the MEDLINE database and retrieves only 
the IDs (PubMed Identifiers) of the citations in the query result. 
This is done using the ESearch utility of the Entrez Programming 
Utilities (eUtils) [7].eUtils are a collection of web interfaces to 
PubMed for issuing a query and downloading the results with 
various levels of detail and in a variety of formats.

1. Dynamic Navigation Tree Module
Navigation tree. Fig displays a snapshot of such an interface where 
shown next to each node label is the count of distinct citations 
in the subtree rooted at that node. A typical navigation starts by 
revealing the children of the root ranked by their citation count, and 
is continued by the user expanding on or more of them, revealing 
their ranked children and so on, until she clicks on a concept 
and inspects the citations attached to it. A similar interface and 
navigation method is used by e-commerce sites, such as Amazon 
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and eBay. For this example, we assume that the user will navigate 
to the three indicated concepts corresponding to three independent 
lines of research related to prothymosin BioNav introduces a 
dynamic navigation method that depends on the particular query 
result at hand and is demonstrated in Fig The query results are 
attached to the corresponding MeSH concept nodes as in Fig. 
but then the navigation proceeds differently. The key action on 
the interface is the expansion of a node that selectively reveals 
a ranked list of descendant (not necessarily children) concepts, 
instead of simply showing all its children. 

2. Navigation Web (Interface) Search Module
BioNav belongs primarily to the categorization class, which is ideal 
for this domain given the rich concept hierarchies (e.g., MeSH 
) available for biomedical data. We augment our categorization 
techniques with simple ranking techniques. BioNav organizes the 
query results into a dynamic hierarchy, the navigation tree. Each 
concept (node) of the hierarchy has a descriptive label. The user 
then navigates this tree structure, in a top-down fashion, exploring 
the concepts of interest while ignoring the rest. 

3. Top-Down Navigation Tree Algorithm
The proposed algorithm is combined approach of ranking and 
categorization techniques that performs the functionality in two 
levels. In first level ,the algorithm works offline that  clusters 
the given documents based on the similarity between those 
documents .In second level ,the algorithm works online that uses 
dynamic navigation technique of query results that reduces the 
user navigation cost .The following algorithm is the proposed 
top down navigation algorithm that facilitates the user to  easily 
navigate and match the desired results.     
Top-down Navigation Tree Algorithm
//Input: Data Set D, Query results H, Query Q
//Output: Navigational Model
Algorithm:
1. Clusters the records based on similarity in query results D 
using H.
     (This clustering process occurs offline)
     The results are a set of clusters C1, C2,….Cq 
     and each cluster  Cj 1≤j≤q has a probability Pj.
2. Create an Initial Navigational tree (rooted at the Mesh root)
       (This Process occurs online)
       With minimal cost over records in result of Q,
        Using C1,..Cq as result of Class label. 
3. Now Navigate the tree by exploring the sub tree I(n)
   Explore (I(n) )
  {
    If (n is the root)
 Expand the root and performs an edge cut operation which 
explores new sub set of concept nodes.
         For each  ni in S Explore(I(ni))
    Else if n is not a leaf node
            Perform one of the following actions
       i. Display Results (I(n))
       ii. Ignore (I(n))
       iii. S <- expand (I(n))
     For each  ni in S Explore(I(ni))
   Else perform one of the following
       i.Display Results (I(n))
       ii. Ignore (I(n))
} 

This top down navigation approach continues until user finds his/
her required list of citations.

4. Cluster based Method
The proposed method uses a hierarchical navigational structure 
where each node in the hierarchy consists of a small number 
of clusters that have a concise description and can be easily 
visualized.
To help users navigate the tree, each node also contains description 
of the cluster associated with this node. The description may 
include a representative record (e.g., using the centroid of the 
cluster), the ranges of some important attributes in the cluster, or a 
graphic visualization of clusters. we present to user a hierarchical 
structure where the first level contains two clusters: cluster 1 
and cluster 2. Each cluster can be further divided into smaller 
clusters. The leaf level contains actual data records. We use the 
K-Means algorithm for clustering. K-Means requires us specify 
the number of clusters. We run K-Means with several numbers 
(3, 4, and 5 in this paper), and select the one with the minimal 
cost. This number can also be set by users and we find 3-5 work 
quite well in experiments.

5. Navigation Tree
In the above algorithm, expanding the node considers an edge cut 
operation that is used to reduce the navigation cost by overlapping 
the un important nodes.
The display results function is used to list the all resulted citations 
of a sub tree. The Ignore function is used by the user to ignore 
a particular node if it is un important and moves on to the next 
level concept node in the sub tree. The user may also backtrack a 
particular node by performing undo the last edge cut.

6. Edge Cut Operation
cut(vertex v):  Divide the tree  containing  vertex  v  into two trees  
by  deleting the  edge (v,purenf(v)); return the  cost of  this edge.  
This operation assumes that u  is not a tree root.

Fig. 2:

In Fig. a, the dashed line describes the EdgeCut corresponding 
to the expansion of the node “Amino Acids ...” and reveals the 
highlighted concepts of Fig. a. These revealed nodes are visualized 
on the interface as a tree shown in Fig. b. The EdgeCut consists of 
the edges (“Proteins” and “Transcription Factors”) and (“Proteins” 
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and “Nucleoproteins”). Intuitively, an EdgeCut allows us to “skip” 
child nodes (“Proteins”), navigate directly to descendant nodes 
located deeper in the tree and show them as children of the node 
being expanded. 
Moreover, an EdgeCut can selectively reveal only a subset of a 
potentially large set of descendant nodes, as is the case in our 
example where only 6 out of the 52 descendants of “Amino Acids 
...” are revealed

IV. Experimental Results
All experiments were performed with the configurations Intel(R) 
Core(TM) 2 CPU 2.13GHz, 2 GB RAM, and the operation system 
platform is Microsoft Windows XP Professional (SP2).

Fig. 3: Navigation Tree

Fig. 4: List of Citations

Fig. 5: Categories

Fig. 6: Categories

These are the input screenshot given to our system effective 
navigation of query results and gives the better results than the 
existing systems

V. Conclusion 
In this paper we propose a novel top down navigation tree algorithm 
that efficiently and effectively navigates the query results. The 
information overload problem and the navigation cost is reduced 
using the categorization and ranking process. The user can get the 
relevant results by organizing the query. In this method we are 
clustering the input results that are applied to navigation process. 
The Navigation algorithm constructs the navigation tree and 
effectively navigates it.  In addition to this we are comparing the 
static and dynamic tree navigation cost.. Our method works well 
and navigates efficiently when compared to previous methods.
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