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ABSTRACT: 

Data mining procedures provide people with 

new power to research and manipulate the existing large 

volume of data. Data mining process discovers 

interesting information from the hidden data which can 

either be used for future prediction and/or intelligently 

summarizing the details of the data. By using data 

mining we are maintaining and retrieving our database in 

an efficient manner. There are many achievements of 

applying data mining techniques to various areas such as 

marketing, medical, financial, and car manufacturing. In 

this paper, a proposed data mining application in car 

manufacturing domain is explained and experimented. 

The application results demonstrate the capability of data 

mining techniques in providing important analysis such 

as launch analysis and slow turning analysis. Such 

analysis help in providing car market with base for more 

accurate prediction of future market demand. 

The aim of this paper is to provide a proposed 

data mining solution that can be used for automotive 

market, as well as other areas. As part of this 

Dissertation we are concentrating on automotive market 

and which is in par with our current project scenario. 

We are presenting here with two type of analysis 

such as Launch Analysis and Slow turning analyses 

which benefits the inventory managers. 

How this analysis benefits the manufacturers 

what type of data is used for analysis and the same is 

examined and demonstrated in the following sections 

with reporting features. Also we propose an 

enhancement at the back end to improve the processing 

by considering the tuning of the system too.  

1.INTRODUCTION: 

The aim of this paper is to provide a proposed data 

mining solution that can be used for automotive market, 

as well as other areas. As part of this Dissertation we are 

concentrating on automotive market and which is in par 

with our current project scenario. We are presenting here  

 

 

with two type of analysis such as Launch Analysis and 

Slow turning analyses which benefits the inventory 

managers. How this analysis benefits the manufacturers 

what type of data is used for analysis and the same 

isexamined and demonstrated in the following sections 

with reporting features. Also we propose an 

enhancement at the back end to improve the processing 

by considering the tuning of the system too. A feasibility 

analysis involves a detailed assessment of the need, 

value and practicality of a systems development. 

Feasibility analysis n forms the transparent decisions at 

crucial points during the developmental procedure as we 

determine whether it is operationally, economically and 

technically accurate to proceed with a particular course 

of action. Feasibility analysis can be used in each of the 

steps to assess the financial, technical and operational 

capacity to proceed with particular activities. Feedback 

of a customer plays an important role in promoting 

about product or brand related information to other 

consumer counterparts. Successively online platforms 

have become an avenue for feedbacks to play their role 

on the social media. Blogs for example has become an 

integral part of consumers' reference point during the 

decision making process. This study examines the role 

of online feedbacks in influencing consumer purchase 

intentions. 

2. RELATED WORK: 

Currently it is noted that the number of 

databases keeps growing rapidly because of the 

availability of powerful and affordable database 

systems. The huge growth in the data and databases 

generated and resulted in the need for new techniques 

and tools that can intelligently and automatically 

transform the processed data into useful information and 

knowledge, which provide enterprises with a 

competitive advantage, working asset that delivers new 

revenue, and to enable them to serve better service and 

retain their customers. 
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Automotive manufacturing are markets where 

the manufacturer does not interact with the consumer 

directly, yet a fundamental understanding of the market, 

the trends, the moods, and the changing consumer tastes 

and preferences are fundamental to competitive. Launch 

analysis will provide manufacturers with comparison 

analysis between ―what the customer wants‖ and‖ what 

supply chain is providing‖.  

Another important distinction that sets our work 

apart from recommendation systems is the notion of 

similarity. In content filtering, the similarity between 

items is established either using a domain expert, or user 

profiles [14], or by using a feature recognition algorithm 

[4] over the different features of an item (e.g., author and 

publisher of a book, director and actor in a movie, etc.). 

In contrast, since our framework needs establishing 

resemblance between actual SQL queries (instead of 

simple keyword queries), the direct application of these 

techniques does not seem to be appropriate. To the best 

of our knowledge, a model for establishing similarity 

between database queries (expressed in SQL) has not 

received attention. In addition, a user profile is unlikely 

to reveal the kind of queries a user might be interested 

in. Further, since we assume that the same user may 

have different preferences for different queries, 

capturing this information via profiles will not be a 

suitable alternative. 

The notion of user similarity used in our 

framework is identical to the one adopted in 

collaborative filtering; however, the technique used for 

determining this similarity is different. In collaborative 

filtering, users are compared based on the ratings given 

to individual items (i.e., if two users have given a 

positive/negative rating for the same items, then the two 

users are similar). 

2.1 MATERIALS AND METHODS: 

In this system we provide the sales and dealer 

report with dependent stock details. Data mining 

techniques provide people with new power to research 

and manipulate the existing large volume of data. The 

quality of production based in this process. Data mining 

method determines interesting information from the 

hidden data which can either be used for future 

prediction and/or intelligently summarizing the details of 

the data. There are many achievements of applying data 

mining techniques to various areas such as marketing, 

medical, financial, and car manufacturing. 

 

Data Sources Considered for the Proposed System: 

 ‗Stock/Sales/Orders‘ data sources are snapshots 

at the date of data. 

 ‗Production Plan‘ data source is a list of models 

quantities that are planned to be produced for a 

specific period. 

  ‗TOPs‘ data source is a structural data which is 

used to map all car configuration under 

production. 

 ‗SPOT‘ data source is used to list the dealers, in 

addition to their rating and their geographic 

information. 

 ‗Web Activity‘ data source is used to track all 

user web hits/ requests on the prescribed 

websites. 

 

2.2 ABOUT THE SOFTWARE: 

 The various technologies used in the software 

system are 

Client-Server Architecture: 

Over the years there have been 3 different approaches to 

application development 

 Traditional Approach 

 Client/Server Approach 

 Component-based Approach 

In a traditional approach there was a single 

application that handles the presentation logic, business 

logic, and database interactivity. These applications 

were also called Monolithic applications. The drawback 

of this approach was that if even a minor change, 

extension, or enhancement was required in the 

application, the entire application had to be recompiled 

and integrated again. 

Due the disadvantage of the traditional 

approach, the client/Server architecture (also called 2-

Tier Architecture) was introduced. In this architecture, 

the data is separated from the client-side and is stored at 

a centralized location that acts as a server. The business 

reason is shared with the presentation logic either at the 

client- side or at the server-side that has the database 

connectivity code.  

If the business logic is combined with the 

presentation logic at the client-side, the client is called a 

fat client. If the business logic is combined with the 

database server, the server is called a fat server. 
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Thus a 2-tiered architecture divides an 

application into 2 pieces: 

 The GUI (client)  

 Database (server). 

The client sends a request to the server. The 

server being a more powerful machine does all the 

fetching and processing and returns only the desired  

result set back to the client for the finishing touches. In 

effect, weaker machines virtually have a shared access to 

the strength of the server at the back-end. Faster 

execution at the server side results in less network traffic 

and increased response time for the program to fetch and 

process the data. However the client/server architecture 

also had certain disadvantages: 

 Any change in the business policies required a 

change in the business logic. To change the 

business logic, either the presentation logic or 

database connectivity code has to be changed, 

depending on the location of the business logic.  

 Applications developed using 2-Tier architecture 

might be difficult to scale up because of the 

limited number of database connections 

available to the client. Connections requests 

beyond a particular limit are simply rejected by 

the server. 

The disadvantages with the client/server 

architecture led to the development of the 3-Tier 

Architecture. In 3-Tier architecture, the presentation 

logic resides at the client-side, the database is controlled 

by the server-side, and the business logic resides 

between the two layers. This business logic layer is 

referred to as the application server (also called middle-

tier of component based architecture).This type of 

architecture is also called 

server-centric. 

Since the middle-tier handles the business logic, 

the work load is balanced between the client, the 

database server, and the server handling the business 

logic. This architecture also provides efficient data 

access. The problem with database connection limitation 

is minimized since the database sees only the business 

logic layer and not all its clients. In the case of a two-tier 

application, a database connection is established early 

and is maintained, where as in a three-tier application, a 

database connection is established only when data access 

is required and releases as soon as the data is retrieved 

or sent to the server. 

The application where the presentation logic, the 

business logic, and the database reside on multiple 

computers is called distributed application. 

 

3 PROBLEM DEFINITION AND 

ARCHITECTURE 

 

3.1 Problem Definition 

Consider a web database table D over a set of M  

attributes,A¼ fA1; A2; . . . ; AM g. A user Ui asks a query 

Qj of the form: SELECT * FROM D WHERE A1 ¼ a1 

AND AND As ¼ as, where each Ai 2 A and ai is a value 

in its domain. Let Nj ¼ ft1; t2; . . . ; tng be the set of result 

tuples for Qj, and W be a workload of ranking functions 

derived across several user-query pairs (refer to Tables 1 

and 2 for an example). 

The ranking problem can be stated as: ―For the query 

Qj given by the user Ui, determine aranking function F 

UiQj from W.‖ Given the scale of web users and the large 

number of queries that can be posed on D, W will not 

possess a function for every user-query pair; hence, the 

need for a similarity-based method to find an acceptable 

function (F UxQy ) in place of the missing F UiQj . The 

ranking problem, thus, can be split into: 

1. Identifying a grade function using the similarity 

model: 

Given W, determine a user Ux similar to Ui and a 

query Qy similar to Qj such that the function F 

UxQy exists in W. 

2. Creating a assignment of classification functions: 

Given a user Ux asking query Qy, based on Ux‘s 

preferences toward Qy‘s results, determine, 

explicitly or impli-citly, a ranking function F UxQy 

. W is then established as a collection of such 

ranking functions learned over diverse user-query 

pairs. 

3.2 Ranking Architecture 

 

The Similarity model (shown in Fig. 1) forms 

the core component of our ranking framework. When 

the user Ui poses the query Qj, the query-similarity 

model 

determines the set of queries (fQj; Q1; Q2; . . . ; Qpg) 

most similar to Qj. 
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        Fig. 1. Similarity model for ranking. 

  Likewise, the user-similarity model determines the 

set of users (fUi; U1; U2; . . . ; Urg) most similar to Ui. 

Using these two ordered sets of alike queries and users, 

it  

examinations the workload to recognize the function F 

Ux Qy such that the combination of Ux and Qy is most 

similar to Ui and Qj. 

F Ux Qy is then used to rank Qj‘s results for Ui. 

 

Ht5rThe workload used in our framework comprises 

of ranking functions for several user-query pairs. Fig. 2 

shows the high level view of deriving an individual 

ranking function for a user-query pair (Ux, Qy). By 

analyzing Ux‘s preferences (in terms of a selected set of 

tuples (Rxy)) over the results (Ny), an approximate 

ranking function (F Ux Qy) can be derived. 

As our ranking function is of the linear weighted-sum 

type, it is important that the mechanism used for 

deriving this function captures the: 1) significance 

associated with the user to each attribute, i.e., an 

attribute-weight and 2) user‘s emphasis on individual 

values of an attribute, i.e., a value-weight. These masses 

can then be cohesive into a ranking function F xy to allot 

a tuple score to every tuple t in Ny using 

 

where wi represents the attribute-weight of Ai and vi 

represents the value-weight for Ai‘s value in tuple t. 

The workload W is populated using such ranking 

functions. Tables 1 and 2 show two instances of the 

workload (represented in the form of a matrix of users 

and queries). Cell [x,y] in the workload, if defined, 

consists of the ranking function F xy for the user-query 

pair Ux and Qy. 

4 SIMILARITY MODEL FOR RANKING 

The concept of similarity-based ranking is aimed at 

situa-tions when the ranking functions are known for a 

small (and hopefully representative) set of user-query 

pairs. At the time of answering a query asked by a user, 

if no ranking function is available for this user-query 

pair, the proposed query- and user-similarity models can 

effectively find a appropriate function to rank the 

conforming results. 

4.1 Query Similarity 

      For the user U1 from Example 1, a ranking function 

does not happen for ranking Q1‘s outcomes (N1). From 

the sample workload-A
1
 shown in Table 1, ranking 

functions over queries Q2, Q5, Q7 (shown in Table 3) 

have been derived; thus, forming U1‘s workload. It 

would be  

useful to web databases, although the workload matrix 

can be extremely large, it is very sparse as obtaining 

preferences for large number of user-query pairs is 

practically difficult. We have purposely shown a dense 

matrix to make our model easily understandable. 

           INPUT QUERY  

 

 

 

 

analyze if any of F 12, F 15, or F 17 can be used for 

ranking Q1‘s results for U1. However, from Example 2, 

we know that a user is likely to have displayed different 

ranking preferences for different query results. 

Consequently, a randomly selected function from U1‘s 

workload is not likely to give a desirable ranking order 

over N1. On the other hand, the ranking functions are 

probable to be analogous for queries comparable to each 

other. 

We advance the supposition that if Q1 is most 

similar to query  Qy (in U1‘s workload), U1 would 

display similar ranking predilections over the results of 

both queries; thus, the ranking function (F 1y) resultant 

for Qy can be charity to exuberant N1. Similar to 

recommendation systems, our frame-work can utilize an 

aggregate function, composed from the functions 

corresponding to the top-k most similar queries to Q1, to 

rank N1. Although the results of our experiments showed 

that an aggregate function works well for certain 

individual instances of users asking particular queries, 

on average across all users asking a number of queries, 

using an individual function proved better than an 

aggregate function. Hence, for the reminder of the 

section, we only consider the most similar query (to Q1).  
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We translate this proposal of query similarity 

into a righteous approach via two alternate models: 1) 

query-condition match. 

4.1.1  Query-Condition Similarity 

In this model, the similarity between two queries 

is determined by comparing the attribute values in the 

query conditions. Consider Example 1 and the queries 

from Table 3. Intuitively, ―Honda‖ and ―Toyota‖ are 

vehicles with similar characteristics, i.e., they have 

similar prices, mileage ranges, and so on. In divergence, 

―Honda‖ is a very dissimilar from ―Lexus.‖ Similarly, 

―Dallas‖ and ―Atlanta,‖ both being large metropolitan 

cities, are more similar to each other than ―Basin,‖ a 

small town. 

1. From the above analysis, Q1 appears more 

similar to Q2 than Q5. In order to authorize 

this innate similarity, we examine the 

relationship between the different values for 

each attribute in the query conditions. For 

this, we assume independence of schema 

attributes, since, availability of appropriate 

knowledge of functional dependencies and/or 

attribute correlations is not assumed. 

Given two queries Q and Q
0
, each with the conjunctive 

selection conditions, respectively, of the form 

―WHERE A1 ¼ a1 AND AND Am ¼ am‖ and 

―WHERE A1 ¼ a 
0

1 AND AND Am ¼ a
0

m‖ (where ai 

or a
0

i is ―any‖
2
 if Ai is not specified), the query-

condition similarity between 

2. The value ―any‖ represents a union of all values 

for the domain of the particular attribute. For example, a 

value of ―any‖ for the Transmission attribute retrieves 

cars with ―manual‖ as well as ―auto‖ transmission. 

 

Sample Results (NH ) for Query ―make ¼ Honda‖  

 

 

 

Sample Results (NT ) for Query ―make ¼ Toyota‖ 

 

 

 

Q and Q
0
 is given as the conjunctive similarities 

between the values ai and a
0

i for every attribute Ai 

(2). 

 

 
In order to determine the right-hand-side (RHS) for 

the above equation, it is necessary to translate the 

intuitive similarity between values (e.g., ―Honda‖ is 

more similar to ―Toyota‖ than it is with ―Lexus‖) to a 

formal model. This is achieved by determining the 

similarity between databases tuples corresponding to 

point queries with these attribute values. For illustration, 

reflect the ethics ―Honda,‖ ―Toyo-ta,‖ and ―Lexus‖ for 

the quality ―Make.‖ The model generates three distinct 

queries (QH , QT , and QL) with the conditio ns—―Make 

¼ Honda,‖ ―Make ¼ Toyota,‖ and ―Make ¼ Lexus,‖ 

respectively, and obtains the individual sets of results NH 

, NT , and NL (shown
3
 in Tables 4, 5, and 6). It can be 

observed that the tuples for ―Toyota‖ and ―Honda‖ 

display a high degree of similarity over multiple 

attributes as compared to the tuples for ―Lexus‖ 

indicating that the former two attribute values are more 

similar to each other than the latter. The similarity 

between each pair of query results (i.e., [NH , NT ], [NH , 

NL], [NT , NL]) is then translated as the similarity 

between the respective pairs of attribute values.
4
 

Formally, we define the similarity between any two 

values a1 and a2 for an attribute Ai as follows: Two 

queries Qa1 and Qa2 with the respective selection 

conditions: ―WHERE Ai ¼ a1‖ and ―WHERE Ai ¼ a2‖ 

are generated. Let Na1 and Na2 be the set of results 

obtained from the database for these two queries. The 

similarity between a1 and 

Sample Results of Q1 from Table 3 

 

 

 

Sample Results of Q2 from Table 3 

 

 

a2 is then given as the similarity between Na1 and 
Na2 , and is determined using the variant of the 
cosine-similarity model [1]). Given two tuples T ¼ 
<t1; t2; . . . ; tm> in Na1 and T 

0
 ¼<t1

0
; t2

0
; . . . ; tm

0
> in 

is 
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Na2, the simila rity between T and T 
0 

 

It is obvious that (4) will work improperly for 

numerical attributes where exact matches are difficult to 

find across tuple comparisons. In this paper, we assume 

that numerical data have been discretized in the form of 

histograms (as done for query processing) or other 

meaningful schemes (as done by Google Base; shown 

for the values of ―price‖ and ―mileage‖ in Tables 4, 5, 

and 6). The existence of a (reason-able) discretization is 

needed for our model (instead of its justification which 

is beyond the scope of the paper). 

Using (3), the similarity between the two sets Na1 and  

Na2 (which in turn, corresponds to the similarity between 

the values a1 and a2) is estimated as the average pairwise 

similarity between the tuples in Na1 and Na2 (5). 

 

These similarities between attribute values can then 

be substituted into (2) to estimate query-condition 

similarity. 

4.1.2  Query-Result Similarity 

In this model, similarity between a pair of queries is 

evaluated as the similarity between the tuples in the 

respective query results. The instinct overdue this model 

is that if two queries are similar, the results are likely to 

display greater similarity. 

For the queries in Table 3, let the results shown in 

Tables 7, 8, and 9, respectively, correspond to a sample 

set (again top-3 results and five attributes displayed) for 

Q1, Q2, and Q5. We observe that there exists certain 

similarity between the results of Q1 and Q2 for attributes 

such as ―price‖ and ―mileage‖ (and even ―color‖ to a 

certain extent). In contrast, the results of Q5 are 

substantially different; thus, allowing us to infer that Q1 

is more similar to Q2 than Q5. Formally, we define 

query-result similarity below. 

Definition. Given two queries Q and Q
0
, let N and N

0
 be 

their query results. The query-result similarity 

between Q and Q
0
 is then computed as the similarity 

between the result sets N and N
0
, given by 

 

The similarity between the pair of results (N and N
0
) 

is estimated using (3), (4), and (5). 

4.2 User Similarity 

For Example 1, we need to determine a function (F 11) to 

rank the results (N1) for U1. The workload-A (Table 1) 

shows that for users U2 and U3, functions F 21 and F 31 

are available for Q1. It would be useful to determine if 

any of these functions can be used to in place of F 11. 

However, we know from Example 1 that different users 

may display different ranking preferences toward the 

same query. Thus, to determine a function, instead of 

randomly picking one from W, that would provide a 

reasonable ranking of Q1‘s results for U1, we propose the 

notion of user similarity. 

We put forward the hypothesis that if U1 is similar to 

an existing user Ux, then, for the results of a given query 

(say Q1), both users will show similar ranking 

preferences; therefore, Ux‘s ranking function (F x1) can 

be used to rank Q1‘s results for U1 as well. Again, as 

explained in Section 4.1, instead of using a single most 

similar user (to U1), our framework can be  

extended to control top-k set of record alike users to 

found user-similarity. However, like query-similarity, an 

aggregate ranking function did not provide significant 

improvement in the ranking quality; hence, we only 

consider the most similar user (to U1) in our discussion. 

In order to translate the hypothesis of user-similarity 

into a model, we need to understand how to compute 

similarity between a given pair of users. In this paper, 

we estimate it based on the similarity of users‘ 

individual ranking functions over different common 

queries in the workload. 

Definition. Given two users Ui and Uj with the set of 

common queries—{Q1, Q2; . . . ; Qr},
6
 for which 

ranking functions (fF i1, F i2; . . . ; F irg and fF j1, F j2; . 

. . ; F jrg) exist in W, the user similarity between Ui 

and Uj is expressed as the average similarity between 

their individual ranking functions for each query Qp 

(shown in (7)): 
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In order to determine the right-hand-side of the (7), it 

is necessary to quantify a measure that establishes the 

similarity between a given pair of ranking functions. We 

use the Spearman‘s rank correlation coefficient ( ) to 

compute similarity between the sets obtained by 

applying these ranking functions on the query results. 

We choose the Spearman coefficient based on the 

observations [12] regarding its usefulness, with respect 

to other metrics, in comparing ranked lists. 

Consider two functions F i1 and F j1 derived for a pair 

of users for the same query Q1 that has results N1. We 

apply 

6. Without loss of generality, we assume {Q1, Q2; . 

. . ; Qr} are the common queries for Ui and Uj, although 

they can be any queries. 

 

             Sample Results of Q5 from Table 3 

 

 

 

 

these two functions individually on N1 to obtain two 

ranked sets of results—NRi1 and NRj1 . If the number of 

tuples in the result sets is N , and di is the difference 

between the ranks of the same tuple (ti) in NRi1 and NRj1 , 

then we express the similarity between F i1 and F j1 as 

the Spearman‘s rank correlation coefficient given by 

 

In our method for estimating user similarity, we have 

considered all the queries that are common to a given 

pair of users. This assumption forms one of our models 

for user similarity termed query-independent user 

similarity. However, it might be useful to estimate user 

similarity based on only those queries that are similar to 

the input query Q1. In other words, in this hypothesis, 

two users who may not be very similar to each other 

over the entire workload comprising of similar and 

dissimilar queries, may in fact, be very similar to each 

other over a smaller set of similar queries. We formalize 

this hypothesis using two different models—1) 

clustered, and 2) top-K—for determining user similarity. 

Before explaining these models, we would like to 

point out that given a workload, if no function exists for 

any query for a user, estimating similarity between that 

user and any other user is not possible. Consequently, no 

ranking is possible in such a scenario. For the rest of the 

discussion, we assume that all users have at least one 

ranking function in the workload 

4.2.1  Query-Independent User Similarity 

 

This model follows the simplest paradigm and estimates 

the similarity between a pair of users based on all the 

queries common to them. For instance, given workload-

A in Table 1, this model determines the similarity 

between U1 and U2 using the ranking functions of Q2 

and Q7. From the queries in Table 3, let the query-

similarity model indicate that Q2 is most similar to Q1 

whereas Q7 is least similar to Q1, and let us consider the 

user-similarity results be as shown in Table 10. 

 

This model will pick U3 as the most similar user to 

U1. However, if only Q2 (which is most similar to Q1) is 

used, U2 is more similar to U1. Based on our premise 

that similar users display similar ranking preferences 

over the results of similar queries, it is reasonable to 

assume that employing F 21 to rank Q1‘s results would 

lead to a better ranking order (from U1‘s viewpoint) than 

the one obtained using F 31. The failure to distinguish 

between queries is thus a potential drawback of this 

model, which the following models aim to overcome. 

 

4.2.2  Cluster-Based User Similarity 

In order to meaningfully restrict the number of queries 

that are similar to each other, one alternative is to cluster 

queries in the workload based on query similarity. This 

can be done using a simple K-means clustering method 

[19]. Given an existing workload of m queries (Q1; Q2; . 

. . ; Qm), each query 

 

 

 

 

 

 

 

Fig. 3. Summarized view of the query-similarity models. 

(Qj) is represented as a m-dimensional vector of the 

form <sj1; . . . ; sjm> where sjp represents the query-

condition similarity score between the queries Qj and Qp 

(by (2)). Using K-means, we cluster m queries into K 
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clusters based on a predefined K and number of 

iterations. 

Consider Example 1 and the queries in Table 3. 

Assuming the similarities specified in Section 4.2.1 (Q2 

and Q7 are most and least similar to Q1, respectively), for 

a value of K ¼ 2, the simple K-means algorithm will 

generate two clusters—C1 containing Q1 and Q2 (along 

with other similar queries), and C2 containing Q7 (in 

addition to other queries not similar to Q1). We then 

estimate the similarity between U1 and every other user 

only for the cluster C1 (since it contains queries most 

similar to the input query). Using the scenario from 

Table 10, U2 would be chosen as the most similar user 

and F 21 would be used to rank the corresponding query 

results. 

The above model assumes that ranking functions are 

available for reasonable number of queries in each 

cluster. However, as the workload is likely to be sparse 

for most web databases, it is possible that no ranking 

functions are available in the cluster most similar to the 

incoming query. For example, considering the workload-

B in Table 2 and assuming a cluster C1 of queries Q1, Q2, 

Q3, and Q4, due to the lack of ranking functions, no 

similarity can be established between U1 and other users. 

Consequently, the similarities would then be estimated 

in other clusters, thus hampering the quality of the 

ranking achieved due to dissimilarity between the input 

query and the queries in the corresponding clusters. 

A well-established drawback of using a cluster-based 

alternative is the choice of K. In a web database, a small 

value of K would lead to a large number of queries in 

every cluster, some of which may not be very similar to 

the rest, thus, affecting the overall user similarity. In 

contrast, a large value of K would generate clusters with 

few queries, and in such cases, the probability that there 

exist no users with any function in the cluster increases 

significantly.  

4.3 The Composite Similarity Model 

In order to develop a user‘s (Ui) ranking function for a 

query (Qj), we have planned two autonomous methods 

based on user and query similarity. However, given the 

scale of web users and queries, and the sparseness of the 

workload, applying only one model may not be the best 

choice at all times. 

Considering Example 1 and Workload-B (Table 2), 

we want to identify a ranking function to rank Q1‘s 

results for U1. Using only the query-similarity model, F 

13 will be selected since Q3 is most similar to Q1. In 

dissimilarity, smearing only user-similarity classical will 

yield F 21 as U2 is most similar to U1. It would be 

meaningful to rank these functions (F 13 and F 21) to 

choose the most appropriate one. Furthermore, in a more 

practical setting, the workload is likely to have a ranking 

function for a similar query (to Q1) derived for a similar 

user (to U1). For instance, the likelihood of F 22 existing 

in the workload would be higher than the occurrence of 

either F 13 or F 21. Hence, it would be meaningful to 

combine the two measures into a single Similarity 

Model. 

The goal of this composite model is to determine a 

ranking function (F xy) derived for the most similar 

query (Qy) to Qj given by the most similar user (Ux) to 

Ui to rank Qj‘s results. The process for finding such an 

appropriate ranking function is given by the Algorithm 

1. 

Algorithm 1. Deriving Ranking Functions from 

Workload INPUT: Ui, Qj, Workload W (M queries, N 

users) OUTPUT: Ranking Function F xy to be used for 

Ui, Qj 

 

STEP ONE: 

for p ¼ 1 to M do 

%% Using Equation 2 %% 

Calculate Query Condition Similarity (Qj, 

Qp) end for 

%% Based on descending order of similarity with Qj 

%% Sort(Q1, Q2; . . . QM ) 

Select QKset i.e., top-K queries from the above sorted set 

STEP TWO: 

for r ¼ 1 to N do 

%% Using Equation 7 %% 

Calculate User Similarity (Ui, Ur) over 

QKset end for 

%% Based on descending order of similarity with Ui 

%% Sort(U1, U2; . . . UN ) to yield Uset STEP THREE: 

for Each Qs 2 QKset do 

for Each Ut 2 Uset do 

Rank(Ut; QsÞ ¼ 
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Rank(Ut 2 Uset) þ Rank(Qs 2 QKset) 

end for 

end for 

      F xy ¼ Get-RankingFunction() 

The input to the algorithm is a user (Ui) and a query 

(Qj) along with the workload matrix (W) containing 

ranking functions. The algorithm begins by determining 

the query-condition similarity (STEP ONE) between Qj 

and every query in the workload. It then sorts all these 

queries (in descending order) based on their similarity 

with Qj and selects the set (QKset) of the top-K most 

similar queries to Qj that satisfy the conditions for the 

top-K user similarity model. Based on these selected 

queries, the algorithm determines the user-similarity 

(STEP TWO) between Ui and every user in the 

workload. All the users are then sorted (again, in 

descending order) based on their similarity to Ui. We 

then generate a list of all the user-query pairs (by 

combining the elements from the two sorted sets), and 

linearize these pairs by assigning a rank (which is the 

sum of query and use similarity ranks) to each pair 

(STEP THREE). For instance, if Ux and Qy occur as the 

xth and yth elements in the respective ordering with the 

input pair, the pair (Ux, Qy) are assigned an aggregate 

rank. In this case, a rank of ―x þ y‖ will be assigned. The 

―Get-RankingFunction‖ method then selects the pair 

(Ux, Qy) that has the lowest combined rank and contains 

a ranking function (F xy) in the workload. Then, in order 

to rank the results (Nj), the corresponding attribute 

weights and value weights obtained for F xy will be 

individually applied to each tuple in Nj (using (1)), from 

which a general ordering of all tuples will be achieved. 

Algorithm 1 only displays a higher level view of 

finding a desired function using the Similarity Model. 

However, the process of estimating query similarities, 

user similarities as well as matrix traversal can be costly 

with respect to time. Applying adequate indexing 

techniques where estimating query similarity can be 

reduced to a simple lookup of similarities between 

attribute value-pairs, precomputation of user similarity 

to maintain an indexed list of similar users for every 

user, and maintaining appropriate data structures to 

model the matrix traversal as a mere lookup operation 

are some of the preliminary approaches that we adopted 

to establish a workable ranking framework. We discuss 

some of the preliminary results of efficiently using our 

frame-work in Section 5. Although there is great scope 

for devising techniques to make the system scalable and 

efficient, the focus of this work was to propose 

techniques to establish a good ranking quality. 

4 CONCLUSION 

 

In this paper, we proposed a user- and query-dependent 

solution for ranking query results for web databases. We 

formally defined the similarity models (user, query, and 

combined) and presented experimental results over two 

web databases to corroborate our analysis. We 

demonstrated the practicality of our implementation for 

real-life databases. Further, we discussed the problem of 

establishing a work-load, and presented a learning 

method for inferring individual ranking functions. 

Our work brings forth several additional challenges. 

In the context of web databases, an important challenge 

is the design and maintenance of an appropriate 

workload that satisfies properties of a similarity-based 

ranking. Determin-ing techniques for inferring ranking 

functions over web databases is an interesting challenge 

as well. Another interesting problem would be to 

combine the notion of user similarity proposed in our 

work with existing user profiles to analyze if ranking 

quality can be improved further. Accommodating range 

queries, usage of functional dependencies and attribute 

correlations needs to be exam-ined. Applicability of this 

model for other domains and applications also needs to 

be explored. 
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