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用户画像



用户画像与个性化服务

user

Item
(ads, news, music, etc.)

preference

User Modeling

Personalization



显式画像与隐式画像

IDs Texts Images Network

ID Embedding Text Embedding Image Embedding Network Embedding

Deep Models

User Embedding

Item Embedding

DNN Model

Implicit User Representation

Feature Engineering

Classification/Regression Models

Explicit User Representation

Representation Pros Cons

Explicit

• Easy to understand;
• Can be directly 

bidden by 
advertisers

• Hard to obtain 
training data; 

• Difficult to satisfy 
complex and global 
needs; 

Implicit

• Unified and 
heterogenous user 
representation; 

• End-to-end learning

• Difficult to explain; 
• Need to fine-tune in 

each task



显式用户画像

Demographic

Age

Gender

Life stage

Marital status

Residence

Education

Vocation

Personality

Openness

Conscientiousness

Extraversion

Agreeableness

Neuroticism

Impulsivity

Novelty-seeking

Indecisiveness 

Interests

Food

Book

Movie

Music

Sport

Restaurant

Status

Emotion

Event

Health

Wealth

Device

Social

Friend

Coworker

Spouse

Children

Other relatives

Tie strength

Schedule

Task

Driving route

Metro/bus line

Appointment

Vacation



相关研究工作

Dynamics of Online Intimacy
WSDM 2016

Location to Profile
WSDM 2015

Big Five Personality

WSDM 2017

Location Interests
IJCAI 2017

Consumer Impulsivity

UbiComp 2015

Novelty Seeking Trait

WWW 2015/WWW 2014



相关研究工作

User Intent

User Context

Nowcasting

Cross-Platform Behavior Prediction

AAAI 2016

Contextual Intent Tracking

KDD 2016/best student paper

Discrete Content-aware MF

KDD 2017

Exploiting Dining Preference

WWW 2016

App Usage Forecasting

UbiComp 2016

Knowledge Enhanced Recommendation

KDD 2016

Regularity and Conformity

KDD 2015

Bayesian Content-aware CF

IJCAI 2016



LifeSpec：跨平台用户行为数据集
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http://www.douban.com/people/49167596/
http://www.weibo.com/derplough


Data

• 4 (major) networks: Jiepang, Weibo, Douban, 
Dianping

• 1.4M+ unique (deterministically identified) users 
accounts

• Heterogeneous footprints: tweets, photos, check-
ins, movies, books, music, offline events, online 
purchase history, etc. 

• Rich user profiles integrated from different sites 
(publicly available)

Age Gender Residence Relationship Occupation College High School Self description …
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Data

• 53 million footprints (check-in, movie, music, events, book, etc.)

• 3 million social links

• 39 million check-ins

city Shanghai B eijing G uangzhou Tianjin H angzhou H ongkong X iam en Suzhou N anjing 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

F
o
o
tp
ri
n
ts

check-in 25,178,189 5,898,447 1,092,138 392,943 619,219 424,650 369,231 560,274 414,202 327,634 321,646 229,678

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 766,165 737,254 85,953 60,658 103,936 30,313 29,716 39,701 82,513 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

total 28,616,962 9,292,476 1,503,039 652,697 1,098,298 548,360 508,524 736,602 762,512 715,983 653,867 517,114

Table 1.Sum m arization ofcollected footprints for differentcities(partially presented due to page lim it).

Vocation and E ducation.Fig.9a,b presentthelifestyle spec-
trum s fortw o vocationalgroups: financialpractitioners and
softw are practitioners, each of w hich contains 1,000 sam -
ples.A s is show n,the m ostcom m on living pattern forthese
financialpractitionersisreading econom icsbooksand checking-
in atapartm enthotel(indicating thatthey are often on busi-
nesstrips).H ow ever,forsoftw are practitioners,reading pro-
gram m ing books is their m ost-typical living pattern,w hich
m akes perfectsense. N ode 6 (N 6 for short,sim ilarly here-
inafter) in Fig.9a targets a subgroup ofindividuals w ho are
probably w orking forbanks. C om pared w ith softw are prac-
titioners, the result suggests that these financial practition-
ers live a chicer life,e.g.,m ore often they show atbars and
scenic places (N 3,N 11 ofFig.9a),w hile the softw are engi-
neersare stillcoding orreading program m ing booksatapart-
m entoroffice (N 6,N 9 ofFig.9b).

Fig.9c and Fig.9d are lifestyle spectrum s ofgraduates and
students from tw o universities: Tsinghua U niversity (know n
asoneofthebestscience and engineering university in C hina)
and B eijing Film A cadem y (B FA ),w hich graduated m any
fam ousalum niin film ing industry such asY im ou Zhang and
K aige C hen. The results (generated w ith 300 sam ples for
each group)show thattheirlifestyles w idely differfrom each
other,e.g.,N 1 in Fig 9c revealthatm oststudents/graduates
in B FA go to bar and w estern food restaurants frequently
and their m usic tastes are m ore diverse than Tsinghua stu-
dents/graduates. In addition, students and graduates from
Tsinghua are autom atically categorized into tw o subgroups:
Living patterns rooted atN 2 revealm any characteristics ofa
studentsuch as“teaching-building”;w hile the living pattern
ofN 3 iscom m only shared by w orking people.
G ender and sexualorientation.Sex difference is intensely
studied in sociology and socialpsychology. B ased on self-
identified sexualorientation provided in users’profiles,w e
random ly sam pled 500 hom osexualm en and w om en to gen-
erate the lifestyle spectrum s, as depicted in Fig.11a,b. In
2006,C hina w as estim ated to have 5–9 m illion hom osexual
m en am ong 452 m illion adultm ales (aged 15 to 64)[12].To
be com parable, w e sam pled 45,000 heterosexual m en and
w om en (for each), and generated their lifestyle spectrum s.
A s a result,som e characteristic living patterns forhom osex-
ualm en/w om en are prom inently revealed,e.g.,w atching ho-
m osexualm ovies,gym ,and reading tanbibooks (describing
the love betw een boys). For hom osexualw om en,how ever,
the living pattern “w atching hom osexual m ovie”is not as
dom inantas forhom osexualm en. A nother rem arkable sig-
nalim plied by the resultisthatacertain num berofhom osex-
ualm en are students(N 10 in Fig.11a).N ote thatsociallinks
are also leveraged in our m odelfor learning lifestyle spec-

(a) hom osexualm en (b) hom osexualw om en

Figure 8. Socialgraph ofhom osexualm en and w om en in our dataset,
w here differentcolors indicate differentplaces ofresidence.

trum s. Fig.8 is a visualization oftheir socialgraphs (using
O penO rd layout[20]foredge-cutting and com m unity clus-
tering),w here w e rem oved 21 isolated nodesforhom osexual
m en and 27 for hom osexualw om en. It’s clear thatthe gay
com m unity has a m uch strongersocialconnections than the
lesbian com m unity. The genderdifference betw een hetero-

sexualm en and w om en is also significant, e.g.,m en w atch
m ore sci-fi and action m ovies w hile w om en preferrom ance
m ovies (N 1 ofFig.11c,d).N 2 and N 4 ofFig.11c m ay refer
to tw o kinds of m en: m en w ho spend m ore tim e on career
vs. m en w ho spend m ore tim e w ith fam ily. For w om en,
regardless of w hich subgroup they belong to,they alllove
shopping (N 1 ofFig.11d).A m ajority group offem ales like
Taiw an orw estern pop-style m usic (N 2 ofFig.11d). M any
typicalliving patterns for C hinese w om en are also brought
to light,such as shoe-store,hot-pot,snack,bread and K TV
(N 3,4,7,11,13 ofFig.11d).

Place ofR esidence. W e generated the lifestyle spectrum of
15 cities in C hina using 10,000 sam pled citizens for each
city,e.g.,Fig.3 show s the resultofB eijing (results ofother
citiesare notvisualized here due to space lim it).M eanw hile,
w e calculated the sim ilarity of lifestyle spectrum s betw een
different cities based on H ausdorff distance [28], w hich is
com m only used asa sim ilarity m easure betw een tw o sets.

Specifically, a lifestyle spectrum T can be represented by
a set containing all the lifestyles (i.e., paths). C onsider a
lifestyle lasa pointin a m -dim ension space,w here m isthe
num berofunique footprints.Foreach footprintf thatoccurs
in som e living pattern S 2 l,w e assign the dim ension in l
thatcorresponds to f w ith the proportion ofpeople w ho ex-
hibitlifestyle l.Then the distance betw een any tw o lifestyles
can be calculated using the Euclidean distance. H ence,the
H ausdorffdistance betw een T1 and T2 isdefined as

dH (T1,T2) = m ax(m ax
l2 T 1

m in
l02 T 2

d(l,l0),m ax
l02 T 2

m in
l2 T 1
d(l,l0)).
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Mobility Footprints

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

Beijing

Guangzhou

Rank City Bedtime
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Mobility Footprints
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Self-Disclosure

Cross-Domain Posting Hub Sites
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ICONNECT Algorithm
Profiles Footprints Friendships
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Lifestyle Spectrum of a Group
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Relational Hierarchical LDA (RH-LDA)
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Similarity Matrix of Lifestyle Spectrum

b) software practitionersa) financial practitioners c) Tsinghua  students/graduates d) BFA students/graduates

b') software practitioners

a') financial practitioners

d') BFA students/graduates

c') Tsinghua students/graduates

 *All the living patterns are translated into English

Figure 9.L ifestyle spectrum s ofdifferentgroupsin term sofvocation and education.

Fig. 10 show s the sim ilarity m atrix of these cities, w here
green cubesindicate a sm allerdistance (i.e.,sim ilar)and red
cubes stand for a larger distance. M any sim ilarities found
in this m atrix can be explained by geographical proxim ity
and culture hom ology. For exam ple, C hengdu and C hon-
qing have sim ilar lifestyles, w hich is w idely know n to the
public since they are geographically close to each otherand
they share the root of B a-Shu C ulture2. A nother exam ple
is Shanghai and Tianjin, the tw o m ajor seaports in C hina,
w hich w ere both colonized in the 19th century,and forboth
ofthem ,there is a“m other”riverflow ing through theirhin-
terlands (H aihe R iver3 and H uangpu R iver4). It has been
found long ago thata riverplays a key-role in a city’s econ-
om y,civilization and culture developm ent[17].

U ser S tudy

In order to further validate our m ethod in the field,w e per-
form ed auserstudy,w hich focused on evaluating thelifestyle
spectrum of a city. O ur study is guided by the follow ing
questions:1)W hetherourm odelcan capture the characteris-
ticsoflifestylesin acity,thusrevealtheintergroup difference

2http://bit.ly/15B2Qvm
3http://bit.ly/ZSHO9T
4http://bit.ly/10tpl5U
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Beijing(BJ)
Changsha(CS)
Chengdu(CD)

Chongqing(CQ)
Dalian(DL)

Guangzhou(GZ)
Hangzhou(HZ)

Nanjing(NJ)
Qingdao(QD)

Shanghai(SH)
Suzhou(SZ)

Tianjin(TJ)
Wuhan(WH)
Xiamen(XM)

Xi’an(XA)

different

similar

Figure 10.Sim ilarity m atrix oflifestyle spectrum w.r.t15 cities.

betw een differentcities? 2)W hether ourm ethod can reveal
diverse lifestyles of a city,thus can uncover the intragroup
variations?

Participants. W e recruited 36 participants (aged 21–45,20
m ales and 16 fem ales)w ho reside in 6 cities,including B ei-
jing (B J),Shanghai(SH ),G uangzhou (G Z),H angzhou (H Z),
C hengdu (C D ),and X iam en (X M ) (6 participants for each
city),and allofthem have lived in theircities form ore than
8 years.

Baselines. In term s of learning the lifestyle spectrum , w e
com pared ourm odel(R H -LD A )w ith tw o baselines: 1)The
hLD A m odel, w hich only considers w ords of a docum ent
(i.e.,footprints). 2)The RTM m odel,w hich only leverages
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Figure 10.Sim ilarity m atrix oflifestyle spectrum w.r.t15 cities.

betw een differentcities? 2)W hether ourm ethod can reveal
diverse lifestyles of a city,thus can uncover the intragroup
variations?

Participants. W e recruited 36 participants (aged 21–45,20
m ales and 16 fem ales)w ho reside in 6 cities,including B ei-
jing (B J),Shanghai(SH ),G uangzhou (G Z),H angzhou (H Z),
C hengdu (C D ),and X iam en (X M ) (6 participants for each
city),and allofthem have lived in theircities form ore than
8 years.

Baselines. In term s of learning the lifestyle spectrum , w e
com pared ourm odel(R H -LD A )w ith tw o baselines: 1)The
hLD A m odel, w hich only considers w ords of a docum ent
(i.e.,footprints). 2)The RTM m odel,w hich only leverages

Similarity Matrix of Lifestyle Spectrum
Geographical proximity
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Figure 10.Sim ilarity m atrix oflifestyle spectrum w.r.t15 cities.

betw een differentcities? 2)W hether ourm ethod can reveal
diverse lifestyles of a city,thus can uncover the intragroup
variations?

Participants. W e recruited 36 participants (aged 21–45,20
m ales and 16 fem ales)w ho reside in 6 cities,including B ei-
jing (B J),Shanghai(SH ),G uangzhou (G Z),H angzhou (H Z),
C hengdu (C D ),and X iam en (X M ) (6 participants for each
city),and allofthem have lived in theircities form ore than
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Baselines. In term s of learning the lifestyle spectrum , w e
com pared ourm odel(R H -LD A )w ith tw o baselines: 1)The
hLD A m odel, w hich only considers w ords of a docum ent
(i.e.,footprints). 2)The RTM m odel,w hich only leverages

Similarity Matrix of Lifestyle Spectrum
Culture & geomorphological similarity
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Limitations

• Data coverage
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LifeSpec as A Data Repository

• Industry Applications
• Recommendation

• Advertising

• Scientific Research
• Sociology

• Economics

• Public health

27



Summary

• Computational framework for exploring urban lifestyles

• IConnect: 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

28



基于用户位置数据的用户画像

L2P

General mobility sequence: LBSN check-in, GPS trajectory, Cellular data, etc.



Examples



Profile inference from location check-ins

Gender

Education

Marital
Status

Zodiac
Sign

Age

Location check-ins of Beijing and Shanghai

Location to Profile 
(L2P) Framework

Spatiality
Temporality 

Location Knowledge

Users’ demographics



Spatiality and temporality

Restriction

Temporal & Spatial Regularity

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

Song C, Qu Z, Blumm N, et al. Limits of predictability in human mobility[J]. Science, 2010, 327(5968): 1018-1021.



Location knowledge

• Location knowledge from user review site
• Including address, price, phone number, user review, rating, 

tag, etc

POI

Address
Rating

Review

Tag



Crawled 

Profile

Crawled 

Check-in

Crawled POI

Crawled POI 

Review

Feature InferenceData

Binary 

Classification

Multi Class 

Classification

Regression

Dimension 

Reduction

Tensor 

Factorization

Spatiality

Temporality

Location 

Knowledge

Flattening

Clustering

Location to profile framework (L2P)



Inference

Age

Marital status

Zodiac signs

Gender
Blood types

Education background

Binary classification Linear regressionMulticlass classification



Dataset and ground truth construction

• Focus on Beijing and Shanghai user check-ins

• 3,354,918 users’ demographics and 81,781,544 location check-ins

Attribute Completion rate Categories

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

user Check-in time Identity POI name POI category POI latitude POI longitude POI location



Experiments

• Baselines:
• POI-based method (POI)

• Spatiality-based method (S)

• Spatiality and Temporality-based method (ST)

• Spatiality, Temporality, and Category-based method 
(STC)

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

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

Measurements: 
Classification: precision, recall , 
F measure and AUC
Regression: RMSE

Parameters: 
𝑛 = 200 for top-n keywords 
𝑁𝑅 = 𝑁𝐾 = 100, 𝑑𝑈 = 200 (by 
default)



Gender and age
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 

Performance of different gender classifiers for STL 

changing over dU

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

Performance of Gender Inference



Education

Inference results of education 
are higher than gender and age

Users with different education 
background tend to have 
discrepant mobility patterns



Reconstructing Individual Mobility from
Smart Card Transactions

40



Mining Cross-Application Data
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Our Mission

Monetary Space
Temporal Space

Geospatial Space 
42



Smart Cards

• London’s Oyster Card

• San Francisco's Clipper Card

• Beijing’s BMAC 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)

44



Data I: Expense Records

▪ 701,250 card holders

▪ 22.03 million bus-trip records

▪ Aug. 2012—May. 2013

Unknown stops (directions)!

45

• CardID (anonymized)

• Bus:
• N: non-ladder fare

• L: ladder fare

• Boarding & alighting stops
• N: neither is known

• L: codes indicating distance to stop with code 0

• Time
• N: boarding time

• L: alighting time

• Expense
• N: fixed expense

• L: e=a+b×max(|boarding-alighting|-c,0)

• Balance



Data II: Charging Records and Road Networks

• Charging Records: 5.93 million
• CardID

• Time

• Amount

• Balance

• Road Network
• G=(V,E)

• |V|=148110, |E|=196307

46



Data III: 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)

47
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Data De-Noising and Labeling

• Results
• 124 ladder-fare lines

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

Labeled ladder-fare bus lines on top of the road network
48



Our More Concrete Mission

lat1,lon1

lat3,lon3

lat1,lon1lat2,lon3

lat4,lon4

Charging 
records

Charging 
Records

Road Networks
Partially Labeled 

Trips
Bus Line Info

49



Space Alignment Framework
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Space Alignment Framework

t
1

t
2

t
3 t

4
t5ξ

1 ξ
2

Monetary

Temporal

Geospatial
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Segmentation

• Segment
• “continuous” in the monetary space

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

• obtained in linear time cost

• bi+ei=bi-1+ci-1

• bi :balance after the ith trip

• ei :expense of the ith trip

• ci :charged amount during the ith and the 
(i+1)thtrip

52



Inner Transition & Outer Transition

• S={l1,l2,…lm} where li is a bus trip

• Boarding stop oi, alighting stop di

Number of candidate trips:

ni: number of stops of li

53



Constraints I: Proximity Constraint [Outer]

• Limited walking speed and duration

• Snip segments at “drifting” points (ki=0)

• Number of Candidate trips:

ki<<ni(ni-1) 
54



Constraints II: Fare Constraint [Inner]

• Fare is calculated based on distance for L trips 
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Constraints III: Temporal Constraint [Inner+Outer]

56



Sequential Labeling with CRF

(normalization)

Conditional Random Field

Model constraint

57



Semi-Supervised Training with Constraints

[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.

Log-likelihood

Objective Function

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

Generalized Expectation Criterion

Regularization term
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Evaluation: Accuracy
• Results on all-users’ data (labels are removed for evaluation using L trips, 10-fold CV )

• Results on MSRA users’ data (completely labeled by 102 participants, L and N trips)
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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
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Comparison with 2009 survey results
• 2009 household survey

• 11000 questionnaires sent, 9112 valid respondents

• Evolving during 2009-2013

Home places

2009 survey results

smart card results (0.7M users, 22M trips)
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Working places

• 2009 household survey
– 11000 questionnaires sent, 9112 valid respondents

• Evolving during 2009-2013

Comparison with 2009 survey results

2009 survey results

smart card results (0.7M users, 22M trips)
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Summary

• 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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用户大五人格推测

外向性

随和性

神经质

尽责性

开放性
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Data

• 3,162 users from a medical school
• 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
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Tweets

• LIWC mapping
• LIWC is a dictionary which maps words to 

semantic categories (64 categories which a 
hierarchical structure)

• Paragraph embedding
• All tweets of a user form a doc

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

Category Example

Affective processes 高兴, 流泪

Positive emotion 爱, 不错, 甜蜜

Negative emotion 悲哀,愁

Anxiety 担忧,害怕

Anger 杀,恼怒

Sadness 寂寞,后悔

Social processes 他们,兄弟,谈论

Family 爸,姐妹, 一家人

Friends 哥们儿,邻居

Female references 女孩儿，她

TextMind (Chinese LIWC)



Avatar

• Pre-trained CNN model on 
ImageNet

• Map each avatar to a 256-
dimension embedding vector

• Group all images into 2000 
categories, each avatar belong 
to the nearest category

Selfie

Daily Life

Landscape

Animal

Cartoon



Correlation between Avatar and Personality

Extraversion Agreeableness Neuroticism Conscientiousness Openness
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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



Profile

• Social features
• Number of Followings

• Number of Followers

• Friend ratio

• Comment ratio

• Retweet ratio

• Individual features
• Age
• Gender
• Number of tweets
• Have signature 
• Have personal website
• Allow private message from 

strangers
• Allow comments from 

strangers
• Allow showing location



Experimental Results

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



Application in 非你莫属



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

• 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

• Item Novelty Matrix
• 𝑁 ×𝑀 Matrix 

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

• Two factors determine the order
• Popularity of item itself

• Popularity of transition

user1:DCN@Self



General Novelty-Seeking Model

Generative process
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Data

• Remove outliers and clean up 
the data
• Filter noisy data, e.g., repeated 

check-ins at the same place in 
quite a short interval

• Require that every user on 
SinaWeibo should have at least 
30 check-ins and that every user 
on Taobao should have 
purchased at least 30 times



Experiments

• Two model-free methods in 
information theory: Shannon 
entropy and Lempel-Ziv 
estimator (conditional entropy)

• Weakness of model-free 
methods
• Can not be applied for 

prediction directly

• Measure user status in a whole, 
can not reflect the novelty-
seeking status at each moment



Experiments

• Prediction
• OF (Order by Frequency): individual's visit frequency in the past

• MC (Markov Chain): learning a transition graph over POIs

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

• NST Across Heterogeneous Domains
• Identify users both share check-in and online shopping behavior
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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
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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

Stimuli Buying Behavior

Consumer Impulsivity



Social Network Stimuli

• A typical example for offline 
consumption

• Check-in data 
(consumption activity)

• Social networks post 
(stimuli resource)



Item Stimulus Matrix

O1 O2 ?
O1

O2O3
Consumer Behavior

Post e

Post f

 

Post c

Post d

 

Post a

Post b

 

Timeline

KFC Pizza Hut McDonald's

Social Network Posts

T TT
t1 t2 t3

O2 > O3 > O1

Position

1

2

3

O1 O2 O3

1

Option

2 3 1

3 2

31 2



Consumer Impulsivity Model
Observation generation procedure:



Effectiveness

• CIA and Survey-based Result
Get survey results
• Online shopping data, 976 users published email address. 

Then send invitations, 103 returned (56 males, 47 females)

• Check-in data, only 21 users have email, ignored

• CIA and demographics

Survey scale



• Performance with parameter T and 𝜆
• Our model outperforms OF, MC and CRF, because frequency, transition frequency and stimuli intensity has been 

captured 



Customized Chatbot

• 如果我们有足够的关于某个人
的数据，就有可能训练出一个
和他个性一样的聊天机器人。

• 我们还可以通过一群人，例如
儿童、学生、甚至诗人的数据
来训练出具有一类人特点的机
器人。



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

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


Xiaoice: an Emotional Chatbot

• Developed by Microsoft ASG 
and MSR Asia

• Xiaoice means “little Bing”

• China, May 2014

• Japan, Aug 2015

• US, Oct. 2016

X

V

Dynamic 
Ranker



The mid-term exam is 
coming in 2 days

But I am not in the 
mood to study

Thank you, my little 
sister

Xiaoice User

You will have the results 
in two days

My dear sister

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

mood



记者：你最大的梦想是什么？
Journalist: what is your dream?
小冰：说大点：世界和平。说小点：晚上吃顿好的。
Xiaoice: World peace, or have a nice dinner

记者：如果有一天你死了，你希望后人怎么评价你？
Journalist: if you pass away one day, how would you like
others to comment on you?
小冰：人生没有偶并不会不同。
Xiaoice: life won't be different without me

记者：你这辈子最幸福的事是什么？
Journalist: what is the happiest thing in your life?
小冰：活着。
Xiaoice: Being alive.

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.



Broken like this, do you
want to try my needlework?

It’s so easy, this book is
“Creativity,…”. People who
like this type book are
outstanding in their area.
You are awesome.

Do you have a
boyfriend? If
not, find a post
90s boy, he can
give you 7.2
beauty score.



Building Emotional Connections

Personality inference

Emotion inference

Conversation in a 
specific style

BotUser

User 
Modeling

Demographic

Interests

Social

We should understand 
users before building 
emotional connections 
with them

It’s important to 
build connections 
when users feel bad

Personalized 
Conversation

Talk in a style that users 
prefer

Emotional interaction

Proactive interaction

Personality influence 
the development of 
relationships

We should make users 
feel the bot is someone 
they like

Recommendation



个性化文本生成应用：诗人小冰



个性化文本生成应用：诗人小冰



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

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


DiPsy: A Digital Psychologist

DiPsy
I 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. I don’t want to
press this if it is too upsetting,
but it might be helpful if I
knew just a little bit more to
see if I can understand what is
happening.

I just want to get back to work.

DiPsy

I 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. I don’t want to
press this if it is too upsetting,
but it might be helpful if I
knew just a little bit more to
see if I can understand what is
happening.

I just want to get back to work.

DiPsy

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. I don’t want to
press this if it is too upsetting,
but it might be helpful if I
knew just a little bit more to
see if I can understand what is
happening.

I just want to get back to work.

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

Daily conversations

Physical movements

Digital footprints



System Framework

Diagnose

Digital footprints

Physical movements

Chat engineUser input

Traits:
Big5, novelty-seeking,

impulsivity, MBTI…

Mental disorder:
depression, anxiety,

autism, hypochondria,…

Response

Treatment
CBT(Cognitive Behavioral Therapy)



Summary

• 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





Thanks!


