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Mining  Human  Mobility  Data
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2015-‐5-‐10	  9:00	  (43.778,	  11.250)	  

2015-‐5-‐10	  12:49	  (43.777,	  11.259)	  

2015-‐5-‐12	  21:00	  (43.773,	  11.261)	  

2015-‐5-‐13	  19:01	  (43.768,	  11.255)	  

•  Human	  Mobility	  Data	  
•  A	  sequence	  of	  Ume-‐stamped	  GPS	  
coordinates	  

•  Mobile	  phones,	  GPS	  on	  vehicles,	  locaUon-‐
based	  services	  

•  Literature:	  Mining	  raw	  mobility	  data	  
•  E.g.,	  Regularity	  in	  movements	  (González	  et	  al.,	  2008;	  

Song	  et	  al.,	  2010;	  Li	  et	  al.,	  2010),	  Frequent	  pa^ern	  
(Mamoulis	  et	  al.,	  2004;	  Gianno_	  et	  al.,	  2007)	  

•  Do	  not	  consider	  the	  spaUal	  context	  of	  
locaUons	  



Ul&mate  Objec&ve:  Seman&cally  Understand  
Mobility  Data

Visit  Fortezza  da  Basso  to  aCend  WWW’15

3	  

Raw	  LocaUon	  Traces	  

ApplicaUons:	  
1. User	  targeUng	  and	  profiling	  
•  Provide	  WWW	  relevant	  

informaUon	  
•  Conferences	  &	  universiUes	  à	  

academic	  person	  
2.  Social	  science	  applicaUon	  

2015-‐5-‐18	  14:00	  	  
(43.778,	  11.250)	  

SemanUcs	  
what	  the	  person	  is	  doing	  at	  that	  locaUon	  



Ul&mate  Objec&ve:  Seman&cally  Understand  
Mobility  Data

SemanUcs	  
what	  the	  person	  is	  doing	  at	  that	  locaUon	  
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Raw	  LocaUon	  Traces	  

A	  very	  hard	  problem:	  
•  What	  is	  the	  true	  desUnaUon?	  

	  conference	  venue	  or	  train	  staUon	  
•  Which	  event	  is	  a^ending?	  

	  WWW	  or	  daily	  work	  
•  Sparse	  observaUons	  

1-‐2	  points	  in	  3-‐5	  days	  

2015-‐5-‐18	  14:00	  	  
(43.778,	  11.250)	  



A  First  Step  Towards  Seman&cally  Understand  
Mobility  Data

2015-‐5-‐18  14:00  (43.778,  11.250)

SemanUcs	  (a	  sub-‐problem)	  
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Raw	  LocaUon	  Traces	  

1.  Look	  at	  a	  single	  locaUon	  record	  
2.  Use	  some	  words	  to	  describe	  that	  record	  

QuesUons:	  
1. How	  to	  know	  what	  is	  happening	  at	  this	  
place?	  à	  geo-‐tagged	  social	  media	  

2. How	  to	  define	  the	  relevance	  of	  POI/
event	  to	  the	  query	  locaUon?	  à	  looking	  
for	  the	  right	  spaUal	  model	  



Problem  Defini&on:  Seman&c  Annota&on  of  
Loca&on  Records
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Baseline  Method:  Frequency-‐Based  Method
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•  Count	  frequency	  of	  nearby	  words	  
•  Did	  not	  consider	  the	  distance	  

from	  the	  user	  locaUon	  to	  the	  
center	  of	  the	  word	  

•  Need	  to	  set	  a	  threshold	  to	  define	  
“nearby”	  

An	  example	  illustraUng	  the	  problem	  of	  frequency	  based	  methods.	  The	  true	  user's	  intenUon	  of	  this	  
locaUon	  record	  is	  to	  a'end	  the	  Game	  of	  Thrones	  event.	  But	  since	  MOMA	  is	  a	  more	  popular	  venue	  
nearby,	  frequency-‐based	  methods	  will	  incorrectly	  use	  words	  “moma"	  and	  modern"	  for	  annotaUon.	  



Baseline  Method:  Gaussian  Mixture  Model

• Cons:	  (1)	  need	  to	  set	  parameter	  K;	  K	  may	  vary	  for	  different	  words	  at	  
different	  locaUons.	  (2)	  Gaussian	  distribuUon	  may	  not	  be	  the	  true	  
underlying	  distribuUons	  	  
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Word	  distribuUon	  for	  word	  
“museum”	  in	  NYC.	  The	  
distribuUon	  is	  quite	  skewed	  
at	  specific	  locaUons	  and	  
does	  not	  follow	  Gaussian	  

An	  example	  
of	  mixture	  of	  
2	  Gaussian	  

Ler	  figure	  from:	  h^p://scikit-‐learn.org/stable/modules/mixture.html	  



A  more  suitable  model  –  Kernel  Density  
Es&ma&on
• A	  non-‐parametric	  distribuUon	  model	  

•  Check-‐in	  distribuUon	  (Zhang	  et	  al.,	  2013),	  
(Lichman	  et	  al.,	  2014):	  demonstrate	  the	  
effecUveness	  over	  Gaussian	  models	  
•  Animal’s	  home	  range	  (Worton	  et	  al.,	  
1989),	  Epidemiology	  (Bithell,	  1990),	  
MarkeUng	  (Donthu	  and	  Rust,	  1989)	  
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Figure	  from	  Wikipedia	  

f̂h(x) =
1

n

nX

i=1

Kh(x� xi) =
1

nh

nX

i=1

K

⇣
x� xi

h

⌘

Kernel	  funcUon	  (e.g.,	  Gaussian)	  



KDE:  parameter  h  controls  the  “sharpness”  of  
spa&al  distribu&on
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distribuUon	  for	  word	  “museum”	  

h=0.01	   h=0.003	   h=0.001	  



Experiment  Secng

• Use	  geo-‐tagged	  tweets	  from	  crowd	  as	  spaUal	  context	  
• Select	  some	  check-‐in	  tweets	  as	  the	  “ground	  truth”	  

City	   #Tes<ng	  
Tweets	  

#Crowd	  tweets	   Time	  range	  

New	  York	  City	  (NYC)	   1,540	   15,612,712	   11/2012-‐7/2013	  
Chicago	  (CHI)	   697	   11,269,220	   10/2011-‐7/2013	  

Los	  Angeles	  (LA)	   623	   10,989,333	   11/2012-‐7/2013	  

	  	  	  	  	  LETS	  GO	  RANGERS	  (@	  Madison	  Square	  Garden	  for	  Pi^sburgh	  Penguins	  vs	  
New	  York	  Rangers	  w/	  60	  others)	  at	  Ume	  2013-‐4-‐20	  19:00	  
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Comparison  with  Baseline  Methods
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•  FREQ:	  Rank	  words	  based	  on	  frequency	  
•  TFIDF:	  Frequency	  weighted	  by	  IDF	  
•  GMM:	  Gaussian	  Mixture	  Model	  
•  KDE:	  Kernel	  Density	  EsUmaUon	  (our	  method)	  

NYC	  



Comparison  with  Baseline  Methods
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•  FREQ:	  Rank	  words	  based	  on	  frequency	  
•  TFIDF:	  Frequency	  weighted	  by	  IDF	  
•  GMM:	  Gaussian	  Mixture	  Model	  
•  KDE:	  Kernel	  Density	  EsUmaUon	  (our	  method)	  
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Related  Work  for  Comparison:  Local  Words

• Local	  word	  (highly	  skewed	  in	  
spaUal	  distribuUon)	  
1.  Measure	  the	  locality	  score	  of	  

each	  word	  using	  method	  
(Backstrom	  et	  al.,	  2008;	  
Cheng	  et	  al.,	  2010)	  

2.  Filter	  non-‐local	  words	  with	  
score	  lower	  than	  ξ	  
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Related  Work  for  Comparison:  Local  Words

•  Local	  word	  detecUon	  as	  a	  filter	  
• Conclusion:	  	  

1.  Local	  word	  may	  filter	  the	  
true	  local	  words	  w.r.t	  a	  
query	  locaUon	  

2.  There	  is	  no	  need	  to	  apply	  
local	  word	  filter	  because	  
KDE	  already	  captures	  the	  
locality	  at	  a	  given	  locaUon	  
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Word	  “knicks”	  is	  considered	  as	  a	  non	  local	  word	  
because	  people	  watching	  games	  at	  home/bar	  are	  
also	  talking	  about	  “knicks”.	  But	  “knicks”	  should	  
be	  the	  annotaUon	  words	  for	  people	  at	  the	  arena	  

SpaUal	  distribuUon	  of	  “knicks”	  



Related  Work  for  Comparison:  Seman&c  
Trajectory

• SemanUc	  trajectory	  annotaUon	  
• Map	  the	  locaUon	  to	  the	  nearest	  Point-‐Of-‐
Interest	  (Yan	  et	  al.,	  2011;	  Bogorny	  et	  al.,	  2014)	  

• Cons:	  	  
1.  does	  not	  capture	  the	  dynamic	  event	  

informaUon	  from	  the	  social	  media	  
2.  the	  nearest	  POI	  might	  not	  be	  the	  true	  

desUnaUon	  

16	  
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(d)$Tweets$as$ground$truth:$
r1:$Daddy's$home!!!!$LETS$GO$RANGERS$(@$Madison$Square$Garden$for$PiBsburgh$Penguins$vs$New$York$Rangers)$[pic]:$hBp://t.co/cUYIVcRx$
r2:$I'm$at$Barclays$Center$for$San$Antonio$Spurs$vs$Brooklyn$Nets$(Brooklyn,$NY)$w/$69$others$hBp://t.co/UgJxCvlX$
r3:$Let's$do$it.$(@$Madison$Square$Garden$_$@thegarden$for$@washcaps$vs$@NYRangers$w/$44$others)$hBp://t.co/oaaE4f1t9n$
r4:$with$@jedafrank$(@$Game$Of$Thrones$Exhibibon$w/$14$others)$hBp://t.co/U5ztm1RWRu$
r5:$I'm$at$Yankee$Stadium$_$@mlb$for$Arizona$Diamondbacks$vs$New$York$Yankees$(Bronx,$NY)$w/$129$others$[pic]:$hBp://t.co/MnHVcn170P$
r6:$I'm$at$Yankee$Stadium$_$@mlb$for$Cleveland$Indians$vs$New$York$Yankees$(Bronx,$NY)$w/$143$others$hBp://t.co/KTidl9wtEv$

(a)$Annota3on$documents$using$tweets$(our$method)$

r1:$(40.7505,$_73.9934),$$
$$$$$$$$$$$$$$1/20/13$

Word$ Relevance$
Score$

garden$ 152$

madison$ 146$

square$ 144$

rangers$ 99$

penguins$ 58$

r2:$(40.6831,$_73.9760),$$
$$$$$$$$$$$$$$2/10/13$

Word$ Relevance$
Score$

barclays$ 123$

center$ 120$

nets$ 83$

spurs$ 73$

san$ 40$

r3:$(40.7505,$_73.9934),$$
$$$$$$$$$$$$$$3/24/13$
Word$ Relevance$

Score$

garden$ 79$

madison$ 77$

square$ 76$

nyr$ 51$

rangers$ 44$

r4:$(40.7634,$_73.9748),$$
$$$$$$$$$$$$$$3/28/13$

Word$ Relevance$
Score$

game$ 33$

thrones$ 32$

apple$ 4$

store$ 3$

plaza$ 3$

r5:$(40.8295,$_73.9270),$$
$$$$$$$$$$$$$$4/18/13$

Word$ Relevance$
Score$

yankee$ 152$

stadium$ 142$

yankees$ 94$

others$ 38$

bronx$ 36$

Word$ Relevance$
Score$

yankee$ 155$

stadium$ 148$

yankees$ 108$

indians$ 48$

game$ 43$

r6:$(40.8295,$_73.9269),$$
$$$$$$$$$$$$$$6/5/13$

r5,$r6$

r1,r3$

r2$

r4$

(b)$Loca3ons$on$the$map$

POI$ Distance$

Madison$Square$
Garden$

3$

Aunbe$Anne’s$
Pretzels$

9$

Forest$Electric$
Corporabon$

16$

Aunbe$Anne’s$
Pretzels$

21$

Event$Bar$ 31$

(c)$Annota3on$by$sta3c$POI$informa3on$(method$for$comparison)$
r1$,$r3:$(40.7505,$_73.9934)$$

POI$ Distance$

Barclays$Center$ 72$

Burlington$Coat$
Factory$

79$

Jean_Bapbste$Gary$
E$MD$

84$

Nabonal$Vision$ 98$

Wellness$Center$ 99$

r2:$(40.6831,$_73.9760)$

POI$ Distance$

New$York$Yankees$ 34$

Yankees$Audi$Club$ 37$

Johnny$Rockets$ 64$

Yankee$Stadium$ 78$

Apple$Bank$For$
Saving$

129$

r5$,$r6:$(40.8259,$_73.9269)$$

POI$ Distance$

ManhaBan$Dental$
Health$

9$

Och_Ziff$Capital$
Management$Group$

23$

Oz$Management$
Group$

23$

Summit$Rock$
Advisors$

23$

Ingres$Corporabon$ 23$

r4:$(40.7634,$_73.9748)$

Case	  study	  for	  a	  user	  A	  
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Word$ Relevance$
Score$

yankee$ 152$

stadium$ 142$

yankees$ 94$

others$ 38$

bronx$ 36$

Word$ Relevance$
Score$

yankee$ 155$

stadium$ 148$

yankees$ 108$

indians$ 48$

game$ 43$

r6:$(40.8295,$_73.9269),$$
$$$$$$$$$$$$$$6/5/13$

r5,$r6$

r1,r3$

r2$

r4$

(b)$Loca3ons$on$the$map$

POI$ Distance$

Madison$Square$
Garden$

3$

Aunbe$Anne’s$
Pretzels$

9$

Forest$Electric$
Corporabon$

16$

Aunbe$Anne’s$
Pretzels$

21$

Event$Bar$ 31$

(c)$Annota3on$by$sta3c$POI$informa3on$(method$for$comparison)$
r1$,$r3:$(40.7505,$_73.9934)$$

POI$ Distance$

Barclays$Center$ 72$

Burlington$Coat$
Factory$

79$

Jean_Bapbste$Gary$
E$MD$

84$

Nabonal$Vision$ 98$

Wellness$Center$ 99$

r2:$(40.6831,$_73.9760)$

POI$ Distance$

New$York$Yankees$ 34$

Yankees$Audi$Club$ 37$

Johnny$Rockets$ 64$

Yankee$Stadium$ 78$

Apple$Bank$For$
Saving$

129$

r5$,$r6:$(40.8259,$_73.9269)$$

POI$ Distance$

ManhaBan$Dental$
Health$

9$

Och_Ziff$Capital$
Management$Group$

23$

Oz$Management$
Group$

23$

Summit$Rock$
Advisors$

23$

Ingres$Corporabon$ 23$

r4:$(40.7634,$_73.9748)$

(d)$Tweets$as$ground$truth:$
r1:$Daddy's$home!!!!$LETS$GO$RANGERS$(@$Madison$Square$Garden$for$PiBsburgh$Penguins$vs$New$York$Rangers)$[pic]:$hBp://t.co/cUYIVcRx$
r2:$I'm$at$Barclays$Center$for$San$Antonio$Spurs$vs$Brooklyn$Nets$(Brooklyn,$NY)$w/$69$others$hBp://t.co/UgJxCvlX$
r3:$Let's$do$it.$(@$Madison$Square$Garden$_$@thegarden$for$@washcaps$vs$@NYRangers$w/$44$others)$hBp://t.co/oaaE4f1t9n$
r4:$with$@jedafrank$(@$Game$Of$Thrones$Exhibibon$w/$14$others)$hBp://t.co/U5ztm1RWRu$
r5:$I'm$at$Yankee$Stadium$_$@mlb$for$Arizona$Diamondbacks$vs$New$York$Yankees$(Bronx,$NY)$w/$129$others$[pic]:$hBp://t.co/MnHVcn170P$
r6:$I'm$at$Yankee$Stadium$_$@mlb$for$Cleveland$Indians$vs$New$York$Yankees$(Bronx,$NY)$w/$143$others$hBp://t.co/KTidl9wtEv$

(a)$Annota3on$documents$using$tweets$(our$method)$

r1:$(40.7505,$_73.9934),$$
$$$$$$$$$$$$$$1/20/13$

Word$ Relevance$
Score$

garden$ 152$

madison$ 146$

square$ 144$

rangers$ 99$

penguins$ 58$

r2:$(40.6831,$_73.9760),$$
$$$$$$$$$$$$$$2/10/13$

Word$ Relevance$
Score$

barclays$ 123$

center$ 120$

nets$ 83$

spurs$ 73$

san$ 40$

r3:$(40.7505,$_73.9934),$$
$$$$$$$$$$$$$$3/24/13$
Word$ Relevance$

Score$

garden$ 79$

madison$ 77$

square$ 76$

nyr$ 51$

rangers$ 44$

r4:$(40.7634,$_73.9748),$$
$$$$$$$$$$$$$$3/28/13$

Word$ Relevance$
Score$

game$ 33$

thrones$ 32$

apple$ 4$

store$ 3$

plaza$ 3$

r5:$(40.8295,$_73.9270),$$
$$$$$$$$$$$$$$4/18/13$

Word$ Relevance$
Score$

yankee$ 152$

stadium$ 142$

yankees$ 94$

others$ 38$

bronx$ 36$

Word$ Relevance$
Score$

yankee$ 155$

stadium$ 148$

yankees$ 108$

indians$ 48$

game$ 43$

r6:$(40.8295,$_73.9269),$$
$$$$$$$$$$$$$$6/5/13$

r5,$r6$

r1,r3$

r2$

r4$

(b)$Loca3ons$on$the$map$

POI$ Distance$

Madison$Square$
Garden$

3$

Aunbe$Anne’s$
Pretzels$

9$

Forest$Electric$
Corporabon$

16$

Aunbe$Anne’s$
Pretzels$

21$

Event$Bar$ 31$

(c)$Annota3on$by$sta3c$POI$informa3on$(method$for$comparison)$
r1$,$r3:$(40.7505,$_73.9934)$$

POI$ Distance$

Barclays$Center$ 72$

Burlington$Coat$
Factory$

79$

Jean_Bapbste$Gary$
E$MD$

84$

Nabonal$Vision$ 98$

Wellness$Center$ 99$

r2:$(40.6831,$_73.9760)$

POI$ Distance$

New$York$Yankees$ 34$

Yankees$Audi$Club$ 37$

Johnny$Rockets$ 64$

Yankee$Stadium$ 78$

Apple$Bank$For$
Saving$

129$

r5$,$r6:$(40.8259,$_73.9269)$$

POI$ Distance$

ManhaBan$Dental$
Health$

9$

Och_Ziff$Capital$
Management$Group$

23$

Oz$Management$
Group$

23$

Summit$Rock$
Advisors$

23$

Ingres$Corporabon$ 23$

r4:$(40.7634,$_73.9748)$

(d)$Tweets$as$ground$truth:$
r1:$Daddy's$home!!!!$LETS$GO$RANGERS$(@$Madison$Square$Garden$for$PiBsburgh$Penguins$vs$New$York$Rangers)$[pic]:$hBp://t.co/cUYIVcRx$
r2:$I'm$at$Barclays$Center$for$San$Antonio$Spurs$vs$Brooklyn$Nets$(Brooklyn,$NY)$w/$69$others$hBp://t.co/UgJxCvlX$
r3:$Let's$do$it.$(@$Madison$Square$Garden$_$@thegarden$for$@washcaps$vs$@NYRangers$w/$44$others)$hBp://t.co/oaaE4f1t9n$
r4:$with$@jedafrank$(@$Game$Of$Thrones$Exhibibon$w/$14$others)$hBp://t.co/U5ztm1RWRu$
r5:$I'm$at$Yankee$Stadium$_$@mlb$for$Arizona$Diamondbacks$vs$New$York$Yankees$(Bronx,$NY)$w/$129$others$[pic]:$hBp://t.co/MnHVcn170P$
r6:$I'm$at$Yankee$Stadium$_$@mlb$for$Cleveland$Indians$vs$New$York$Yankees$(Bronx,$NY)$w/$143$others$hBp://t.co/KTidl9wtEv$

(a)$Annota3on$documents$using$tweets$(our$method)$

r1:$(40.7505,$_73.9934),$$
$$$$$$$$$$$$$$1/20/13$

Word$ Relevance$
Score$

garden$ 152$

madison$ 146$

square$ 144$

rangers$ 99$

penguins$ 58$

r2:$(40.6831,$_73.9760),$$
$$$$$$$$$$$$$$2/10/13$

Word$ Relevance$
Score$

barclays$ 123$

center$ 120$

nets$ 83$

spurs$ 73$

san$ 40$

r3:$(40.7505,$_73.9934),$$
$$$$$$$$$$$$$$3/24/13$
Word$ Relevance$

Score$

garden$ 79$

madison$ 77$

square$ 76$

nyr$ 51$

rangers$ 44$

r4:$(40.7634,$_73.9748),$$
$$$$$$$$$$$$$$3/28/13$

Word$ Relevance$
Score$

game$ 33$

thrones$ 32$

apple$ 4$

store$ 3$

plaza$ 3$

r5:$(40.8295,$_73.9270),$$
$$$$$$$$$$$$$$4/18/13$

Word$ Relevance$
Score$

yankee$ 152$

stadium$ 142$

yankees$ 94$

others$ 38$

bronx$ 36$

Word$ Relevance$
Score$

yankee$ 155$

stadium$ 148$

yankees$ 108$

indians$ 48$

game$ 43$

r6:$(40.8295,$_73.9269),$$
$$$$$$$$$$$$$$6/5/13$

r5,$r6$

r1,r3$

r2$

r4$

(b)$Loca3ons$on$the$map$

POI$ Distance$

Madison$Square$
Garden$

3$

Aunbe$Anne’s$
Pretzels$

9$

Forest$Electric$
Corporabon$

16$

Aunbe$Anne’s$
Pretzels$

21$

Event$Bar$ 31$

(c)$Annota3on$by$sta3c$POI$informa3on$(method$for$comparison)$
r1$,$r3:$(40.7505,$_73.9934)$$

POI$ Distance$

Barclays$Center$ 72$

Burlington$Coat$
Factory$

79$

Jean_Bapbste$Gary$
E$MD$

84$

Nabonal$Vision$ 98$

Wellness$Center$ 99$

r2:$(40.6831,$_73.9760)$

POI$ Distance$

New$York$Yankees$ 34$

Yankees$Audi$Club$ 37$

Johnny$Rockets$ 64$

Yankee$Stadium$ 78$

Apple$Bank$For$
Saving$

129$

r5$,$r6:$(40.8259,$_73.9269)$$

POI$ Distance$

ManhaBan$Dental$
Health$

9$

Och_Ziff$Capital$
Management$Group$

23$

Oz$Management$
Group$

23$

Summit$Rock$
Advisors$

23$

Ingres$Corporabon$ 23$

r4:$(40.7634,$_73.9748)$

Annotated	  words(our	  method)	   Annotated	  by	  closest	  POI	  
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(d)$Tweets$as$ground$truth:$
r1:$Daddy's$home!!!!$LETS$GO$RANGERS$(@$Madison$Square$Garden$for$PiBsburgh$Penguins$vs$New$York$Rangers)$[pic]:$hBp://t.co/cUYIVcRx$
r2:$I'm$at$Barclays$Center$for$San$Antonio$Spurs$vs$Brooklyn$Nets$(Brooklyn,$NY)$w/$69$others$hBp://t.co/UgJxCvlX$
r3:$Let's$do$it.$(@$Madison$Square$Garden$_$@thegarden$for$@washcaps$vs$@NYRangers$w/$44$others)$hBp://t.co/oaaE4f1t9n$
r4:$with$@jedafrank$(@$Game$Of$Thrones$Exhibibon$w/$14$others)$hBp://t.co/U5ztm1RWRu$
r5:$I'm$at$Yankee$Stadium$_$@mlb$for$Arizona$Diamondbacks$vs$New$York$Yankees$(Bronx,$NY)$w/$129$others$[pic]:$hBp://t.co/MnHVcn170P$
r6:$I'm$at$Yankee$Stadium$_$@mlb$for$Cleveland$Indians$vs$New$York$Yankees$(Bronx,$NY)$w/$143$others$hBp://t.co/KTidl9wtEv$

(a)$Annota3on$documents$using$tweets$(our$method)$

r1:$(40.7505,$_73.9934),$$
$$$$$$$$$$$$$$1/20/13$

Word$ Relevance$
Score$

garden$ 152$

madison$ 146$

square$ 144$

rangers$ 99$

penguins$ 58$

r2:$(40.6831,$_73.9760),$$
$$$$$$$$$$$$$$2/10/13$

Word$ Relevance$
Score$

barclays$ 123$

center$ 120$

nets$ 83$

spurs$ 73$

san$ 40$

r3:$(40.7505,$_73.9934),$$
$$$$$$$$$$$$$$3/24/13$
Word$ Relevance$

Score$

garden$ 79$

madison$ 77$

square$ 76$

nyr$ 51$

rangers$ 44$

r4:$(40.7634,$_73.9748),$$
$$$$$$$$$$$$$$3/28/13$

Word$ Relevance$
Score$

game$ 33$

thrones$ 32$

apple$ 4$

store$ 3$

plaza$ 3$

r5:$(40.8295,$_73.9270),$$
$$$$$$$$$$$$$$4/18/13$

Word$ Relevance$
Score$

yankee$ 152$

stadium$ 142$

yankees$ 94$

others$ 38$

bronx$ 36$

Word$ Relevance$
Score$

yankee$ 155$

stadium$ 148$

yankees$ 108$

indians$ 48$

game$ 43$

r6:$(40.8295,$_73.9269),$$
$$$$$$$$$$$$$$6/5/13$

r5,$r6$

r1,r3$

r2$

r4$

(b)$Loca3ons$on$the$map$

POI$ Distance$

Madison$Square$
Garden$

3$

Aunbe$Anne’s$
Pretzels$

9$

Forest$Electric$
Corporabon$

16$

Aunbe$Anne’s$
Pretzels$

21$

Event$Bar$ 31$

(c)$Annota3on$by$sta3c$POI$informa3on$(method$for$comparison)$
r1$,$r3:$(40.7505,$_73.9934)$$

POI$ Distance$

Barclays$Center$ 72$

Burlington$Coat$
Factory$

79$

Jean_Bapbste$Gary$
E$MD$

84$

Nabonal$Vision$ 98$

Wellness$Center$ 99$

r2:$(40.6831,$_73.9760)$

POI$ Distance$

New$York$Yankees$ 34$

Yankees$Audi$Club$ 37$

Johnny$Rockets$ 64$

Yankee$Stadium$ 78$

Apple$Bank$For$
Saving$

129$

r5$,$r6:$(40.8259,$_73.9269)$$

POI$ Distance$

ManhaBan$Dental$
Health$

9$

Och_Ziff$Capital$
Management$Group$

23$

Oz$Management$
Group$

23$

Summit$Rock$
Advisors$

23$

Ingres$Corporabon$ 23$

r4:$(40.7634,$_73.9748)$

Case	  study	  for	  a	  user	  A	  



20	  

Case	  study	  for	  a	  user	  B	  

(d)$Tweets$as$ground$truth:$
r1:$katyperry$@$Museum$of$Modern$Art$(MoMA)$h8p://t.co/j9ql2faeRw$
r2:$.emmyrossum$#MetGala$#PunkFashion$@$The$Metropolitan$Museum$of$Art$h8p://t.co/T11YQfm6KG$$
r3:$@minkakelly$#foxupfront$@$Wollman$Park$h8p://t.co/56dcTzx5YJA$
r4:$@bearpascoee$@4sUllrunning$@ruebenrandle$#bleachercreatures$$#rollcall$$yankees$#204$@$Yankee$Staduim$h8p://t.co/PIGxyatsF9$$
r5:$#photoday$yankees$@$Yankee$Stadium$h8p://t.co/ySy2uHTrDh$
r6:$@djafrojack$KineUc$Field$@$edc_lasvegas$@insomniac$#edcny$@$CiU$Field$h8p://t.co/dGADzm1911$

(a)$Annota3on$documents$using$tweets$(our$method)$

r1:$(40.7583,$b73.9854),$$
$$$$$$$$$$$$$$5/5/13$

Word$ Relevance$
Score$

museum$ 25$

art$ 24$

publicar$ 2$

much$ 2$

creaUve$ 2$

r2:$(40.778,$b73.962),$$
$$$$$$$$$$$$$$5/6/13$

Word$ Relevance$
Score$

art$ 68$

metropolitan$ 66$

museum$ 65$

metgala$ 29$

met$ 24$

r3:$(40.7684,$b73.9745),$$
$$$$$$$$$$$$$$5/13/13$

Word$ Relevanc
e$Score$

ice$ 13$

fox$ 13$

upfront$ 6$

central$ 5$

centralpark$ 2$

r4:$(40.8294,$b73.9269),$$
$$$$$$$$$$$$$$5/15/13$

Word$ Relevance$
Score$

yankee$ 223$

stadium$ 208$

yankees$ 88$

bronx$ 52$

america$ 32$

r5:$(40.8295,$b73.9269),$$
$$$$$$$$$$$$$$4/18/13$

Word$ Relevance$
Score$

yankee$ 183$

stadium$ 169$

yankees$ 31$

bronx$ 30$

baseball$ 8$

Word$ Relevance$
Score$

field$ 106$

ciU$ 102$

edcny$ 68$

edc$ 67$

edm$ 31$

r6:$(40.7564,$b73.8460),$$
$$$$$$$$$$$$$$6/5/13$

(b)$Loca3ons$on$the$map$

POI$ Distance$

Forever$21$ 26$

Disney$Store$ 26$

Hodgson$Russ$LLP$ 30$

00$Commercial$Blinds$ 33$

New$York$Society$of$
Security$analysts$

35$

(c)$Annota3on$by$sta3c$POI$informa3on$(method$for$comparison)$
r1$:$(40.7583,$b73.9854)$$

POI$ Distance$

995$Figh$Avenue$ 56$

Frank$E.$Campbell$–$
The$Funeral$$Chapel$

56$

Thomas$W.$Loeb,$
MD$

59$

Olive$&$Be8es$ 70$

Universal$Funeral$
Chapel$

70$

r2:$(40.778,$b73.962)$

POI$ Distance$

Victorian$Garden$
Amusement$Park$

66$

Wollman$Ice$SkaUng$
Park$

70$

Central$Park$
Carousel$

174$

Central$Park$Zoo$ 174$

The$Arsenal$ 282$

r3:$(40.7684,$b73.9745)$$

POI$ Distance$

CiU$Field$ 9$

Shea$Stadium$Home$
Run$Apple$

138$

Mama’s$of$Corona$ 151$

Mets$Plaza$ 170$

NYC$Parks$&$
RecreaUon$

183$

r6:$(40.7564,$b73.8460)$

*r4,r5:$(40.8295,$b73.9269):$$AnnotaUon$by$POI$is$the$same$as$r5,$r6$$in$Figure$7.$$
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Case	  study	  for	  a	  user	  B	  

(d)$Tweets$as$ground$truth:$
r1:$katyperry$@$Museum$of$Modern$Art$(MoMA)$h8p://t.co/j9ql2faeRw$
r2:$.emmyrossum$#MetGala$#PunkFashion$@$The$Metropolitan$Museum$of$Art$h8p://t.co/T11YQfm6KG$$
r3:$@minkakelly$#foxupfront$@$Wollman$Park$h8p://t.co/56dcTzx5YJA$
r4:$@bearpascoee$@4sUllrunning$@ruebenrandle$#bleachercreatures$$#rollcall$$yankees$#204$@$Yankee$Staduim$h8p://t.co/PIGxyatsF9$$
r5:$#photoday$yankees$@$Yankee$Stadium$h8p://t.co/ySy2uHTrDh$
r6:$@djafrojack$KineUc$Field$@$edc_lasvegas$@insomniac$#edcny$@$CiU$Field$h8p://t.co/dGADzm1911$

(a)$Annota3on$documents$using$tweets$(our$method)$

r1:$(40.7583,$b73.9854),$$
$$$$$$$$$$$$$$5/5/13$

Word$ Relevance$
Score$

museum$ 25$

art$ 24$

publicar$ 2$

much$ 2$

creaUve$ 2$

r2:$(40.778,$b73.962),$$
$$$$$$$$$$$$$$5/6/13$

Word$ Relevance$
Score$

art$ 68$

metropolitan$ 66$

museum$ 65$

metgala$ 29$

met$ 24$

r3:$(40.7684,$b73.9745),$$
$$$$$$$$$$$$$$5/13/13$

Word$ Relevanc
e$Score$

ice$ 13$

fox$ 13$

upfront$ 6$

central$ 5$

centralpark$ 2$

r4:$(40.8294,$b73.9269),$$
$$$$$$$$$$$$$$5/15/13$

Word$ Relevance$
Score$

yankee$ 223$

stadium$ 208$

yankees$ 88$

bronx$ 52$

america$ 32$

r5:$(40.8295,$b73.9269),$$
$$$$$$$$$$$$$$4/18/13$

Word$ Relevance$
Score$

yankee$ 183$

stadium$ 169$

yankees$ 31$

bronx$ 30$

baseball$ 8$

Word$ Relevance$
Score$

field$ 106$

ciU$ 102$

edcny$ 68$

edc$ 67$

edm$ 31$

r6:$(40.7564,$b73.8460),$$
$$$$$$$$$$$$$$6/5/13$

(b)$Loca3ons$on$the$map$

POI$ Distance$

Forever$21$ 26$

Disney$Store$ 26$

Hodgson$Russ$LLP$ 30$

00$Commercial$Blinds$ 33$

New$York$Society$of$
Security$analysts$

35$

(c)$Annota3on$by$sta3c$POI$informa3on$(method$for$comparison)$
r1$:$(40.7583,$b73.9854)$$

POI$ Distance$

995$Figh$Avenue$ 56$

Frank$E.$Campbell$–$
The$Funeral$$Chapel$

56$

Thomas$W.$Loeb,$
MD$

59$

Olive$&$Be8es$ 70$

Universal$Funeral$
Chapel$

70$

r2:$(40.778,$b73.962)$

POI$ Distance$

Victorian$Garden$
Amusement$Park$

66$

Wollman$Ice$SkaUng$
Park$

70$

Central$Park$
Carousel$

174$

Central$Park$Zoo$ 174$

The$Arsenal$ 282$

r3:$(40.7684,$b73.9745)$$

POI$ Distance$

CiU$Field$ 9$

Shea$Stadium$Home$
Run$Apple$

138$

Mama’s$of$Corona$ 151$

Mets$Plaza$ 170$

NYC$Parks$&$
RecreaUon$

183$

r6:$(40.7564,$b73.8460)$

*r4,r5:$(40.8295,$b73.9269):$$AnnotaUon$by$POI$is$the$same$as$r5,$r6$$in$Figure$7.$$

(d)$Tweets$as$ground$truth:$
r1:$katyperry$@$Museum$of$Modern$Art$(MoMA)$h8p://t.co/j9ql2faeRw$
r2:$.emmyrossum$#MetGala$#PunkFashion$@$The$Metropolitan$Museum$of$Art$h8p://t.co/T11YQfm6KG$$
r3:$@minkakelly$#foxupfront$@$Wollman$Park$h8p://t.co/56dcTzx5YJA$
r4:$@bearpascoee$@4sUllrunning$@ruebenrandle$#bleachercreatures$$#rollcall$$yankees$#204$@$Yankee$Staduim$h8p://t.co/PIGxyatsF9$$
r5:$#photoday$yankees$@$Yankee$Stadium$h8p://t.co/ySy2uHTrDh$
r6:$@djafrojack$KineUc$Field$@$edc_lasvegas$@insomniac$#edcny$@$CiU$Field$h8p://t.co/dGADzm1911$

(a)$Annota3on$documents$using$tweets$(our$method)$

r1:$(40.7583,$b73.9854),$$
$$$$$$$$$$$$$$5/5/13$

Word$ Relevance$
Score$

museum$ 25$

art$ 24$

publicar$ 2$

much$ 2$

creaUve$ 2$

r2:$(40.778,$b73.962),$$
$$$$$$$$$$$$$$5/6/13$

Word$ Relevance$
Score$

art$ 68$

metropolitan$ 66$

museum$ 65$

metgala$ 29$

met$ 24$

r3:$(40.7684,$b73.9745),$$
$$$$$$$$$$$$$$5/13/13$

Word$ Relevanc
e$Score$

ice$ 13$

fox$ 13$

upfront$ 6$

central$ 5$

centralpark$ 2$

r4:$(40.8294,$b73.9269),$$
$$$$$$$$$$$$$$5/15/13$

Word$ Relevance$
Score$

yankee$ 223$

stadium$ 208$

yankees$ 88$

bronx$ 52$

america$ 32$

r5:$(40.8295,$b73.9269),$$
$$$$$$$$$$$$$$4/18/13$

Word$ Relevance$
Score$

yankee$ 183$

stadium$ 169$

yankees$ 31$

bronx$ 30$

baseball$ 8$

Word$ Relevance$
Score$

field$ 106$

ciU$ 102$

edcny$ 68$

edc$ 67$

edm$ 31$

r6:$(40.7564,$b73.8460),$$
$$$$$$$$$$$$$$6/5/13$

(b)$Loca3ons$on$the$map$

POI$ Distance$

Forever$21$ 26$

Disney$Store$ 26$

Hodgson$Russ$LLP$ 30$

00$Commercial$Blinds$ 33$

New$York$Society$of$
Security$analysts$

35$

(c)$Annota3on$by$sta3c$POI$informa3on$(method$for$comparison)$
r1$:$(40.7583,$b73.9854)$$

POI$ Distance$

995$Figh$Avenue$ 56$

Frank$E.$Campbell$–$
The$Funeral$$Chapel$

56$

Thomas$W.$Loeb,$
MD$

59$

Olive$&$Be8es$ 70$

Universal$Funeral$
Chapel$

70$

r2:$(40.778,$b73.962)$

POI$ Distance$

Victorian$Garden$
Amusement$Park$

66$

Wollman$Ice$SkaUng$
Park$

70$

Central$Park$
Carousel$

174$

Central$Park$Zoo$ 174$

The$Arsenal$ 282$

r3:$(40.7684,$b73.9745)$$

POI$ Distance$

CiU$Field$ 9$

Shea$Stadium$Home$
Run$Apple$

138$

Mama’s$of$Corona$ 151$

Mets$Plaza$ 170$

NYC$Parks$&$
RecreaUon$

183$

r6:$(40.7564,$b73.8460)$

*r4,r5:$(40.8295,$b73.9269):$$AnnotaUon$by$POI$is$the$same$as$r5,$r6$$in$Figure$7.$$

Annotated	  words(our	  method)	  

(d)$Tweets$as$ground$truth:$
r1:$katyperry$@$Museum$of$Modern$Art$(MoMA)$h8p://t.co/j9ql2faeRw$
r2:$.emmyrossum$#MetGala$#PunkFashion$@$The$Metropolitan$Museum$of$Art$h8p://t.co/T11YQfm6KG$$
r3:$@minkakelly$#foxupfront$@$Wollman$Park$h8p://t.co/56dcTzx5YJA$
r4:$@bearpascoee$@4sUllrunning$@ruebenrandle$#bleachercreatures$$#rollcall$$yankees$#204$@$Yankee$Staduim$h8p://t.co/PIGxyatsF9$$
r5:$#photoday$yankees$@$Yankee$Stadium$h8p://t.co/ySy2uHTrDh$
r6:$@djafrojack$KineUc$Field$@$edc_lasvegas$@insomniac$#edcny$@$CiU$Field$h8p://t.co/dGADzm1911$

(a)$Annota3on$documents$using$tweets$(our$method)$

r1:$(40.7583,$b73.9854),$$
$$$$$$$$$$$$$$5/5/13$

Word$ Relevance$
Score$

museum$ 25$

art$ 24$

publicar$ 2$

much$ 2$

creaUve$ 2$

r2:$(40.778,$b73.962),$$
$$$$$$$$$$$$$$5/6/13$

Word$ Relevance$
Score$

art$ 68$

metropolitan$ 66$

museum$ 65$

metgala$ 29$

met$ 24$

r3:$(40.7684,$b73.9745),$$
$$$$$$$$$$$$$$5/13/13$

Word$ Relevanc
e$Score$

ice$ 13$

fox$ 13$

upfront$ 6$

central$ 5$

centralpark$ 2$

r4:$(40.8294,$b73.9269),$$
$$$$$$$$$$$$$$5/15/13$

Word$ Relevance$
Score$

yankee$ 223$

stadium$ 208$

yankees$ 88$

bronx$ 52$

america$ 32$

r5:$(40.8295,$b73.9269),$$
$$$$$$$$$$$$$$4/18/13$

Word$ Relevance$
Score$

yankee$ 183$

stadium$ 169$

yankees$ 31$

bronx$ 30$

baseball$ 8$

Word$ Relevance$
Score$

field$ 106$

ciU$ 102$

edcny$ 68$

edc$ 67$

edm$ 31$

r6:$(40.7564,$b73.8460),$$
$$$$$$$$$$$$$$6/5/13$

(b)$Loca3ons$on$the$map$

POI$ Distance$

Forever$21$ 26$

Disney$Store$ 26$

Hodgson$Russ$LLP$ 30$

00$Commercial$Blinds$ 33$

New$York$Society$of$
Security$analysts$

35$

(c)$Annota3on$by$sta3c$POI$informa3on$(method$for$comparison)$
r1$:$(40.7583,$b73.9854)$$

POI$ Distance$

995$Figh$Avenue$ 56$

Frank$E.$Campbell$–$
The$Funeral$$Chapel$
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Thomas$W.$Loeb,$
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59$

Olive$&$Be8es$ 70$

Universal$Funeral$
Chapel$
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r2:$(40.778,$b73.962)$

POI$ Distance$

Victorian$Garden$
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Mets$Plaza$ 170$
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RecreaUon$
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r6:$(40.7564,$b73.8460)$

*r4,r5:$(40.8295,$b73.9269):$$AnnotaUon$by$POI$is$the$same$as$r5,$r6$$in$Figure$7.$$

Annotated	  by	  closest	  POI	  
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Case	  study	  for	  a	  user	  B	  

(d)$Tweets$as$ground$truth:$
r1:$katyperry$@$Museum$of$Modern$Art$(MoMA)$h8p://t.co/j9ql2faeRw$
r2:$.emmyrossum$#MetGala$#PunkFashion$@$The$Metropolitan$Museum$of$Art$h8p://t.co/T11YQfm6KG$$
r3:$@minkakelly$#foxupfront$@$Wollman$Park$h8p://t.co/56dcTzx5YJA$
r4:$@bearpascoee$@4sUllrunning$@ruebenrandle$#bleachercreatures$$#rollcall$$yankees$#204$@$Yankee$Staduim$h8p://t.co/PIGxyatsF9$$
r5:$#photoday$yankees$@$Yankee$Stadium$h8p://t.co/ySy2uHTrDh$
r6:$@djafrojack$KineUc$Field$@$edc_lasvegas$@insomniac$#edcny$@$CiU$Field$h8p://t.co/dGADzm1911$

(a)$Annota3on$documents$using$tweets$(our$method)$

r1:$(40.7583,$b73.9854),$$
$$$$$$$$$$$$$$5/5/13$

Word$ Relevance$
Score$

museum$ 25$

art$ 24$

publicar$ 2$

much$ 2$

creaUve$ 2$

r2:$(40.778,$b73.962),$$
$$$$$$$$$$$$$$5/6/13$

Word$ Relevance$
Score$

art$ 68$

metropolitan$ 66$

museum$ 65$

metgala$ 29$

met$ 24$

r3:$(40.7684,$b73.9745),$$
$$$$$$$$$$$$$$5/13/13$

Word$ Relevanc
e$Score$

ice$ 13$

fox$ 13$

upfront$ 6$

central$ 5$

centralpark$ 2$

r4:$(40.8294,$b73.9269),$$
$$$$$$$$$$$$$$5/15/13$

Word$ Relevance$
Score$

yankee$ 223$

stadium$ 208$

yankees$ 88$

bronx$ 52$

america$ 32$

r5:$(40.8295,$b73.9269),$$
$$$$$$$$$$$$$$4/18/13$

Word$ Relevance$
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yankee$ 183$

stadium$ 169$

yankees$ 31$

bronx$ 30$

baseball$ 8$

Word$ Relevance$
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field$ 106$

ciU$ 102$

edcny$ 68$

edc$ 67$

edm$ 31$

r6:$(40.7564,$b73.8460),$$
$$$$$$$$$$$$$$6/5/13$

(b)$Loca3ons$on$the$map$
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Forever$21$ 26$

Disney$Store$ 26$

Hodgson$Russ$LLP$ 30$

00$Commercial$Blinds$ 33$

New$York$Society$of$
Security$analysts$

35$

(c)$Annota3on$by$sta3c$POI$informa3on$(method$for$comparison)$
r1$:$(40.7583,$b73.9854)$$

POI$ Distance$

995$Figh$Avenue$ 56$

Frank$E.$Campbell$–$
The$Funeral$$Chapel$

56$

Thomas$W.$Loeb,$
MD$

59$

Olive$&$Be8es$ 70$

Universal$Funeral$
Chapel$

70$

r2:$(40.778,$b73.962)$

POI$ Distance$

Victorian$Garden$
Amusement$Park$

66$

Wollman$Ice$SkaUng$
Park$

70$
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Carousel$

174$
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POI$ Distance$
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Run$Apple$

138$

Mama’s$of$Corona$ 151$

Mets$Plaza$ 170$

NYC$Parks$&$
RecreaUon$
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r6:$(40.7564,$b73.8460)$

*r4,r5:$(40.8295,$b73.9269):$$AnnotaUon$by$POI$is$the$same$as$r5,$r6$$in$Figure$7.$$



Extension:  User  Profiling  by  Clustering  the  
Annotated  Loca&on  Records
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33	  locaUon	  records	  from	  user	  A	  in	  NYC	  

Cluster	  	   Top-‐5	  Words	  
1	   yankee,	  stadium,	  bronx	  
2	   garden,	  madison,	  square,	  rangers,	  penguins	  
3	   barclays,	  center,	  brooklyn,	  nets,	  spurs	  
4	   yankee,	  stadium,	  oldUmersday	  
5	   public,	  island,	  plaza,	  staten,	  drinking	  

Top	  words	  from	  this	  person’s	  tweets:	  	  
staten,	  stadium,	  rpx,	  hylan,	  island,	  drinking,	  rangers,	  
yankee,	  bronx,	  plaza,	  madison,	  garden,	  photo,	  ale	  

250	  locaUon	  records	  from	  user	  B	  in	  NYC	  

Cluster	  	   Top-‐5	  Words	  
1	   art,	  metropolitan,	  museum,	  metgala,	  

punkfashion	  
2	   Yankee,	  mets,	  sox,	  stadium,	  orioles	  
3	   CiU,	  filed,	  mets,	  edcny,	  subwayseries	  

Top	  words	  from	  this	  person’s	  tweets:	  	  
Metgala,	  punkfashion,	  yankee,	  stadium,	  begatelle,	  
ciU,	  field,	  metropolitan,	  marquee,	  bleacher,	  creatures,	  
superstudiu,	  art,	  museum	  



Summary  and  Future  work

• Summary	  
• A	  novel	  problem	  of	  annotaUng	  semanUcs	  to	  mobility	  data	  
• KDE	  to	  capture	  the	  word	  locality	  and	  distance	  to	  a	  locaUonal	  point	  

• Future	  Work	  
• Applying	  more	  advanced	  NLP	  to	  understand	  the	  semanUcs	  
• More	  precise	  annotaUon	  by	  considering	  the	  mobility	  history	  
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Thanks!  Ques&ons?
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Determining  bandwidth  parameter  h  of  KDE

•  Fixed	  values	  
• Reference	  rule	  (heurisUc)	  
	  
• Cross	  validaUon	  

•  Split	  data	  as	  training	  and	  tesUng	  
•  Maximize	  likelihood	  

• AdapUve	  bandwidth	  
•  Choose	  h	  inversely	  proporUonal	  to	  
the	  number	  of	  points	  nearby	  
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Hw = n�2/(d+4)⌃w
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