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Abstract—With the vast amount of digitized textual materials now available on the Internet, it is almost impossible for people to absorb

all pertinent information in a timely manner. To alleviate the problem, we present a novel approach for extracting hot topics from

disparate sets of textual documents published in a given time period. Our technique consists of two steps. First, hot terms are extracted

by mapping their distribution over time. Second, based on the extracted hot terms, key sentences are identified and then grouped into

clusters that represent hot topics by using multidimensional sentence vectors. The results of our empirical tests show that this

approach is more effective in identifying hot topics than existing methods.

Index Terms—Aging theory, clustering, hot topic detection, term weighting, topic detection and tracking.
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1 INTRODUCTION

ALTHOUGH timely access to information is becoming
increasingly important in today’s knowledge-based

economy, gaining such access is no longer a problem
because of the widespread availability of broadband in both
homes and businesses. Ironically, high-speed connectivity
and the explosion in the volume of digitized textual content
available online has given rise to a new problem, namely,
information overload. Clearly, the capacity for humans to
assimilate such vast amounts of information is limited.
Topic Detection has emerged as a promising research area
that harnesses the power of modern computing to address
this new problem. Topic Detection is a subprocess of Topic
Detection and Tracking (TDT) that attempts to identify
“topics” by exploring and organizing the content of textual
materials, thereby enabling us to aggregate disparate pieces
of information into manageable clusters automatically. In
the context of news, Topic Detection can be viewed as an
event detection that groups stories into a corpus, wherein
each group represents a single topic.

In this paper, we are only interested in extracting “hot
topics” from a given set of text-based news documents
published during a given time period. Our aim is to
alleviate the information overload problem by focusing on
important topics, that is, topics that appear with abnormally
high frequency during a specified time period and typically
contain several “hot terms” that are the basis of topic
extraction. We introduce two critical properties of a hot
term, “pervasiveness” and “topicality,” which can improve
the quality of the results from the extraction process.

The remainder of this paper is organized as follows: In
Section 2, we define key concepts and terms and introduce
works that are directly related to the ideas presented in this
paper. Section 3 describes our novel approach for recogniz-
ing hot terms and clustering hot topics via multidimen-
sional sentence modeling. In Section 4, we demonstrate the
superiority of our approach with comparative empirical
results. Finally, in Section 5, we present our conclusions and
some future research directions.

2 PREVIOUS WORKS

2.1 What Is a Topic?

A topic is defined as a seminal event or activity, along with
all directly related events and activities [23]. Thus, we can
infer that a topic consists of events and activities, both of
which are defined in greater detail in [22]. A TDT event is
defined as something that happens at a specific time and
place, along with all the necessary preconditions and
unavoidable consequences [22]. Such an event might be a
car accident, a meeting, or a court hearing. A TDT activity is
a connected series of events with a common focus or
purpose that happens in specific places during a given time
period [22]. For instance, a TDT activity may be an election
campaign, an investigation, or a disaster relief effort.

2.2 What Is a Hot Topic?

In [13], a “hot topic” is defined as a topic that appears
frequently over a period of time. The “hotness” of a topic
depends on two factors: how often hot terms appear in a
document and the number of documents that contain those
terms. Moreover, no topic can remain hot indefinitely; in
other words, every topic goes through a life cycle of birth,
growth, maturity, and death. Hence, the “hotness” of each
topic evolves over a given period of time. In the case of
news, topics have different levels of popularity or “hot-
ness.” Some are so hot that every news channel broadcasts
them and reports on them in great detail, whereas others
that are not so popular are only reported by a few channels.
Regardless of the peak level of “hotness,” news topics
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eventually “cool off” and are replaced by other more up-to-
date stories.

In summary, in the context of news, a “hot” topic T has
the following characteristics:

. It appears in many news stories on a news channel.

. It appears on many news channels.

. It has strong continuity, which means that many
different events related to T are also reported.

. It varies in popularity over time.

2.3 Topic Detection

A term weighting scheme can be used to capture important
or representative terms that feature in the content of a
document. There are many ways to evaluate the signifi-
cance of a term, ranging from simply identifying its
existence to evaluating its distribution level in a document
or in a whole corpus [6], [7], [12], [20], [21]. To identify
topics in large sets of documents, we have to determine the
key terms that sufficiently describe the topics.

The most common term weighting scheme for processing
index terms is TF-IDF [5], which stands for term frequency
—inverse document frequency. In this scheme, if a word w
occurs in several documents in a corpus, it may be a
common term that can be used to identify topics. Since the
TF-IDF scheme emphasizes the importance or uniqueness
of each term, it only identifies terms that occur in a few
documents in a corpus. For hot topic extraction, however,
terms that appear in a large number of documents in a
corpus must be identified. To do this, Bun and Ishizuka [13]
proposed a different term weighting scheme TF-Propor-
tional Document Frequency (TF�PDF), which assigns
greater weights to terms that occur frequently in many
documents on many channels and lower weights to those
that are rarely mentioned. Although TF�PDF captures the
basic concept of a hot topic, its weakness is that it does not
consider variations in the popularity of a topic over time.
Even so, the scheme offers an excellent foundation on which
to build our model.

2.4 Aging Theory

Capturing variations in the distribution of key terms on a
time line is a critical step in extracting hot topics. Therefore,
it is essential to track the terms to determine what stage of
their life cycle they are in. Previous research works have
recognized that topics in a continuous stream of documents
can be identified by a simultaneous temporal burst of
related documents [9], [10]. Chen et al. [2] applied the
Aging Theory to model a news event’s life span and
suggested that a news event can be considered as a life form
that goes through a life cycle of birth, growth, decay, and
death, reflecting its popularity over time. They utilized the
concept of energy to track the life cycles of events. The level
of energy indicates the stage of a news event in its life span.
The energy of an event increases when the event becomes
popular and decreases as its popularity wanes. Hence, the
Aging Theory is suitable for tracking the variations in the
frequency of terms, which we consider critical to a
successful hot topic extraction.

2.5 Sentence Modeling

Using a traditional vector space model to compare the
similarity of two documents is a common practice in the
field of TDT. Specifically, in New Event Detection and

Topic Tracking, the cosine similarity measure is used to
judge whether an incoming document relates to a new
event or is similar to an existing event. Although there are
many language tracking and modeling methods based on
machine learning, thus far, the vector space model has
achieved the best results [6]. However, its limitations are
evident when we set a higher precision or recall rate for
TDT work. Based on the traditional similarity model, a
sentence vector contains too few words to provide sufficient
hints for measuring similarity because a sentence has far
fewer key terms to represent the central idea than a
paragraph or an entire document [16]. Previous research
has demonstrated that it is hard to compare the similarity of
sentences when there are insufficient keywords in the
sentences being compared, which is a key defeating factor
in news event detection [8].

The shortcomings of the simple vector space model
approach suggest that there is a need for document
representation combined with existing cosine similarity
metrics [6]. Our sentence model is a refined representation
of the traditional simple vector model that describes the
detailed characteristics of a sentence [13]. This new model
utilizes some key characteristics of an event, such as who
was involved in the event and where it occurred. Thus,
named entities (NEs) or noun phrases play an important
role in identifying the meaning of a sentence or document.
There are several state-of-the-art approaches focusing on
the special treatment of NEs or noun phrases [6], [8], [17],
[18], [12], [25]. In addition to NEs and noun phrases, the
relationship between each term in a sentence vector can also
be utilized to enrich the vector and thereby improve the
clustering of textual material [1].

3 MODEL DEVELOPMENT

As noted in Section 2, the inadequacy of current techniques
for hot topic extraction is due to the fact that 1) existing
approaches for extracting key terms do not consider a
term’s life cycle and 2) traditional sentence modeling
techniques are limited in their ability to cluster useful
information. We now present solutions to these problems.

3.1 Hot Term Recognition with Timeline Analysis

We have already observed that simply considering the
frequency of hot terms is insufficient for hot topic detection.
Since terms or words are the basic elements of any news
report, changes in the content of reports will be reflected by
variations in a term’s usage. Because a topic is composed of
many related events, changes in a topic’s popularity are
therefore accompanied by variant usage of key terms or
“hot terms.” Our premise is therefore that it is necessary to
consider variations in the frequency that terms are used
over time in order to accurately identify hot topics.

Hot terms have the following properties:

. Pervasiveness. This property refers to the frequency
with which a term appears in a set of documents.
The higher the frequency is, the more pervasive a
term becomes.

. Topicality. This property refers to the variation in the
frequency of usage of a term over time. A term is
more topical if its usage varies greatly.

We define the weight of a hot term as the sum of the
weights given by each of these two properties. The process
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of determining hot terms and their weights consists of three

steps.

3.1.1 Determine the Traceable List

Since it is computationally expensive to track all the terms

that appear in all news stories, we focus on a subset of terms

called a “traceable list.” First, a stop list is used to remove

stop words from the set of terms, which is followed by a

stemming process based on Porter’s stemming algorithm

[14]. We then rank each term based on its frequency and

select terms with frequencies above a specified threshold.

3.1.2 Determine the Topical Property of Each Term in

the Traceable List

This step is to track the life cycle of the terms in the

traceable list. Specifically, it is to calculate the variation in

the “life support” value of each term on the list. We make

use of four functions [2] for this purpose, namely,

getEnergy(), energyFunction(), energyDecay() and getVar-

iation(). Function getEnergy() calculates the nutrition

(energy) that a term receives at a specific time slot.

energyFunction() converts energy into a life support value,

which decays over time, as captured by energyDecay(). The

variance of a term’s life support value is computed using

the getVariation() function, which quantifies how topical a

term is. The procedure below sums up the steps involved,

and function details follow:

For each timeslot s of term t

oldEnergy ¼ energyFunction�1ðlifeSupportt;s�1Þ
newEnergy ¼ t:getEnergyðt; sÞ
lifeSupportt;s ¼ energyFunctionðoldEnergyþ newEnergyÞ
lifeSupport0t;s ¼ energyDecayðlifeSupportt;sÞ

Loop

t:getVariationðÞ
ð1Þ

1. getEnergy(). The energy of a term t is defined as the
degree of association between t at time slot s over the
channels. As revealed by the formula, term t is given
a higher value if it appears more frequently on a
specific channel in the specified time slot s than in
any other time slots. The total energy level of t in s is
the sum of the values from all channels. Hence, hot
terms are those that have high energy in all channels.

Input: a single unit of time slot s, the given term t
Output: the energy of t in s

Ets ¼ nf �
X
c2C

�2
t;c

 !
; ð2Þ

where

. C is the set of channels,

. �2
t;c is the association between term t and the

time slot s in channel c, given by the following
equation from [18]:

ðAþ Bþ CþDÞ � ðAD� BCÞ2

ðAþ BÞ � ðCþDÞ � ðAþ CÞ � ðBþDÞ

ln Channel i ln other channel

t 2 s A B

t =2 s C D

where

- A is the number of occurrences of t on
channel i during time slot s,

- B is the number of occurrences of t on other
channels in time slot s,

- C is the number of occurrences of t on
channel i when t is not in time slot s, and

- D is the number of occurrences of t on other

channels when t is not in time slot s.
. Ets is the energy value of term t in s, and
. nf is the nutrition transfer factor [2], which is an

empirical constant.

Note that the nutrition transfer factor is used to

increment the energy of a term based on findings

from a new input. The nutrition decay factor [2]

below works in the opposite direction to provide the

mechanism by which the energy of a term can be

periodically reduced over time.
2. energyFunction(). We define our energy function as a

natural logarithm of the accumulated energy value

of the term as a way of converting a term’s energy

into its life support value. Its inverse function

returns the previously accumulated energy value
of the term in the previous time slot.

Input: the energy value of the term t in the given

time slot s
Output: the life support value of t in s

life supportt;s ¼ ln engt;s; ð3Þ

where

. lifesupportt;s is the life support value of t in time
slot s and

. engt;s is the accumulated energy value of t so far.
3. energyDecay(). Over time, a term’s life support value

gets modified by a decay factor that represents the
decay in each time slot. If the decayed life support
value is negative, then it is set to 0.

Input: the life support value of the term t in the

given time slot s
Output: the decayed life support value

In each time slot

lifesupport0t;s ¼ lifesupportt;s � d

If lifesupport0t;s < 0

lifesupport0t;s ¼ 0;

ð4Þ

where

. d is the decay nutrition factor [2], which is an
empirical constant,
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. lifesupportt;s is the life support value before
decay, and

. lifesupport0t;s is the life support value after decay.
4. getVariation(). The get variation function calculates

the variance of the life support values of term t by

using a standard variation formula.
Input: the term t, an interval I
Output: the variation in the life support value of

the term t

Vt ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

N

X
lifesupportt;s � lifesupport
� �2

r
; ð5Þ

where

. N is the number of time slots in the given
interval I,

. lifesupportt;s is the life support value in each
time slot,

. lifesupport is the average life support value, and

. Vt is the variation in the life support values of t
during I.

3.1.3 Assign a New Weight to Each Term

This procedure involves several steps.
For each term t:

1. Get the original TF �PDF weight of t which is
calculated by the following equation from [13]:

Wj ¼
Xc¼jCj
c¼1

jFjcj exp
njc
Nc

� �

jFjcj ¼
FjcffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPk¼K
k¼1

F 2
kc

s ;
ð6Þ

where

. Wj is the weight of term j,

. Wj is the weight of term j,

. Fjc is the frequency of term j in channel c,

. njc is the number of documents in channel c
where term j occurs,

. Nc is the total number of documents in channel c,

. k is the total number of terms in channel c, and

. jCj is the number of channels.

The TF �PDF weighting scheme consists of three

components:

. Summation. The final weight is the summation of

term weights gained from each news channel.
. Fjc. Fjc represents the term frequency. Because

of the different archive size of each news

channel, it is reasonable to normalize Fjc to give

equal importance to the same term from each

channel.
. exp njc

Nc

� �
: This component is the implementation

of PDF. It is the exponential growth of the

number of documents containing the term

compared to the total number of documents in

the channel.

2. Get the rank or frequency order (FO) of t by sorting
the terms in descending order based on their
weights. The term that appears most frequently
(with the highest TF �PDF weight) receives a
FO ¼ 1, whereas the term with the least frequency
receives the largest FO value.

3. Get the rank or variance order (VO) of t by sorting
the terms in descending order based on their
variance in life support values. The term with the
largest variance receives a VO ¼ 1, whereas the term
with the smallest variance receives the largest VO
value.

4. Calculate the bonus point (BP) by taking the
difference between FO and VO. The BP is used to
increment or decrement the final weight of a term.
BP is positive when VO is small, meaning that the
usage of t varies greatly, suggesting that it may be a
topical term:

BP ¼ FO�VO: ð7Þ

5. Calculate the weight modifier rate of t:

Weight Modifier ¼
BP

Total Number of Terms in the Traceable List
:
ð8Þ

6. Calculate the new weight of t:

New Weight ¼
TFPDFt þVart � ð1þWeight ModifierÞ;

ð9Þ

where

. TFPDFt is the TF �PDF Weight of t and

. Vart is the variation in life support values of t.

The new weighting scheme has two parts:

1. TFPDFt, which checks if a term is pervasive, and
2. Var�t ð1þWeight ModifierÞ, which gives bias to more

topical terms.

Each term is assigned a new term weight by the above
term weighting scheme. Then, the traceable list is ordered
and the top-ranked k terms are chosen to form the Hot Term
Recognition List. By selecting the top-ranked k terms, we
are not making any assumption about the number of topics
in the corpus. k is merely an adjustable threshold that helps
to limit the number of topics returned as a result of the
extraction process. If k is small, then only the hottest topics
will be extracted, and vice versa.

3.2 Multidimensional Sentence Modeling

With the hot terms extracted and their weights assigned, we
are ready to generate “hot sentences.” Let the weight of a
sentence be the average of the weights of all the terms that it
possesses. We rank the sentences by their weights, and the
top-ranked k sentences will be considered hot and therefore
used in the subsequent sentence clustering process. To
avoid biased domination, those sentences with too few
terms (guarded by an adjustable threshold) or without any
hot terms will not be considered as hot sentences. Hot terms
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are those in the Hot Term Recognition List mentioned

above.
Next, we apply the hierarchical agglomerative clustering

(HAC) [4] technique to group the hot sentences into

clusters. However, instead of adopting the traditional one-

vector model used by previous studies, we propose a

multidimensional sentence vector model that considers

more diverse criteria for identifying sentence similarity.

The five vectors used are listed as follows:

1. Hot Term Vector (HTV). An HTV is composed of hot
terms generated by the aforementioned hot term
generation process. This is the basic vector used by
previous researchers [4].

2. Named Entity Vector (NEV). A NEV is made up of
NEs contained in a sentence. We mainly considered
the event, language, location, nationality, organiza-
tion, and person NEs in this study [3].

3. Concept vectors (CVs). Direct CV (DCV), Kind of
Vector (KV), and Part of Vector (PV) are CVs derived
from the background knowledge of each hot term w
contained in HTV, and we selected WordNet [24] as
the source of background knowledge on words:

. DCV: Each element contains the synonyms of w
obtained from WordNet.

. KV: Each element contains the hypernyms of w
taken from WordNet. Since there can be more
than one level of hypernyms for w, we choose to
take the first level only.

. PV: Each element contains the regular homo-
nyms of w listed on WordNet. As there may be
more than one homonym for w, we choose the
first concept in the ordered list returned by
WordNet, which orders homonyms by how
often they are used in “standard” English [1].

Then, the similarity of any two sentences S1 and S2 is

defined as the weighted sum of the cosine similarities of

corresponding vectors:

SimilarityðS1; S2Þ ¼ a � cosðHTV1;HTV2Þ
þ b � cosðNEV1;NEV2Þ þ c � cosðDCV1;DCV2Þ
þ d � cosðPV1;PV2Þ þ e � cosðKV1;KV2Þ;

ð10Þ

where

. a, b, c, d, and e are the weights assigned to the cosine
similarities, where aþ bþ cþ dþ e ¼ 1,

. similarity (S1, S2) is the total similarity value of
Sentence 1 and Sentence 2, and

. cos (Vector 1, Vector 2) is the cosine similarity of
Vector 1 and Vector 2.

4 EMPIRICAL VERIFICATION

We implemented a Java-based Hot Topic Extraction System
that can be easily deployed on any Java virtual machine
(JVM) platform and gathered news reports from several
online news channels as our data source. The experiments
tested the viability of the two major components in our
work, namely, our new term weighting scheme and our
new sentence-modeling scheme.

4.1 Data Source

Our data was gathered from the world news categories of
several online news channels between 5 March 2005 and
10 April 2005. We collected 664 news reports from the
Washington Post, 794 reports from Reuters, and 578 reports
from CNN. Each news report on a particular event was
saved as a text file. Our data collection period was limited
to just one month because we were not trying to identify
long-term patterns in the data. Instead, our focus was to
explore the effectiveness of our approach to identify hot
topics, which are, by nature, short lived. Hence, there was
no need to collect vast amounts of data spread over a long
time horizon.

4.2 Term Weighting Analysis

For this analysis, we conducted two experiments. First, we
compared hot terms extracted by the TF�PDF weighting
scheme with our proposed method. This experiment
validates the effectiveness of our method over TF�PDF. In
the second experiment, we demonstrated how we can
identify genuine hot terms by tracking each term’s life cycle.

4.2.1 Experiment 1 (Comparison with TF�PDF)

Tables 1 and 2 show the extracted hot terms by using
TF�PDF and our new scheme, respectively. The hot terms
extracted by tracking their life cycles (Table 2) differ from
those extracted by the TF�PDF weighting scheme (Table 1),
especially on NEs. Table 2 contains more NEs than Table 1.
In fact, most of the 30 top-ranked terms in Table 2 are NEs
or noun phrases.
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As noted earlier, a hot term must be “pervasive” and
“topical.” However, TF�PDF only considers the “pervasive”
property. As shown in Fig. 1, there is a strong positive
correlation between TF and PDF. Thus, the TF�PDF
weighting scheme focuses on extracting terms of high
frequency and not on terms that really describe a story, an
event, or a topic. Although we have applied a stop list to
filter out many of the auxiliary terms in Table 1, it appears
that some of them have returned as a result of stemming. In
contrast, Table 2, which is based on our algorithm, shows
that most of the extracted terms are NEs or noun phrases.
Although some noise exists in the hot terms extracted by our
algorithm, the result is much more appealing than that
derived by the TF�PDF algorithm. It is also worth noticing
that our algorithm removed most of the auxiliary terms,
even after stemming.

4.2.2 Experiment 2 (Lifecycle-Based Identification of Hot

Terms)

In Fig. 2, we compare the NE “maskhadov” in Table 2 with
the following terms:

. “maskhadov.” The name’s energy value jumped
significantly on the first day and hit a plateau before
dropping to the bottom on days 6 and 7. Afterwards,
it hit a peak of 3.833 but suddenly dropped again.

. “want,” “day” (the prestemmed form of “dai”),
“back,” and “until.” These terms had lower varia-
tions in their life support values, fluctuating in the
range of 0 to 2.

Because NEs go with events, we can see that the term
“maskhadov” varies dramatically over the selected period.
Its life support value on days 2, 5, and 9 was higher because
of its strong association with events that occurred on those

days. In fact, there were many news reports about
Maskhadov, a Chechen hero killed by Russian forces,
between days 2 and 9. Therefore, we know that the person
“maskhadov” featured prominently in news reports over
that period by tracking the name’s life cycle.

In contrast, we cannot determine what happened in the

same period from the terms “want,” “day,” “back,” and

“until,” which do not provide a reference to any particular

context by themselves.

4.3 Sentence Clustering Analysis

We use two criteria to evaluate the performance of our

clustering algorithm:

. Coverage rate (CR). This indicates how many hot
topics are extracted for a specified period:

Coverage Rate ðCRÞ ¼ Extracted Hot Topics

Actual Hot Topics
� 100%:

ð11Þ

. Correctness. This checks the quality of our final
clusters by using the following criteria, borrowed
from [13]:

1. Miss Sentence (MS). The sentence has been
clustered to a topic but incorrectly.

2. Fail Sentence (FS). The sentence belongs to a
cluster but has not been clustered in.

3. Not Clustered Sentence (NC). The sentence does
not belong to any topic cluster.

Again, we conducted two experiments to evaluate the

performance of our approach.

4.3.1 Experiment 1 (Coverage Rate)

To assess the CR, we first manually categorized each news
report into topics and calculated the percentage of docu-
ments in each topic. The goal of this experiment was to
compare the hot topics extracted against genuine hot topics
in the source corpus. Table 3 shows the list of topics
compiled by manual categorization. Note that more than
56 percent of the topics discovered in the corpus had less
than five news stories; hence, we excluded them from our
hot topics list.

With the baseline established, we could test the results of

our hot topic extraction process. We first analyzed the CR.
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The results presented in Table 4 show that the more the
hot sentences that we cluster, the higher the CR that we can
achieve. This is logical because by including more hot
sentences, we should be able to cover more news stories in
the corpus. However, this experiment shows that our
approach makes it unnecessary to extract a large number
of sentences to cover the majority of hot topics. In

particular, the results show that the CR is already
100 percent for genuinely hot topics that cover 2 percent
or more of all the stories in a given period of time by using
only 100 top-ranked sentences.

Table 5 is the topic extraction result from using the
TF�PDF algorithm, which considers only the pervasive
properties of terms. The gray cells in Table 4 indicate
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combinations where our algorithm yielded equal or better
results. On the surface, it may appear that the hot topic
extraction results of our method is only slightly better than
TF�PDF. However, upon further investigation of the
extraction results, we discovered an underlying problem
with the TF�PDF algorithm, that is, the correctness of
sentence clustering. In Table 6, we compiled the percentage
of incorrect sentences that were used to identify each topic.
Our results show that despite some of the high CR achieved
by TF�PDF, a large percentage of the sentences used to
identify the topics, in fact, had nothing to do with the topics.
These incorrect sentences belong to topics that had fewer
than five documents. Thus, the CR achieved by the pure
TF�PDF algorithm is arbitrarily high.

4.3.2 Experiment 2 (Correctness)

In Table 7, we compare the performance of our multi-
dimensional clustering method with that of the HTV, where
only 30 top-ranked hot terms are used to compare the
similarity of sentences. Furthermore, we adjust the weight
coefficient of each vector to determine the overall impact on
the sentence clustering results. The figures on Table 7 show
the percentage of sentences categorized as MS, FS, or NC
when SL ¼ 100.

The results indicate the following points:

1. The HTV yields less accurate results because it has
more misses (that is, higher MS) than our proposed
multidimensional sentence vector approach.

2. Our approach has significantly lower misses than the
HTV, but at the expense of higher values of FS and
NC.

3. In all cases, the removal of the CVs resulted in
performance degradation in all categories.

For point 1, let us take a closer look at one of the clusters
that resulted from the HTV approach, as presented in
Table 8.

In this cluster, each sentence describes different events. It
appears that these sentences have been improperly clus-
tered, even though they have the same hot term “cabinet.”
Although “cabinet” is a noun phrase, it is not a NE that
immediately identifies a specific location or person. This
explains why the MS value is high if we only use the HTV
to cluster sentences.

As point 2 indicates, using multidimensional sentence
vectors reduces MS significantly, albeit at the cost of
increasing FS and NC. Each increase has a different
explanation. For FS, increasing the dimensions of a sentence
increases the risk of different NEs related to a specific topic
being clustered separately. The result is that FS is higher
than that derived by using the HTV method alone. On the
other hand, the increase in NC correlates with the number
of hot sentences being used. Table 9 shows the statistics for
MS, FS, and NC when SL varies between 30 and 300. The
results suggest that there is an inversely proportional
relationship between SL and NC, whereas FS does not
change significantly as we adjust SL. As SL increases, the
number of clusters will grow, leading to a lower NC. More
importantly, the low MS indicates that our proposed
approach gives good quality clusters in spite of the
existence of splits.

5 CONCLUSION

In this paper, we have proposed a system for extracting hot
topics from news articles that appear in a specific time
period. Our work makes two novel and important
contributions:

1. a term weighting scheme that extracts genuine hot
terms and

2. a multidimensional sentence modeling technique for
clustering sentences.

Our proposed term weighting scheme combines two
critical characteristics of hot terms, pervasiveness and
topicality, to extract terms that genuinely reflect hot topics.
We use the TF�PDF weights of terms to represent their
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TABLE 4
Hot Topic Extraction Results (Pervasive and Topical)

SL is the number of top-ranked hot sentences chosen to be clustered.
Column > 5 refers to topics that have more than five news reports.
Column >¼ 1 percent refers to topics that have >¼ 1 percent of all the
news stories in the corpus.
Column >¼ 2 percent refers to topics that have >¼ 2 percent of all the
news stories in the corpus.

TABLE 5
Hot Topic Extraction Results (Pervasive Only–TF�PDF)

SL is the number of top-ranked hot sentences chosen to be clustered.
Column > 5 refers to topics that have more than five news reports.
Column >¼ 1 percent refers to topics that have >¼ 1 percent of all the
news stories in the corpus.
Column >¼ 2 percent refers to topics that have >¼ 2 percent of all the
news stories in the corpus.

TABLE 6
Percentage of Sentences Clustered Incorrectly



pervasive properties and apply the Aging Theory to track

the life cycles of the terms over a specific period of time. The

changes in the life cycle of a term determine its degree of

topicality. The combination of TF�PDF and the Aging

Theory overcomes the drawback of TF�PDF weighting and

improves the quality of hot term extraction. In the TF�PDF

scheme, TF is the dominant factor that determines whether

or not a term is hot. In our proposed method, a real hot term

must have a high TF�PDF value and good life cycle

variation. In our experiments, most of the hot terms are

noun phrases or NEs that clearly describe the roles of those

involved in the events or the locations where the events

occurred.
Since using keywords alone to compare the similarities

between sentences is insufficient for clustering purposes,

our proposed sentence modeling approach uses five kinds

of sentence vectors, as opposed to one, to represent a

sentence. The five vectors are the HTV, NEV, DCV, PV, and

KV. The experimental results show that our approach yields

substantially more accurate hot topic extraction results than

traditional approaches. We validated our term weighting

scheme and multidimensional sentence modeling approach

on real-life news data to ensure the applicability of our
work to real-world situations.

We anticipate that our work will be useful to practi-
tioners in several fields. For example, in e-learning, our
technique could be used to identify hot issues that students
find difficult to understand. This kind of technology will
become increasingly important as e-learning class sizes
expand. Our approach may even be applied in areas related
to defense and security, where hot topics may be extracted
from Web sources such as blogs and wikis to uncover
possible terrorist activities.

Researchers may also benefit from the results of our

work in a number of ways. For example, our model could

be incorporated in search engines to help researchers

identify hot topics in their area of interest. This vision of

having a tool that can help us discover current hot topics

and their related scholarly articles is both powerful and

exciting. We believe and hope that such a tool will be a

reality in the not too distant future.

There are inevitably some limitations in our study as

well. First, our choice of world news may be implicitly

biased toward pervasive topics. It is conceivable that topics

such as weather and sports are less pervasive, as they often

feature news stories that are important and “hot” but only

appear once per day. Further, the baseline on which we

compared our extraction results was manually compiled.

Hence, our baseline may be subject to human interpretation.

Last, although our conceptual vectors helped improve the
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TABLE 7
Correctness Analysis Using SL ¼ 100

TABLE 8
An Example of an HTV Cluster

TABLE 9
Percentage of MS, FS, and NC for Different SLs

Similarity coefficients: 0.45HTV, 0.4NEV, 0.05DCV, 0.05PV, and
0.05KV.



overall performance of hot topic extraction, we think that

more vectors may be introduced to further fine tune the

results. For example, some previous works have used

semantics to improve the quality of hot topic extraction [11],

[15]. Nallapati and Allan used sentence-level term depen-

dencies to extract more information from individual terms

[19]. Future research may take these techniques into

consideration.
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