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Abstract Twitter, a recently growing micro-blogging service, offers opportunities to analyze real-time events by

its real-time nature. Particularly, it is highly valuable if real-time disasters in a real world can be detected by

Twitter. However, we have to search for the disaster on Twitter manually, or we cannot know the details or the

contexts of the disaster if we use previous porposed event detection methods. Therefore we propose a method for an

early detection of disasters with contextual information. In this study, we assume that huge disasters make a topic

which is composed of several words, and that the expression of tweets mentioning that disaster diverge. Based on

the assumputions, we propose to make a graph of cooccurence of the words appearing in Twitter, and to detect real

disasters by independent source measure, which measures how much the expressions between each tweet mentioning

a same topic diverge. We demonstrate our technique on real data from Twitter and show that our method can

detect reasonable disasters before media reports.

Key words Social Media, Event Detection, Graph, Indenpendent Source Measure

1. ͸ ͡ Ί ʹ

ϚΠΫϩϒϩάαʔϏεͷҰछͰ͋Δ Twitter͸ɼؒੈ͘޿

ʹ஌ΒΕɼଟ͘ͷར༻ऀ͕͍ΔαʔϏεͰ͋ΔɽTwitterʹ͓

͍ͯϢʔβʔ͸ɼࣗ਎ͷؔ৺΍ɼͦͷ࣌ͷؾ෼΍ɼ͍ͯݟࠓΔ

΋ͷͳͲɼ༷ʑͳ͜ͱΛൃ৴͢ΔɽTwitterʹൃ৴͞Εͨେྔ

ͷϙετʹରͯ͠ɼҰఆҎ্ͷਓ͕͢ٴݴΔ࿩୊ͷݕग़΍ɼ࿩

୊ͷ͕޿ΓͳͲɼ༷ʑͳ֯౓͔Β͞ڀݚΕ͍ͯΔ [2], [3], [5], [9]ɽ

ಛʹۙ೥ɼ࣌֐ࡂʹ͓͍ͯ TwitterΛ׆༻͢Δྫ͕ݟΒΕΔ

Α͏ʹͳ͍ͬͯΔɽྫ͑͹ɼ2014 ೥ 2 ݄ʹൃੜͨ͠େઇͷࡂ

௕͕ࢢΛگঢ়֐ͷඃࢢٱࠤݝ͸ɼ௕໺͍͓ͯʹ֐ Twitter Λ

— 1 —



༻͍ͯ೺Ѳ͢Δͱ͍͏͕͋ྫࣄΔʢ஫1ʣɽ͜ͷΑ͏ͳ֐ࡂରԠ͸

ΘΕ͍ͯΔɽ·ͨɼ࣮ੈքͷग़དྷߦ͍ͯ༺ຊతʹ͸ਓͷखΛج

ࣄ [6], [14] ΍ɼϢʔβʔͷ͢ٴݴΔ࿩୊ [4], [18] ΛࣗಈͰݕग़

͢Δํ๏͸ߟҊ͞Ε͍ͯΔ͕ɼͲ͜Ͱͦͷൃ͕֐ࡂੜ͍ͯ͠Δ

͔΍ɼͦͷ͕֐ࡂ༠Ҿͨ͠ೋ࣍֐ࡂͳͲɼ֐ࡂͷͳ͢ίϯςΩ

ετͷ৘ใ΋ಉ࣌ʹݕग़͢Δ͜ͱ͸໨తͱ͍ͯ͠ͳ͍ɽͦ͜Ͱɼ

ݺͷͳ͢ίϯςΩετͷ৘ใʹண໨͠ίϯςΩετ৘ใͱ֐ࡂ

ͼɼຊڀݚͰ͸ɼ֐ࡂͷ৘ใͱͱ΋ʹɼͦͷ֐ࡂͷίϯςΩε

τ৘ใʹՁ஋͕͋Δͱ͑ߟɼૣݕʹظग़͢Δ͜ͱΛ͑ߟΔɽ

ຊڀݚͰ͸ɼ֐ࡂͷίϯςΩετ৘ใΛଊ͑ΔͨΊʹɼࡂ

ΛؚΜͩ࿩୊ͱͳͬͯޠͱͦͷίϯςΩετ৘ใ͸ෳ਺ͷ֐

Twitter্ʹݱΕΔɼͱ͍͏ԾઆΛཱͯͨɽطଘͷڀݚͰߦΘ

Ε͖ͯͨɼϢʔβʔ͕͢ٴݴΔޠͷݕग़΍ɼؔ࿈ͨ͠୯ޠΛݕ

ண໨ͨ͠΋ʹޠʑͷݸग़ͷΑ͏ͳɼݕͷࣄΫΤϦͱͨ͠ग़དྷࡧ

ͷͰ͸ͳ͘ɼͦͷ֐ࡂͱͦͷίϯςΩετ৘ใΛؚΜͩෳ਺ͷ

ΕΔͱ͍͏ԾઆΛཱͯɼ͜ͷ࿩୊ʹண໨ͨ͠ɽݱͰ࿩୊ͱͯ͠ޠ

·ͨɼಛʹɼ֐ࡂΛ௚઀͍ͯ͠ٴݴͯݟΔπΠʔτ͸ɼͦͷ

ද͕ͦݱΕͧΕҟͳΔͱ͍͏ԾઆΛཱͯͨɽ۩ମతʹ͸ɼ֐ࡂ

Ҏ֎ͷ࿩୊͸ɼχϡʔειʔεͷҾ༻ͳͲɼπΠʔτͷද͕ݱ

͍ͯͭʹ෺ͨݟʹࡍ͸ɼϢʔβʔ͕࣮͍ͯͭʹ֐ࡂΓɼ͓ͯࣅ

ҟͳΔͰ͋Ζ͏ͱ͕ݱΔͨΊɼͦΕͧΕͷπΠʔτͷද͢ٴݴ

͍͏ԾઆͰ͋Δɽ

͜ͷԾઆʹ͖ͮجɼຊڀݚͰ͸ɼ֐ࡂͱͦͷίϯςΩετ৘

ใΛݕग़͢Δख๏ΛҎԼͷΑ͏ʹఏҊ͢Δɽ·ͣɼπΠʔτʹ

ؚ·ΕΔޠͷىڞͷͳ͢άϥϑʹண໨͠ɼͦͷίϛϡχςΟΛ

࿩୊ͱͯ͠ݕग़͢Δɽͦͷ࿩୊ʹ͍ͯ͠ٴݴΔπΠʔτ܈ͷද

཭ΛԠ༻ͨ͠ಠཱιʔε౓ͱڑͷҧ͍Λଊ͑ΔͨΊʹɼฤूݱ

Έͨɽࢼग़͢Δ͜ͱΛݕ͖ͮجʹඪࢦҊ͠ɼ͜ͷߟඪΛࢦ͏͍

ຊڀݚͰ͸ɼҎ্ͷԾઆʹ͖ͮجɼ֐ࡂΛίϯςΩετ৘ใ

ͱͱ΋ʹૣ͢ݟൃʹظΔํ๏ΛఏҊ͢Δɽ·ͨɼ࣮ݧʹΑͬͯ

ख๏ͷ༗ޮੑΛ͔֬Ίͨɽ

ຊઅҎ߱ͷຊ࿦จͷߏ੒͸ҎԼͷ௨ΓͰ͋Δɽୈ 2અͰຊݚ

Λ঺հ͢Δɽୈڀݚ࿈ͨؔ͠ʹڀ 3અͰɼTwitter͔Βͷෳ਺

ͷޠͰͳ͞ΕΔ࿩୊ͷݕग़ํ๏ͱͦͷදݱͷҧ͍Λଊ͑Δಠཱ

ιʔε౓ΛఏҊ͢Δɽୈ 4અͰຊख๏ͷ༗ޮੑΛ Twitterͷ࣮

ՌΛ঺հ͠ɼୈ݁ͨ͠ݧ࣮͍ͯ༺ͷσʔλΛࡍ 5અͰຊڀݚͷ

݁࿦Λड़΂Δɽ

2. ؔ ࿈ ݚ ڀ

ຊઅͰ͸ɼຊڀݚʹؔ࿈ͨ͠ɼTwitter ͔Βͷ࿩୊ͷൃݟɼ

͍ͭʹڀݚͷ͍ͯͭʹࣄΕΔ࣮ੈքͷग़དྷݱʹͼɼTwitterٴ

Δɽ͢؍֓ͯ

࿩୊Λݕग़͢Δڀݚʹؔͯ͠͸ɼTopic Detection and Track-

ingͱݺ͹ΕΔҰͭͷڀݚ෼໺͕ଘ͢ࡏΔ [1]ɽಛʹ Twitter͔

Β࿩୊Λൃ͢ݟΔͨΊɼ୯ޠͷόʔετΛଊ͑Δ਺ཧख๏Λߏ

ங͕ͨ͋͠ڀݚΔ [18]ɽ·ͨɼ࿩୊Λڞ༗ͨ͠Ϣʔβʔͷ༑ਓ

ʢ஫1ʣɿઇ֐ରԠʹπΠολʔ׆༻ɹ༄ాਗ਼ೋࠤɾ ɹژ௕ʹฉ͘ɹʗ౦ࢢٱ http://

mainichi.jp/area/tokyo/news/20140228ddlk13040029000c.html 2014 ೥

5 ݄Ӿཡ

܎ؔ [21]΍ɼϢʔβʔؒͷීஈ࡞ΔϦϯΫͱ࿩୊Ҿ༻࣌ʹ࡞Δ

ϦϯΫͷҧ͍ ͳͲ͕͋ΔɽՃ͑ͯɼڀݚग़͢Δݕ͍ͯͮجʹ[17]

͋ΔҰఆҎ্ͷϢʔβʔ͕͋Δ࿩୊ʹ͍͍ͭͯͯ͠ٴݴΔঢ়ଶ

Λूஂ஫ҙͱݺͼ [19]ɼूஂ஫ҙΛϋογϡλά΍ޠݴͷස౓

ͳͲ͔Βղੳͨ͠ڀݚ΋ଘ͢ࡏΔ [10], [16]ɽ͜ΕΒͷڀݚ͸ɼ

ຊڀݚͰѻ͏ෳ਺ͷޠͰͳ͞ΕΔ࿩୊ͷൃݟɼͱ͍͏఺͔Β͸

ҟͳΔɽCataldiΒ [4]͸ɼෳ਺ͷޠͰͳ͞ΕΔ࿩୊ͷൃݟΛ໨

ඪͱ͍ͯ͠Δ఺Ͱຊڀݚͱಈ͍͕ۙػɽ͔͠͠ɼCataldiΒ͸ɼ

Ϣʔβʔͷ༑ਓؔ܎ͷͳ͢άϥϑʹண໨͠ɼଞͷϢʔβʔʹೝ

ΊΒΕ͍ͯΔϢʔβʔʹΑͬͯ͞ٴݴΕͨ࿩୊Λݕग़͢Δ͜ͱ

Λ໨ඪͱ͍ͯ͠Δ఺ʹ͓͍ͯɼ࣮ੈքͷ֐ࡂ৘ใΛର৅ͱ͢Δ

ຊڀݚͱ͸ҟͳΔɽ

Twitter ΋͔͞Μڀݚͷ͍ͯͭʹࣄΕΔ࣮ੈքͷग़དྷݱʹ

ΘΕ͍ͯΔɽ2009ߦʹ ೥ʹϑϥϯεͰൃੜͨ͠ࢁՐࣄ [7] ΍ɼ

2010೥ʹൃੜͨ͠νϦԭ஍਒ [12]΍ɼ2011೥ʹൃੜͨ͠౦೔

ຊେ਒ࡂ [15]ʹ͓͍ͯɼTwitter͕ͲͷΑ͏ʹ࢖ΘΕ͔ͨΛ෼

ੳ͕ͨ͋͠ڀݚΔɽ͜ΕΒͷڀݚ͸ɼग़དྷࣄΛݕग़͢Δ͜ͱΛ

໨తͱ͍ͯ͠ͳ͍఺Ͱຊڀݚͱ͸ҟͳΔɽ·ͨɼΠϯϑϧΤ

ϯβͷྲྀߦΛ Twitter͔Β༧ଌ͢Δڀݚ΋͋Δ [6]͕ɼ༧ଌΛ

໨తͱ͓ͯ͠ΓɼΠϯϑϧΤϯβͷྲྀߦͷίϯςΩετ৘ใΛ

ಘΔ͜ͱ΍ૣݟൃظΛ໨తͱ͍ͯ͠ͳ͍఺ͰຊڀݚͱҟͳΔɽ

SakakiΒ [14]͸ɼTwitter͔Β஍਒Λૣ͢ݟൃʹظΔ͜ͱΛ໨

తͱ͍ͯ͠Δ఺Ͱຊڀݚͱಈ͍͕ۙػɽSakakiΒͷڀݚ͸ɼ஍

਒ʹؔ࿈ͨ͠ࡧݕΫΤϦΛೖྗ͠ɼ஍਒Λૣ͠ݟൃظɼ·ͨൃ

ͷࣄग़དྷͨ͠ݟͰ͋Δ͕ɼൃڀݚ஍਒ͷ৔ॴΛਪఆ͢Δͨ͠ݟ

ίϯςΩετ৘ใΛಘΔ͜ͱΛ໨తͱ͍ͯ͠ͳ͍఺Ͱɼຊڀݚ

ͱҟͳΔɽ

3. ఏ Ҋ ख ๏

ຊڀݚͰ͸ɼ࣮ੈքʹ͓͚Δ֐ࡂΛ௚઀͢ٴݴͯݟΔπΠʔ

τ͸ɼTwitter্ʹ͓͍ͯɼ

1. ΛؚΉ࿩୊ͱͳΔޠͱؔ࿈ͨ͠ෳ਺ͷ֐ࡂ

2. ҟͳΔʹ͍ޓ͕ݱͷද܈ͱؔ࿈ͨ͠πΠʔτ֐ࡂ

ͱ͍͏ԾઆΛཱͯͨɽຊԾઆʹ͖ͮجɼ

1. ର৅ͱͨ͠֐ࡂʹؔ࿈ͨ͠ޠΛࡧݕΫΤϦͱͯ͠ઃఆ

͠ɼπΠʔτΛऩू

2. ΛάϥϑԽ͠ɼͦͷίϛϡχىڞͷޠʹͱ͝ࠁ֤࣌

ςΟͱͯ͠࿩୊Λݕग़ɽ·ͨɼ֤࣌͝ࠁͱʹݕग़͞Εͨ࿩୊Λɼ

తʹ௥੻ྻܥ࣌

3. ֤࿩୊͝ͱʹಠཱιʔε౓ͱ͍͏ɼ֤πΠʔτಉ࢜ͷ

දݱͷҧ͍ΛࢦඪԽͨ͠΋ͷΛࢉܭ

ͱ͍͏ख๏ΛఏҊ͢ΔɽҎԼͰ͸ɼ্هͷৄࡉΛड़΂Δɽ

3. 1 σʔλू߹ͷఆٛ

ຊઅͰ͸ɼख๏Λద༻͢Δσʔλू߹Λఆٛ͢Δɽ

શπΠʔτΛ TW ͱ͓͘ɽର৅ͱ͢Δ֐ࡂʹؔ࿈ͨ͠ޠΛ

Q = {q1, · · · , ql} ͱઃఆ͢ΔɽTW ʹଐ͢ΔπΠʔτͷ͏ͪɼ

QͷཁૉͰ͋ΔޠΛ 1ͭҎ্ؚΜͰ͍Δ΋ͷͷू߹Λ TWQ ͱ

͓͖ɼσʔληοτͱ͢Δɽ·ͨɼπΠʔτͷαϯϓϦϯά࣌

Λࠁ t1, t2, t3, · · · ͱ͢Δɽ۩ମతʹ͸ɼ࣮࣌ؒΛҰఆִؒͰα
ϯϓϦϯάͨ͠΋ͷͰ͋ΔɽTWQ ͷ͏ͪɼ࣌ࠁ tk ͔Β τ ૎ͬ
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ࠁ࣌ͨ tk − τ ·ͰͷπΠʔτΛɼ࣌ࠁ tk ͷ QͷπΠʔτͱ͠

ͯѻ͏͜ͱʹ͠ɼTW
(tk)

Q ͱද͢͜ͱʹ͠ɼ͜ͷσʔληοτ

Λର৅ʹɼҎԼͷख๏Λద༻͢Δɽ

3. 2 ࿩୊ͷݕग़

ຊઅͰ͸ɼπΠʔτ͔Βɼෳ਺ͷޠͰͳ͞ΕΔ࿩୊Λݕग़͢

Δํ๏Λड़΂ΔɽπΠʔτʹؚ·ΕΔޠͱɼͦͷىڞͷ૬ޓ৘

ใྔͰޠͷىڞΛॏΈ෇͖άϥϑͰද͠ݱɼάϥϑ͔Βݕग़͞

ΕͨίϛϡχςΟΛߏ੒͢Δޠͷू߹ΛຊڀݚͰ࿩୊ͱݺͿɽ

ҎԼͰ͸ɼͦͷৄࡉʹ͍ͭͯड़΂Δɽ

3. 2. 1 ͷάϥϑىڞͷޠ

ຊখઅͰ͸ɼޠͷ͔ىڞΒॏΈ෇͖άϥϑάϥϑΛੜ੒͢Δ

ํ๏ʹ͍ͭͯड़΂Δɽຊىڞ͍͓ͯʹڀݚͱ͸ɼಉҰπΠʔτ

಺ʹ 2ͭͷ͕ޠಉ࣌ʹग़͢ݱΔ͜ͱͱఆٛ͢Δɽ

ࠁ࣌ tk ʹ͓͚Δର৅ͱ͢ΔπΠʔτͷू߹ TWQ
(tk) ಺ͷશ

πΠʔτΛܗଶૉղੳ͠ɼࡧݕΫΤϦ Q ʹଐ͢ΔޠΛআ͍ͨ

Ұൠ໊ࢺͱݻ༗໊ࢺͷू߹ΛಘΔɽ͜͜ͰɼଞͷޠΛআ͍ͨͷ

͸ɼҰൠ໊ࢺͱݻ༗໊͕ࢺɼ֐ࡂͷ৘ใΛ௚઀͍ࣔͯ͠ΔͰ͋

Ζ͏ͱ͍͏ཧ༝ʹΑΔɽ͞ΒʹɼಘΒΕͨޠͷ͏ͪग़ݱස౓ͷ

্Ґ dݸͷޠΛબͼɼޠͷू߹

W (tk) = {w1
(tk), w2

(tk), · · · , wd
(tk)} (1)

ΛಘΔɽ·ͨɼ֤ޠͷ૊ (wi, wj)ͷ૬ޓ৘ใྔ

mi,j
(tk) = log

N (tk)freq(wi, wj)

freq(wi)freq(wj)
(2)

ΛٻΊΔɽͨͩ͠ɼN (tk) ͸ TWQ
(tk) ʹଶૉղੳܗΕΔɼݱʹ

Αͬͯݕग़͞Εͨޠͷ૯਺Λද͠ɼfreq(wi)͸ޠ wi ͷग़ݱස

౓ɼfreq(wi, wj) ͸ wi ͱ wj ͕ಉҰπΠʔτʹݱΕΔස౓Ͱ

͋Δɽ

͜ͷͱ͖ɼޠͷू߹W (tk) Λ௖఺ू߹ͱ͠ɼ֤ؒޠͷ૬ޓ৘

ใྔmi,j
(tk) ΛࢬॏΈͱ͢ΔɼॏΈ෇͖ແ޲άϥϑΛ͑ߟΔ͜

ͱ͕Ͱ͖Δɽ͜ΕΛޠͷىڞάϥϑͱݺͼɼG(tk) ͱ͓͘

3. 2. 2 ίϛϡχςΟݕग़ʹΑΔ࿩୊ݕग़

ຊখઅͰ͸ɼ3. 2. 1અͰఆٛͨ͠ɼޠͷىڞάϥϑΛ༻͍ͯɼ

࿩୊Λݕग़͢Δํ๏ʹ͍ͭͯड़΂Δɽ

ҰൠʹίϛϡχςΟߏ଄Λ࣋ͭάϥϑ͕਺ଟ͘ଘ͢ࡏΔ͜ͱ

͕஌ΒΕ͍ͯΔ [8]ɽͦͷΑ͏ͳάϥϑͰ͸ɼάϥϑͷ௖఺͕ෳ

਺ͷूஂʹ෼ׂ͞Εɼಉ͡ूஂ಺Ͱ͸ີ͕ࢬͰɼҟͳΔूஂؒ

Ͱ͸ૄ͕ࢬͰ͋Δɽ͜ͷ 1ͭͷूஂΛίϛϡχςΟͱ͍͏ɽຊ

ࠁͰ͸ɼ࣌ڀݚ tk ʹ͓͍ͯɼޠͷىڞάϥϑ G(tk) ಺ͷ֤ί

ϛϡχςΟΛ࿩୊ͱݺͼɼTi
(tk)(i = 1, · · · , N (tk)

com)ͱද͢ɽ

ͨͩ͠ɼN (tk)
com ͸ίϛϡχςΟͷ਺Ͱ͋Δɽ άϥϑ͔Βί

ϛϡχςΟΛݕग़͢ΔΞϧΰϦζϜ͸ଟ਺ఏҊ͞Ε͍ͯΔ [20]

͕ɼຊڀݚͰ͸ଈ࣌ੑΛॏ͢ࢹΔͨΊɼྔࢉܭͷ఺͔Β༗རͰ

͋Δ Fast Modularity [13]Λར༻͢Δɽ

ࠁ࣌ tk ʹ͓͚ΔπΠʔτ twj ∈ TW (tk)
Q ͕ɼTi

(tk) ͷޠΛ

aछྨҎ্ؚΜͰ͍ͨ৔߹ɼtwj ͸࿩୊ Ti
(tk) Δ͍ͯ͠ٴݴʹ

πΠʔτͱఆٛ͠ɼͦͷπΠʔτͷू߹Λ Si
(tk) ͱද͢ɽ

3. 2. 3 ࿩୊ͷ࣌ྻܥ௥੻

࣍ʹɼલখઅͰݕग़֤ͨ࣌͠ࠁʹ͓͚Δ࿩୊Λɼ࣌ྻܥͱ͠

ͯ௥੻͢Δख๏ͨΊɼ࣌ࠁ tk ͷ࿩୊ͱ࣌ࠁ tk−1 ͷ࿩୊͕ಉ͡

࿩୊͔Ͳ͏͔Λ൑ఆ͢Δํ๏Λड़΂Δɽ

ࠁ࣌ tk ͷ࿩୊ Ti
(tk) ͱɼ࣌ࠁ tk−1 ͷ࿩୊ T

(tk−1)
j ͕͋Δͱ

͖ɼ2ͭͷू߹ͷྨࣅ౓ΛଌΔδϟοΧʔυࢦ਺

d(Ti
(tk), T

(tk−1)
j ) =

| T (tk)
i ∩ T

(tk−1)
j |

| T (tk)
i ∪ T

(tk−1)
j |

(3)

Λ༻͍ɼ

d(Ti
(tk), T

(tk−1)
j ) > κ (4)

Ͱ͋Ε͹ɼT (tk)
i ͱ T

(tk−1)
j ͸ಉҰͷ࿩୊Ͱ͋Δͱݟͳ͢ɽ͜

͜Ͱɼ࣌ࠁ tk ͷ 1ͭͷ࿩୊ Ti
(tk) ࠁ͕࣌ tk−1 ͷෳ਺ͷ࿩୊ͱ

ಉҰͱݟͳ͞ΕΔ͜ͱ͕͜ىΔ͜ͱʹ஫ҙ͢Δɽ·ͨɼ࣌ࠁ tk

ͷ࿩୊ Ti
(tk) ʹରͯ͠ɼରԠ͢Δ࣌ࠁ tk−1 ͷ࿩୊͕ଘ͠ࡏͳ

͍͜ͱ΋͋Δ͜ͱʹ΋஫ҙ͢Δɽ

3. 3 ಠཱιʔε౓

ຊઅͰ͸ɼπΠʔτͷදݱͷҧ͍Λଊ͑ΔࢦඪͰ͋Δಠཱ

ιʔε౓ͱ͍͏ࢦඪΛఏҊ͢Δɽ

͋Δ࿩୊ʹ͢ٴݴΔπΠʔτͷදݱͷҧ͍Λࢦඪͱ͢ΔͨΊ

ʹɼ࿩୊ʹଐ͢ΔπΠʔτಉ࢜ͷදݱͷҧ͍Λڑ཭ͰධՁ͠ɼ

ͦΕΛͦͷπΠʔτͷ௕͞Ͱਖ਼نԽ͢ΔɽͦΕΒΛશπΠʔτ

ͷ૊Έ߹Θͤಉ࢜Ͱ଍͠߹ΘͤɼશπΠʔτ਺Ͱ·ͨਖ਼نԽ͠

ͨ΋ͷΛಠཱιʔε౓ͱͯ͠ఏҊ͢Δɽ

͢ͳΘͪɼπΠʔτͷू߹ S ʹରͯ͠ɼ

ISM(S) =
1

| S |
∑

twi,twj∈S

ld(twi, twj)

l(twi) + l(twj)
(5)

ͱఆٛ͢Δɽ͜͜Ͱɼld(twi, twj) ͸ɼ2 ͭͷจষ twi,twj ؒ

ͷฤूڑ཭ͷҰछͰ͋Δ Levenshtein ཭ڑ [11] Ͱ͋Δɽ·ͨɼ

l(twi)͸ɼπΠʔτ twi ͷจࣈ਺Λද͢ɽ

4. ࣮σʔλʹΑΔఏҊख๏ͷධՁ࣮ݧ

ຊઅͰ͸ɼTwitter ͷσʔλΛ༻͍ͨධՁ࣮ݧʹ͍ͭͯड़

΂Δɽ

4. 1 ݧ࣮ 1:ಠཱιʔε౓ͷධՁ࣮ݧ

ຊ࣮ݧͰ͸ɼಠཱιʔε౓͕ɼ࣮ࡍͷ֐ࡂΛ௚઀͠ٴݴͯݟ

͍ͯΔ࿩୊ͱɼͦΕҎ֎ͷ࿩୊ΛหผͰ͖Δ͔Λɼ2014೥ 1݄

17೔ʹൃੜͨ͠ՐࡂΛର৅ʹධՁ͢Δɽ

4. 1. 1 ໨ త

2014೥ 1݄ 17೔ʹൃੜͨ͠Րࡂͷ͏ͪɼϝσΟΞͰऔΓ্

͛ΒΕͨՐࡂʹରͯ͠ɼϝσΟΞΑΓใಓ͞ΕΔલʹɼ͜ΕΒ

Λѻͬͨ࿩୊ͷಠཱιʔε౓͕ɼͦͷଞͷ࿩୊ͱ۠ผ͞Ε͏Δ

Α͏ͳಛ௃Λ͔ࣔ͢Ͳ͏͔ͨ͠ࢼɽ2014೥ 1݄ 17೔ͷϝσΟ

ΞʹऔΓ্͛ΒΕͨՐࡂͱɼͦͷൃੜ࣌ࠁͱɼୈҰใ͕ใಓ͞

Εͨ࣌ࠁ͸ද 1ͷ௨ΓͰ͋Δɽද 1ʹ͋Δɼ௨ใ࣌ࠁͱ͸ɼফ

๷ॺ΁ͷୈҰ௨ใ࣌ࠁͰ͋Δɽ·ͨɼୈҰ໨ܸ࣌ࠁͱ͍͏ͷ͸ɼ

Twitterʹ͓͍ͯɼචऀΒ͕֬ೝͨ͠ɼͦͷՐٴݴ͍ͯͭʹࡂ

͍ͯ͠Δ࠷ॳͷπΠʔτ͕౤͞ߘΕͨ࣌ࠁͰ͋Δɽ͞Βʹɼୈ

Ұใ࣌ࠁ͸ɼ࠷ॳʹϝσΟΞʹใಓ͞Εͨ࣌ࠁͷ͜ͱΛ͢ࢦɽ

— 3 —



ද 1 ධՁ࣮ݧͷର৅ͱ͢Δ֐ࡂ

Րࡂ ௨ใ࣌ࠁ ୈҰ໨ܸ࣌ࠁ ୈҰใ࣌ࠁ

ຯͷૉ ઒࡚޻৔Րࡂ 10:19 10:21 11:29

৽೔మॅۚ ࡂ԰੡మॴՐݹ໊ 12:00 12:07 13:00

๺ۀ޻ݟେֶՐࡂ 16:55 17:04 18:26

ਤ 1 ݧ࣮ 1 ͷ݁ՌɿఏҊख๏ʹΑͬͯݕग़͞Ε֤ͨ࿩୊ͱͦͷಠཱ

ιʔε౓

4. 1. 2 ࣮σʔλͱ࣮ݧͷઃఆ

2014 ೥ 1 ݄ 17 ೔ 0 ࣌ 0 ෼͔Βɼ24 ࣌ 0 ෼·Ͱʹ Twit-

ter ʹϙετ͞Εͨެ։͞ΕͨπΠʔτͷ͏ͪɼπΠʔτͷ

தʹʮՐࣄʯ͋Δ͍͸ʮՐࡂʯؚ͕·Ε͍ͯΔ 20417 ݅Λର

৅ͱͨ͠ɽ͜ͷ͏ͪɼεύϜπΠʔτ΍ɼؔ܎ͷͳ͍χϡʔ

εࣄهʹؔ͢ΔπΠʔτͳͲΛഉআ͢ΔͨΊɼࣸਅڞ༗αʔ

Ϗε 4 छ (http://pic.twitter.com, http://twitpic.com,

http://twipple.com, http://instagram.com)ͱɼॳظ৘ใ

Ռͷ͋Δ΢ΣϒαΠτޮʹࢄ֦ (http://matome.naver.com)

Ҏ֎ͷ URLΛؚΜͩπΠʔτ͸আ֎ͨ͠ɽ·ͨɼπΠʔτத

Λؚ·ͳ͍΋ͷ͸ɼ৘ใ͕ͳ͍΋ͷͱͯ͠আ֎ͨ͠ɽࢺ༗໊ݻʹ

ɼ࣌ؒͷαϯϓϦϯάִؒ͸ͯͬͨ͋ʹݧ࣮ 1෼ͱ͠ɼ·ͨ

τ = 20෼ͱͨ͠ɽ·ͨɼޠͷىڞάϥϑΛ࡞Δࡍʹ͸ɼπΠʔ

τ͔ΒɼϦπΠʔτΛࣔ͢’RT’, Ϣʔβʔ໊Λࣔ͢@ͱͦͷޙ

ʹଓ͘ΞϧϑΝϕοτͱه߸ͷྻɼURL Λআ͍ͨɽ·ͨɼग़

ͷ਺Λࣔ͢ύϥϝʔλޠස౓ॱʹநग़͢Δݱ d͸ d = 25ͱ͠

͕ͨɼग़ݱස౓͕ 2 ճҎԼͷޠ͸ର৅ͱ͠ͳ͔ͬͨɽՃ͑ͯɼ

ࣜ (4)ʹ͓͚Δ κ͸ κ = 0.3ͱͨ͠ɽ͜ΕΒͷπΠʔτͱઃఆ

Λ΋ͱʹɼୈ 3ষͰఏҊͨ͠ख๏Λͨ͠ࢼɽ

4. 1. 3 ݧ࣮ 1ͷ݁Ռͱ࡯ߟ

ݧ࣮ 1 ͷ݁ՌΛਤ 1 ʹࣔ͢ɽݕग़͞Εͨ 191 छྨͷ࿩୊ʹ

ରͯ͠ɼԣ࣠ʹ࣌ࠁɼॎ࣠ʹ֤࿩୊ͷಠཱιʔε౓Λऔͬͯϓ

ϩοτͨ͠΋ͷͰ͋Δɽ

ਤ 1ΑΓɼຊ࣮ݧͰର৅ͱ͍ͯ͠ΔɼϝσΟΞʹऔΓ্͛Β

ΕͨՐࣄ 3݅͸ɼϝσΟΞͰใಓ͞ΕΔΑΓલʹϐʔΫΛࣔ͠

͍ͯΔ͜ͱ͕෼͔ΔɽϝσΟΞͰใಓ͞ΕΔΑΓલʹ 3ͭͷ֤

Ր͍ͯ͠ٴݴ͍ͯͭʹࡂΔͱ͑ߟΒΕΔ 4 ͭͷ࿩୊ʹ͍ͭͯɼ

ಠཱιʔε౓͕࠷΋ࠁ͔࣌ͨͬߴͱͦͷ࣌ͷ࿩୊Λද 2ʹࣔ͢ɽ

ද 2 ݧ࣮ 1 ͷ݁Ռɿ֤ՐࡂͷϝσΟΞલͷಠཱιʔε౓ͷϐʔΫ࣌

ͱͦͷ࿩୊ࠁ

ࠁ࣌ ࿩୊

10:40 Ԋઢɹྻंɹߓொɹླ໦ொɹ஗Εɹେࢣઢ

11:21 ຯͷૉɹ޻৔ɹεϙϯαʔɹ݅ࣄɹϔϦ

12:36 ৽೔మɹ౦ւɹѪ஌

17:36 ফ๷ंɹ๺ւಓɹ·ͱΊɹը૾ɹ๺ۀ޻ݟେֶɹ

ηϯλʔɹ޻େɹ๺ݟɹେֶ

ୈҰใ͕࣌ࠁ 11:29Ͱ͋ͬͨɼຯͷૉ઒࡚޻৔ͷՐࡂ͸ɼ10:40

ʹ͸ɼԊઢͰ͋ΓՐࡂͷӨڹͰ஗Ԇͨ͠େࢣઢͷ஗Εͷ࿩୊ͱ

ͯ͠ɼ11:21ʹ͸ɼຯͷૉ઒࡚޻৔Λ௚઀ͨ͠ٴݴ࿩୊ͱͯ͠

ಠཱιʔε౓͕࠷େ஋Λࣔͨ͠ɽୈҰใ͕࣌ࠁ 13:00Ͱ͋ͬͨ

৽೔మॅ໊ۚݹ԰੡మॴͷՐࡂ͸ɼ12:36ʹಠཱιʔε౓͕࠷

େ஋Λ͍ࣔͯ͠Δɽ·ͨɼୈҰใ͕࣌ࠁ 18:26Ͱ͋ͬͨɼ๺ݟ

େ஋ͱ͠࠷͸ɼ17:36ʹಠཱιʔε౓͕ࡂେֶʹ͓͚ΔՐۀ޻

ͯग़͍ͯΔɽ

͔͠͠ɼਤ 1ΛؒظશମʹΘͨͬͯݟΔͱɼද 2Ͱࣔͨ͠࿩

୊ΑΓେ͖ͳಠཱιʔε౓Λ͍ࣔͯ͠Δ࿩୊͕ଟ͘ɼಛʹ 13

࣌Ҏ߱ʹूத͍ͯ͠Δɽ͜ΕΒ͸ɼओʹຯͷૉ઒࡚޻৔ͷՐ

ͷχϡʔεΛɼςϨϏͷࡂ԰੡మॴͷՐݹ΍ɼ৽೔మॅ໊ۚࡂ

ө૾ͳͲͰͨݟਓʑʹΑͬͯൃ৴͞Ε͍ͯΔ΋ͷͰ͋Δͱ͑ߟ

ΒΕΔɽςϨϏͰͦͷχϡʔεΛ֬ೝ͢Δ͜ͱʹΑͬͯɼϢʔ

βʔ͕ Twitter ্ʹଟ༷ͳදݱͰײ૝Λϙετ͢ΔͨΊಠཱ

ιʔε౓͕͘ߴͳΔͱ͑ߟΒΕΔɽ࣮͍ͯͬ͜ىʹࡍΔՐࡂΛ

௚઀͍ͯ͠ٴݴͯݟΔ࿩୊ͱɼϝσΟΞͳͲΛ͍ͯ͠ٴݴͯݟ

Δ࿩୊ͷؒʹหผੑ͕͋Δͱ͸͍͕͍ͨݴɽ

4. 2 ݧ࣮ 2:ग़དྷࣄͷݕग़

ຊ࣮ݧͰ͸ɼୈ 4. 1 અͰड़΂࣮ͨݧ 1 Λ;·͑ɼ֤ՐࡂΛ

ΈΔɽୈࢼग़͢Δ͜ͱΛݕ 4. 1. 3અͰड़΂ͨΑ͏ʹɼϝσΟΞ

ͷײ૝Λड़΂ͨπΠʔτ͕܈ɼ࣮ࡍͷ໨ܸ৘ใΛؚΜͰ͍Δπ

Πʔτ܈ΑΓಠཱιʔε౓͕͘ߴग़Δ͜ͱ͕؍ଌ͞ΕͨͨΊɼ

Ұ౓ݕग़ͨ͠࿩୊ΛѻΘͳ͍͜ͱΛຊ࣮ݧͰ͸͑ߟΔɽ·ͨɼ

ͦͷ্Ͱɼ֐ࡂͷݕग़ͷࣗಈԽΛ͏ߦɽ

4. 2. 1 ݧ࣮ 2ͷઃఆͱ໨త

ຊ࣮ݧͰ͸ɼ࣮ݧ 1 Ͱ༻͍࣮ͨσʔλͱɼಉ͡ύϥϝʔλ

ͷઃఆͰͨͬߦɽՃ͑ͯɼϝσΟΞͷײ૝ͷӨڹͳͲΛഉআ͢

ΔͨΊʹɼ࣍খઅͰड़΂Δݕग़ख๏Λ༻͍ͯݕग़͞Εͨ࿩୊

Ti
(tk) ʹؚ·ΕΔޠͷ͏ͪɼݻ༗໊͚ͩࢺΛऔΓग़͠ɼ͜ͷݻ

༗໊ࢺΛؚΉπΠʔτΛݕग़࣌ࠁҎ߱ʹআ֎ͨ͠ɽຊ࣮ݧͰ͸ɼ

ୈ 4. 1. 1અͰड़΂ͨϝσΟΞʹऔΓ্͛ΒΕͨ 3݅ͷՐݕ͕ࣄ

ग़Ͱ͖ɼͦΕҎ֎ͷՐݕ͕ࣄग़͞Εͳ͍͔Λͨ͠ࢼɽ

4. 2. 2 ݕ ग़ ख ๏

ຊ࣮ݧͰ༻͍ͨݕग़ख๏ʹ͍ͭͯड़΂Δɽ࣮ݧ 1Ͱͨ͠ࢉܭ

ۉɼ֤࿩୊ͷಠཱιʔε౓ͷฏࠁ֤࣌

δAVE =

∑
tk,i

ISM(Si
(tk))

∑
tk,i |Si

(tk)| (6)

ΛٻΊΔɽ͜ͷͱ͖ɼ

ISM(Si
(tk)) > ρδAVE (7)

— 4 —



ද 3 ݧ࣮ 2 ͷ݁Ռɿρ = 1 Ͱݕग़͞Εͨ࿩୊ͱͦͷ࣌ࠁ

ࠁ࣌ ࿩୊

0:20 ໊৓େֶɹফ๷ंɹը૾ɹ·ͱΊɹπΠʔτ

9:26 ౦ژɹॅ୐ɹਿฒɹ෉්

10:40 Ԋઢɹେࢣઢɹྻंɹߓொɹ஗Εɹླ໦ொ

10:40 ຯͷૉɹ޻৔ɹ઒࡚ɹۙॴɹ·ͱΊɹը૾

13:01 ৔ɹॅۚɹ౦ւɹ৽೔మ޻԰ɹݹ໊

15:48 ৺ڮࡈɹݱ৔ɹ঎ళɹຊொɹֶߍɹফ๷ं

17:12 ফ๷ंɹ๺ݟɹํ໘ɹ޻େ

ද 4 ݧ࣮ 2 ͷ݁Ռɿρ = 0.5 Ͱݕग़͞Εͨ࿩୊ͱͦͷ࣌ࠁ

ࠁ࣌ ࿩୊

0:20 ໊৓େֶɹফ๷ंɹը૾ɹ·ͱΊɹπΠʔτ

6:12 େ਒ࡂɹࡕਆɹςϨϏɹਆށɹө૾

9:26 ౦ژɹॅ୐ɹਿฒɹ෉්

10:33 Ԋઢɹେࢣɹྻं

10:51 ຯͷૉɹ޻৔ɹ઒࡚ɹۙॴ

12:33 ৽೔మɹ޻৔ɹ౦ւɹը૾ɹ·ͱΊɹѪ஌

13:02 ނࣄ৔ɹॅۚɹχϡʔεɹ޻԰ɹݹ໊

15:43 ৺ڮࡈɹ঎ళɹֶߍɹ

15:49 ೆધ৔ɹ͓ؾɹϔϦ

17:09 ফ๷ंɹํ໘ɹ๺ݟ

19:37 ೙࡚ɹਢۄɹ IC ɹதԝɹ௨ࢭߦΊ

Ͱ͋Ε͹ɼ࿩୊ Ti
(tk) ͸֐ࡂͱͯ͠ݕग़͢Δɽͨͩ͠ ρ͸ 0Ҏ

্ͷ࣮਺Ͱ͋Δɽຊ࣮ݧʹ͓͍ͯ͸ɼ܎਺ͷύϥϝʔλ ρ ͸

ρ = 1ͱ ρ = 0.5ͷ 2ͭΛͨ͠ࢼɽ

4. 2. 3 ݧ࣮ 2ͷ݁Ռͱ࡯ߟ

ݧ࣮ 2ʹ͓͍ͯɼݕग़͞Εͨ࿩୊ͱͦͷ࣌ࠁΛද 3ͱද 4ʹ

ࣔ͢ɽ ·ͣɼݕग़ͨ͠࿩୊ͷछྨʹ͍ͭͯड़΂Δɽ໨తͱͯ͠

͍ͨϝσΟΞʹऔΓ্͛ΒΕͨՐࡂ 3݅ʹ͍ͭͯɼຯͷૉ઒࡚

ࠁ͸ϝσΟΞୈҰใ࣌ࡂ৔ͷՐ޻ 11:29ΑΓલͷ 10:40 (ρ = 1)

͓Αͼɼ10:50 (ρ = ԰੡మॴݹग़͞Εɼ৽೔మॅ໊ۚݕʹ(0.5

ͷՐࡂ͸ ρ = 0.5ʹ͓͍ͯͷΈɼϝσΟΞୈҰใ࣌ࠁ 13:00Α

Γલͷ ͸ɼϝσΟΞୈࡂେֶͷՐۀ޻ݟग़͞Εɼ๺ݕʹ12:33

Ұใ࣌ࠁ 17:36ΑΓલͷ 17:12 (ρ = 1)ͱ 17:09 (ρ = ݕʹ(0.5

ग़͞Εɼρ = 1ʹ͓͚Δ৽೔మॅ໊ۚݹ԰੡మॴͷՐࡂҎ֎͸

ϝσΟΞʹΑΔใಓΑΓલʹݕग़͞Εͨͱ͑ߟΒΕΔɽ·ͨɼ

ϝσΟΞʹऔΓ্͛ΒΕͨޙͷϢʔβʔͷײ૝ͳͲ΋ɼҰ౓ݕ

ग़͞Εͨݕͨ·ʹޙग़͞Εͯͳ͍͜ͱ͔ΒɼҰ౓࿩୊ͱͯ͠ݕ

ग़͞Εͨ΋ͷͷ͏ͪͷݻ༗໊ࢺΛؚΉπΠʔτΛഉআ͢Δ͜ͱ

ͰɼͦͷӨڹΛഉআͰ͖ͨͱ͑ߟΒΕΔɽ

·ͨɼϝσΟΞͰ͸ใಓ͞Ε͍ͯͳ͍͕ɼ஫໨ΛूΊͨՐࡂ

͕ଘ͢ࡏΔ͜ͱ͕Θ͔ͬͨͱ͑ݴΔɽྫ͑͹ɼρ = 1Ͱ͸ 15:48

ʹɼρ = 0.5Ͱ͸ ࡈΔͱɼ৺ݟग़͞Ε͍ͯΔ࿩୊Λݕʹ15:43

ͨ·Δ͜ͱ͕෼͔Δɽ͍ͯͬ͜ى͕ࡂͷ෇ۙͰՐڮ ρ = 0.5Ͱ

͸ɼ19:37ʹՐࡂͷӨڹͰதԝࣗಈंಓͷ೙࡚ΠϯλʔνΣϯ

δͱਢۄΠϯλʔνΣϯδؒʹ͓͍ͯ௨ࢭߦΊ͋Δ͍͸ौ଺͕

ͱ͕Θ͔Δɽ͜ͷ݁ՌʹΑΓɼຊख๏͸ɼϝσΟ͍ͨͯͬ͜͜ى

ΞʹऔΓ্͛ΒΕΔݶʹ֐ࡂΒͣɼϢʔβʔͷؔ৺ΛҰఆ਺ू

ΊΔΠϯύΫτͷ͋Δ֐ࡂʹରͯ͠΋༗ޮͰ͋Δͱ͑ߟΒΕΔɽ

͞Βʹɼ໨ܸ৘ใͷޙʹใಓͱ͍͏ॱংͷྲྀΕʹैΘͳ͍

χϡʔεใಓͷ࿩୊΋ݕग़͞Εͨɽρ = 1, ρ = 0.5 Ͱಉ͘͡

9:26 ग़͞Εͨ࿩୊͸ɼχϡʔεใಓͷπΠʔτͰ͋ͬͨɽݕʹ

͜Ε͸ɼ͜ͷՐਂ͕ࡂ໷ʹൃੜͨ͠΋ͷͰ͋Γɼ໨ܸ৘ใ͕

Twitter্ʹϙετ͞Εͳ͔ͬͨ͜ͱʹΑΓɼຊདྷݕग़͔ͨͬ͠

ͨ໨ܸ৘ใͰ͸ͳ͘ɼχϡʔεใಓΛݕग़ͯ͠͠·ͬͨͱݴ

͑Δɽ

Ճ͑ͯɼρ = 0.5Ͱ͸ɼࡕਆ୶࿏େ਒ؔࡂ࿈ͷ࿩୊΋ݕग़͞

Ε͍ͯΔɽ͜Ε͸ɼ1995೥ 1݄ 17೔ʹൃੜͨ͠ࡕਆ୶࿏େ਒

ͱಉ͡೔෇Ͱ͋ΔͨΊදΕͨ࿩୊Ͱ͋Γɼ͜ΕΒ͸ຊख๏͕ࡂ

ग़͞Εͯ͠·͍ͬͯΔɽݕग़͍ͨ͠΋ͷͰ͸ͳ͍͕ݕ

࣍ʹɼҧ͏࿩୊ͱͯ͠ݕग़͞Ε͍ͯΔ͕ɼಉ͡֐ࡂʹ͍ͭͯ

ఠ͢ΔɽρࢦΔ΋ͷ͕͋Δ͜ͱΛ͍ͯ͠ٴݴ = 0.5 ʹ͓͚Δɼ

13:02ͷ࿩୊͸ɼ৽೔మॅ໊ۚݹ԰੡మॴͷՐࡂʹ͍ͭͯࣔ͠

͍ͯΔͱ͑ߟΒΕΔ͕ɼಉ༷ͷ΋ͷ͕ ग़͞Ε͍ͯΔɽݕʹ12:33

͜Ε͸ɼද͕ݱҟͳΔ͜ͱʹΑ͖ͬͯͨىͱ͑ߟΒΕΔɽ12:33

Ε͞ٴݴͰࢢ஍Ͱ͋Δ౦ւࡏग़͞Εͨ࿩୊͸ɼ੡మॴͷॴݕʹ

͍͕ͯͨɼ13:02Ͱ͸ɼ৽೔మॅۚͷ੡మॴͷ໊લͰ͋Δ໊ݹ

԰Ͱ͞ٴݴΕ͍ͯΔɽՃ͑ͯɼ৽೔మͱ͍͏ޠΛؚΉπΠʔτ

͸͢Ͱʹɼݕग़͞Ε͍ͯΔͨΊআ֎͞Ε͍ͯΔ͕ɼॅۚͱ͍͏

໊শͰ͍ͯ͠ٴݴΔϢʔβʔ͕Ұఆ਺͓Γɼݕग़͞Εͨͱ͑ߟ

ΒΕΔɽ

·ͨɼρ = 0.5Ͱ ग़͞Εͨ࿩୊ʹؚ·ΕΔೆધ৔ݕʹ15:49

͸ɼ৺ڮࡈͰ͖ͨىՐࡂͷৄࡉͳ஍໊Ͱ͋Δɽදݱͷද૚͕ҟ

ͳΔͨΊɼҧ͏࿩୊ͱͯ͠ѻΘΕͯ͠·͍ͬͯΔ͕ɼಉ͡֐ࡂ

Λ͍ͯ͠ࢦΔͱ͑ߟΒΕΔɽ

͞Βʹɼρ = 1Ͱ͸ 10:40ʹɼρ = 0.5Ͱ͸ 10:33ͱ 10:51ʹ

ઢ͕஗Ԇ͍ͯ͠Δ͜ͱࢣग़͞Ε͍ͯΔ࿩୊͸ɼยํ͸౦෢େݕ

৔ʹ͓͚ΔՐ޻Δ࿩୊Ͱ͋Γɼยํ͸ຯͷૉ઒࡚͍ͯ͠ٴݴʹ

ઢͷ஗Ԇ͸ɼԊઢʹ͋Δຯࢣ࿩୊Ͱ͋Δɽ౦෢େͨ͠ٴݴʹࡂ

ͷૉ઒࡚޻৔ʹ͓͚ΔՐݪ͕ࡂҼͰ͕͋ͬͨɼిंͷ஗Ԇʹͭ

Λ໨ܸͨ͠࿩୊͸ɼผͷ࿩୊ͱͯ͠ࡂΔ࿩୊ͱɼՐ͢ٴݴ͍ͯ

ΔϢʔβʔͱɼ͢ٴݴ͍ͯͭʹग़͞Εͯɽ͜Ε͸ɼిंͷ஗Ԇݕ

ՐࡂΛ໨ܸͨ͠Ϣʔβʔ͸ɼੈ࣮ݱքʹ͓͍ͯҧ͏ߦಈΛऔͬ

͍ͯͨͨΊͰ͸Ͱ͸ͳ͍͔ͱ͑ߟΒΕΔɽ

5. · ͱ Ί

ຊڀݚͰ͸ɼTwitter͔Β֐ࡂΛɼͦͷ֐ࡂͷͳ͢ίϯςΩ

ετΛࣔ͢৘ใͱͱ΋ʹૣݕʹظग़͢Δͱ͍͏໰୊Λѻͬͨɽ

ݴʹ֐ࡂΕɼ·ͨɼͦͷݱΛؚΉ࿩୊ͱͯ͠ޠ͸ɼෳ਺ͷ֐ࡂ

ҟͳΔͱ͍͏ԾઆΛཱͯɼͦͷԾ͕ݱΔπΠʔτͷද͍ͯ͠ٴ

આʹ͖ͮجख๏ΛఏҊͨ͠ɽ2014೥ 1݄ 17೔ͷπΠʔτΛର

৅ʹ࣮͍ߦʹݧɼຊख๏ͷޮՌΛ֬ೝͨ͠ɽ

ຊڀݚͰ͸ɼҰ౓ 1 ೔෼ಠཱιʔε౓Λ͠ࢉܭɼͦͷฏۉ

δAVE ਺܎ʹ ρΛ͔͚ͨ ρδAVE Λᮢ஋ͱͯ͠࠾༻ͨͨ͠Ίɼଈ

࣌తͳݕग़ख๏Λఏࣔ͢Δ͜ͱ͸͔ͳΘͳ͔ͬͨɽޙࠓɼର৅

ͱ͢Δ࣌ࠁΑΓલ͔Βᮢ஋Λֶश͢Δ͜ͱʹΑͬͯఆΊΕ͹ɼ

ଈ࣌తͳݕग़͕ՄೳͰ͋Δͱ͑ߟΒΕΔɽ͞ٴݴ͍ͯͭʹ֐ࡂ

Εͨ࿩୊Λݕग़͠ɼͦͷ࿩୊ʹؚ·ΕΔݻ༗໊ࢺΛؚΉπΠʔ

τΛআ͘͜ͱ͸ޮՌ͕͋ͬͨͱ͑ߟΒΕΔ͕ɼଈ࣌తͳݕग़ख

— 5 —



๏ʹ͍ͭͯ͸ݕ౼՝୊Ͱ͋Δɽ

·ͨɼදݱͷද૚͕ҟͳΔ͕Ώ͑ʹҧ͏֐ࡂͱͯ͠ݕग़͞Ε

ͯ͠·͍ͬͯΔ͜ͱ΋ޙࠓͷ՝୊ͱͯ͛͠ڍΒΕΔɽ͜ΕΒ͸ɼ

ຊڀݚͰ͸ɼؒޠͷؔ܎Λྀͯ͠ߟͳ͍͜ͱʹىҼ͢Δͱ͑ߟ

ΒΕɼޠޙࠓʹΦϯτϩδʔͷϞσϧΛ͍ΕΔ͜ͱͳͲ͕ޙࠓ

ͷํੑ޲ͱͯ͑͠ߟΒΕΔɽ

ճ͸ࠓɼʹޙ࠷ 2014೥ 1݄ 17೔Λର৅ʹ͕ͯͨͬ͠ߦɼଞ

ͷ೔෇ʹରͯ͠΋࣮͢ݧΔ͜ͱ΋ޙࠓͷ՝୊ͱͯ͛͠ڍΒΕΔɽ

·ͨɼຊڀݚͰ͸ɼ֐ࡂɼಛʹՐࡂΛର৅ͱ࣮ͯ͠ݧΛͨͬߦ

͕ɼϢʔβʔ͕ಠཱʹ؍ଌ͠ɼͦΕʹ͍ͭͯͷײ૝Λಠཱʹड़

΂ΔΑ͏ͳੑ࣭ͷग़དྷࣄͰ͋ΔݶΓɼଞͷग़དྷࣄʹ΋Ԡ༻Մೳ

Ͱ͋Δͱ͑ߟΒΕΔɽྫ͑͹ɼ֐ࡂͷଞʹ΋࣮ݧ 2Ͱݕग़͞Ε

ͨौ଺΍ɼ೒΍ɼಥൃతʹੜ͡ΔήϦϥϥΠϒͳͲ΋ݕग़Ͱ͖

Δͱ͑ߟΒΕΔɽ

จ ݙ
[1] J. Allan, J. Carbonell, G. Doddington, J. Yamron, and

Y. Yang. Topic detection and tracking pilot study: Final

report. Evaluation, Vol. 1998, pp. 194–218, 1998.

[2] E. Bakshy, J. M. Hofman, W. A. Mason, and D. J. Watts.

Everyone’s an influencer: quantifying influence on Twitter.

In Proc. WSDM, pp. 65–74, 2011.

[3] C. Castillo, M. Mendoza, and B. Poblete. Information cred-

ibility on Twitter. In Proc. WWW, pp. 675–684, 2011.

[4] M. Cataldi, L. Di Caro, and C. Schifanella. Emerging topic

detection on twitter based on temporal and social terms

evaluation. In Proc. MDMKDD, pp. 4:1–4:10, 2010.

[5] M. Cha, H. Haddadi, F. Benevenuto, and K.P. Gummadi.

Measuring user influence in Twitter: The million follower

fallacy. In Proc. ICWSM, pp. 10–17, 2010.

[6] A. Culotta. Towards detecting influenza epidemics by an-

alyzing Twitter messages. In Proc. SOMA, pp. 115–122,

2010.

[7] B. De Longueville, R. S. Smith, and G. Luraschi. “OMG,

from here, I can see the flames!”: A use case of mining loca-

tion based social networks to acquire spatio-temporal data

on forest fires. In Proc. LBSN, pp. 73–80, 2009.

[8] S. Fortunato. Community detection in graphs. Phys. Rep.,

Vol. 486, No. 3-5, pp. 75–174, 2010.

[9] A. Java, X. Song, T. Finin, and B. Tseng. Why we twitter:

Understanding microblogging usage and communities. In

Proc. WebKDD/SNA-KDD, pp. 56–65, 2007.
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