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ABSTRACT. An intelligent database monitoring and tuning tool is designed and developed. The tool is an
integration of a learning system, an expert system shell, and a tuning system that is linked to an RDBMS. The
learning system makes use of two learning algorithms to extract comumonalties exhibited by the database
queries. The concepts fearnt by the learning system are verified by a knowledge based system (KBS)
maintaining knowledge about the database application, heuristics, and expertise about database systems. The
KBS is constructed using the expert system shell. The tool is implemented using the programming language C
and the shell Exsys Professional Version 4.0 and linked to the RDBMS Oracle. It is argued that the leaming
algorithms alone are not sufficient 1o arrive at the most suitable tuning decisions as they only recognize the
syntactical forms of the queries. The presence of knowledge based systems makes it possible to see through
the semantic aspects of the attributes involved in the queries.

Keyword(s): Database Systems: Physical Design, Database Administration, Performance, Monitoring, Tuning;
Artificial Intelligence: Concept Learning, Expert Systems.

1. Introduction

A relational database system should be able to serve the users in a timely, responsive,
and cost-effective manner. To achieve these objectives, monitoring the performance of
the databasc and taking corrective actions to enhance service to the users are important
functions which greatly contribute to the acceptance and success of the database.
Monitoring the performance is necessary in evolving and large database applications
where maintaining an optimal performance of the database is of utmost importance.
Monitoring the performance and anticipating potential problems allow for tuning the
system appropriately to maintain a proper level of performance. Tuning the system may
require reorganization of the physical database which, in turn, may affect the logical
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database. This indicates that the process of monitoring and tuning a database can be of a
complex nature. Thus, a careful planing for such a process is necessary.

In relational database systems, a query optimizer determines the optimal
execution plan for a given query using the available structural information, but it does
not add any new performance tuning mechanism to the database [9]. Consequently,
monitoring and fine tuning the system's performance becomes the responsibility of the
Database Administrator (DBA). The growing demands of modern and complex database
applications have made this task more difficult to be handled by a human-being (i.e., the
DBA). Although some monitoring tools have become an integral part of the database
packages, they lack the ability of fine tuning the system. Such tools provide some sort of
bench-marking facilities which assist the DBA to analyze the information collected by
the tools and take proper action manually to correct the problems 3, 18, 19].

The information that are collected while monitoring a database includes
transaction execution time, number of database accesses per transaction, number of
database accesses per table, number of database accesses per disk pack, transaction
response time, number of ad-hoc queries processed and their characteristics with respect
to database access, record type access, etc. Such information is then used to tune the
performance of a specific statement of the query language such as SQL, the performance
of a specific database application, and/or the overall performance of all concurrent users
and applications [16, 18].

The tning of a database starts at the physical level, and this is usually
accomplished by adjusting new indices [5]. Adjustment of the new indices without any
proper planning may result in a worse performance. The process of adjusting indices
should take into consideration the proper situation, location, and structure [12].
Moreover, it should be clear where and when those indices should be added or removed.
This variable nature of indices is due to the changes in the real-world needs that are
represented by the structure of the database at hand. It is observed that an effective
tuning decision depends on accurate comprehensive and useful information collected
through monitoring.

The impact of tuning the database system based on the information that are
collected during monitoring has been observed in actual application environments. For
example, while working on a large database for a telecommunication organization
running DB2 on an IBM machine, the response time for some application program was
reduced from ten hours to two hours after a proper monitoring and tuning. Although, it
still is a long execution time for an application program, it demonstrates the role tuning
plays in improving the performance of a database system, The availability of some

additional information might have made it possible to further reduce the response time
[22, 23, 24].



An Intelligent Tool for Boosting . . . 23

Several work to enhance the database performance is available in the literature
[2, 3,4, 10, 11, 12, 19, 21, 26]. Related to our work is that in [12] where several learning
algorithms (6, 7, 13, 14, 17] are discussed and studied. They conclude that the learning
algorithms UNIMEM [13] and COBWEB [6] are suitable to extract useful information
from database queries. They propose some modifications to these algorithms to take into
account pertinent database operations such as Join. We follow their findings and adopt
their modified algorithms in the implementation of our too}. However, we note here that
the learning algorithms seem to address the syntactical aspects of the attributes
appearing in the queries, but fail to realize the semantic aspects of the attributes.

Further, the work in [12] is not integrated into any DBMS due to their LISP
implementations (12, 13].

In this paper, we report on the design and development of a tool which is
intelligent and integrated with the Oracle DBMS. The tool partly uses two learning
algorithms UNIMEM and COBWEB to collect information about the queries based on
their syntactical forms. It uses knowledge maintained by the expert system shell about the
database (o unveil the semantic properties of the database attributes. These syntactical
and semantic information are consolidated to suggest appropriate and valuable actions to
fine tune the database. The tuning is further automated by incorporating knowledge about
the database, heuristics, and expertise collected from a variety of DBAs and maintained
by the expert system shell Exsys Professional.

The remaining of this paper is organized as follows: In Section 2, we outline and
compare the main features of the learning algorithms, UNIMEM [13], COBWEB|[6],
and CLASSIT [7]. In Section 3, we give the architecture of our proposed tool and
describe its components. In Section 4, we describe the knowledge acquisition phase of
our tool. In Section 5, we discuss the behavior of the system on a real-world database

application and point out pertinent remarks. Finally, in Section 6 we give our conclusion
and future work.

2. The Learning Algorithms

The classification properties of the learning algorithms [1, 6,7, 8, 13, 14, 17]
such as UNIMEM [13], COBWEB [6], and CLASSIT (7] appear to be useful in
extracting commonalties from the database queries. The extracted information may be
used for improving database performance. The learning algorithms build hierarchies of
concepts. Bach concept in the hierarchy represents a classification of examples in the
selected domain. The input to the algorithms is a series of examples (or instances) that
are fed one at a time. Each instance is represented as a set of attribute-value pairs.
Although the incoming instances are not pre-classified, the algorithms can detect
similarities and organize the instances into a concept hierarchy. These algorithms are
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unsupervised learning algorithms which are capable of learning the concepts through
observation of their positive instances. They are able to learn incrementally, updating the
concept hierarchy as a new instance arrives. All these algorithms perform the task of
conceptual clustering by generating a concept hierarchy, but differ in the methods by
which the concept hierarchy is maintained. They also use different evaluation functions
to add an instance to the concept hicrarchy. In the concept hierarchy generated by the
algorithms, the nodes at higher levels represent general concepts, and those at the lower
levels in the hierarchy represent sub-generalizations of the higher level nodes, i.e., the
children are more specific concepts of the parent node. In CLASSIT, concepts lower in
the hierarchy have attributes with lower standard deviations. In COBWERB, the instances
input to the algorithm are stored only at the terminal nodes of the concept hierarchy.
CLASSIT and UNIMEM store an instance in a concept which need not to be a terminal
node. A complete example of the construction of concept hierarchies using UNIMEM
and COBWEB, which are implemented in our tool, is given in section 5.1.

A brief comparison among the three learning algorithms is given in Table 1. The
algorithms are analyzed and compared with respect to knowledge representation, the
search mechanism, the information that can be derived from the knowledge stored in the
hierarchy, overlapping concepts (i.e., an instance is classified in more than one concept),
and performance of the hierarchies.

3. The Proposed Tool

The proposed tool makes use of the learning algorithms and the database
knowledge to analyze user's queries on a database and attempt to arrive at possible tuning
suggestions. This is illustrated with an example in Section 5.1 and Section 5.2. The
suggestions are passed to the tuning module of the toel which performs the restructuring
of the database. The proposed tool also makes use of an expert system shell, which
maintains a knowledge base to facilitate the tuning function of the database. The tool also
performs possible reorganization of the database under the supervision of the database
administrator (DBA). The overall structure of the proposed tool is illustrated in Fig. 1.
In the next sections we describe the main functions of each of its components.

3.1. The expert system shell

The shell is a back-end component of the tool which is used to assist the learning
system to learn about the database attributes, and the tuning system to make appropriate
tuning actions. The learning system uses the knowledge stored in the shell about the
queries and the database at hand. This knowledge is based on the heuristics and
characteristics of the actual attributes of the input queries as they are stored in the data
dictionary. The tuning system uses the knowledge constructed from the information
obtained from the learning system, database expertise, previous experience (from the
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Table 1. Comparative summary of the algorithms

Characteristic Unimem Cobweb Classit
& Nominal, single
1- Attribute value and multivalued ¢ Nominal, single ® Reai-valued
' (sets) valued
® numeric
2- Concept descriptions ® Terminal and @ Terminal nodes ¢ Terminal and
non-terminal non-terminal
nodes nodes
3- Handling missing
values ® Yes ® Yes ® Yo
® No
4- Overlapping concepts ® Yes ® No
- Hill climbing search ® Yes ® Yes ® Yes
6- Concept deletion ® Yes (deletes an * No ¢ No.
overly specific
concept)
7- Sensilivity to the * Yes ® Node merging and node splitting operators
order of inputs are provided to recover from the sensitivity

of the hierarchy to the order of inputs

8- Supports multiple L .. L .
inheritance
9- Handles exceptions e Yes .. ..
10- Predictive ability ®* No ® Yes . % Yes
11-Representation of ® No ® No ® No
ignorance
12-Overlapping domains
® Yes ® Ng ® Yes
UTS Expen system shell
Qugries Inference
Engine
(o2 ) (oL ) Kaowledge
§ — Structure

- % .

owledge
Data :
Dictionary

Fig. 1. System architecture of the proposed tool.
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DBA), and heuristics as well as the characteristics of the DBMS at use. The knowledge
is represented in the form of rules. A sample of the rules is given in Table 2 and
explained in Section 4.2. The shell also uses the statistics that can be obtained from
statistical tool which is an integral part of the database management system. The shell
checks for the consistency of the statistical data, that are collected when the queries are
executed, with the information obtained from the learning system. A sample of the
statistical data is given in the Appendix. The shell adopted for our tool is a readily
available rule-based system. Simplicity, availability, and connectivity were the main
criteria to select the shell [15, 20]. We integrated Exsys Professional Version 4.0 for
Windows as part of our system. This shell supports forward and backward chaining
inferences for all or specific parts of the knowledge base. Its connectivity with other
programs and applications is done via calls, datafiles, direct commands, etc. This makes
it flexible for automatic and real time data acquisition. It also makes it possible to
perform certain calculations using routines that are written in a programming language
such as C which is being used in the development of our tool. These routines are
activated by the rules to perform necessary calculations to assign values for the
appropriate parameters that appear in the rules (see Table 2),

Table 2. A sample of the rules
If No_of_Concept_Levels =5 and Level_of_Concept =2 then Concept_Level = HIGH

If Table_Size = LARGE and DASD_Availability = YES and
CPU_Power_Availability =LOW and DBMS_Buffer_Size =MEDIUM and
Type_of_Table_Applications = CRITICAL  then Index_Construction_Overhead = HIGH

If Concept_level = HIGH and Concept_Example_Number = HIGH and
Concept_No_of Features = HIGH and Concept_No_of Descendants = NONE then
Concept_Worthiness = HIGH

If Feature_Contribution = MEDIUM and Table_ Contribution = HIGH
and Query_Performance = LOW then Initial_Index_Indicator = HIGH

If Index_Used_On_Feature =YES and Index_Used_On_Other_Features = HIGH and
Sort_Involved = YES and Join_Performed = YES then
Query_Plan_Overhead_Characteristics = EXCESSIVE

If Query_Execution = LONG and Query_Plan_Overhead_Characteristics = EXCESSIVE and
Query_Expected_Results = SHORT  then Query_Performance = MEDIUM

If Object_Number=MANY and Join_Methed_Used_In_Plan = MERGE then
Index_Join_Applicability = YES
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3.2. The tuning system

The tuning system uses the expert system shell to suggest appropriate uning
actions for the database. It is semi-automatic and it may require the supervision of the
DBA to perform the correct decision during the reorganization process of the database. It
consists of two basic subsystems (see Fig. 2): The Main Process Subsystem(MPS) and
the Input Process Subsystem(IPS).

IPS
f’( CHC D) N
o )
( DBMSC )
( DBMS-MT )
k( DBA-E D) P

Fig. 2. The tuning system.

The Input Process Subsystem (IPS) is responsible for managing all requests for the
MPS. It is the interface of the tuning system with the DBMS, learning system, and the
DBA. It consists of five modules (see Fig. 2) which are outlined as follows:

The Conceptual Hierarchy Conversion module (CHC): This module provides the MPS
with the conceptual hierarchy’s related knowledge which includes parameters such as the
number of concept levels, classified examples, and features.

The Object Information module (OI}: This module provides the MPS with the
information related to the DBMS objects. Such information is mainly obtained from the

data dictionary (DD). Tt includes parameters such as object type, table size, number of
table attributes, and average number of attributes.

The DBMS Characteristics module (DBMS-C): This module monitors resources of the
operating system s pertaining to the DBMS. It also provides information about the
various options available by the DBMS. The information provides values for the DBMS

parameters such as buffer size, number of pages in the buffer, and the DBMS indexing
support.

The DBMS Monitoring Tools module (DBMS-MT): This module analyzes the query
plans. It provides information for parameters such as the query execution time, join
Method, and type of table applications.
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The DBA Expectation module (DBA-E): This module provides information on
parameters such expected use of indices, expected CPU time, and expected use of
resources.

The Main Process Subsystem (MPS) is responstble for analyzing the inputs from
the IPS and the monitoring tool with the assistance of the expert system shell. It then
generates possible tuning suggestions. It follows the steps given in Fig. 3, and consists of
two modules: the Conceptual Hierarchy Manager Module (CHMM) and the Plan
Manager Module (PMM) which are outlined below. A more detailed description of the
tuning system can be seen ip [22, 23].

a. The Conceptual Hierarchy Manager Module (CHMM): This module analyzes the
information provided by the learning system together with the collected knowledge,
the same way a DBA would, to produce possible tuning actions (an initial tuning
plan). It works in three phases (see steps 1 to 4 in Fig. 3). In the first phase, the
position, contents, and number of related queries of a concept within the conceptual
hierarchy are examined to determine how valuable the concept is. In the second
phase, CHMM examines the characteristics of each feature, the database objects it
references, and the performance of the queries which contain it to decide whether
an index should be created or not. In the third phase, the structural features of the
suggested indices are recommended.,

b. The Plan Manager Module (PMM) receives the initial tuning plan from the CHMM
and applies several tests on the plan to arrive at a final tuning plan to be applied
directly to the target database. Some of the tests performed by the PMM require the
expert system shell to make use of the DBA's knowledge that has previously been
acquired and stored.

3.3. The learning system

This system generates part of the information based on the database queries. It
cxecutes the two learning algorithms that provide for the construction of hierarchies of
features in the queries to identify repeating queries. A discussion about the behavior of
the algorithms using an actual database is given in Section 4.2. The algorithms were
implemented using the programming language Con a SUN SPARC 690MP with UNIX
platform. The learning system is linked to the Oracle database management system
running on the same server. Ioannnidis et al {12] discuss an implementation of the
algorithms using LISP. Their work is not a part of an integrated monitoring and tuning
tool, and it is not directly used by a specific DBMS. The choice of the programming
language LISP makes it difficult to use their work with a commercially available DBMS
for automatic monitoring and tuning.
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1.

2.

6.

For each node (concept) in the concept hierarchy:
Examine whether the concept is valuable (i.e., whether the concept is worth considering) or not.

For each valuable concept:
Assign a judgment value (“LOW™,
“MEDIUM", or “HIGH"} to the feature indicating its contribution, call it feature contribution.

Examine the information of the table pertaining to the attributes in the feature and assign a
judgment value indicating the effect of such information, call it table contribution.

Examine the information in the query execution plan and assign a judgment value identifying the
contribution of the parameters in the execution plan, call it plan contribution.

Use the feature, table, and execution plan contribution to assign a judgment value on how applicable the
feature’s attributes are for indexing.

Use the type of the feature operation, the number of tables, the DBMS's parameters to suggest a possible
indexing structure,

The suggested indices from step 3 together with the suggested structures constitute a preliminary tuning
plan, referred to as the initial tuning plan.

Use the table and environment information to assign a judgment value for possible overhead arising from
the index construction arrived at in steps 3 and 4, call it overhead value.

Use the overhead value to determine the practicality of the suggested indices from step 3 and 4. All
indices that are considered practical constitute the final tuning plan.

Fig. 3. Steps of the tuning system.

The algorithms build concept hierarchies based on the input that arrives. The resultant
concept hierarchy may be non-linear. Therefore, the data structure is defined around a
non-linear hierarchy tree. Each node of the hierarchy representing a concept is a
combinavion of two lists: A list that maintains the names of instances which are added to
the concept and another list which maintains the list of features. The data structures are
expressed using self-referential pointers in the programming language C as follows:

The list of instances stored at the node is represented as:

typedef struct list_instance
{char item{25];
struct list_instance *next;
} inode;

Each feature is represented by the name of the attribute, the value, and the confidence
value. The list of features is represented as follows:

typedef struct feature_Jist
{char attr[20];
char value[20];
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int feature_conf; /* UNIMEM stores feature confidence values */
struct feature_list *next;
} fnode;

The hierarchy is represented by the tree structure as follows:
typedef struct hierarchy_node /* identifies a concept node in the hierarchy */
{inode *in;
fnode *fm;
struct hierarchy-node *left, *right;
} hnode;

The hierarchy_node type definition identifies the concept node of the clustering
hierarchy. The left pointer points to the child node and the right pointer points to its
sibling (see the following figures):

The inputs to the algorithm are attribute-value pair represented as follows:

typedef struct /* an attribute-value pair defines an instance feature */

{
char attr [20];
char value [20];
} atval

An instance contains a set of features, and each feature is a representation of an attribute
and its value.

The input to the learning system is a set of queries. The module parses the queries
and extracts features from them. Features are represented as attribute-value pairs. The
extraction of the features is done by the first module of the learning system which parses
the incoming queries. At the beginning, the input data to the learning system are
unclassified. The goal is to achieve a classification of these instances and to build
conceptual hierarchies indicating the frequencies of the database attributes appearing in
the queries. The important information of these hierarchies is passed on to the tuning
system after validating it with the knowledge maintained by the expert system shell. The
tuning system uses such information together with the information obtained from the
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built-in database tools and pertinent knowledge from the expert system shell to suggest
certain tuning actions to boost the performance of the database systemn. Such tuning
actions may result in the reorganization of the database.

4. The Knowledge Acquisition

The knowledge collected for our tool is divided into two categories: application
specific and general database performance knowledge. The application specific
knowledge is dependents on the application at hand and is acquired during the design
phase of the database application. Such knowledge helps in understanding the semantics
of the attributes. The general database performance knowledge requires a special
research and acquisition procedure. With the exception of the specific DBMS
information, such knowledge will be permanently available with the system and itis
applied to identify possible tuning actions as explained in the university database
example in Section 5.2.

The general database performance knowledge was acquired from two primary
sources: Domain experts and textual documents. The domain experts considered are
experienced database administrators (DBAs) and application programmers. A number of
DBAs and application programmers were selected for interviews and queslionnaire
surveys. The documents that were taken into accounts included available literature as
well as performance and training manuals from various vendors such as available
documents on IBM DB2 V-2.3 RDBMs and Oracle V-7.1 (more details can be seen in
[25D).

In acquiring textual knowledge from the available documents, related books and
research papers were reviewed first. Such documents were helpful in establishing_the
foundation necessary for understanding the theoretical aspects of the monitoring and
tuning process. The manuals were found helpful in unveiling related monitoring and
tuning parameters, and in explaining aspects such as tuning applications, performance
problems, frequencies of tuning, etc. In other words, pertinent monitoring and tuning
parameters were identified through the textual knowledge acquisitions. These parameters
were explored in the domain-expert knowledge through questionnaires and interviews
with a selected group of DBAs and application programmers.

The domain-expert knowledge acquisition addressed mainly the technical know-
how aspects of the monitoring and tuning process. Before acquiring the desired
knowledge from the domain experts, presentations of our views of a monitoring and
tuning tool were given (o the participants. A set of questionnaires was then developed
and delivered to the participants. Following that series of interviews were scheduled
with the participants. The interviews appear to be the more productive acquisition
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methods for both sides despite being time consuming. The interviews addressed aspects
such as the tuning techniques and their effectiveness, the situations to be considered, the
monitoring tools, extracting knowledge from the monitoring tools, and the indexing
techniques.

As a result, a set of about 700 rules were developed. These rules constitute the
knowledge base of the tool. The knowledge base is validated by the expert system shell
used, namely, Exsys Professional Version 4.0 for Window. Exsys is equipped with a
validation function which when invoked, it performs a completeness check of the rules as
well as any possible contradictions that may arise from different rules in the knowledge
base.

The rules address the various parameters collected in the acquisition phase and
the interrelationships among them. Each parameter belongs to one of five interrelated
categories which constitute the domain of the knowledge base. These categories are: the
hierarchies constructed by the learning algorithms, the DBMS object information from
the data dictionary, the DBMS characteristics, the DBMS monitoring statistics, and the
DBA heuristics. The hierarchies provide information that are " related to the concepts
(their levels and frequencies), classified queries, syntactic aspects of the attributes, etc.
The DBMS object information includes: referenced object type, table size, average
number of attributes in a database, etc. The DBMS characteristics include: the buffer
size, buffer number of pages, CPU power availability, etc. Information from the DBMS
monitoring statistics include: execution time, join method used in plan, table position in
plan, etc. The DBA heuristics include: expected use of indices, suitable index structures,
expected CPU time, expected use of resources, etc.

The parameters in the rules are assigned numeric values as well as judgment
values such as “LOW”, “MEDIUM?”, and “HIGH”. For example, the parameters “No-of-
Concept-Levels” and “Level-of-Concept” in the first rule in Table 2 arc assigned the
values 5 and 2 respectively indicating the number of levels in the hierarchy and the level
at which the concept appears. The contribution of both parameters suggests the
assignment of the judgment value “HIGH” to the parameter “Concept-Level” in the same
rule indicating that the concept appears at a high level of the hierarchy which means that
features in this concept are of special importance. This is based on experiments with the
hierarchies generated by the learning algorithms as also observed in [12]. The judgment
value may also be obtained through the invocation of attached procedures to approximate
certain numeric values for the parameters depending on their natures. These are the
routines (that are written in the programming language C) alluded to earlier which are
invoked by Exsys automatically upon the activities of a pertinent rule. In some cases,
numerical scales have been developed based on heuristics and DBA’s expertise. A
parameter may be assigned a value, that fall within a corresponding scale, which will be
in the range of the value “HIGH”, “MEDIUM", or “LOW”, A parameter may also be
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assigned a value as a result of assigning various values to different but interrelated
parameters that affect it. For example in the second rule in Table 2 the value “HIGH” is
assigned to the parameter “Index-Construction-Overhead” to indicate the cooperative
effect of the parameters Table-Size, DASD-Availability, CPU-Power-Availability,
DBMS-Buffer-Size, Type-of-Table-Application when they are assigned the judgment
values, “LARGE", “YES” “LOW”, “MEDIUM”, and “CRITICAL", respectively.

The rules together with a set of attached procedures (C routines) are used to
suggest the possible benefit from the application of indices to the tables in question and
the suitability of a given attribute to be taken as an index. In addition, an appropriate
index structure will be suggested. An index may be structured as a B-tree, B*-tree, or a
hash structure. For example, “index_Structure_Information=BPLUS” indicates that a
B*-tree structure 1is suitable for the situation at hand. The choice of an appropriate index
structure is based on the information available about the queries, the tables, the attributes,
and the heuristics and essential knowledge about the database system which is
incorporated in the knowledge base.

4

5. A Case Study

A database example is employed to experiment the proposed system and to gather
statistics on a set of queries. The database example is of a reasonable complexity and it 1s
representative of the real-world databases. The database is for an educational institute
with several colleges each of which has several departments. Each department offers
several courses for students. A department has several instructors teaching different
classes in different rooms. A portion of the schemes of this database is given in Table 3,
We refer to this database as the university database.

The database was created and loaded with real data on Oracle database
management system (DBMS), Version 7.12 running on the SUN machine. Several
queries were cxecuted and statistical data was collected through the utilities provided
with the Oracle DBMS. The queries were also fed to the learning system to collect
information to be used for tuming purposes.

Table 3. An example database - university database

COLLEGE = [CG-CODE, CG-NAME, ADDRESS]

DEPARTMENT = [D-CODE, D-NAME, CG-CODE]

INSTRUCTOR = [I-ID, I-NAME, RANK, PHONE, SEX, D-CODE, LOAD]

STUDENT = [5T-ID, ST-NAME, ST-LEVEL, ST-CR-HRS, MAJOR, AGE, D-CODE]
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5.1. Query analysis

In this section, we discuss the behavior of the learning system implementing the
learning algorithms UNIMEM and COBWEB. A sequence from the following input data
extracted from queries on the university database were fed to the learning system:

Q1: (DEPARTMENT.D-NAME = "C5") (DEPARTMENT.D-CODE =
INSTRUCTOR.D-CODE) (INSTRUCTOR.LOAD = 10)

Q2: (DEPARTMENT.D-NAME = "CS8") (DEPARTMENT.D-CODE =
INSTRUCTOR.D-CODE)

Q3: (DEPARTMENT.D-NAME = "CS§"} {(DEPARTMENT.D-CODE =
INSTRUCTOR.D-CODE) (INSTRUCTOR RANK = "PROFESSOR™)

Q4 : (DEPARTMENT.D-NAME = "CS"}DEPARTMENT.D-CODE =
STUDENT.D-CODE)(STUDENT.ST-LEVE = 4)

Q5: (DEPARTMENT.D-NAME = "CS") (DEPARTMENT .D-CODE =
STUDENT.D-CODENSTUDENT.ST-LEVEL = 4)STUDENT.ST-CR-HRS> 20)

Q6 : (INSTRUCTOR.SEX = "FEMALE) ( INSTRUCTOR.LOAD = 10)
( INSTRUCTOR.RANK = PROFESSOR)

Q7 : (STUDENT.ST-LEVEL = 4) (STUDENT.ST-CR-HRS > 20)

Q8 : (DEPARTMENT.D-NAME = "CS") (DEPARTMENT.D-CODE =
STUDENT.D-CODE) (STUDENT.ST-LEVEL = 4) (STUDENT.ST-CR-HRS > 20)
(STUDENT. AGE<20)

Given the sequence Qt, Q2, Q3, Q2, Q2, Q1, Q1, Q2, Q4, Q5, Q4, Q5, Q2, Q5, Q6, Q7,
Q8, Q2, Q8 formed from the above queries as input to the learning system’s module
implementing the UNIMEM algorithm, the module constructs the concept hierarchies as
depicted in Fig. 4 to Fig. 10 and explained in Step 1 through Step 6.

The UNIMEM module uses depth-first search strategy to update the hierarchy. As
unclassified instances arrive, the module searches down the hierarchy to match the
features of the unclassified instance with the features stored at a concept to form new
concepts. Feature confidence values are stored with every feature in the concept and are
modified with every new query entering the system. The result of the module isa
dynamically changing hierarchy with incoming queries. The result of clusteringis a
concepl hierarchy. Nodes at the higher levels may contain useful monitoring information.
Features with high confidence values at the higher levels of the hierarchy are analyzed.
The attributes appearing in such features may be considered for indexing that
corresponding tables provided that the semantic of the database captured by the
knowledge (maintained by the expert system shell} supports such suggestions. The result
of the UNIMEM module on the set of queries for our example database is given in the
hierarchy structure of Fig. 10. The details of the construction of the concept hierarchies
are given in Step 1 through Step 6 and in Figure 4 through Fig.10.

Step 1: The system initializes its hierarchy to a single root-node. A concept is created at
the root. Since this is the first instance, no classification takes place. Fig. 4 demonstrates
the resuit of Step 1.
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Step 2: When the second query enters the system, the UNIMEM module creates a child
node and computes the frequency counts (shown in brackets) of the extracted features
based on the similarity among them. The first two features in Q1 match with that in Q2.
Fig. 5 demonstrates the result of Step 2.

Step 3: Now Q3 is observed. Q3 is first placed at the root and a depth-first search is
applied to the concept hierarchy. It finds Concept-2 and tries to match its features with
that of Q3. The match is successful with respect to the first two features of Q3. Q3 is
placed in Concept-2 and the corresponding feature counts are updated. The resulting
hierarchy 1s shown in Fig. 6.

Step 4: After the submission of Q2 twice, the hierarchy is updated in the same way as
pointed out in Steep 3. The structure of the hierarchy does not change but the features
counts in the node of Concept-2 are incremented. When Q1 is resubmitted, the first two
features are matched and the third one creates a new child node since Q1 is detected as
previously stored instance. The third submission of Q1 does not change the structure but
updates the frequency counts of the corresponding features. Similarly, the re-submission
of Q2 and Q4 updates the counts but causes no change in the structure. Fig. 7
demonstrates the hicrarchy after the sequence: Ql, Q2, Q3, Q2, Q2, Ql1, Q1, Q2, Q4.
When Q35 is submitted, its first three features match with the features of Q4 which arc
found at the root. As aresult, a new node is created for the matching features of Q4 and
Q5, namely, DEPARTMENT.D-NAME="CS", Department.D-Code=Student.D-Code,
and Student.St-Level=4. The frequencies counts are updated across the hierarchy. As a
result, the frequency count of the feature in the node for Concept-3 decreases which
leads to the delction of that node. Fig. 8 shows the resulting hierarchy, This module of
the learning system has lost some of the information that was previously learnt. This is a
characteristic of UNIMEM which is implemented by this module.

Step S: Submission of Q4 updates the frequencies but causes no change in the hierarchy.

Submission of Q5 creates a new node in a similar fashion as pointed out earlier. Fig. 9
depicts the new hierarchy. '

Step 6: Submission of the queries Q2, QS, and Q6 updates the frequency counts but
leaves the hierarchy unchanged. Finally after the submission of the remaining queries Q7,
Q8, Q2, and Q8, the hierarchy in Fig. 10 is constructed in the same way as explained
earlier. This is the final hierarchy constructed by the learning system module
implementing UNIMEM. It should be noted that if the sequence of queries changes then
a different hierarchy my be generated.

Figure 10 shows a three-level concept hierarchy which is the output of the
learning system’s module implementing UNIMEM when it is fed with the input queries.
The root at the zero level represents unclassified concepts, namely, Q6 and Q7. This
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means that Q6 and Q7 were not repeated. This does not mean that the features appearing
in such queries should be discarded. This is due to the nature of the application at hand.
Information from nodes other than the root of the conceptual hierarchy indicates that the
features in Q7 may be useful. However, no observation is made for the features of Q6.
Consequently, it is reasonable therefore to discard Q6 but not Q7. Therefore, it is
concluded that in database applications the information provided by the root of the
hierarchy may not be sufficient to discard or qualify certain concepts. Knowledge about
the semantic of the database is necessary to support or refute the suggestions from the
learning system.

Concept-1
Stored instances: Q1

Fig. 4. Result after Q1 (Root is initially empty).

Concept-1
Stored Instances: None
Features: None

Com:ept -2
Stored Instances: QI, Q2
Features: DEPT.D-Name="CS" (2)
DEPT.D-Code= INSTR-Code  |2]

Fig. 5. Result after Q1, Q2.

Concept-1
Stored Instances: None
Featores: None

l

Concept-2
Stored Instances: Q1, Q2,Q3
Features: DEFT.D-Name="C58" [3]
DEPT.D-Code= INSTR-Code (3]

Fig. 6. Result after sequence Q1, Q2, Q3.
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Concept-1
Stored Instances: Q4
Features: None

l

Concept-2
Stared Instances: Q1, Q2,Q3
Fealures: DEPT.D-Name="CS" [9]
DEPT.D-Code=INSTR-Code 7]

1l

Concept-3
Siwored Instunces: Qi
Features: Instructor.Load=10 {1]

Fig. 7. Result after the sequence Q3, Q1, Q2, Q3, Q2, Q2, Q1, Q1,Q2,Q4.

Concept-1
Stored Instances: Q4
Features; None

/\

Concept-2 Congepl-4
Stored Instances: Q1. Q2,03 Stared Instances: Q4,05
Features: DEPT.D-Name="C58" [10] Feawures: DEPT.D. Nume="CS" [2]
EPT.D-Code= INSTR-Code  [6) DEPT.D-Code=STUD.D-Code [2]
TUD.ST-Level=4 121

Fig. 8. Result after the sequence Q1,Q2, Q2, Q2, Q1,Q1, Q2, Q4, Q5.

Concept-1
Stored Instances: Q4
Features: None

T

Conceps-2 Concepl-4
Stored Instances: Q1, Q2,03 Stored Instances: Q4,05
Features: DEPT.D-Name="CS8" [12] Features: DEPT.D.Namc="CS" [4]
DEPT.D-Cade= [INSTR-Code (4] DEPT.D-Code=STUD.D-Code [4]
TUD.ST-Level=4 14]
Concepl -5

Stored Instances: Q5
atures: STUD.St-Cr-Hrs>20

Fig. 9. Resuit after the sequence Q1, Q2, Q3, Q2, Q2,Q1, Q1, Q2, Q4, QS, Q4, Q5.
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Concept-1
Stored Instances: Q6,Q7
Features: None
Concept-2 Concept-4
Siored Instances: Q1. Q2,Q3 Stored Instances: Q4,05
Features: Features: DEPT.D.Name="CS" [7)
DEPT D-Name="CS" [15) DEPT.D-Code=STUD.D-Codz [3]
DEPT-Code=INSTR-Code [1] STUD.ST-Level=d 151
Concept-5
Stored Instances: QS

Features;
STUD.ST-CR-HRS>20

|

Concept-6
Stored Instances; Q8 :
Features: STUD.Age<20 (2]

(q72 )

(T2

Fig. 10. Result after the complete sequence of the input queries to UNIMEM.

Now, we look at the information provided by the rest of the hierarchy nodes
depending on the level and the frequency counts of the features. The higher the level the
more pertinent the count is. The nodes at level one (a high level) indicates high count for
the feature DEPARTMENT.D-NAME= “CS” (F1). This suggests that special attention
should be given to the attribute “D-NAME” of the table “"DEPARTMENT". Further
analysis concerning the type and applicability of “D-NAME” as an index, and the
associated overhead leads to a proper decision of whether a tuning action with respect to
“D-NAME” should take place or not. The knowledge stored in the shell is used to
support or refute the learning system findings so that a proper tuning decision is reached.
Obviously, the characteristics of this attribute in this database confirms the suggestion of
the learning system when UNIMEM is applied.

The nodes in the same level (ie., level 1) show a medium count (considering the
input queries) for the feature DEPARTMENT.D-CODE=STUDENT.D-CODE (F2).
Considering the conclusion reached from feature Fl, this provides a confirmation to
consider indexing on “D-CODE” for the table “DEPARTMENT". However, consultation
of the expert system shell is necessary to raise the confidence to index “STUDENT” on
the foreign key “D-CODE”. The frequency count of the feature DEPARTMENT.D-
CODE = INSTRUCTOR.D-CODE does not provide sufficient confidence to consider
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“D-CODE” as a foreign key for “INSTRUCTOR”. The count for the feature
STUDENT.ST-LEVEL=4 (on level 1) suggests consideration of indexing “STUDENT”
on “ST-LEVEL". Such information will not be supported by the knowledge acquired
about the database which should prevail in this case. The frequency counts for the
features appearing in the nodes in the second and third levels are not high enough to
pursuc the attributes appearing in these features. Such information agrees with the
knowledge acquired about the database.

The analysis of the concept hierarchy constructed by the learning system when
applying the UNIMEM module suggests that the information learnt by such an algorithm
should always be verified by the heuristics and knowledge about the database at hand and
which is provided by the experts system shell. Further, the learning module may not
provide important information about certain attributes. Such information can be obtained
from the knowledge base maintained by the tool. The simple computation involved in
constructing the hierarchies using UNIMEM makes this algorithm attractive. The

Jntegration of a learning system based on UNIMEM and the expert system shell should
prove useful in providing sound suggestions to arrive at appropriate and correct tuning
actions,

Figure 11 depicts the resulting concept hierarchy when the learning system applies
the COBWEB algorithm. Each node indicates the probability of the concept P(C), and
the probability and frequency count of the features. The frequency-count represents the
number of times a concept has seen that feature. The frequency-count is displayed along
the features only in the internal nodes of the hierarchy. However, in the actual
implementation they appear along each features stored in every node. The frequency-
counts are translated into conditional probabilities of each feature stored at the concept.

The root node of the concept hierarchy in COBWEB is independent of the order
of the incoming queries. The root node may provide important information concerning
attributes that appear in it. The features at the root node that have high conditional
probabilities are considered for further analysis to obtain information of their constituting
attributes. The subtrees of the hierarchy are traversed starting from the root node in the
direction where the conditional probabilities are high, and thus identifying those features
that are more frequently used together in queries. Features with high probabilities at the
root node and which appear also in the internal nodes indicate useful information for
possible changes in the database. For example, the features (DEPARTMENT.D-NAME
= "CS") and (DEPARTMENT.D-CODE = STUDENT.D-CODE) have high conditional
probabilities at the root and appear also in an internal node as indicated by the hierarchy
in Fig. 11.

The root node in the output of COBWEB indicates a high probability for the
feature DEPARTMENT.D-NAME = “CS”, thereby, realizing that the attribute
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“D-NAME” is of a special interest. This agrees with the UNIMEM module and the
information obtained from the expert system shell. It also highlights STUDENT.D-
CODE as an important attribute as it gives it a high probability. This information is not
captured by the UNIMEM module. The knowledge of the expert system working with the
learning system supports such a finding. The COBWEB module favors the feature
DEPARTMENT.D-CODE = INSTRUCTOR.D-CODE which is not indicted by the
UNIMEM module as favorable. The UNIMEM module misses this feature as it undoes
some of its learning over time. In this case, the semantics of the database captured in the
expert system shell, laid out as knowledge that was acquired when the database was
designed, indicates an agreement with the UNIMEM module rather than with the
COBWEB module.
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Fig. 11. Result after the complete sequence of the inpunt queries to COBWEB.
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Thus, while the COBWEB module is able to capture information that may be
missed by the UNIMEM module, such information could be extraneous and misleading.
The knowledge stored in the shell seems to be able to correct the findings of the
algorithm by supporting or refuting the suggestion of the learning modules. This is
reasonable since the knowledge addresses the semantics of the database while the
learning algorithms rely on the syntactical form of the queries. The knowledge also gives
consideration to other attributes that may be lost as a result of the dynamic changes of
the concept hierarchy maintained by the learning system. Such attributes may influence
the tuning decisions, Collection of such knowledge for the shell does not introduce extra
overhead as it is automatically provided at the design phase of the database. It should
also be pointed out that the COBWEB module also favors the attributes ST-CR-HRS and
ST-LEVEL which is not favored by the UNIMEM module and not supported by the
knowledge of the expert system shell as prominent attributes. In this case, the findings of
the UNIMEM module and the expert system shell is more reasonable than that of
COBWEB. Considering the computation simplicity of the UNIMEM module, we feel
that the UNIMEM module integrated with the expert system shell should suffice. The
presence of the COBWEB module may be useful for cross checking the findings.

5.2. Working with the tuning system

The tuning system follows the steps outlined in Fig. 3 to arrive at possible tuning
actions. The hierarchies generated by the learning system are passed to the Input Process
Subsystem (IPS) of the tuning system. Using these hierarchies together with other data,
the IPS prepares the data and knowledge needed by the Main Process Subsystem (MPS).
Each module of the IPS is responsible for a specific chunk of such data and knowledge
as pointed out earlier. Considering the university database example, the IPS, through its
first module, passes the information in the hierarchy which is constructed by the learning
system to the MPS. For illustration purpose, we consider here the hierarchy in Figure 10.
The first module of the MPS, namely, CHMM, analyzes the information in the hierarchy
to determine whether a given attribute that appears in the nodes (i.e., concepts) of the
hierarchy is a reasonable candidate for an index or not. In doing so, it first examines
whether the concept itself is worth considering, Due to the characteristics of UNIMEM,
Concept-1, the root of the hierarchy (see Fig. 10) is not considered except for observing
the unclassified examples, namely, Q6 and Q7. Concept-2 in Fig. 10 is tested to
determine further possible investigation of its contents. The test considers the concept's
level relative to the highest level of the hierarchy, its decedents, the examples (quarries),
and the features it addresses. The concept is then assigned one of three values: “HIGH”,
“MEDIUM” or “LOW” to reflect its worthiness of further consideration. The value:
“LOW?” is a basis to reject the concept. In this example, concepts-2 is assigned the value
“HIGH"” which means it is considered for further analysis. Once the concept is accepted
for further consideration, its features are analyzed and assigned a “HIGH”, “MEDIUM”
or “LOW” value to reflect its contribution to the attributes that appear in it. The number
of objects (and their types) addressed by the feature, the frequency of the feature in other
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concepts with the same operation, and the frequency of the feature in other concepts with
a different operation are used to arrive at a value for the feature contribution,
Consequently the feature DEPT.D-NAME= “CS” in Concept-2, is assigned the value
“HIGH”. To arrive at such a value, CHMM activates several rules that deal with the
feature being analyzed, and the parameters influencing the feature together with the
interrelationships among them. Activation of the rules may invoke certain attached
procedures that are written in the programming language C (i.e., the C routines
mentioned earlier) to calculate necessary values of the appropriate parameters.

After determining the contribution of the concept’s features, the CHMM conducts
an analysis of the table involving the attributes of the feature to determine the
suitability of indexing it. The information needed for such an analysis is provided by the
remaining modules of the IPS. The information includes: the table size, the attributes, the
key, the existing indices, the buffer size and its number of pages, etc.

Based on the analysis of the feature DEPT.D_NAME = “CS” in Concepts-2, the
table 1s found suitable for possible indexing on the attribute DEPT.D_NAME. Next, the
CHMM determines an appropriate structure type for the index (e.g., B*-tree) and whether
a clustering scheme is suitable or not. The information needed for determining the index
structure is supplied by all input modules, such information includes: data about the table
and its constituents residing in the data dictionary (DD}, data about the DBMS, data from
the hierarchy rclated to the comcept, the features operation, and encoded knowledge
reflecting the DBAs expertise and heuristics.

At this point, the CHMM produces an initial tuning plan which is a suggestion of
indexing structures (such as B*-tree, clustered B*-tree, etc.) for certain table attributes. In
our example, a hash structure is suggested for the attribute DEPT.D_NAME and a
clustered B*-tree is suggested for DEPT.D_CODE, Because of the information obtained
from the learning system, the suggestions depend on the queries that are being analyzed.

The initial tuning plan is now analyzed by the PMM to confirm that such a plan is
feasible keeping the environment parameters in mind, Such an analysis takes into
consideration the table size, the availability of direct access storage device (DASD), the
CPU power available, the buffer, and the application type (i.c., critical or otherwise).
These parameters were determined by the DBAs who were consulted while developing
the proposed tool. Based on the knowledge pertaining to these parameters and which
reflect the DBAs expertise, the PMM determines possible overhead that may arise during
making such suggestions establishing, therefore, the practicality of the initial tuning plan.
A final tuning plan is then generated. In our example, no excessive overhead is
determined by the system and therefore the final tuning plan is the same as the initial
tuning plan. This is due to the environment under which the experiment was conducted.
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6. Conclusions and Future Remarks

A complete, integrated tool to automate the monitoring and tuning of a database
system has been proposed. The tool consists of three main components: the learning
system, expert system shell, and the tuning system. The learning system and the expert
system shell work together to arrive at useful suggestions to be considered for tuning the
database. The tuning tool further screens these suggestions and works with expert system
shell to refine and implement appropriate and correct tuning actions to boost the
performance of the database. The learning system parses the queries to the database and
extracts features representing certain concepts. Hierarchies for these concepts are
constructed using the learning modules implementing the algorithms; COBWEB and
UNIMEM.

It is observed that the learning algorithms do not necessarily give sound
suggestions about the attributes of the database based on their learning from the queries
The knowledge acquired about each database (the university database in our case) is of
utmost importance to support or discard the findings of the learning algorithms. This is
due to the fact that the learning modules recognize the syntactical aspects of the attributes
appearing in the queries whereas the knowledge about the database captures the semantic
aspects of the attributes.

The learning and tuning systems have been implemented using the programming
language C and linked to the Oracle database system installed on a SUN machine
running UNIX. Integrated with the learning system is the expert systems shell Exsys
Professional to make an integrated and intelligent tool that can be used with RDBMSs.
As indicated by the rules, certain terms appear to be of a fuzzy nature, e.g., “HIGH”,
“MEDIUM”. We have developed an expert system shell that is capable of dealing with
fuzzy terms. This shell will be integrated with our system in the near future to further
enhance its performance.
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Appendix

The information collected through the execution of the queries include data about: -

count:
cpu:
elapsed:
disk:
query:
current:
rows:
parse:

execute:

‘fetch:

number of times OCI procedure was executed

cpu time in seconds executing

elapsed time in seconds executing

number of physical reads of buffers from disk

number of buffers gotten for consistent read

number of buffers gotten in current mode ( usually for update)

number of rows processed by the fetch or execute cail

this step will translates the SQL statement into an execution plan. It includes
checks for proper security authorization and checks for the existence of
tables, columns, and other referenced objects.

this step is the actual execution of the statement by ORACLE. For INSERT,
UPDATE, and DELETE statement, this modifies the data. For SELECT
statement, the step identifies the selected rows.

this step retrieves the rows the satisfy a query. ORACLE only performs this
step for SELECT statement.

Actual statistics obtained from the query

SELECT *

FROM STUDENT, DEPARTMENT

WHERE STUDENT.D-CODE = DEPARTMENT.D-CODE
1s given below.

Call Count Cpu Elapsed Disk Query Current Rows
Parse 1 043 0.58 6 35 4 0
Execule 1 0.00 0.00 0 0 0 0
Fetch I 0.03 0.08 2 2 4 14

Missing in library cache during parse: 1
Parsing user id : 16

Explain_plan

Rows Execution plan

14 Merge join

4 Sort  join

4 Table access (full) of 'department’
14 Sort  join

14 Table access (full) of 'student'
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