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advertisers

Unified and .
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representation;
End-to-end learning
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Hard to obtain
training data;
Difficult to satisfy
complex and global
needs;

Difficult to explain;
Need to fine-tune in
each task

User Embedding

Iltem Embedding
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Big Five Personality
WSDM 2017
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Location Interests
IJCAI 2017

Stimuli Buying Behavior

Consumer Impulsivity
UbiComp 2015

Dynamics of Online Intimacy
WSDM 2016

Novelty Seeking Model

* Item Novelty Matrix
= N x M dMatrin
« At the position, facing M cholces, novelty Is deteemined as 3 partiad order
* Two factors determine the order
* Papserty of e iteed
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Novelty Seeking Trait
WWW 2015/WWW 2014

Profile inference from location check-ins

Locatan chech o of Bepng and Shanghs Users” demographes

Location to Profile
WSDM 2015
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Contextual Intent Tracking

KDD 2016/best student paper
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Regularity and Conformity
KDD 2015

App Usage Forecasting
UbiComp 2016
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http://www.douban.com/people/49167596/
http://www.weibo.com/derplough

Data

* 4 (major) networks: Jiepang, Weibo, Douban,

Dianping
g 10- o
o o . . . o o Q t
* 1.4M+ unique (deterministically identified) users 2 08
accounts s 06
. £ 04 ®
* Heterogeneous footprints: tweets, photos, check- & o2 i
Q.‘ }
. . . . : oot ] | T & & L]
ins, movies, books, music, offline events, online s e e o

purchase history, etc. Hwebsites

 Rich user profiles integrated from different sites
(publicly available)

W Relationship College High School | Self description -
10



Data

* 53 million footprints (check-in, movie, music, events, book, etc.)
e 3 million social links
* 39 million check-ins

city Shanghai Beijing Guangzhou Tianjn  Hangzhou Hongkong X iam en Suzhou N an jing C hengdu W uhan X ian

users 417,681 162,764 53,089 15,490 34,322 12,599 10,123 19,673 21,558 23,372 20,975 15,261

Footprints

check-in 25,178,189 5,898,447 1,092,138 392,943 619,219 424,650 369,231 960,274 414,202 327,634 321,646 229,678

m ovie 1,661,214 1,466,479 171,789 118,775 238,721 57,003 70,172 89,706 174,664 191,042 166,337 123,223
m usic 766,165 137,254 85,953 60,658 103,936 30,313 29,716 39,701 82,5013 88,426 76,316 62,876
book 402,318 387,138 51,913 28,188 57,835 18,117 18,516 19,521 44,345 42,241 44,804 28,435
event 609,076 803,158 101,246 52,133 78,587 18,277 20,889 27,400 46,788 66,640 44,764 72,902

otal 28,616,962 9,292,476 1,503,039 652,697 1,098,298 948,360 508,524 736,002 762,012 715,983 653,867 517,114

Table 1. Sum m arization of collected footprints for different cities (partially presented due to page lim it).



Mobility Footprints

time of day

Beijing
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Figure S. Daily trends of total check-ins in different cities.
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Figure 6. Diurnal distribution of 1000 sampled users’ check-ins.

Rank City Bedtime
HE2 EHER | FiEatE
1 I~ 23:08
2 R 22:53
3 B 22:37
4 [iky 22:37
5 it 22:32
6 <4 22:29
7 +BE 22:25
8 il 22:24
9 04 22:19
10 &R 22:18
11 It= 22:15
12 =] 22:10
13 Ma 22:09
14 h:3:] 22:08
15 L 22:08
16 % 22:04
17 s 22:04
18 fillen 22:03
19 M5 22:02
20 FFIa/R |21:50

Guangzhou

Beijing

Average bedtime of different cities
(1M respondents, led by Chinese Medical Doctor
Association, announced in world sleep day 2013)
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Mobility Footprints

Beijing citizens  Shanghai citizens Hongkong citizens

Shanghai

Hongkong

Figure 7. Check-in density distribution of 3 cities showing where people
check-in in each other’s cities.
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Self-Disclosure

Cross-Domain Posting

WF @ant sz 3
. I'm at E3EE AR (HCRR)! EBXILRER.. K.
4sq.com/Zix5mL #foursquare #ifttt
B’F

Victor Wong vkw 4
o Just got called up to gate to meet a founder of @virginamerical What
a treat for me as a founder and travel junkleﬁq.eom/Md‘lNBL 3

LB=g F 72
| Xinxin's ¥ ©Liongkaibin 5
I'm at ILIRA B F@Taman Sentosa 4sq.com/WKBrGL
e [ TR

foursquare Q I'm looking for...

- &

a Victor W. checked in at Virgin America Flight 759
SeaTac, WA 5 hours ago via foursquare for iPhone
o

Just got called up to gate to meet a founder of @virginamerica! What a treat for a
founder and travel junkie

L Al LIKE

Log in to foursquare to leave a comment!

Hub Sites

Tips

Q I'm looking for...

Get personalized recommendations for pl:

f Sign up with Facebook

{It takes one click, and we'll never post without your permission)
Or take the scenic route: Sign up with Email

<a href="http://
www. facebook.com
id=T0NNIPPss" . .
alt="Facebook" w
height="16" /></
<a href="http://
s y e B LE
width="16" heigh

14



ICONNECT Algorithm

Profiles Footprints Friendships

Seed Hub Site Heterogeneous online networks Hub Sites

15



Lifestyle Spectrum of a Group

Home  Footprints  Individual  City

il

Living Patterns

Q checkin @84 movie & book JJ music & events
3% 8:00-12:00 ¥ 12:00-20:00 ) 20:00-8:00 @ non-local

1: @ (%) shopping mall @ (%) office 9 (%) fast-food
2: @M drama 9 (%) office 9 (3%) office
3: Q (%) teaching building 9 () school dormitory @4 drama
9 4: @M drama, sci-fi & politics @84 comedy
O 5: 9 (D) (@) shopping mall @ (%) (@) office 9 (%) (@) airport
10 6: @ drama @4 comedy @M action
7: Q (%) coffee 9 (%) western-food 9 () bar
8: 9 (D) (@) shopping mall @ (%) (@) shopping mall 9 (%) (@) apartment hotel
O 9: & music @M drama romance J3 taiwan
O o O 10: @4 drama,sci-fi @84 comedy & fiction
$0O O 11: @4 drama @M comedy J3 taiwan,pop
o 9. 12: 9 () apartment Q (%) apartment Q (3.%) apartment
3 13: 9 (D) school dormitory @ (%) school dormitory @ (%) library




Relational Hierarchical LDA (RH-LDA)

Q checkin @84 movie & book J2 music & events
1* 8:00-12:00 * 12:00-20:00 ) 20:00-8:00 @ non-local

footprint (word): combination of domain specific tags (category)

Q (%) shopping mall @ drama, sci-fi JJtaiwan,pop & lecture

living pattern (topic): frequently co-occurring footprints
Q (%) shopping mall + Jfdtaiwanpop + Q()) bar

lifestyle spectrum: tree-structured topic hierarchy

lifestyle spectrum

(topic hierarchy)

T T R

user

G | @ (f'c;f{ic,><

@ 00 @

nodes: living patterns

higher levels: commonalities
lower levels: variations

~
S e

{document

(document)

@ ©
@ G @

lifestyle: 1-2-4
(topic sequence)

7"0.‘;‘-.-[-.‘;‘ 1-2-5
{: colyie. e

(topic sequence)

@

@ @
ONOION |
(toplcsequence)
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Q checkin @84 movie & book J3 music & events

&) -
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/7 5
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c) Tsinghua students/graduates

ORI
Osr

O Oa
d) BFA students/graduates

I3 8:00-12:00 ® 12:00-20:00 ) 20:00-8:00 @ non-local

| : @4 dramaromance @4 drama.comedy @ drama.action

2:1Q (*) school canteen 9 (®) iniu.:!(:v( ® ) (rain station

———— — ——————— — —————

] t;i-\:'zrn,-pgp-ii:lc-lign‘?s;i-fi-ﬁ_ movie
5:Q9(®) (@) airport 9 (1) (@) apartment hotel 9 (-®) (@) apartment hotel

649 ( £3) library 9 (1) school canteen 9 (°#) teaching building |
7: _a ;\p-.l;Ex:p-é l:‘l)-’\l_Lr—)‘;d;)d-nHJi;(;[.)]d[_)i-ll --------
8: @ drama romance J3 pop.western o exhibition

9: & history chinesehistory & mystery japan @84 action sci-fi
10: 9 ('®) fast-food @ ( ® ) apartment hotel 9 (7)) institute

11: & music & investment finance & get-together

12: J3ost,japan @4 cartoon J3 folk inland

c¢') Tsinghua students/graduates

2: @ drama romance @4 drama.comedy J3taiwan,indie
3: @M drama.romance @4 drama,comedy @4 drama action
4: & music & movic & get-together

5: @M drama.action @M action sci-fi @4 action thriller

———————

— e -

d') BFA students/graduates
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Q checkin @4 movie & book JJ music & events L% 8:00-12:00 -® 12:00-20:00 ) 20:00-8:00 @ non-local
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4: -4 cartoon & programing computer Q algorithm computer
\J\ - . . . .

o) O 5: & classical literature & sinology 9 (-‘®°) (@) institute

6: J3 taiwan,pop J3 hongkong pop & music

@ 7: & music & lecture & movie
8: JAost,japan J3 classical 3 classical piano

9: @ drama.comedy @4 drama,romance @4 drama,action
10: @ (D) (@) apartment @ (-8°) (@) airport @ ())) private place
@ O 11: J3 taiwan,pop @4 drama romance & fiction chineseliterature

c¢') Tencent employees

?) 1: & computer 9 (-®-) coffee J3 classical
2: JAtaiwan.pop & music @4 drama.romance
\ Sk 8 dinkngess 8 pn s
O 4 @ 4: fArock J3 chineserock J3britpop.uk
O @ @ 5: Q () (@) office 9 (-9°) (@) jiangzhe cuisine 9 (-*°) (@) shopping mall
6: @4 drama,action @84 drama.comedy @4 drama . romance
o G O7 7: Q (%) office @4 drama action @ (*®°) western-food
8: 9 (1)) western-food J3 hongkong,pop 9 (-®-) fashion shop
50 b 9: & ux deswnrﬂ:l_]—m_—t()__ritict__l(ir-llﬂ design
10: & lecture & music & mystery japan

d') Baidu employees




Q checkin @4 movie & book 3 music & events

17 6
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a) financial practitioners

) W

@) (@)
9 3 5
OO
%O OG

O

b) software practitioners

£t 8:00-12:00 o 12:00-20:00 ) 20:00-8:00 @ non-local

4: 9( ®-) snack Q (-®") fast-food 9( o )Jdpdnese cuisine

.4 drama.romance @4 dl ama (.omedy @< drama.action

T ﬁ fuu()n,hongk()nu ﬂ fiction.love & mystery japan
8: J3folk.indie Jqindie,folk @4 drama

9: Q (°®°) car-4s M fiction society & cartoon,philosophy
10: & music @4 drama,romance @4 drama.comedy

—— - — e —— e — — — ——

\-——————

4: E mystery japan @4 u)medy,aulon & cartoon,mystery
S ﬂ taiwan,pop & music ﬂ chineserock rock

7: .1 d1 ama,romance .4 drdmd,actlon @< drama wlnedy

8: o . lecture & music & get-together

_________________________a

10: @4 drama,romance & music ﬂ taiwan,pop

b') software practitioners

20



@ checkin @4 movie & book J3 music & events

N
&0 Q4
S =

c) the post-90s generation

O

QO
Q‘O O:‘_

d) the post-80s generation

I 8:00-12:00 & 12:00-20:00 J) 20:00-8:00 @ non-local

| : @ drama romance @4 drama comedy @4 comedy romance

2: Q(®)coffee @ (®) () train station @ ())) fast-food

3903 s 9 %) coifs 9 00 site,
4: @ hongkong.essay 9 (%) (@) coffee © () electric game

11: Q(®) subway 9 (®) shopping mall @ (®) fast-food _1

13: & exhibition & fiction,youth & lecture
14: & music J3 taiwan indie J3 folk.inland

12: Q@ (®) teaching building 9 (£%) teaching building & music

c') the post-90s generation

|: @4 drama romance @4 drama.comedy @4 drama,action

3: 9 () shopping mall @ (£) office 9 ( ® ) snack
4: & get-together &b lecture & travel

8: @ () apartment 9 ( ® ) commercial building @ (£%) commercial building

9: & picturebook taiwan & picturebook cartoon & fiction,uk

d') the post-80s generation

21



@ checkin @4 movie & book J3 music & events

7 e
% O O A
(@) O

f\'o O/
~ -

b) Hangzhou

£ 8:00-12:00 & 12:00-20:00 7 20:00-8:00 @ non-local

———— - — .- - ——————— s = —————

51915 @] it mll © ) @7 o1s & 07 @ i

6: @M drama @4 comedy @ action

7: Q(-®) coffee 9 (‘®) western-food @ () bar

8: 9 () (@) shopping mall @ (-®) (@) shopping mall @ (‘®) (@) apartment hotel

0: & music @ drama romance J3 taiwan

a') Beijing

r '
1:19 (#) jiangzhe cuisine @ (®) fast-food 9 ('®) coffee;

: @ drama,comedy 9 ('®) (@) coffee 9 (@) (@) western-food
: Q (°#) (@) train station 9 (-®) (@) shopping mall @ (£*) (@) outdoors
: @ drama & fiction J3taiwan

——————————————————————————————

LW

=

6: & music & get-together @84 drama romance
7: 9 ('®) office 9 ('®) supermarket @ ('®) fast-food

9: @ (-®) library 9 (1) library Q ('®) scenic

b') Hangzhou

22



Similarity Matrix of Lifestyle Spectrum

city

Beijing(BJ)
Changsha(CS)
Chengdu(CD)
Chongqing(CQ)
Dalian(DL)
Guangzhou(GZ2)
Hangzhou(HZ)
Nanjing(NJ)
Qingdao(QD)
Shanghai(SH)
Suzhou(S2)
Tianjin(TJ)
Wuhan(WH)
Xiamen(XM)
Xi'an(XA)

-

BJ CS CD CQ DL GZ HZ NJ QD SH SZ TJ WH XM XA
city

1 similar

different
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Similarity Matrix of Lifestyle Spectrum

city

Beijing(BJ)
Changsha(CS)
Chengdu(CD)
Chongqing(CQ)
Dalian(DL)
Guangzhou(GZ2)
Hangzhou(HZ)
Nanjing(NJ)
Qingdao(QD)
Shanghai(SH)
Suzhou(S2)
Tianjin(TJ)
Wuhan(WH)
Xiamen(XM)
Xi'an(XA)

-

-

BJ CS CD CQ DL GZ HZ NJ QD SH SZ TJ WH XM XA
city

1 similar

different
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Similarity Matrix of Lifestyle Spectrum

city

Beijing(BJ)
Changsha(CS)
Chengdu(CD)
Chongqing(CQ)
Dalian(DL)
Guangzhou(GZ2)
Hangzhou(HZ)
Nanjing(NJ)
Qingdao(QD)
Shanghai(SH)
Suzhou(S2)
Tianjin(TJ)
Wuhan(WH)
Xiamen(XM)
Xi'an(XA)

- ; 1 similar

different

BJ CS CD CQ DL GZ HZ NJ QD SH SZ TJ WH XM XA
city
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Limitations

* Data coverage

[EILETEATRATRTH

(.10

.08

(.06

.04

.02

(.00
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LifeSpec as A Data Repository

* Industry Applications
* Recommendation
* Advertising

e Scientific Research
e Sociology

e Economics
e Public health



summary

* Computational framework for exploring urban lifestyles

* |Connect: identifying connected user accounts based on self-
disclosure

* RH-LDA: relational-hierarchical model for summarizing lifestyles
* LifeSpec as a data platform for scientific and industry applications
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General mobility sequence: LBSN check-in, GPS trajectory, Cellular data, etc. || Microsoft
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Profile inference from location check-ins

Spatiality
Temporality

Location to Profile
(L2P) Framework

. | Location Knowledge

Marital
Status

Location check-ins of Beijing and Shanghai Users’” demographics



Spatiality and temporality

1.000
0.500 -

‘..” + . el At (280 L
e ek . o0 ST CIUIN eiShgin on FXE By . RN W R w1
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| Restriction “mitgpipis  hemaeend

B e N il
AN 1 0 it

0.100 ¢
0.050 |

ratio

0.010
0.005

L

1 2 5 10 20 50

0.001

distance between consecutive check—ins (km)
Transportation
Building

School

— Temporal & Spatial Regularity

Entertainment

] =] .. 4 ey [ 4l 1 ] 1 1 2 1 1 1

1 1 1 e 1 1 | 1
1 234567 8 9101112131415161718192021222324

hour of day
M. C. Gonzalez, C. A. Hidalgo, and A.-L. Barabasi. Understanding individual human mobility patterns. Nature, 453 (7196):779-782, 2008.

Sone C. Qu Z. Blumm N et al. Limits of predictabilityv in human mobilitvlJ1. Science. 2010 327(5968): 1018-1021.



Location knowledge
@an Grill@" PO KW

Write a Review O Add Photo ~ Share R Bookmark .
OOO00 = oo oo | wote  roviow | Losge TR T T

$ - Mexican 44 60 friends acked with delicious grilled seasoned chicken, peppers
- # 84 reviews ions and mushrooms. Priced reasonably, and tastes

L Review
Address

Map data ©2014 Google &

. (631)207-6554
# litrade.net/mexicangril

Kathryn W. B0 11:2014

Was this review ...7

O Useful 1 (. Funny | %% Cool 1

Rating
Eil L * x - o
EC;eI:Iip, NY C 1/29/2014

< Edit

# 0friends The best Mexican food...real authentic. The place is
* 9 reviews certainly nothing to look at you can def roll out of bed and
go to pick up or sit at one of the old tables. Trust me you
= Sh /
r "Best, most authentic, and juicy pastor taco I've had on Long Island." B W maytgztdli"‘nge"t,?e way the place looks but the food is
L in 12 reviews (L) Today 12:00 pm - 8:00 pm R Compliment
- Closed now
Ta g ® Send message
- : - ) w‘ Menu [*
e shrimp burrito Ws litereally the size of my forearm..and in this case, % Follow Eileen L. Was this review ...?
‘ size mAMErsTT o Teviews s Price range Under $10 O uUseful ~ Funny %% Cool

-

* Location knowledge from user review site
* Including address, price, phone number, user review, rating,
tag, etc



Location to profile framework (L2P)

Dimension

Dat :
L Data Feature Reduction Inference
| T T T T T Wl
| Crawled | : r—————— =
: Profile | | o | :
| | | Spatiality —{| Flattening | .
| | | | | Binary
| Crawled | | | | | Classification
| | Check-in : : : l |
|
| ] l
o ] | . |
N Temporality ensor Multi Class
T T T T T | | : Factorization| [ | Classification
|
Crawled POI| |
|

' I

| | | |

| | | |

| | |

| | | | )

| | Location | Clusterin : Regression

|| Crawled POI| | | Knowledge g |

: Review : : : -
| | | |

|



Inference

@ Binary classification [ Multiclass classification A Linear regression

M T R
s . AAge @w i @

@ Gender w W

- - Q69
e

<

] Marital status Education background @




Dataset and ground truth construction

* Focus on Beijing and Shanghai user check-ins |_|feS nec.
* 3,354,918 users’ demographics and 81,781,544 |location check-ins

Gender 94.0193% Male, Female

Age 33.1588% The specific age number

Education background 36.7228% University, Non-university

Sexual orientation 2.5549% Heterosexuality, Bisexuality, Male homosexuality,

Female homosexuality

Marital status 2.6396% Single, Courtship (seeking a relationship), In love,
Married

Blood type 1.6376% O, A, B, AB

Zodiac sign 58.1649% Twelve zodiac signs

Check-in time Identity POI category | POl latitude | POl longitude POI location



Experiments

10-fold cross-validation: 6 parts
. for training, 2 parts for
e Baselines: validation, 2 parts for testing

* POIl-based method (POI)
 Spatiality-based method (S)

o . Measurements:
* Spatiality and Temporality-based method (ST) Classification: precision, recall ,
 Spatiality, Temporality, and Category-based method F measure and AUC
(STC) Regression: RMSE

 Spatiality, Temporality, and Location knowledge-based
method (STL)

Parameters:

n = 200 for top-n keywords
Np = Ny = 100,dU = 200 (by
default)




Gender and age

Performance of Gender Inference
(a) Beijing
Precision  Recall F1 AUC
POI 0.7102 0.7055 0.7078 0.7502
S 0.6921 0.6899 0.6910 0.7321
ST 0.7321 0.7429 0.7375 0.7746
STC 0.7727 0.7631 0.7679 0.8027
STL 0.8211 0.8059 0.8134 0.8548
(b) Shanghai
Precision Recall F1 AUC
POI 0.7362 0.7434 0.7398 (.7463
S 0.7197 0.7218 0.7207 0.7266
ST 0.7528 0.7596 0.7562 0.7682
STE 0.7819  0.7704 0.7761 0.8151
STL 0.8368 0.8127 0.8246 0.8654

AUC

RMSE

500

0.86 p——— 0.83 ——
# 0.82 o 4
0.84} D - ,

S 0.81 A
0.82f & o T3 g osof s Vs =
0.804 < 019 /7

> 4 0.78:/ ¢
0.78 " e lambdaMant = LR 0.77 ; - LambdaMart = LR
0.76Y o SVM 0.76% & SVM
50 100 200 300 500 50 100 200 300
du du
(a) Beijing (b) Shanghai
Performance of different gender classifiers for STL
changing over dU
8 8§
- -
6" e O6F — ~
}___\\\\ -:‘-.___ —_i : % }-\\_ _;:":: »_.::__:::;— : ‘ |
qf T e o 4 Ty e

\'““-—‘—f_::‘_: 5 ——l
2l e STL -m STC & ST 2} _o STL =~ STC o ST
0 . S v P(_)I ) 0 &5 —%— POl
15% 30% 45% 60% 75% 15% 30% 45%  60%

Ratio of training data

(a) Beijing

Ratio of training data

(b) Shanghai

RMSE of age w.r.t. ratio of training data

75%

Gender:
STL method achieves the best
performance

LambdaMART classification
function gains the best results

dU = 300 is the optimum
stable value for tensor
factorization

Age:
The more training data there is,
the better the prediction will be




Fducation

Table 5: Performance of Education Background Inference
(a) Beijing

Precision Recall F1 AUC
POI 0.7564 0.7702 0.7632  0.7992
S 0.7385 07294 0.7339 0.7723 inf ts of educati
ST 0.7655 0.7702 0.7678 0.8150 ISEEHEC TESHIES O S ation
STC 0.8073 0.7921 0.7996 0.8413 are higher than gender and age

STL 0.8774 0.8829 0.8801 0.9021

(b) Shanghai Users with different education
Precision  Recall Fl AUC background tend to have
POI 0.7759 0.7817 0.7788  0.8205 discrepant mobility patterns
S 0.7394 (.7191 0.7291 (0.7659

ST 0.7804  0.7631 0.7717 0.8041
STC 0.8115 0.8058 0.8086 0.8503
STL 0.8823 0.8726 0.8774 0.8957




Reconstructing Individual Mobility from
Smart Card Transactions



Mining Cross-Application Data

Source Application

v

Target Application

+domain knowledge |,

Data [~~~ ~—=—=—-——

-— —-—
— L d
-—— =



Our Mission

Digital Payment [ TS, GIS, LBSN,

Urban Planning...

A
l +domain knowledge :

-uncertainty

+constraints
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Smart Cards

* London’s Oyster Card

43



Related Work

* Mining Smart Card Data
* Improve transportation service

* Crowdedness analysis (London Oyster Card)
 origin, start time are known for bus trips
 origin, start time, destination, alighting time are known for subway trips

* Inferring alighting/boarding stops (at least one is known)

* Trip-Chaining (TC): based on assumptions
* Proximity between consecutive trips
* “The first trip of a day starts from the alighting station of last night”

* Trip-Chaining with maximum frequency (TC+MF)
* Trip-Chaining with maximum similarity (TC+MS)



Data |: Expense Records

* CardID (anonymized)

* Bus:

N: non-ladder fare
L: ladder fare

* Boarding & alighting stops

= 701,250 card holders
= 22.03 million bus-trip records

N: neither is known =  Aug.2012—May. 2013

L: codes indicating distance to stop with code 0
* Time

N: boarding time

L: alighting time

* Expense
N: fixed expense

* L:e=a+b Xmax(|boarding-alighting|-c,0)
. Balance (a) Expense Récords

Unknown stops (directions)!

CardID Bus Boarding _ Alighting /I‘ime Expense  Balance
1 N2, - N \/ 2013-03-14 09:02 0.8 12.3
2 L3 1 31 19 \ 2013-03-14 17:45 04 32.2
3 N1\ - - / 2013-03-15 08:45 0.4 10.6
3 L1 04\ 22’ Pid 2013-03-16 18:20 0.8 49.8 45




Data II: Charging Records and Road Networks

* Charging Records:
e CardID
* Time
* Amount
* Balance

e Road Network
* G=(VE)
. |V=148110, |E|=196307

million
(b) Charging Records
CardID Time Amount Balance
3 2013-03-15 18:05 50.0 50.6
4 2013-03-15 18:05 20.0 21.6
5 2013-03-15 18:07 20.0 20.4
6 2013-03-15 18:08 30.0 40.8




Data IlI: De-Noising and Labeling

* Bus Line Info: http://api.amap.com (autonavi)
* Names and geo-coordinates of bus stops
* Pricing information

* Data Labeling
* 102 users
* Free smart cards and reimbursement
* Targeting most frequent ladder-fare lines
* 4 months (Dec. 2012—Mar. 2013)

gender

male female

19-24

25-30

age

31-36

37-47

57.6%  42.4%

35.4%

45.5%

10.6%

4.5%
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http://api.amap.com/

Data De-Noising and Labeling

e Results
e 124 |adder-fare lines

* Covering 26% of all trips, 62% of all ladder trips

line type #lines  ratio of records
lines without coordinates 95 4.16%
lines without price info 488 16.84%
non-ladder-fare 270 36.62%
labeled ladder-fare 124 26.54%
unlabeled ladder-fare 288 15.85%

Labeled ladder-fare bus lines on top of the road network
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Our More Concrete Mission

SR Road Networks
Records

Partially Labeled
Trips

Bus Line Info

CardID Bus Boarding Alighting Time Expense  Balance
1 N2 - - 2013-03-14 09:02 0.8 12.3
2 L3 31 19 2013-03-14 17:45 04 32.2
CardID Bus Boarding Alighting Time Expense  Balance
1 N2 latl,lonl lat2,lon3 2013-03-14 09:02 0.8 12.3
2 L3 lat3,lon3 lat4,lon4 2013-03-14 1745 0.4 32.2
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Space Alignment Framework

expense time charging time
. i
T
Temporal --—t—li g—li————lﬁiiﬁk———it4————-iﬁi—i§—2->
\trip
Geospatial
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Space Alignment Framework

Monetary
Temporal

Geospatial .
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Segmentation

* Segment
e “continuous” in the monetary space

* other payments not included in the data
(taxi, subway, shopping, etc.)

e obtained in linear time cost

* bte=b.tc;,
b, :balance after the i, trip
* e;:expense of the i, trip

* ¢, :charged amount during the i, and the
(i+1),trip

Algorithm 1: Segmentation

0 N ! B W N -

Input: Cardld d, expense records E, and charging records C

Output: Segments S

I+ {1} /x I = {Ii}LLll is the index of split points

E < select * from E where CardID=d order

C « select * from C where CardID=d order by time; /» C = {C}} [‘c;fl

c; +— 0,4=1,2,...;|B|;

14 1,7+ 1;

while : < |[E| — 1 do

if j <|C|and t; < §; < t; then
ci < ¢; +c(§;);

.. A7 15

else

14— 1+ 1;

if b; + e; # b;—1 + c;—1 then

directly read from E; =*/
| I+« Ladd(i);

return S = {Sk}lkszll, where Sy, = {E;, }

by time; /+ E = {E;}\=!

j=1

/* ¢(§;) can be directly read from Cj

/* b; and e; can

1k+l—l
ip=1Ip

*/
*/
*/

*/

be
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Inner Transition & Outer Transition

* S={1,1,,...[ } where [ is a bus trip

* Boarding stop o,, alighting stop d,

Outer
Transition

Inner

Transition
m

Number of candidate trips: [ [nitni = 1)

1=1
n;: number of stops of /.




Constraints |: Proximity Constraint [Outer]

(a) proximity constraints

[ [s In
; Jomsearnmye i iva — G "
I i B % %
lfiﬂ%x"lg leé&
7" | ¥R | E Y §
k Kum—
e e I e [

(b) reduction of outer-transitions candidates using proximity constraints

* Limited walking speed and duration

* Snip segments at “drifting” points (k,=0)

rre—1

 Number of Candidate trips: (ny — 1)(nm — 1) [] k-

k<<nun-1)

=1
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Constraints II: Fare Constraint [Inner]

expense(lz)=2

[ [y [2
T R -  —
1 1 3 1
[ \_&712_’13
2 o KA 14 2
ll—’lg > 12—>13
| [glelglele
1 1|22 |2
Ladder Fare |2 | 9 | 9
'lg‘ ®1 1
i+ 1

reduction of inner-transitions using fare constraints
* Fare is calculated based on distance for L trips



Constraints lll: Temporal Constraint [Inner+Outer]

tl t2 t3
O——--eene- o foeeenens | O - ——
01 dy 02 do 03 d,
JANAY VAN VAN
[ Dty <to—ti, (6)

N

Aty + Atz < t3 — to. (7)

\ooo
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Sequential Labeling with CRF

-—— — = —— -— e — = . e e = = e e
- - — -—— - o - -— -

=1 -
e e e — = —— e = - — e e = - —

hidden sequence: Y1 — (01, dy, 02),y2 — (02,d2,03)793 — (037d3>04)>

Model constraint yf = yz-lﬂ,Vi =1 Z v R — A

pa(y|x) = ¥ NeFuls w142
i=1 k=1

Conditional Random Field m—1
o ( )

Yy = {yl,y2---7ym}
> F R 1 o YO

m—1

K
Z/\kfk (Yis Yis1,X )) (normalization)

=1 k=1

=w

57



Semi-Supervised Training with Constraints

Log-likelihood L(\ Z log P(y(z) |x(z)) Zk
T

Regularization term

Objective Function O0,D,U) = L(\,D)+ G\ U)

!

Generalized Expectation Criterion

G\ U) = =S(Epx) [ Epy(yx) [Gly,x)]])

e S: distance between the model expectation and a target expectation
 Measured by Kullback-Leibler divergence[2], squared distance[1] etc.

[1] G. S. Mann and A. McCallum, “Generalized expectation criteria for semi-supervised learning with weakly labeled data,” The
Journal of Machine Learning Research, vol. 11, pp. 955-984, 2010.

[2] G. Druck, G. Mann, and A. McCallum, “Semi-supervised learning of dependency parsers using generalized expectation criteria,”
in Proceed- ings of the Joint Conference of the 47th Annual Meeting of the ACL and the 4th International Joint Conference on
Natural Language Processing of the AFNLP: Volume 1-Volume 1, 2009, pp. 360—368.
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Evaluation: Accuracy

Results on all-users’ data (labels are removed for evaluation using L trips, 10-fold CV )

daccuracy

probability density function

25

20

05¢

— CRF
CRF+C

— TC+MF

- TC+MS

00 . - : * .
0 01 02 03 04 05 06 07 08 09 1

accuracy

(b) pdf

cumulative distribution function

1.0
08

06}

04

02}

0.0 : .

0 0l 03 05 07 09 1

accuracy
(c) cdf

Results on MSRA users’ data (completely labeled by 102 participants, L and N trips)

08 -a—
88 88— 88
-
07} 2 - 2 2
}:__‘ — =
o6k ~®- CRF
—#— CRF+C
0571 TC+MF
—4&— TC+MS
0.4 ~ 4 a
0.10 0.15 0.20 025 030
proportion of labeled bus stops
(a) overall accuracy
°
0.8
5% = u 88 8% ;4'
0.7} — 999
o9 2
L ':—H"§f *
§ 06+ ®- CRF
g g —#— CRF+C
05F
TC+MF
g —&— TC+MS
0.10 0.15 0.20 025 0.30

proportion of labeled bus stops

(a) overall accuracy

probability density function

25

20}

151

10}

05

00

0 01 02 03 04 05 06 07 08 09
accuracy

(b) pdf

1

cumulative distribution function

1.0

08

061

04}

021

0.0

— CRF
CRF+C

— TC+MF

—— TC+MS

0 01 02 03 04 05 06 07 08 09 1

aceuracy

(c) cdf
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Evaluation: Home and Working Places Detection

* Apply a conventional approach
* Results for 102 participants: Improve by 88% on home, 35% on work
* In accordance with local household surveys

60



Comparison with 2009 survey results

e 2009 household survey

* 11000 questionnaires sent, 9112 valid respondents

* Evolving during 2009-2013 smart card results (0.7M users, 22M trips)

2009 survey results

Home places
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Comparison with 2009 survey results

e 2009 household survey

— 11000 questionnaires sent, 9112 valid respondents

* Evolving during 2009-2013 smart card results (0.7M users, 22M trips)

2009 survey results

Working places
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summary

e Space-alignment framework
 Monetary (rarely considered before), Temporal and Geospatial spaces

* General approach for missing data for smart cards
» Adapting to data with missing alighting/boarding/direction
* Probabilistic modeling considering domain constraints

* High accuracy in recovering individual mobility
 Large scale labeled data (every trip, 4 month, 102 users)
* Implications and potential for mobility analytical applications
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Personality Inference

(personality )

embedding
vector

top k semantic embedding emotion .
. group vector top k tokens profile vector
tokens categories vector vector
y
pearson paragraph . CNN pearson emotion individual feature social feature
. ) LIWC mapping clustering . . . . . .
correlation embedding embeddlng correlation mapping engineering engineering

T | T AN

tweets avatars emoticons profiles

LEES b9 .
Bl ™



Data

e 3,162 users from a medical school
e Major: nursing (524), clinical medicine (365) and pharmaceutics (342)
* Region: Anhui, Zhejiang, and Jiangsu
* Age: average 20.84

 Test Big Five Personality with a 44-item questionnaire



Correlation between Term and Personality

LAY 2K vl

. Extraversion Agreeableness m Conscientiousness Openness
VLT o (X i

Positive

Negative




Tweets

* LIWC mapping

* LIWC is a dictionary which maps words to
semantic categories (64 categories which a
hierarchical structure)

* Paragraph embedding
e All tweets of a user form a doc

* Embed each doc to a vector by considering
the context and semantics of words

Affective processes

Positive emotion

Negative emotion

Anxiety
Anger
Sadness
Social processes
Family

Friends

Female references

ooy | bample

=%, TiH
%, N, B
B, F

A s

AAY) J

@ W =R 5!

fi AT, S 2B, iR
&k, — KN
BHITIL, 20 =
%)L, i

TextMind (Chinese LIWC)



Avatar

* Pre-trained CNN model on Selfie

ImageNet

* Map each avatar to a 256- Daily Life

dimension embedding vector

* Group all images into 2000 Landscape

categories, each avatar belong
to the nearest category

Cartoon




Correlation between Avatar and Personality

. Extraversion Agreeableness m Conscientiousness Openness

Positive

Negative



From Emoticon to Emotion

* Build a dictionary, mapping
each emoticon to one of the 8
emotions

* Totally 1302 emoticons, 1200
of them have a single emotion

Happiness
Anger
Disgust
Sadness
Fear
Surprise
Contempt

Neutral

S0P TOLHLD
& PED LR A
=R 2860 é
OhhdRhamd
)lﬁh@@#u‘
EREEF1HG
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Profile

* Individual features e Social features
* Age
 Gender
* Number of tweets
* Have sighature

* Number of Followings
e Number of Followers
* Friend ratio

* Have personal website * Comment ratio
e Allow private message from * Retweet ratio
strangers
* Allow comments from
strangers

* Allow showing location



Experimental Results

80 T — T T T T
_ | |e - Max Improvement
70 | _ e J
60 | T~ ot ---- st ____ - |
50 F d
R
= 40 d
&
30 F [0 Personality Insights |-
Mypersonality
20 L Bl Avatar )
Text-CNN
B BOW K-means
107 e Emotion Mapping
HIE
W - BT
Extraversion Agreeableness Conscientiousness Neuroticism Openness

Honghao Wei, Fuzheng Zhang, Nicholas Jing Yuan, Chuan Cao, etc. Beyond the Words: Predicting User Personality from Heterogeneous Information, WSDM 2017
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Novelty Seeking

* A personality trait described as the search for unfamiliar experiences
and feelings

* Measurements: survey based scales

* Life innovativeness: measure the adoption of new information in most
aspects of life, including products, news....

* Adoptive innovativeness: measure the novelty seeking as a tendency to buy
new products, the adoption time of a new product
e Our goal: Explore novelty-seeking trait in a complete data-driven way

* Frequently purchases latest-launched digital products on Amazon - a
novelty-seeking-lover in the online shopping domain



Novelty Seeking Model

* ltem Novelty Matrix
e N X M Matrix

* At the position, facing M choices, novelty is determined as a partial order

 Two factors determine the order
e Popularity of item itself

0O, O, O, O; Choice
User; Op— O,— 0, — O, — ? O, 1 1-1‘1>
O, 2 | T|2]2
User, O, — O; — O, — O; 301012
4 2|13
User; G0yt —>g0—> g0 —> g0 ) = AR »03 > 02 > 01

v

Position

user,;:DCN@Self



General Novelty-Seeking Model

Generative process

1. Draw novelty-seeking level distribution 8 ~ Dirichlet(3)
2. Draw choice utility distribution ¢ ~ Dirichlet(cx)
3. For the ith position in the sequence

(a) Draw novelty-seeking level z; ~ 6
(b) Draw item x; ~ P(X;|zi—1, @, 2:)

Ga; » f(zi, DCN;z,)
S, (6o - [z, DON,))

DCNiJTi
f(Zia DCNiIz‘) = exp (—(zi n 'nzaSI.T(DCN'i)

P(Xz = iBz‘liUz'—l; Zq (,b) -

- K)?)

77



Data

Table 2: Basic statistics of SinaWeibo check-in and

* Remove outliers and clean up Taobao online shopping dataset

the data Dataset Statistics
. i #User 123,865
 Filter noisy data, e.g., repeated #Check-in 8,455,878
check-ins at the same place in | #Ave. Check-in 68.3
i hort interval Weibo | #POIl 804,720
qu te.a shortinterva #Ave. POI 53.2
* Require that every user on #Category (Second Level) | 187
SinaWeibo should have at least ﬁ%‘fe- Category ;2-359
. ser )
30 check-ins and that every user Z:Purchase 11,918,688
on Taobao should have #Ave. Purchase 149 1
purchased at least 30 times Taobao | #Item 1,385,130
HAve. Item 136.3
#Category (First Level) 112
H#Ave. Category 34




Experiments

 Two model-free methods in
information theory: Shannon

. Table 3: Spearman’s rho between NST@Self and
entropy and Lempel-Ziv b : elf

shannon entropy. LZ separately

estimator (conditional entropy NST@Self | NST@Self
. . POI Category
* Weakness of model-free Checkein [~ (13 . Gﬁ -

methods L7 0.661 0.728

* Can not be applied for N -S'I'T~'Q?'S€l_f NST@Self

rediction directl Yisoniiie tem Category
g Y : Suabpiig shannon entropy 0.601 QAT
 Measure user status in a whole, 7 0613 0771

can not reflect the novelty-
seeking status at each moment




Experiments

* Prediction
e OF (Order by Frequency): individual's visit frequency in the past
 MC (Markov Chain): learning a transition graph over POls

 FPMC (Factorized personalized Markov Chain): embedding users' preferences
and their personalized Markov Chains

Table 4: Prediction Results nDCG@10 for check-in and online shopping

Dataset Level NSM@Self | NSM@Crowd | OF MC | FPMC
Chicak:ii . POI 0.1’58 0.154 0.147 | 0.153 0.161
Category 0.503 0.501 0.479 | 0.495 0.507
Sheviig [tem 0.009 0.008 0.004 | 0.008 0.011
= | Category 0.353 0.349 0.340 | 0.347 0.356
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Experiments

* NST Across Heterogeneous Domains
* |dentify users both share check-in and online shopping behavior

(a) Binding Taobao account
to Sina Weibo on the Taobao
settings page

I have just bound my account on Taobao Table 5: Basic statistical information of users who
Post [ﬁ' - explicitly connected their account across two do-
/ mains
#User 758
Taobao personal page T senee #Ave' Check-in 57.9
. REE - TR - RO #Ave. POI 45.6
(b) A post on Sina Weibo #Ave. POI Category | 17.7
refers to the binding #Ave. Purchase 150
' = #Ave. Item 166.1
#Ave. Item Category | 41
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Experiments

* NST Across Heterogeneous Domains
* NST@Self inconsistent while NST@Crowd consistent

* Historical movement can imply whether to recommend the most popular products in an

e-business website

Table 6: Spearman’s rho of NST across two domains

Shopping@Category

Comparison level NST@Self | NST@Crowd
Check-in@POI
VS. -0.137 0.526
Shopping@Item
Check-in@Category
VS. 0.041 0.731
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Stimuli Buying Behavior

Consumer Impulsivity

* For each Individual, given the stimuli
perceived from social network and
consumption activities, infer his
consumer impulsivity.

* Would a consumer purchase products
on Amazon triggered by promotion
messages or friend suggestions on
Twitter or Facebook

1)
i

i
jH

Microsoft PR ALMEETRR V

Research

1

R AR e 2
RN RRE SIS

[ EASUERNE RS+ IE1T54] &8 , UbiComp ( EfFSEitEAS ) mARE
7. AT EP—RIe R BASEERA R +IEREE | SRfilstLALES
el | BRI, S ROREE | T, ZiEREMAA 2~ (7..Yr

&  Consumerimpuisi Consu mer l m pUISiVity




Social Network Stimuli

. . 0.008 w— Check—in 10.014

* A typical example for offline -

Consumpt|0n w— Social Network Post 10.012 5

0.006 =

= 10.01 -,

* Check-in data - The Chinese president Xi Jinping visited 1o 00s &

. - < 0.00 Qing-Feng Steamed Dumpling Shop 2

(consumption activity) g | R 3

2 on 12/28/2013 gl

* Social networks post {0004 2

(stimuli resource) 10.002
0.000 A L.

()
12/1/2013 12/18/2013 1/6/2014
Date

Figure 1. Qing-Feng Steamed Dumpling Shop-related check-in densi-
ty distribution w.r.t Qing-Feng Steamed Dumpling Shop-related social

network post density distribution



ltem Stimulus Matrix

KFC Pizza Hut McDonald's

I)/Oz>o3>01

O
Consumer Behavior ‘ ‘ »‘)3

. Post a Post ¢ Post e .
Social Network Posts Post b Post d O; O, O3  oOption

——

1 2 3 1

Timeline

——— 1 1h
If you take me to KFC | will do anything for you

Expand 4 Reply

cRysRuaiinitismmissié= - 2h

When all else fails, Pizza Hut has my back

\4
Position

Expand 4 Reply



Consumer Impulsivity Model

Observation generation procedure:

I. Draw initial utility distribution 7= ~ Dirichlet(cx).

o

For the mth row in utility transition matrix ¢,
draw ¢,,, ~ Dirichlet(~y,, ).

(9

. Draw consumer impulsivity level distribution
6 ~ Dirichlet(3).

4. For the ith position in the sequence,
(a) draw consumer impulsivity level z; ~ 6,
(b) draw z; ~ P(X,'I.’l),'_l, b, zi).

' !
'f('T’ Jri_l?’z'ivDOSi;r) = Q2”1 2 DOS I\ l
I




I Buying Impulsiveness Scale (designed by |
Effe Ct|ve n eSS | Dennis W. Rook and Robert J. Fisher) I
l I
I I
* CIA and Survey-based Result : | :
I | often buy things spontaneously. I
JGet survey results ! | v |
* Online shopping data, 976 users published email address. I [Strongly Agree |
. . . A
Then send invitations, 103 returned (56 males, 47 females) : N Oiion |
. L ~ |
* Check-in data, only 21 users have email, ignored | ,S:gg;yeoisagree I
Pearson Correlation  P-Value I A = .
Survey Results I
VS. 0.246 0.007 I - !
CJA @ Product I | see it, | buy it" describes me. I
Survey Results | y I
VS. 0.551 < 1010
CIA @Product Category I “Buy now, think about it later” describes me. I
5 I . I
* CIA and demographics , :
| Sometimes | feel like buying things on the spur-of-the-moment. I
5§ e
4l I I Granularity Coefficient ~ P-Value : :
E 3 I I I ' tf"f:!mlla:e g:c -81;; < ig:i?’ | | buy things according to how | feel at the moment. I
| o | alegory U573 <
i Product 0.034 0.118 I ' I
T e Product Category -0.296 <3079 I I
POl POl Product Product Survey scale

C Blcgol’_v Calcgm‘y L EEEE N S S S S S S S S e . .- J
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Figure 10. Prediction results nDCG @10 of CIM and all baselines w.r.t parameter 7°
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Figure 11. Prediction results nDCG @10 of CIM and all baselines w.r.t parameter A

* Performance with parameter T and A

e Our model outperforms OF, MC and CRF, because frequency, transition frequency and stimuli intensity has been
captured




. What are you doing now then?
‘ Duh.

Customized Chatbot

@ | mean really speak.

s WERPATH EWHIRTHAAN We can speak)
A, B o] Bl ot — A
A E— IR L& A

How are you there?.

Roman

. FRAT1IE Tu —FEN, it —_—
JLE. A, %Zjiwkﬁﬁ e
7%%5‘? LJ/\%‘—‘%ACI%:U@; El/(ﬂﬂ __

on but\bmmis you.

Roman
| miss you too.

Roman
| guess this is what we call
love.



Eliza: a Rogerian Psychotherapist

* One of the first chatterbots, written at MIT by Joseph Weizenbaum
between 1964 and 1966. (http://nlp-addiction.com/eliza/)

* ELIZA effect, the tendency to unconsciously assume computer
behaviors are analogous to human behaviors

File Edit COptions Buffers Toaols Help

Cex OB F PR RIE?

JOSEPH WEIZENBAUM

OMPUTER
I have a terrible headachs. (::
Mayl?e vou should consult a deocter of medicine, I am a psvchie POWER
Satrist.
Okay, I'll de that then. AND
Can vou elaborate on that? HUMAN
What are vou talking about? HNo I cannot elaborate. See you le
REASON

Sater.
What makes you beliewve now I am just talking nonsense? FROM JUDGMENT
¥You are not making any sense. TO CALCULAT‘ON

I am the psychotherapist. Flease, describe vour problems. 2 -
SEach time
vou are finished talking, tvpe RET twice.

Why do veou say that?

Now wou're just talking nonsense

Ferhaps vour plans have something to do with this.
-u:** “*doctor* {Doctor Fill)--L1--Top-———————-—————————+


http://nlp-addiction.com/eliza/

Xiaoice: an Emotional Chatbot

* Developed by Microsoft ASG |,

and MSR Asia
: : (“uj: . ” I sl
* Xiaoice means “little Bing
il 3

: Dynamic :
* China, May 2014 Ranker
* Japan, Aug 2015
* US, Oct. 2016 Y} AR TIEABH~~~
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Xiaoice N
COEY 3 ROT D B91%

You will have the results
in two days

If the exam is important,
then forget about your
mood; If not, then first
do something for your

mood

My dear sister -

User

10:56

< RN 8
i The mid-term exam is

coming in 2 days

EXEEWPERT

— 03 75 K Gk AE S AR
I But | am not in the
KRR mood to study

MBEEURES , RBETOMNREE
HANE , £ARON

Thank you, my little

/ .
iR sister

Wy, S

G | wam ©| +

=
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A journalist from a renowned newspaper in China, Southern Weekend, had interviewed Xiaoice online without
notifying Microsoft. The results were surprisingly good to him so the interview got published on July 29, 2014.
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others to comment on you?
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Building Emotional Connections

We should understand
users before building

emotional connections \
with them

We should make users
/ feel the bot is someone
they like

Talk in a style that users
prefer

Personality influence
the development of
relationships

It’s important to /
build connections

when users feel bad
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Poem Generation

Keyword
Extraction

7
IR (city) 0.61
Prili (street) 0.26
£r 447 (traffic light)  0.03
A% (Road) 0.03
J AR E (tiny car) 0.01
1 & (busy) 0.50
v 14 69 (scare) 0.16
385 (broken) 0.07

.

Keyword
Filtering
+
Keyword
Expansion

ﬁ r
Poem W A o AR ]
M (city) »|Generatio I\ The city flows slowly behind him.
t& & (busy) My life is busy.
AN A fL BN S0 38 69 3o 75 R AR
37 (place) ‘;t\‘/tacl,::‘aatgf That's why we keep silence in a
place no one knows.
% % (smile) Reject Accept WARHFERGXET
when when With lips curl into phony smile.
low score high score
w

Keyword Generation

Poem Generation




Eliza: a Rogerian Psychotherapist

* One of the first chatterbots, written at MIT by Joseph Weizenbaum
between 1964 and 1966. (http://nlp-addiction.com/eliza/)

* ELIZA effect, the tendency to unconsciously assume computer
behaviors are analogous to human behaviors

File Edit COptions Buffers Toaols Help

Cex OB F PR RIE?

JOSEPH WEIZENBAUM

OMPUTER
I have a terrible headachs. (::
Mayl?e vou should consult a deocter of medicine, I am a psvchie POWER
Satrist.
Okay, I'll de that then. AND
Can vou elaborate on that? HUMAN
What are vou talking about? HNo I cannot elaborate. See you le
REASON

Sater.
What makes you beliewve now I am just talking nonsense? FROM JUDGMENT
¥You are not making any sense. TO CALCULAT‘ON

I am the psychotherapist. Flease, describe vour problems. 2 -
SEach time
vou are finished talking, tvpe RET twice.

Why do veou say that?

Now wou're just talking nonsense

Ferhaps vour plans have something to do with this.
-u:** “*doctor* {Doctor Fill)--L1--Top-———————-—————————+


http://nlp-addiction.com/eliza/

DiPsy: A Digital Psychologist

Your Myars-Briggs personality type Your preferences

Digital footprints

Daily conversations

Physical movements

ay

| found myself can’t concentrate
at work; hear voices talking to
me trying to get my attention...

Can you tell some more about
that?

I don’t know who they are, but
they bug me...

Sounds like it’s awful to hear
all this negative stuff said
about you. | don’t want to
press this if it is too upsetting,
but it might be helpful if |
knew just a little bit more to
see if | can understand what is
happening.

| just want to get back to work.

ENFP Extraversion | Intultion | Fesling | Perceiving

THE WAY YOU DIRECT AND RECEIVE ENERGY

Extraversion

Pecpe who prefer Extraversion tend 1o
divect thar envergy towaerd the outside
Wars and get energized by Interacting with
people and taking action

e

Introversion

Fecple who prefer introversion tend %o
direct thelr energy toward they inner world
and get energized by reflecting on their
ideas and experiences

THE WAY YOU TAKE IN INFORMATION

Sensing

Pecoie who preder Sensing tend 15 loke
Information that is real and tangible

They focus manly on what they percese
wEng the five senses

THE WAY

n

Intuition

Prople wha prafer intultion tend to Take
in informamnon by seeing the big picture
Thay focus mainly on the patierms and
interrelatiorshps thoy perceivn

YOU DECIDE AND COME TO CONCLUSIONS

Thinking

Feopie who prefer Thirking typécally base
it GecGns and conciusions on logic
with gocuracy and objectve truth

the primary goas

f

Feeling

Feople who prefer Fesling typically base
her decisior and CONCLAONE ON Denons
and sochl values, with understanding and
harmony the geimary goals

THE WAY YOU APPROACH THE OUTSIDE WORLD

Judging

People who prefer Judging tymecally
come to conclusions quicky and want to
MGV GR, A0S take an arganioed
planned approach 10 the workd

Parceiving

Prcple who prefer Percewving typcaky
look for more Information befare coming
o conclusicms and tike & spontanecoy
flexitie spproach 1o the world

CLARITY OF YOUR PREFERENCES: ENFP
EXTRAVERSION o - 0 NTROVERSION
SENSING 0 - 0 INTUITION
THINKING 0 r—e 0 FEELING
0 PERCLIVING
EXTRAVERSION | 26 INTUMON | 26 FEELING | 2 PERCENING | 2§




System Framework

J

User input Chat engine 'L Response
- __
> Diagnose :____"_"__"::*_"""""""1:
: Treatment !
A 1 .. . 1
Physical movements E CBT(Cognitive Behavioral Therapy) E
L e - = /_f ________________
.Jrg‘,/‘\ /// III
LU @SDGC. Traits:
Big5, novelty-seeking, ,"
impulsivity, MBTI... ,’I
Digital footprints !

Mental disorder: !
depression, anxiety,
autism, hypochondria,...




summary

e User modeling is important for building intelligent bots

* Mining demographic and personality attributes from human
behavioral data

* Collaborating with researchers from areas of psychology, sociology
and cognitive science
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