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Abstract. Business decisions must rely not only on company-internal
data but also on external data from competitors or relevant events. This
information can be obtained from the WWW but must be integrated
with the data in a company’s data warehouse. In this paper we discuss
a system architecture for warehousing Web content for OLAP and DSS.
A self-describing object model is used to make the implicit modeling
and context assumptions explicit, both for the data obtained from the
Web and the data already in the data warehouse. A domain-specific on-
tology provides a common interpretation basis for data and metadata.
We propose an object-relational mapping that takes into consideration
the peculiarities of relational data warehouses based on a star schema
and propose a mapping rule language to describe the necessary trans-
formation rules. The system framework described in this paper has been
implemented in Java.

1 Introduction

Web warehousing is a novel and very active research area, which combines two
rapidly developing technologies — data warehousing and Web technology. It pro-
vides a suitable approach to systematically discover and acquire strategic infor-
mation from the Web. This information may be identified, catalogued, managed
and then accessed by the end users [22], via search engines or some Web informa-
tion management system [1,2,4,10,16]. Web data may be extracted, integrated,
represented and materialized in a data warehouse for OLAP and DSS [6,17,24],
and also may be managed by using a hybrid approach for taking advantage of
the data warehousing and the virtual integration approach [3, 21,23, 26].

External data is important for carrying out meaningful OLAP in the context
of e-commerce. For example, an online book shop manager may make use of
integrating discount book information or information about new publications
from other online book shops in his data warehouse, in order to analyze market
trends and make new business plans. As Web technology develops, a huge amount
of strategic information is already offered on the Web. Integrating and managing
e-commerce data and external data in a data warehouse, implementing OLAP on
them, and mining historic data to generate summary information and business
rules will benefit business. However, when warehousing Web data we face three
main challenges:
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— Data Extraction. Web sources are dynamic and autonomous. Not only is
Web-based data updated frequently but Web sources are dynamically de-
veloped as well. Every day new sources are brought on the Internet and
already available sources may be changed drastically or even disappear. In
addition, providers change the presentation and contents of their sources to
react to new developments or to hinder automatic, exhaustive extraction of
their data. All this makes determining and automatically extracting relevant
data from the Web a difficult task.

— Preparation/Integration. E-commerce data comes from daily transac-
tion processing on the Internet, which in most cases is in structured form.
External data comes directly from some Web sources and in general is in
unstructured or semistructured form. In addition, the sources available on-
line are developed and managed by independent institutions. They represent
the same or related information on the basis of different assumptions about
their organization and meaning. This is because of different political and
cultural contexts, or because of different intentions concerning the use of the
data. Therefore, before loading data from different Web sources into the data
warehouse, we have to resolve structural and semantic heterogeneity among
them and between them and the data already in the warehouse.

— Representation/Materialization. The paradigm of the Web is totally
different from the paradigm of a data warehouse. Most data in the Web is in
semistructured or unstructured form, i.e., is available as HTML or XML data
or irregularly structured files, which may change frequently. In contrast, a
data warehouse in general is based on a well-structured data model, in most
cases a relational data model, and is comparably stable. Thus, we have to
map irregularly structured, maybe frequently changing data to a predefined,
restrictive database schema.

In order to tackle these challenges, we have proposed a framework for ware-
housing Web information [26]. We represented Web data using a special data
model called MIX (Metadata based Integration model for data X-change)[7,8].
This model represents data together with a description of their underlying in-
terpretation context and uses domain-specific ontologies in order to enable a
semantically correct interpretation of the available data and metadata. Thus,
it supports the integration of Web-based information. In our previous work [8,
9] some aspects of Web data preparation/integration are already discussed. In
this paper we concentrate on problems of representation/materialization of Web
data. The main contributions of this paper are:

— We implemented a system framework and designed a Transformation Pro-
cessor to accomplish transformation from the object-oriented MIX model to
a relational star schema in a data warehouse. In the Transformation Proces-
sor, an object/relational mapping approach is adopted. The object identity,
complex objects and the multi-valued attribute problem are discussed in this
context.

— We defined a Mapping Rule Language to specify the correspondences be-
tween MIX objects and tables in the star schema of a given data warehouse.
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The rest of the paper is organized as follows: Section 2 gives a motivating
example. The system architecture and the mediated data model are introduced
in Section 3. Section 4 analyzes the transformation process from Web objects to
the star schema of the data warehouse. The mapping rule language is explained
in Section 5. Section 6 presents related work. Section 7 provides conclusions and
identifies areas of ongoing and future research.

2 A Motivating Example
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Fig. 2. Discount Books Information from Source B

Online book shopping is a very active e-commerce area. A large amount of
customer orders is produced every day, recorded in a data warehouse for OLAP
and decision making. In addition, the book shop manager may also integrate
discount book information from his competitors in this data warehouse, in or-
der to compare pricing schemes, analyze market trends and make new business
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plans.This information can be obtained from the related Web pages. Figure 1
and 2 show discount book information from two different online providers given
as HTML pages. In Figure 3, the star schema of a simplified bookshop data
warehouse is defined on the basis of the relational data model.
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Fig. 3. Star Schema of the Online Bookshop Data Warehouse

3 The Framework for Managing Web Data

We have implemented a Java framework that provides a platform for integrat-
ing Web data and mapping it to a data warehouse. The framework, shown in
Figure 4, follows the classical mediator approach introduced in [25].

Wrappers are used to extract relevant data from available data sources, to
map it to MIX based on a common structural context and to return the MIX
objects to the Federation Manager.

The Federation Manager manages the available data sources by keeping a
Metadata Repository. Based on the explicit description of the underlying context
the Federation Manager tries to integrate heterogeneous data by converting the
data to a common semantic context.

An Ontology Server stores and manages the domain-specific vocabulary,
which in our framework describes a single domain and provides a way to describe
the concepts in that ontology independent of any application or data source.

The integrated data is given to the Transformation Processor, which
maps the MIX objects to an existing star schema, and loads the data into the
data warehouse. It uses the mapping rules specified in the corresponding mapping
file. The mapping rules are written using a special Mapping Rule Language
(MRL). Function rules are specified as Java methods stored in the Mapping
Functions Library and can be called by the Transformation Processor. The
transformation process is described in more detail in Section 4.
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The Incremental Maintenance Processor serves as the maintenance
component of the data warehouse, when Web data is updated. In this processor
a copy of the latest MIX objects is kept. The processor reads updated MIX ob-
jects, compares them with the old copies and calculates the incremental parts.
These are sent to the Transformation Processor, where they are mapped to the
star schema, of the data warehouse.

Mapping Data
Mapping Functions Warehouse
Files Library

v $

Transformation Processor |

Ontology
Server A *

Incremental Maintenance

Processor

Ontology *

. Metadata

Federation Manager Repository
Wrapper 1 Wrapper2 | [ Wrapperk | | Wrappern

Fig. 4. System Architecture for Warehousing Web Data

MIX is a self-describing data model and is based on the concept of a se-
mantic object. A simple semantic object is represented as a triple of the form:
< ontology concept, value, { semantic context} >, while a complex semantic ob-
ject can be represented as: <ontology concept, set of semantic objects>.

For example, the data given in Figure 1 and 2 can be represented as MIX ob-
jects of concept BookOffer based on a common structural and semantic context.
In our example, we assume dates represented in the form ”"Mon DD, YYYY?”,
author names given by “Last Name, First Name Second Name”, and prices spec-
ified in EUR. Figure 5 shows the representation of the integrated data.

4 Transforming MIX Objects to Warehouse Tables

MIX is an object model, while the data warehouse in our framework is based on
a star schema. Therefore, mapping MIX objects to the data warehouse tables is
comparable to known object/relational mappings as discussed for example in [5,
13,18-20].
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SemObj, = <BookOffer, {
<StoreName, “Source A”>,
<URL, “http://www.bookpool.com/”>,

<OfferDate, “Nov 16, 1999”, {<DateFormat, “Mon DD, YYYY">}>,
<Price, 27.41, {<Currency, “EUR”>}>,
<Book, {

<ISBN, 0764531999>,

<Title, “XML: Extensible Markup Language”>,

<Author, “Harold, Elliotte Rusty”, {<NameFormat, “Last, First Second”>}>,
<Publisher, “IDG Books™>,

<PublicationYear, “1998”>,

<Pages, 426>,

<Bibliopegy, “Paperback”>,

<Accessory, “CD Rom”> 3>,
<ListPrice, 38.46>, {<Currency, “EUR">}>,
<Discount, “29%">,
<Awailability, “In-Stock”> }>

SemObj ,= <BookOffer, {
<StoreName, “Source B”>,
<URL, “http://www.readmedoc.com/”>,

<OfferDate, “Nov 16 1999”, {<DateFormat, “Mon DD, YYYY">}>,
<Price, 33.85, {<Currency, “EUR">}>,
<Book, {

<ISBN, “0471255475">,
<Title, “The Data Warehouse Lifecycle Toolkit”>,

<Author, “Kimball, Ralph *, {<NameFormat, “Last, First”>}>,
<Author, “Ross, Margy “, {<NameFormat, “Last, First">}>,
<Author, “Reeves, Laura”, {<NameFormat, “Last, First">}>,
<Author, “Thornwaite, Warren”, {<NameFormat, “Last, First">}>,

<Publisher, “McGraw-Hill”>,
<PublicationYear, “1998”>,
<Pages, 576>,

<Accessory, “CD Rom”> >,
<ListPrice, 47.46>, {<Currency, “EUR”>}>,
<Discount, “25%> >

Fig. 5. Integrated Web Data in MIX Representation

However, different to those approaches, data about a real world entity is di-
vided into facts in fact tables and descriptive attributes in dimension tables in
a star schema, i.e., is spread across different tables, and the dimension tables
must not be normalized. In addition, MIX provides a flexible data model for
representing irregularly structured data. Semantic objects of the same concept
do not necessarily have the same structure, i.e., set of attributes. For example, in
Figure 5 SemQObj;1 provides information about the availability of a book which
is not given in SemObjs. This must be considered when transforming MIX ob-
jects into tuples of the star schema. Finally, in contrast to most object/relational
mapping approaches which create the relational schema according to the given
object classes, we map to an existing data schema in the warehouse.

4.1 Basic Mapping Rules
In our mapping approach we obey the following basic rules:

1. Aggregations. In object/relational mapping, aggregations can be imple-
mented using two approaches: single table aggregation or foreign key aggre-
gation [5, 19, 20]. In the data warehousing context we have to distinguish two
cases. When aggregation data populates a dimension table, the single table
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aggregation approach is favorable because of query execution performance.
Thus, we follow this approach. However, its disadvantage is latent long tuple
width. The foreign key approach on the other hand might snowflake the data
warehouse schema, and lower query performance.

In the case that an aggregate populates a fact table as well as dimension
tables, we must decompose an aggregate and separately map subobjects of
a MIX object to facts in the fact table and attributes in dimension tables.

. Inheritance hierarchy of concepts. The MIX model supports class inher-
itance, through the inheritance of concepts in the domain ontology. However,
since we have to map MIX objects to an existing data schema we see them
only as objects of a concrete concept/class. Therefore, in the mapping we
need not consider the inheritance relationships of concepts/classes.

. Object/subobject relationships between MIX objects. In the do-
main ontology only the relationships between concepts for complex seman-
tic objects and their identifying attributes are specified. Additional, non-
identifying attributes may vary between objects of the same ontology con-
cept. However, each MIX object contains concrete attributes. Thus, we have
to take possible combinations of attributes of complex semantic objects of a
given concept into consideration in our mapping. We achieve this by giving
a mapping for all attributes of a class of objects that are of interest for our
application.

. Handling keys. In the MIX model each object is identified through single
or multipart key attributes, similar to the relational model. When an object
is implemented in Java, a unique object ID can be automatically assigned.
When a dimensional table is constructed, an additional column can be de-
signed in this table as primary key. One unique key value for each row can
be generated by the system. In the star schema of a data warehouse, the
primary key of fact tables is the combination of the foreign keys that link
to the corresponding dimension tables. The generation of the foreign keys is
involved with connecting fact tables and dimension tables. We discuss this
rule in 9) in more detail.

. One MIX concept to one/many relational attributes. When mapping
an ontology concept for a simple semantic object to table columns we must
distinguish three cases. In the easiest case we have a direct 1:1 mapping,
i.e., the values of a concept are directly assigned to the corresponding table
column. In the second case, we must calculate the values of a column by
applying a specified function on the corresponding concept. Finally, when
values of an ontology concept must be decomposed to multiple table columns,
decomposition functions have to be applied to calculate suitable values.

Calculation rules are specified as Java methods in our framework and stored
in the Mapping Function Library. They are called by the Transformation
Processor. For example, objects of concept OfferDate in Figure 5 specify the
date of a given book offer according to the format “Mon DD YYYY”. In
the Time Dimension of the data warehouse in Figure 3, we have attributes
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Day, Month and Year. Therefore, we must use decomposition functions, like:
Fpay (“Nov 16, 1999”) = 16, to generate values for these columns.

. Many MIX concepts to one relational attribute. When multiple con-
cepts are mapped to one column, i.e., values from multiple attributes are
used to derive a column value, an aggregation function has to be applied
to calculate the value. For example, calculating the TotalCost paid by a
customer in one book purchase is involved with MIX objects of concept
Subtotal and ShippingCost. The corresponding calculation function is given
by: Frotaicost( Subtotal, ShippingCost ) = Subtotal + ShippingCost =
TotalCost .

. Multiple values problem. When different subobjects of the same concept
occur, a multi-valued attribute problem arises. For example, a book may
have more than one author. Most relational database systems do not sup-
port multi-valued attributes. If the maximal cardinality of such multi-valued
attributes is known in advance, multiple columns can be used to store them.
Otherwise, separate rows have to be used to store them. Since we map to an
existing star schema, we must adapt the mapping to the given table struc-
ture. For example, multiple authors of SemObjs shown in Figure 5, must be
mapped to multiple rows to store each author name.

The transformation between M1X objects
and tables in the data warehouse

Map MIX objectsto Map MIX objectsto
the dimension table the fact table
1:1 mapping 1:N mapping N:1 mapping Connect Dimension Use
tablesto fact tables default value

Take over key Check key value

Fig. 6. Several Cases of the Transformation

. Default values. When we map MIX objects to the tables of the data ware-
house, we sometimes do not have values for all attributes. It would be neces-
sary to use some default value in these places. For example, SemObjs shown
in Figure 5 has no Awailability item. In the transformation processing, we
will use “Unknown” as the value of Awailability in a tuple. We can suggest
some default values as standard DefaultValue, such as “Null” or “Unknown”.

. Connecting dimension tables to fact tables. To connect dimension ta-
bles to fact tables, two cases must be considered. In one case, if a new tuple
of a dimension table is populated and the primary key value is generated by
the system, we can register this value in the corresponding tuple of the fact
table as one foreign key value. Example a in Section 5 will describe this
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transformation. In another case, a dimension table already exists and all key
values in this table are already generated before we link dimension tables to
a fact table. To connect such dimension tables to the fact table we find the
required key value in the dimension table and then take it over in the fact
table. Example b in Section 5 will explain this situation.

The transformation cases are classified in Figure 6.

4.2 Transformation Processing

In the Transformation Processor shown in Figure 7, the Receiver reads MIX
objects from the Federation Manager or from the Incremental Maintenance Pro-
cessor and puts them in the Vector of MIX objects. The Parser reads mapping
rules from mapping files that are written in MRL and parses rule documents. The
parsed results are stored as a list in the ListStructure. The Mapper reads map-
ping rules from the ListStructure and uses mapping functions from the Mapping
Function Library. Under the guide of the given rules, the Mapper transforms
MIX objects to facts and attributes in the data warehouse. The data is loaded
through a JDBC driver into the data warehouse.

JDBC Data
Driver Warehouse

Transformation Processor

[ Load in the data warehouse ]

J

A

From Mapping From Mapping
Functions Library Rule Files

|

[}

|

1

i 1

: * ListStructure ObjectVector

i Parser

: [ l >4 ) - Receiver }
1

1 i Mapping Functions Mapping Rulefiles MIX Objects
[}

1

From FM or IMP

Fig. 7. The Functional Diagram of the Transformation Processor

5 Mapping Rule Language (MRL)

We defined a simple, descriptive language (MRL) to describe the mapping rules,
which are specified in mapping rule files. Figure 8 gives an overview of the syntax
of MRL. The following examples will explain the usage of MRL in more detail.
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DefaultValue: xxx

CIassToDlmensmnTabIe (Concept, Tables)-Block
Generation of the Key

1:1-Mapping

Ontology.Concept, : ColumnName,

N:1-Mapping

Fagg(Ontology.Concepty, ..., Ontology.Concept,) : ColumnName,
1:N-Mapping

Fgec(Ontology.Concept ,) : ColumnName;, ColumnName,, ..., ColumnName,
Call ClassToFactTable-Block (optional)

CIassToFactTabIe(Concept Tables)-Block
The generation of fact-join-key (optional)
FactLinkDimension-Block : Key columns

1:1-Mapping

Ontology.Concept, : ColumnName,

N:1-Mapping

Fagg(Ontology.Concept;, ..., Ontology.Concept,) : ColumnName,
1:N-Mapping

Fgec(Ontology.Concept ,) : ColumnName;, ColumnName,, ..., ColumnName,
Call ClassToDimensionTable-Block (optional)

FactLinkDimension({Concept,} Fact, Dimensions)-Block
DimensionTableKey,: FactTableKey,
Check (Ontology.Concept,)
FindKeyValue (DimensionTableAttributes): FactTableKey,

Fig. 8. Overview of the Syntax of MRL

1. MIX concepts to dimension tables
Considering the data warehouse in Figure 3 and MIX objects in Figure 5,
BookOffer is a concept of MIX, while BookStore is the name of a dimen-
sion table. Mapping rules between MIX objects and dimension tables can be
written as follows:

ClassToDimensionTable( BookOffer, BookStore) {
Key generated by the system

Ontology.BookOffer.StoreName : BookStore. Name
Ontology.BookOffer.URL : BookStore. URL
Ontology. BookOffer. Availability : BookStore. Availability }

2. MIX concepts to fact tables
Mapping rules between MIX objects and fact tables can be written as follows:

ClassToFactTable( BookOffer, Discount, Time, Book, BookStore) {
Discount-fact-join-key generated by system
DiscountFactLinkTimeDimension : Discount. Time-key
DiscountFactLinkBookDimension : Discount. Book-key
DiscountFactLinkBookStoreDimension : Discount. BookStore-key
Ontology.BookOffer.Price : Discount.Sold-Price
Ontology. BookOffer.Discount : Discount.Discount }
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3. Connecting dimension tables to fact tables
Example a: By populating the BookShop Fact table, Time Dimension, Cus-
tomer Dimension and Book Dimension tables using data about books pur-
chase, after a new key value in a dimension table is just generated, we can
take it from the dimension tables and assign it to the corresponding foreign
key in the fact table.

BookShopFactLinkallDimension( BookShop, Time, Book, Customer) {
Time.Key : BookShop. Time-key
Book.Key : BookShop.Book-key
Customer.Key : BookShop.Customer-key }

Example b: Considering the data warehouse shown in Figure 3, Time Di-
mension based on company’s internal data already exists before the Discount
Fact Table is populated with external Web data. We assume that attributes
Day, Month and Year in the Time Dimension are continuous, since the books
hop receives the order from customers every day. But his competitors an-
nounce their new discount book information not at every day, therefore the
update date of the discount book information is not continuous. In order to
connect the Time Dimension to the Discount Fact Table, we first find the
time key values in those tuples in the Time Dimension, whose values of Day,
Month, Year equal the OfferDate in the BookOffer object, then we write
these key values in the Discount Fact table.

DiscountFactLinkTimeDimension( BookOffer, Discount, Time) {
Check( BookOffer.OfferDate) {
GetDayfromDate( Ontology. BookOffer. OfferDate ) : Time.Day
GetMonthfromDate( Ontology. BookOffer. OfferDate) : Time.Month
GetYearfromDate( Ontology. BookOffer. OfferDate) : Time. Year
FindKeyValue( Time.Day, Time.Month, Time. Year) : Time.key

}

Time.key : Discount. Time-key }

The following complete example shows the mapping of a semantic object
from Figure 5 to tables in Figure 3.

ClassToDimensionTable( BookOffer, BookStore) {
DefaultValue : ” Unknown”
Key generated by the system
Ontology. BookOffer.StoreName : BookStore. Name
Ontology. BookOffer.URL : BookStore. URL
ClassToFactTable( BookOffer, Discount, Time, Book, BookStore) {
Discount-fact-join-key generated by system
DiscountFactLinkTimeDimension( BookOffer, Discount, Time) {
Check( BookOffer.OfferDate) {
GetDayfromDate( Ontology. BookOffer.OfferDate) : Time.Day
GetMonthfromDate( Ontology. BookOffer.OfferDate) : Time.Month
GetYearfromDate( Ontology. BookOfferr. OfferDate) : Time. Year
FindKeyValue( Time.Day, Time.Month, Time.Year) : Time.key }
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Time.key: Discount. Time-key }
Ontology. BookOffer.Price: Discount.Sold-Price
DiscountFactLinkBookDimension( BookOffer, Discount, Book) {
Check( BookOffer.Book.ISBN) {
FindKeyValue( Book.ISBN) : Book.Key }
Book.Key : Discount.Book-key }
BookStore.Key : Discount.BookStore-key
Ontology. BookOffer. Discount : Discount.Discount }
If( Ontology. BookOffer. Availability <> NULL)
Ontology. BookOffer. Availability : BookStore.Availability
Else DefaultValue : BookStore. Availability }

6 Related Work

Our system is designed to extract, integrate and transfer Web data into a data
warehouse and to interoperate with conventional warehouse data for carrying
out meaningful OLAP and supporting the decision making process.

The WHOWEDA system [6,24] is a Web warehouse that materializes and
manages useful information from the Web. Web objects, Web schema and a Web
algebra are described by a so-called Web Information Coupling Model (WICM).
They define a Node type and a Link type to refer to the coupled Web information
(HTML or plain text documents, Hyperlinks) and materialize the Web objects
in a set of connected, directed graphs. Their focal points are to describe the
topological structure of the Web and to design a Web algebra. Our approach
differs from WHOWEDA in that a metadata-based object model is used to
describe Web information content rather than Web structure. This model is
used as the basis to prepare and integrate the data into the Star Schema of a
relational data warehouse. Some advantages are that relational data warehouses
are already available in many companies and that the same set of tools can be
used for data access.

Related with transferring Web data to a star schema of a data warehouse,
our research can be compared with DataFoundry [14,15] and the DWQ project
[11,12].

The DataFoundry project is based on a mediated data warehouse architecture
with an ontology infrastructure, it makes extensive use of this infrastructure to
generate mediators automatically. However, there are some important differences
between our work and theirs. At first, they integrate several existing community
databases in a data warehouse, in contrast, we focus on Web data. Compar-
ing with data in scientific databases, Web data in most cases is unstructured
or semistructured and has no explicit schema. In our system, MIX provides a
mediated model for preparing Web data for mapping them to an existing star
schema. An object/relational mapping approach is used to transform data in the
mediated model to the star schema of the data warehouse.

In the DWQ project, information integration in the data warehousing envi-
ronment is studied. They consider two important aspects concerning the design
and maintenance of particular data warehouse applications, those are concep-
tual modeling of the domain, and reasoning support over the conceptual rep-
resentation. Their approach provides a system-independent specification of the
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relationships between sources and between sources and the enterprise model at
the conceptual level. But DWQ focuses only on information sources that posses
an explicitly specified data schema. Their logical data model is the relational
model. In our work, we not only construct domain knowledge representation at
the conceptual level, but use self-describing object model at the logical level as
well. This offers the possibility to integrate Web data in a semantic correct way.
Besides, in [11,12] the mapping between logical and physical level is not explored.
In our system, a file of mapping rules is constructed. With the aid of such a rule
file and an object/relational mapping approach we can process transformations
between MIX objects and tables of a data warehouse semi-automatically.

7 Conclusions

In this paper, we introduced a Web warehousing approach for integrating a
company‘s own data and Web data in an existing data warehouse. We have
shown the benefit of integrating local data with external data, e.g., a competitor’s
pricing scheme. We discussed our framework for managing and integrating Web
data. In this framework we use a self-describing object model that represents data
together with metadata that makes implicit assumptions about the structure
and semantics of the data explicit. This model provides the basis for integrating
Web-based data.

The prepared data can then be transferred to the star schema of a given
data warehouse. For this, we have developed a Transformation Processor, which
maps MIX objects to dimension and fact tables using mapping rules specified in
a mapping file. The system has been implemented in Java.

Current work concentrates on performance improvement. Future work will
extend the functionality of the Transformation Processor and the Incremen-
tal Maintenance Processor and will address mappings to the multidimensional
model.
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