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Detecting Shifts in News Stories for Event Tracking

FumMmiyo FukuMoTO,* YOSHIMI SUZUKIt and HIROYASU YAMADA

For event tracking where data is collected over an extended period of time, the discussion
of an event, i.e., the subject in a story changes over time. This paper focuses on subject
shift and presents a method for event tracking on broadcast news stories to recognise and
handle subject shift. The basic idea is to automatically adjust the optimal window size in the
training data of the target event so as to include only the data which are sufficiently related
to the current subject. The method was tested on the TDT1 which has been developed by
the TDT (Topic Detection and Tracking) project, and the results show that when the optimal
window size is selected, the system works well even for a large number of stories, each of these
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discusses a new subject related to the target event.
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Fig.1 The decision surface of a linear SVM.
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Fig.2 Estimating optimal positive training data and
tracking.
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Fig.3 Hierarchical structure with k-means (k = 2).
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Table 1 Event name.
Event 00 ooo Event 00 ooo
1 Aldrich Ames 14 Karrigan/Harding
2 Carlos the Jackal 15 Kobe Japan quake
3 Carter in Bosnia 16 Lost in Iraq
4 Cessna on White House 17 NYC Subway bombing
5 Clinic Murders 18 OK-City bombing
6 Comet into Jupiter 19 Pentium chip flaw
7 Cuban riot in Panama 20 Quayle lung clot
8 Death of Kim Jong Il 21 Serbians down F-16
9 DNA in OJ trial 22 Serbs violate Bihac
10 Haiti ousts observers 23 Shannon Faulkner
11 Hall’s copter 24 USAir 427 crash
12 Humble, TX, flooding 25 WTC Bombing trial
13 Justice-to-be Breyer
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Table 2 Tracking results.

Ny, | OO Miss F/A | Prec F
25 40% | 0.19% 69% | 0.64

2 25 31% | 0.14% 76% | 0.73
4 25 28% | 0.14% 7% | 0.74

8 23 25%
16 15 22%

0.14% 7% | 0.76
0.13% 79% | 0.78
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Table 3 The tracking result in Event 15, ‘Kobe Japan Quake’.

idl oo oooo ooooo ooooooooo
system | actual | recall | precision F
1| 01/17/95 | Kobe Residents Unable to Commence Rescue Operations NEW | NEW - - -
2| 01/17/95 | Emergency Efforts Continue After Quake in Japan NEW | YES - - -
3101/17/95 | Japan Helpline Worker Discusses Emergency Efforts NEW | NEW - - -
4101/17/95 | U.S. Businessman Describes Japan Earthquake NEW | YES - - -
5 01/17/95 | Osaka, Japan, Withstands Earthquake Better Than Others | NEW | NEW - - -
6| 01/17/95 | President Clinton Drums Up Support in Humanitarian Trip | NEW | NEW - - -
7 101/17/95 | Engineer Examines Causes of Damage in Japan Quake NEW | NEW - - -
8| 01/18/95 | Mike Chinoy Updates Japan’s Earthquake Recovery Efforts | NEW | YES - - -
9| 01/18/95 | Smoke Hangs in a Pall Over Quake-, Fire-Ravaged Kobe NEW | NEW - - -
10 | 01/18/95 | Japanese Wonder If Their Cities Are Really ‘Quakeproof’ NEW NEW - - -
11 | 01/18/95 | Cooperative Plan Allows U.S. to Help Quake Victims NEW | NEW - - -
12 | 01/18/95 | Vivid Descriptions Tell Story of Kobe Earthquake YES YES 0.50 0.29 | 0.36
13 | 01/18/95 | Kobe Neighbors Get a Lot Closer in Quake’s Aftermath YES YES 0.75 0.43 | 0.55
14 | 01/18/95 | Worldwide Help Offered to Japan in Quake’s Aftermath YES YES 1.00 0.25 | 0.40
15 | 01/18/95 | Kobe Begins Long Process of Digging Out, Rebuilding YES YES 0.80 0.44 | 0.57
16 | 01/18/95 | Kobe Rescue Operations Produce Some Miracles YES YES 0.80 0.40 | 0.53
17 | 01/18/95 | Kobe, Japan Quake Survivors Recovering With Stride YES YES 0.83 0.45 | 0.58
18 | 01/18/95 | Traffic Jams Hamper Japan Quake Recovery Efforts YES YES 0.86 0.50 | 0.63
19 | 01/18/95 | Worldwide Help Offered to Japan in Quake’s Aftermath YES YES 0.66 0.15 | 0.25
20 | 01/18/95 | Seismologist Concerned at Lack of Quake Predictability YES NEW - - -
21| 01/18/95 | Japanese Rescue Teams Intensify Search for Survivors YES YES 0.66 0.22 | 0.33
22| 01/18/95 | Japanese Firefighters Attempt to Control Quake Blazes YES YES 0.86 0.50 | 0.63
23 | 01/18/95 | Japan quake death toll reaches 3,081 YES NEW - - -
24 | 01/18/95 | Death Toll in Kobe Quake Exceeds 3,000 YES YES 0.33 0.33 | 0.33
25 | 01/18/95 | Kobe Earthquake Shares Pattern With California Quakes YES YES 0 0 0
26 | 01/18/95 | Reporter Says Damage in Kobe, Japan, Not Uniform YES YES 0.88 0.40 | 0.67
27| 01/19/95 | Sights and Sounds of Kobe After the Earthquake YES YES 0.89 0.57 | 0.70
28 | 01/19/95 | US forces to fly blankets to Japan quake survivors NO YES - - -
29 | 01/19/95 | Many People in Kobe, Japan, Had No Insurance NEW NEW - - -
30 | 01/19/95 | Japanese Prime Minister Visits Quake-Stricken Kobe NEW | NEW - - -
Average 0.79 0.58 | 0.54
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Table 4 Words in w of w - x + b (id = 25, 27).
Event 15 (‘Kobe Japan Quake’)
id oo
25 Kobe, central, injure, Tuesday, early, city, Japan,

national, earthquake, tear
id oo
27 | building, Kobe, rescue, house, collapse, search,

work, lot, hard, crew
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0 5 00O data management 0000000000
Table 5 F-measure with several data management approaches.

k-means 0000000 k-means 0000000

oo event OO T g full | fix | full | OO0
6 | 0.93 0.98 | 0.96 | 0.96 0.98

8 | 0.32 0.37 | 0.30 | 0.37 0.68

large 9 | 0.55 0.50 | 0.57 | 0.61 0.78
24 | 0.41 0.54 | 0.70 | 0.76 0.82

25 | 0.73 0.86 | 0.72 | 0.82 0.92

3 | 0.55 0.54 | 0.75 | 0.80 0.86

11 | 0.50 0.75 | 0.88 | 0.89 0.89

small 15 | 0.54 0.64 | 0.77 | 0.81 0.87
16 | 0.59 0.81 | 0.55 | 0.58 0.73

22 | 0.73 0.71 | 0.67 | 0.72 0.82

Average 0.58 0.67 | 0.69 | 0.73 0.84

k-means 0000000 k-means 0D 0OO00O0OD

oo | event OO 1 g0 full | fix | full | DOO

large 18 0.48 0.61 0.58 0.67 0.72

5 0.81 0.81 0.75 0.71 0.67

small 12 0.29 0.29 0.29 0.29 0.29

17 0.50 0.67 0.67 0.78 0.82

21 0.39 0.55 0.60 0.77 0.78

Average 0.49 0.59 0.58 0.64 0.66

Total Average 0.55 0.64 0.65 0.70 0.78
1 ‘Fixed Memory’D 00000000 0OCOODO 0’0dd ‘k-means 0 0000000000000
JoddooboooOoooooooooooa 00000000000 D0kmeans0 0000 OOO

oooo
2 ‘Full Memory’D 000 O0O0000O0O0ODOO
ooooOoooooOoooooooooooo
ooooboboooobooobooobobobooooo
ooooooooboooooooooooon
oooooos0000060 Ne=16000O0O
OO0O0‘High'OOO0OO event00O000O0O0OOOO
ooobOooooooOoOooODIw O0O0O0O0OO0
Ooo0OoO00o0ooooDooo0‘cD’ooDo ‘large’
0000000000 2000000000000
OO0000000O0O0Osmall’ 0 200000000
0000000%means0 0000000000 ‘k-
means 00 00000’'00000 Ok-meansO000O
coobbOoooooooobooooooboooooboo
goooooo0ooOo0Mx000on “ful’ 0000
0 fixed memoryd OO0 fullmemory 00O O OO0
‘high’ 000 ‘low’ 0000 ‘Average’ DO O0ODODO
00000000 micro-average F OO OO ‘Total
average’ 000000000 DODODO micro-average F
ooooo
O 5 00000 Total average O fix OO0 full
memory 000000000 ‘h-means0 00000

gooooooOoOoboOoooUooooboooogoo
event 000 50000 1600000 04x000 full
memory 000000000 kmeansO00O00O00O0O
oooOooOoDOoO0o0ODDO 100 0k-means 00
gobooooooooooooboooobooooog 2
gobooobobOOoOooobOooOobooOooobooo
00000 kmeans0O000O0O00O0O0OODOOOO
gooooobO0oOoooooboooboOoooobooo
000dOooooOo 200000000000D000
gdoooooooooOooobooooooboooo
J00oooo00o0o0ooooooooooooog
O0event 000 5000 160000 k-means 0 O
000000000 0ooooDo0ooooDooooo
gooooboooooooboooobooooooboooDo
000000ooo0ooooOooo0ddbottom cluster
0l100d0o0ooooobooooOooooobooooo
000000 60 event 00O 53 Clinic MurdersOO
OO0OObottom cluster 0 100000000000
go0oooObOOoOo0o0oOoooooOoooOoooooo
w-x+b00O00wOOOODOOODOODO
‘00’0opD0o0ogoosSsvMsO00000ooog
00000000 wOOODDOOOODOOODOO
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06 w-x+bUOUOODUOD wlODOOOODODOO k-meansO 000
gooo
Table 6 Words in w of w - x + b (with k-means).
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07 O0O0O0ODOOOOO0O
Table 7 The result of comparative experiment.

Run Miss F/A | Prec F

Event 5 (‘Clinic Murders (Salvi)’)
goooo oo
O police, Friday, State, United, fire, person,

race, clinic, street, abortion

O health, president, house, move, committee,
senate, care, Clinton, characterize, construc-
tive

gooooooopoOoOoo oooooooedoood
‘president’0 ‘Clinton’ 00 O ‘Clinic Murders’0 00
0000000000000 D0000D00 Uk-means
000ooo0oo0ooDOoooooooooooooon
oooooooooooood

00 ‘hmeans 00000000000 fix mem-
oryd0 00 full memory D00 0000000 O 0w’
0000o0oooOoooooooooooooooon
OO000000Okmeansd 00000 Ofixed mem-
ory000 fullmemory 00000000 OOOOO
o0odooUooooooooooooooooo
O000d0ooooooopooooooooooo
0000O0ooooooooohighdooooog
00000000000 00ooooooooOfixOo
full memory 00 OO OO 0.040 0.73—-0.690000
‘low’ 0.060 0.64 —0.5800 0000000030 ‘low’
O00Ofullmemory 0000000000000
O00O0‘%ew 0000%igh’ 0000000000
oo0oo00o0O ooo’go0pooooooooo
OO0 4P 000000000000 low’ 00O 0.02
00.66—0.64000000000high’0000O00
goodo.ljog4—o73dopoooooooooooo
O0oo0ooooooooooUoUoooooDoOOo
oooo

4.24 0O0OOOOOOO

0000000000oooooooooooooo
0000000000000 00DODragon Systems
000o0o0o0ooooooooooooooooon
000000000 CarbonellDOOKNN ODODOO
0000000 20000000000D000000
00000000000 oooo0Oo000O000
O000000oo0ooO00ooooooooooooo
OoooooooooooOoOooUooooouoooo
000000000000 D0O000ooooooooon

Y 0000 OClinic Murders 000 000000000000
oo

CMU kNN 29% 0.40% 61% 0.66
Dragon 1% | 0.21% 60% | 0.39
UMass nonRF-comb 55% | 0.10% 88% | 0.60
UMass nonRF-20T 13% | 0.35% 27% | 0.41
UMass RF100 39% 0.27% 62% 0.62
ooo 28% 0.14% 7% 0.74

goooboOo k0000000 bOoooboooDOo
goooooooooooooooOooooboooo
000000000000 0000Dragon Systems
0 Yamron O O OKullback-Leibledt] KLOO OO OO
go00o0o0oo0ooooooOooooooooooog
goobooooooooooOooooobooboooo
000000000000 00000000O0®O0n
000000000 Alan000000O00O0OOO
00000000000000000000000%0
goooooooooooooboobooooboooDo
goooobooooooboboobooobooooo
goooocoooooooboOooobooboboooo
goooooooo 3sooobooboobooobouoDo
(1) DOoODOooOUOOOOOOUOOOOOOoOO
gooooboobooooooooooooog
0000000000 nonRF-comb O 0O
(2) 0D0OOLODODODOODOOOUOUOOOOOOOOO
00oo00o0oooooooD 200000000
0000 nonRF-20T O O
(3) ODO0OO00OOODOOOUOUOOOOOOooOoo
opooooooooo wwobooboooooo
ORF10000O
oooooooooooobooo 70O0DoOoD 7
0000000 00oo0oooD AlanODOQ0OOO
000000 O00D0CMUODragon SystemsO OO0
UMass0OODOOOOOODODOODOOKRNN O
Dragon Syustems0 0 00 00000000000
oDooY0000000N, =400000000
0230000000000 micro-average 1 000
040 “UMass nonRF-comb’0 ‘UMass nonRF-20T”
000 ‘UMass RF100°0 000 0O nonRF-comb O 0O
nonTF-20T 00000 RF1000000000O0O
Miss 00000 F/AOOOOOOOCMU ENNO
Dragon0 000 UMass RF1000 30000000
00000000 MissOO F/ADDOOOOOOODO
O00UMass nonRF-20T0 000000 MissOOO
0000 F/AOD0OO0ODODODOO0000O0OOO0OO
000000000D0000D0D0OD000O000UMass
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Table 8 N; values and F-measure.

Ny value
1 2 4 8 16
Dragon —-55% —26% - +12% +40%
CMU, kNN —25% —-9% - +11% +32%
UMass —39% —5% - +5% +5%
ooo —10% 1% - +2% +4%

nonRF-comb0 F/ADOOOOOO0OOOOOO Miss
oooooo0o00oo0oOoOO0oOOo0oO0oooOooo
oooooooUoooooUooooooooooo
O0o0OooOooOooooOooooooooooooodg
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tems0 0 0000000000000 0OO0OO0OOO
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0800000000000 0DO0OO0OO nonRF-
combO0O00O0O0OO0OOO N,=200000000
0o0ooooooooooU0ooooooooooo
O00ooo00oO0o0ooo0oooooUoooOoooooo
oooooooooooo

5. ooaoano
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gbooooobooooobooobooDbobo
oboooooooboobooooo
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O0O000O%ighy0000000000.1100
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