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Abstract—In this paper, we have developed an approach to
specify when updating materialized views in real-time data
warehouse. The aim is to improve the maintenance load which
may have a bad impact on the query response time especially in a
real-time environment where the data updates are frequent and
the freshness of served data is highly required. We have
introduced a new concept “Interest center” which is a frequent
set of user queries i.e. common and frequent user demands. We
identify the interest centers from the historic of user queries.
Then, periodically, we analyze the recent asked queries to
identify the more probably interest centers of the current users.
This analysis allows us to estimate the next future user queries
which will be part of the identified interest centers.
Consequently, we affect the online update to the materialized
views that are sources for the estimated queries. For the rest of
materialized views we apply the on-demand update. Our
experiments showed that the proposed hybrid approach
guarantees strong consistency of data and allows reducing
latency of updating materialized views. In addition, they prove
that our solution decreases the maintenance load significantly
better that the on-demand and the online policies.
Keywords- Materialized View Maintenance; Interest Center;
Online Update; On-demand Update; Real-time Data Warehouse.

I.

INTRODUCTION

Materialized views in data warehouse and databases are a
good way to increase query response time. This technique aims
to reduce the cost ofgenerating data from databases to serve
repetitive user queries. Its principle is to store and thenupdate
the results,called materialized views, of some repetitive
queries. But this technique generates an additional data
maintenance load. To decrease this load, some approaches of
materialized view selection have mainly integrated the
maintenance cost of materialized views as a constraint for the
selection [10,13,14,15]. But, this is insufficient to take
advantage of view materialization. The maintenance
approaches
[1,3,4,5,6,7,8,9,11,12,16,18,19,22,23,25,26,27,28,29] propose
techniques to optimize the update cost of materialized views.
Mainly, these approaches address two topics: (i) how to update
view? (ii) When to update view? The first question is about the
refreshment or the recompilation of view. The second one is
about the online, on-demand, or periodically maintenance. In
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the online policy, the updates to the source databases are
directly reflected on the materialized views. This policy
guarantee a strong consistency, i.e., the view will eventually
reflect the final state of its sources. In the on-demand policy,
the maintenance is performed when the materialized view is
queried. This policy results in latency of going to the DBMS.
In the periodic policy, the maintenance of the materialized
views is performed on a regular basis (once a minute, once an
hour, etc.). In this policy, a view may become inconsistent with
its base data, representing a snapshot of the sources. Some
approaches have mixed up different update policies in order to
carry out hybrid maintenance [8,23,29].
The hybrid
approaches apply a detailed policy to improve the maintenance
cost but they are more complicated to be applied.
In this work we propose hybrid approach for the
maintenance of materialized views in real-time data warehouse
environment. In such environment, the data source updates are
frequent and the data served to the user should be fresh. The
aim of our approach is to found a compromise between quality
of service (QoS) and quality of data (QoD) in real-time data
warehouse environment. The quality of service (QoS) [15]
represents the access rate to materialized data. It may be
illustrated by the query response time. The quality of data
(QoD)[15] represents the access rate to fresh data. QoD is
decreased when there are later updates of materialized views.
However, the QoS is decreased in two cases:
•
•

When there is a lot of online and heavy updates of
materialized views;

When the materialized views are unused, either
because they are not fresh or because theyare badly
selected (not appropriate for the queries).

Our idea is to analyze the access historic in order to identify
the main interests of users. We call these interests “Interest
centers”(denoted IC) and they correspond to the frequent set of
user queries i.e. the common and frequent user demands. Then
and periodically, we try to estimate the interest centers (IC) of
the near future. Our estimation is based on the fact that the
recent user queries give us an idea about the interest centers to
which the current user demands converge. Precisely, in the
near future, the user accesses will converge to the interest
centers (IC) having big part of the recent queries of the current
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period. So, the queries of the estimated interest centers are
considered the more probably next queries.
In our approach, the maintenance policies of materialized
views are affected based on the estimated queries of the near
future. The materialized views that constitute sources for these
queries will be updated online in order to improve the QoS.
The rest of materialized views will be updated on-demand. The
early update of the materialized views of the estimated next
queries reduces the delay of execution of these queries and so it
improves the QoS. In the two cases, we guarantee a high level
of QoD since the user queries will be served with fresh data.
Our contribution is the introduction and the use of interest
center, as a new concept, to specify the appropriate
maintenance policy for each materialized view. The use of
interest centers allow us to early update the materialized views
which are more probably to be accessed in the near future i.e.
make them fresh. The aim is to continually improving the QoS
of the near future queries by providing materialized views with
fresh data.
In the next section we will present the related works. The
section 3 presents our solution. The section 4 describes the
experiment results. The section 5 is the conclusion.
II.

RELATED WORKS

The problem of maintenance has been widely addressed for
materialized
views
in
data
warehouses
environment[1,4,7,8,9,11,12,16,18,19, 25,26,27,28]. In the
traditional environment, the maintenance approaches addressed
the issue of finding a policy that limits the access load to the
sources and minimize memory usage. Hence, they focused on
how implementing an incremental maintenance or how to
integrate intermediary structures, like global query plan or new
materialized views, to accelerate materialized view update.
Self-maintenance was the important technique used in such
environment to incrementally update views [16,18,19,27].
However in real-time environment, the maintenance problem is
more complex since the updates are frequent. Also, on realtime environment, there is a constraint on the data freshness.
So, the maintenance approaches are mainly oriented to the
query scheduling in order to improve the QoS and the QoD
[4,11,22]. On the web, which is a dynamic environment, the
view maintenance approaches are principally addressed the
issue of improving the QoS and QoD. The main technique used
in these approaches is the query scheduling [22].
In the literature the closest work to our approachis
presented in [29]. The authors of this work proposed to specify
the maintenance policy of each web view based on its state and
on its access and update rates. They introduced the concept of
state to simulate the web view behaviors. According to this
approach, there are two main states: Active, Sleeping. The
active statemeans that the view is always up-to-date and can be
used directly. To keep the viewalways active, any update to the
base data will lead to an immediate refreshingof this view
which is in our approach the online update. Thesleeping state
means that the view does not response to any update at all and
willonly be evaluated on-demand. So, a state describes a
specific status of a web view, while a state transfer graph is an
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abstraction model to describe how a web view moves among
these states. Others intermediate states are added to the graph.
The transition of view from a state to other one is arbitrated by
the rates of view access and update.
The user session historic is widely used in materialized
view selection but it rarely used to improve the maintenance
load. In [23], the authors construct a navigation graph of web
site in order to analyze the historic navigation between web
views. Then they deduce the navigation rate between web
views in order to specify those that should be early updated.
We are not aware of any work that identify and cluster the
interest of users and then exploit them to specify the
maintenance policies of materialized views.
III.

APPROACH PRESENTATION

The aim of our approach is to specify the appropriate
maintenance policy for each materialized views in order to
improve the query response time in real-time data warehouse.
Our approach is based on the concept of interest center which
is a set of common and frequent user queries i.e. the set of
queries that are frequently asked by users in the same session.
The procedure that we propose to specify view maintenance
policies contain three main steps: (1) discover the main interest
centers of users; (2) estimate the near future interest centers;
and (3) affect policies to materialized views. So, the first two
steps represent the analysis phase. However the third one
represents the exploitation phase.
A. Discover the main interest centers
We start this task by analyzing the historic of user queries.
Precisely, welook for the states of the queries (asked or not)
duringsessions of each user. We have represented the result of
this analysis in a matrix H as follow:
1 𝑖𝑖𝑖𝑖𝑖𝑖ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑟𝑟𝑖𝑖 𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤 𝑎𝑎 𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑗𝑗
𝐻𝐻(𝑖𝑖, 𝑗𝑗) = �
0 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖

Example:
In this example we consider that we have 4 users and 10
queries.
In the table 1 we have presented an example of access
historic of these 10queries. As an example, the query 𝑟𝑟1 was
asked by the user 𝑢𝑢1 during his sessions 𝑠𝑠1 and 𝑠𝑠3 ♦
We use association rules as a data mining technique to
identify the interest centers.

Association rules aims to discover correlations between
items in alarge database. They are introduced by [2]. We will
use the followingconcepts to formulate the definition of
association rules:
•

I = {i1 ; i2 ; . . . ; im }, a set called items. In the context
of database these items may correspond to the table
attributes;

•

D = {T1 , … , Tn } , a set of transactions, where each
transaction Tj is a set of items (called itemset) such
thatTj ⊆ I; In the context of database these items may
correspond to the table rows.
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An association rule is an implication of the form:
𝑅𝑅(𝐴𝐴%, 𝐵𝐵%): 𝑋𝑋 → 𝑌𝑌, 𝑤𝑤ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 ⊆ 𝐼𝐼 , 𝑌𝑌 ⊆ 𝐼𝐼 , 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 ∩ 𝑌𝑌 = ∅
𝑅𝑅 is interpreted as follow:
•

•

A% of the D’ transactions contains both X and Y. So,
A is called the support of the association rule R.

B% of the D’ transactions which contains X, contains
also Y. So, B is called the confidence of the association
rule R.
TABLE I

Users Sessions

𝑢𝑢1
𝑢𝑢2

𝑢𝑢3
𝑢𝑢4

𝑠𝑠1
𝑠𝑠2
s3
𝑠𝑠4
s1
s2
s3
s4
s5
s6
𝑠𝑠1
𝑠𝑠2
𝑠𝑠3
𝑠𝑠1
𝑠𝑠2
𝑠𝑠3
𝑠𝑠4
𝑠𝑠5

Queries
𝑟𝑟1

𝑟𝑟2

𝑟𝑟3

𝑟𝑟4

𝑟𝑟5

𝑟𝑟6

𝑟𝑟7

𝑟𝑟8

𝑟𝑟9

𝑟𝑟10

0
1
1
1
0
0
1
0
0
1
1
0
1
1
1

1
0
0
1
1
1
0
1
1
0
1
1
1
0
1

0
0
0
0
1
0
1
1
1
1
0
1
1
1
1

0
0
1
0
1
1
1
1
1
1
1
1
1
0
1

1
0
0
1
0
1
0
1
1
0
1
0
1
0
1

0
1
1
0
1
0
0
1
0
1
0
1
1
1
0

0
1
1
0
1
0
1
1
0
1
0
1
0
1
1

0
0
0
0
1
0
0
1
1
0
1
1
1
0
1

1
0
0
1
1
1
0
1
0
0
1
0
1
0
1

0
1
0
0
1
1
0
1
1
0
0
1
1
0
0

1
0
1

0
0
0

1
0
0

1
1
1

0
0
0

1
1
0

1
1
1

0
0
0

0
0
0

1
0
0

Given a set of transactions 𝐷𝐷 , the problem of mining
associationrules is to extract all association rules having a
support and aconfidence greater than the user-specified
minimum support(called 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚) and minimum confidence
(called 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚)respectively.
The problem of mining association rules can be divided
into two sub-problems:
1.

2.

Find all frequent itemsets in the transaction database
with respect to given support threshold. An itemset is
called a frequent itemset if its support is no less than
𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚.

For each frequent itemset 𝑋𝑋 ∪ 𝑌𝑌 founded, generate all
association rules 𝑋𝑋 → 𝑌𝑌, if its confidence is no less
than 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚.

frequent itemsets in a transaction database, especially when the
support threshold is low, and (2) there may exist a huge
number of association rules. It is hard for users to comprehend
and manipulate a huge number of rules.
An interesting alternative, proposed in [20], to this problem
is the mining of frequent closed itemsets and their
corresponding association rules.
According to [21], an itemset 𝑋𝑋 is a closet itemset if there
exists no itemset 𝑋𝑋 ′ such that (1) 𝑋𝑋 ′ is a proper superset of𝑋𝑋,
and (2) every transaction containing 𝑋𝑋 also contains 𝑋𝑋 ′ . A
closet itemset 𝑋𝑋 is frequent if its support passes the given
threshold 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚.
Consequently, in this step we will mining the closet
frequent sets of queries which represent common interest
between users. So, each founded set will represent aninterest
center.
Example:
In this example we suppose that the minSupp is 30% i.e. a
closet set of queries is considered frequent only if its queries
are asked in at least the 30% of the user sessions. Based on the
table 1, the interest centers and their supports are presented in
table 2.
TABLE II
Interest centers (IC)

Queries

Frequencies

Supports

𝐼𝐼𝐼𝐼1

𝑟𝑟1 ,𝑟𝑟6

6

6/18=33.5%

𝐼𝐼𝐼𝐼2

𝑟𝑟1 ,𝑟𝑟4 ,𝑟𝑟7

6

6/18=33.5%
8/18=44.5%

𝐼𝐼𝐼𝐼4

𝑟𝑟2 ,𝑟𝑟4

8

𝑟𝑟2 , 𝑟𝑟5 , 𝑟𝑟9

7

39%

7

39%

𝐼𝐼𝐼𝐼6

𝑟𝑟2 , 𝑟𝑟8

𝑟𝑟2 , 𝑟𝑟10

6

33.5%

𝑟𝑟3 , 𝑟𝑟4 , 𝑟𝑟8

6

33.5%

𝑟𝑟3 , 𝑟𝑟6 , 𝑟𝑟7

6

33.5%

𝑟𝑟4 , 𝑟𝑟6 , 𝑟𝑟7

7

39%

𝐼𝐼𝐼𝐼3
𝐼𝐼𝐼𝐼5
𝐼𝐼𝐼𝐼7
𝐼𝐼𝐼𝐼8

𝐼𝐼𝐼𝐼9

For example, the frequent set {r4 ,r7 } does not considered as
an interest center although its frequency is 11 i.e. its support is
61%. This is because it’s included in the frequent closed set
{r1 ,r4 ,r7 }♦

In our approach, the interest centers correspond to frequent
query sets. So, we will address only the first sub-problem of the
mining association rules. In other words, we search sets of
queries which represent common and frequent interests of
some users.

B. Estimate the near future interest centers
The aim of this task is to estimate the user queries of the
near future based on the recent access queries. Our idea is that
the recent queries may conduct as to know the centers of
interest of the current users. Then, we deduce the more
probably set of future queries which obviously belong to the
identified interest centers.

Several data mining algorithms are addressed the search of
frequent data sets [2,17,20,21,24]. But according to [21], the
requirement of mining the complete set of association rules
leads to two problems: (1) there may exist a large number of

The main question in this step is how to specify the
appropriate interest centers when the recent queries belong to
more than one interest center? To resolve this problem we
calculate a weight for each interest center containing part of the
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recent queries. We call this weight Interest Weight, denoted
𝑊𝑊(𝐼𝐼𝐼𝐼𝑗𝑗 ), and it corresponds to the probability that the current
users are interested in the center 𝐼𝐼𝐼𝐼𝑗𝑗 . In other words, the current
users are currentlyaskingqueries of 𝐼𝐼𝐼𝐼𝑗𝑗 and they will continue
in the near future asking queries of the same center. We define
the interest weight as follow:

Where:
•
•
•

𝑊𝑊�𝐼𝐼𝐼𝐼𝑗𝑗 � =

�𝐼𝐼𝐼𝐼𝑗𝑗 ∩ 𝑄𝑄�
�𝐼𝐼𝐼𝐼𝑗𝑗 �

𝑄𝑄: the set of recent queries;

�𝐼𝐼𝐼𝐼𝑗𝑗 �: cardinality of 𝐼𝐼𝐼𝐼𝑗𝑗 i.e. the number of its queries

�𝐼𝐼𝐼𝐼𝑗𝑗 ∩ 𝑄𝑄�: the number of recent queries belonging to
𝐼𝐼𝐼𝐼𝑗𝑗

After calculating all the interest weights, the result of this
step will be the interest centers with weights greater than a
threshold 𝜃𝜃 i.e.𝑊𝑊�𝐼𝐼𝐼𝐼𝑗𝑗 � ≥ 𝜃𝜃 . This result represents the more
probably interest centers i.e.theestimateduser queries of the
current and near future time.
Example:
In this example we suppose that the threshold 𝜃𝜃 = 40% i.e.
an interest center 𝐼𝐼𝐼𝐼𝑗𝑗 iskept only if 𝑊𝑊�𝐼𝐼𝐼𝐼𝑗𝑗 � ≥ 40%. In other
words, at least 40% of the 𝐼𝐼𝐼𝐼𝑗𝑗 queries should be recently asked
to decide that 𝐼𝐼𝐼𝐼𝑗𝑗 represents a current interest center and its
queries will be asked in the near future.

We suppose that the set queries which are recently asked is
𝑄𝑄 = {𝑟𝑟1 , 𝑟𝑟4 }. So, based on table 2, we illustrate in figure 1, the
interest centers and their weights.

So since 𝜃𝜃 = 40%, the more probably interest centers will
be
𝐼𝐼𝐼𝐼1 , 𝐼𝐼𝐼𝐼2 𝑎𝑎𝑎𝑎𝑎𝑎 𝐼𝐼𝐼𝐼3
.
Consequently,
the
queries {𝑟𝑟1 , 𝑟𝑟2 , 𝑟𝑟4 , 𝑟𝑟6 , 𝑟𝑟7 } of the identified interest centers
𝐼𝐼𝐼𝐼1 , 𝐼𝐼𝐼𝐼2 𝑎𝑎𝑎𝑎𝑎𝑎𝐼𝐼𝐼𝐼3 will be,more probably,asked in the near future♦
C. Affect update policies to materialized views
We apply the following simple rule to affect update policies
to materialized views: we affect the online update to the
materialized views that are sources for the user queries
estimated in the previous step;for the rest of materialized views
we apply the on-demand update.

Example:
Based on the results of the previous example, we affect the
online policy to update the materialized views which are
accessed by {r1 , r2 , r4 , r6 , r7 } and applying the on-demand
policy for the rest of materialized views.

Suppose that the queries of our examples are executed on 7
views as it is illustrated by the figure 2. Also, suppose that the
materialized views are {v2 , v4 , v5 , v6 }(surrounded by rectangles
in the figure). So, according to the results of the previous
example, the online update will be applied for the materialized
views {v2 , v4 , v5 } and the on-demand update for the
materialized view v6 ♦

Figure 2. Example of source views

IV.

EXPERIMENTS

To evaluate our approach, we have simulated, by using the
TPC-H benchmarking [http://www.tpc.org/tpch/], the load of a
real-time data warehouse. This benchmark proposes 22 OLAP
queries. In this simulation we have construct the access historic
of the 22 queries during 3 days i.e. about 72 hours. This
historic is made to carry out the analysis phase of our approach
i.e. the identification of the main interest centers. Also, in this
simulation we have supposed 120 user sessions each with
length of 10 minutes. At the end of the analysis phase we have
executed the CLOSET algorithm [21] for mining the main
interest centers.
Figure 1. Example of interest centers and their weights

In figure 1:
•
•

𝑊𝑊(𝐼𝐼𝐼𝐼1 ) = 50% because the half of 𝐼𝐼𝐼𝐼1 queries are
included in 𝑄𝑄, the set of recent queries.

𝑊𝑊(𝐼𝐼𝐼𝐼2 ) = 67% because two queries of 𝐼𝐼𝐼𝐼2 from three
(the total number of queries of 𝐼𝐼𝐼𝐼2 ) , which are
𝑟𝑟1 𝑎𝑎𝑎𝑎𝑎𝑎 𝑟𝑟4 , belong to the set of recent queries 𝑄𝑄 i.e
𝑊𝑊(𝐼𝐼𝐼𝐼2 ) = 2/3.

www.ijcit.com

During the exploitation phase, we have continued the
simulation of access queries and view maintenance for 1 day.
We have supposed that the results of queries represent the
views to be materialized. The aim is to evaluate the ability of
our approach to improve the maintenance cost of materialized
views. In the two phases, the speedin which accesses can be
processed, the incoming update stream,and the speed in which
updates can be performed are inputs to thesimulator. We have
supposed 5 access requests and 1 updaterequest per user
session i.e. per 10 minutes. So, we have in total 720 accesses
per day and about 150 updates.
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Value in ms

Also, in the second phase we have executed,periodically, a
greedy algorithm for the selection of materialized views. We
have fixed the length of the selection period to 30 minutes i.e.
the time interval between two successive executions of the
selection algorithm. This algorithm applies a constraint of
maintenance cost i.e. the maintenance cost of the materialized
views should not exceed a specified value. This algorithm is
iterative and it identifies, at the end of each iteration, the view
𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 _𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 (𝑣𝑣𝑖𝑖 )
until it
𝑣𝑣𝑖𝑖 with the best (higher) ratio
𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 _𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 (𝑣𝑣𝑖𝑖 )

reaches the maintenance constraint. The materialization profit
of a view 𝑣𝑣𝑖𝑖 is the gain of query response time that should be
produced if we materialize 𝑣𝑣𝑖𝑖 . So, the problem of selection of
materialized view is formulated as follow:
𝑛𝑛

𝑚𝑚𝑚𝑚𝑚𝑚 � 𝑥𝑥𝑖𝑖 ∗ 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝(𝑣𝑣𝑖𝑖 )
𝑖𝑖=1
𝑛𝑛

𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 � 𝑥𝑥𝑖𝑖 ∗ 𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢_𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 (𝑣𝑣𝑖𝑖 ) ≤ 𝐶𝐶𝐶𝐶

With:
•

Comparison between Hybrid approach and the
others maintenance policies
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Figure 3. Comparison between 3 update policies
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𝑛𝑛 = 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑜𝑜𝑜𝑜 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤

In this paper, we have proposed a hybrid approach for the
maintenance of materialized views in real-time data warehouse.
1 𝑖𝑖𝑖𝑖 𝑣𝑣𝑖𝑖 𝑖𝑖𝑖𝑖 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
This approach affect to each materialized view one of the
• 𝑥𝑥𝑖𝑖 = �
0 𝑖𝑖𝑖𝑖 𝑛𝑛𝑛𝑛𝑛𝑛
following two update policies: online updatewhen the view is
estimated to be asked in the near future; and the on-demand
• 𝐶𝐶𝐶𝐶 =
𝑡𝑡ℎ𝑒𝑒 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 𝑜𝑜𝑜𝑜 𝑡𝑡ℎ𝑒𝑒 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑖𝑖𝑖𝑖 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠. update otherwise. We have introduced the concept of interest
centers, which means the set of frequent user queries, to
In our tests and during the exploitation period, we have
estimate the near future user requests.
periodically identified the more probably interest centers and
Our solution guarantees strong consistency of data and
then decide which views should be updated online and which
allows
reducing latency of updating materialized views.
views should be updated on-demand. The maintenance policy
Compared
to traditional online and on-demand updates,
of views is applied during a 30 minute time interval. In other
ourexperiments showed that this solution decreases the server
words, the maintenance policy is affected at the beginning of
load by more than 10%. In the future works we will attempt
each new 30 minute time interval.Our procedure of affecting
tointegrate this solution in a complete approach for the online
policy maintenance of materialized views is executed as it
selection and maintenance of materializedviews.
described above in section 3.
To demonstrate the advantage of our approach, we have
implemented the three maintenance policies: online, ondemand, and our hybrid approach. Then, we have compared the
QoS, the maintenance cost of these three policies. We have
illustrated the QoS by the query execution time. The figure 3
summarizes the results of these tests in milliseconds. The total
cost is the sum of query execution cost and view maintenance
cost.
According to the figure 3, our approach has improved the
QoS of the on-demand approach by more than 5%, the
maintenance cost of the online approach by more than 25%, the
total cost of the online approach by more than 19% and the
total cost of the on-demand approach by more than 11%. In
real-time environment, this improvement of load and of QoS
has a big impact on the user satisfaction.
In our tests, we have kept the QoD at its higher level i.e.
100%. In other words all the queries should be served with
fresh data. For this reason we don’t study the impact of our
approach on the QoD.
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