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ιʔγϟϧϝσΟΞΛ༻͍ͨ
ґଘऀͷൃݴྨͱͦͷۭؒੳ

ଜࢁ ଠҰ1 एٶ ᠳ1ࢠ ߥ ӳ1࣏

֓ཁɿ͜Ε·ͰɼಓݝΑΓখ͞ͳ୯ҐͰͷӸֶௐࠪࠔͰ͋ͬͨɽ͜ͷͨΊɼχίνϯґଘͳͲ
ڀݚͳ͍͜ͱ͕ଟ͔ͬͨɽຊ͠ࡏඪ͕ଘࢦܭͱͳΔ౷ߟࢀ͍͓ͯʹྍ࣏ͷ߹ɼױΛड͚Δ࣬ڹͷӨڥ

ͰɼχίνϯɼΞϧίʔϧɼΪϟϯϒϧͱ͍͏ 3ͭͷґଘΛࡐʹɼιʔγϟϧϝσΟΞ͔Βґଘ

ऀͷॴࡏͷৄࡉͳۭؒతใΛநग़͠ɼ͜ΕΛՄࢹԽ͢Δ͜ͱΛ͢ࢦɽ·ͣɼιʔγϟϧϝσΟΞ্

ͷґଘऀͱඇґଘऀͷൃݴΛྨ͢ΔͨΊʹɼΫϥυιʔγϯά͔ΒಘΒΕٖͨࣅπΠʔτσʔλ

Λֶशσʔλͱ͠ɼRecurrent Convolutional Neural NetworkΛ༻͍ͯྨثΛߏங͢Δɽ࣍ʹɼߏங͠

ͨྨثΛ༻͍ͯɼҐஔใ͖πΠʔτ 12,237݅Λґଘऀͱඇґଘऀͷൃݴʹྨ͠ɼਤ্ʹ

Ϛοϐϯάͯͦ͠ΕͧΕͷཧతΛՄࢹԽ͢ΔɽχίνϯґଘΛରʹ࣮ͨ͠ݧͰɼ٤Ԏऀͷத

ͰχίνϯґଘऀͷൃݴӺΛத৺ͱͨ͠ൟ՚֗ʹू·Δ͕͋ΔͳͲɼײతʹଥͳ݁Ռ͕ಘ

ΒΕͨɽޙࠓɼ͜ͷՄࢹԽͷଥੑͷৄࡉͳݕ౼׆༻Λ͏ߦ༧ఆͰ͋Δɽ

ΩʔϫʔυɿӸֶௐࠪɼґଘɼιʔγϟϧϝσΟΞɼΫϥυιʔγϯάɼTwitterɼࣗવޠݴॲཧ

Addiction-related Tweet Classification and Spatial Analysis

Taichi Murayama1 Shoko Wakamiya1 Eiji Aramaki1

Abstract: The epidemiological survey is conducted for each prefecture and much more detailed surveys are
not done. Addiction in the epidemiology largely depends on environment. It is important for addiction
treatment to figure out the relationship between addicts and behavioral environment. The purpose of this re-
search is to visualize and analyze addicts’ behavior and environment in detail. Firstly, we construct a classifier
based on Recurrent Convolutional Neural Network from quasi-tweet data obtained through crowdsourcing,
to distinguish addicts’ tweets from non-addicts’ tweets in social media. Next, we visualize a geographic
distribution of the classified tweets with location information on a map. The geographic distribution of the
tweets by nicotine addicts suggests a pattern that nicotine addicts tend to gather in busy streets centered
on stations than non-nicotine addicts. In future work, we plan to analyze individual tweets on a long term
basis for figuring out characteristic patterns of addicts’ behavior.

Keywords: Epidemiological study, Addiction, Social media, Crowdsourcing, Twitter, Natural Language
Processing

1. ͡Ίʹ

ґଘʢҰൠʹɼதಟͱݺΕΔ͜ͱ͋Δ͕ɼຊߘ

ͰґଘͱݺͿʣɼ࣭తʹ๛͔Ͱ͋Δઌਐڞʹࠃ௨

ͨ͠େ͖ͳࣾձͷҰͭͰ͋Δɽྫ͑ɼΞϧίʔϧґ

ଘऀຊͰ 58ສਓ [1]ɼχίνϯґଘऀ٤Ԏऀ

1 ಸྑઌՊֶٕज़େֶӃେֶ

ͷ 68.6ˋͷ 1,487ສਓ [2]ʹͷ΅Δͱ͑ߟΒΕ͓ͯΓɼ

ଟ͘ͷຊਓ͕Կ͔͠Βͷ࣭ͷґଘʹͳ͍ͬͯΔͱ͍

͑Δɽ͜ͷΑ͏ͳґଘʹର͢ΔௐࠪूஂΛରͱ͢Δ

Ӹֶͷख๏ΛऔΒΕ͓ͯΓɼಓݝ୯ҐͰґଘऀͷ࣮

ଶΛௐࠪ͢Δͷ͕ҰൠతͰ͋Δɽ͔͠͠ɼґଘߦಈ

ͱ͔ΒɼҰൠతͳӸ͍͜ڧͱ͍ͬͨཁૉͱͷؔ࿈ੑ͕ڥ

ֶௐࠪҎ্ʹɼΑΓৄࡉͳۭؒੳΛ͍ߦɼґଘऀͷߦ
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ಈͱڥͱͷؔΛղ͖໌͔͢͜ͱ͕ॏཁͰ͋Δͱ͑ߟΒ

ΕΔɽ

ͳࡉख๏ͰऔಘͰ͖ͳ͔ͬͨΑΓৄܭճɼैདྷͷ౷ࠓ

ґଘऀͷใऔಘͷͨΊʹɼιʔγϟϧϝσΟΞσʔλ

Λ׆༻͢ΔɽҰൠతʹιʔγϟϧϝσΟΞσʔλͷར༻

ɼਓʑͷൃݴৼΔ͍ʹؔ͢ΔσʔλΛେنʹऔಘ

Ͱ͖Δ͜ͱɼϦΞϧλΠϜͳҐஔใΛऔಘͰ͖Δ͜ͱ

͕ಛͱͯ͛͠ڍΒΕɼ͜ΕΒͷརʹண͕ͨ͠ڀݚଟ

͍ɽຊڀݚͰɼґଘऀͷൃݴͷҐஔใͷՄࢹԽΛߦ

͍ɼґଘऀͷߦಈൣғͳͲͷ৽ͨͳݟͷऔಘΛඪͱ

͢Δɽ

·ͣɼΫϥυιʔγϯάͰґଘऀͷςΩετσʔλ

Λऔಘ͠ɼͦͷσʔλΛݩʹɼґଘऀऀͷൃݴΛྨ͢

Δྨثͷ࡞Λ͏ߦɽ࣍ʹɼྨثΛ༻͍ͯιʔγϟϧ

ϝσΟΞͷϢʔβʹΑΔൃݴΛྨ͠ɼґଘऀͷۭؒత

ੳΛ͏ߦɽਤ 1ͰຊڀݚͷશମਤΛද͢ɽ

ຊڀݚͷ৽ੑنҎԼͷ 2Ͱ͋Δɽ

( 1 ) ΫϥυιʔγϯάʹΑΔٙࣅπΠʔτΛ༻͍ͯɼґ

ଘऀͷൃݴʹର͢ΔྨثΛߏஙͨ͠

( 2 ) ͜Ε·ͰΑ͘ΒΕ͍ͯͳ͔ͬͨґଘऀͷཧత

ΛιʔγϟϧϝσΟΞσʔλΛར༻ͯ͠໌Β͔ʹ͠

ͨ

クラウドソーシング
データ

依存症・非依存症
データ抽出

依存症分類器

学習

分類

依存症者発言

可視化

!"#$$%&データ

非依存症者発言

ਤ 1 શମਤ

2. ؔ࿈ڀݚ

2.1 ༷ʑͳґଘ

ґଘʹχίνϯɼΞϧίʔϧɼΪϟϯϒϧͱ͍ͬͨ

༷ʑͳछྨ͕͋Δɽ͜Ε·ͰɼґଘऀͰͳ͘୯ͳΔ٤

ԎऀҿञऀͷಈͷѲېԎܒ׆ಈͱ͍ͬͨత

ͰɼιʔγϟϧϝσΟΞΛ༻͍ͨߦ͕ڀݚΘΕ͖ͯͨɽ

χίνϯͱιʔγϟϧϝσΟΞΛѻͬͨڀݚͱͯ͠ɼ

λόίؔ࿈ͷൃݴΛδϟϯϧɼςʔϚײͱ͍ͬͨ؍

ͰػցֶशΛ༻͍ͯྨ͠ɼλόίؔ࿈ͷ༻͕ޠͲͷΑ͏

ͳਓʑʹΑͬͯͲͷΑ͏ʹ༻͍ΒΕΔ͔Λੳ͢Δ͜ͱͰɼ

ެऺӴੜʹؔ͢Δӡಈͷར༻Մੑʹ͍ͭͯͨ͠ߟ

ͷ [3]ɼϥςϯܥΞϝϦΧਓΛରʹιʔγϟϧϝσΟ

ΞΛ༻͍ͨېԎΩϟϯϖʔϯʹؔ͢ΔߟΛͨͬߦͷ [4]

ͳͲ͕͛ڍΒΕΔɽଞʹιʔγϟϧϝσΟΞͱλόίʹ

ؔ࿈ͨ͠ଟ͘ͷ͕͋ڀݚΓɼৄ͘͠γεςϚςΟοΫϨ

Ϗϡʔ [5]ʹ·ͱΊΒΕ͍ͯΔɽ͔͠͠ɼ٤ԎऀʹযΛ

ͯͨڀݚଟ͋͘ΔͷͷɼґଘऀʹযΛͯͨ

ͷɼґଘऀͱඇґଘऀͷผ͕͍ͨ͠Ίଟ͘ͳ͍ɽ

Ξϧίʔϧʹؔͯ͠ɼΞϧίʔϧઁऔऀͷߦಈͷ

ΛιʔγϟϧϝσΟΞσʔλ͔ΒಡΈऔΔͷͳͲ͕͋

ΔɽͱͳΔҿञߦҝͷπΠʔτͷؒ࣌తੳΛͨͬߦ

ͷ [6]ɼΠϯελάϥϜͷࣸਅ͔ΒҿΈա͗ͷఆΛ

ͷ͏ߦ [7]ͳͲͷ͛ڍ͕ڀݚΒΕΔɽ͔͠͠ɼ٤Ԏऀʹ

ؔ͢Δڀݚͱಉ༷ͷཧ༝͔ΒɼιʔγϟϧϝσΟΞΛ༻͍

ͨΞϧίʔϧґଘʹযΛͯͨڀݚݟΒΕͳ͍ɽ

Ϊϟϯϒϧʹؔͯ͠ɼΪϟϯϒϧ͕ΜͳΞϝϦΧͰ

ιʔγϟϧϝσΟΞΛ௨͕ͨ͡ڀݚଟ͘ߦΘΕ͍ͯΔɽ

ͦͷதͰɼωοτΪϟϯϒϧ͕ۙ࠷ΜͰ͋Δ͜ͱ͔Βɼ

ιʔγϟϧϝσΟΞͷར༻ͱωοτΪϟϯϒϧͷؔΛ

ੳͨ͠ڀݚ [8]ͳͲ͕ݟΒΕΔɽ

2.2 ґଘͱӸֶ

ҩྍʹ͓͚Δґଘڀݚɼݸਓͷྍ࣏ʹযΛ

ͯͨͷ͕ଟ͍ɽ͔͠͠ɼґଘͷྍ࣏ʹɼଞͷґଘ

ऀͱͷ৮ͳͲ͕ڥॏཁͳཁҼ [9]ͱ͞Ε͓ͯΓɼର

ΛूஂͱΈͳ͢େ͖ͳࢹॏཁͰ͋Δɽ

͜ͷΑ͏ʹऀױΛूஂͰѻ͏ֶͱͯ͠ɼӸֶͱݺ

ΕΔ͕͋ΔɽӸֶɼूஂΛରʹ࣬පͷൃੜݪҼ

༧ͳͲΛ͢ڀݚΔֶͰ͋Γɼओʹײછ͕ѻΘΕΔ

͕ɼަ௨ނࣄͳͲͷਓࡂɼՐࡂͱ͍ͬͨఱࡂɼපؾ

ґଘͳͲɼਓؒͷ݈߁ΛଛͶΔݪҼͱͳΔରΛ෯

͘ѻ͍ͬͯΔɽӸֶʹ͓͍ͯɼґଘ͕ѻΘΕΔ͜ͱ·

ͩগͳ͍͕ɼΞϧίʔϧґଘχίνϯґଘɼߦಈ

ڥͱ͍ͬͨཁૉͱͷؔ࿈ੑ͕͍͜ڧͱ͔ΒɼຊڀݚͰ

ɼӸֶͱಉ༷ʹҬ͝ͱͷಛੑΛௐࠪ͢Δɽͨͩ͠ɼҰ

ൠతͳӸֶௐࠪͰߦΘΕΔಓ͝ݝͱͷௐࠪΑΓɼΑ

ΓৄࡉͳҐஔใͷੳΛࢼΈΔɽ
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3. ख๏ɿґଘʗඇґଘͷྨߏثங

ຊڀݚɼґଘऀͷߦಈੳΛιʔγϟϧϝσΟΞ

σʔλΛར༻ͯ͜͠͏ߦͱΛతͱ͍ͯ͠ΔɽͦͷͨΊʹ

ґଘऀ͔Ͳ͏͔Λผ͢Δඞཁ͕͋ΔɽຊষͰɼιʔ

γϟϧϝσΟΞʹ͓͚ΔϢʔβͷൃݴΛґଘऀʹΑΔ

ͷͱඇґଘऀʹΑΔͷʹྨ͢ΔͨΊͷྨثͷߏங

ʹ͍ͭͯड़Δɽ

·ͣɼྨ࡞ث༻ͷֶशσʔλͱͯ͠ɼΫϥυιʔ

γϯάΛ༻͍ͯऩूͨ͠ςΩετσʔλΛհ͢Δ (3.1

અ)ɽ࣍ʹɼ࣮ͨ͠ྨϞσϧΛड़ (3.2અ)ɼޙ࠷ʹ

ͷਫ਼ثྨ (3.3અ) ͱͦͷߟ (3.4અ) Λड़Δɽ

3.1 ར༻σʔλ

ґଘऀͱඇґଘऀͷ۠ผΛ͍ߦͳ͕ΒɼେྔͷςΩ

ετσʔλΛऩू͢ΔͨΊʹɼΫϥυιʔγϯάΛར༻

ͨ͠ɽࠓճɼදతͳ 3ͭͷґଘͰ͋Δχίνϯґଘ

ɼΞϧίʔϧґଘɼ͓ΑͼΪϟϯϒϧґଘʹؔ͢Δ

ςΩετσʔλͷऩूΛͨͬߦɽௐࠪରͱͳΔґଘʹ

ؔ͢Δߦҝɼͭ·ΓχίνϯґଘͳΒ٤ԎɼΞϧίʔ

ϧґଘͳΒҿञɼΪϟϯϒϧґଘͳΒΪϟϯϒϧ

Λৗతʹ͍ͯͬߦΔऀΛௐࠪରͱͨ͠ɽྸੑผɼ

ຊใɼґଘ͔Ͳ͏͔ͷఆઃɼςΩجͳͲͷॅࡏ

ετσʔλΛಘΔͨΊͷ࣭ΛͦΕͧΕઃఆͨ͠ɽґଘ

͔Ͳ͏͔ͷఆʹ༻͢ΔࢦඪΛද 1ʹࣔ͢ɽ

ද 1 ґଘఆͷج४
ର ఆࢦඪ ४ج

χίνϯґଘ TDS [10] 5 Ҏ্

Ξϧίʔϧґଘ AUDIT [11] 20 Ҏ্

Ϊϟϯϒϧґଘ SOGS [12] 5 Ҏ্

χίνϯґଘ༻ͷςΩετσʔλΛऩू͢ΔͨΊʹɼ

ҎԼͷΑ͏ͳ࣭Λઃఆͨ͠ɽ✓ ✏
( 1 )  ͠ ɼ͋ ͳ ͨ ͕ π Π ο λ ʔ Ͱ

λόίΛָ͍ͯͬ͘͠ٵΔঢ় گ Λ ใ ࠂ ͢ Δ

ͱ͢ΕɼͲͷΑ͏ʹॻ͖·͔͢?

( 2 )  ͠ ɼ͋ ͳ ͨ ͕ π Π ο λ ʔ Ͱ

λόίΛ͑ٵ͍ͯͨ͘ٵͳ͍ঢ় گ Λ ใ ࠂ ͢

Δͱ͢ΕɼͲͷΑ͏ʹॻ͖·͔͢?

( 3 ) ͠ɼ͋ͳ͕ͨπΠολʔͰλόί͕େ͖ͩͱ

͍͏͜ͱΛओு͢ΔͳΒɼͲͷΑ͏ʹॻ͖·͔͢?

( 4 ) ͠ɼ͋ͳ͕ͨπΠολʔͰλόίͷྑ͍Λޠ

ΔͳΒɼͲͷΑ͏ʹओு͠·͔͢?✒ ✑
ଞͷґଘʹରͯ͠ɼ্هͷԼઢ෦Λมͨ͠ߋઃΛ

༻͍Δɽ͜͜ͰಘΒΕͨςΩετσʔλΛιʔγϟϧϝ

σΟΞ্ͷݸਓͷٖࣅతͳൃݴͱΈͳ͠ɼֶशσʔλΛߏ

ங͢Δɽ

Yahoo!Ϋϥυιʔγϯά*1Ͱ্هͷઃΛ༻͍ͯɼ֤

ґଘʹ͖ͭ 1000ਓͷςΩετσʔλͷऔಘΛͨͬߦɽ

ͳ͓ɼνΣοΫઃʹΑΓɼෆదͳϢʔβͷϑΟϧλϦ

ϯάΛߦͳͬͨɽ·ͨɼʮπΠʔτ͠ͳ͍ʯʮᄁ͔ͳ͍ʯ

ͱ͍ͬͨൃݴϊΠζͱͯͯ͠ʹࢹআΛͨͬߦɽͦͷ

݁ՌɼχίνϯͷΫϥυιʔγϯάͰ ɼΞݴ2,401ൃ

ϧίʔϧͷΫϥυιʔγϯάͰ ɼΪϟϯϒݴ2,683ൃ

ϧͷΫϥυιʔγϯάͰ ΛͦΕͧΕऔಘ͠ݴ1,949ൃ

ͨɽද 2ʹऔಘٖͨ͠ࣅπΠʔτͷ౷ྔܭΛࣔ͢ɽ

ද 2 औಘݴൃ
χίνϯ ɹΞϧίʔϧ Ϊϟϯϒϧ

औಘൃݴ 2,401 2,683 1,949

ʢ͏ͪɼґଘऀൃݴʣ (1,808) (243) (921)

3.2 ࣮Ϟσϧ

ΫϥυιʔγϯάͰऩूͨ͠ςΩετσʔλΛֶश

σʔλͱͯ͠ɼιʔγϟϧσʔλ্ͷൃ͔ݴΒґଘऀʹΑ

Δൃ͔ݴඇґଘऀͷൃ͔ݴΛผ͢ΔྨϞσϧΛ࡞

͢Δɽσʔλͷલॲཧͱͯ͠ϫʔυΤϯϕσΟϯάʹ୯

ΛϕΫτϧԽ͢ΔWord2VecΛ༻͍ͨɽ࣮Ϟσϧʹɼޠ

Recurrent Convolutional Neural Network (RCNN)[13]Λ

ӅΕΛ ͱͯ͠ར༻ͨ͠ɽRCNNɼจষதͷ֤ݩ࣍100

୯͕ޠҐஔ͢ΔॴʹΑͬͯόΠΞε͕͔͔Δ Recurrent

Neural NetworkΛվྑͨ͠ϞσϧͰ͋ΓɼΑΓจ຺Λऔ

ಘ͍͢͠ͱ͍͏ར͕͋Δɽ࣮ɼscikit-learn*2ͱ

keras*3ͷϥΠϒϥϦΛར༻ͯͨͬ͠ߦɽ

3.3 ݁Ռ

࣮Ϟσϧͷਫ਼Λ֬ೝ͢ΔͨΊʹɼґଘ͝ͱʹς

ΩετσʔλΛ 5 ׂ͠ަࠩূݕΛͨͬߦɽ݁ՌɼΞϧ

ίʔϧґଘྨثͷ Accuracy 85.8%ɼχίνϯґଘ

ྨثͷ Accuracy 63.6%ɼΪϟϯϒϧґଘྨث

ͷ Accuracy 53.3%Ͱ͋ͬͨʢද 3ʣɽ

ຊڀݚʹ͓͚Δྨ࡞ثͷతɼιʔγϟϧϝσΟ

Ξσʔλ͔ΒґଘऀͷൃݴΛநग़͢Δ͜ͱͰ͋ΔͨΊɼ

ద߹͕ॏཁͰ͋Δɽͦ͜Ͱɼద߹ʹண͢ΔͱɼΞϧ

ίʔϧґଘʹؔͯ͠ 24.3%ɼχίνϯґଘʹؔͯ͠

 77.6%ɼΪϟϯϒϧґଘʹؔͯ͠ 43.0%Ͱ͋ͬͨɽ

͜ͷ݁Ռ͔ΒɼΞϧίʔϧґଘͱΪϟϯϒϧґଘͰɼ

ґଘऀͷൃݴͷࣝผࠔͰ͋Δ͕ɼχίνϯґଘʹ

ର࣮ͯ͠༻ՄͰ͋Δͱ͍͑Δɽ

*1 https://crowdsourcing.yahoo.co.jp/
*2 http://scikit-learn.org/stable/
*3 https://keras.io
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ද 3 ྨਫ਼
ର Accuacy ద߹ ݱ࠶ F1-score

Ξϧίʔϧґଘ 85.8% 24.3% 15.5% 0.189

χίνϯґଘ 63.6% 77.6% 75.1% 0.763

Ϊϟϯϒϧґଘ 53.3% 43.0% 49.4% 0.460

3.4 ߟ

݁Ռʹࣔͨ͠௨ΓɼΞϧίʔϧґଘͱΪϟϯϒϧґଘ

ͷྨث͍ AccuracyͰ͋ͬͨɽ

Ξϧίʔϧґଘʹؔͯ͠ɼଞͷґଘͱൺֱ͠ɼҿ

ञ͢Δਓͷઈର͕ଟ͍ͨΊɼΫϥυιʔγϯάͰґ

ଘऀͷेͳαϯϓϧΛऔಘͰ͖ͳ͔ͬͨ͜ͱ͕ݪҼ

Ͱ͋Δͱ͑ߟΒΕΔɽΞϧίʔϧ͓Αͼχίνϯґଘ

࣭తґଘͰ͋Γɼͦͷ࣭ͷઁऔΛߦΘͳ͍ͱΠϥΠ

ϥͳͲͷঢ়ΛҾ͖ͨ͢͜ىΊςΩετσʔλʹ͜

ΕΛөͨ͠ൃݴ (1)(2)͕ଟ͍ɽ

ҰํͰɼΪϟϯϒϧґଘ࣭తґଘͱൺֱ͠

ঢ়͕গͳ͍ͨΊɼςΩετσʔλʹঢ়Λද͢ݱ

ΔΑ͏ͳൃݴ (3)͕গͳ͍ɽͦͷͨΊɼґଘऀͱඇґଘ

ऀͷҧ͍͕ग़ʹ͍͘͜ͱ͕ݪҼͩͱ͑ߟΒΕΔɽ

ΞϧίʔϧͱΪϟϯϒϧʹର͠ɼχίνϯґଘʹؔ͠

ͯɼΫϥυιʔγϯάͰेͳґଘऀͷαϯϓϧ

ΛऔಘͰ͖ɼঢ়໌֬Ͱ͋Δɽ͜ͷ͜ͱ͔Βɼχί

νϯґଘʹؔͯ͠Ұఆͷਫ਼Λͭ࣋ྨثͷ࡞Λߦ

͏͜ͱ͕Ͱ͖ͨͱ͑ߟΒΕΔɽ

ͦΕͧΕͷґଘऀͷൃྫݴΛҎԼʹࣔ͢ɽ✓ ✏
( 1 ) ҿΈͨͯͨ͘·Βͳ͍ɺञΛ౪ΜͰ͠·͏͔...

( 2 ) λόί͑ٵͳ͍ΠϥΠϥ

( 3 ) ͋ʙύνϯί͚͍͖ͨߦͲ͓͕ۚͳ͍ʙ Γͨ

͍͜ͱ͕Ͱ͖ͣΠϥΠϥ͢Δ✒ ✑
4. ݁ՌɿґଘऀͷൃݴՄࢹԽ

લষͰ࡞ͨ͠χίνϯґଘͷྨثΛ༻͍ͯɼද

తͳιʔγϟϧϝσΟΞͰ͋Δ Twitter্ͰͷҐஔใ

ྨ͢ΔɽͦͷʹݴΛɼґଘऀͱඇґଘऀͷൃݴൃ͖

݁ՌΛ༻͍ͯɼཧతͷՄࢹԽΛ͏ߦɽ

4.1 ར༻σʔλ

χίνϯґଘͷྨثʹ͔͚Δςετσʔλͱͯ͠ɼ

2011 7݄ʙ2012 7݄ʹ Twitter্ʹ͞ߘΕͨҐஔ

ใ͖πΠʔτ 24,817,903 ݅ͷ͏ͪɼλόίʹؔ͢Δ

Ωʔϫʔυʢʮλόίʯʮͨ͜ʯʮԎʯʮ٤ԎʯͳͲʣ͕

ؚ·ΕɼνΣοΫΠϯαʔϏε Foursquare*4 ͳͲΛ༻͍

ͨҐஔใͷΈͷൃݴΛআ͍ͨ 12,237πΠʔτΛ༻͍Δɽ

ྨثʹΑΔґଘऀͷൃ͕ݟతͰ͋Δ͜ͱ͔ΒɼΑ

Γద߹͕͘ߴͳΔΑ͏ʹྨͷᮢΛ 0.95 ʹઃఆ͠ɼ

*4 https://ja.foursquare.com/

σʔλΛྨͨ͠ɽ͜ͷ݁Ռɼ5,246πΠʔτΛχίνϯ

ґଘऀͷൃݴɼ6,991πΠʔτΛඇґଘऀͷൃݴͱ͠

ͯྨͨ͠ɽ

4.2 Ґஔใʹ͍ͨͮجՄࢹԽͱͦͷߟ

χίνϯґଘऀͷൃݴΛՄࢹԽ͢ΔͨΊʹGoogle

Map API*5 Λ༻͍ͯɼώʔτϚοϓΛඳըͨ͠ɽχίν

ϯґଘऀʹΑΔൃݴΛʙɼχίνϯʹؔ࿈ͨ͠ൃݴ

ͷ͏ͪඇґଘऀʹΑΔൃݴΛೱ੨ʙ୶੨Ͱද͢ݱΔɽ

ਤ 2౦ژશମʹ͓͚Δχίνϯؔ࿈ͷൃݴΛՄ

Խͨ݁͠Ռɼਤࢹ 3େࡕશମʹ͓͚ΔൃݴΛՄࢹ

Խͨ݁͠ՌͰ͋Δɽ

ӺΛத৺ͱͨ͠ൟ՚֗ΛΑΓৄࡉʹࣔͨ͠ਤ 2(a)ͱਤ

3(a)ΛݟΔͱɼඇґଘऀɼґଘऀ྆ऀͱൟ՚֗ͷӺ

Λத৺ͱͨ͠ॴͰͷൃ͕ݴଟ͘ݟΒΕΔɽҰํͰɼґଘ

ऀඇґଘऀҎ্ʹൟ՚֗ͷӺͷத৺෦ʹू·Γ

͍͢Α͏ʹݟΒΕΔɽ͜ΕɼӺߏӺपลͷʹ٤

Ԏॴ͕ଟ͘ݟΒΕΔ͜ͱ͔Βɼґଘऀ͕֎ग़࣌ʹӺपล

ͷ٤Ԏॴʹू·Γ͍͢͜ͱΛ͍ࣔࠦͯ͠Δɽ

ਤ 2(b) ͱਤ 3(b) ͷΑ͏ͳൟ՚֗Ͱͳ͍Ҭʹ͓͍ͯ

ɼґଘऀ·ΒʹࢄΒ͍ͬͯΔɽ͜Εʹର͠ɼඇ

ґଘऀಛʹઢ࿏Ԋ͍ʹଟ͘ݟΒΕΔͱ͍ͬͨಛ͕ݟ

ΒΕΔɽ

5. :ߟ ՄࢹԽͷԠ༻ʹ͍ͭͯ

͜Ε·Ͱɼಓݝ۠ࢢொଜͱ͍ͬͨେ͖ͳ୯Ґʹͭ

͍ͯͷࢦඪʢλόίফඅྔېԎ֎དྷडऀͳͲʣଘ

Α͍ͯͭ͘ʹܭɼͦΕΑΓখ͍͞୯ҐͰͷ౷͕ͨ͠ࡏ

ΒΕ͍ͯͳ͔ͬͨɽ͜ͷΑ͏ͳഎܠͷதɼຊڀݚɼ͜

Ε·ͰΑ͘ΒΕ͍ͯͳ͔ͬͨχίνϯґଘऀͷৄࡉͳ

ҐஔΛಘΔ͜ͱ͕Ͱ͖ͨɽ͜ͷใͷԠ༻ΛຊষͰ͏ߦɽ

ૉʹɼґଘͷྍ࣏ʹ͓͍ͯɼରಉ͡ґଘ

ऀͱͷڑΛऔΔ͜ͱ͕ॏཁͰ͋ΔͨΊɼ͜ͷΛආ͚

Δ͜ͱ͕ޮՌతͰ͋Δɽͦ͜Ͱɼχίνϯґଘऀͷີू

ଳΛආ͚ΔͨΊʹՄࢹԽ݁ՌΛͦͷ··༻͍Δ͜ͱ͕

ʹɽ۩ମత͏ߦͷൺֱΛ࢜ΒΕΔɽͦ͜Ͱɼൟ՚֗ಉ͑ߟ

ɼ৽॓ʹॅΉʹͯ͠ɼଆͱ౦ଆͷͲͪΒ͕Α͍͔ɼ

·ͨɼ৽॓ͱ͕ͲͪΒ͕Α͍͔ɼͱ͍ͬͨใΛऔ

ಘ͢Δɽ

ͦ͜Ͱɼ۠ࢢொଜ·Ͱେ͖͍୯ҐͰͳ͘ɼΩϩϝʔ

τϧఔͷ୯ҐͰՄࢹԽใΛԽ͢Δ͜ͱ͕༗ޮͰ͋

Δɽ༷ʑͳԽͷํ๏͕͑ߟΒΕΔ͕ɼຊڀݚͰɼґ

ଘऀͱඇґଘऀͷૺ۰͢Δׂ߹ΛࢦԽͯ͠Ԏࢦඪ

ͱͯ͠ఆٛ͠ɼ͜ΕΛ༻͍ͯҬؒͷൺֱΛ͏ߦɽ

Ԏࢦඪͷఆٛ

ґଘͷྍ࣏ʹ͓͍ͯɼґଘऀͱͷڑ͕ॏཁͰ͋Δɽ

*5 https://developers.google.com/maps/
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!"#

!$#

ਤ 2 ౦ژͷՄࢹԽɽ(a) ɼ(b)֗ࢢ ඇ֗ࢢɽ

!"#

!$#

ਤ 3 େࡕͷՄࢹԽɽ(a) ɼ(b)֗ࢢ ඇ֗ࢢɽ

ൟ՚֗Ͱɼґଘऀͷൃݴඇґଘऀͷൃݴͱൺֱ͠ɼӺͷத৺෦ʹू·ͬ

Β͍ͬͯΔҰํࢄʹ·ΒݴΒΕΔɽൟ՚֗Ͱͳ͍ҬͰɼґଘऀͷൃݟͯ

Ͱɼඇґଘऀͷൃݴಛʹઢ࿏Ԋ͍ʹଟ͘ݟΒΕΔɽ

ͦ͜Ͱɼ͋ΔҬʹ͓͍ͯɼ࠷͍ۙґଘऀͷڑͷ

ฏۉ (MinDist) ΛҎԼͷࣜʹΑΓٻΊΔɽ

MinDist =

∑
n∈N minp∈P DIST (n, p)

|N |

͜͜ͰɼN ඇґଘऀͷू߹ɼP ґଘऀͷू߹ɼ

DIST (n, p) nͱ pͷڑΛٻΊΔؔͰ͋Δɽ

ͨͩ͠ɼͦͦաૄͳҬͰ͜ͷ͕ඞવతʹେ͖

͘ͳΔɽͦ͜ͰɼҎԼͷΑ͏ʹɼґଘऀɼඇґଘऀʹ

ؔΘΒͣɼ࠷͍ۙਓؒͷฏڑۉͰਖ਼نԽ͢Δ.

NormalizedMinDist =
∑

n∈N

minn∈N DIST (p, n)

mina∈A DIST (n, a)

͜͜ͰɼAൃऀݴͷू߹ʢґଘऀͱඇґଘऀͷू

߹N ∩PʣɼDIST (n, a)  nͱ aͷڑΛٻΊΔؔʢͨ

ͩ͠ɼn = a ʢڑ 0ʣͷ߹আ͘ʣɽ

݁Ռ

͜ͷԎࢦඪͷͷେ͖͞ɼඇґଘऀ͕ͦͷҬ
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Λग़า͘ࡍʹґଘऀͱग़ձ͏֬ͷ͞Λ͢ࢦɽ౦ژ

ؔͷӺΛத৺ͱͨ͠ൟ՚֗ͷԎࢦඪΛࣔͨ݁͠ՌΛද

4ʹࣔ͢ɽ͜ͷ݁Ռ͔Βɼौ୩ӺԎࢦඪ͕͘ߴɼग़า

ґଘऀͱग़ձ͏͕͍֬ҬͰ͋Δͱ͍͑Δɽʹࡍ͘

͜ͷࢦඪͷΑ͏ʹɼൃݴҐஔΛ͋Δఔͷ୯Ґʢ۠ࢢொ

ଜΑΓখ͍͕͞ɼৄࡉͳൃݴҐஔΑΓେ͖ͳ୯ҐʣͰ

ΛΑΓີʹղͱґଘऀͷؔڥΔ͜ͱʹΑΓɼ͢ܭू

͖໌͔͢͜ͱՄͱͳΔͩΖ͏ɽ

͔͠͠ɼਤ 4ʹࣔͨ͠৽ׁݝͷΑ͏ͳաૄɼσʔλ

͕গͳ͘ɼՄࢹԽʹΑͬͯಡΈऔΕΔใ͕গͳ͘ͳΔ

ͱ͍͕ͬͨଘ͢ࡏΔͨΊɼ͍͔ʹσʔλΛ૿Ճͤ͞

Δ͔ͷݕ౼͕ඞཁͱͳΔɽ

ಉ࣌ʹɼ͜ͷԎࢦඪͷଞʹɼґଘऀͷΛࠞ߹

ͱΈͳ͠ɼґଘऀͷूத͍͢͠ΛٻΊΔͳͲɼ

༷ʑͳࢦඪԽ͕͑ߟΒΕɼతσʔλنʹԊͬͨࢦඪ

ͷσβΠϯ͕ޙࠓͷ՝ͱͳΔɽ

ද 4 ӺΛத৺ͱͨ͠ҬͷԎࢦඪ
ɹ ֤ӺΛத৺ͱͨ͠ ɹ

֤ล 1km ਖ਼ํܗͷҬ Ԏࢦඪ

ौ୩Ӻ 5.847

കాӺ 2.791

ାӺ 2.626

৽॓Ӻ 2.094

Ӻژ 2.073

ຊӺ 1.921

Ӻ 1.798

ळ༿ݪӺ 1.707

౦ژӺ 1.675

6. ͓ΘΓʹ

ຊڀݚɼιʔγϟϧϝσΟΞ্ͷґଘऀͱඇґଘ

ऀͷൃݴΛྨ͠ɼՄࢹԽͨ͠ɽ·ͣɼΫϥυιʔγ

ϯά͔ΒಘΒΕٖͨࣅπΠʔτσʔλΛֶशσʔλͱ͠ɼ

Recurrent Convolutional Neural NetworkΛ༻͍ͯྨث

Λߏஙͨ͠ɽ࣍ʹɼ͜ΕΛ༻͍ͯɼҐஔใ͖πΠʔτ

12,237݅Λґଘऀͱඇґଘऀͷൃݴʹྨ͠ɼਤ্

ʹՄࢹԽͨ͠ɽχίνϯґଘΛରʹ࣮ͨ͠ݧͰɼ٤

ԎऀͷதͰχίνϯґଘऀͷൃݴӺΛத৺ͱͨ͠ൟ

՚֗ʹू·ΔͳͲɼײతʹଥͳ݁Ռ͕ಘΒΕͨɽ

ͱɼ্ͷਫ਼ͷثɼֶशσʔλͷվળʹΑΔྨޙࠓ

ͦͷࢦඪԽ͕՝Ͱ͋Δɽ

ँࣙ

ຊڀݚͷҰ෦ɼຊҩྍڀݚ։ൃڀݚߏػඅ ৽ڵɾ࠶

ʢ՝൪ۀࣄڀݚછʹର͢Δֵ৽తҩༀ։ൃਪਐײڵ

߸ɿ16768699ʣɼઓུతใ௨৴ڀݚ։ൃਪਐۀࣄʢSCOPEʣ

ʢ՝൪߸ɿ17934316ʣɼJSPSՊݚඅ JP16K16057 ͓Αͼ

JST ACT-I ͷࢧԉΛड͚ͨͷͰ͢ɽ
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