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ABSTRACT
Previous work on text mining hasalmost exclusively focused
on a single stream. However, we often have available mul-
tiple text streams indexed by the same set of time points
(called coordinated text streams), which o�er new opportu-
nities for text mining. For example, when a major event
happens, all the news articles published by di�eren t agen-
cies in di�eren t languagestend to cover the same event for
a certain period, exhibiting a correlated bursty topic pattern
in all the news article streams. In general, mining corre-
lated bursty topic patterns from coordinated text streams
can reveal interesting latent associations or events behind
these streams. In this paper, we de�ne and study this novel
text mining problem. We propose a general probabilistic
algorithm which can e�ectiv ely discover correlated bursty
patterns and their bursty periods across text streams even
if the streams have completely di�er ent vocabularies (e.g.,
English vs Chinese). Evaluation of the proposed method
on a news data set and a literature data set shows that
it can e�ectiv ely discover quite meaningful topic patterns
from both data sets: the patterns discovered from the news
data set accurately reveal the major common events cov-
ered in the two streams of news articles (in English and
Chinese, respectively), while the patterns discovered from
two database publication streams match well with the ma-
jor research paradigm shifts in database research. Since the
proposedmethod is generaland doesnot require the streams
to share vocabulary, it can be applied to any coordinated
text streams to discover correlated topic patterns that burst
in multiple streams in the sameperiod.

Categories and Sub ject Descriptors: H.3.3 [Informa-
tion Search and Retrieval]: Clustering, Text Mining

General Terms: Algorithms

Keyw ords: Correlated bursty patterns, coordinated streams,
clustering, reinforcement.
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1. INTRODUCTION
Text streamsare ubiquitous and are often naturally formed

as new information is incrementally created and accumu-
lated. For example, newswires publish news articles every-
day on the Web to report new events to users, generating
news streams in di�eren t languages such as English, Chi-
nese, and Spanish. Search engines accept and answer end
users' queries from all over the world contin uously, creat-
ing streams of queries. Researchers publish scienti�c papers
year by year, forming literature streams. Blog authors regu-
larly publish blog articles, forming a dynamic stream of blog
articles.

One interesting characteristic of a text stream is that there
is often an intensive coverageof sometopic within a certain
period, which we refer to as a bursty topic pattern. For ex-
ample, when a major event happens in the world, all news
articles tend to have intensive coverageof the event; as a re-
sult, there would be a coverageburst of the topic lasting for
a certain period. Similarly , when a new research direction
is opened up in a research �eld, many publications in the
new direction tend to be generated, again forming a bursty
pattern about the research topic. Mining such bursty topic
patterns can help reveal the underlying events and has po-
tentially many applications, such as monitoring opinions,
analyzing trends, and summarizing the major topics in a
text stream.

Sofar, text mining research hasalmost exclusively focused
on mining one single text stream. For example, the Topic
Detection and Tracking (TDT) work [5, 24, 23, 4] has fo-
cused on detecting new events and tracking known events
in a single news article stream. Other work on extracting
bursty patterns has also focused on only one single stream
(see, e.g., [18, 19, 12, 8, 15, 14]). However, we often have
available multiple related text streams indexed by the same
set of time points (called coordinated text streams), which
o�er new opportunities for text mining. In particular, we
may discover correlated bursty topic patterns from multiple
coordinated text streams. A correlated bursty topic pattern
refers to simultaneous bursting of somerelated topics in all
the text streams; it is often associated with some underly-
ing event that has in
uenced the generation of all the text
streams involved.

For example, when a major event happens, all the news
articles published by di�eren t agenciesin di�eren t languages
tend to cover the same event for a certain period, exhibit-
ing a correlated bursty topic pattern in all the news article
streams. Exploiting multiple streams to detect the latent



events would be more accurate than using only one single
stream as the latter may not be able to distinguish a global
event from a local event, leading to mixed mining results.
Also, when there is a major shift in research paradigm in a
�eld, all the journals or conferencesin the �eld will lik ely
have a coverageburst of the new research paradigm; again,
mining multiple journals or conferencescan recover the re-
search paradigm shift more accurately than using only one
single publication source.

In general, mining correlated bursty topic patterns from
coordinated text streams is quite interesting for several rea-
sons: (1) It can help discover interesting common (causal)
events that have in
uenced all the streams. (2) It can re-
veal interesting associations and linkages between the in-
volved streams. (3) It can help discover \lo cal" (i.e., stream-
speci�c) patterns more accurately by factoring out the \global
noise." For example, identifying correlated bursty topic pat-
terns from news streams in di�eren t natural languagessuch
as English and Chinese can not only reveal the samemajor
events covered by both streams, but also create associations
of English terms and Chineseterms; such associations would
be very useful for cross-lingual information retrieval, inte-
gration, and summarization [22, 20]. The discovered com-
mon events in multiple news streams can also facilitate dis-
covery of local events speci�c to one stream (e.g., Chinese
news) which would otherwise have be mixed with the com-
mon/global events.

In this paper, we de�ne and study the novel problem of
mining correlated bursty topic patterns from multiple co-
ordinated text streams. We propose probabilistic mixture
models which can identify the bursty patterns and their
bursty periods from coordinated streamssimultaneously even
if the streams have completely di�eren t vocabularies (e.g.,
English and Chinese). The basic idea of our approach is to
intro duce a latent cause variable to model the underlying
events to be discovered and model the text data in mul-
tiple streams with a mixture model involving multinomial
component topic models. Each topic model is a word distri-
bution with the high probabilit y words indicating the topic
content. We do not require the multiple streams to share
the samevocabulary; instead, we rely on the correlation be-
tween the time distributions of topics to \align" topics from
multiple streams. Thus the proposedmethods can actually
be applied to any discrete data streams, though we have
only evaluated it using text streams in this paper. By �t-
ting such a model to the available text streams using the
Expectation-Maximization (EM) algorithm, we can obtain
the topic models associated with each value of the latent
causevariable; these topic models together with their peak-
ing time periods are taken as the correlated bursty topic
patterns that we want to discover.

We further propose two extensions to this basic mining
approach: (1) We incorporate local dependency (along the
time line) into the mixture model to further favor a topic
model that can explain well all the documents in a con-
secutive time period. This allows us to discover consecu-
tiv e bursty periods. (2) We propose a mutual reinforce-
ment method which allows multiple streams to work to-
gether to further improve the qualit y of the identi�ed cor-
related bursty patterns by selecting terms that truly have
strong global correlations acrossall the streams.

We test the proposed methods on two data sets { news
streams and literature streams. Experiment results show

that the proposed methods can e�ectiv ely discover quite
meaningful topic patterns from both data sets: the patterns
discovered from the news data set can accurately reveal the
major common events covered in the two streams of news
articles (in English and Chinese, respectively), while the
patterns discovered from two database publication streams
match well with the major research paradigm shifts in database
research. The proposed two extensions (i.e., local depen-
dency and mutual reinforcement) are also both e�ectiv e for
further improving the qualit y of discovered patterns.

The rest of the paper is organized as follows. We �rst
review the related work in Section 2. Then we de�ne the
problem of mining coordinated streams in Section 3 and
present the proposed mining methods in Section 4. We re-
port the experimental results in Section 5 and conclude in
Section 6.

2. RELATED WORK
Our work is related to several lines of work in text min-

ing, stream data mining, and multilingual natural language
processing.

First, the work on Topic Detection and Tracking (TDT) [4,
5, 24, 23] all aims to detect and track events from a stream
of news stories, thus is related to our work. However, this
body of work all considersa single newsstream and doesnot
address the issue of multiple subtopics within a news arti-
cle. Our work is more related to the retrospective version
of TDT [24] where the whole stream is analyzed. A main
di�erence between our work and the TDT work is that we
consider multiple coordinated text streams and mine corre-
lated bursty topic patterns.

Second,bursty patterns or events are recently studied[18,
19, 12, 8]. In [12], an in�nite automaton was proposed
to identify bursty features and their bursty structures; it
has been used in [13] to identify the bursty evolution of
blogspace. However, the work is restricted in only identi-
fying bursty features one by one and does not group the
features to �nd interesting topic patterns. In [18, 19] and
[8], bursty features are identi�ed heuristically with multi-
ple steps. For example, in [18, 19], for each named entit y
and noun phrase in the stream, � 2 tests are performed to
identify the days in which the test scoresare higher than
a threshold. In [8], binomial distributions are calculated to
identify the bursty features. All these methods processthe
features one by one and only a single stream is analyzed.
One problem of such methods is that the results are often
quite sensitive to somenoisy features which may be inciden-
tally bursty and the bursty pattern is not meaningful. Our
method is more robust since it identi�es bursty patterns by
pooling together many words which share similar patterns.
Furthermore, in [18, 19] and [8] it is shown to be di�cult for
their methods to �nd long consecutive time periods. In con-
trast, our methods (especially the local dependency model)
can help �nd long consecutive periods of bursty patterns.

Data streams and time-series data are extensively studied
in the database and data mining communities [9, 1]. Much
of the emphasis there is on similarit y search, which is to
�nd similar time-series sequencesgiven a time-series query
(e.g., [3, 21]), and on classi�cation or incremental clustering
of data streams (e.g.,[11, 2]).

Temporal information has also been used to identify se-
mantically similar search enginequeries[7], to integrate mul-
tilingual information [20], and to acquire lexical associations



for transliteration and translation [17]. We propose a mix-
ture model for coordinated text streams with temporal in-
formation. It is an extension of Probabilistic Latent Seman-
tic Analysis (PLSA) [10] and is also related to some other
recent extensions such as [25, 16].

3. PROBLEM FORMULA TION
In this section, we formally de�ne the problem of mining

correlated bursty topic patterns from multiple coordinated
text streams. We �rst de�ne text stream.

Definition 1 (Text Stream) . A text stream S of length
n and with vocabulary V is an ordered sequence of text sam-
ples (S1 ; S2 ; :::; Sn ) indexed by time, where Si is a sequence
of words from the vocabulary set V at time point i .

For example, in a news article stream S, Si could be a
concatenation of all the news articles published on date i ,
while in a search engine query log stream S0, S0

i could be all
the queries sent to the search engine on date i .

Definition 2 (Coordina ted Text Streams) . A set
of text streams is called coordinated text streams if all the
streams share the sametime index and havethe samelength.
Formal ly, a set of m coordinated text streams with length n is
S = fS 1 ; :::; Sm g, where Si = (Si 1 ; :::; Sin ) is the i -th stream
with vocabulary Vi . Sij is the text sample at time point j in
the i -th stream, thus it consists of a sequence of words from
Vi .

Note that we allow each stream Si to have a potentially
distinct vocabulary set Vi ; this allows us to conveniently
model text streams in di�eren t natural languages such as
English, Spanish, and Chinese.

In order to de�ne the concept correlated bursty topic pat-
tern, we �rst de�ne topic.

Definition 3 (Topic) . A topic in stream Si is de�ned
as a probability distribution of words in vocabulary set Vi .
We also call such a word distribution a topic model.

Using a word distribution (i.e., unigram language model)
to represent a topic has been quite common in text mining
(see e.g. [10, 6, 25, 16]). Intuitiv ely, a topic model would
assign high probabilities to those words that can charac-
terize the topic well. For example, the topic model about
the 9{11 terrorist attack may have high probabilities for
words such as \attac k", \terror", \terrorist", \Afghan", and
\Bin Laden", but very small probabilities for words such as
\Olympic", \game", \sp ort", and \swimming", whereasthe
topic model about an Olympic swimming event would lik ely
be the opposite.

While any topics that we can discover from a text stream
would be interesting, we are particularly interested in a spe-
cial kind of topics which we refer to as \burst y topics."
These are topics that are covered intensively within a rel-
ativ ely long consecutive time period in a stream. Burst y
topics are interesting because they tend to be associated
with somemajor events, and discovering such events is our
goal. We now formally de�ne a bursty topic.

Definition 4 (Bursty Topic) . Let � be a topic (model)
in stream Si . Let t 2 [1; n] be a time index variable and
p(� jt; Si ) be the relative coverage of the topic � at time t in

stream Si . � is a bursty topic in stream Si if 9t1 ; t2 2 [1; n]
such that t2 � t1 � � and 8t 2 [t1 ; t2 ], p(� jt; Si ) � � where
� is a span threshold and � is a coverage threshold. Intu-
itively, the �rst condition ensures that the topic is covered in
the stream for a relatively long consecutive period; the second
ensures that the coverage of the topic is relatively intensive.

Finally , we de�ne a correlated bursty topic pattern, which
is a set of topics (each from a di�eren t stream) that are
bursty during the same time period. Formally,

Definition 5 (Correla ted Bursty Topic Patten) .
A correlated bursty topic pattern in a set of coordinated
text streams S = fS 1 ; :::; Sm g is de�ned as a set of top-
ics f � 1 ; :::; � m g such that � i is a bursty topic in stream Si

and 9t1 ; t2 2 [1; n] such that t2 � t1 � � and 8t 2 [t1 ; t2 ],
8i 2 [1; m], p(� i jt; Si ) � � where � is a span threshold and
� is a coverage threshold.

According to thesede�nitions, the problem of mining cor-
related bursty topic patterns from a set of coordinated text
streams mainly involves three challenges: (1) We need to
discover bursty topics from each stream. As we will show
later, a straightforw ard application of existing approaches
to topic discovery cannot e�ectiv ely detect topics that are
bursty. (2) We need to locate the bursty period of a bursty
topic. The coverage of a bursty topic may be uneven and
unsmooth even during the bursty period, making it a chal-
lenge to accurately detect the bursty period boundaries. (3)
Since the topics forming a correlated bursty topic pattern
must be bursty during the sameperiod in multiple streams,
we need to coordinate the discovery of bursty topics in all
the streams to more e�ectiv ely focus on the truly correlated
topics. In particular, the discovery of topics in one stream
should pay attention to which period other streams suggest
to be promising for �nding a correlated bursty topic pattern.

4. COORDINATED MIXTURE MODEL
In this section, we describe our coordinated mixture model

to discover correlated bursty topic patterns from coordi-
nated text streams.

4.1 BasicIdea
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Figure 1: Examples of burst y words related to 9{
11 event in the news data. x-axis denotes the time
poin ts and y-axis is the relativ e frequency .

The basic idea of our approach is to align the text samples
from di�eren t streams basedon the shared time stamps and
discover topics from multiple streams simultaneously with a
single probabilistic mixture model. Recent work such as [10,



6, 16] has shown that probabilistic mixture models are quite
e�ectiv e for discovering topics from text. Their basic idea
is to represent a topic by a word distribution and assume
that a text collection is \generated" by repeatedly sampling
words from a mixture of multiple topic distributions. By
�tting the mixture model to the text data, we can then
obtain an estimate of each word distribution, which we can
take as a discovered topic. Di�eren t methods di�er in the
way of mixing the word distributions and estimating the
parameters.

A straightforw ard way of applying such a method to our
problem would be to use a mixture model to discover topics
from each stream and then try to match the topics across
streams in hope of detecting some topics that happen to
burst during the sameperiod. However, there are two prob-
lems with this simple approach: (1) We will need to match
topics acrossdi�eren t streams, which is di�cult becausethe
vocabularies of di�eren t streams do not necessarilyoverlap.
(2) The topics discovered in each stream may explain the
corresponding stream well but not necessarily match the
common topics sharedby multiple streams. Indeed, a shared
topic may not �t a speci�c stream so well as some variant
of the topic.

This analysissuggeststhat weshould somehow make these
mixture models designed for di�eren t streams \comm uni-
cate" with each other so that they would all focus more on
discovering the common topics shared by all streams. We
achieve this goal by aligning the text samplesfrom di�eren t
streams basedon their common time stamps and �t all the
streams with a single mixture model. Speci�cally , we would
merge the text samples on the same time point (keeping
their stream identities) to form a uni�ed text sample on the
time point. In order to match topic models across di�er-
ent streams, we also align the topic models from di�eren t
streams; again, we keep their stream identities. Since we
have kept the stream identities of both the text sample and
the topic model, we can �t the right model to the right data
when �tting the whole mixture model to all the streams.

We call such a mixture model a coordinated mixtur e model
because the mixture models for all streams \co ordinate"
with each other so that each would focus more on topics
that have strong correlations with topics in other streams.
After we �t such a coordinated mixture model to all the
streams, we will obtain all the topic models. Since the topic
models from di�eren t streams are already aligned with each
other in advance, we naturally obtain a correlated bursty
topic pattern if all the involved topics are bursty in a simi-
lar period.

Intuitiv ely, each topic model (i.e., word distribution) de-
�nes a soft cluster in the sensethat it speci�es the probabil-
it y of membership of each word in the cluster, and our mix-
ture model would group words basedon their co-occurrences
in samples of the same stream to form word clusters and
match clusters acrossstreams basedon the correlations be-
tween the temporal distributions of the clusters from di�er-
ent streams.

Note that our model does not require di�eren t streams
to share any vocabulary; instead it exploits the fact that
topics involved in a correlated bursty topic pattern tend to
have similar temporal distribution to match the topics from
di�eren t streams. In Figure 1, based on the news data set
used in our experiment (seeSection 5), we show strong cor-
relations of the relativ e frequency (i.e., frequency of a word

in each time point normalized by its total frequency) distri-
butions over time between two English words \terror" and
\attac k" as well as betweenthe English word \attac k" in an
English newsstream and its Chinesetranslation in a Chinese
stream. In general, when the multiple streams share some
common causal factors (e.g., a�ected by the sameevent), we
will observe such correlations.

4.2 Formal De�nition
We now give the formal de�nition of the proposed coor-

dinated mixture model.

4.2.1 TheGenerativeModel
Let S = fS 1 ; :::; Sm g be m coordinated text streams with

vocabularies V1 ; :::; Vm . Without loss of generality, we as-
sume there are k correlated bursty topic patterns in our
streams and associate a latent causevariable z 2 [1; k] with
them; a di�eren t value of z would indicate a di�eren t pat-
tern. Given a value j of z, we have a set of \aligned" topic
models, each corresponding to a single stream. The topic
model for stream Si is given by P(wjz = j; i ) where w 2 Vi .
That is, the f P (wjz = j; i )gi 2 [1 ;m ] de�nes a potential corre-
lated bursty topic pattern.

In order to explain all the words in our streams, including
those that are not involved in any correlated bursty topic
pattern, we further intro duce a background topic model
P (wj� B ; i ) for each stream Si .

In general,we assumethat a word w appearing at time t in
stream Si with probabilit y P (wjt; i ) (i.e., w is a word in text
sample Sit ) can either be a background word (th us should
be generated using the background model) or potentially
cover any of the k patterns (th us should be generated from
a mixture of the k pattern models). In other words, w would
be regarded as a sample drawn from the following mixture
model:

P (wjt; i ) = � B P(wj� B ; i ) + (1 � � B )
k

�

z =1

P(zjt)P (wjz; i ) (1)

where � B is the mixture weight of the background model,
and P(zjt) is the probabilit y of choosing pattern z at time
point t .

The log-likelihood of generating text sample Sit is thus

log P(Sit ) =
�

w 2 V i

c(w; Sit ) log P(wjt; i )

where c(w; Sit ) is the count of word w in Sit . Therefore, the
log-likelihood of generating all the m coordinated streams
is:

log P(S) =
n

�

t =1

m
�

i =1

�

w 2 V i

c(w; Sit ) log P(wjt; i ) (2)

Our coordinated mixture model can be regarded as an ex-
tension of Probabilistic Latent Semantic Analysis (PLSA) [10]
to model coordinated streams. Note that the P(wjt; i )'s for
di�eren t streams are coordinated becauseof the common
variable t, and P(zjt), which is independent of any stream,
forcing all the streams to have the samepreferencesfor the
bursty topic patterns. On the other hand, P (wjt; i ) is dif-
ferent for a di�eren t stream, allowing us to model di�eren t
vocabularies.



4.2.2 ParameterEstimation
We estimate the parameters of the coordinated mixture

model by �tting the model to our coordinated text stream
data. To model the background words in our streams (from
someprior knowledge) and regularize our model, we �x our
� B to a constant and set

P (wj� B ; i ) =
c(w; Si )

�

w c(w; Si )

where c(w; Si ) is the count of word w in stream Si .
The remaining parameters to estimate are P(wjz; i ) and

P(zjt). Without assumingany prior knowledge, we may use
the maximum lik elihood estimator and use the expectation-
maximization (EM) algorithm to compute an estimate iter-
ativ ely. The expectation step is to calculate:

P (zjt; w; i ) =
(1 � � B )P ( l ) (zjt )P ( l ) (wjz; i )

� B P (wj� B ; i ) + (1 � � B ) � z P ( l ) (zjt )P ( l ) (wjz; i )
:

The maximization step is to update the probabilities:

P ( l +1) (zjt ) = �

i
�

w 2 V i
c( w ;S it ) P ( z j t;w ;i )

�

z
�

i
�

w 2 V i
c( w ;S it ) P ( z j t;w ;i )

P ( l +1) (wjz; i ) =
�

t c( w ;S it ) P ( z j t;w ;i )

�

w 2 V i
�

t c( w ;S it ) P ( z j t;w ;i )

(3)

4.3 Constraining EM with Temporal
Dependency

One de�ciency of the basic coordinated mixture model is
not capturing the dependency among the consecutive time
points in covering topics. Speci�cally , each text sample
makes its own, independent choice among the possible top-
ics to cover. Intuitiv ely, however, the text sampleswithin a
consecutive time period tend to be in
uenced by the same
event(s). So it would be desirable to somehow force all of
them to make similar choices of topics.

To implement this intuition, we propose to modify the
EM algorithm to imposea temporal dependency constraint
on P(zjt) so that during each iteration P(zjt) would be
smoothed (constrained) by both its neighbors P (zjt � 1) and
P(zjt + 1):

Q( l +1) (zjt ) =
�

i
�

w 2 V i
c( w ;S it ) P ( z j t;w ;i )

�

z
�

i
�

w 2 V i
c( w ;S it ) P ( z j t;w ;i )

P ( l +1) (zjt ) = �Q ( l +1) ( z j t � 1)
2(1+ � ) + Q ( l +1) ( z j t )

1+ � + �Q ( l +1) ( z j t +1)
2(1+ � )

Here Q( l +1) (�j t ) is the original formula in EM iteration.
The parameter � is to control the amount of smoothing.
A larger � would impose a stronger dependency constraint
among adjacent time points. When � = 0, we impose no
constraint and have P ( l +1) (�j t ) = Q( l +1) (�j t ). We found in
our experiments that intro ducing a non-zero � can smooth a
bursty pattern and help discover consecutive bursty periods.

4.4 Mutual ReinforcementacrossStreams
Although the discovery of correlated bursty patterns is

coordinated acrossstreams through the shared time points,
the discovered topic models in each stream (i.e., P (wjz; i ))
can be biased by some stream-speci�c local themes, which
may peak at about the same time as the true correlated
bursty topic patterns. As a result, P (wjz; i ) may have mixed
subtopics. To \clean up" P (wjz; i ) and make it more focused
on the correlated topics acrossall other streams, we propose
to use a reinforcement method to reward words from di�er-
ent streams that are strongly correlated with each other over
the entire time span.

The basic idea of this approach is to exploit the fact that
those words in di�eren t streams about the same common
causal factor can be expected to have strong correlations
between their frequency distributions over time, whereas a
noisy \lo cal word" in a stream is unlik ely to have strong
correlations with them. Thus we can use the corresponding
topic models in other streams (i.e., f P (wjz; j )gj 6= i ) to help
�lter out \lo cal noise" in P (wjz; i ). Speci�cally , we would
adjust P (wjz; i ) to promote words that are highly correlated
with high probabilit y words in all other streams. We itera-
tiv ely do such adjustment for all the topic models.

To implement this idea, we �rst compute the global corre-
lations betweenall the high probabilit y words in one stream
and those in another, where the probabilit y of a word is given
by the corresponding topic model (i.e., P (wjz; i )). Following
[20], we represent each word from stream Si by the normal-
ized empirical frequency distribution vector over the entire
time span of the stream:

P(t jw) =
c(w; Sit )

�

t c(w; Sit )

We can then compute the Pearson correlation coe�cien t
r (x; y) between two words x and y as follows:

r (x; y) =
�

n
i =1 x i yi � 1

n �

n
i =1 x i �

n
i =1 yi

�

( �

n
i =1 x2

i � 1
n ( �

n
i =1 x i )2 )( �

n
i =1 y2

i � 1
n ( �

n
i =1 yi )2 )

(4)
where x i and yi are i -th entries in x and y's frequency dis-
tribution vectors de�ned above.

With these correlation values, we then use the following
iterativ e procedure to adjust each P(wjz; i ):

Q(wjz; i ) = P ( l ) (wjz; i )
� j : j 6= i � w 02 V j

r (w; w0)P ( l ) (w0jz; j )

P ( l +1) (wjz; i ) = Q ( w j z ;i )

�

w 2 V i
Q ( w j z ;i )

(5)

Intuitiv ely, such a mutual reinforcement procedure re-
wards the high probabilit y words in stream i (according to
P(wjz; i )) which have high correlations with the high prob-
abilit y words in its correlated topic model of other streams
P(w0jz; j )'s.

To increase the e�ciency , we can perform mutual rein-
forcement updating on only the words with high probabili-
ties according to P(wjz; i ) and let the iteration stop after a
few iterations. (In our experiments, the ranking of words ac-
cording to the updated probabilities usually becomesstable
after 10 iterations.)

4.5 Discover Corr elatedBusty Topic Patterns
After we get all the parameters P (wjz; i ) and P(zjt) esti-

mated, we can discover the correlated bursty topic patterns
directly . Since P(zjt) is stream independent, given a span
threshold � and a coverage threshold � , an identi�ed pat-
tern is a correlated bursty topic pattern if P (zjt) satis�es
the constraints in De�nition 4 of bursty topic pattern.

Intuitiv ely, P (zjt) represents the strength of pattern z at
time t and the high probabilit y words according to P(wjz; i )
characterize the content of bursty pattern z in stream i . In
the experiment, we use P(zjt) and P(wjz; i ) to represent
the identi�ed correlated bursty topic patterns. For exam-
ple, in the correlated news streams in di�eren t languages
where a correlated bursty topic corresponds to a real world
event, P (zjt)'s are the intensivenessof the corresponding
event over time, which can be used to identify the bursty



News streams Literature streams
English Chinese SIGMOD VLDB

Length 148 148 31 31
#W ord 70,049 9,720 1,930 2,144

#Article 34,751 43,488 1,787 2,143
Data size 111MB 63MB 138KB 108KB

Table 1: Statistics of t wo stream data sets

period, and P(wjz; i )'s indicate what the event is about in
di�eren t languages.

4.6 Discussion
The proposedmethod can work with quite large text col-

lections. Each iteration in the EM algorithm has complexity
O(

� m
i =1 jSi j � k +

� m
i =1 jVi j � k + n � k). For the mutual

reinforcement, we only need to calculate the top N words
of each stream given a pattern. Each iteration of reinforce-
ment has complexity O(N � N � k). In practice, N = 100
is enough since the words outside of top 100 have very low
probabilities.

Although presented asa model on text streamswith words
as units, our model is quite general and can be applied to
any discrete data streams with any interesting features as
units.

5. EXPERIMENTS
To evaluate our methods of identifying major correlated

bursty topic patterns, we conduct experiments on a news
data set and a literature data set. The correlated bursty
topic patterns in news streams are highly related to ma-
jor real world events and the patterns in literature streams
can indicate research paradigm shifts. In this section, we
show that our proposed methods can identify meaningful
correlated bursty topic patterns from these two typesof co-
ordinated streams to reveal the major real world events and
research paradigm shifts with appropriate time line.

5.1 Data Sets

5.1.1 NewsStreams
Our news streams consist of six months' news articles of

Xinh ua English and Chinesenewswiresdated from June 8th,
2001 through November 7th, 2001. There are altogether
43,488 documents in Chinese and 34,751 documents in En-
glish distributed in the 148 days. Each day is usedas a time
point in thesetwo streams thus the length of the coordinated
streams is 148.

In each stream, a text sample with time stamp i is the
concatenation of all news articles appearing on date i . For
Chinese news articles, there is no \space" between two Chi-
nese words and the meaning of each single Chinese char-
acter can be interpreted quite di�eren tly depending on its
context. The ambiguit y of Chinesecharacters can be allevi-
ated much by grouping them into bi-grams. Thus, without
using sophisticated Chinese segmentation tools, we use bi-
grams of Chinese characters as words in the Chinese news
stream. Therefore, at each time point (i.e., day), each news
stream has a sequenceof the aforementioned words which
appear in the corresponding stream at that time point. As
we will show, even with such crude segmentation, the min-
ing results are already quite interesting. Naturally , with a

better segmentation tool, our mining results can be further
improved.

5.1.2 LiteratureStreams
The data set in literature domain we use is similar to the

one used in [12]. Speci�cally , we use all the paper titles of
SIGMOD and VLDB from the years1975{2005in our exper-
iment. SIGMOD and VDLB are two major conferencesin
database research communit y, which have existed for more
than 30 years since 1975. Publications accumulated in the
two conferencesover years naturally form coordinated text
streams. In this data set, each year is treated asa time point
and thus the length of the coordinated streams is 31.

The statistics of the news and literature data sets are
shown in Table 1. Besidesin di�eren t genres, the two data
sets are clearly di�eren t in statistic measures.We use these
two data setsto test the generality of our proposedmethods.

5.2 Parameter Setting
In the coordinated mixture models, there are several user-

input parameters which provide 
exibilit y for bursty topic
pattern analysis. These parameters are set empirically , as
in principle, it is impossible to optimize these parameters
without relying on domain knowledge. We discussthe e�ect
of di�eren t parameters as follows.

Parameter � B is to control the strength of the background
model. The background model captures global common
words in each stream. A larger � B will force discovered
bursty patterns to be more discriminativ e from each other
but an extremely large � B will attract too much useful in-
formation to the background model thus weaken the inter-
pretabilit y of the discovered patterns. Empirically , a � B

suitable for text documents is between 0.9 and 0.95 and we
use � B = 0:95 in our experiments.

Parameter � is to control the dependencystrength among
adjacent time points in the streams. A high � forces a high
dependency, i.e., assumesthat adjacent time points have
very similar bursty topic patterns. A extreme lower � value
such as 0 can not fully utilize the consecutive property of
data streams. In principle, � can be set basedon the overall
similarities among adjacent time points. Empirically , we set
� = 0:1 in the following experiments.

Parameter k is the number of bursty patterns shared by
all coordinated streams in a data set. When no domain
knowledgeis available asin our experiments, we usea similar
strategy as [15] to determine the number of bursty patterns
by enumerating multiple possible values of k and drop the
patterns which do not satisfy our bursty pattern de�nition.

5.3 Resultson NewsData
On the news streams, we �rst apply our coordinated mix-

ture model to identify the major correlated bursty topic pat-
terns and then useour mutual reinforcement method across
streams to further re�ne the identi�ed patterns. Burst y pat-
terns which satisfy � = 5 for � = 0:01 are kept. We �nally
obtain 7 major bursty topic patterns, which are shown in
Figure 3. Recall that each pattern has its bursty period and
a set of high probabilit y words. We show both results in
Figure 3(a) and Figure 3(b) respectively. In Figure 3(a),
we plot the strength of these 7 patterns over time points
indicated by probabilit y P (zjt) which is estimated from our
mixture model. In Figure 3(b), we list the top 10 words with
highest probabilities in each pattern mined from both En-
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design 0.0418 ob ject 0.0486 ob ject 0.0687 mine 0.0440 xml 0.0772
relational 0.0410 deductiv e 0.0308 parallel 0.0334 web 0.0279 stream 0.0633
language 0.0333 orien t 0.0303 orien t 0.0308 warehouse 0.0235 service 0.0308
mo del 0.0287 kno wledge 0.0255 persistent 0.0177 dimension 0.0234 web 0.0228

�le 0.0274 extend 0.0240 multidatabase 0.0153 similar 0.0148 sql 0.0178
base 0.0880 deductiv e 0.0256 ob ject 0.0759 warehouse 0.0366 xml 0.0804

design 0.0544 ob ject 0.0236 orien t 0.0453 mine 0.0223 stream 0.0594
data 0.0375 orien t 0.0225 parallel 0.0441 web 0.0201 web 0.0292

mo del 0.0350 kno wledge 0.0204 rule 0.0270 dimension 0.0175 service 0.0211
relational 0.0341 skew 0.0201 composite 0.0191 use 0.0151 search 0.0199

Figure 2: Researc h paradigm shifts in the literature streams. The words in upp er and lower parts of the
table ab ove are from SIGMOD and VLDB streams resp ectiv ely . Shared words are bold-faced.

glish and Chinese news streams. For each Chinese bi-gram,
we include its English translation in the parenthesis after
itself. Note that Chinese bi-grams are not always complete
Chinese words. We use \*" to indicate that a bi-gram is
only a fragment of our translation.

Figure 3 gives us a good, uni�ed summary of the two
streams by the 7 identi�ed bursty topic patterns. The 1st
pattern is about Communist Party of China (CPC) and has
a sharp peak around July 1st, 2001, which is the 80th an-
niversary of CPC. The 2nd pattern is on the bid of Olympic
2008and bursts from July 13th, 2001when Beijing, the Cap-
ital of China, won the bid of Olympic 2008. The 3rd pattern
is the 9th swimming championship held in Fukuoka in 2001.
The 4th pattern is the shrine event in Japan and the 5th
pattern is the 21st Univ ersiade held in Beijing during Aug.
22nd to Sep. 1st, 2001. 9{11 event is the 6th pattern in the
�gure. From Figure 3(a), we can seethis pattern accurately
bursts at September 11th, 2001. The set of high probabilit y
words such as \terror" and \attac k" are very informativ e in
both English and Chinese. The last pattern identi�ed by our
algorithm is Afghanistan war which happened consequently
after the 9{11 event. Though both 9{11 and Afghanistan
war are related to terrorists, they are two di�eren t events
and our methods are able to distinguish them correctly.

The results above show that our proposed methods can
successfully identify correlated bursty topic patterns in co-
ordinated news streams. It could have many applications.
For example, most of the identi�ed English and Chinese
words, although in completely di�eren t vocabularies, match
very well. This can potentially help cross-lingual informa-
tion retrieval and integration [22, 20]. The bursty period
of a pattern can be used to analyze the trend of the cause
event. Furthermore, combining the identi�ed bursty words
and periods together is informativ e enough to give a uni�ed
summary of the coordinated text streams.

 0

 0.1

 0.2

 0.3

 0.4

 0.5

2001.11.72001.6.8

st
re

ng
th

date

Stock
Pollution

Figure 4: Result of do cumen t-based clustering

5.4 Resultson Literatur e Data Set
We apply our methods to the SIGMOD and VLDB stream

data, and the major bursty patterns which satisfy � = 2
for � = 0:01 are shown in Figure 2. The identi�ed patterns
summarize the research paradigm shifts interestingly: at the
beginning, the database communit y focused on relational
data model (1st pattern: 1975-1985);then the research focus
changed to deductive and object-oriented databases (2nd
pattern: 1986-1991);after that, many researchers began to
study parallel databaseswhile the object-oriented database
research stayed as a major topic (3rd pattern: 1992-1995);
data mining and web related topics became popular after
1996 (4th pattern: 1996-2001); in recent years, XML and
stream data management became dominant together with
Web related topics (5th pattern: 2002-2005).

In a whole, we can see that all the identi�ed paradigm
shifts can re
ect well the real progressin the database com-
munit y. This result can not only provide a big picture of
the database �eld to a novice, but also assist an expert in
writing overviews about the whole �eld.

5.5 DetailedAnalysis
In this section, based on the news streams, we compare

our proposedmethods to directly applying PLSA-based doc-
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Engl ish Chinese
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st at e ä —(fund) Û < (moon cake)
new s � ( t eacher) —± (* golden week)

Figure 5: Aligning patterns across streams.

ument clustering method [10, 25] and analyze di�eren t vari-
ants of our methods.

5.5.1 Directapplicationof PLSA
To discover bursty patterns, a straightforw ard method

would be to apply document basedclustering methods which
have beenwidely used to discover topics in a document col-
lection. However, as will be shown, these methods are not
e�ectiv e in detecting \burst y" patterns. In this experiment,
we usethe English stream and treat each English article asa
document. We usePLSA basedclustering method proposed
in [10, 25] to group articles into clusters. The strength of
a cluster in each day is calculated as in [15] and is propor-
tional to the number of documents in the cluster which ap-
pears on that day. In Figure 4, we show the strength of two
biggest clusters identi�ed by PLSA. The �rst cluster is about
\sto ck" and it has high probabilit y words such as \sto ck",
\dollar", and \millions". The second cluster is about the
pollution in China and it has high probabilit y words such as
\p ollute", \w ater", and \protect". From their strength over
time plotted in Figure 4, we can seethat neither cluster is a
meaningful bursty pattern as they occur rather evenly in the
whole time period. This shows that document-based cluster-
ing methods are biased by these \common" topics and are
ine�ectiv e for detecting bursty patterns. One reason why
this is so is becausesuch a method doesnot utilize the time
information in the stream. In contrast, our method utilizes
time information and can detect bursty patterns as shown
in Figure 3.

5.5.2 Coordinatedstreamsv.s. singlestreams
Another possiblemethod for �nding correlated bursty topic

patterns is to �rst �nd busty patterns in each single stream
and then align patterns across streams according to their
temporal overlaps. However, this ad-hoc method does not
work well and we show an example in Figure 5. In this �g-
ure, one bursty pattern from English news stream and two

English Chinese

afghanistan ŒF (* A fghanistan)
taliban ƒ Œ(* A fghanistan)

us 9 ] (t error)
t error ÌÌÌ FFF ( m eet ing)

ant h r ax � / (milit ary)
milit ary ÆÆÆÔÔÔ ( A sian Paci ¯ c)

ap ec *** ZZZ ( st y le)
at t ack ››› ))) ( U .S.A )
st rike ��� „„„ ( or gan izat ion )

econom ic K â (st rike)
English Chinese

afghanistan ƒ Œ(* A fghanistan)
taliban ŒF (* A fghanistan)

islam abad ééé ƒƒƒ ( * t o A fghan ist an)
kabu l � / (milit ary)

led /// KKK ( * m i l i t ar y st r i ke)
milit ary /// qqq ( * m i l i t ar y act ion )

st rike 9 ] (t error)
kandahar K â (st rike)
civ i l ian FFF {{{ ( * A fghan i )

t error 	 Y (K abul)

Figure 6: Topic mo dels before (top-half ) and after
(b ottom-half ) mutual reinforcemen t. Distinct words
are bold-faced.

bursty patterns from the Chinese news stream are shown.
The pattern in English stream is the 9{11 event. The �rst
one in Chinese stream is about \w estern development" and
the secondis a mix of 9{11 and Chinese \national day holi-
day" (Octob er 1st) events. From Figure 5, we can seethat
the bursty periods of both Chinese patterns overlap with
that of the 9-11 pattern from English news. Thus both of
the Chinese patterns can be aligned with the English 9{11
pattern but neither of them is a good match. This example
shows that patterns identi�ed from single streams can be bi-
asedby their local patterns and the alignment of such biased
patterns acrossstreams could be imprecise and misleading.

Since correlated bursty patterns presumably share simi-
lar periods, the coordinated mixture model considersall the
streams simultaneously and calculates the same bursty pe-
riods for their correlated bursty patterns. As shown in Fig-
ure 3(a), correlated bursty patterns have the same bursty
period thus we do not need to align them. By consider-
ing coordinated stream simultaneously, our method is more
robust for identifying important correlated patterns.

5.5.3 Effectof mutualreinforcement
We demonstrate the advantage of mutual reinforcement in

Figure 6. Figure 6 (a) and Figure 6 (b) show the words of the
identi�ed patterns before and after mutual reinforcement,
where the di�erences are bold-faced. In Figure 6 (a), the
words of Afghanistan war are the majorit y but still mixed
with some noisy words such as \APEC" (The Asia-Paci�c
Economic Cooperation) and \economic." With mutual rein-
forcement acrossChinese and English streams, those noisy
words are suppressedand the pattern becomesmore coher-
ent. This is because those major words in both streams
are not only the high probabilit y words, but also have high
global temporal correlations with their counterparts in the
other stream. Our mutual reinforcement procedure can ef-
fectively utilize these properties and thus improve the qual-
it y of the bursty patterns.
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Figure 7: E�ect of lo cal dep endency .

5.5.4 Effectof local dependency
The advantage of the constraining EM by local depen-

dency is that it can utilize the consecutive property of a
stream when parameter � > 0. To seethe e�ect of apply-
ing local dependency, we compare � = 0:1 and � = 0 in
Figure 7 using the example of 9{11. It is clear that the peri-
ods are inconsecutive and rugged for � = 0, making it hard
to interpret. On the contrary , using dependency gives us
consecutive bursty periods which are natural in realit y.

6. CONCLUSIONS AND FUTURE WORK
In this paper, we de�ned and studied a novel problem

of mining correlated bursty patterns from coordinated text
streams. We proposed coordinated mixture models which
can identify bursty words and their bursty periods simulta-
neously. Furthermore, we enhanced our model by incorpo-
rating local dependency along the time line and proposeda
mutual reinforcement approach acrossstreams to further re-
�ne the correlated bursty patterns. We evaluated our meth-
ods on two data sets: coordinated news streams and coordi-
nated literature streams. On the news streams, the identi-
�ed bursty patterns re
ect the real world events and on the
literature streams, the identi�ed bursty patterns well sum-
marize the research paradigm shifts in the databasecommu-
nit y.

Besidesthe correlated patterns, there are local bursty pat-
terns in each stream. In the future, we will further study
the problem of identifying both global correlated and local
patterns. We also plan to apply our methods to other co-
ordinated non-text streams to study their correlated bursty
patterns.
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) Q (invasion) 0.0057 Ä Ì (* sport s game) 0.0273 K â (st rike) 0.0066 F { (* A fghani) 0.0379

Ú C (I-go player) 0.0032 ä Ì (* universiade) 0.0260 â 9 (* beat t errorism) 0.0033 { � ( 's army) 0.0251

(b) Burst y Words

Figure 3: Seven events detected from the coordinated news streams. Burst y perio ds are in paren thesis after
the lab els. \*" denotes that the Chinese bi-gram is part of its translation. The upp er part is English words
and the lower part is the Chinese bi-grams. The num ber after each word is the probabilit y P (wjz; i ) discussed
in Section 4.5.


