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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 Twitterɼؒੈ͘

ʹΒΕɼଟ͘ͷར༻ऀ͕͍ΔαʔϏεͰ͋ΔɽTwitterʹ͓

͍ͯϢʔβʔɼࣗͷؔ৺ɼͦͷ࣌ͷؾɼ͍ͯݟࠓΔ

ͷͳͲɼ༷ʑͳ͜ͱΛൃ৴͢ΔɽTwitterʹൃ৴͞Εͨେྔ

ͷϙετʹରͯ͠ɼҰఆҎ্ͷਓ͕͢ٴݴΔͷݕग़ɼ

ͷ͕ΓͳͲɼ༷ʑͳ͔֯Β͞ڀݚΕ͍ͯΔ [2], [3], [5], [9]ɽ

ಛʹۙɼ࣌ࡂʹ͓͍ͯ TwitterΛ׆༻͢Δྫ͕ݟΒΕΔ

Α͏ʹͳ͍ͬͯΔɽྫ͑ɼ2014  2 ݄ʹൃੜͨ͠େઇͷࡂ

͕ࢢΛگঢ়ͷඃࢢٱࠤݝɼ͍͓ͯʹ Twitter Λ
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༻͍ͯѲ͢Δͱ͍͏͕͋ྫࣄΔʢ1ʣɽ͜ͷΑ͏ͳࡂରԠ

ΘΕ͍ͯΔɽ·ͨɼ࣮ੈքͷग़དྷߦ͍ͯ༺ຊతʹਓͷखΛج

ࣄ [6], [14] ɼϢʔβʔͷ͢ٴݴΔ [4], [18] ΛࣗಈͰݕग़

͢Δํ๏ߟҊ͞Ε͍ͯΔ͕ɼͲ͜Ͱͦͷൃ͕ࡂੜ͍ͯ͠Δ

͔ɼͦͷ͕ࡂ༠Ҿͨ͠ೋࡂ࣍ͳͲɼࡂͷͳ͢ίϯςΩ

ετͷใಉݕʹ࣌ग़͢Δ͜ͱతͱ͍ͯ͠ͳ͍ɽͦ͜Ͱɼ

ݺͷͳ͢ίϯςΩετͷใʹண͠ίϯςΩετใͱࡂ

ͼɼຊڀݚͰɼࡂͷใͱͱʹɼͦͷࡂͷίϯςΩε

τใʹՁ͕͋Δͱ͑ߟɼૣݕʹظग़͢Δ͜ͱΛ͑ߟΔɽ

ຊڀݚͰɼࡂͷίϯςΩετใΛଊ͑ΔͨΊʹɼࡂ

ΛؚΜͩͱͳͬͯޠͱͦͷίϯςΩετใෳͷ

Twitter্ʹݱΕΔɼͱ͍͏ԾઆΛཱͯͨɽطଘͷڀݚͰߦΘ

Ε͖ͯͨɼϢʔβʔ͕͢ٴݴΔޠͷݕग़ɼؔ࿈ͨ͠୯ޠΛݕ

ணͨ͠ʹޠʑͷݸग़ͷΑ͏ͳɼݕͷࣄΫΤϦͱͨ͠ग़དྷࡧ

ͷͰͳ͘ɼͦͷࡂͱͦͷίϯςΩετใΛؚΜͩෳͷ

ΕΔͱ͍͏ԾઆΛཱͯɼ͜ͷʹணͨ͠ɽݱͰͱͯ͠ޠ

·ͨɼಛʹɼࡂΛ͍ͯ͠ٴݴͯݟΔπΠʔτɼͦͷ

ද͕ͦݱΕͧΕҟͳΔͱ͍͏ԾઆΛཱͯͨɽ۩ମతʹɼࡂ

Ҏ֎ͷɼχϡʔειʔεͷҾ༻ͳͲɼπΠʔτͷද͕ݱ

͍ͯͭʹͨݟʹࡍɼϢʔβʔ͕࣮͍ͯͭʹࡂΓɼ͓ͯࣅ

ҟͳΔͰ͋Ζ͏ͱ͕ݱΔͨΊɼͦΕͧΕͷπΠʔτͷද͢ٴݴ

͍͏ԾઆͰ͋Δɽ

͜ͷԾઆʹ͖ͮجɼຊڀݚͰɼࡂͱͦͷίϯςΩετ

ใΛݕग़͢Δख๏ΛҎԼͷΑ͏ʹఏҊ͢Δɽ·ͣɼπΠʔτʹ

ؚ·ΕΔޠͷىڞͷͳ͢άϥϑʹண͠ɼͦͷίϛϡχςΟΛ

ͱͯ͠ݕग़͢Δɽͦͷʹ͍ͯ͠ٴݴΔπΠʔτ܈ͷද

ΛԠ༻ͨ͠ಠཱιʔεͱڑͷҧ͍Λଊ͑ΔͨΊʹɼฤूݱ

Έͨɽࢼग़͢Δ͜ͱΛݕ͖ͮجʹඪࢦҊ͠ɼ͜ͷߟඪΛࢦ͏͍

ຊڀݚͰɼҎ্ͷԾઆʹ͖ͮجɼࡂΛίϯςΩετใ

ͱͱʹૣ͢ݟൃʹظΔํ๏ΛఏҊ͢Δɽ·ͨɼ࣮ݧʹΑͬͯ

ख๏ͷ༗ޮੑΛ͔֬Ίͨɽ

ຊઅҎ߱ͷຊจͷߏҎԼͷ௨ΓͰ͋Δɽୈ 2અͰຊݚ

Λհ͢Δɽୈڀݚ࿈ͨؔ͠ʹڀ 3અͰɼTwitter͔Βͷෳ

ͷޠͰͳ͞ΕΔͷݕग़ํ๏ͱͦͷදݱͷҧ͍Λଊ͑Δಠཱ

ιʔεΛఏҊ͢Δɽୈ 4અͰຊख๏ͷ༗ޮੑΛ Twitterͷ࣮

ՌΛհ͠ɼୈ݁ͨ͠ݧ࣮͍ͯ༺ͷσʔλΛࡍ 5અͰຊڀݚͷ

݁Λड़Δɽ

2. ؔ ࿈ ݚ ڀ

ຊઅͰɼຊڀݚʹؔ࿈ͨ͠ɼTwitter ͔Βͷͷൃݟɼ

͍ͭʹڀݚͷ͍ͯͭʹࣄΕΔ࣮ੈքͷग़དྷݱʹͼɼTwitterٴ

Δɽ͢؍֓ͯ

Λݕग़͢Δڀݚʹؔͯ͠ɼTopic Detection and Track-

ingͱݺΕΔҰͭͷڀݚ͕ଘ͢ࡏΔ [1]ɽಛʹ Twitter͔

ΒΛൃ͢ݟΔͨΊɼ୯ޠͷόʔετΛଊ͑Δཧख๏Λߏ

ங͕ͨ͋͠ڀݚΔ [18]ɽ·ͨɼΛڞ༗ͨ͠Ϣʔβʔͷ༑ਓ

ʢ1ʣɿઇରԠʹπΠολʔ׆༻ɹ༄ాਗ਼ೋࠤɾ ɹژʹฉ͘ɹʗ౦ࢢٱ http://

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

5 ݄Ӿཡ

ؔ [21]ɼϢʔβʔؒͷීஈ࡞ΔϦϯΫͱҾ༻࡞ʹ࣌Δ

ϦϯΫͷҧ͍ ͳͲ͕͋ΔɽՃ͑ͯɼڀݚग़͢Δݕ͍ͯͮجʹ[17]

͋ΔҰఆҎ্ͷϢʔβʔ͕͋Δʹ͍͍ͭͯͯ͠ٴݴΔঢ়ଶ

Λूஂҙͱݺͼ [19]ɼूஂҙΛϋογϡλάޠݴͷස

ͳͲ͔Βղੳͨ͠ڀݚଘ͢ࡏΔ [10], [16]ɽ͜ΕΒͷڀݚɼ

ຊڀݚͰѻ͏ෳͷޠͰͳ͞ΕΔͷൃݟɼͱ͍͏͔Β

ҟͳΔɽCataldiΒ [4]ɼෳͷޠͰͳ͞ΕΔͷൃݟΛ

ඪͱ͍ͯ͠ΔͰຊڀݚͱಈ͍͕ۙػɽ͔͠͠ɼCataldiΒɼ

Ϣʔβʔͷ༑ਓؔͷͳ͢άϥϑʹண͠ɼଞͷϢʔβʔʹೝ

ΊΒΕ͍ͯΔϢʔβʔʹΑͬͯ͞ٴݴΕͨΛݕग़͢Δ͜ͱ

Λඪͱ͍ͯ͠Δʹ͓͍ͯɼ࣮ੈքͷࡂใΛରͱ͢Δ

ຊڀݚͱҟͳΔɽ

Twitter ͔͞Μڀݚͷ͍ͯͭʹࣄΕΔ࣮ੈքͷग़དྷݱʹ

ΘΕ͍ͯΔɽ2009ߦʹ ʹϑϥϯεͰൃੜͨ͠ࢁՐࣄ [7] ɼ

2010ʹൃੜͨ͠νϦԭ [12]ɼ2011ʹൃੜͨ͠౦

ຊେࡂ [15]ʹ͓͍ͯɼTwitter͕ͲͷΑ͏ʹΘΕ͔ͨΛ

ੳ͕ͨ͋͠ڀݚΔɽ͜ΕΒͷڀݚɼग़དྷࣄΛݕग़͢Δ͜ͱΛ

తͱ͍ͯ͠ͳ͍ͰຊڀݚͱҟͳΔɽ·ͨɼΠϯϑϧΤ

ϯβͷྲྀߦΛ Twitter͔Β༧ଌ͢Δڀݚ͋Δ [6]͕ɼ༧ଌΛ

తͱ͓ͯ͠ΓɼΠϯϑϧΤϯβͷྲྀߦͷίϯςΩετใΛ

ಘΔ͜ͱૣݟൃظΛతͱ͍ͯ͠ͳ͍ͰຊڀݚͱҟͳΔɽ

SakakiΒ [14]ɼTwitter͔ΒΛૣ͢ݟൃʹظΔ͜ͱΛ

తͱ͍ͯ͠ΔͰຊڀݚͱಈ͍͕ۙػɽSakakiΒͷڀݚɼ

ʹؔ࿈ͨ͠ࡧݕΫΤϦΛೖྗ͠ɼΛૣ͠ݟൃظɼ·ͨൃ

ͷࣄग़དྷͨ͠ݟͰ͋Δ͕ɼൃڀݚͷॴΛਪఆ͢Δͨ͠ݟ

ίϯςΩετใΛಘΔ͜ͱΛతͱ͍ͯ͠ͳ͍Ͱɼຊڀݚ

ͱҟͳΔɽ

3. ఏ Ҋ ख ๏

ຊڀݚͰɼ࣮ੈքʹ͓͚ΔࡂΛ͢ٴݴͯݟΔπΠʔ

τɼTwitter্ʹ͓͍ͯɼ

1. ΛؚΉͱͳΔޠͱؔ࿈ͨ͠ෳͷࡂ

2. ҟͳΔʹ͍ޓ͕ݱͷද܈ͱؔ࿈ͨ͠πΠʔτࡂ

ͱ͍͏ԾઆΛཱͯͨɽຊԾઆʹ͖ͮجɼ

1. ରͱͨ͠ࡂʹؔ࿈ͨ͠ޠΛࡧݕΫΤϦͱͯ͠ઃఆ

͠ɼπΠʔτΛऩू

2. ΛάϥϑԽ͠ɼͦͷίϛϡχىڞͷޠʹͱ͝ࠁ֤࣌

ςΟͱͯ͠Λݕग़ɽ·ͨɼ֤͝ࠁ࣌ͱʹݕग़͞ΕͨΛɼ

తʹྻܥ࣌

3. ֤͝ͱʹಠཱιʔεͱ͍͏ɼ֤πΠʔτಉ࢜ͷ

දݱͷҧ͍ΛࢦඪԽͨ͠ͷΛࢉܭ

ͱ͍͏ख๏ΛఏҊ͢ΔɽҎԼͰɼ্هͷৄࡉΛड़Δɽ

3. 1 σʔλू߹ͷఆٛ

ຊઅͰɼख๏Λద༻͢Δσʔλू߹Λఆٛ͢Δɽ

શπΠʔτΛ TW ͱ͓͘ɽରͱ͢Δࡂʹؔ࿈ͨ͠ޠΛ

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

QͷཁૉͰ͋ΔޠΛ 1ͭҎ্ؚΜͰ͍Δͷͷू߹Λ TWQ ͱ

͓͖ɼσʔληοτͱ͢Δɽ·ͨɼπΠʔτͷαϯϓϦϯά࣌

Λࠁ t1, t2, t3, · · · ͱ͢Δɽ۩ମతʹɼ࣮ؒ࣌ΛҰఆִؒͰα
ϯϓϦϯάͨ͠ͷͰ͋ΔɽTWQ ͷ͏ͪɼࠁ࣌ tk ͔Β τ ͬ
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ࠁ࣌ͨ tk − τ ·ͰͷπΠʔτΛɼࠁ࣌ tk ͷ QͷπΠʔτͱ͠

ͯѻ͏͜ͱʹ͠ɼTW
(tk)

Q ͱද͢͜ͱʹ͠ɼ͜ͷσʔληοτ

ΛରʹɼҎԼͷख๏Λద༻͢Δɽ

3. 2 ͷݕग़

ຊઅͰɼπΠʔτ͔ΒɼෳͷޠͰͳ͞ΕΔΛݕग़͢

Δํ๏Λड़ΔɽπΠʔτʹؚ·ΕΔޠͱɼͦͷىڞͷ૬ޓ

ใྔͰޠͷىڞΛॏΈ͖άϥϑͰද͠ݱɼάϥϑ͔Βݕग़͞

ΕͨίϛϡχςΟΛߏ͢Δޠͷू߹ΛຊڀݚͰͱݺͿɽ

ҎԼͰɼͦͷৄࡉʹ͍ͭͯड़Δɽ

3. 2. 1 ͷάϥϑىڞͷޠ

ຊখઅͰɼޠͷ͔ىڞΒॏΈ͖άϥϑάϥϑΛੜ͢Δ

ํ๏ʹ͍ͭͯड़Δɽຊىڞ͍͓ͯʹڀݚͱɼಉҰπΠʔτ

ʹ 2ͭͷ͕ޠಉ࣌ʹग़͢ݱΔ͜ͱͱఆٛ͢Δɽ

ࠁ࣌ tk ʹ͓͚Δରͱ͢ΔπΠʔτͷू߹ TWQ
(tk) ͷશ

πΠʔτΛܗଶૉղੳ͠ɼࡧݕΫΤϦ Q ʹଐ͢ΔޠΛআ͍ͨ

Ұൠ໊ࢺͱݻ༗໊ࢺͷू߹ΛಘΔɽ͜͜ͰɼଞͷޠΛআ͍ͨͷ

ɼҰൠ໊ࢺͱݻ༗໊͕ࢺɼࡂͷใΛ͍ࣔͯ͠ΔͰ͋

Ζ͏ͱ͍͏ཧ༝ʹΑΔɽ͞ΒʹɼಘΒΕͨޠͷ͏ͪग़ݱසͷ

্Ґ dݸͷޠΛબͼɼޠͷू߹

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

(tk), · · · , wd
(tk)} (1)

ΛಘΔɽ·ͨɼ֤ޠͷ (wi, wj)ͷ૬ޓใྔ

mi,j
(tk) = log

N (tk)freq(wi, wj)

freq(wi)freq(wj)
(2)

ΛٻΊΔɽͨͩ͠ɼN (tk)  TWQ
(tk) ʹଶૉղੳܗΕΔɼݱʹ

Αͬͯݕग़͞Εͨޠͷ૯Λද͠ɼfreq(wi)ޠ wi ͷग़ݱස

ɼfreq(wi, wj)  wi ͱ wj ͕ಉҰπΠʔτʹݱΕΔසͰ

͋Δɽ

͜ͷͱ͖ɼޠͷू߹W (tk) Λू߹ͱ͠ɼ֤ؒޠͷ૬ޓ

ใྔmi,j
(tk) ΛࢬॏΈͱ͢ΔɼॏΈ͖ແάϥϑΛ͑ߟΔ͜

ͱ͕Ͱ͖Δɽ͜ΕΛޠͷىڞάϥϑͱݺͼɼG(tk) ͱ͓͘

3. 2. 2 ίϛϡχςΟݕग़ʹΑΔݕग़

ຊখઅͰɼ3. 2. 1અͰఆٛͨ͠ɼޠͷىڞάϥϑΛ༻͍ͯɼ

Λݕग़͢Δํ๏ʹ͍ͭͯड़Δɽ

ҰൠʹίϛϡχςΟߏΛͭ࣋άϥϑ͕ଟ͘ଘ͢ࡏΔ͜ͱ

͕ΒΕ͍ͯΔ [8]ɽͦͷΑ͏ͳάϥϑͰɼάϥϑͷ͕ෳ

ͷूஂʹׂ͞Εɼಉ͡ूஂͰີ͕ࢬͰɼҟͳΔूஂؒ

Ͱૄ͕ࢬͰ͋Δɽ͜ͷ 1ͭͷूஂΛίϛϡχςΟͱ͍͏ɽຊ

ࠁ࣌Ͱɼڀݚ tk ʹ͓͍ͯɼޠͷىڞάϥϑ G(tk) ͷ֤ί

ϛϡχςΟΛͱݺͼɼTi
(tk)(i = 1, · · · , N (tk)

com)ͱද͢ɽ

ͨͩ͠ɼN (tk)
com ίϛϡχςΟͷͰ͋Δɽ άϥϑ͔Βί

ϛϡχςΟΛݕग़͢ΔΞϧΰϦζϜଟఏҊ͞Ε͍ͯΔ [20]

͕ɼຊڀݚͰଈੑ࣌Λॏ͢ࢹΔͨΊɼྔࢉܭͷ͔Β༗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 ͷྻܥ࣌

ͱ͠ྻܥ࣌ΔΛɼ͚͓ʹࠁ࣌ग़֤ͨ͠ݕɼલখઅͰʹ࣍

ͯ͢Δख๏ͨΊɼࠁ࣌ tk ͷͱࠁ࣌ tk−1 ͷ͕ಉ͡

͔Ͳ͏͔Λఆ͢Δํ๏Λड़Δɽ

ࠁ࣌ tk ͷ Ti
(tk) ͱɼࠁ࣌ tk−1 ͷ T

(tk−1)
j ͕͋Δͱ

͖ɼ2ͭͷू߹ͷྨࣅΛଌΔδϟοΧʔυࢦ

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)

Ͱ͋ΕɼT (tk)
i ͱ T

(tk−1)
j ಉҰͷͰ͋Δͱݟͳ͢ɽ͜

͜Ͱɼࠁ࣌ tk ͷ 1ͭͷ Ti
(tk) ࠁ͕࣌ tk−1 ͷෳͷͱ

ಉҰͱݟͳ͞ΕΔ͜ͱ͕͜ىΔ͜ͱʹҙ͢Δɽ·ͨɼࠁ࣌ tk

ͷ Ti
(tk) ʹରͯ͠ɼରԠ͢Δࠁ࣌ tk−1 ͷ͕ଘ͠ࡏͳ

͍͜ͱ͋Δ͜ͱʹҙ͢Δɽ

3. 3 ಠཱιʔε

ຊઅͰɼπΠʔτͷදݱͷҧ͍Λଊ͑ΔࢦඪͰ͋Δಠཱ

ιʔεͱ͍͏ࢦඪΛఏҊ͢Δɽ

͋Δʹ͢ٴݴΔπΠʔτͷදݱͷҧ͍Λࢦඪͱ͢ΔͨΊ

ʹɼʹଐ͢ΔπΠʔτಉ࢜ͷදݱͷҧ͍ΛڑͰධՁ͠ɼ

ͦΕΛͦͷπΠʔτͷ͞Ͱਖ਼نԽ͢ΔɽͦΕΒΛશπΠʔτ

ͷΈ߹Θͤಉ࢜Ͱ͠߹ΘͤɼશπΠʔτͰ·ͨਖ਼نԽ͠

ͨͷΛಠཱιʔεͱͯ͠ఏҊ͢Δɽ

͢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 ؒ

ͷฤूڑͷҰछͰ͋Δ Levenshtein ڑ [11] Ͱ͋Δɽ·ͨɼ

l(twi)ɼπΠʔτ twi ͷจࣈΛද͢ɽ

4. ࣮σʔλʹΑΔఏҊख๏ͷධՁ࣮ݧ

ຊઅͰɼTwitter ͷσʔλΛ༻͍ͨධՁ࣮ݧʹ͍ͭͯड़

Δɽ

4. 1 ݧ࣮ 1:ಠཱιʔεͷධՁ࣮ݧ

ຊ࣮ݧͰɼಠཱιʔε͕ɼ࣮ࡍͷࡂΛ͠ٴݴͯݟ

͍ͯΔͱɼͦΕҎ֎ͷΛหผͰ͖Δ͔Λɼ2014 1݄

17ʹൃੜͨ͠ՐࡂΛରʹධՁ͢Δɽ

4. 1. 1  త

2014 1݄ 17ʹൃੜͨ͠Րࡂͷ͏ͪɼϝσΟΞͰऔΓ্

͛ΒΕͨՐࡂʹରͯ͠ɼϝσΟΞΑΓใಓ͞ΕΔલʹɼ͜ΕΒ

Λѻͬͨͷಠཱιʔε͕ɼͦͷଞͷͱ۠ผ͞Ε͏Δ

Α͏ͳಛΛ͔ࣔ͢Ͳ͏͔ͨ͠ࢼɽ2014 1݄ 17ͷϝσΟ

ΞʹऔΓ্͛ΒΕͨՐࡂͱɼͦͷൃੜࠁ࣌ͱɼୈҰใ͕ใಓ͞

Εͨࠁ࣌ද 1ͷ௨ΓͰ͋Δɽද 1ʹ͋Δɼ௨ใࠁ࣌ͱɼফ

ॺͷୈҰ௨ใࠁ࣌Ͱ͋Δɽ·ͨɼୈҰܸࠁ࣌ͱ͍͏ͷɼ

Twitterʹ͓͍ͯɼචऀΒ͕֬ೝͨ͠ɼͦͷՐٴݴ͍ͯͭʹࡂ

͍ͯ͠Δ࠷ॳͷπΠʔτ͕͞ߘΕͨࠁ࣌Ͱ͋Δɽ͞Βʹɼୈ

Ұใࠁ࣌ɼ࠷ॳʹϝσΟΞʹใಓ͞Εͨࠁ࣌ͷ͜ͱΛ͢ࢦɽ

— 3 —



ද 1 ධՁ࣮ݧͷରͱ͢Δࡂ

Րࡂ ௨ใࠁ࣌ ୈҰܸࠁ࣌ ୈҰใࠁ࣌

ຯͷૉ ࡚Րࡂ 10:19 10:21 11:29

৽మॅۚ ࡂమॴՐݹ໊ 12:00 12:07 13:00

ۀݟେֶՐࡂ 16:55 17:04 18:26

ਤ 1 ݧ࣮ 1 ͷ݁ՌɿఏҊख๏ʹΑͬͯݕग़͞Ε֤ͨͱͦͷಠཱ

ιʔε

4. 1. 2 ࣮σʔλͱ࣮ݧͷઃఆ

2014  1 ݄ 17  0 ࣌ 0 ͔Βɼ24 ࣌ 0 ·Ͱʹ Twit-

ter ʹϙετ͞Εͨެ։͞ΕͨπΠʔτͷ͏ͪɼπΠʔτͷ

தʹʮՐࣄʯ͋Δ͍ʮՐࡂʯؚ͕·Ε͍ͯΔ 20417 ݅Λର

ͱͨ͠ɽ͜ͷ͏ͪɼεύϜπΠʔτɼؔͷͳ͍χϡʔ

εࣄهʹؔ͢ΔπΠʔτͳͲΛഉআ͢ΔͨΊɼࣸਅڞ༗αʔ

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

http://twipple.com, http://instagram.com)ͱɼॳظใ

Ռͷ͋ΔΣϒαΠτޮʹࢄ֦ (http://matome.naver.com)

Ҏ֎ͷ URLΛؚΜͩπΠʔτআ֎ͨ͠ɽ·ͨɼπΠʔτத

Λؚ·ͳ͍ͷɼใ͕ͳ͍ͷͱͯ͠আ֎ͨ͠ɽࢺ༗໊ݻʹ

ͷαϯϓϦϯάִؒؒ࣌ɼͯͬͨ͋ʹݧ࣮ 1ͱ͠ɼ·ͨ

τ = 20ͱͨ͠ɽ·ͨɼޠͷىڞάϥϑΛ࡞ΔࡍʹɼπΠʔ

τ͔ΒɼϦπΠʔτΛࣔ͢’RT’, Ϣʔβʔ໊Λࣔ͢@ͱͦͷޙ

ʹଓ͘ΞϧϑΝϕοτͱه߸ͷྻɼURL Λআ͍ͨɽ·ͨɼग़

ͷΛࣔ͢ύϥϝʔλޠසॱʹநग़͢Δݱ d d = 25ͱ͠

͕ͨɼग़ݱස͕ 2 ճҎԼͷޠରͱ͠ͳ͔ͬͨɽՃ͑ͯɼ

ࣜ (4)ʹ͓͚Δ κ κ = 0.3ͱͨ͠ɽ͜ΕΒͷπΠʔτͱઃఆ

Λͱʹɼୈ 3ষͰఏҊͨ͠ख๏Λͨ͠ࢼɽ

4. 1. 3 ݧ࣮ 1ͷ݁Ռͱߟ

ݧ࣮ 1 ͷ݁ՌΛਤ 1 ʹࣔ͢ɽݕग़͞Εͨ 191 छྨͷʹ

ରͯ͠ɼԣ࣠ʹࠁ࣌ɼॎ࣠ʹ֤ͷಠཱιʔεΛऔͬͯϓ

ϩοτͨ͠ͷͰ͋Δɽ

ਤ 1ΑΓɼຊ࣮ݧͰରͱ͍ͯ͠ΔɼϝσΟΞʹऔΓ্͛Β

ΕͨՐࣄ 3݅ɼϝσΟΞͰใಓ͞ΕΔΑΓલʹϐʔΫΛࣔ͠

͍ͯΔ͜ͱ͕͔ΔɽϝσΟΞͰใಓ͞ΕΔΑΓલʹ 3ͭͷ֤

Ր͍ͯ͠ٴݴ͍ͯͭʹࡂΔͱ͑ߟΒΕΔ 4 ͭͷʹ͍ͭͯɼ

ಠཱιʔε͕࠷ࠁ͔࣌ͨͬߴͱͦͷ࣌ͷΛද 2ʹࣔ͢ɽ

ද 2 ݧ࣮ 1 ͷ݁Ռɿ֤ՐࡂͷϝσΟΞલͷಠཱιʔεͷϐʔΫ࣌

ͱͦͷࠁ

ࠁ࣌ 

10:40 ԊઢɹྻंɹߓொɹླொɹΕɹେࢣઢ

11:21 ຯͷૉɹɹεϙϯαʔɹ݅ࣄɹϔϦ

12:36 ৽మɹ౦ւɹѪ

17:36 ফंɹւಓɹ·ͱΊɹը૾ɹۀݟେֶɹ

ηϯλʔɹେɹݟɹେֶ

ୈҰใ͕ࠁ࣌ 11:29Ͱ͋ͬͨɼຯͷૉ࡚ͷՐࡂɼ10:40

ʹɼԊઢͰ͋ΓՐࡂͷӨڹͰԆͨ͠େࢣઢͷΕͷͱ

ͯ͠ɼ11:21ʹɼຯͷૉ࡚Λͨ͠ٴݴͱͯ͠

ಠཱιʔε͕࠷େΛࣔͨ͠ɽୈҰใ͕ࠁ࣌ 13:00Ͱ͋ͬͨ

৽మॅ໊ۚݹమॴͷՐࡂɼ12:36ʹಠཱιʔε͕࠷

େΛ͍ࣔͯ͠Δɽ·ͨɼୈҰใ͕ࠁ࣌ 18:26Ͱ͋ͬͨɼݟ

େͱ͠࠷ɼ17:36ʹಠཱιʔε͕ࡂେֶʹ͓͚ΔՐۀ

ͯग़͍ͯΔɽ

͔͠͠ɼਤ 1ΛؒظશମʹΘͨͬͯݟΔͱɼද 2Ͱࣔͨ͠

ΑΓେ͖ͳಠཱιʔεΛ͍ࣔͯ͠Δ͕ଟ͘ɼಛʹ 13

ͷՐҎ߱ʹूத͍ͯ͠Δɽ͜ΕΒɼओʹຯͷૉ࡚࣌

ͷχϡʔεΛɼςϨϏͷࡂమॴͷՐݹɼ৽మॅ໊ۚࡂ

ө૾ͳͲͰͨݟਓʑʹΑͬͯൃ৴͞Ε͍ͯΔͷͰ͋Δͱ͑ߟ

ΒΕΔɽςϨϏͰͦͷχϡʔεΛ֬ೝ͢Δ͜ͱʹΑͬͯɼϢʔ

βʔ͕ Twitter ্ʹଟ༷ͳදݱͰײΛϙετ͢ΔͨΊಠཱ

ιʔε͕͘ߴͳΔͱ͑ߟΒΕΔɽ࣮͍ͯͬ͜ىʹࡍΔՐࡂΛ

͍ͯ͠ٴݴͯݟΔͱɼϝσΟΞͳͲΛ͍ͯ͠ٴݴͯݟ

Δͷؒʹหผੑ͕͋Δͱ͍͕͍ͨݴɽ

4. 2 ݧ࣮ 2:ग़དྷࣄͷݕग़

ຊ࣮ݧͰɼୈ 4. 1 અͰड़࣮ͨݧ 1 Λ;·͑ɼ֤ՐࡂΛ

ΈΔɽୈࢼग़͢Δ͜ͱΛݕ 4. 1. 3અͰड़ͨΑ͏ʹɼϝσΟΞ

ͷײΛड़ͨπΠʔτ͕܈ɼ࣮ࡍͷܸใΛؚΜͰ͍Δπ

Πʔτ܈ΑΓಠཱιʔε͕͘ߴग़Δ͜ͱ͕؍ଌ͞ΕͨͨΊɼ

Ұݕग़ͨ͠ΛѻΘͳ͍͜ͱΛຊ࣮ݧͰ͑ߟΔɽ·ͨɼ

ͦͷ্Ͱɼࡂͷݕग़ͷࣗಈԽΛ͏ߦɽ

4. 2. 1 ݧ࣮ 2ͷઃఆͱత

ຊ࣮ݧͰɼ࣮ݧ 1 Ͱ༻͍࣮ͨσʔλͱɼಉ͡ύϥϝʔλ

ͷઃఆͰͨͬߦɽՃ͑ͯɼϝσΟΞͷײͷӨڹͳͲΛഉআ͢

ΔͨΊʹɼ࣍খઅͰड़Δݕग़ख๏Λ༻͍ͯݕग़͞Εͨ

Ti
(tk) ʹؚ·ΕΔޠͷ͏ͪɼݻ༗໊͚ͩࢺΛऔΓग़͠ɼ͜ͷݻ

༗໊ࢺΛؚΉπΠʔτΛݕग़ࠁ࣌Ҏ߱ʹআ֎ͨ͠ɽຊ࣮ݧͰɼ

ୈ 4. 1. 1અͰड़ͨϝσΟΞʹऔΓ্͛ΒΕͨ 3݅ͷՐݕ͕ࣄ

ग़Ͱ͖ɼͦΕҎ֎ͷՐݕ͕ࣄग़͞Εͳ͍͔Λͨ͠ࢼɽ

4. 2. 2 ݕ ग़ ख ๏

ຊ࣮ݧͰ༻͍ͨݕग़ख๏ʹ͍ͭͯड़Δɽ࣮ݧ 1Ͱͨ͠ࢉܭ

ۉɼ֤ͷಠཱιʔεͷฏࠁ֤࣌

δAVE =

∑
tk,i

ISM(Si
(tk))

∑
tk,i |Si

(tk)| (6)

ΛٻΊΔɽ͜ͷͱ͖ɼ

ISM(Si
(tk)) > ρδAVE (7)

— 4 —



ද 3 ݧ࣮ 2 ͷ݁Ռɿρ = 1 Ͱݕग़͞Εͨͱͦͷࠁ࣌

ࠁ࣌ 

0:20 ໊େֶɹফंɹը૾ɹ·ͱΊɹπΠʔτ

9:26 ౦ژɹॅɹਿฒɹ්

10:40 ԊઢɹେࢣઢɹྻंɹߓொɹΕɹླொ

10:40 ຯͷૉɹɹ࡚ɹۙॴɹ·ͱΊɹը૾

13:01 ɹॅۚɹ౦ւɹ৽మɹݹ໊

15:48 ৺ڮࡈɹݱɹళɹຊொɹֶߍɹফं

17:12 ফंɹݟɹํ໘ɹେ

ද 4 ݧ࣮ 2 ͷ݁Ռɿρ = 0.5 Ͱݕग़͞Εͨͱͦͷࠁ࣌

ࠁ࣌ 

0:20 ໊େֶɹফंɹը૾ɹ·ͱΊɹπΠʔτ

6:12 େࡂɹࡕਆɹςϨϏɹਆށɹө૾

9:26 ౦ژɹॅɹਿฒɹ්

10:33 Ԋઢɹେࢣɹྻं

10:51 ຯͷૉɹɹ࡚ɹۙॴ

12:33 ৽మɹɹ౦ւɹը૾ɹ·ͱΊɹѪ

13:02 ނࣄɹॅۚɹχϡʔεɹɹݹ໊

15:43 ৺ڮࡈɹళɹֶߍɹ

15:49 ೆધɹ͓ؾɹϔϦ

17:09 ফंɹํ໘ɹݟ

19:37 ࡚ɹਢۄɹ IC ɹதԝɹ௨ࢭߦΊ

Ͱ͋Εɼ Ti
(tk) ࡂͱͯ͠ݕग़͢Δɽͨͩ͠ ρ 0Ҏ

্ͷ࣮Ͱ͋Δɽຊ࣮ݧʹ͓͍ͯɼͷύϥϝʔλ ρ 

ρ = 1ͱ ρ = 0.5ͷ 2ͭΛͨ͠ࢼɽ

4. 2. 3 ݧ࣮ 2ͷ݁Ռͱߟ

ݧ࣮ 2ʹ͓͍ͯɼݕग़͞Εͨͱͦͷࠁ࣌Λද 3ͱද 4ʹ

ࣔ͢ɽ ·ͣɼݕग़ͨ͠ͷछྨʹ͍ͭͯड़Δɽతͱͯ͠

͍ͨϝσΟΞʹऔΓ্͛ΒΕͨՐࡂ 3݅ʹ͍ͭͯɼຯͷૉ࡚

ࠁ࣌ϝσΟΞୈҰใࡂͷՐ 11:29ΑΓલͷ 10:40 (ρ = 1)

͓Αͼɼ10:50 (ρ = మॴݹग़͞Εɼ৽మॅ໊ۚݕʹ(0.5

ͷՐࡂ ρ = 0.5ʹ͓͍ͯͷΈɼϝσΟΞୈҰใࠁ࣌ 13:00Α

Γલͷ ɼϝσΟΞୈࡂେֶͷՐۀݟग़͞Εɼݕʹ12:33

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

ग़͞Εɼρ = 1ʹ͓͚Δ৽మॅ໊ۚݹమॴͷՐࡂҎ֎

ϝσΟΞʹΑΔใಓΑΓલʹݕग़͞Εͨͱ͑ߟΒΕΔɽ·ͨɼ

ϝσΟΞʹऔΓ্͛ΒΕͨޙͷϢʔβʔͷײͳͲɼҰݕ

ग़͞Εͨݕͨ·ʹޙग़͞Εͯͳ͍͜ͱ͔ΒɼҰͱͯ͠ݕ

ग़͞Εͨͷͷ͏ͪͷݻ༗໊ࢺΛؚΉπΠʔτΛഉআ͢Δ͜ͱ

ͰɼͦͷӨڹΛഉআͰ͖ͨͱ͑ߟΒΕΔɽ

·ͨɼϝσΟΞͰใಓ͞Ε͍ͯͳ͍͕ɼΛूΊͨՐࡂ

͕ଘ͢ࡏΔ͜ͱ͕Θ͔ͬͨͱ͑ݴΔɽྫ͑ɼρ = 1Ͱ 15:48

ʹɼρ = 0.5Ͱ ࡈΔͱɼ৺ݟग़͞Ε͍ͯΔΛݕʹ15:43

ͨ·Δ͜ͱ͕͔Δɽ͍ͯͬ͜ى͕ࡂͷۙͰՐڮ ρ = 0.5Ͱ

ɼ19:37ʹՐࡂͷӨڹͰதԝࣗಈंಓͷ࡚ΠϯλʔνΣϯ

δͱਢۄΠϯλʔνΣϯδؒʹ͓͍ͯ௨ࢭߦΊ͋Δ͍ौ͕

ͱ͕Θ͔Δɽ͜ͷ݁ՌʹΑΓɼຊख๏ɼϝσΟ͍ͨͯͬ͜͜ى

ΞʹऔΓ্͛ΒΕΔݶʹࡂΒͣɼϢʔβʔͷؔ৺ΛҰఆू

ΊΔΠϯύΫτͷ͋Δࡂʹରͯ͠༗ޮͰ͋Δͱ͑ߟΒΕΔɽ

͞Βʹɼܸใͷޙʹใಓͱ͍͏ॱংͷྲྀΕʹैΘͳ͍

χϡʔεใಓͷݕग़͞Εͨɽρ = 1, ρ = 0.5 Ͱಉ͘͡

9:26 ग़͞ΕͨɼχϡʔεใಓͷπΠʔτͰ͋ͬͨɽݕʹ

͜Εɼ͜ͷՐਂ͕ࡂʹൃੜͨ͠ͷͰ͋Γɼܸใ͕

Twitter্ʹϙετ͞Εͳ͔ͬͨ͜ͱʹΑΓɼຊདྷݕग़͔ͨͬ͠

ܸͨใͰͳ͘ɼχϡʔεใಓΛݕग़ͯ͠͠·ͬͨͱݴ

͑Δɽ

Ճ͑ͯɼρ = 0.5Ͱɼࡕਆ୶࿏େؔࡂ࿈ͷݕग़͞

Ε͍ͯΔɽ͜Εɼ1995 1݄ 17ʹൃੜͨ͠ࡕਆ୶࿏େ

ͱಉ͡Ͱ͋ΔͨΊදΕͨͰ͋Γɼ͜ΕΒຊख๏͕ࡂ

ग़͞Εͯ͠·͍ͬͯΔɽݕग़͍ͨ͠ͷͰͳ͍͕ݕ

͍ͯͭʹࡂग़͞Ε͍ͯΔ͕ɼಉ͡ݕɼҧ͏ͱͯ͠ʹ࣍

ఠ͢ΔɽρࢦΔͷ͕͋Δ͜ͱΛ͍ͯ͠ٴݴ = 0.5 ʹ͓͚Δɼ

13:02ͷɼ৽మॅ໊ۚݹమॴͷՐࡂʹ͍ͭͯࣔ͠

͍ͯΔͱ͑ߟΒΕΔ͕ɼಉ༷ͷͷ͕ ग़͞Ε͍ͯΔɽݕʹ12:33

͜Εɼද͕ݱҟͳΔ͜ͱʹΑ͖ͬͯͨىͱ͑ߟΒΕΔɽ12:33

Ε͞ٴݴͰࢢͰ͋Δ౦ւࡏग़͞Εͨɼమॴͷॴݕʹ

͍͕ͯͨɼ13:02Ͱɼ৽మॅۚͷమॴͷ໊લͰ͋Δ໊ݹ

Ͱ͞ٴݴΕ͍ͯΔɽՃ͑ͯɼ৽మͱ͍͏ޠΛؚΉπΠʔτ

͢Ͱʹɼݕग़͞Ε͍ͯΔͨΊআ֎͞Ε͍ͯΔ͕ɼॅۚͱ͍͏

໊শͰ͍ͯ͠ٴݴΔϢʔβʔ͕Ұఆ͓Γɼݕग़͞Εͨͱ͑ߟ

ΒΕΔɽ

·ͨɼρ = 0.5Ͱ ग़͞Εͨʹؚ·ΕΔೆધݕʹ15:49

ɼ৺ڮࡈͰ͖ͨىՐࡂͷৄࡉͳ໊Ͱ͋Δɽදݱͷද͕ҟ

ͳΔͨΊɼҧ͏ͱͯ͠ѻΘΕͯ͠·͍ͬͯΔ͕ɼಉ͡ࡂ

Λ͍ͯ͠ࢦΔͱ͑ߟΒΕΔɽ

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

ઢ͕Ԇ͍ͯ͠Δ͜ͱࢣग़͞Ε͍ͯΔɼยํ౦େݕ

ʹ͓͚ΔՐΔͰ͋Γɼยํຯͷૉ࡚͍ͯ͠ٴݴʹ

ઢͷԆɼԊઢʹ͋ΔຯࢣͰ͋Δɽ౦େͨ͠ٴݴʹࡂ

ͷૉ࡚ʹ͓͚ΔՐݪ͕ࡂҼͰ͕͋ͬͨɼిंͷԆʹͭ

Λܸͨ͠ɼผͷͱͯ͠ࡂΔͱɼՐ͢ٴݴ͍ͯ

ΔϢʔβʔͱɼ͢ٴݴ͍ͯͭʹग़͞Εͯɽ͜ΕɼిंͷԆݕ

ՐࡂΛܸͨ͠Ϣʔβʔɼੈ࣮ݱքʹ͓͍ͯҧ͏ߦಈΛऔͬ

͍ͯͨͨΊͰͰͳ͍͔ͱ͑ߟΒΕΔɽ

5. · ͱ Ί

ຊڀݚͰɼTwitter͔ΒࡂΛɼͦͷࡂͷͳ͢ίϯςΩ

ετΛࣔ͢ใͱͱʹૣݕʹظग़͢Δͱ͍͏Λѻͬͨɽ

ݴʹࡂΕɼ·ͨɼͦͷݱΛؚΉͱͯ͠ޠɼෳͷࡂ

ҟͳΔͱ͍͏ԾઆΛཱͯɼͦͷԾ͕ݱΔπΠʔτͷද͍ͯ͠ٴ

આʹ͖ͮجख๏ΛఏҊͨ͠ɽ2014 1݄ 17ͷπΠʔτΛର

ʹ࣮͍ߦʹݧɼຊख๏ͷޮՌΛ֬ೝͨ͠ɽ

ຊڀݚͰɼҰ 1 ಠཱιʔεΛ͠ࢉܭɼͦͷฏۉ

δAVE ʹ ρΛ͔͚ͨ ρδAVE Λᮢͱͯ͠࠾༻ͨͨ͠Ίɼଈ

ɼରޙࠓग़ख๏Λఏࣔ͢Δ͜ͱ͔ͳΘͳ͔ͬͨɽݕతͳ࣌

ͱ͢Δࠁ࣌ΑΓલ͔ΒᮢΛֶश͢Δ͜ͱʹΑͬͯఆΊΕɼ

ଈ࣌తͳݕग़͕ՄͰ͋Δͱ͑ߟΒΕΔɽ͞ٴݴ͍ͯͭʹࡂ

ΕͨΛݕग़͠ɼͦͷʹؚ·ΕΔݻ༗໊ࢺΛؚΉπΠʔ

τΛআ͘͜ͱޮՌ͕͋ͬͨͱ͑ߟΒΕΔ͕ɼଈ࣌తͳݕग़ख

— 5 —



๏ʹ͍ͭͯݕ౼՝Ͱ͋Δɽ

·ͨɼදݱͷද͕ҟͳΔ͕Ώ͑ʹҧ͏ࡂͱͯ͠ݕग़͞Ε

ͯ͠·͍ͬͯΔ͜ͱޙࠓͷ՝ͱͯ͛͠ڍΒΕΔɽ͜ΕΒɼ

ຊڀݚͰɼؒޠͷؔΛྀͯ͠ߟͳ͍͜ͱʹىҼ͢Δͱ͑ߟ

ΒΕɼޠޙࠓʹΦϯτϩδʔͷϞσϧΛ͍ΕΔ͜ͱͳͲ͕ޙࠓ

ͷํੑͱͯ͑͠ߟΒΕΔɽ

ճࠓɼʹޙ࠷ 2014 1݄ 17Λରʹ͕ͯͨͬ͠ߦɼଞ

ͷʹର࣮ͯ͢͠ݧΔ͜ͱޙࠓͷ՝ͱͯ͛͠ڍΒΕΔɽ

·ͨɼຊڀݚͰɼࡂɼಛʹՐࡂΛରͱ࣮ͯ͠ݧΛͨͬߦ

͕ɼϢʔβʔ͕ಠཱʹ؍ଌ͠ɼͦΕʹ͍ͭͯͷײΛಠཱʹड़

ΔΑ͏ͳੑ࣭ͷग़དྷࣄͰ͋ΔݶΓɼଞͷग़དྷࣄʹԠ༻Մ

Ͱ͋Δͱ͑ߟΒΕΔɽྫ͑ɼࡂͷଞʹ࣮ݧ 2Ͱݕग़͞Ε

ͨौɼɼಥൃతʹੜ͡ΔήϦϥϥΠϒͳͲݕग़Ͱ͖

Δͱ͑ߟΒΕΔɽ
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