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INTRODUCTION

Trend detection has been studied by researchers in
many fields, such as statistics, economy, finance,
information science, and computer science
(Basseville & Nikiforov, 1993; Chen, 2004; Del
Negro, 2001). Trend detection studies can be di-
vided into two broad categories. Attechnical levels,
the focus is on detecting and tracking emerging
trends based on dedicated algorithms; at decision
making and management levels, the focus is on the
processinwhichalgorithmically identified temporal
patterns can be translated into elements of a decision
making process.

Much of the work is concentrated in the first
category, primarily focusing on the efficiency and
effectiveness from an algorithmic perspective. In
contrast, relatively fewer studies in the literature
have addressed the role of human perceptual and
cognitive system in interpreting and utilizing
algorithmically detected trends and changes in their
own working environments. In particular, human
factors have not been adequately taken into ac-
count; trend detection and tracking, especially in text
document processing and more recent emerging
application areas, has not been studied as integral
part of decision-making and related activities. How-
ever, rapidly growing technology, and research in
the field of human-computer interaction has opened
vast and, certainly, thought-provoking possibilities
for incorporating usability and heuristic design into
the areas of trend detection and tracking.

BACKGROUND

Inthis section, we briefly review trend detection and
its dependence on time and context, topic detection
and tracking, supported by instances of their impact
in diverse fields, and the emerging trend detection
especially for text data.

Trend Detection

A trend is typically defined as a continuous change
of a variable over a period of time, for example,
unemployment numbers increase as the economy
enters a cycle of recession. Trend detection, in
general, and topic detection techniques are groups of
algorithmic tools designated to identify significant
changes of quantitative metrics of underlying phe-
nomena. The goal of detection is to enable users to
identify the presence of such trends based on a
spectrum of monitored variables. The response time
of a detection technique can be measured by the
time duration of the available input data and the
identifiable trend; itisdependent on specific applica-
tion domains. For example, anti-terrorism and na-
tional security may require highly responsive trend
detection and change detection capabilities, whereas
geological and astronomical applications require long-
range detection tools. Other applications of this
technology exist in the fields of business and medi-
cine.

Much research has been done in the field of
information retrieval, automatically grouping (clus-
tering) documents, performing automated text sum-
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marization, and automatically labeling groups of
documents.

Policymakers and investigators are, obviously,
eager to know if there are ways that can reliably
predict each turn in the economy. Economists have
developed awide variety of techniques to detect and
monitor changes in economic activities. The concept
of business cycles is defined as fluctuations in the
aggregate economic activities of a nation. A busi-
ness cycle includes a period of expansion, followed
by recessions, contractions, and revivals. Three
important characteristics are used when identifying
a recession: duration, depth, and diffusion — the
three Ds. A recession has to be long enough, from a
year to 10 years; a recession has to be bad enough,
involving a substantial decline in output; and areces-
sion has to be broad enough, affecting several
sectors of the economy.

Topic Detection and Tracking

Topic Detection and Tracking (TDT) is a sub-field
primarily rooted in information retrieval. TDT aims
to develop and evaluate technologies required to
segment, detect, and track topical information in a
stream consisting of news stories. TDT has five
major task groups: (1) story segmentation, (2) topic
detection, (3) topictracking, (4) first story detection,
and (5) story link detection. Topic detection focuses
on discovering previously unseen topics, whereas
topic tracking focuses on monitoring stories known
to a TDT system. First story detection (FSD) aims
to detect the first appearance of a new story inatime
series of news associated with an event. Roy, Gevry,
and Pottenger (2002) presented methodologies for
trend detection. Kontostathis, Galitsky, Roy,
Pottenger, and Phelps (2003) gave a comprehensive
survey of emerging trend detection in textual data
mining interms of four distinctaspects: (1) input data
and attributes, (2) learning algorithms, (3) visualiza-
tion, and (4) evaluation.

TDT projects typically test their systemson TDT
data sets, which contain news stories and event
descriptors. The assessment of the performance of
a TDT algorithm is based on Relevance Judgment,
which indicates the relevancy between a story and
an event. Take the event descriptor Oklahoma City
Bombing as an example. If amatching story is about
survivors’ reaction after the bombing, the relevance
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judgment would be Yes. In contrast, the relevance
judgment of the same story and a different event
descriptor U.S. Terrorism Response would be No.
Swan and Allan (1999) reported their work on
extracting significant time varying features from
text based on this type of data.

An interesting observation of news stories is that
events are often reported in burst. Yang, Pierce, and
Carbonell (1998) depicted a daily histogram of story
counts over time. News stories about the same event
tend to appear within a very narrow time frame. The
gap between two bursts can be used to discriminate
distinct events.

Kleinberg (2002) developed a burst detection
algorithm and applied to the arrivals of e-mail and
words used in titles of articles. Kleinberg was moti-
vated by the need to filter his e-mail. He expected
that whenever an important event occurs or is about
to occur, there should be a sharp increase of certain
words that characterize the event. He called such
sharp increases bursts. Essentially, Kleinberg’s burst
detection algorithm analyzes the rate of increase of
word frequencies and identifies the most rapidly
growing words. He tested his algorithm on the full
text of all the State of the Union addresses since
1790. The burst detection algorithmidentified impor-
tant events occurring at the time of some of the
speeches. For example, depression and recovery
were bursty words in 1930-1937, fighting and
Japanese were bursty in 1942-1945, and atomic
was the buzz word in 1947 and 1959.

EMERGING TREND DETECTION
(ETD)

ETD for Text Data

Unlike financial and statistical data typically foundin
an economist’s trend detection portfolio, ETD in
computer science often refers to the detection of
trends in textual data, such as a collection of text
documents and a stream of news feed. ETD takes a
large collection of textual data as input and identifies
topic areas that are previously unseen or are grow-
ing inimportance with in the corpus (Kontostathis et
al., 2003). Thistype of data mining can be instrumen-
tal in supporting the discovery of emerging trends
within an industry and improving the understanding
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