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Preface

The 1* Workshop on Business Intelligence for the Real-Time Enterprise (BIRTE
2006) was held on September 11, 2006 in conjunction with the 32" International
Conference on Very Large Data Bases (VLDB 2006) in Seoul, Korea. The co-
location with VLDB is very important as the topic of the workshop was centered on
different aspects in the lifecycle of business intelligence on very large enterprise-wide
operational real-time data sets.

In today’s competitive and highly dynamic environment, analyzing data to under-

stand how the business is performing, to predict outcomes and trends, and to improve
the effectiveness of business processes underlying business operations has become
critical. The traditional approach to reporting is not longer adequate; users now de-
mand easy-to-use intelligent platforms and applications capable of analyzing real-time
business data to provide insight and actionable information at the right time. The end
goal is to improve the enterprise performance by better and timelier decision making,
enabled by the availability of up-to-date, high-quality information.
As a response, the notion of "real-time enterprise" has emerged and is beginning to be
recognized in the industry. Gartner defines it as “using up-to-date information, getting
rid of delays, and using speed for competitive advantage is what the real-time enter-
prise is all about... Indeed, the goal of the real-time enterprise is to act on events as
they happen. ”

Although there has been progress in this direction and many companies are intro-
ducing products towards making this vision reality, there is still a long way to go. In
particular, the whole lifecycle of business intelligence requires new techniques and
methodologies capable of dealing with the new requirements imposed by the real-time
enterprise. From the capturing of real-time business performance data to the injection
of actionable information back into business processes, all the stages of the business
intelligence (BI) cycle call for new algorithms and paradigms as the basis of new
functionalities including dynamic integration of real-time data feeds from operational
sources, evolution of ETL transformations and analytical models, and dynamic gen-
eration of adaptive real-time dashboards, just to name a few.

The goal of the BIRTE 2006 workshop was to provide a forum for the discussion
of five major aspects of business intelligence for the real-time enterprise: Models and
Concepts for Real-Time Enterprise Business Intelligence, Architectures for Real-
Time Enterprise Business Intelligence, Uses Cases of Real-Time Enterprise Business
Intelligence, Applications of Real-Time Enterprise Business Intelligence and Tech-
nologies for the Real-Time Enterprise Business Intelligence.

The workshop started with the keynote "Practical Considerations for Real-Time
Business Intelligence” by Donovan Schneider. It continued with several sessions
addressing various aspects of real-time data analysis. The first session “Streaming
Data” concentrated on data streams as one mechanism for obtaining real-time enter-
prise data. The second session “Data Loading and Data Warehouse Architectures”
addressed data loading and data warehouse architectures that both are a basis for the
actual analysis task. The third session “Integration and Data Acquisition” focused on
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heterogeneous data sources as well as mechanisms for obtaining real-time data. The
final session “Business Processes and Contracts” extended the analysis aspect from
data to processes. The workshop closed with the interesting panel “"How Real Can
Real-Time Business Intelligence Be?" moderated by Malu Castellanos, and Chi-Ming
Chen, Mike Franklin, Minos Garofalakis, Wolfgang Lehner, Stuart Madnick and
Krithi Ramamrithan as speakers.

The field of business intelligence for the real-time enterprise is fairly new, albeit
increasingly important. This first workshop on the topic was meant to be a starting
point of a series of several workshops covering various aspects in more detail over
time. As academic research and industrial application experience more in-depth in-
sights and use of this technology, an interesting research field opens up as well as an
exciting area for practitioners. We encourage researchers and those in industry to
continue their exciting work, and we encourage newcomers to enter this challenging
and increasingly important field as there is still a lot of exciting work to be done.

We wish to express special thanks to the Program Committee members for pro-
viding their technical expertise in reviewing the submitted papers and preparing an
interesting program. We are particularly grateful to the keynote speaker, Donovan
Schneider, for delighting us with his very interesting keynote. Special recognition
goes to the panelists for their enthusiastic participation in presenting their perspec-
tives. To the authors of the accepted papers we express our appreciation for sharing
their work and experiences in this workshop. Finally, we would like to extend many
thanks to the VLDB 2006 Workshop Co-Chairs, Sang-goo Lee and Ming-Chien
Shan, for their support in making this workshop possible.

September 2006 Christoph Bussler
Malu Castellanos

Umesh Dayal

Sham Navathe
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Practical Considerations for Real-Time Business
Intelligence

Donovan A. Schneider

Yahoo! Inc.
701 First Avenue, Sunnyvale, CA 94089
dschneider@yahoo-inc.com

Abstract. The area of real-time business intelligence is ill defined in industry.
In this extended abstract we highlight the practical requirements through the use
of examples across several domains.

1 Introduction

Real-time Business Intelligence (BI) is an ambiguous area. To be practical in indus-
try, real-time BI must satisfy two requirements:

1. Time is money. It costs money to reduce latency. The decisions to be made on
the reduced latency data must justify the investment.
2. Actionable Data. Effective decision making requires rich contextual data.

1.1 Examples

We discuss several examples across different domains to highlight the practical real-
time business intelligence requirements. Fraud detection is the canonical example of
real-time BIL. It involves detecting anomalies, for example, in credit card usage. De-
tection must be done quickly in order to prevent further fraudulent use. Fraud detec-
tion can be thought of as a form of alerting. The time in which to make a decision
may be seconds or minutes. However, a surprising amount of context is required to
prevent excessive numbers of false positives or false negatives. For example, different
alerting applications may require knowledge of days of weeks (e.g., weekday vs.
weekend), holidays, geographical location, past behavior and trends, to name a few.
Without sufficiently rich context the decision making will be of limited usefulness.

Another illustrative example is real-time marketing. When a customer calls into a
call center a decision may be made to pitch a premium service (up-sell) or a related
product (cross-sell). The decision of which marketing message to present must be
made in seconds (or sub-seconds). Again, in order for the marketing to be effective
ample information must be available, including the reason for the current call, previ-
ous offers and their acceptance, behavior of similar users, history of the customer, etc.
Often this rich contextual data is built offline in the form of models in order to meet
the ultra low latency requirements.

C. Bussler et al. (Eds.): BIRTE 2006, LNCS 4365, pp. 1 -3, 2007.
© Springer-Verlag Berlin Heidelberg 2007



2 D.A. Schneider

Many other forms of traditional business intelligence exist. These require very rich
contextual data including role-specific views (e.g., an executive, district manager and
a sales representative see different views of the same data) and task specific views
(sometimes referred to as guided navigation). Most of these applications do not re-
quire decisions to be made in seconds, but rather in minutes. Thus, these types of ap-
plications are classified as near real-time, not real-time. When humans are making the
decisions a person needs time to analyze the information and make a decision. Even
when programs/systems are making the decisions enough data must be available for a
useful decision to be made. Examples include incident tracking, inventory manage-
ment, and sales analytics.

Several interesting examples of BI exist in the domain of web analytics. A com-
mon example is a recommendation service where other products (movies, books, etc.)
are recommended based on what similar people liked or bought. Behavioral targeting
is somewhat similar to this; it involves showing specific advertisements or personal-
ized content to a user based on sophisticated models that may include demographic
data (age, gender, income level, etc.), geographic data, and past and present user be-
havior. The interesting aspect of these examples is that although the decision of the
recommendation or advertisement to present must be made in real-time (seconds), the
context is often built off-line as part of a sophisticated modeling process. Refinements
to the model may be made in real-time.

An interesting marketing area for the web is search engine marketing (SEM). SEM
involves bidding on search terms from the search engine vendors (e.g., Yahoo!,
Google, and MSN) to lead users to a particular web page, and then analyzing the
click-thru and conversion rates of the users. Decisions to buy more or less of a search
term must be made quickly. However, latencies of many minutes are common be-
cause enough user traffic must be analyzed before an effective decision can be made.

Another category of web analytics is popularity. Although it is possible to update
the list of most popular search terms or downloads in real-time, this is often not done
because the decisions to be made do not justify the investment and/or because of con-
cerns of abuse (spam, pornography, abuse, etc.).

Experimentation is another common web application. An experiment may involve
an A/B test to evaluate whether a new page design is superior. The metrics may
involve measuring an increase of time spent on the page, click-thru rate on advertise-
ments, or moving a user to a desired end state such as upgrading to a premium ser-
vice. In order for an accurate decision to be made, though, enough users must see both
versions. Thus, decisions cannot typically be made for at least 15 minutes.

Some common themes can be seen from these examples. First, rich contextual data
is needed to make effective decisions. Second, relatively few applications justify true
real-time decision making. This is because the cost of providing the data in context
does not justify the decision making, or simply because more time is needed to ac-
quire the context to make an informed decision. In many cases, the requirement is for
near real-time business intelligence which is measured in minutes, not seconds.

2 Challenges

There are many technical challenges in providing practical real-time or near real-time
business intelligence. Because the decisions to be made have been determined to be
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valuable and must be made with low latency, the underlying systems must be highly
available. The rich contextual data often implies a high degree of data integration,
access to detailed data, and access to aggregated/trending data. Sophisticated model-
ing may often be employed in order to classify behavior into similar segments. As the
requirements get closer to real-time (seconds), the applications must tolerate some
amount of data incompleteness or inaccuracy, as it is often not feasible (financially or
technically) to provide 100% of the data within such strict time requirements.

3 Architectures

Several architectures exist for providing business intelligence. The most common
solution for real-time business intelligence is to build a custom system. Commercial
off the shelf platforms are not typically suited to the ultra low latency access, high
availability and integration with detailed and aggregated data.

Commodity solutions for near real-time business intelligence typically involve
enterprise data warehouses; these can be virtual or physical. The warehouse environ-
ment provides the detailed and aggregated data as well as high availability. The pri-
mary challenges are to load the data into the warehouse with low latency and to query
it with low latency.

Several startups have emerged to build platforms to support low latency decision
making on high volumes of streaming data. The primary challenges are to build a
platform that is cost effective for applications that do not require ultra low-latency and
to integrate with alternative data sources to provide the rich context necessary for
decision making.

4 Summary

Most applications do not require real-time business intelligence which we define as
making decisions in seconds or sub-seconds. Rather, given the difficulty and high cost
of providing real-time BI, many of these applications can tolerate, or even require,
less strict latency requirements.
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Abstract. Much effort has been put into building data streams management sys-
tems for querying data streams. However, the query languages have mostly been
SQL-based and aimed for low-level analysis of base data; therefore, there has
been little work on supporting OLAP-like queries that provide real-time multi-
dimensional and summarized views of stream data. In this paper, we introduce a
multi-dimensional stream query language and its formal semantics. Our approach
turns low-level data streams into informative high-level aggregates and enables
multi-dimensional and granular OLAP queries against data streams, which sup-
ports the requirements of today’s real time enterprises much better. A comparison
with the STREAM CQL language shows that our approach is more flexible and
powerful for high-level OLAP queries, as well as far more compact and concise.
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Submission Category: Regular paper.

1 Introduction

Pervasive Computing is the newest wave within the IT world. Examples are tempera-
ture and noise sensors that can measure whether the environment behave as expected,
and report irregularities. The data produced by these devices are termed data streams.
Due to the different characteristics of data streams (e.g., continuous, unbounded, fast,
etc.) from those of traditional, static data, it will most often be infeasible to handle the
total data stream from a large number of devices using traditional data management
technologies, and new techniques must therefore be introduced.

Recent studies have been focusing on building Data Stream Management Systems
(DSMS) similar to the traditional DBMS’s. However, queries in these systems have
to a large extent been based on SQL and targeted for low-level data, and therefore
are not suitable in performing OLAP-like operations to provide multi-dimensional and
multi-granular summaries of data streams. As the notion of real-time enterprise is more
and more recognized in the industry, analyzing data in a timely fashion for effective
decision making in today’s competitive and highly dynamic environment has become
critical. Examples of such technologies are real-time OLAP, real-time Business Activity
Monitoring (BAM), and streaming data. The solution presented in this paper is to build a
multi-dimensional stream query language with built-in support for hierarchies, enabling
the OLAP functionalities such as slice, roll-up and drill-down queries for powerful and
timely analysis on data streams, which supports the requirements of today’s real time
enterprises much better.

Specifically, we present the following novel issues: 1) a new cube algebra that en-
ables multi-dimensional and multi-granular queries against static OLAP cubes. That is,
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high-level and low-level facts representing summaries and details can be presented to-
gether in a query result and different levels of selection criteria can also be applied. 2)
conversion operators that transfer a continuous data stream into conventional cubes and
also the other way around. 3) stream operators that perform OLAP operations on data
streams, e.g., aggregates, roll-ups and drill-downs, with all the powers of the cube op-
erators on static data. 4) comparisons with the Stanford STREAM language for roll-up
and drill-down queries. We believe we are the first to present a multi-dimensional stream
query language capable of performing typical OLAP operations against data streams,
and the concrete query semantics for the above operators. The comparisons with the
STREAM CQL query language suggest that our approach is much more compact and
concise, and more effective in multi-dimensional and multi-granular analysis.

There has been a substantial amount of work on the general topic of OLAP [1]. Rele-
vant work includes OLAP data modeling and querying [2,3.,4,5]. However, all this work
builds their solutions for static data, e.g., stored relational data. A more related topic is
data integration of OLAP databases with dynamic XML data [6]. However, the sys-
tem proposed is targeted for B2B business data on the web, which has far smaller data
volumes and update frequencies in comparison with data streams. Recent interests in
building data stream management system has generated a number of projects, including
Aurora [7], Gigascope [8], NiagaraCQ [9], STREAM [10], and TelegraphCQ [11]. The
query languages used by these systems generally have SQL-like syntax and the opera-
tors are analogous to operators in the relational algebra. Gigascope [12] supports shared
fine-granularity aggregation queries to compute multiple coarser aggregation queries
with different grouping attributes, which is a maintenance optimization rather than an
OLAP extension. Therefore, OLAP-like queries involving hierarchical structures upon
the basic stream schema have not yet been supported by current DSMS’s.

The following descriptions of our approach is based on a sensor network, where
sensor motes are deployed in a building to measure temperature every thirty seconds,
producing a data stream with the schema SensorStream(Temperature, Id, Timestamp),
capturing the current temperature reading, a unique identifier of the sensor, and the time
of measurement. Also, we define the measure Temperature which is characterized by the
dimensions Location(All-Floor-Room-Id), and Time(All-Day-Hour-Minute-Second),
where the bottom levels are the attributes from the stream schema. A regular OLAP
database, SensorCube, contains all the stream data produced on June 15, 2005.

The rest of the paper is organized as follows. Section 2 describes a query algebra
and a multi-dimensional query language over a static cube model. Then, Section 3 in-
troduces the stream model and the stream query language. Section 4 compares our lan-
guage with the STREAM CQL with respect to OLAP-like analysis. Section 5 describes
the current implementation. Finally Section 6 concludes the paper.

2 Querying Cubes
This section introduces the terms used in the following descriptions of cube operations.
More formal definitions about the data model and the operators can be found in [13].

The Cube Model. A dimension D; has a hierarchy of levels L;1, ..., Li,. Alevel is a
set of dimension values. There exists a partial order, denoted ; such that for two levels
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in a dimension, L;; and Lk, we say L;; C; L, holds if and only if the values of the
higher level L contain the values of the lower level L;;. For example, let D; be a time
dimension, Day C; Year because years contain days. Similarly, a partial order also
exists between dimension values. We say that e; Cp, ez if es can be said to contain
e1. For example, the year 2004 has the date, Feb. 29th 2004, is denoted 2004-02-29
C p,2004. We also define C to denote a dimension value contained or equal to another.
We use e; € D; to represent an arbitrary value e; in dimension D;.

A measure Mj; is a set of numeric values that are being analyzed, e.g., sales, quan-
tity, etc. A fact contains measure and dimension values, i.e., a tuple with the schema
(My,..., My, Dy,...,D,) where M; is a measure and D; is a dimension. A fact is
r = (V1,...,Um,€1,...,€p), Where v; is a measure value characterized by dimen-
sion values ey, ..., e,. Also, a fact can have any granularity in any dimension, i.e.,
(e1,...,en) € Dy X ... X Dy,. A fact table R is a set of facts with the schema
(M, ..., My, D1, ..., Dy), such that in each fact, the measure values vy, . .., v,, are
characterized by the values from the same set of dimensions D1, ..., D, at any granu-
lar. For example, a fact table could be { (28.0, floor#1, 2005-06-15 08), (29.0, room#11,
2005-06-15 08), (27.0, room#12, 2005-06-15 08)}, where, there exist facts for the
hourly temperatures of floors as well as rooms. A cube is a three tuple
C = (N, D, R) consisting of the name of the cube N, a non-empty set of dimensions
D ={D,...,D,} and a fact table R. .

Querying Cubes. The cube generalized projection operator (I1.,¢) turns the facts in
a cube into higher level facts and aggregates the measures correspondingly. We also
allow the result facts to have any granularity in any dimension to enable the roll-up and
drill-down effects on certain dimensions in the query results, meaning that there might
be multiple combinations of grouping values where the values from the same dimension
in different combinations may be from different levels. When compared with the CUBE
and ROLLUP operators [3], the cube generalized projection operator is more flexible
and powerful in terms of OLAP-like queries. Specifically, the I1.,;. operator can roll-
up the input cube to any combination of levels without having to enumerate a full set
of super-aggregates (as the CUBE and ROLLUP operators always do) and to specify
the subset using conditions on the GROUPING() functions [3]. Moreover, the operator
allows roll-up to or drill-down on a specific dimension value to, e.g., monitor anomalies
on certain locations, which is not possible for the CUBE and ROLLUP operators. Thus,
the cube generalized projection operator serves better for the purpose of our approach.

To ensure correct aggregation and also to be deterministic, we always use the lowest-
level facts in each group, where in each tuple, every dimension value is from the bottom
level. For example, to compute the hourly average temperature of a floor, we use the
tuples directly from the sensors with the timestamps at the second level. We say such
tuples have the lowest level-combination which is (Id, Second). However, sometimes,
the tuples with such a level-combination may not be available, e.g., the base tuples are
rolled up to higher levels, then the lowest level-combination now contains the lowest
available levels in the dimensions of the current tuples. Currently, we assume that there
always exists a lowest level-combination (in either sense above) in a group.

Definition 1 (Cube Generalized Projection). Suppose that C = (N, D, R) is the
input cube, the generalized projection operator is defined as: I upel{e; ,,....es,n, }

s



What Can Hierarchies Do for Data Streams? 7

Lty =i, < T (Mjl),---,fJ,(M],)>(C) = (N,D, R'), where N and D are the same
as in C, R’ is the new fact table, {e;,1,...,€;,n,} is a set of dimension values from
dimension D;, and f;,, ..., f; are the given aggregate functions for the specified mea-
sures {Mj,, ..., Mj }. Similar to the relational aggregate operator, a combination of
the dimension values (i.e. grouping values) from each of the given sets constitutes a
group of fact tuples over which the measures are aggregated. A group is denoted as
Y(eiysy ey s, ) Where (g5 1 e Bl ¥ 18 T e » 568 T K v 0 38 L0005 3 m 5 B, s
A group g(e,, ;, veiny) 1S the set of tuples such that the values from the dimensions
D;,, ..., D, in the tuple are contained in the values e;;,, ..., e;,;, from the same
dimensions, i.e., g, ; yer€ingy) = {(v1,...,Vm,€1,...,65) € F|Ie;,...,€, €
{617 ceey en}(eil EDM S TRAREERAY T EDik eikjk)}'

Each group produces one fact tuple consisting of the measures calculated over the
tuples in the group. A fact is a lowest-level fact, if for any dimension value e;, in such a
tuple, no descendants of e;, exists in any other fact of the group, and the group of such

tuples is Jlowest i'e"foragroup g(eiljl ,...,eik]’k)’ Glowest = {(vla ey Umy €1y ey eTL) €
g(eim,m,eikjk)ﬁﬂ(v’l, co el el) € Hles sy romeirs,)r Ein € €150 s€n} 8, €
{e1,....en}(e;, T e;,)}. The fact tuple produced over the group is r = (v} , ..., v},
€irjys- -« 1 Cipjx )» where vy = far, ({v5,1(v1s. .. 005y Ums €1, ..., €0) € Glowest })

and the input to the aggregate function is a multiset. We use g(c, jeeigg,) T T 1O
denote the relation between the group and the result tuple. The result fact table is
R = {rlg € GAg — 1}, where G is the set of all the non-empty groups, i.e.,
G = {g(eiljl ,---7@ik,jk)|(ei1j1 §399% eikjk) € {eill, s eiml} ) P {eikl, s ,eiknk}/\

g(e,,-,ljl ,...,eik]‘k) ?é 0}‘

Temperature| Location Time
28.0 s#l 2005-06-15 08:00:00
28.0 s#2  {2005-06-15 08:00:00 Temoeraturel Location Time
27.0 S#3  [2005-06-15 08:00:00| |——b<
27.6 floor#1 |2005-06-15 08:00
27.0 s#4 2005-06-15 08:00:00
28.1 room#11 [2005-06-15 08:00
282 s#1 2005-06-15 08:00:30
T 0 2005-06-15 08-00:30 27.1 room#12 [2005-06-15 08:00
s - = e (b) The fact table after the operation
27.2 s#3 2005-06-15 08:00:30
27.2 s#4  |2005-06-15 08:00:30

(a) The fact table before selection

Fig. 1. The fact tables before and after the cube generalized projection

Example 1. Let the table in Figure 1(a) be the current fact table of SensorCube. The
cube generalized projection I1.,pe({floor#1, room#11, room#12}, {2005-06-15 08:00}] (SensorCube)
computes the average temperature per minute for floor#1, room#11, and room#12. The
fact table after the operation is shown in Figure 1(b). The average floor temperature is
computed over all the tuples in Figure 1(a), which are directly from the sensors and all at
the lowest-level. Similarly, the average temperature of room#11 is computed over all the



