IEEE TRANSACTIONS ON KNOWLEDGE AND DATA ENGINEERING, VOL. 20, NO. 3, MARCH 2008 289

Using Incremental PLSI for Threshold-Resilient
Online Event Analysis

Tzu-Chuan Chou and Meng Chang Chen

Abstract—The goal of online event analysis is to detect events and track their associated documents in real time from a continuous
stream of documents generated by multiple information sources. Unlike traditional text categorization methods, event analysis
approaches consider the temporal relations among documents. However, such methods suffer from the threshold-dependency
problem, so they only perform well for a narrow range of thresholds. In addition, if the contents of a document stream change, the
optimal threshold (that is, the threshold that yields the best performance) often changes as well. In this paper, we propose a threshold-
resilient online algorithm, called the Incremental Probabilistic Latent Semantic Indexing (IPLSI) algorithm, which alleviates the
threshold-dependency problem and simultaneously maintains the continuity of the latent semantics to better capture the story line
development of events. The IPLSI algorithm is theoretically sound and empirically efficient and effective for event analysis. The results
of the performance evaluation performed on the Topic Detection and Tracking (TDT)-4 corpus show that the algorithm reduces the cost

of event analysis by as much as 15 percent
over the baseline.

20 percent and increases the acceptable threshold range by 200 percent to 300 percent

Index Terms—Clustering, online event analysis, probabilistic algorithms, text mining.

1 INTRODUCTION

PUBLISHING activities are now ubiquitous because of the
rapid growth of the Internet. When an event occurs,
numerous independent authors (called information sources)
publish articles about the event during its life span. Such
articles form a document stream, which is a collection of
chronologically ordered documents reporting concurrent
events. The goal of the DARPA-sponsored Topic Detection
and Tracking (TDT) Project [1] is to promote TDT research,
where a topic is defined as something associated with a
specific action that occurs at some place and time. Event
analysis is similar to TDT in that it automatically identifies
events and associated documents in a document stream. In
many ways, an event is the same as a topic in TDT, except
that from our perspective, an event has a story line, and its
focus may change during its life span. In addition, an event
may last for a long time (for example, an international
conflict) or for a short period (for example, a car accident).
In terms of processing outcomes, event analysis is similar to
traditional document clustering. Moreover, both techniques
partition a set of documents into several coherent parts,
each of which relates to a single event.

There are two types of event analysis: online and
retrospective. In online event analysis, documents are
generated continuously and ordered chronologically so
that the analysis process needs to make decisions in real
time with all or some of the published documents. When a
new document arrives, the online analysis process either
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assigns it to a known event or creates a new event for it. In
the latter case, it becomes the first document of the new
event. In addition to accurate analysis, prompt responses
and reasonable computational overheads are the major
issues in online event analysis. In contrast, in retrospective
event analysis, all the documents are known in advance,
and the processing time may not be a concern, because the
processing is usually performed offline.

In online event analysis, the incremental clustering
algorithm [1] is employed to cluster documents on by one
in chronological order. A document is deemed a member of
a certain cluster if the similarity between its text and that of
the other documents in the cluster is above a predefined
threshold. If no cluster is similar enough to the document, a
new cluster is created, and the document is treated as the
first document of the newly created topic. The performance
of the incremental clustering algorithm on the TDT task is
excellent, as long as the contents of the topic maintain a
high degree of similarity during the topic’s life span.
However, the textual content of a long-term event or a
multitopic event may change over time to reflect theme
changes or different aspects of the event. Allan et al. [2]
noted that temporally approximate documents probably
relate to the same event. By constantly raising the similarity
threshold of the event detection method for each time
increment, it is possible to prevent temporally remote
documents being merged into the same cluster. Therefore,
documents with similar contents that relate to different
events can be correctly distinguished.

Traditional document classification methods employ the
conventional vector space model (VSM) to represent
documents as vectors. Each vector is a set of terms whose
weights are usually determined by the TF-IDF scheme [17],
whereas the similarity between two vectors is measured by
the cosine similarity. Yang et al. [19] applied the VSM to the
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Fig. 1. The detection error trade-off costs of TW-DF and PLSI for TDT-2,
TDT-3, and TDT-4. (a) Cost of the TW-DF method. (b) F1 score of the
TW-DF method. (c) Cost of the PLSI algorithm. (d) F1 score of the PLSI
algorithm.
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task of news TDT and used a time window with a decaying
function (TW-DF) to model the temporal relations between
documents and events. In this method, the size of the time
window dictates the number of previous documents to be
considered for clustering, and the decaying function weights
the influence of a document in the window according to the
gap between it and the newest document. Like the time-
based threshold approach, remote documents within the
time window have less impact on clustering than documents
that are chronologically close. In addition, analogous events
that occur in different time periods are less likely to be
clustered together. This method is one of the best online
news detection and tracking algorithms available [20], [21].

The TF-IDF approach achieves a reasonably good
classification and clustering performance if a proper thresh-
old is selected. However, the performance degrades rapidly
when the selected threshold differs from the optimum
threshold (that is, the threshold that achieves the best
performance) by even a small amount. We apply the TW-
DF method to the official TDT corpora TDT-2, TDT-3, and
TDT-4 [22]. The computational costs and F1 scores are
shown in Figs. 1a and 1b, respectively. In the figures, we
observe that the computational cost and F1 score degrade
sharply from their respective optimal thresholds. We call
this phenomenon the threshold-dependency problem. Inter-
estingly, although this is an important issue, it is frequently
neglected.

The Probabilistic Latent Semantic Indexing (PLSI)
algorithm proposed by Hofmann [10], [11] uses a prob-
abilistic model and the expectation-maximization (EM)
method for text classification and other applications. We
found that the PLSI algorithm can alleviate the threshold-
dependency problem. Figs. 1c and 1d show that the

computational cost and F1 score degrade gently from the
optimal threshold, which suggests that a near-optimal
threshold can achieve a reasonable performance.

The PLSI algorithm uses the training data to build a
probabilistic model, which estimates the parameters of new
documents in the test phase. This process is called the “fold-
in” approach [10], [11]. Because of this characteristic, the
PLSI algorithm is only suitable for offline applications and
not for applications with a continuous incoming data
stream such as online news event analysis. To apply the
PLSI algorithm in online event analysis, the algorithm has
to be rerun, and the latent semantic indices have to be
reestimated for every time period. Thus, to analyze events
that cover different time periods, one can establish the
connection between the latent semantic indices of adjacent
time periods by calculating their similarities. For instance,
to construct event trails, Mei and Zhai utilized the Kullback-
Leibler (KL) divergence to calculate the similarities between
the latent semantic indices of different time periods [15].
However, under this approach, the latent semantics
between time periods may be incompatible, because the
PLSI algorithm may converge to different local optima.
Thus, since this approach cannot maintain latent continuity,
the smooth presentation of the resulting event trails may be
disrupted.

In this paper, we propose a threshold-resilient online
algorithm, called the Incremental Probabilistic Latent
Semantic Index (IPLSI) algorithm. In contrast to PLSI, IPLSI
processes incoming documents incrementally for each time
period (or after collecting a certain number of documents),
discards out-of-date documents and terms not used in
recent documents already processed, and “folds in” new
terms and documents for that time period. Therefore, the
latent semantic indices are likely preserved from one time
period to the next. (We call this property maintaining latent
continuity.) Consequently, IPLSI can track the development
of events better than PLSI. In addition, IPLSI alleviates the
threshold-dependency problem and thereby extends the
acceptable threshold range. The evaluation results of the
IPLSI algorithm on the TDT-4 corpus show that it reduces
the trade-off cost of errors in event detection by as much as

15 percent 20 percent and increases the acceptable
threshold range by 200 percent 300 percent over the
baseline.

The remainder of this paper is structured as follows: In
Section 2, we introduce some related work. In Section 3, we
describe the original PLSI algorithm, the naive incremental
approach, and our proposed IPLSI algorithm. Section 4
considers our test corpora, the performance measures, and
the baseline method and discusses the threshold-depen-
dency problem. Section 5 details the experiment results. In
Section 6, we discuss the issue of latent semantic continuity.
Then, in Section 7, we summarize our work and present our
conclusions.

2 RELATED WORK

There are several noteworthy related work. Li et al. [13]
adopted a mixture of unigram models to handle text
information, a Gaussian Mixture Model to handle time
information, and a generative model to combine text and
time information for clustering and summarizing news
topics. Although the method avoids the inflexible use of
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time stamps employed in traditional event detection
algorithms, it is designed for retrospective, not online,
news event detection. For the online approach, Morinaga
and Yamanishi [16] use a Gaussian Mixture Model to deal
with text information and a time-stamp-based discounting
learning algorithm that tracks topic structures adaptively by
deleting out-of-date statistical data. For computational
simplicity, the Gaussian Mixture Model employed in [16]
assumes that the covariance matrices of all Gaussian
distributions are diagonal.

For online event analysis, Surendran and Sra [18]
proposed incrementally Built Aspect Models (BAMs) to
dynamically discover new themes from document streams.
BAMs are probabilistic models designed to accommodate
new topics with the spectral algorithm and use a “fold-in”
approach similar to that of the original PLSI. This approach
retains all the conditional probabilities of the old words,
given the old latent variables, and the spectral step is used
to estimate the probabilities of new words and new
documents. The new model becomes the starting point for
discovering subsequent new themes so that the latent
variables in the BAM model can be grown incrementally.
Under this approach, the probabilities of old latent variables
are retained, and the probabilities of new latent variables
are detected as needed while the streaming data is being
processed. This is an excellent means of applying incre-
mental algorithms to online text analysis. Although this is a
new theme (or latent) detection mechanism, it is not an
online text clustering approach; therefore, its purpose
differs from that of online event analysis.

Chakrabarti et al. proposed a framework of evolutionary
clustering [6]. They argued that evolutionary clustering
should simultaneously optimize the clustering accuracy of
snapshots and the clustering consistency along a timeline.
In their work, a user-defined change parameter is required to
arrange trade-offs between the two objectives. The authors
proposed several greedy approaches to modify traditional
clustering methods, K-Means methods, and agglomerative
hierarchical clustering algorithms to fulfill their require-
ments. These greedy approaches provide users with a
smooth view of cluster changes when the input data drifts
from the current clusters. However, in the TDT new event
detection and tracking task, it is a requirement that every
news document should be grouped with documents related
to the same real-world event. Evolutionary clustering tends
to maintain the consistency of clustering by sacrificing the
clustering accuracy; hence, it is not suitable for event
analysis tasks.

3 THE PROBABILISTIC LATENT SEMANTIC INDEXING
ALGORITHM AND THE PROPOSED ALGORITHM

3.1 Probabilistic Latent Semantic Indexing
Algorithm

The PLSI model incorporates higher level latent concepts/
semantics to smooth the weights of terms in documents
[10], [11]. The latent semantic variables can be viewed as
intermediate concepts or topics placed between documents
and terms. Meanwhile, the associations between docu-
ments, concepts, and terms are represented as conditional
probabilities and are estimated by the EM algorithm, an
iterative technique that converges to a maximum likelihood

estimator under incomplete data [9]. After the PLSI
parameters have been estimated, the similarities between
new documents (called query documents in [10], [11]) and
existing documents can be calculated by using the
smoothed term vectors. The PLSI algorithm, which can be
used in text classification and information retrieval applica-
tions [4], [12], achieves better results than traditional VSM
methods [10], [11]. We discovered another advantage of the
PLSI model in that it can expand the acceptable threshold
range. We discuss this aspect later in the paper.

The following notations are used in the PLSI algorithm: d
denotes a document, w denotes a term in a document, z
denotes a latent variable, D denotes the set of documents,
W denotes the set of terms, Z denotes the set of latent
variables, and g denotes a new (query) document. We also
use these notations in the proposed IPLSI algorithm.

In the PLSI algorithm, a latent variable z is introduced
between documents and terms so that their association can
be represented as conditional probabilities P wjz and
P zjd [4], [11]. The probabilities can also be represented
by Pz, P djz, and P wjz, as reported in [3], [10]. The
PLSI algorithm assumes that P w;d , that is, the distribu-
tion of a term w and a document d, is conditionally
independent, given z; that is, P w;djz .. P wjz P djz ,
P wjz;d .. P wjz, and P djz;w .. P djz. Using these
definitions and assumptions, we can define a generative
model for term/document co-occurrences as follows:

select a document d with probability P d ,
pick a latent class z with probability P zjd , and
generate a word w with probability P wjz .

This yields an observation pair d;w , whereas the latent
class variable z is discarded. The translation of the data
generation process into a joint probability model is shown
as follows:

=
P zP wjz P djz
22Z
.Pd P wjz P zjd 1
2
P w P djz P zjw :
227

P wd ..

The parameters of the PLSI model are estimated by the
iterative EM algorithm, which uses a training document set
D to maximize the log-likelihood function L:

XX
L.. f w;d logP w;d; 2
d2D w2d
where f w;d is the frequency of a word w in a

document d. The PLSI parameters P wjz and P zjd are
initialized randomly and normalized, after which they are
revised by applying the EM procedure iteratively until
they converge. According to the Bayes rule, the condi-
tional probability of P zjw;d can be estimated by the
following in the E (Estimation) step:

oF Wjz P zjd

P wj2 P 2d °
2127

P zjw;d ..
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Fig. 2. The PLSI training process.

In the M (Maximization) step, the probabilities P wjz
and P zjd can be estimated, respectively, by the following:

P .
f w;dP zjw;d

. 2P .
Pwz .. fwh:;dP zw;d "’ 4
d2D w'2d
P .
f w;dP zw;d
P 7 ...W2d P :
zjd Fwd 5

w2d

The equations used in the M step are derived by the
Lagrange Multiplier Method. Note that the parameters
P zjw;d, P wjz, and P zjd are iteratively refined until
they converge. The above process is called the training
process of the PLSI model (see Fig. 2).

After the completion of the above training process, the
estimated P wjz parameters are used to estimate new
parameters P zjq and P zjw;q for a new document q. This
is called the folding-in process [4], [10]. In this process, the
probability P zjq is first initialized randomly and normal-
ized and, then, it is revised using (6) and (7) for the E and
M steps, respectively. Note that in the EM procedure, all
P wjz remain fixed. Consequently, the folding-in process
can usually be accomplished in just a few iterations:

. P wjz P zjq
. P
Pawq .4 P wjz P 2q ’ 6
727
P .
fw;qP zjw;q
. =) .
P zjq .. S W 7
w2q

When the PLSI algorithm is used in text classification
applications, a document d is represented by a smoothed
version of the term vector P wijd ;P wyjd ;P wsjd ;... ,
where

P wjd .. P wjz P zd : 8
2272

The new document q is represented by
P wijq ;P wajg ;P wsjq ;...

where
=<
P wjg .. P wjz P zjq: 9
227

Then, after weighting by the IDF, the similarity between any
two documents can be calculated by the following cosine
function:

sim ity .t %2 10
jdij jdzj
where
a.. P wjd IDF w; ;P wsjd IDF w; ;... ; 11
IDF . 12
W10 BE

In (12), N is the total number of documents (that is, the
existing documents d plus new documents g), and DF w is
the number of documents that contain the term w. In the
original work on PLSI [10], [11], it was shown by
experiment that the algorithm improves text classification
performance.

The model of the PLSI algorithm, which is learned from
training data, is constant during the whole processing
period; that is, data that arrives after the training phase does
not affect the original model. When a new document q is
input to the system, the parameters of the PLSI algorithm,
that is, P zjw;d, P wjz , and P zjd , remain fixed; thus,
only the parameters related to the new document g, that is,
P zjqg and P zjw;q , are estimated in the folding-in process.
For example, all the P wjz remain fixed during the folding-
in process, even if the term w occurs in the new documents.
In addition, new terms wney, Which only occur in new
documents, are ignored in the folding-in process. In an
online application, new documents arrive continuously, so
the parameters of the PLSI algorithm must be updated
regularly to accommodate changes, because the concepts of
the latent variables may change. Since the original PLSI
algorithm cannot handle this process effectively, we
designed the IPLSI algorithm.

3.2 A Naive Incremental Probabilistic Latent
Semantic Indexing Approach

In online event analysis, the system contains an initial set of
documents, and new documents arrive continuously. The
system compares an incoming document with existing
documents to decide which event the new document
belongs to, or it generates a new event if the document
does not relate to an existing event. Because of the “aging”
nature of events [7], an old inactive event less likely attracts
new documents than a recently active event. Therefore, an
event analysis system has to consider the temporal relations
of documents. Incorporating a lookup window is a popular
way of limiting the time frame that an incoming document
can relate to. An example of a window-based document
scope system is shown in Fig. 3. With each advance of the
window, which can be measured in time units or by a
certain number of documents, the system discards old
documents and folds in new ones.

A naive way of performing event analysis in a window-
based system using the PLSI technique is to run the PLSI
algorithm for each advance of the window. This means that
for every advance of the window, the EM algorithm uses a
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Fig. 3. The discarding and folding-in processes.

new random initial setting to reestimate all the parameters
of the PLSI algorithm. Although the approach is straightfor-
ward, some problems may arise. For example, the EM
algorithm can only guarantee obtaining a local optimum, so
different initial settings of the PLSI parameters may result
in different local optima. Even if we choose the same initial
setting every time, the EM algorithm may still derive
different local optima if the processed documents sets are
different. Thus, the latent semantic variables may not be
continuous for each window advance. In Section 6, we
present some evaluation results that exemplify this dis-
continuous scenario. Another problem is that the long
execution time of the naive approach for each window
advance makes it unsuitable for online processing. We also
address this point in Section 5.

3.3 The Proposed Incremental Probabilistic Latent
Semantic Indexing Algorithm

In event analysis, an incoming document q is classified into
an existing category or is assigned as the first story of a new
category. In the original PLSI algorithm, only the probabil-
ities P zjg and P zjw;q are estimated when a new
document q is added to the system. In other words, the
other system parameters are not adjusted, and new terms in
the new documents are completely ignored. However, in the
case of online analysis, the story line of an event may evolve,
so a new document may actually indicate a turning point in
the story line of the event. Hence, a new document dpe,, must
be folded into the system with all other PLSI parameters, that
is, P zjwoid;doid » P ZjWoid; Onew » P ZjWnew; Onew » P Wogjz ,
P Wnewjz , P zjdoig , and P zjdnew , Where dog and wqg are
old documents and old terms, respectively. Since the
original PLSI algorithm is not suitable for online news
analysis, we propose the IPLSI algorithm to resolve the
problems in online event analysis.

In the IPLSI algorithm, the PLSI algorithm is executed
once on the initial documents. Then, for each window
advance, the IPLSI algorithm performs four steps to
update the model (note that steps 2, 3, and 4 employ the
EM algorithm):

1. Discard old documents and terms. As the time
window advances, the IPLSI algorithm removes out-
of-date documents dy,t and old terms wq,t not used
in recent documents. During this process, the PLSI
parameters P Wyujz, P dowtjz, P zjwout , and
P zjd,u: are also removed. In order to observe the
basic principle of probability that the total prob-
ability will be equal to 1, the remaining P wjz and
P djz must be renormalized proportionally as
follows (note that Py wjz and Py djz are the
probabilities of the remaining terms and documents,

respectively, whereas Wy, and Dy are the respective
sets of the remaining terms and documents):

P wjz ...—M;P djz = L LI
Py Wljz Py d'jz
wI2Wq d'2D,

Fold in new documents. In this step, the new
documents de, are folded in, and all P zjd,., are
initialized randomly. P wjz are fixed during this
step and are used to estimate P zjdnew . The EM
algorithm is used to estimate P zjw;dpew and
P zjdnew , where the following are the E and
M steps, respectively (note that the folding-in
method, which is the same as that used in [4]and
[10], simply replaces a query document q with a
new document dney):

o Wiz P Zjdnew

P zjw;d o - - ; 14
JW: Gnew P wjz' P Zjdnew
227
T wW;dnew P ZjW; dnew
P Zjdnew ... B2P : : 15
ACnew T W;dnew P Z'jw; dnew
2'2Z W2dnew

Fold in new terms. New terms wpey found in the
new documents are folded in. To estimate P zjwpey ,
the P dpewjz must be calculated as follows, since
P zjdnew have been estimated in the previous step
(note that Dy is a set of new documents):

o Wiz P Zjdnew

P zjw;d oo - - ; 16
&1 Cnew P wjz' P Zjdnew
7272
T W;dnew P ZjW; dnew
P doeniz ... 22 P : C17
new)2 fw;dP zjwd
d2Dpew W2d

After all P dnewjz have been calculated, P zjwpew
are initialized randomly and are normalized. Mean-
while, the P dpewjz parameters are fixed and used to
estimate P zjwne, for new terms. The EM algorithm
is applied in this folding-in process, and the
probabilities P zjwWnew; dnew and P zjwpe, are esti-
mated as follows in the E and M steps, respectively:

DP dnerZ P ZerIEW

P zjWnew; d .. F _ . : 18
JWhew; Onew P dnevdZ P ZWoow
2027
T Whew; d P ZjWpew; d
P zjWnew .. 92Dnew > : 19

T Whew; d’
d‘JZDnew

Update the PLSI parameters. Before revising the
PLSI parameters, we need to calculate P wpeyjz and
adjust P wqigjz , because the values of P wpeyjz did
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Fig. 4. The flowchart of the IPLSI algorithm.

not exist in the previous window, and wy, may
occur in the new documents dpey. FOr the new terms
Whew, We uUse (18) to calculate P zjw;d , and for the
old terms w4, We use (4) to calculate P zjw;d . Next,
to observe the basic principle that the total prob-
ability will be equal to 1, all P wjz are normalized
using the following:

fw,dP zjw;d
{300, )
fwi;d P zjw,d - 20
2D [Dpew W24

P wjz ..

Then, the EM algorithm used by the PLSI algorithm,
as described in (3), (4), and (5), is executed to revise
all the PLSI parameters, because new terms wye,, and
new documents dnew have been introduced.

The IPLSI process for one window advance is summar-
ized in the flowchart shown in Fig. 4. As the window
advances, the four-step design of the IPLSI algorithm
preserves the probability and continuity of the latent
parameters during each revision of the model.

Our proposed approach folds in new terms and new
documents in separate steps. In contrast, a naive approach
folds in such terms and documents simultaneously. The
problem with this simple approach is that after each
advance of the window, the sum of all probabilities of
terms in Wy under z is 1, that is,

>
P wjz .. 1L 21
W2W0

After new documents arrive, all P wneyjz are initialized
randomly, which means that the sum of the probabilities of
terms under z will be larger than 1. Hence, the probabilities
must be normalized such that

>
P wjz ..1; 22
w2W

where W ... Wy Whew, and Wy, is the set of new terms.
However, as P wpewjz are random values between 0 and 1,
it is meaningless to normalize the probabilities P wjz for all
win W,

To avoid the above problem, we fold in new documents
in the second step. In the third step, we derive P dpenjz
from P zjdnew by (16) and (17), and we fix P dpewjz to
estimate P zjwpew Dby (18) and (19). This way, we can
systematically ensure that the total probability is equal to 1,
and we add the parameters of the new terms wpey and new
documents dpey Smoothly at different times, unlike in
simple methods.

TABLE 1
The Statistical Data of the Evaluation Corpora

The advantages of the IPLSI algorithm are twofold. First,
the convergence time of the EM algorithm is reduced
substantially, because most parameters remain the same, or
they are only modified slightly. The second advantage is
that the continuity of the latent semantic variables is
maintained. Because of these advantages, the proposed
IPLSI algorithm is more effective and efficient than the
naive IPLSI approach, which reestimates all the parameters
by random initialization of the PLSI algorithm for each
window advance.

4 CORPORA AND SETTINGS FOR EVALUATION

4.1 Corpora

In the evaluation, we used the standard corpora TDT-2,
TDT-3, and TDT-4 from the NIST TDT corpora [22]. Only
English documents tagged as definitely news topics (that is,
tagged YES) were chosen for evaluation. The statistical data
of the corpora is shown in Table 1.

4.2 Performance Metrics

We follow the performance measurements defined in [19].
An event analysis system may generate any number of
clusters, but only the clusters that best match the labeled
topics are used for evaluation.

Table 2 illustratesa 2 2 contingency table for a cluster-
topic pair, where a, b, c, and d represent the numbers of
documents in the four cases. Four singleton evaluation
measures, Recall, Precision, Miss, and False Alarm, and
two primary evaluation measures, F1 and normalized Cost
(also called the Normalized Detection Error Tradeoff Cost [5],
[14]), are defined as follows:

Recall ...a=a <c¢ if a c¢ >0; otherwise, it is
undefined.
Precision..a=a b if a b > 0; otherwise, it is
undefined.
Miss..c=a c¢ if a c¢ >0; otherwise, it is
undefined.

False Alarm .. b=b d
it is undefined.

if b d > 0; otherwise,

TABLE 2
A Cluster-Topic Contingency Table
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