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Preface

Many systems, from computing systems, physical systems, business systems,
to social systems, are only observable indirectly from the events they emit.
Events can be defined as real-world occurrences and they typically involve
changes of system states. Events are naturally temporal and are often stored
as logs, e.g., business transaction logs, stock trading logs, sensor logs, com-
puter system logs, HTTP requests, database queries, network traffic data, etc.
These events capture system states and activities over time. For effective sys-
tem management, a system needs to automatically monitor, characterize, and
understand its behavior and dynamics, mine events to uncover useful patterns,
and acquire the needed knowledge from historical log/event data.

Event mining is a series of techniques for automatically and efficiently
extracting valuable knowledge from historical event/log data and plays an
important role in system management. The purpose of this book is to present
a variety of event mining approaches and applications with a focus on comput-
ing system management. It is mainly intended for researchers, practitioners,
and graduate students who are interested in learning about the state of the art
in event mining. It can also serve as a textbook for advanced courses. Learn-
ing about event mining is challenging as it is an inter-disciplinary field that
requires familiarity with several research areas and the relevant literature is
scattered in a variety of publication venues such as the ACM SIGKDD Interna-
tional Conference on Knowledge Discovery and Data Mining (ACM SIGKDD),
[EEE International Conference in Data Mining (IEEE ICDM), IEEE/IFIP
Network Operations and Management Symposium (NOMS), International
Conference on Network and Service Management (CNSM), and IFIP/IEEE
Symposium on Integrated Network and Service Management (IM). We hope
that this book will make the field easier to approach by providing a good start-
ing point for readers not familiar with the topic as well as a comprehensive
reference for those working in the field.

Although the chapters of the book are mostly self-contained and can be
read in any order, they have been grouped and ordered in a way that can
provide a structured introduction to the topic. In particular, after Chapter 1
(Introduction), the book is organized as follows:

Part I: Event Generation and System Monitoring
e Chapter 2: Event Generation: From Logs to Events

e Chapter 3: Optimizing System Monitoring Configurations

xiii



Xiv Preface

Part 1I: Event Pattern Discovery and Summarization
e Chapter 4: Event Pattern Mining
e Chapter 5: Mining Time Lags
e Chapter 6: Log Event Summarization
Part I11: Applications
e Chapter 7: Data-Driven Applications in System Management

e Chapter 8: Social Media Event Summarization Using Twitter
Streams

I would like to thank Dr. Sheng Ma, Dr. Charles Perng, Dr. Larisa Shwartz,
and Dr. Genady Grabarnik for their long-term research collaboration on event
mining. The research studies presented in the book are based on the research
projects conducted at the Knowledge Discovery Research Group (KDRG)
in the School of Computing and Information Sciences (SCIS) at Florida In-
ternational University (FIU). The research projects have been partially sup-
ported by the National Science Foundation (NSF)(NSF CAREER Award
11S-0546280, CCF-0830659, HRD-0833093, DMS-0915110, CNS-1126619, and
I1S-1213026), the U.S. Department of Homeland Security under grant award
number 2010-ST-062-00039, the Army Research Office under grant number
WI11INF-10-1-0366 and WITINF-12-1-0431, a 2005 IBM Shared University
Research (SUR) Award, and IBM Faculty Research Awards (2005, 2007, and
2008). The research projects have also been supported by Florida Interna-
tional University (FIU), Nanjing University of Posts and Telecommunica-
tions (NJUPT), Xiamen University (XMU), Nanjing University of Science
and Technology (NJUST), and Xiamen University of Technology (XMUT).

Editing a book takes a lot of effort. I would like to thank the following
members of the Knowledge Discovery Research Group (KDRG) in the School
of Computing and Information Sciences (SCIS) at Florida International Uni-
versity (FIU) for the contributions of their chapters as well as their help in
reviewing and proofreading:

e Dr. Yexi Jiang (now works at Facebook Inc.)
e Dr. Chao Shen (now works at Amazon Inc.)
e Dr. Liang Tang (now works at LinkedIn Inc.)
e Chunqiu Zeng

Wubai Zhou

I would also like to thank the KDRG group members (Wei Liu, Ming Ni, Bin
Xia, Jian Xu, Wei Xue, and Longhui Zhang) for proofreading the book and for
their valuable suggestions and comments. I would also like to thank the people
at Chapman & Hall/Taylor & Francis for their help and encouragement.

Tao Li
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