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Abstract

This paper presents a formal method of detecting emerg-
ing and changing interests that appear in document streams
arriving continuously over time. Examples of such docu-
ment streams include email, news articles, and weblogs (or
blogs). We utilize the temporal information associated with
documentsin the streams and discover emerging issues and
topicsof interest and their change by detecting buzzwordsin
the documents. Buzzwords are terms that occur with strong
momentum for a relatively short period of time.

Our approach for buzz detection is based on the notion of
“burst of activities” proposed by Kleinberg [7]. The burst
of activities is modeled using a weighted automaton. e
propose an algorithm to discover buzzwords of high inten-
sity measured by their momentum and relative duration of
the bursts. The method is applied and validated on a stream
of blog postings and we report the experiment results.

1. Introduction

The goa of the present work is to develop a formal
method of modeling and computing emerging and chang-
ing interests appearing in document streams arriving con-
tinuoudly over time. Asaway to see the emergence of new
topics of interests or the change of interests, we detect buz-
zwords in a set of documents over time. Buzzwords are
terms that occur with high momentum for a relatively short
period of time preceded or followed by longer pauses in
close proximity. By analyzing the sequence of episodes re-
flected in the buzzwords, we can observe when new topics
are arising and how the concentration of interestsis shifting
over time.

We base our buzz detection on the burst event model re-
cently developed by Kleinberg[7]. He modelsbursty events
using an infinite-state automaton that emits messages at dif-
ferent rates depending on its state. A set of states in the
automaton corresponds to increasingly rapid rates of emis-

sion, and the onset of a burst is signaled by a state transi-
tion from alower state to a higher state. By assigning costs
to state transitions, one can control the frequency of such
transitions, preventing very short bursts and making it eas-
ier to identify the lasting periods of bursts despite transient
changesin the rate of the stream.

Kleinberg'sburst event model enables usto find low cost
state transition sequences and bursty events generated by
states that emit messages at high rate. We adopt this bursty
event model and propose an algorithm that detects high in-
tensity buzz (or buzzwords) from bursty events. Since the
model does not take into account the duration of the bursty
events or provide a way to measure the weights of bursty
events on in a continuous stream, the model is not directly
applicable to detect buzzwords. For our definition of buz-
zwords, not al bursty events qualify to be buzzwords.

Our buzzword detection algorithm takes into account the
relative duration and the momentum of bursty events to
measure the degree of concentration of bursty events. In
short, we define buzzwords as terms with bursty activities
of high concentration and show that they can be found by
computing relatively short bursty events with high momen-
tum.

The buzz detection can be highly useful for many appli-
cationsincluding market and consumer trend analysis, poli-
tics, and intelligence. For example, by capturing the change
of consumer interests, or growing interests (or concerns) on
certain aspects of their products among various groups of
target consumers, companies can better respond to such in-
terests and concerns, and establish more effective marketing
strategies.

The rest of this paper is organized as follows: we first
review the model of burst streams. In Section 3, we propose
the formal definition of buzzwords and describe an ago-
rithm of detecting them. Then we describe our empirical
study on blog postings and report experimental results of
buzzword detection on political blog postings in Section 4.
Related works are reviewed in Section 5. Finally, we con-
clude with discussion.



2. Background
2.1. Burst Analysis

Kleinberg's work on identifying bursts in a stream of
events[7] isreviewed in this section. For document streams
that arrive continuously over time, he observed that the ap-
pearance of a topic in a document stream is signaled by a
“burst of activity,” with certain featuresrising sharply infre-
guency as the topic emerges. For instance, an event might
correspond to the appearance of an email containing partic-
ular keywords.

The approach is based on modeling the stream using an
infinite-state automaton, in which bursts appear naturally as
state transitions. The bursts associated with state transitions
form a naturally nested structure, with a long burst of low
intensity potentially containing several bursts of higher in-
tensity inside it (and so on, recursively). This can provide
a hierarchica decomposition of the temporal order, with
long-running episodesintensifying into briefer ones accord-
ing to a natura tree structure. There is a cost associated
with any state transition to discourage short bursts. Given
an event stream the method finds a low cost state sequence
that is likely to generate that stream. Finding an optimal
solution to this problem can be accomplished by dynamic
programming.

2.2. A Generative Model for Two-State Automaton

In this section, we describe the generative model to find
a likely sequence of state transition from a set of time-
stamped pages. Since we aim at identifying bursts of high
intensity, but not to emphasize the hierarchical structure of
the bursts, we adopt the two-state automaton [ 7], where the
generation of events by the automaton is modeled with two
states, “low” and “high.” In the high state events are gener-
ated at rapid rate, thusto form bursts of events, and at slow
rate in the low state. The time gaps between consecutive
events are distributed independently according to an expo-
nential distribution whose parameter depends on the state.
Messages are emitted in a probabilistic manner, so that the
gap x intime between messagesi and i + 1 is distributed ac-
cording to the exponentia density function f(z) = ae =%,
where o > 0. That is, the probability that the gap exceeds
x isequa to e **. « is the rate of message arrivals. The
expected value of the gap in thismode! ise 1.

The burst event model extends this simple formulation
by exhibiting periods of lower rate interleaved with period
of higher rate. Let ggand ¢;correspond to the two states,
“low” and “high”, of the automaton. When A is in state
qo, Messages are emitted at a slow rate, with gaps x be-
tween consecutive messages distributed independently ac-
cording to adensity function fo(x) = age™“*. When Ais

in state ¢;, messages are emitted at a faster rate, with gaps
distributed independently according to f1(z) = aje”*%,
where oy > «ap. Finally, between messages, A changes
state with probability p € (0,1), remaining in its current
state with probability 1-p, independently of previous emis-
sions and state changes.

With the model, a sequence of messages is generated as
follows. A beginsin state ¢o. Before each message is emit-
ted, A changes state with probability p. A message is then
emitted, and the gap in time until the next message is deter-
mined by the distribution associated with A’s current state.

2.3. Finding Optimal State Sequences

The generative model can be applied to find a likely
state sequence, given a set of messages. Suppose there is
a given set of n+1 messages, with specified arrival times.
They determine a sequence of n inter-arrival gaps X=
(xla Z2,..., xn)! where T > 0. Let Q = (qi17Qi27 ey (Zi")
be a state sequence. Each state sequence @ induces a den-
sity function f over sequences of gaps, which hastheform
fo(z1, @2, ..., xy) = [}, fi,(x¢). If b denotesthe number
of state transitions in the sequence @ — that is, the number
of indices i; where ¢;, # ¢;,., —then the prior probability
of Q isequal to
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Let ip = 0, since A starts in state ¢o. Then, the condi-
tiona probability of a state sequence Q given inter-arrival
gaps X is
Pr(Q]fo(X)
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where Z is the normalizing constant 3, Pr(Q’] fo/ (X).
Finding a state sequence (Q maximizing this probability is
equivalent to finding one that minimizes

—InPrlQ | X] = bln(lp;p) + (Z —Inf;, (xt))
=1
— nin(l—p)+inZ

Since the third and fourth terms are independent of the
state sequence, the problem is equivaent to finding a state
sequence @ that minimizesthe following cost function:

n
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The first of the two terms in the expression favors se-
guences with a small number of state transitions, while the
second term favors state sequences that conform well to the
sequence X of inter-arrival gap values. Thus, one expects
the optimum to track the global structure of bursts in the
gap sequence, while holding to a single state through local
periods of non-uniformity.

3. Buzzword Detection

In Section 2.3, we discussed a method that computes
an optimal state transition sequence of a given set of inter-
arrival times of events. For the given optima state se-
guence, [ 7] defines bursty events as events generated at high
arrival rate by high states (¢1). We use the bursty events for
the detection of buzzwords. Buzzwords are terms of high
momentum for arelatively short period of time.

Note that not all bursty events by the Kleinberg's model
can be considered as buzz because the model does not take
into account the rel ative duration and the mass of the bursts.
We measure the degree of concentration of bursty eventsin
terms of relative duration and momentum. We show that
terms with bursty activities of high degree of concentration
qualify to be buzzwords for the corresponding time periods.
When aterm appearsin a document stream with bursty pat-
tern, we consider it as a potential candidate for buzzwords
and computethe degree of concentration of the candidate. If
the degree of concentration is high enough (i.e., higher than
a given threshold), the corresponding term is considered to
be a buzzword.

Suppose there is a given set of n+l messages, D=
(do, dq, ...,dy), with specified arrival times. They deter-
mine a sequence of n inter-arrival gaps X= (z1, 2, ..., Tn),
where z; > 0. Let I;"(w) be an interval, [tpegin(I; (w)),
tend(I;“(w))], of high states of atermw, and call it a“high-
interval of w”, Where tpegin (I;7 (w)) and tenq(I; (w)) de-
note the beginning and the ending time, respectively, of the
interval. Likewise, let I, (w) , a“low-interval of w”, bethe
interval of low states of w immediately after I;"(w). Let
relevant documents to be documents containing w in them.
The followings are the notations we use in the formal defi-
nition of buzzwords:

e duration of I} (w):
|Iz+(w) | = tend(lj(w)) _tbegin(lj_(w))

where tyegin (I;7 (w)) and tenq(I;" (w)) are the begin-
ning and ending time of 1 f (w), respectively.

e mass of I;"(w), m+ (w)+ 1S the number of documents
containing w arrived during ;" (w).

e arrival rateof I;* (w), A+ (w) 1Sthearrival rate of rel-
evant documents during I ;" (w):
1

At —
I (w) E[le(w)]

Xitw) = (zr, Try1,...,2s—1) IS a sequence of
inter-arrival gaps of relevant documents, D+, =
(drydyi1, .., ds), within I (w), where the arrival
time of d; (r < j < s) belongs to the interval
[tbegin(l;r(w)) <j< tend(l;r(w))]'

e spanratioof I;" (w), P+ (w» iStheratio of the duration
of the surrounding low intervals to the duration of the
highinterval 7" (w):

[ Iy (w) [+ [ 1 (w) |

| " (w) |

Soan ratio is the measure of relative shortness of the

duration of a buzzword.

pI:r (w)

o momentum of Ij‘ (w), or §j,+(w):
Srw) = A M)

e The concentration of eventsin I} (w), K+ () 1S d&
fined as follows: 1

R L (w) Prr(w) " $1F (w) (@)

Intuitively, r ;+ ()" has the following properties:
¢ the concentration becomes higher with increasing mo-

mentum of the interval, either by having higher mass
or higher arrival rate.

e the concentration becomes higher with shorter timein-
terval with respect to the lengths of surrounding low
intervals.

Given the property, « -+ (w) isagood measure of buzzness
of eventsduring ;" (w). Thus, we consider w qualifiesto be
a buzzword for time period 1 j (w), if the degree of concen-
tration x + (w)is higher than the given threshold ¢:

KI? (w) > (b

The following describes the agorithm that determines
buzzwords from a document stream:

e For each term w in the stream, compute the optimal
state sequence Q(w) as described in Section 2.3.

e For each high interval of the state sequence Q(w),
I (w), compute the degree of concentration, x I+ (w)
as described in equation (1) in Section 3. ’

e w isabuzzword if the following holds:

Klj(w) = plj(w) ’ é.Ij('w) 2 (b



4. Empirical Study

For the proof of concept, we applied the buzzword detec-
tion algorithm on a set of blog messages posted in the first
quarter of 2004. Blogs differ from traditional web pages
structurally: blogs represent concatenation of messages au-
thored by a single individual. The topics or contents of in-
dividual postings of a blog can be highly diverse, unlike a
newsgroup posting and the following threads that are typi-
cally about the same topic and written by multiple authors.
Each blog posting has a highly reliable timestamp typically
entered by a blog software at the time of posting.

4.1. Data Preprocessing

Template Removal: Blogs typically have templates con-
taining profile information of the authors and links to other
sites that the authors frequently visit, as well as site spe-
cific template. We remove these template portions out of
the page content in order to prevent this persistent informa-
tion from being included into the actual journal content. We
applied a template removal agorithm based on the method
proposed by [2].

Page Segmentation: A natural unit of segmentation for
blogsis each posting that is typically separated by the time
entry associated with each posting representing the time
when the posting is entered. We applied a page segmen-
tation algorithm proposed by [9]. The algorithm identifies
blog-specific date pattern and segments at the location of
new date entries. It is based on the observation that most
blogs are published using a blog publishing software pack-
age, and therefore dates are written in a uniform format.

Detagging HTML Tags We remove scripts, HTML tags
and associated attributes from the resulting blog segments,
except ahandful of selected attributes: ALT attributein IMG
APPLET, and AREA tags, ABBR in TH and TD, SUMMARY
in TABLE, and PROMPT in ISINDEX. We skip the text in
between SCRIPT, STYLE, COMMENT, and DEL tags.

Topic Page Detection  The underlying classifier we used
for topic page detection is a variant of the Winnow classi-
fier [10, 11]. For the classifier, we model documents using
the standard binary bag-of-words representation, thus dis-
regarding the order and term frequency within documents.
The classifier computes the following:

h(x) = Z fw Cw(x)
weV

where ¢,,(z) = 1 if term w occurs in document = and
cw(z) = 0 otherwise. f,, is the weight of term w. If
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Figure 1. Number of blog postings by day

h(z) > V thenthe classifier predictstopical, and otherwise
predict irrelevant.

4.2. The Dataset

From ageneral web crawl by WebFountain Crawlers[4],
we identified about 1M blog pages. After applying data
preprocessing techniques described in Section 4.1, we col-
lected about 29K blog postings with political contents
posted in the first quarter of 2004. Figure 1 charts the pro-
file of the blog postings of every day during the period of
our study.

4.3. Experimental Results

We ran the buzz detection algorithm on the test dataset.
For each word in the dataset, we computed an optimal state
sequence Q(w). Out of Q(w), we computed all I (w)'s.
For each I;" (w), we computed the degree of concentration
(or buzzness) and selected ones with high degree of con-
centration. Additionally, we applied the same algorithm to
the bi- and tri-grams of noun phrases identified by parts-of-
speech (POS) tagging in order to capture the buzz of like
“George W. Bush”, “lowa Caucus’, or “gay marriage”.

Top 30 buzz words in the decreasing order of their buz-
ness are given in Table 1. Table 2 lists the buzzwords in
time sequence showing the change of interests of bloggers
over time. The results show that the buzz detection algo-
rithm is able to detect highly bursty terms, while excluding
frequent terms that appear quite persistently.

Figure 2 shows the message distribution of “John Kerry”
and “Ralph Nader”, two of the highly ranked buzzwords
during the experiment period, measured by the number of
blog postings containing the terms. Figure 2 illustrates the
corresponding state transitions of the terms. The buzz about
“Ralph Nader” is quite straightforward as shown in Figure 2
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and captured by the state transition graph. On Feb. 20,
2004, it was announced that Ralph Nader would enter the
2004 presidential race. Later, the formal announcement was
made on Feb. 22. Reflecting the news, there was burst of
postings about him from Feb. 20th to 23rd, while his name
was mostly infrequent for the rest of the period. Our algo-
rithm identified this single buzz which was highly ranked.
(SeeTable 1)

Of interesting contrast, the occurrences of John Kerry's
name in the dataset show a sequence of bursts of activities.
Overall, his name was persistently active for most part of
the experimental period since late January. As the result,
our algorithm identified only the first burst as buzz and ig-
nored the rest. With persistently high activities, the subse-
guent bursts got low score of span ratio. This phenomenon
bringsup aninteresting issue: with alittleinvestigation, itis
observed that each burst of John Kerry has some events as-
sociated such as hisvictory of lowa Caucus, and hisvictory
on Super Tuesday. Our algorithm was able to detect buzz
onthe individual events (such as“ Super Tuesday” or “lowa

Rank | Buzzwords Duration (days)
1 Super Tuesday 2
2 Ralph Nader 4
3 George W. Bush 2
4 caucus 3
5 John Kerry 2
6 insurance 2
7 RIAA 2
8 Howard Dean 3
9 shooting 2
10 IRS 2
11 Dubya 2
12 virtue 2
13 Russia 2
14 United States 2
15 lowa caucus 2
16 WMD 6
17 Saddam Hussein 2
18 wisdom 2
19 apathy 2

20 crime 2
22 guns 3
22 republican 3
23 democrat 2
24 crime 2
25 Iran 4
26 Clinton 2
27 democrat 2
28 campaign 4
29 gay marriage 2
30 WMD 2

Table 1. Top 30 buzzwords in the order of their buzzness

Caucus’), whileignoring the persistently bursty term “ John
Kerry.” It may be debatable how to treat such persistently
bursty terms. After al, “John Kerry” can be considered as
a buzzword of much longer span that associates with a se-
ries episodes. Isthere any case where the persistently bursty
terms should not be considered as buzzwords ? If so, how
do we differentiate one case from another ? We leave the
problem of dealing with those persistently bursty termsas a
future research task.

5. Related Work

Our work has many related areas including time series
analysisand sequence mining [3, 6], queuing theory for net-
work traffic [8], text mining [12, 13], and event tracking
[15, 14].

Kleinberg [7] developed a burst event model using
infinite-state automaton and proposed a method to compute
the optimal state sequences using Bayes procedure. How-
ever, the definition of bursty events as a time interval with
high states does not accommodate the more complex char-
acteristics of buzz we try to identify. We developed a new
model for detecting buzz using his bursty events as candi-
dates of buzzwords.

The Yahoo! Buzz Index counts the percentage of the to-
tal number of people searching for a specific query term (or
subjects) posted at the Yahoo search engine [1] collected
from their search log files. Based on the buzz scores, they



Interval Buzzwords
20040110 — 20040113 Iran
20040111 — 20040112 | shooting
20040111 — 20040112 | apathy
20040119 — 20040121 | caucus

20040119 — 20040120 | lowa caucus
20040119 — 20040120 | John Kerry
20040120 — 20040121 | George W. Bush

20040120 — 20040121 Dubya
20040120 — 20040121 | United States
20040121 — 20040122 | RIAA
20040128 — 20040129 | Russia
20040128 — 20040129 | Saddam Hussein
20040128 — 20040129 | democrat
20040128 — 20040129 Clinton
20040129 — 20040130 | insurance
20040201 — 20040206 WMD
20040202 — 20040204 | republican
20040202 — 20040205 | campaign
20040203 — 20040204 | crime
20040218 — 20040220 | Howard Dean
20040218 — 20040219 | virtue
20040218 — 20040220 | guns
20040219 — 20040220 IRS
20040219 — 20040220 | wisdom
20040219 — 20040220 | crime

20040219 — 20040220 | democrat
20040220 — 20040223 | Ralph Nader
20040302 — 20040303 | Super Tuesday
20040311 — 20040312 | gay marriage

20040325 — 20040326 | WMD

Table 2. Top 30 buzzwords in the order of their timein-
terval

identify the leaders, subjects with highest buzz scores, and
the movers, subjectswith the greatest percentageincreasein
buzz score from one day to the next. The movers are poten-
tially new buzzwords gaining momentum. The buzz score
fundamentally differs from our buzzness score (measured
by the degree of concentration) in that their buzz terms are
essentially most frequent query termsof any given day with-
out taking into account the duration of the buzz.

Recently, blogspace is becoming an active area of re-
search, reflecting the growing popularity in practice [9, 5].
[9] studied evolution of community in blogspace. They
view link creation as temporal phenomenon, and developed
time graphs to extend the traditional notion of an evolv-
ing directed graph over time. They developed algorithms
for time-dense community tracking. [5] studies informa-
tion and topic propagation using blogspace as an example
domain. They model the topic propagation at both macro-
scopic (or corpus) level and microscopic (or individual to
individual) levels. Though they deal with topics extracted
from the text of blog postings, their main focus is to extract
the network of information propagation. They propose an
algorithm that induces the underlying propagation network
from a sequence of posts.

6. Conclusion

In this paper, we presented a formal model of buzz and
proposed an algorithm to detect them from a text document
stream. Our buzz detection algorithm computes the degree
of concentration of occurrences of a term at a given time
interval as a measure of buzzness of the term. We proposed
aformal method of computing the degree of concentration.
Our agorithm is experimentally verified on blog postings
and the results show that the method is highly promisingin
detecting buzz.
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