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■ „Enterprise applications are about the display, manipulation, and storage of large 
amounts of often complex data and the support or automation of business
processes with that data.“ Martin Fowler „Patterns of Enterprise Application Architecture Patterns“ (2002)

□ Große komplexe Datenmengen, die in der realen Welt existierende Entitäten abbilden

□ Unterstützung/Automatisierung von Geschäftsprozessen auf Basis dieser Daten

□ Nutzen üblicherweise (relationale) Datenbanken

Unternehmensanwendungen
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■ Klassische Domäne

□ ERP, SRM, CRM (siehe 01_Unternehmensanwendungen)

■ Erweiterte Domäne

Neue Technologien haben Einfluss auf Unternehmensanwendungen.

Informationsintegration aus unterschiedlichen Quellen bietet neue Möglichkeiten zur 
Anreicherung und dadurch Optimierung der klassischen Unternehmensprozesse.

□ Sensordaten in Produktionsüberwachung

□ Unstrukturierte Daten wie medizinische Behandlungsberichte und Röntgenbilder

□ Posts im Web und auf sozialen Netzwerken zum Einfluss von Produkten

Beispiele für Unternehmensanwendungen

5



■ Prozesse im Vertrieb werden durch Vertriebs-/Verkaufsbelege abgebildet

□ Kundenanfrage

□ Angebot

□ Auftrag

□ Lieferung

□ Warenausgang + Buchhaltungsbeleg

□ Ausgangsrechnung + Buchhaltungsbeleg

□ Bezahlung + Buchhaltungsbeleg

■ (Details in der Vorlesung zum Rechnungswesen)

Beispiele für Unternehmensanwendungen
Klassische Domäne: Abwicklung eines Kaufauftrags

Basierend auf Frank Körsgen „SAP R/3 Arbeitsbuch“ (2005)
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■ Vorkommende teils aufwändige Prozesse

□ Preisfindung

□ Verfügbarkeitsprüfung

□ Bedarfsübergabe (an Einkauf und/oder Fertigung)

□ Versandterminierung

□ Versandstellen- und Routenermittlung

□ Kreditlimitprüfung

Beispiele für Unternehmensanwendungen
Klassische Domäne: Abwicklung eines Kaufauftrags
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■ Verfügbarkeitsprüfung

Beispiele für Unternehmensanwendungen
Klassische Domäne: Abwicklung eines Kaufauftrags

Zugänge zum Wunschliefertermin Abgänge zum Wunschliefertermin

Fertigungsaufträge

Bestellungen

Bestand

Lieferungen

Aufträge

verfügbare Menge

Basiered auf Frank Körsgen „SAP R/3 Arbeitsbuch“ (2005) 8



■ Online Transaction Processing (OLTP)

□ Beispiele: Auftrag anlegen/suchen, 
Rechnung erstellen, Kontenbuchung, 
Anlegen und Anzeigen von Stammdaten

□ Einfache Anfragen

□ Oft festgelegte Anfragen 
à Index-Unterstützung

□ Geringe Datengrundlage
(stark-selektive Anfragen)

□ Daten(tupel)eingabe und –abruf

Unternehmensanwendungen
Datenbankanfrageeigenschaften

■ Online Analytical Processing (OLAP)

□ Beispiele: Mahnlauf, 
Verfügbarkeitsprüfung, Cross-Selling, 
Operationales Reporting (Auflistung 
offenen Rechnungen)

□ Komplexe Anfragen

□ Ad-hoc-Anfragen

□ „Decision Support“

□ Große Datengrundlage 
(schwach-selektive Anfragen)

□ Analyseanfragen (Aggregation und 
Gruppierung weniger Attribute) 9

Clark D. French „’One Size Fits All’ Database Architectures Do Not Work for DDS“ (1995)



■ Relationale DBMSs entstanden in den 1970er Jahren als Forschungs-Prototypen

□ System R

□ INGRES

■ Beide Systeme wurden für die Verarbeitung von Unternehmensdaten (OLTP) geschaffen

■ Seit Anfang der 1980er: „one size fits all“ Strategie
Gründe: Kosten, Kompatibilität, Verkauf, Marketing

■ In der 1990er Jahren: Unternehmen wollen Daten aus verschiedenen operationalen DBs in 
ein Data-Warehouse für Business Intelligence vereinen

Unternehmensanwendungen
Historischer Hintergrund
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Genealogy der relationalen Datenbanken
https://hpi.de/fileadmin/user_upload/fachgebiete/naumann/projekte/RDBMSGenealogy/RDBMS_Genealogy_V6.pdf

“Although most warehouse projects were dramatically over budget and ended up delivering only a subset 
of promised functionality, they still delivered a reasonable return on investment. In fact, it is widely 

acknowledged that historical warehouses of retail transactions pay for themselves within a year […].”

Michael Stonebraker „One Size Fits All: An Idea Whose Time Has Come and Gone“ (2005)

https://hpi.de/fileadmin/user_upload/fachgebiete/naumann/projekte/RDBMSGenealogy/RDBMS_Genealogy_V6.pdf


Unternehmensanwendungen
Typische Systemlandschaft
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■ Gründe für Entstehung: Performanz und Datenintegration

□ Relationale Datenbanken waren historisch für OLTP optimiert: Angst vor 
Performanzeinbruch für Transaktionen durch komplexe Ad-hoc-Anfragen

□ Ältere Daten für historische Tendenzen + zusätzliche Informationen z.B. Aktienpreise

■ Aufbau eines Data-Warehouses für Unternehmen ist langwieriger und komplexer Prozess

■ Erfordert umfangreiche Geschäftsprozessmodellierung
(Abdeckung des gesamten Unternehmens)

■ Data-Marts: integrieren Datenuntermenge, die sich auf einen einzelnen Organisationsbereich 
fokussieren z.B. Marketing Data-Mart

Unternehmensanwendungen
Data-Warehouse und OLAP Technologien
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S. Chaudhuri et U. Dayal „An Overview of Data Warehousing and OLAP Technology “ (1997)



■ Datenintegration

■ Datenmodellierung

■ Operationen

■ Datenspeicherung

■ Hilfsstrukturen

Unternehmensanwendungen
Data-Warehouse Architektur
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OLAP operations include  rollup (increasing the level of
aggregation) and drill-down (decreasing the level of
aggregation or increasing detail) along one or more
dimension hierarchies, slice_and_dice (selection and
projection), and pivot (re-orienting the multidimensional view
of data).

Given that operational databases are finely tuned to support
known OLTP workloads, trying to execute complex OLAP
queries against the operational databases would result in
unacceptable performance. Furthermore, decision support
requires data that might be missing from the operational
databases; for instance, understanding trends or making
predictions requires historical data, whereas operational
databases store only current data. Decision support usually
requires consolidating data from many heterogeneous
sources: these might include external sources such as stock
market feeds, in addition to several operational databases.
The different sources might contain data of varying quality, or
use inconsistent representations, codes and formats, which
have to be reconciled. Finally, supporting the
multidimensional data models and operations typical of
OLAP requires special data organization, access methods,
and implementation methods, not generally provided by
commercial DBMSs targeted for OLTP. It is for all these
reasons that data warehouses are implemented separately
from operational databases.

Data warehouses might be implemented on standard or
extended relational DBMSs, called  Relational OLAP
(ROLAP) servers. These servers assume that data is stored in
relational databases, and they support extensions to SQL and
special access and implementation methods to efficiently
implement the multidimensional data model and operations.
In contrast, multidimensional OLAP (MOLAP) servers are
servers that directly store multidimensional data in special
data structures (e.g., arrays) and implement the OLAP
operations over these special data structures.

There is more to building and maintaining a data warehouse
than selecting an OLAP server and defining a schema and
some complex queries for the warehouse. Different
architectural alternatives exist. Many organizations want to
implement an integrated enterprise warehouse that collects
information about all subjects (e.g., customers, products,
sales, assets, personnel) spanning the whole organization.
However, building an enterprise warehouse is a long and
complex process, requiring extensive business modeling, and
may take many years to succeed. Some organizations are
settling for data marts instead, which are departmental
subsets focused on selected subjects (e.g., a marketing data
mart may include customer, product, and sales information).
These data marts enable faster roll out, since they do not
require enterprise-wide consensus, but they may lead to
complex integration problems in the long run, if a complete
business model is not developed.

In Section 2, we describe a typical data warehousing
architecture, and the process of designing and operating a
data warehouse. In Sections 3-7, we review relevant
technologies for loading and refreshing data in a data
warehouse, warehouse servers, front end tools, and
warehouse management tools. In each case, we point out
what is different from traditional database technology, and we
mention representative products. In this paper, we do not
intend to provide comprehensive descriptions of all products
in every category.  We encourage the interested reader to look
at recent issues of trade magazines such as Databased
Advisor, Database Programming and Design, Datamation,
and DBMS Magazine, and vendors’ Web sites for more
details of commercial products, white papers, and case
studies. The OLAP Council2  is a good source of  information
on standardization efforts across the industry, and a paper by
Codd, et al.3 defines twelve rules for OLAP products. Finally,
a good source of references on data warehousing and OLAP
is the Data Warehousing Information Center4.

Research in data warehousing is fairly recent, and has focused
primarily on query processing and view maintenance issues.
There still are many open research problems. We conclude in
Section 8 with a brief mention of these issues.

2.  Architecture and End-to-End Process
Figure 1 shows a typical data warehousing architecture.

Data sources

Operational 
dbs

External 
sources

Extract
Transform
Load 
Refresh

Data Warehouse

Data Marts

Analysis
OLAP 
Servers

Data Mining

Query/Reporting

Metadata 
Repository

Monitoring & Admnistration

Tools

Serve

Figure 1. Data Warehousing Architecture

It includes tools for extracting data from multiple operational
databases and external sources; for cleaning, transforming
and integrating this data; for loading data into the data
warehouse; and for periodically refreshing the warehouse to
reflect updates at the sources and to purge data from the
warehouse, perhaps onto slower archival storage. In addition
to the main warehouse, there may be several departmental
data marts. Data in the warehouse and data marts is stored
and managed by one or more warehouse servers, which
present multidimensional views of data to a variety of  front
end tools: query tools, report writers, analysis tools, and data
mining tools. Finally, there is a repository for storing and

S. Chaudhuri et U. Dayal „An Overview of Data Warehousing and OLAP Technology “ (1997)



■ Aufwendiger ETL-Prozess

□ Extraktion der relevanten Daten aus operationalen DBs und externen Quellen

□ Transformation der Daten in das Warehouse-Schema

□ Laden der Daten in das Warehouse

■ Metadatenmanagement

□ Beschreibung der Datenquellen

□ Beschreibung des Warehouse-Schemas
(siehe Folgefolien)

□ Beschreibung der Datenextraktions- und Datentransformationsregeln

Unternehmensanwendungen
Data-Warehouse: Datenintegration
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OLAP operations include  rollup (increasing the level of
aggregation) and drill-down (decreasing the level of
aggregation or increasing detail) along one or more
dimension hierarchies, slice_and_dice (selection and
projection), and pivot (re-orienting the multidimensional view
of data).

Given that operational databases are finely tuned to support
known OLTP workloads, trying to execute complex OLAP
queries against the operational databases would result in
unacceptable performance. Furthermore, decision support
requires data that might be missing from the operational
databases; for instance, understanding trends or making
predictions requires historical data, whereas operational
databases store only current data. Decision support usually
requires consolidating data from many heterogeneous
sources: these might include external sources such as stock
market feeds, in addition to several operational databases.
The different sources might contain data of varying quality, or
use inconsistent representations, codes and formats, which
have to be reconciled. Finally, supporting the
multidimensional data models and operations typical of
OLAP requires special data organization, access methods,
and implementation methods, not generally provided by
commercial DBMSs targeted for OLTP. It is for all these
reasons that data warehouses are implemented separately
from operational databases.

Data warehouses might be implemented on standard or
extended relational DBMSs, called  Relational OLAP
(ROLAP) servers. These servers assume that data is stored in
relational databases, and they support extensions to SQL and
special access and implementation methods to efficiently
implement the multidimensional data model and operations.
In contrast, multidimensional OLAP (MOLAP) servers are
servers that directly store multidimensional data in special
data structures (e.g., arrays) and implement the OLAP
operations over these special data structures.

There is more to building and maintaining a data warehouse
than selecting an OLAP server and defining a schema and
some complex queries for the warehouse. Different
architectural alternatives exist. Many organizations want to
implement an integrated enterprise warehouse that collects
information about all subjects (e.g., customers, products,
sales, assets, personnel) spanning the whole organization.
However, building an enterprise warehouse is a long and
complex process, requiring extensive business modeling, and
may take many years to succeed. Some organizations are
settling for data marts instead, which are departmental
subsets focused on selected subjects (e.g., a marketing data
mart may include customer, product, and sales information).
These data marts enable faster roll out, since they do not
require enterprise-wide consensus, but they may lead to
complex integration problems in the long run, if a complete
business model is not developed.

In Section 2, we describe a typical data warehousing
architecture, and the process of designing and operating a
data warehouse. In Sections 3-7, we review relevant
technologies for loading and refreshing data in a data
warehouse, warehouse servers, front end tools, and
warehouse management tools. In each case, we point out
what is different from traditional database technology, and we
mention representative products. In this paper, we do not
intend to provide comprehensive descriptions of all products
in every category.  We encourage the interested reader to look
at recent issues of trade magazines such as Databased
Advisor, Database Programming and Design, Datamation,
and DBMS Magazine, and vendors’ Web sites for more
details of commercial products, white papers, and case
studies. The OLAP Council2  is a good source of  information
on standardization efforts across the industry, and a paper by
Codd, et al.3 defines twelve rules for OLAP products. Finally,
a good source of references on data warehousing and OLAP
is the Data Warehousing Information Center4.

Research in data warehousing is fairly recent, and has focused
primarily on query processing and view maintenance issues.
There still are many open research problems. We conclude in
Section 8 with a brief mention of these issues.

2.  Architecture and End-to-End Process
Figure 1 shows a typical data warehousing architecture.
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Figure 1. Data Warehousing Architecture

It includes tools for extracting data from multiple operational
databases and external sources; for cleaning, transforming
and integrating this data; for loading data into the data
warehouse; and for periodically refreshing the warehouse to
reflect updates at the sources and to purge data from the
warehouse, perhaps onto slower archival storage. In addition
to the main warehouse, there may be several departmental
data marts. Data in the warehouse and data marts is stored
and managed by one or more warehouse servers, which
present multidimensional views of data to a variety of  front
end tools: query tools, report writers, analysis tools, and data
mining tools. Finally, there is a repository for storing and

S. Chaudhuri et U. Dayal „An Overview of Data Warehousing and OLAP Technology “ (1997)



■ OLTP Schema-Design basiert auf Normalisierung (redundanzfreie Speicherung)

■ Für OLAP sind effiziente Anfragen und effizientes Laden wichtig

■ Mehrdimensionale Datensicht
Datenwürfel (OLAP-Würfel)

□ Numerische Kennzahlen
werden analysiert z.B.
Umsätze oder Bestände

□ Jede Kennzahl hängt von einer Menge an Dimensionen ab

□ Dimensionen sind oft hierarchisch
– Tag - Monat - Quartal – Jahr
– Produkt - Kategorie – Industrie

– Stadt - Bezirk - Land

Unternehmensanwendungen
Data-Warehouse: Datenmodellierung
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OLAP operations include  rollup (increasing the level of
aggregation) and drill-down (decreasing the level of
aggregation or increasing detail) along one or more
dimension hierarchies, slice_and_dice (selection and
projection), and pivot (re-orienting the multidimensional view
of data).

Given that operational databases are finely tuned to support
known OLTP workloads, trying to execute complex OLAP
queries against the operational databases would result in
unacceptable performance. Furthermore, decision support
requires data that might be missing from the operational
databases; for instance, understanding trends or making
predictions requires historical data, whereas operational
databases store only current data. Decision support usually
requires consolidating data from many heterogeneous
sources: these might include external sources such as stock
market feeds, in addition to several operational databases.
The different sources might contain data of varying quality, or
use inconsistent representations, codes and formats, which
have to be reconciled. Finally, supporting the
multidimensional data models and operations typical of
OLAP requires special data organization, access methods,
and implementation methods, not generally provided by
commercial DBMSs targeted for OLTP. It is for all these
reasons that data warehouses are implemented separately
from operational databases.

Data warehouses might be implemented on standard or
extended relational DBMSs, called  Relational OLAP
(ROLAP) servers. These servers assume that data is stored in
relational databases, and they support extensions to SQL and
special access and implementation methods to efficiently
implement the multidimensional data model and operations.
In contrast, multidimensional OLAP (MOLAP) servers are
servers that directly store multidimensional data in special
data structures (e.g., arrays) and implement the OLAP
operations over these special data structures.

There is more to building and maintaining a data warehouse
than selecting an OLAP server and defining a schema and
some complex queries for the warehouse. Different
architectural alternatives exist. Many organizations want to
implement an integrated enterprise warehouse that collects
information about all subjects (e.g., customers, products,
sales, assets, personnel) spanning the whole organization.
However, building an enterprise warehouse is a long and
complex process, requiring extensive business modeling, and
may take many years to succeed. Some organizations are
settling for data marts instead, which are departmental
subsets focused on selected subjects (e.g., a marketing data
mart may include customer, product, and sales information).
These data marts enable faster roll out, since they do not
require enterprise-wide consensus, but they may lead to
complex integration problems in the long run, if a complete
business model is not developed.

In Section 2, we describe a typical data warehousing
architecture, and the process of designing and operating a
data warehouse. In Sections 3-7, we review relevant
technologies for loading and refreshing data in a data
warehouse, warehouse servers, front end tools, and
warehouse management tools. In each case, we point out
what is different from traditional database technology, and we
mention representative products. In this paper, we do not
intend to provide comprehensive descriptions of all products
in every category.  We encourage the interested reader to look
at recent issues of trade magazines such as Databased
Advisor, Database Programming and Design, Datamation,
and DBMS Magazine, and vendors’ Web sites for more
details of commercial products, white papers, and case
studies. The OLAP Council2  is a good source of  information
on standardization efforts across the industry, and a paper by
Codd, et al.3 defines twelve rules for OLAP products. Finally,
a good source of references on data warehousing and OLAP
is the Data Warehousing Information Center4.

Research in data warehousing is fairly recent, and has focused
primarily on query processing and view maintenance issues.
There still are many open research problems. We conclude in
Section 8 with a brief mention of these issues.

2.  Architecture and End-to-End Process
Figure 1 shows a typical data warehousing architecture.
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Figure 1. Data Warehousing Architecture

It includes tools for extracting data from multiple operational
databases and external sources; for cleaning, transforming
and integrating this data; for loading data into the data
warehouse; and for periodically refreshing the warehouse to
reflect updates at the sources and to purge data from the
warehouse, perhaps onto slower archival storage. In addition
to the main warehouse, there may be several departmental
data marts. Data in the warehouse and data marts is stored
and managed by one or more warehouse servers, which
present multidimensional views of data to a variety of  front
end tools: query tools, report writers, analysis tools, and data
mining tools. Finally, there is a repository for storing and
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■ Slicing und Dicing: Selektion/Auswahl bestimmter Informationen

■ Drill-Down: zunehmende Datendetails

■ Drill-Up/Roll-Up: zunehmende Aggregation/Verdichtung der Daten

■ Pivoting/Rotation: Umorganisation der Datenansicht

Unternehmensanwendungen
Data-Warehouse: Operationen
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■ R(elational)OLAP 

□ Daten sind in Tabellen (relational) gespeichert

□ Umsetzung im Sternschema mit Denormalisierungen aus Performanzgründen:
eine Faktentabellen + eine Tabelle pro Dimension

Unternehmensanwendungen
Data-Warehouse: Datenspeicherung - ROLAP
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Front End Tools
The multidimensional data model grew out of the view of
business data popularized by PC spreadsheet programs that
were extensively used by business analysts. The spreadsheet
is still the most compelling front-end application for OLAP.
The challenge in supporting a query environment for OLAP
can be crudely summarized as that of supporting spreadsheet
operations efficiently over large multi-gigabyte databases.
Indeed,  the Essbase product of Arbor Corporation uses
Microsoft Excel as the front-end tool for its multidimensional
engine.

We shall briefly discuss some of the popular operations that
are supported by the multidimensional spreadsheet
applications. One such operation is pivoting. Consider the
multidimensional schema of Figure 2 represented in a
spreadsheet where each row corresponds to a sale . Let there
be one column for each dimension and an extra column that
represents the amount of sale. The simplest view of pivoting
is that it selects two dimensions that are used to aggregate a
measure, e.g., sales in the above example. The aggregated
values are often displayed in a grid where each value in the
(x,y) coordinate corresponds to the aggregated value of the
measure when the first dimension has the value x and the
second dimension has the value y.  Thus, in our example, if
the selected dimensions are city and year, then the x-axis may
represent all values of city and the y-axis may represent the
years. The point (x,y) will represent the aggregated sales for
city x in the year y.  Thus, what were values in the original
spreadsheets have now become row and column headers in
the pivoted spreadsheet.

Other operators related to pivoting are  rollup or drill-down.
Rollup corresponds to taking the current data object and
doing a further group-by on one of the dimensions. Thus, it is
possible to roll-up the sales data, perhaps already aggregated
on city, additionally by product. The drill-down operation is
the converse of rollup. Slice_and_dice corresponds to
reducing the dimensionality of the data, i.e., taking a
projection of the data on a subset of dimensions for selected
values of the other dimensions. For example, we can
slice_and_dice sales data for a specific product to create a
table that consists of the dimensions city and the day of sale.
The other popular operators include ranking (sorting),
selections and defining computed attributes.

Although the multidimensional spreadsheet has attracted a lot
of interest since it empowers the end user to analyze business
data, this has not replaced traditional analysis by means of a
managed query environment. These environments use stored
procedures and predefined complex queries to provide
packaged analysis tools. Such tools often make it possible for
the end-user to query in terms of domain-specific business

data. These applications often use raw data access tools and
optimize the access patterns depending on the back end
database server. In addition, there are query environments
(e.g., Microsoft Access) that help build ad hoc SQL queries
by “pointing-and-clicking”.  Finally, there are a variety of
data mining tools that are often used as front end tools to data
warehouses.

5. Database Design Methodology

The multidimensional data model described above is
implemented directly by MOLAP servers. We will describe
these briefly in the next section. However, when a relational
ROLAP server is used, the multidimensional model and its
operations have to be mapped into relations and SQL queries.
In this section, we describe the design of relational database
schemas  that reflect the multidimensional views of data.

Entity Relationship diagrams and normalization techniques
are popularly used for database design in OLTP
environments. However, the database designs recommended
by ER diagrams are inappropriate for decision support
systems where efficiency in querying and in loading data
(including incremental loads) are important.
Most data warehouses use a star schema to represent the
multidimensional data model. The database consists of a
single fact table and a single table for each dimension. Each
tuple in the fact table consists of a pointer (foreign key - often
uses a generated key for efficiency) to each of the dimensions
that provide its multidimensional coordinates, and stores the
numeric measures for those coordinates. Each dimension
table consists of columns that correspond to attributes of the
dimension. Figure 3 shows an example of a star schema.

Fact table 

Order 
OrderNo
OrderDate

Customer 
CustomerNo
CustomerName
CustomerAddress
City

Salesperson
SalespersonID
SalespesonName
City
Quota

ProdNo
ProdName
ProdDescr
Category
CategoryDescr
UnitPrice
QOH

City
CityName
State
Country

Date
DateKey
Date
Month
Year

OrderNo
SalespersonID
CustomerNo
ProdNo
DateKey
CityName
Quantity
TotalPrice

Figure 3. A Star Schema.

Star schemas do not explicitly provide support for attribute
hierarchies. Snowflake schemas provide a refinement of star

S. Chaudhuri et U. Dayal „An Overview of Data Warehousing and OLAP Technology “ (1997)



■ R(elational)OLAP

□ Schneeflockenschema als Alternative: Dimensionshierarchie wird explizit durch 
Normalisierung dargestellt

Sternschema vs. Schneeflockenschema 

Einfacheres Schema (Anfragen) vs. Weniger Redundanz

vs.

Unternehmensanwendungen
Data-Warehouse: Datenspeicherung - ROLAP
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Front End Tools
The multidimensional data model grew out of the view of
business data popularized by PC spreadsheet programs that
were extensively used by business analysts. The spreadsheet
is still the most compelling front-end application for OLAP.
The challenge in supporting a query environment for OLAP
can be crudely summarized as that of supporting spreadsheet
operations efficiently over large multi-gigabyte databases.
Indeed,  the Essbase product of Arbor Corporation uses
Microsoft Excel as the front-end tool for its multidimensional
engine.

We shall briefly discuss some of the popular operations that
are supported by the multidimensional spreadsheet
applications. One such operation is pivoting. Consider the
multidimensional schema of Figure 2 represented in a
spreadsheet where each row corresponds to a sale . Let there
be one column for each dimension and an extra column that
represents the amount of sale. The simplest view of pivoting
is that it selects two dimensions that are used to aggregate a
measure, e.g., sales in the above example. The aggregated
values are often displayed in a grid where each value in the
(x,y) coordinate corresponds to the aggregated value of the
measure when the first dimension has the value x and the
second dimension has the value y.  Thus, in our example, if
the selected dimensions are city and year, then the x-axis may
represent all values of city and the y-axis may represent the
years. The point (x,y) will represent the aggregated sales for
city x in the year y.  Thus, what were values in the original
spreadsheets have now become row and column headers in
the pivoted spreadsheet.

Other operators related to pivoting are  rollup or drill-down.
Rollup corresponds to taking the current data object and
doing a further group-by on one of the dimensions. Thus, it is
possible to roll-up the sales data, perhaps already aggregated
on city, additionally by product. The drill-down operation is
the converse of rollup. Slice_and_dice corresponds to
reducing the dimensionality of the data, i.e., taking a
projection of the data on a subset of dimensions for selected
values of the other dimensions. For example, we can
slice_and_dice sales data for a specific product to create a
table that consists of the dimensions city and the day of sale.
The other popular operators include ranking (sorting),
selections and defining computed attributes.

Although the multidimensional spreadsheet has attracted a lot
of interest since it empowers the end user to analyze business
data, this has not replaced traditional analysis by means of a
managed query environment. These environments use stored
procedures and predefined complex queries to provide
packaged analysis tools. Such tools often make it possible for
the end-user to query in terms of domain-specific business

data. These applications often use raw data access tools and
optimize the access patterns depending on the back end
database server. In addition, there are query environments
(e.g., Microsoft Access) that help build ad hoc SQL queries
by “pointing-and-clicking”.  Finally, there are a variety of
data mining tools that are often used as front end tools to data
warehouses.

5. Database Design Methodology

The multidimensional data model described above is
implemented directly by MOLAP servers. We will describe
these briefly in the next section. However, when a relational
ROLAP server is used, the multidimensional model and its
operations have to be mapped into relations and SQL queries.
In this section, we describe the design of relational database
schemas  that reflect the multidimensional views of data.

Entity Relationship diagrams and normalization techniques
are popularly used for database design in OLTP
environments. However, the database designs recommended
by ER diagrams are inappropriate for decision support
systems where efficiency in querying and in loading data
(including incremental loads) are important.
Most data warehouses use a star schema to represent the
multidimensional data model. The database consists of a
single fact table and a single table for each dimension. Each
tuple in the fact table consists of a pointer (foreign key - often
uses a generated key for efficiency) to each of the dimensions
that provide its multidimensional coordinates, and stores the
numeric measures for those coordinates. Each dimension
table consists of columns that correspond to attributes of the
dimension. Figure 3 shows an example of a star schema.

Fact table 

Order 
OrderNo
OrderDate

Customer 
CustomerNo
CustomerName
CustomerAddress
City

Salesperson
SalespersonID
SalespesonName
City
Quota

ProdNo
ProdName
ProdDescr
Category
CategoryDescr
UnitPrice
QOH

City
CityName
State
Country

Date
DateKey
Date
Month
Year

OrderNo
SalespersonID
CustomerNo
ProdNo
DateKey
CityName
Quantity
TotalPrice

Figure 3. A Star Schema.

Star schemas do not explicitly provide support for attribute
hierarchies. Snowflake schemas provide a refinement of star

schemas where the dimensional hierarchy is explicitly
represented by normalizing the dimension tables, as shown in
Figure 4. This leads to advantages in maintaining the
dimension tables. However, the denormalized structure of the
dimensional tables in star schemas may be more appropriate
for browsing the dimensions.

Fact constellations are examples of more complex structures
in which multiple fact tables share dimensional tables. For
example, projected expense and the actual expense may form
a fact constellation since they share many dimensions.

Fact table 
OrderNo
SalespersonID
CustomerNo
DateKey
CityName
ProdNo
Quantity
TotalPrice

Order 
OrderNo
OrderDate

Customer 
CustomerNo
CustomerName
CustomerAddress
City

Salesperson
SalespersonID
SalespesonName
City
Quota

ProdNo
ProdName
ProdDescr
Category
UnitPrice
QOH

   Category
CategoryName
CategoryDescr

City
CityName
State

State

Date
DateKey
Date
Month

Month

Month
Year

Year

Figure 4. A Snowflake Schema.

In addition to the fact and dimension tables, data warehouses
store selected summary tables containing pre-aggregated data.
In the simplest cases, the pre-aggregated data corresponds to
aggregating the fact table on one or more selected
dimensions. Such pre-aggregated summary data can be
represented in the database in at least two ways.  Let us
consider the example of a summary table that has total sales
by product by year in the context of the star schema of Figure
3. We can represent such a summary table by a separate fact
table which shares the dimension Product and also a separate
shrunken dimension table for time, which consists of only the
attributes of the dimension that make sense for the summary
table (i.e., year). Alternatively, we can represent the summary
table by encoding the aggregated tuples in the same fact table
and the same dimension tables without adding new tables.
This may be accomplished by adding a new level field to each
dimension and using nulls: We can encode a day, a month or
a year in the Date dimension table as follows:  (id0, 0, 22, 01,
1960) represents a record for Jan 22, 1960,  (id1, 1, NULL,
01, 1960) represents the month Jan 1960 and (id2, 2,  NULL,
NULL, 1960) represents the year 1960.  The second attribute
represents the new attribute level: 0 for days, 1 for months, 2
for years. In the fact table, a record containing the foreign key
id2 represents the aggregated sales for a Product in the year
1960. The latter method, while reducing the number of tables,
is often a source of operational errors since the level field
needs be carefully interpreted.

6.  Warehouse Servers

Data warehouses may contain large volumes of data.  To
answer queries efficiently, therefore, requires highly efficient
access methods and query processing techniques. Several
issues arise. First, data warehouses use redundant structures
such as indices and materialized views. Choosing which
indices to build and which views to materialize is an
important physical design problem. The next challenge is to
effectively use the existing indices and materialized views to
answer queries. Optimization of complex queries is another
important problem. Also, while for data-selective queries,
efficient index scans may be very effective, data-intensive
queries need the use of sequential scans. Thus, improving the
efficiency of scans is important. Finally, parallelism needs to
be exploited to reduce query response times.  In this short
paper, it is not possible to elaborate on each of these issues.
Therefore, we will only briefly touch upon the highlights.

Index Structures and their Usage
A number of query processing techniques that exploit indices
are useful. For instance,  the selectivities of multiple
conditions can be exploited through index intersection.  Other
useful index operations are union of indexes. These index
operations can be used to significantly reduce and in many
cases eliminate the need to access the base tables.

Warehouse servers can use bit map indices, which support
efficient index operations (e.g., union, intersection).  Consider
a leaf page in an index structure corresponding to a domain
value d.  Such a leaf page traditionally contains a list of the
record ids (RIDs) of records that contain the value d.
However, bit map indices use an alternative representation of
the above RID list as a bit vector that has one bit for each
record, which is set when the domain value for that record is
d. In a sense, the bit map index is not a new index structure,
but simply an alternative representation of the RID list. The
popularity of the bit map index is due to the fact that the bit
vector representation of the RID lists can speed up index
intersection, union, join, and aggregation11.  For example, if
we have a query of the form column1 = d  & column2 = d’,
then we can identify the qualifying records by taking the
AND of the two bit vectors. While such representations can
be very useful for low cardinality domains (e.g., gender), they
can also be effective for higher cardinality domains through
compression of bitmaps (e.g., run length encoding). Bitmap
indices were originally used in Model 204, but many products
support them today (e.g., Sybase IQ). An interesting question
is to decide on which attributes to index. In general, this is
really a question that must be answered by the physical
database design process.

In addition to indices on single tables, the specialized nature
of star schemas makes join indices especially attractive for
decision support. While traditionally indices map the value in
a column to a list of rows with that value, a join index

S. Chaudhuri et U. Dayal „An Overview of Data Warehousing and OLAP Technology “ (1997)



■ M(ultidimensional)OLAP 

□ Mehrdimensionale Daten sind in speziellen Datenstrukturen gespeichert 
z.B. mehrdimensionale Arrays 

□ Nutzen meist zwei Dimensionen (+ Kompressionsverfahren) um dünn 
besetze Datenwürfel („sparse data“) effizient zu unterstützen

Unternehmensanwendungen
Data-Warehouse: Datenspeicherung - MOLAP
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■ ROLAP- und MOLAP-Systeme nutzen Hilfsstrukturen für effiziente Anfragebearbeitung

□ Voraggregierte Daten (nach verschiedenen Dimensionen)

□ Materialisierte Sichten

□ Indexstrukturen

– Bit-Map-Index als Alternative zu Pointer/ID-Listen

àEffiziente Operationen: Index-Intersection, Index-Union

– Join-Indizes: Dimensionstabelle à Faktentabelle

– Indizes für Textsuche

■ Weitere Effizienzsteigerung durch Partitionierung/Sortierung möglich

Unternehmensanwendungen
Data-Warehouse: Datenspeicherung - Hilfsstrukturen
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■ Unternehmensanwendungen beinhalten sowohl transaktionale als auch analytische Anfragen

■ Aber: Anforderungen an OLAP- und OLTP-Datenbanksysteme sind widersprüchlich

(historischer) Ansatz 1:

Trennung in eigenständige Systeme (Tuning der Datenspeicherung und des Schemas)

■ Data Warehouse: separate optimierte OLAP-Datenbank

□ Effizientere Bearbeitung komplexer analytischer Anfragen

□ Daten vieler Datenbanken können integriert werden

(moderner) Ansatz 2:

Optimierung eines Systems für beide Anfragearten (mit Kompromissen)

Unternehmensanwendungen
Systemtrennung
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■ Datenredundanz

■ Datenkonsistenz schwieriger

■ Synchronisierung der Systeme durch Extract, Transform, Load (ETL)

□ Kostenintensiver Prozess

□ ETL verursacht eine Zeitverzögerung

■ Unterschiedliche Datenschemas erzeugen eine höhere Komplexität für Anwendungen, 
die beide Systeme nutzen

Unternehmensanwendungen
Nachteile der Systemtrennung
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■ Eine Datenbasis als „Wahrheitsquelle“ („Single source of truth“)

■ Ziel sind ad-hoc-Analysen auf dem transaktionalen Schema ohne materialisierte Sichten
(z.B. vorberechnete Aggregate) – „Mixed Workloads“ auf einem System

à Vereinfachte Anwendungen (nur eine DB mit allen Datenpunkten anfragen) und 
Datenbankstrukturen (weniger Indizes, keine materialisierte Sichten)

■ Ermöglicht durch modernere/schnellere Hardware

■ Dennoch: für spezielle Charakteristiken optimierte Datenbanksysteme sind „One size fits all“ 
Systemen überlegen

Unternehmensanwendungen
Kombination von OLTP und OLAP in einem System
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■ Auch Hybrid Transactional/Analytical Processing (HTAP) oder OLxP

■ Vereinen Eigenschaften von OLTP und OLAP

□ Einfache und komplexe Abfragen

□ Vordefinierte und ad-hoc-Abfragen

□ „Zeilenoperationen“ und Analysen (Aggregationen, Gruppierungen, Joins) 
über komplette Spalten

□ INSERTS, UPDATES und viele SELECTS

Unternehmensanwendungen
Vielseitige Anfrageeigenschaften („Mixed Workloads”)

24



■ Workload Analysen von Unternehmensanwendungen zeigen: OLTP und OLAP Workloads
unterscheiden sich NICHT wesentlich bezüglich ihres Schreibanteil

Unternehmensanwendungen
Anfrageeigenschaften: OLTP Datenzugriffsmythos
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Figure 6: Workload Analysis outlining ratio between read and write queries. (a) Classic TPC-C benchmark.
(b) Analysis of traditional enterprise system workload [10]. (c) Workload analysis of simplified SAP Financials.

to reconstruct the aggregation tables which instantly leads
to down time with synchronized changes in the application
code. Therefore, we consider a column-based architecture as
faster for set processing when taking anticipated and ad-hoc
queries into account.

4. WORKLOAD ANALYSIS OF SIMPLIFIED
APPLICATIONS W/O AGGREGATES

Applications optimized for a column-based system archi-
tecture without transaction-maintained aggregates lead to
a change in the database workload pattern. The share of
read queries in the workload increases for three reasons: (i)
the reduction of inserts and updates during data entry as
shown in Section 3, (ii) the redesign of current applications
to directly access the transactional data instead of material-
ized aggregates and (iii) the introduction of new, interactive
applications with analytical capabilities.

Traditional applications, such as customer segmentation,
dunning, or material resource planning, have typically been
built around materialized aggregates. Redesigning such ap-
plications to calculate all information on the fly from the
transactional schema leads to more complex queries. This
increases the read share of the total workload, as the runtime
of a query increases in the column-based system architecture
compared to merely reading a single materialized aggregate
in the row-based system architecture.

Enabled by the column-based system architecture, inter-
active analytical applications on the transactional schema
present opportunities for new user groups to derive busi-
ness value from the data. The possibility to ask follow-up
questions in interactive applications and the availability on
mobile devices lead to an increased usage and more queries.
Following the law of supply and demand, the usage of such
applications dramatically increases, since results are avail-
able whenever they are needed.

A workload analysis of the simplified SAP Financials ap-
plication verifies the trend towards a read-dominated work-
load. The workloads were analyzed before and after the in-
troduction of the simplified application without transaction-
maintained aggregates, replacing a classic financial appli-
cation with transaction-maintained aggregates. The work-

loads consists of the queries issued by thousands of users
over one week each.

Figure 6 summarizes the findings and compares the work-
load patterns with TPC-C [23] and previous workload anal-
yses [10]. Compared to the classic application, the share
of read queries of the total execution time increased from
86 percent to 98 percent. With the absence of transaction
maintained aggregates, the update share decreased signifi-
cantly, representing only 0.5 percent of the total workload.
In the classic application, each insert of a line item led to an
average of 3.4 inserts or modifications to other tables within
the same application module. The simplified application is-
sues no additional inserts and calculates all information by
filtering and aggregating the line items on the fly.

In contrast, the workload of the TPC-C benchmark does
not reflect the share of reads and writes as observed in the
financial systems. Instead, database systems for business ap-
plications have to be optimized for a read-dominated work-
load, with an increasing amount of analytical-style queries
that aggregate data on the finest level of granularity, the
actual business transactions.

5. IMPLICATIONS AND OPTIMIZATIONS
Transforming an IT landscape from a row-based system

architecture to a column-based system architecture goes along
with a simplified application development and a reduced
data footprint, as described in this section. Furthermore,
we discuss optimizations to the column-based system archi-
tecture to keep the system scalable.

5.1 Simplified Application Development
Filtering, grouping and aggregation of large datasets can

be done interactively on in-memory column-stores and with-
out the need to prepare indices upfront. This fundamental
performance characteristic implies a complete shift in appli-
cation development: Instead of anticipating a few analytical
use cases that we optimize our programs for, a column-based
system architecture allows us to query all transactional data
with response times in the order of seconds.

The fast filtering and aggregation capabilities support new
interactive applications which were not possible with pre-
defined materialized aggregates. Example applications are
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■ Viele Tabellen haben hunderte von Attributen

■ Viele Attribute werden in der Regel NICHT benutzt 

■ Für viele Attribute dominieren NULL oder DEFAULT-Werte

■ Viele Attribute haben eine geringe Kardinalität (Anzahl verschiedener Attributwerte)

■ Attributwerte sind häufig ungleichmäßig verteilt

■ Attributwerte verschiedener Attribute hängen oft voneinander ab

■ Tabellen sind breit und spärlich gefüllt à erlaubt effiziente Komprimierung

■ Detaillierte Informationen in

Jens Krüger „Fast Updates on Read-Optimized Databases Using Multi-Core CPUs“ (2011)
http://www.vldb.org/pvldb/vol5/p061_jenskrueger_vldb2012.pdf

Unternehmensanwendungen
Eigenschaften von Unternehmensdaten

26

http://www.vldb.org/pvldb/vol5/p061_jenskrueger_vldb2012.pdf


■ Unternehmensanwendungen beinhalten sowohl transaktionale als auch analytische Anfragen;

Insbesondere analytische Anforderungen sind mit der Zeit gewachsen

■ Tabellen von Unternehmensanwendungen sind breit und spärlich gefüllt

■ Zwei Ansätze: Separat optimierte Systeme vs. Vereinigung in einem System

□ Vereinigung überwindet viele Nachteile der Systemtrennung

□ Entsprechende Datenbankarchitekturen beinhalten viele Optimierungen, die den Anfrage-
und Datencharakteristiken gerecht werden (kommende Vorlesungen)

Unternehmensanwendungen
Zusammenfassung

27



Unternehmensanwendungen
Übungsblatt 1

28

Unternehmensanwendungen 
 

Sommersemester 2020: Übung 1	 	
	 	

1 

Aufgabe 1 (32 Punkte) 
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Abschnitt	1	–	5.2	
http://www.vldb.org/pvldb/vol7/p1722-plattner.pdf	

	
und	fassen	Sie	die	Inhalte	unter	Beantwortung	folgender	Fragen	zusammen.	
	

a) Was	sind	Gründe	für	die	historische	Trennung	von	OLTP	und	OLAP	in	verschie-
dene	Systeme?	(6	Punkte)	

☐analytische	Anfragen	verlangsamen	das	transaktionale	System		

☐verschiedene	Datenbankschemata	notwendig 

☐inkompatible	SQL-Dialekte	

☐kein	Bedarf	an	Vereinigung	

☐performante	und	flexible	analytische	Anfragen	möglich	

☐unterschiedliche	Workload-Eigenschaften 
	

b) Warum	und	wie	 ist	 es	heutzutage	möglich	OLTP-	und	OLAP-Anfragen	 in	 einem	
System	effizient	zu	bearbeiten?	(7	Punkte)	

☐Schnellere	Hardware	(Moore’s	Law)	

☐Entwicklung	spaltenbasierter	Hauptspeicher-DBs		 
☐Entwicklung	von	NV-RAM	

☐	Entwicklung	von	Streaming-Systemen			

☐	größerer	und	günstigerer	Hauptspeicher	

☐Entwicklung	der	Blockchain	

☐	Multicore-CPUs	

	
c) Warum	werden	 Inserts	 in	 Unternehmensanwendungen	 durch	 den	 Umstieg	 auf	

spaltenbasierte	Hauptspeicherdatenbanken	nicht	unbedingt	 langsamer	als	 in	ei-
ner	Zeilendatenbank?	(3	Punkte)	

☐Inserts	werden	unter	keinen	Umständen	schneller	

☐Weil	redundante	materialisierte	Aggregate	weggelassen	und	nicht	aktualisiert	werden	müssen	

☐Weil	ein	spaltenbasiertes	Speicherlayout	Inserts	besser	unterstützt	
	


