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Abstract— In recent years Recommendation systems have 

attracted much importance in data mining era. The main purpose 

of recommendation systems is to suggest things. The E-commerce 

adopted recommendation systems to suggest product to their 

customer. Depending on users’ previous purchase records or 

search logs, the suggestions were modeled. Further work was done 

considering the collaborative logs versus personalization. The 

inputs to the recommendation systems were users’ natural 

language queries and feedback to the search results. The same 

system can be extended to the SQL query, hence the system can be 

named as SQL query recommendation. Database Administrator 

tends to search a huge number of records using SQL queries. 

Sometimes he/she need to execute similar types of queries to get 

structured information server. Similar SQL queries can then be 

categorized into two categories 1) which retrieve similar tuples as 

output 2) the queries which have similar fragments of within 

command text. The automatic suggestions for a SQL query, 

formerly known as SQL Query Recommendations. Each user has 

his own query log maintained at the server so the 

recommendations can be generated by using Collaborative or 

personal logs. The recommendation systems can be differentiated 

as collaborative or single log using a integer values called as 

mixing factor. Here in this paper we surveyed some concepts used 

in SQL query Recommendation. 

 

Index Terms— Recommendation Systems, Query Fragments              

,SQL Query, SQL Query Log, Mixing factor. 

 

I. INTRODUCTION 

     Relational database systems are playing vital role in variety 

of application because of its infrastructure to access and 

analyze large volume of data.  Genome browser and 

SkyServer2 are one of the best examples for scientific 

community. Genome browser provides access to a genomic 

database, and SkyServer2 stores large volumes of astronomical 

data. These databases usually provide a web-based interface 

through which the wide range of user submit SQL queries and 

get the data back. Even though such database systems provide a 

way to run complex queries over large data sets, the discovery 

of useful information remains a big challenge. Users who is 

familiar with the database and have required SQL background 

to formulate SQL queries can only get the required information 

easily and quickly. The other user with lack of either of above 

two things may overlook queries that retrieve interesting data. 

Theses user fails in the data exploration task just because of 

unable to fully utilize the capabilities of database system and 

thus reduces the benefits of using it [1].  

    We designed the query recommendation system to assist the 

user for exploring database .we are inspired by the web 

recommender system which uses collaborative filtring 

technique. The theory on which the system is built is simple: If 

a new user has similar querying behavior to previous user , then 

they are likely interested in retrieving the same data. Hence, the 

queries of previous user can be recommended to help new user 

to get interested data .  

    Applying collaborative filtering technique to the database 

context may face several challenges. First, SQL is a declarative 

language, there can be  two SQL statement which has different 

syntax but retrieve the same content, so we can not consider the 

textual property of queries to find similarity between the 

users.ion of similarity among users, since it is opposite to the 

web paradigm where the similarity between two users can be 

expressed as the similarity between the items they 

visit/rate/purchase, we cannot rely directly on the SQL queries. 

A second important issue is how to create implicit user profiles 

that represent interested data of that user. This helps to measure 

the level of importance of the same data for different users. 

Finally, contrary to the user-based collaborative filtering 

approach, the recommendations to the users have to be in the 

form of SQL queries, since those actually describe what the 

retrieved data represent.  

 
 

Figure 1: A Conventional SQL Recommendation System 
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II. RECOMMENDATION SYSTEM 

    Any system that produces individualized recommendations 

as output or has the effect of guiding the user in a personalized 

way to interesting or useful objects in a large space of possible 

options is called Recommender system.. In other words “The 

goal of a recommender system is to provide lists of top N 

recommended object that is as per user requirement which is 

evaluated based on predictions. 

 
Figure 2:  Recommender System 

 

There are main three types of recommendation systems  

A. Collaborative Recommendation System 

            One approach to the design of recommender systems 

that has seen wide use is collaborative filtering. Collaborative 

filtering methods are based on collecting and analyzing a large 

amount of information on users’ behaviors, activities or 

preferences and predicting what users will like based on their 

similarity with other users. User will be recommended by the 

items that people with similar taste and preferences liked in the 

past.             

   It contains following steps 

1. Find users who are similar(nearest, best neighbors) in 

terms of taste, preferences, past behavior with target 

user   

2. Aggregate weighted preferences of this neighbor               

3. Make recommendation based on these aggregated 

weighted  preferences 

B. Content Based Recommendation System 

       The key motivation behind this scheme is that the customer 

will more likely purchase items that are similar or related to the 

items which he/she purchased in the past, thus content based 

recommendation system recommend the items that are more 

similar to those  user preferred in the past.          It contains 

following steps                                                           

1. Create item profile   

2. Calculate the similarity of active item with other items    

3. Select high similarity items.                                                  

4. Predict the rating score of suspected user on active 

item       

 

C.  Hybrid Recommendation System 

      Combining collaborative filtering and content-based 

filtering could be more effective in some cases. This combining 

of different recommendation approaches give rise to Hybrid 

recommendation system  Hybrid approaches can be 

implemented in several ways: by making content-based and 

collaborative-based predictions separately and then combining 

them; by adding content-based capabilities to a collaborative-

based approach (and vice versa); or by unifying the approaches 

into one model . Netflix is good example of hybrid 

recommendation system.  Hybrid methods can provide more 

accurate recommendations than pure approaches. These 

methods can also be used to overcome some of the common 

problems in recommender systems such as cold start and the 

sparsity problem. 

 
Figure 3:  Hybrid Recommender System 

 

III. SOURCES OF DATA 

    The main data source of query recommendation system is 

the query log which stores the previous users fired queries. 

This query log helps the system for recommending queries to 

the current user. According to the database used in the system 

there are different ways and tools present to maintain query 

log.       

A.  Monitoring Queries in MySQL 

    MySQL Server has several logs that can help you find out 

what activity is taking place. In MySQL each log file is used 

for particular reason. Among the above six files The one that 

satisfies our requirement is  the general query log.. The general 

query log is record of each step of  mysqld . Mysqld is also 

known as MySQL Server, is the main program that does most 

of the work in a MySQL installation. MySQL Server manages 

access to the MySQL data directory that contains databases and 

tables. The data directory is also the default location for other 

information such as log files and status files. The server writes 

http://en.wikipedia.org/wiki/Collaborative_filtering
http://en.wikipedia.org/wiki/Collaborative_filtering
http://www.howtogeek.com/howto/database/monitor-all-sql-queries-in-mysql/
http://dev.mysql.com/doc/refman/5.1/en/mysqld.html


International Journal of Computer Application (2250-1797)  

Volume 5– No. 3, April 2015 

183 
 

information to this general log when clients connect or 

disconnect, and it logs each SQL statement received from 

clients. The general query log can be very useful when you 

suspect an error in a client and want to know exactly what the 

client sent to mysqld 

TABLE I 

DIFFERENT LOG FILES IN MySQL DATABASE 

       Log Type Information Written to Log 

Error log Problems encountered 

starting.running or stopping 

mysqld 

General query log Established client connection 

and statement received from 

client 

Binary log Statements that change data 

Relay log Data changes received from 

replication master server 

Slow query log Queries that took more time 

than long_query_time seconds 

to execute 

DDL log(metadata log) Metadata operations performed 

byDDL statements 

    Mysqld writes statements to the query log in the order that it 

receives them, which might differ from the order in which they 

are executed. This logging order is in contrast with that of the 

binary log, for which statements are written after they are 

executed but before any locks are released. In addition, the 

query log may contain statements that only select data while 

such statements are never written to the binary log. Steps to 

start general query logging are as follows 

1. Start mysql with the --log option “mysqld --

log=log_file_name” or 

2. Place the following in your my.cnf file: “log = 

log_file_name” 

     Either one will log all queries to log_file_name. You can 

also log only slow queries using the --log-slow-queries option 

instead of --log. By default, queries that take 10 seconds or 

longer are considered slow, you can change this by 

setting long_query_time to the number of seconds a query must 

take to execute before being logged. 

 

Figure 4: General Query Logging In MySql. 

    pt-query-digest is a sophisticated but easy to use tool for 

analyzing MySQL queries. It can analyze queries from MySQL 

slow, general, and binary logs. (Binary logs must first be 

converted to text, see --type). It can also 

use SHOW PROCESSLIST and MySQL protocol data 

from tcpdump. By default, the tool reports which queries are 

the slowest, and therefore the most important to optimize. More 

complex and custom-tailored reports can be created by using 

options like --group-by, --filter, and --embedded-attributes. 

    Query analysis is a best-practice that should be done 

frequently. To make this easier, pt-query-digest has two 

features: query review (--review) and query history (--history). 

When the --review option is used, all unique queries are saved 

to a database. When the tool is ran again with --review, queries 

marked as reviewed in the database are not printed in the 

report. This highlights new queries that need to be reviewed. 
When the --history option is used, query metrics (query time, 

lock time, etc.) for each unique query are saved to database. 

Each time the tool is ran with --history, the more historical data 

is saved which can be used to trend and analyze query 

performance over time. 

 

Figure 5: pt-query-digest  Report. 

B.  Monitoring Queries in SQL Server 

     Microsoft SQL Server Profiler is a graphical user interface 

to SQL Trace for monitoring an instance of the SQL Server 

Database Engine or Analysis Services. You can capture and 

save data about each event to a file or table to analyze later. For 

example, you can monitor a production environment to see 

which stored procedures are affecting performance by 

executing too slowly.  

    SQL Profiler traces can capture a wide variety of trace data 

that can be analyzed interactively, or saved for offline analysis. 

This outlines both interactive and offline analysis of trace data. 

SQL Profiler captures activity occurring in SQL Server, driven 

by requests from your client application. Monitoring too many 

events adds overhead to the server and the monitoring process 

and can cause the trace file or trace table to grow very large, 

especially when the monitoring process takes place over a long 

period of time. To handle this issue SQL Profiler provides a set 

of templates with predefined event selection criteria. The 

templates are designed to capture commonly required events. 

You can modify and extend the templates or create your own. 

http://dev.mysql.com/doc/refman/5.1/en/mysqld.html
http://www.percona.com/doc/percona-toolkit/2.2/pt-query-digest.html#cmdoption-pt-query-digest--type
http://www.percona.com/doc/percona-toolkit/2.2/pt-query-digest.html#cmdoption-pt-query-digest--group-by
http://www.percona.com/doc/percona-toolkit/2.2/pt-query-digest.html#cmdoption-pt-query-digest--filter
http://www.percona.com/doc/percona-toolkit/2.2/pt-query-digest.html#cmdoption-pt-query-digest--embedded-attributes
http://www.percona.com/doc/percona-toolkit/2.2/pt-query-digest.html#cmdoption-pt-query-digest--review
http://www.percona.com/doc/percona-toolkit/2.2/pt-query-digest.html#cmdoption-pt-query-digest--history
http://www.percona.com/doc/percona-toolkit/2.2/pt-query-digest.html#cmdoption-pt-query-digest--review
http://www.percona.com/doc/percona-toolkit/2.2/pt-query-digest.html#cmdoption-pt-query-digest--review
http://www.percona.com/doc/percona-toolkit/2.2/pt-query-digest.html#cmdoption-pt-query-digest--history
http://www.percona.com/doc/percona-toolkit/2.2/pt-query-digest.html#cmdoption-pt-query-digest--history
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Trace data can be displayed interactively, or it can be captured 

directly to a trace file or database table. 

 

Figure 6:  SQL Profiler. 

       Apex can also replace SQL Server Profiler and SQL Server 

Traces – which are much more complex and error-prone – with 

its ApexSQL Audit.  It can do fault tolerant auditing, 

centralized reporting, and “who saw what” information in an 

easy-to-use interface.  The tracking settings can be altered by 

the user, or the default options will provide solutions to the 

most common auditing problems. 

     It is an auditing tool that acts like “track changes” in a word 

processing document.  It will log what has changed on the 

database, who made the changes, and what effects these 

changes have had (i.e. what objects were affected down the 

line).  All this information is logged, and can be easily viewed 

or printed for easy access. One of the best features of Apex is 

that it is so customizable 

 

 
 
Figure 7: ApexSQL Audit 

C.  Monitoring Queries in Oracle 

    Database operations are either simple or 

composite. A simple database operation is a single SQL 

statement or PL/SQL procedure or function. A composite 

database operation is activity between two points in time in a 

database session, with each session defining its own beginning 

and end points. A session can participate in at most one 

composite database operation at a time. 

    Real-Time SQL Monitoring, which was introduced in Oracle 

Database 11g, enables you to monitor a single SQL statement 

or PL/SQL procedure. Starting in Oracle Database 12c, Real-

Time Database Operations provides the ability to monitor 

composite operations automatically. The database 

automatically monitors parallel queries, DML, and DDL 

statements as soon as execution begins. By default, Real-Time 

SQL Monitoring automatically starts when a SQL statement 

runs in parallel, or when it has consumed at least 5 seconds of 

CPU or I/O time in a single execution. 

    The REPORT_SQL_MONITOR function is used to return a 

SQL monitoring report for a specific SQL statement. The SQL 

statement can be identified using a variety of parameters, but it 

will typically be identified using the SQL_ID parameter. 

 

Figure 8: Monitored SQL Execution Page 

    In Oracle Database 10g Oracle introduced Advanced 

Workload Repository (AWR). The job of AWR is to collect 

database statistics (by default every hour) and this data is 

maintained for a week and then purged. You can then run 

reports against these statistics to performance tune your 

database. Other Oracle features such as ADDM and 

the database advisors use the database statistics to monitor and 

analyze the database looking for performance problems. When 

you create an Oracle database, AWR is automatically installed 

and enabled. Statistics collection is automated, and the statistics 

collected by AWR are stored in the database. The Oracle 

database uses AWR for problem detection and analysis as well 

as for self-tuning. A number of different statistics are collected 

by the AWR including wait events, time model statistics, active 

session history statistics, various system and session level 

statistics, object usage statistics and information on the most 

resource intensive SQL statements The AWR consists of a 

number of tables owned by the SYS schema and typically 

stored in the SYSAUX tablespace. All AWR table names start 

with the identifier WR. Following WR is a mnemonic that 

identifies the type designation of the table followed by a dollar 

sign ($). AWR tables come with three different type 

designations: 

 Metadata(WRM$) 

  Historical Data(WRH$)  

 AWR tables related to advisor functions (WRI$) 

    Oracle Database 10g also offers several DBA tables that 

allow you to query the AWR repository. The tables all start 

with DBA_HIST, followed by a name that describes the table. 

These include tables such as DBA_HIST_FILESTATS, 

DBA_HIST_DATAFILE or DBA_HIST_SNAPSHOT.  

https://docs.oracle.com/database/121/TGSQL/tgsql_glossary.htm#BABGAIBG
https://docs.oracle.com/database/121/TGSQL/tgsql_glossary.htm#BABBDAEA
https://docs.oracle.com/database/121/TGSQL/tgsql_glossary.htm#BABBDAEA
https://docs.oracle.com/database/121/TGSQL/tgsql_glossary.htm#BABBDAEA
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Figure 9: Automatic Workload Repository 

 

IV. PRODUCTS OF RECOMMENDATION                                                           

                   SYSTEM 

A. Amazon.com Recommendation 

    Amazon.com uses recommendations as a targeted marketing 

tool in many email campaigns and on most of its Web sites’ 

pages, including the high traffic Amazon.com homepage. 

Clicking on the “Your Recommendations” link leads customers 

to an area where they can filter their recommendations by 

product line and subject area, rate the recommended products, 

rate their previous purchases, and see why items are 

recommended. 

      The shopping cart recommendations, which offer customers 

product suggestions based on the items in their shopping cart. 

The feature is similar to the impulse items in a supermarket 

checkout line, but our impulse items are targeted to each 

customer. Amazon.com extensively uses recommendation 

algorithms to personalize its Web site to each customer’s 

interests. Because existing recommendation algorithms cannot 

scale to Amazon.com’s tens of  millions of customers and 

products, they developed their own. their algorithm, item-to-

item collaborative filtering, scales to massive data sets and 

produces high-quality recommendations in real time.  

    Rather than matching the user to similar customers, item-to-

item collaborative filtering matches each of the user’s 

purchased and rated items to similar items, then combines those 

similar items into a recommendation list. To determine the 

most-similar match for a given item, the algorithm builds a 

similar-items table by finding items that customers tend to 

purchase together. We could build a product-to-product matrix 

by iterating through all item pairs and computing a similarity 

metric for each pair. However, many product pairs have no 

common customers, and thus the approach is inefficient in 

terms of processing time and memory usages[2] 

B. Query Recommendation in OLAP 

    One of the goal of recommender systems is to help users 

navigating large amounts of data. Existing recommender 

systems are usually categorized into content-based methods 

and collaborative filtering methods [3]. Content-based methods 

recommend to the user items similar to the ones that interested 

him in the past, whereas collaborative filtering methods 

recommend to the user items that interested similar users. 

     Applying recommendation technology to database, 

especially for recommending queries, is an emerging and  

promising topic [5, 4].  

    On-Line Analytical Processing (OLAP) characterizes the 

operations of summarizing, consolidating, viewing, applying 

formulae to, and synthesizing data along multiple dimensions. 

OLAP software helps analysts and managers gain insight into 

the performance of an enterprise through a wide variety of 

views of data organized to reflect the multidimensional nature 

of enterprise data. An increasingly popular data model for 

OLAP applications is the multidimensional database, also 

known as the data cube . A data cube consists of two kinds of 

attributes: measures and dimensions. The set of dimensions 

consists of attributes like product names and store names that 

together form a key. The measures are typically numeric 

attributes like sales volumes and profit. Dimensions usually 

have associated with them hierarchies that specify aggregation 

levels. For instance, store name city  state is a hierarchy on 

the store dimension and UPC code  type category is a 

hierarchy on the product dimension.  

     OLAP analysis is inherently tedious since the user has to 

navigate large data cubes to find valuable information, often 

having no idea on what his/her forthcoming queries should be. 

This is often the case in discovery driven analysis [8] where the 

user investigates a particular surprising drop or increase in the 

data. In our earlier works [6, 7] we proposed to adapt 

techniques stemming from collaborative filtering to 

recommend OLAP queries to the user. The basic idea is to 

compute a similarity between the current user’s sequence of 

queries and the former sequences of queries logged by the 

server. In this work, we extend this principle to better take into 

consideration what the users were looking for. Our work is 

inspired by what is done in web search and e-commerce 

applications (e.g., [9]) where inferred properties of former 

sessions are used to support the current session. In our case, the 

idea is to infer, for every former sessions on the OLAP system, 

what the user was investigating. This has the form of a pair of 

cells showing a significant unexpected difference in the data. If 

it is found that indeed this difference was investigated during 

the session, then the discoveries of this former session can be 

suggested to the current user.. Next section of the paper 

motivates our approach.  

 

V.  SQL QUERY RECOMMENDATIONS 

    There are two approaches to recommend SQL queries to 

user. Tuple based recommendation and fragment based 

recommendation the following two points elaborates each of 

them. 

A. Tuple Based Recommendations 
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    In both approaches we are going to use concept of Session 

summaries. These session summaries summarize the 

characteristics of queries posted in the session. In tuple based 

approach the session summary represents the database tuples 

referenced by the queries in the session. Session summary is 

represented as a weighted vector of length equal to total 

number of database tuple and each coordinate corresponds to 

each unique tuple. The weight of each vector element 

represents the importance of the respective tuple in the 

exploration performed by user i. For this purpose we employ 

two different weighting schemes which are detailed in the 

accompanying paper [10]. Using the session summaries of the 

past users, we can define the conceptual session-tuple matrix 

that, as in the case of the user-item matrix in web recommender 

systems, will be used as input in our collaborative filtering 

process.  

     Similarly to session summaries, the predicted summary 

Spred is a vector of tuple weights . Spred yields a weight per 

tuple that corresponds to the importance of the tuple to the 

users exploration. Using cosin similarity we compute the 

similarities between different sessions in order to compute 

predicted summary. Using this function, we compute the 

predicted summary: S0
pred

 =  𝑠𝑖𝑚 𝑆0, 𝑆𝑖 × 𝑆𝑖 0≤𝑖≤ℎ . The 

similarity function sim can be realized with any vector-based 

metric, such as the cosine similarity measure. 

    After computing the predicted summary we use this to 

recommend queries to user. We compute the similarity between 

Spred and each SQ, and recommend the queries that retrieves 

tuples of high predicted weights.  we computed  as  rank(Q, 

S0
pred

 ) = sim(SQ, S0
pred

 ). Hence, a query has high rank if it 

covers the important tuples in S0
pred

 . The top ranked queries 

are then returned as the recommendation. 

    Tuple based approach captures user behavior at very fine 

level that increases the complexity when size increases. To 

handle this problem we used MinHash probabilistic clustering 

technique that maps each session summary Si to a “signature” 

h(Si) [11]. Thus similarity calculation between vectors is thus 

reduced to the similarity of their signatures. 

 

B.  Fragment Based Recommendations 

    The fragment-based approach works similarly, except that 

the coordinates of the session summaries correspond to 

fragments of queries instead of witnesses. We identify as 

fragments the following syntactical features of the queries in 

the session: attribute references, tables references, join and 

selection predicates. At a high level, the idea behind this 

approach is to recommend queries whose syntactical features 

match the queries of the current user. Formally, a session 

summary Si is a vector whose cell Si [ϕ] contains a non-zero 

weight if the fragment ϕ appears in at least one query of the 

session. Conceptually, the length of the vector is equal to the 

number of possible fragments, but we expect only few cells to 

have non-zero values. There are several possibilities for the 

weighting scheme, and we consider two in our work: binary, 

which indicates the presence of ϕ, and frequency-based, which 

assigns to Si [ϕ] the count of queries that contain the fragment.  

    Under this model, Spred corresponds to a vector that 

indicates the relevance of query fragments to the current user’s 

exploration. Similar to the tuple-based engine, we compute 

Spred as a blend of the user’s summary S0 and other users’ 

summaries S1, . . . , Sn weighted according to some similarity 

metric. The difference is that we employ a fragment-fragment 

approach, which is reminiscent of the item-item paradigm of 

collaborative filtering systems on the Web. 

     The generation of the recommended queries occurs in a 

similar fashion as the tuple-based approach: each candidate 

query Q is mapped to a summary SQ, and the queries that have 

the highest similarity to Spred are returned as 

recommendations. The fragment-based approach clearly 

captures information at a coarser level of detail, and hence it is 

expected to miss interesting correlations between users. For 

instance, two distinct selection predicates will be mapped to 

different fragments even if they are satisfied by the same tuples 

in the base tables. The big advantage is that it can be 

implemented very efficiently, as the space of fragments grows 

slowly, the summaries are very sparse and the fragment-to-

fragment similarities can be computed offline and stored for 

very fast retrieval when recommendations need to be 

generated.  

 

VI. RECOMMENDATION  SYSTEM  

          CHALLENGES  

A. Sparsity Problem 

    Sparsity problem is one of the major problems encountered 

by recommender system and data sparsity has great influence 

on the quality of recommendation. Generally, data of system 

like MovieLens is represented in form of user-item matrix 

populated by ratings given to movies and as no. of users and 

items increases the matrix dimensions and sparsity evolves. 

The main reason behind data sparsity is that most users do not 

rate most of the items and the available ratings are usually 

sparse. Collaborative filtering suffers from this problem 

because it is dependent over the rating matrix in most cases. 

Many researchers have attempted to reduce this problem; still 

this area demands more research. 

B.  Cold Start problem 

    Cold start problem refers to the situation when a new user or 

item just enters the system. Three kinds of cold start problems 

are: new user problem, new item problem and new system 

problem. In such cases, it is really very difficult to provide 

recommendation as in case of new user, there is very less 

information about user that is available and also for a new item, 

no ratings are usually available and thus collaborative filtering 

cannot make useful recommendations in case of new item as 

well as new user. However, content based methods can provide 

recommendation in case of new item as they do not depends on 
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any previous rating information of other users to recommend 

the item. 

C.  Scalability 

    Scalability is the property of system indicates its ability to 

handle growing amount of information in a graceful manner. 

With enormous growth in information over internet, it is 

obvious that the recommender systems are having an explosion 

of data and thus it is a great challenge to handle with 

continuously growing demand. Some of the recommender 

system algorithms deal with the computations which increase 

with growing number of users and items. In CF computations 

grow exponentially and get expensive, sometimes leading to 

inaccurate results. Methods proposed for handling this 

scalability problem and speeding up recommendation 

formulation are based on approximation mechanisms. Even if 

they improve performance, most of the time they result in 

accuracy reduction.  

D. Over Specialization Problem  

    Users are restricted to getting recommendations which 

resemble to those already known or defined in their profiles in 

some cases and it is termed as over specialization problem. It 

prevents user from discovering new items and other available 

options. However, diversity of recommendations is a desirable 

feature of all recommendation system. After solving the 

problem using genetic algorithms, user will be provided with a 

set of different and a wide range of alternatives. 

VII. APPLICATIONS OF RECOMMENDATION  

                    SYSTEMS 

A. Product Recommendation  

    Perhaps the most important use of recommendation systems 

is at on-line retailers. We have noted how Amazon or similar 

on-line vendors strive to present each returning user with some 

suggestions of products that they might like to buy. These 

suggestions are not random, but are based on their past 

purchases or the purchasing decisions made by similar 

customers. 

B.  Movie Recommendations 

     Netflix offers its customers recommendations of movies 

they might like. These recommendations are based on ratings 

provided by users. The importance of predicting ratings 

accurately is so high, that Netflix offered a prize of one million 

dollars for the first algorithm that could beat its own 

recommendation system by 10%.1 The prize was finally won in 

2009, by a team of researchers called “Bellkor’s Pragmatic 

Chaos,” after over three years of competition.  

C.  News Articles 

    News services have attempted to identify articles of interest 

to readers, based on the articles that they have read in the past. 

The similarity might be based on the similarity of important 

words in the documents, or on the articles that are read by 

people with similar reading tastes. The same principles apply to 

recommending blogs from among the millions of blogs 

available, videos on YouTube, or other sites where content is 

provided regularly.  

D.  Mobile Recommender Systems 

    One growing area of research in the area of recommender 

systems is mobile recommender systems. This is a particularly 

difficult area of research as mobile data is more complex than 

recommender systems often have to deal with. Additionally, 

mobile recommender systems suffer from a transplantation 

problem - recommendations may not apply in all regions (for 

instance, it would be unwise to recommend a recipe in an area 

where all of the ingredients may not be available) one of the 

application of mobile recommender system is mobile 

application recommender system. With the amount of mobile 

applications available increasing rapidly, users have to put a lot 

of effort into finding applications of interest. The purpose of 

the mobile application recommender system is to aid users in 

the process of discovering new mobile applications by 

providing them with recommendations. 

E.  Risks-Aware Recommender Systems 

    The vast amount of information generated and maintained 

everyday by information systems and their users leads to the 

increasingly important concern of overload information. In this 

context, traditional recommender systems provide relevant 

information to the users. Nevertheless, with the recent 

dissemination of mobile devices (smartphones and tablets), 

there is a gradual user migration to the use of pervasive 

computing environments. The problem with the traditional 

recommendation approaches is that they do not utilize all 

available information for producing recommendations. More 

contextual parameters could be used in the recommendation 

process to result in more accurate recommendations. Context-

Aware Recommender Systems (CARS) combine characteristics 

from context-aware systems and recommender systems in order 

to provide personalized recommendations to users in 

ubiquitous environments. In this perspective where everything 

about the user is dynamic, his/her content and his/her 

environment, two main issues have to be addressed: i) How to 

consider content dynamicity? and ii) How to avoid disturbing 

the user in risky situations?. In response to these problems, 

Risk-Aware recommendation system is developed which shows 

taking into account the risk level of users’ situations 

significantly increased the performance of the recommender 

systems. 

 

VIII.  CONCLUSION 

    In this paper we have studied the survey of Recommendation 

Systems according to different topic which contains different 

techniques of recommendation system ,their data sources, 

challenges and applications of recommendation system 

Recommender systems have become extremely common in 

recent years, and are applied in a variety of applications. The 

most popular ones are probably movies, music, news, books, 

http://en.wikipedia.org/w/index.php?title=Mobile_recommender_systems&action=edit&redlink=1
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research articles, search queries, social tags, and products in 

general. However, there are also recommender systems for 

experts, jokes, restaurants, financial services, life insurance, 

persons (online dating), and Twitter followers. Recommender 

systems are a useful alternative to search algorithms since they 

help users discover items they might not have found by 

themselves in enormous amount of data like query 

logs,feedbacks. Collaborative filtering is a method of making 

automatic predictions (filtering) about the interests of a user by 

collecting preferences or taste information from many users 

which helps to recognize and predict the current and future 

users’ trends, product survey for social issues, effect of 

particular event on people. A lot of work is done in the field of 

Recommendation systems lots of drawbacks and challenges are 

there as explained in above topic . 
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