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In this paper, we propose a segmentation method and event detection method for news stories.
In our segmentation method, we calculate term weighting automatically and use a suitable win-
dow function to locate the boundaries between adjacent news stories correctly. Using the window
function, we can locate the boundaries between short stories in news source correctly. In the ex-
periments, we examined the results using four kinds of window functions and compared the results.
We also propose an event detection method. In our method, we used x? value as term weighting
which is the degree of bias for specific events. We used many words (nouns, adjectives, adverbs and
verbs) in news stories for segmentation and event detection. The results of segmentation and event
detection experiments show that our method is effective.
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INTRODUCTION

Recently, information retrieval and information extraction are studied by many
researchers. Especially, Topic Detection and Tracking (TDT) is studied by the TDT
Pilot study (Allan TDT 1998, Yang 1998, Allan SIGIR 1998). In TDT Pilot study,
there are three major tasks: (1)segmentation (2)topic identification (3)event tracking.

In TV news and radio news, there are some different news stories. In speech data,
it is difficult to locate the boundaries correctly between adjacent news stories. To
segment each story is important for information retrieval and information extraction.
For event detection and event tracking of radio news and TV news, highly efficient
story segmenter is indispensable.

Dragon Systems studied segmentation by using TDT corpus. They used HMM
for segmentation of a news source into stories. But using HMM, it is difficult to
detect which words contribute segmentation and to improve the segmentation system.
Hearst (Hearst 1997) segmented text into subtopic passages. But her target was
multi-paragraph segmentation of expository texts, and she did not mentioned window
function. Nomoto (Nomoto 1994) segmented editorial articles of Japanese newspaper
using tf - idf. We tried to locate the boundaries between adjacent stories of news
source using term weighting with the suitable window function.

We proposed a term weighting method for topic identification and keyword ex-
traction of Japanese radio news (Suzuki 1998). Our basic idea is : in a same stories
of news, some keywords (they identify the topic of a story) are frequently appear,
but in different stories, they are not.

In this paper, we propose the segmentation method and report the experiments
with transcribed speech data (The Topic Detection and Tracking: TDT corpus).
For training, the system calculates term weighting using a part of TDT corpus.
Training text which we used are analyzed morpheme by Brill’s part-of-speech tagger
(Brill 1998). Then the system extracts words which appear frequently, and counts
frequency of each word. For term weighting, we calculate y? values of each word. In
order to find a suitable window function, we examined the results which are obtained
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by using 4 kinds of window functions. For stories segmentation, the system shifts
the window word by word, and calculate similarity between a word sequence and its
adjacent word sequence. We also propose event detection method and conducted the
experiments with transcribed broadcast news and newswire. On training phase, the
system calculates term weighting using a part of TDT corpus. Training text which
we used are analyzed morpheme by Brill’s part-of-speech tagger (1992 Brill). Then
the system extracts words which appear in the training data frequently, and counts
frequency of each word. For term weighting, we calculate 2 values of each word and
the 25 events which were selected by TDT Pilot Study. On event detection phase, we
detect which event is suitable for each news story by calculation of similarity between
each news story and each of the 25 events.

1. TRAINING PHASE

We used y? values for term weighting for a segmenter of news stories. y? value of
the words which appeared in specific stories are large (e.g. Simpson). On the other
hand, \? value of words which appeared in almost news stories frequently are small
(e.g. today). However, some words (said, we, do and so on) appeared in many news
stories frequently, while other words (Simpson, trial, currency and so on) appeared
in specific events. Therefore, we used y? values in order to weight for specific words.

2. SEGMENTATION

On segmentation phase, we used the window function which are shown in Figure
1. Using two adjacent windows: the first half of a window (Window A) and the second
half of the window (Window B), we calculated similarity between word sequences in
the two adjacent windows for segmentation. In order to locate correct boundaries,
we shift the windows word by word and search local minima of similarity between
the two adjacent windows.

We used Hanning window, Hamming window and Blackman window in order
to segment news sources into news stories. Formula (1) shows similarity between
Window A and Window B

N
B N
Sim(i,j) = Z win[i]x5; X win[j]x%; X eq(i, j) (1)
i=1 :ﬂ
where Ui wi )
. if wi =wj
cq(i, j) = { 0 otherwise (2)

In formula (1), N indicates the number of words in a window, wi and wj indicates
words of i-th and j-th of a window, respectively. win[] indicates window function
(rectangle window, Hanning window, Hamming window and Blackman window).

When the boundary of Window A and Window B agrees with the correct bound-
ary of a story, the similarity between Window A and Window B is remarkably small.
When the correct boundary of story is off to the slide of the boundary of Window A
and Window B, the similarity between Window A and Window B is large.
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FiGure 1.  Windows for segmentation

The other advantage of the proposed window is that the window is not affected
by length of each story. If we used rectangle window whose width is 300 words and
length of an story is 200 words, we use 100 words in next story with same weight as
other 200 words. Using the proposed window, weight of the edge of the window is
smaller than the weight of words which are neighborhoods of center of the window.

For segmentation, compound words have very effective information. We used
adjacent two and three words for segmentation and event detection. For example,
'New’ is not very effective for event detection, but 'New York’ is effective for story
segmentation and event detection. We give 4 times weight to the same adjacent two
words in Window A and Window B. We give 9 times weight to the same adjacent
three words in Window A and Window B.

For decision of boundaries of news stories, the system shifts a window word by
word and the system extracts a boundary where Sim(i, j) indicates local minimum.

3. EVENT DETECTION

On event detection phase, we use y? value of each word and each event. Then,
we calculate similarity between feature vector of each event and each news story.

Sim(j,i) = Y \i (3)

where j shows an event number: 1 < 7 < 25, and ¢ is news story number. N;
indicates the number of words in the i-th news story. Detected event of each news
story is shown in Formula (4),

arg; max Sim(j,i) if max; Sim(j,i) > thre
26(other events)  otherwise

Event; = { (4)



4 PACLING’99, WATERLOO, CANADA

where thre is the threshold which was examined by a preliminary experiment.

4. EXPERIMENTS

This section describes the results of the segmentation and event detection exper-
iments. The result of each experiment is shown in 4.2 and 4.3, respectively.

4.1. Training Data and Data for Evaluation

We used 1001 stories of TDT corpus (TDT001000-TDT002000) for evaluation
and used the rest stories of TDT corpus (TDT000001-TDT00999 and TDT002001-
TDT015863) for training data. In the data for evaluation, there are 426 REUTER-
S newswire and 575 CNN broadcast news. In the training data, there are 7539
REUTERS newswire and 7323 CNN broadcast news. In evaluation data, there are
429,712 words. In each story in evaluation data has about 429 words on the average.

4.2. Segmentation

For segmentation experiment, We used 4 kinds of windows: rectangle window,
Blackman window, Hanning window and Hamming window. We used 3 kinds of
window widths: 300 words, 400 words and 500 words. Cut-off frequency of word is

100.

TABLE 1.  Segmentation result

Method Pryiss PFalseAlarm error rate

Hamming (N=300) 14.3% 12.7% 27.0%
window (N=400) 16.1% 8.2% 24.3%
(N=500) 20.6% 79%  28.5%

Hanning  (N=300) 17.1% 15.7% 32.8%
window (N=400) 21.7% 10.8% 32.5%
(N=500) 27.9% 0.0%  36.9%

Blackman (N=300) 18.3% 17.0% 35.3%
window (N=400) 21.2% 13.6% 34.8%
(N=500) 27.9% 14.0% 41.9%

rectangle  (N=300) 15.8% 12.1% 27.9%
window (N=400) 18.7% 9.7% 28.4%
(N=500) 27.4% 5.4%  32.8%

Dragon Systems (Allan TDT 1998) 12.9%

In Table 1, Pp;ss and Ppgisealarm are defined by formula 5 and formula 6, re-
spectively.
N Oy iyi 4 R)(L = Greg(iyi + F))

Pmiss — N 5
SN = Gpeplivi+ k) ®)
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(1= Bnypisi + k) Sres(iyi + k)

where the summations are over all the words in the corpus and where

PFalseAlarm =

8(ij) = (7)

1 when words ¢ and j are from the same story
0 otherwise

We defined k as 250 (It depends on TDT segmentation task).

In Table 1, the result using Hamming window whose window width was 400 was
the best of all our results. However, each result is not much different with each other.
As compared with the result of Dragon Systems, our result was slightly worse than
the system.

4.3. Event Detection

In the event detection experiments, the system sorted 1001 news of the corpus to
25 target events and other events. Table 2 shows the result of event detection.

TABLE 2. result of event detection

2 tf-idf word frequency
A (M=30) 30 28 28

B (N=971) 944 864 851
AL B
MW 98.6%  91.2% 90.5%

In Table 2, A indicates the number of the stories whose events are judged to be
one of the 25 events correctly. B indicates the number of the stories whose events are
not one of the events and recognized correctly. M indicates the number of the stories
whose events are the 25 target events (30) and N indicates the number of the stories
whose events are not the 25 target events (971). We used the average of % and
% for estimation of event detection results. According to the results, the method
using \? was better than that of using tf - idf and that of using word frequency.
When rearranging the experimental results, the result using y? values (our methodg
is better than the result using ¢ f - idf and the result using word frequencies. Using
method, all news stories which are about the selected 25 events are detected correctly.
However some news stories which are not about the 25 events are detected as the
selected 25 events.

5. DISCUSSION

In segmentation experiment, the result is slightly lower than the result of Dragon
systems, since our method used only weight which indicate the degree of the feature
of each event. If we combine our method with other methods, i.e. with rhetorical
information etc., the result will be better. For further improvement in this system,
we will use the combination of two window functions, such as Blackman window and
rectangle window.
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In the event detection experiment, some news stories which are not about the
25 events used for training are detected as the selected 25 events incorrectly. If we
use larger training data and tune term weighting accurately, we will obtain better
results. As a result of experiment, the method using y? values was better than the
result using ¢ f - idf and the result using word frequency. The reason is y? values have
more feature than tf - idf and word frequency.

6. CONCLUSIONS

In this paper, we proposed a method for segmentation and event detection by
using term weighting for transcribed speech data. Our method is based on term
weighting which indicate degree of the feature of each word and each event. It is
difficult to segment and detect suitable event for an unique news story with our
method. For better result, we have to use rhetorical information and local context
analysis with our method. In future, we will conduct the segmentation and event
detection experiment using speech data.
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