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The advances in modern database management systems have resulted in so complex
systems that made the, database administration task much more complicated. Although
there are tools that are commercially available to assist the DataBase Administrator (DBA),
there is still a wide gap between the DBA increasing needs and those tools. In the mean
time, assisting computer users through the use of intelligent software agents has attracted
much interest in research. Noting that the problem of assisting the DBA did not receive the
attention it deserves, we propose the use of the technology of Intelligent Agents to aid in this
process. In this paper, we report on our new Intelligent Software Agent, designed to assist
the DBA especially in performance tuning. The agent has been implemented using Java,
tested against an Oracle DBMS and have already shown promising results.
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1. Introduction

Database management systems play more
critical roles in current systems. If database
system fails there is a high probability that the
entire company will be inconvenienced or even
forced to stop. That is why, the term Mission
Critical Applications is more popular these days.
Companies are dealing with large volumes of
data to a degree that was unimaginable just a
few years ago. Users need to access data from
anywhere and via different types of devices. The
Internet has even placed more demands on
mantaiung the availability of database systems
twenty-four hours a day, seven days a week.
Moreover, the increase in wusing Decision
Support Systems (DSS) with the wealth of ad
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hoc query tools that emerged during the 1990s
added more complications to the database
management systems. The demands on the
database that are made by users of DSS
applications vary dramatically. One moment
they may enter a query that fetches only a few
records and the next moment they may enter a
massive parallel query that fetches and sorts
millions of records from different tables. This is
in contrast with Online Transaction Processing
(OLTP) applications, which process thousands
or even millions of very small transactions per
day.

Behind the scene, the Database Adwinis-
trator (DBA) plays a significant role in
developing, deploying and maintaining these
database systems. The DBA responsibilities
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include installations, upgrading, capacity
planning, creating the database logical and
physical structures, managing users and

security, monitoring and optimizing database

performance, planning and implementing
backup and recovery, and troubleshooting
database problems. These responsibilities

require from the professional DBA to cover
different areas of technical knowledge up to date

such as: DataBase Management Systems
(DBMSs), Data Modeling, Operating Systems,
Computer Architecture, System Performance,
Networking, OLTP, DSS, Web-based

Applications and Software Engineering.
Optimizing the database performance as one

of the major responsibilities of the DBA is
neither a trivial nor a deterministic task. It is
dependent in one of its aspects on imprecise
linguistic rules and the expertise of the DBA.

Monitoring the performance of production
databases is essential for the DBA.
Unfortunately, this is where most of the
performance management tools end; and the
DBA is left to figure out the means to correct
the problem that was detected by the
monitoring tool. Even though the DBA may
realize he has a poorly tuned database
environment, he may not have the luxury to
resolve the problem, because:

e tuning the database environment may take
more time than what could be afforded for
this task,

e management may
business operations,

¢ the DBA may not want to risk introducing
further performance degradation,

e the complexity of the problem may be beyond

the skill level of the person assigned the
problem,

the tools may not be available to identify the

cause of the problem.

Noting also that a considerable percentage of
the Total Cost of Ownership (TCO) goes to the
DBA, all of these factors may explain the
motivation behind trying to support the DBA as
much as possible.

In the mean time, Intelligent Software Agents

is a rapidly developing area of research with a

not want to disrupt
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wide range of firms and universities pursuing
agent technology. In 1995, it has been expected
that within 10 years most new Information
Technology (IT) development will be affected by
agents and many consumer products wil
contain embedded agent-based
Assisting different levels of computer users
through the use of Intelligent Agents (IA) has
recently been one of the major research areas,
however, assisting the DBA did not receive the

attention it deserves. But how can an
intelligent agent help the DBA? In fact an
intelligent agent can help the database

administrator in several ways, e.g. if the DBA
faces an undocumented problem while installing
a DBMS, an intelligent agent who is looking over
the shoulder of the DBA can check the support

knowledge base of the vendor of that DBMS and |
similar §

the related mnewsgroups for any
problems, then, he will give the DBA a list of the
solutions he found ordered with respect to how
much he believes that these solutions wil
succeed.

In this paper,

recommending to him the
administration actions to take according to:a
predefined set of fuzzy (linguistic) rules. Also,
the state of the system and the decision-making
algorithm it uses are presented. The agent
learns from the effects of applying his
recommendations on the database system. At
the core of that agent there is a fuzzy inference
system that is used to capture the imprecise
nature of the DBA knowledge and to conduct
the reasoning process.

The paper is organized as follows: First the
area of Intelligent Agents is introduced. Then
some basic fuzzy modeling concepts are
presented, followed by our proposed agent and
its architecture. A case study that is based on
an Oracle database with a workload drawn from
the Wisconsin benchmark for relational
databases is illustrated and a sample of the
experiments conducted is presented and Ui
results are discussed. Finally, the paper is
concluded and some directions of future work
are presented.
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2. Intelligent software agents

Imagine that while you are working on your
computer, your software assistant (agent) who is
working in the background draws your attention
to one particular paper that has been published
on that moment on the web. Your assistant
thinks that this paper is important to you as he
noticed - from the paper you were writing in the
last few weeks - that you are working in the
same point. This scenario is just a sample of
what an Intelligent Agent (IA) can do for you [1].

Although intelligent agents is a rapidly
leveloping area of research [2], there is no
Universal definition of IA. One of the definitions
that may illustrate the functionality of IA is that
moposed in [3]: “An autonomous agent is a
system  situated within and a part of an
evironment that senses that environment and
ats on 1it, over time, in pursuit of its own
genda and so as to effect what it senses in the
future.”

Intelligent agents may have several features
but some of which are necessary which are [4]:

» Autonomy [1]: agents operate without the
direct intervention of humans or others, and
have some kind of control over their actions
and internal state.

+ Adaptability: an agent is able to improve over
time, i.e., becomes better at achieving its
goals with experience.

Some other optional features of Intelligent
Agents are:

+ Collaboration: The ability to collaborate with
other agents to achieve their goals, so, they
need to have the ability to interact with other
agents and possibly humans via some
communication language. This feature is
sometimes thought to bé mandatory based
on the nature of the application.

+ Mobility: The ability of an agent to move
across networks and between different hosts
to achieve its goals.

The applications of Intelligent Agents are
quite large and cover many aspects of Infor-
mation Technology. The following is just a
sample of those applications:

e User Assistance (Interface agent) such as the
e-mail interface agent of MIT [5], the Internet
Softbot [6] and the LPA (Learning Personal
Agent) [7],

e Information Retrieval such as SIMS [8] and
St. Bernard [9],

e Financial Portfolio Management such as
WARREN [10],

e Organizational Decision Making such as
PLEIADES [10],

e E-commerce such as ShopBot [11], and

e File system maintenance such as SUMPY

2]

[In] the following section, we present some of
the basic concepts of fuzzy modeling, as it is the
technique we have used in our agent to model
its environment.

3. Fuzzy modeling

Fuzzy modeling has been successfully used
not only in research but also in a wide range of
commercial products such as: smart washing
machines, user-seeking electric fans and smart
photocopiers. Fuzzy modeling is based on Fuzzy
logic which can be viewed as a superset of the
Boolean logic in the sense that it can handle the
concept of partial truth [13]. Fuzzy logic
solutions are generally characterized by being a
human solution. A famous example introduced
by Zadeh [14] is the car parking problem in
which the objective is to place the car near the
curb and almost parallel to it. A fuzzy logic
solution of the parking problem would be a
collection of fuzzy if-then rules that describe
how a human parks a car. [t is important to
note that the problem of parking is easy for
humans when it is formulated imprecisely and
difficult to solve by traditional methods because
such methods do not exploit the tolerance for
imprecision [15].

In this section we list definitions [16,17] of
some basic concepts in fuzzy modeling, as these
terminology will be used through out the paper.

Definition 1: Fuzzy sets and membership
functions '
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If X is a collection of objects denoted
generically by x, then a fuzzy set A in X is
defined as a set of ordered pairs:

A={(x,pp(x) I x e X},

where, X is referred to as the Universe of
discourse and it may be discrete or continuous,

and|L, (X) is called the Membership Function
(MF) of x in A. The membership function maps
each element of X to a continuous membership

value between O and 1. This is in contrast to the
classical set (crisp set) in which an object either

belongs to|l, (X) or does not belong to the set

A; there is nothing in between. Note that if is
restricted to O or 1 only, then A is reduced to a
classical set.

Definition 2: Linguistic variable and linguistic
value

A linguistic variable is a variable that takes
linguistic values such as height, age, speed, etc.
Such variables can take linguistic values like
tall, young, fast, good, etc. A linguistic value is a
label for a fuzzy set. ]

Definition 3; t-norrh [16,17]
A function T: [0,1]2 — [0,1] is called t-norm, if
the following conditions hold:

T@.HiEa (unit 1)
a<b= T(a,c) <T(b,c) (monotonically)
T(a,b) = T(b,a) (commutativity)

[(a,T(b.c)) = T(T(a,b),c) (associativity)

Definition 4: t-conorm

A function 1: [0,12) — [0,1] is called t-
conorm, iff L is commutative, associative,
monotonic, and O is its unit.

Definition 5: A fuzzy if-then rule (a fuzzy rule)
assumes the form

if xi1s A then y1s B

where A and B are linguistic values defined by
fuzzy sets on the Universes of discourse X and
Y, respectively, “x is A” is usually called the
antecedent or premise, while “y is B” is usually
called the consequent or conclgsion.

Here is an example that describes the
relationship between pressure and volume:

If pressure is high, then volume is small.

where, pressure and volume are linguistic
variables, high and small are linguistic values
that are characterized by membership
functions.

Several types of fuzzy reasoning have been
proposed in the literature. Depending on the
types of fuzzy reasoning and fuzzy if-then rules
employed, most fuzzy reasoning mechanisms
can be classified into the three types illustrated
by fig. 1.

Most of the differences between these types
of reasoning lie in the specification of the
consequent part (monotonically non-decreasing
or bell-shaped membership functions, or crisp
functions) and thus the defuzzification schemes
(weighted average, centroid of area. .. etc.) ar
also different.

“It is relatively easy to write down a set of
fuzzy rules to describe a particular behavior
However, to calibrate these rules, i.e., to choose
the type and characterization of the
membership functions, is not a trivial problem!
[13]. This issue will be raised in the discussion
section, which explains the mapping between
the database administrator knowledge and the
fuzzy model.

Now, that the necessary background has
been discussed. The rest of the paper presents
our agent.

4. DBA assistant agent

The purpose of the DBA assistant is to hel
the DBA in his work by recommending to hin
actions to make. The agent will start his work
with a set of predefined linguistic rules drawn
from the database administration knowledge. To
capture the imprecise nature of the DB}
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knowledge, there is a fuzzy inference system at
the core of the agent architecture, so the
linguistic rules will be represented in the agent
as fuzzy rules. The architecture is designed to
be open enough to cover different areas of
database administration. Fig. 2 illustrates the
architecture of the proposed agent-based
system.

To assisct the DBA in performance tuning for
example, the agent monitors the performance of
the database through a Database Interface
Layer and infers recommendations when
appropriate, based on his knowledge base and
the database state. In order to illustrate the
function of each module in our agent. the
following example is presented. The example

consequent part

type 3

‘*ﬁ
)

Z1=ax+bys+C

Z2-px+qy+r

2 (comtraid of ares]

Recommendation

Database

Fig. 2. DBA assistant agent architecture.
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is for a rule that is used 'to tune the buffer

cache in an Oracle database.

“IF Cache hit ratio is Low and Last increase
in the buffer was Effective THEN increase the
buffer.”

From the rule, we can identify the following
fuzzy variables: Cache hit ratio and Last increase
in the antecedent and Buffer Change in the
consequent. Note that if the consequent part is
rewritten as “Buffer change is increase” or
“Buffer change is Positive” then it would be
more clear why the “Buffer Change” has been
considered as a fuzzy variable in the
consequent. So the rule can be rewritten as:

“IF Cache hit ratio is Low and Last increase
in the buffer was Effective THEN Buffer change
is Increase.”

According to the rule the three fuzzy
variables may have the corresponding fuzzy
values Low, Effective and Increase respectively.
Now, let us see how the agent will work with
this rule.

s Monitoring module: the monitoring module
calculates the (crisp) values of the fuzzy
variables in the antecedent part. In this
example, it will calculate the hit ratio of the
buffer cache and the effectiveness of the last
increase in buffer cache.

e Fuzzification module: The fuzzification
module calculates the membership degrees
of eacn fuzzy variable in the related fuzzy
sets  of the corresponding fuzzy values
according to the crisp value of the fuzzy
variable - calculated by the monitoring
module. So, if the hit ratio is 72%, the
fazzification module calculates the
corresponding membership function MF,,.
Assuming that MFi,.. (72) = 0.66, that
means that 72% hit ratio belongs to the Low
fuzzy set with 0.66 degree of membership.
Denoting the hit ratio by X, it is expected
that MFiow (X) tends to 1 as X tends to 0 and
tends to : 0 as X tends to 100 according to
the meaning of MF_,,,.

. L)e('z\'s‘lon making module: The decision-
making module infers the value of the
variable in the consequent part. In the
previous example, it infers the percentage of

increase in the buffer size, i.e., it generates
the recommended percentage of increase of
the buffer size. To do this, the module
makes the following two steps:

- Application of the t-norm operator (such as
min) on the membership degrees of the
premise part to get what is called the firing
strength of the rule. So, in the mentioned
example this step will be as follows:

Firing Strength = min (MFL.w (Cache hit
ratio), MFemecctive (Last increase))

- Generation of the qualified consequent of
each rule, note that this module gets the
membership functions of the fuzzy values
which are in the consequent part from the
knowledge base.

In the previous example,
Finng Strength = MFlncrr:us-:(Z)~

Assuming that the last min operator resulted in
a value of 0.66, this step will find the value of Z
that has MFicrease €quals 0.66, where Z is the
recommended percentage of increase in buffer
cache.

e Defuzzification module: the defuzzification
module aggregates the qualified consequents
of the rules to produce the crisp output. The
t-conorm operator (such as max operator)
would be used to aggregate the
recommendations (consequents) of all the
rules.

A.s the example is limited to onc rule fof

simplicity, this step will not be used in it. But if

there are other rules that are used to tune the
buffer cache, i.e., the consequent f)arts contain

Z, each rule may give a recommendation for the

value of Z, all these recommendations are
aggregated via this step through a t-conorm
operator such as max. So the maximum valye
recommended from all the rules will be the
value that the agent recommends.

After we have introduced the architecture of
thfa proposed agent, afew questions arise- Wwill
this architecture be suitable to our problem

Alexandria Engineering Journal, Vol. 40, No. 2, March 2001
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domain? Will the fuzzy inference system be able
to capture the necessary knowledge of database
administration? How the membership functions
will be chosen? What are the interpretations of
the fuzzy membership functions?

5. Case study

Our case study is based on one of the major
commercial database management systems,
which is the Oracle DBMS [18]. We are going to
limit our discussion to performance tuning and
more specifically parameter tuning, as this is
what have been modeled and tested at the time
of writing this paper. In this section we give an
overview of one of the major parameters of the
Oracle database which is the buffer cache and
present one of the linguistic rules that is
practically used and the membership functions
that are used in our fuzzy model.

In Oracle databases, the database buffer
cache is a memory structure that consists of a
number  of buffers specified by the
db_block_buffers parametey. Each buffer has
the same size of the database block that is the
most granular unit of data storage used by
Oracle and can contain several rows of table
data. The buffer cache stores data that is
needed by SQL statements issued in user
processes. The buffer cache improves the
performance of subsequent SELECT statements
on the same data, and allows Oracle users to
make changes quickly in memory. We are going
to consider one of the major linguistic tuning
rules that is practically used [19,20,21] and
which was introduced in the previous section,

‘IF Cache hit ratio is Low and Last increase in
the buffer was Effective THEN buffer change is
Increase.”

We  have considered the following
membership functions to represent the fuzzy
values Low, Effective and Inc.rease.

1 for X < 60
MFLw (X) =
(95- X)/ 35 forX>60

where, X is the hit ratio.

WF of Low

Fig. 3. Membership function of the fuzzy value low.

Note how the hit ratio is calculated, Oracle
collects statistics that reflect data access and
stores them in dynamic performance tables [22].
By retrieving the appropriate statistics through
SQL statements [23,24], the hit ratio is
calculated according to the following formula:
Hit Ratio = 1 - ( physical reads / logical reads)

The SQL statements are issued through the
Database Interface Layer as it is responsible for
communication with the database. In our
implementation the database interface layer is
JDBC. ~
MFefrective (Y) = Y/ 100;

where, Y represents the effectiveness of the last
increase in buffer cache and we calculate it
»:sing the following formula:

(New Hit Ratio — Previous Hit if previous hit
Ratio)/ Previous Hit Ratio * 100, ratio # 0
Y=
100 otherwise.

Fig. 4. Membership function of the fuzzy value effective.

Alexandria Engineering Journal, Vol. 40, No. 2, March2001 £93
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BE of nenase

Fig. 5. Membership function of the fuzzy value increase.

Note that in the initial state (first inference),
it 1s assumed that the previous hit ratio is zero,
i.e, Y = 100.

MFlncreasc (Z) = Z/ 100 :

where, Z is the recommended increase
percentage in buffer cache.

6. Experiments and results

In this section we present some of the
experiments we conducted on our case study.
The experiments are based on the Wisconsin
benchmark for relational databases [25].

6.1. Experiment 1

In this set of experiments, the agent tunes
the buffer assuming that the initiai size of the
buffer cache is 500 blocks.

In Experiment 1.1, the agent has monitored
the workload and calculated the hit ratio
according to the formula mentioned earlier. he
has found that the hit ratio is 72 %. As shown

Table 1
Summary of results for experiment 1

in fig. 6, based on his knowledge base he has
recommended to the DBA to increase the huffe
by 66%, 1.e., to 830 database blocks.

In Experiment 1.2, the buffer cache has been
increased as recommended, the agent has
monitored the workload again, he has
calculated the new hit ratio and found thu
has been increased to 73.57% and s
recommended to increase the buffer cache hy
2%, i.e., to 850 database blocks. Note thatin
this experiment the agent has used the
knowledge that he has learned from Experiment
1.1, so he has just increased the butfer by 2%
compared with 66% in Experiment 1 1 Thisis
the effect of the fuzzy variable Last Increase
This experiment is illustrated in fig. 7.

In Experiment 1.3, the same process has
been applied again but the agent has deduced
that it will not be useful to increase the butfer
again so he did not recommend any increase t
the buffer. Table 1 summarizes the results of
this set of experiments.

Although the hit ratio has just increased
from 72% to 73.77%, the results has shown
that the execution time has been reduced by
10% from 79,542 (msec.) to 71,202 (msec.;

6.2. Experiment 2

To make sure that the agent has worked
properly, the relation between the size of the
buffer cache and the hit ratio is studied rhrough
Experiment 2 by calculating the hit ratio that
results from applying the same workivad
mentioned earlier to different buffer sizes. tuble
2 summarizes the results and table 3 shows a
sample of the details of the collected siatistics
for each experiment conducted in our case
study.

Exp. Buffer Hit Effective Deduced New bulfer
No. size ratio MFuiow mecrease M uercas merease Siz

13 500 72 0.657143 100 1 65.71429 B30

1.2 830 73.57 0.612280 2.180556 0.021800 02 180506 R50

1.3 850 73.77 0.606571 0.27185 0002718 0027185 Mok
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BAF of §oovy

Fig. 6. Fuzzy reasoning of experiment 1.1.

F o 5;.::;-»‘# .

omin

Fig. 7. Fuzzy reasoning of experiment 1.2.
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Table 2

Summary of Results for Experiment 2

M.H. Nagi et al. / Assisting database administrators

Table 3

Summary of Results for Experiment 2.5 (buffer size = iy

Exp. No. Buffer Hit Query code Execution Logical Physical Hit
size ratio Time(msec.) reads reads ratio
2.1 100 66% Wisconsin.001 851 483 42 91%
2.2 200 68% Wisconsin.002 2804 886 122 86%
2.3 300 69% Wisconsin.003 1131 184 90 51%
2.4 400 71% Wisconsin.004 2554 1922 1022 47%
2.5 500 72% Wisconsin.005 260 K 2 33%
2.6 600 72% Wisconsin.006 1753 28 1! 61%
2.7 700 73% Wisconsin.007 6197 2712 483 82%
2.8 800 73% Wisconsin.008 3405 1786 211 88Y%
2.9 900 74% Wisconsin.009 5418 2293 399 8i3%
2.10 1000 74% Wisconsin.0 10 5137 3798 457 88%
2.11 1100 74% Wisconsin.O11 7621 4745 355 93%
212 1200 74% Wisconsin.0 12 5188 3785 354 91%
2.13 1400 74% Wisconsin.013 4917 4308 1428 67%
2.14 1600 74% Wisconsin.O 14 1552 1289 1091 15%
2.15 1800 74% Wisconsin.0 15 28451 9446 3139 07%
2.16 2000 74% Wisconsin.0 16 1512 1122 1088 3%
2.17 2500 74% Wisconsin.017 721 1133 935 17%
2.18 3000 74% Wisconsin.0 18 70 4 2 30%
Overall hit ratic  72%
Table 4
Summary of results for experiment 3
Exp. Bulllcr HiF Effective Deduced New bulfer
No. size ratio increase MPFincrease increase size
3:1 500 86.74 0.236 100 1 23.6 620
;é gjg ggg; g :gg:g; (2).22504 0.02225 02.22504 630
& h 0 0 630
Table 5
Summary of results for experiment 4
Experiment Buffer size Hit Ratio
4.3.1 100 75%
4.3.2 500 87%
4.3.3 600 88%
4.3.4 700 89%
4.3.5 800 899%
4.3.6 900 89%
4.3.7 1000 8994
4.3.8 2000 89%
e [ S 3000 R9Y%

Alexandria Engineering Journal, Vol. 40, No. 2, March 2001
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Table 6
Summary of Results for Experiment 5

Exp Buffer Hit Effective Deduced New buffer
No. size ratio MFLow increase MPFincreas- imcerease s1ze

5.1 500 77.48 0.500571 100 1 i 50.05714 750

5.2 750 79.24 0.450286 2.271554 0.0227 16 02.27155 770

5.3 770 79.28 0.449143 0.05048 0.000505 00.05048 770

Experiment 2 show that the optimum buffer size
is greater than 800 and less than or equal to
900, and this verifies that the agent was
working correctly in Experiment 1.

In Experiment 2.1, the agent has found that
the hit ratio is 86.74%, he recommended to
increase the buffer by 23.6% compared with
66% in Experiment 1.1, although, the buffer
size was the same. He did so because of the
difference in the hit ratios of both experiments.
This is the effect of the membership function of
the fuzzy variable Low shown in fig. 3. Through
Experiments 2.2 and 2.3, the agent has
recommended to increase the buffer by just 2%.
table 4 summarizes the results. Although the
hit ratio has just increaséd from 86.74% to
88.67%, the results has shown that the
execution time has been reduced by 19% from
237,601 (msec.) to 191,997 (msec.).

6.3. Experiment 3

In this set of experiments, the workload is
changed by repeating each query for a specified
number of times to test the behavior of the
agent under a workload that results in a higher
hit ratio. The initial size of the buffer cache is
500 blocks.

6.4. Experiment 4

In this set of experiments, we examine the
relationship between the buffer size and the hit
ratio for the workload of Ex.penment 3. Table 5
summirizes the results.

Note that these experiments show that the
optimum buffer size is greater than 500 and

Alexandria Engineering Journal, Vol. 40, No. 2, March2001

less than or equal to 1000, and this verifies that
the agent was working correctly in Experiment
38

6.5. Experiment 5

In this set of experiments, the workload is a
random gencration of the queries mentioned
earlier 75 times. The initial size of the bufier is
500 database blocks. Through the three
experiments, the agent has recommended to
increase the buffer to 770 database blocks.
Table 6 summarizes the results.

7. Discussion

7.1. Weighting the effect of each of the collected
statistics

In this section, we discuss how the DBA
knowledge can be mapped to the fuzzy model,
as this is a major step in using our agent.

Notice that the DBA may consider the 95%
hit ratio as not Lew, but for the 72% and 85%
he may consider them Low but with different
weights. This difference in weights for these
different values will have its effect on how much
he will increase the buffer (and even how much
he thinks he has a problem at all). Suppose we
are going to express these weights by figures, let
us say that he will weight the 72% as 0 7 Low
and 85% as 0.3 Low. This is typically what the
MFLow is, each point in which represents how
much he weights the effect of the associated
statistics  (or variubles in general). Hence. u g,
8 each MF represents a different model. For a
72% hit ratio, each MF will give a different

[97
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value. This can be seen as modeling the
knowledge of different database administrators
or the same database administrator in different
environments. For example if the DBA will
consider that any hit ratio below 60% (say) is
completely Low, that is what is represented in
MF1. MF2 says that the DBA assumes that any
hit ratic below 80% is completely Low. That
means that he treats any value in that range in
the same way, i.e., he will treat 59% in the same
way as he treats 45%, e.g. he will increase the
butfer with the same amount in both cases. This
is in contrast with MF3 which has a different
value for each hit ratio.

7.2. Weighting the combined effect of collected
statistics

Sometimes the DBA takes his decision
based on more than one statistics, so he
combines all the results sqmehow to produce
his decision. Considering our example for
tuning the buffer, in addition to the Hit ratio, he
will consider also how effective was the Last
increase in the buffer size. Lel us say that the
hit ratio is very low and the DBA has found that
the last increase in buffer was effective, so he
will increase the buffer. In which membership
function is this knowledge? In fact, it is not in a
single membership function, but in the
relationship between the two membership
functions. Each value in MFLw is related
somehow to MFiicrease, .We can see this as if
each point in MFLow divides MFincrease into two
ranges, one which is less than Y1 and the other

which is greater than Y1. This is shown in fig,
9.

Fig. 8. Different membership functions.

So if we have a hit ratio X1, then we will favor
the effect of the Cache hit ratio to that of the
Last increase when Y > Y1 and vice versa
Therefore, not only that each membership
function represents some database
administrator = knowledge, but also the
relationship between different membership
functions of different fuzzy variables represents
another sort of knowledge.

8. Conclusion and future work

This paper described a new intelligent agent
that assists database administrators. The agent
captures the knowledge of the DBA through
fuzzy modeling. It is already implemented i
Java and tested against an Oracle database

W o st ow
—y

Fig. 9. The relationship between different membership functions.
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considering tuning the buffer cache as a case

study.

Preliminary results have shown that the
architecture of the agent and the use of fuzzy
modeling are promising in the area of
supporting database administrators. Simplifying
the task of database administrators through
supporting them via intelligent agents can help
in reducing the Total Cost of Ownership of
database systems and encouraging more people
to use modern database management systems
through reducing the complexity of database
systems.

Many other directions of future work remain
open such as:

» extending the functionality of the agent to
cover other areas of database administration,

+ studying the enhancement of the reasoning
mechanism of the agent through using neuro
fuzzy techniques [26,27,28] such as NEFCON
[29,30] and ANFIS[31,32],

+ studying thie extraction of the fuzzy rules of
database administration and the
corresponding membership functions from
the history of database administration
actions taken by database administrators
and their results, 4

+ extending the features of the agent to be
able to share his knowledge with other agents
through an Agent Communication Language
(ACL} such as Knowledge Query and
Manipulation Language (KQML) [33].
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