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Agenda
Brief summary of the  lecture…
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1

Textual Data

1. N-Grams

2. Topics

3. Dictionaries

4. Heuristics

2

Visual Data

1. Bag of Visual Words

2. Visual Concepts

3. Deep features
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Location Data

1. Venue (POI) semantics

2. Spatial Features

3. Temporal Features

4. Mobility Features
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Sensor Data

1. Exercise semantics

2. Statistical Features

3. Frequency Features
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Data  Gathering

1. Collecting Multi-Source Data
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Big data is not actually about the data. The revolution is not 
that there’s more data available.

The revolution is that we know what to do with it now...

- Gary King

“
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More than 50% of online-
active adults use more than 
three social networks in their 

daily life*
*According	Paw	Research	Internet	Project's	Social	Media	Update	2014	(www.pewinternet.org/fact-sheets/social-networking-fact-sheet/)	

Multiple social networks describe users from multiple views
Some facts about social networks…
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Different data modalities describe users from multiple views
Indeed, they are:

5

Textual View

Visual View

Location View
Physical View
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Textual Data

*A. Farseev, N. Liqiang, M. Akbari, and T.-S. Chua. Harvesting multiple sources for user profile learning: a Big data study.
ACM International Conference on Multimedia Retrieval (ICMR). China. June 23-26, 2015.

Reference
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N-Gram Models of Language

7

• Use word sequences of length n = 1… k, called n-grams
• Language Model (LM)

unigrams (n = 1), bigrams (n = 2), trigrams,…
• How do we obtain such data representations?

Very large corpora – Why?
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Simple N-Grams

8

Assume a language has T words in its lexicon, how likely is word x to 
follow word y?

• Simplest model of word probability: 1/T
• Alternative 1: estimate likelihood of x occurring in new text 

based on its general frequency of occurrence estimated from a 
corpus (unigram probability)

popcorn is more likely to occur than unicorn
• Alternative 2: condition the likelihood of x occurring in the 

context of previous words (bigrams, trigrams,…)
mythical unicorn is more likely than mythical popcorn
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Bag of N-Grams

9

• Count occurrences of each term (n-gram)
• Pick top N most frequent as a Bag of Terms (n-grams): T = {𝑡", 𝑡$, 𝑡%, … , 𝑡&}
• Each document D for user u is represented by normalized terms (n-grams) distribution 

among N most frequent terms (n-grams): 𝐷( = {+,-
&
, +.-
&
, +/-
&
,… , +1-

&
}
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Words usage study for personality profiling

10

James W. Pennebaker

• Task – Word usage analysis* and correlation with personality
• Data – Various essays and questionnaires
• Approach – manual personality-related dictionaries construction
• Findings:

Certain word usage statistics are good indicators for 
human personality profiling

* Pennebaker, J. W. (2011). The secret life of pronouns. 

The smallest, most commonly used, most 
forgettable words serve as windows into our 

thoughts, emotions, and behaviors.
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LIWC

11

• Count occurrences of each words that belong to 
each LIWC category

• Each document D for user u is represented as a 
distribution among 74 LIWC categories:   𝐷( =
{3456-

& , 3456.-
& , 3456-

& , … , 3456-
& }
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Topic Modeling (1)

12

*D. M. Blei, A. Y. Ng, and M. I. Jordan, “Latent Dirichlet Allocation” The Journal of Machine Learning Research, vol. 3, pp. 993-1022, 2003.

• Methods for automatically organizing, 
understanding, searching and summarizing 
large electronic archives.

• Uncover hidden topical patterns in 
collections.

• Annotate documents according to topics.
• Using annotations to organize, summarize 

and search.
• Widely poplar approach: Latent Dirichlet

Allocation (LDA)*
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Topic Modeling (2)

13
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Topic Modeling (3)

14

• Only documents are observable (all user’s 
tweets are in one document for every user).

• Infer underlying topic structure:
Topics that generated the documents. 
For each document, distribution of topics
For each word, which topic generated the word.

Each document 𝐷( for 
user u is represented 
by normalized LDA 
topic distribution: 
𝐷( = {𝑃 𝐿𝐷𝐴" 𝑢 ,
	… ,𝑃 𝐿𝐷𝐴< 𝑢 }
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Data representation Description
Number of hash tags Number of hash tags mentioned in message
Number of slang words We calculate number of slang words / tweet and compute average slang usage

Number of URLs Number of URL’s one usually use in his/her tweets
Number of user mentions Number of user mentions – may represent one’s social activity
Number of repeated chars Number of repeated characters in one tweets (e.g. noooooooo, wahhhhhhh)

Number of emotion words Number of words that are marked with not – neutral emotion score in Sentiment WordNet

Number of emoticons Number of common emoticons from Wikipedia article
Average sentiment level Module of average sentiment level of tweet obtained from Sentiment WordNet

Average sentiment score Average sentiment level of tweet obtained from Sentiment WordNet

Number of misspellings Number of misspellings fixed by Microsoft Word spell checker
Number of mistakes Number of words that contains mistake but cannot be fixed by Microsoft Word spell checker
Number of rejected texts Number of tweets where 70% of words either not in English or cannot be fixed by spell checker
Number of terms average Average number of terms per / tweet

Behavioral Features

15
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Visual Data

*A. Farseev, N. Liqiang, M. Akbari, and T.-S. Chua. Harvesting multiple sources for user profile learning: a Big data study. ACM 
International Conference on Multimedia Retrieval (ICMR). China. June 23-26, 2015.

Reference
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Basic idea: use edge orientation representation:
Take 16x16 square window around detected feature
Compute edge orientation for each pixel
Filter out weak edges (threshold gradient magnitude)
Create histogram of surviving edge orientations

0 2π
angle histogram

Scale Invariant Feature Transform (SIFT) descriptor (1) 

17



360° User Profile Learning From Multiple Social Networks For Wellness And Urban Mobility Applications E-Mail: farseev@u.nus.edu l Website: http://farseev.com

A popular descriptor:
Divide the 16x16 window into a 4x4 grid of cells (we show the 2x2 case below for simplicity)
Compute an orientation histogram for each cell
16 cells X 8 orientations = 128 dimensional descriptor

Scale Invariant Feature Transform (SIFT) descriptor (2) 

18

• Invariant to:
Scale
Rotation

• Partially invariant to:
Illumination changes
Camera viewpoint
Occlusion, clutter
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Bag of visual words (1)

19

Idea: quantize SIFT descriptors of all training images
to extract representative visual words!

Can images be represented as Bag-of-Visual Words?

?
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Bag of visual words (2)

20

Step 1: Extract interest points of all 
training images
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Bag of Visual Words (3)

21

Step 2: Features are clustered to quantize 
the space into a discrete number of 

visual words. 
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Visual Word

Get the final visual 
word Tree

Hierarchical k-means 
clustering 

Bag of Visual Words (4)

22
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Bag of Visual Words (5)

23

Step 3: Summarize (represent) each image as 
histogram of visual words and use as basis for 

matching and retrieval!
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Next Step: Image Concept Detection (1)

24

Tree concept detection answers the question:
“Are there Trees on the picture?”
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Next Step: Image Concept Detection (2)

25

Statue 

Tree

Human

Trees

Stairs 

Sky

Statue 

Human

It also answers the question:
“What objects are on the picture?”
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1. Representative set of images in 
each category is collected

2. An image is represented by a 
collection of “visual words”

3. Object categories are modeled 
by the distributions of these 
visual words

One way to detect image concepts

26
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§ Object detection and recognition is formulated as a classification problem. The image is partitioned into a set of overlapping 
windows, and a decision is taken at each window about if it contains a target object or not.

§ Each window is represented by a large number of features that encode info such as boundaries, textures, color, spatial 
structure.

§ The classification function, that maps an image window into a binary decision, is learnt using methods such as SVMs or 
neural networks  

Zebra

Non-zebra

Decision
boundary

Concept Detection: Discriminative Model

27
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Location Data

*A. Farseev, N. Liqiang, M. Akbari, and T.-S. Chua. Harvesting multiple sources for user profile learning: a Big data study. ACM 
International Conference on Multimedia Retrieval (ICMR). China. June 23-26, 2015.

Reference

28



360° User Profile Learning From Multiple Social Networks For Wellness And Urban Mobility Applications E-Mail: farseev@u.nus.edu l Website: http://farseev.com

Location-Based Social Networks

People want to share their geographic position with their friends.

29
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Foursquare and Facebook are main players

Foursquare and Facebook are the main players
with billions of check-in records.

30
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The Multi-Dimensional Check-In

31
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Location Data Representation: Utilizing Venue Semantics 
Venues are not just GEO points, but multidimensional objects with rich semantics 

32

Category 1 … Category  
Restaurant

… Category
Airport

… Category K

User 1 0 0 2 0 1 0 0
… * * * * * * *

User N * * * * * * *

For case when user performed check-ins in two restaurants and airport
but did not perform check-ins in other venues:

c

Each user is 
represented as 

distribution among
764 venue
categories
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Location Data Representation: Location Topics

33

Topic 1 Topic 2 Topic 3 … Topic N

User 1 0.05 0.4 0.1 0.35 0.1

… * * * * *

User 2 * * * * *

1. Map all Foursquare check – ins to Foursquare venue categories from category hierarchy.
2. Form user – related documents, containing venue categories of every check-in
3. Apply LDA on it represent as distribution among n latent topics, where Users – documents, words

– Foursquare venue categories

z w β

M

θ

N

a LDA
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Location Data Representation: Location Topics (2)

34

LDA word distribution over 6 topics for collected Foursquare check-ins.
Every venue category is considered as a word, each Foursquare user  - as a document
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Location Data Representation: GEO

35

*Qu, Y., & Zhang, J. (2013, May). Trade area analysis using user generated mobile location data. In Proceedings of the 22nd international conference on World Wide Web (pp. 1053-
1064). International World Wide Web Conferences Steering Committee

User’s Area of Interests (AoI) – area the most frequently 
visited by the user. In fact, it is the convex hull over the 

dense user’s check-in region (DB-Scan cluster).

# of posts in 8 daytime intervals

# of AOIs

median distance between AOIs

# of AOI outliers

median AOI size
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Location Data Representation: Temporal

Effectiveness of each feature over time 
changes. 

• Predictions	are	more	accurate	at	noon	than	in	the	
evening

• Predictions	for	Physical	&	Rank	distances	reverse	-
- users	cover	shorter	distance	at	night

• Predictions	for	Historical	Visits	&	Place	Transition	
drop	significantly	over	weekends

• whereas	Categorical	Preference,	Place	Popularity	
&	distance	based	features	are	more	stable

36

*A Noulas S Scellato, N Lathia & C Mascolo (2012). Mining User Mobility Features for Next Place Prediction in Location-based Services. IEEE Int’l Conf. on Data Mining, 2012.
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Sensor Data

*A. Farseev, N. Liqiang, M. Akbari, and T.-S. Chua. Harvesting multiple sources for user profile learning: a Big data study. ACM 
International Conference on Multimedia Retrieval (ICMR). China. June 23-26, 2015.

Reference
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Sensor Data Representation: Utilizing Exercise Semantics 

38

For case when user performed two swimming
and one running workout

c

Each user is 
represented as 

distribution among 
95 workout
categories

𝑪𝒂𝒕𝒆𝒈𝒐𝒓𝒚𝟏 … 𝑪𝒂𝒕𝒆𝒈𝒐𝒓𝒚𝒔𝒘𝒊𝒎𝒎𝒊𝒏𝒈 … 𝑪𝒂𝒕𝒆𝒈𝒐𝒓𝒚𝒓𝒖𝒏𝒏𝒊𝒏𝒈 … 𝑪𝒂𝒕𝒆𝒈𝒐𝒓𝒚𝒏
𝑼𝟏 0 0 2 0 1 0 0
… * * * * * * *
𝑼𝒏 * * * * * * *
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Sensor Data Representation: Frequency Spectra
39

Each user is represented as 
distribution among ~500 

frequency bins
+

FFT

FFT 99 bins

99 bins
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Sensor Data Representation: Statistics

40

# workouts HR 

Avg. heart rate (HR)

Oxygen consumptionAvg. ascent/descend

Age / Gender



360° User Profile Learning From Multiple Social Networks For Wellness And Urban Mobility Applications E-Mail: farseev@u.nus.edu l Website: http://farseev.com

Data Representation: Summary

Linguistic features: LIWC;  Latent Topics
Heuristic features: Writing behavior

TEXT Features:

Location Semantics: Venue Category Distribution
Mobility Features: Areas of Interest (AOI)

Location Features:

Image Concept Distribution (Image Net)

Image Features Image
Concepts

Google Net

All data types together

Exercise statistics + sport types + spectrum 

Sensor Features

23
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On Data Gathering And Cross-Network 

Account Disambiguation 
*Farseev, A., Akbari, M., Samborskii, I., & Chua, T. S. (2016). 360° user profiling: past, future, and applications by Aleksandr Farseev, 
Mohammad Akbari, Ivan Samborskii and Tat-Seng Chua with Martin Vesely as coordinator. ACM SIGWEB Newsletter, (Summer), 4.

Reference
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Data Gathering: Data sources
Which data sources and why?

43

Largest LBSN Largest Personal Photo 
Sharing Service

Largest English-
Speaking Microblog

One of the Largest
Sports Tracking 

Network
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Data Gathering And Simultaneous Cross-Network Account Mapping
About finding the same users in different social networks…

44

Twitter plays a role of a 
“sink” for multi-modal 
data from other social 
networks.

Cross-network 
ambiguity is 
resolved after first 
cross-network post.
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Cross-Network Account Mapping: Example
How to grab Alex’s personal data…

45

Cross-network post
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360° User Profiling
How to learn from multi-source multi-modal data.

by Aleksandr Farseev

nus.academia.edu/farseev
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Agenda
Brief summary of the talk…

47

1

Motivation and Data

1. Definition and Motivation

2. NUS-MSS Dataset

3. NUS-SENSE Dataset

4. Framework Overview

2

Individual User Profiling

1. Multi-modal data representation

2. Multi-Source Ensemble 
Learning for Demographic 
Profiling

3. Learning From Temporal Data 
for  Personality Profiling

4. Sensor data representation

5. Multi-Task Learning for 
Wellness Profiling

3

Group User Profiling

1. Multi-modal data representation

2. Clustering on Multi-Layer 
Graphs for Group Profiling

3. Cross-Domain 
Recommendation as Implicit 
Evaluation Approach

4. Real-World Application: bBridge 
Analytics Platform

4

Conclusion

1. Conclusion

2. Future Work
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Let’s Start With Trump
How does it related to User Profiling???

48
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What is user profile?
Well, it may mean many things…

49
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More than 50% of online-
active adults use more than 
three social networks in their 

daily life*
*According	Paw	Research	Internet	Project's	Social	Media	Update	2014	(www.pewinternet.org/fact-sheets/social-networking-fact-sheet/)	

Multiple social networks describe users from multiple views
Some facts about social networks…

50
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Different data modalities describe users from multiple views
Indeed, they are:

51

Textual View

Visual View

Location View
Physical View 360° User Profile
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User profiling in our works
Those attributes that we infer

52

User profile

Group Profile

User 
Communities

Individual Profile

Wellness profile

Diabetes Asthma Obesity

Identity profile

Age Gender Personality
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360° User Profile Learning Framework Overview
Multi-Source User Profiling And Its Applications in One Framework….

53

1) Individual 
And Group User 

Profiling

2) Applications
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54

Data for User Profiling

*A. Farseev, N. Liqiang, M. Akbari, and T.-S. Chua. Harvesting multiple sources for user profile learning: a Big data study. ACM International Conference on Multimedia 
Retrieval (ICMR). China. June 23-26, 2015.
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55

The following is relevant to:
• NUS-MSS:  http://nusmultisource.azurewebsites.net

• NUS-SENSE: http://nussense.azurewebsites.net

• NUS-PERSONALITY: Dropbox
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Textual data representation (1): LIWC

56

Pennebaker’s LIWC Descriptors

69 LIWC Categories

* Pennebaker, J. W. (2011). The secret life of pronouns. 

Each user is represented as distribution
among K=69 LIWC categories
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Textual data representation (2): Latent Topic Modeling
Latent Dirichlet Allocation

57

Each user is represented as distribution
among K=50 latent topics
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Textual data representation (3): Writing style features
Heuristically  inferred and found to be useful…

58

# hashtags # repeated chars Avg. sentiment score

# slang words # emotion words # Misspellings

# URLs # emoticons # Unknown words

# User mentions Avg. sentiment level Avg. # terms 
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Statue 

Tree

People
People

Tree

Stairs 

Sky

Statue 

Image Data Representation: Image Concept Detection
Going deeper with convolutions with Google Net. 

59

*Szegedy, C., Liu, W., Jia, Y., Sermanet, P., Reed, S., Anguelov, D., & Rabinovich, A. (2015). Going deeper with convolutions. In Proceedings of the IEEE Conference on 
Computer Vision and Pattern Recognition (pp. 1-9).

Each user is represented as distribution
among K=1000 image concepts
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Location Data Representation (1): Utilizing Venue Semantics 
Venues are not just GEO points, but multidimensional objects with rich semantics 

60

Category	1 … Category		
Restaurant

… Category
Airport

… Category K

User 1 0 0 2 0 1 0 0
… * * * * * * *

User	N * * * * * * *

For case when user performed check-ins in two restaurants and airport
but did not perform check-ins in other venues:

c

Each user is 
represented as 

distribution among 
764 venue
categories
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Location Data Representation (2): Mobility Features 

61

*Qu, Y., & Zhang, J. (2013, May). Trade area analysis using user generated mobile location data. In Proceedings of the 22nd international conference on World Wide Web (pp. 1053-
1064). International World Wide Web Conferences Steering Committee

User’s Area of Interests (AoI) – area the most frequently 
visited by the user. In fact, it is the convex hull over the 

dense user’s check-in region (DB-Scan cluster).

# of posts in 8 daytime intervals

# of AOIs

median distance between AOIs

# of AOI outliers

median AOI size
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Sensor Data Representation
Heuristically  inferred and found to be useful…

62

# workouts HR 

Avg. heart rate (HR) Oxygen consumption

Avg. ascent/descend
Distribution over 95
sport categories

Age / Gender

Furrier’s Spectrum
500 frequency bins
𝐹NOP = 0.5	𝑑𝐻𝑧

Each user is 
represented as 

distribution among 
500 + 95 + 6 = 

601 sensor features



360° User Profile Learning From Multiple Social Networks For Wellness And Urban Mobility Applications E-Mail: farseev@u.nus.edu l Website: http://farseev.com

Data Representation: Summary

Linguistic features: LIWC;  Latent Topics
Heuristic features: Writing behavior

TEXT Features:

Location Semantics: Venue Category Distribution
Mobility Features: Areas of Interest (AOI)

Location Features:

Image Concept Distribution (Image Net)

Image Features Image
Concepts

Google Net

All data types together

Exercise statistics + sport types + spectrum 

Sensor Features

23
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Lunch Break
60 Minutes

64
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The demographics of who’s on what social network are 
shifting — older social networks are reaching maturity, 
while newer social messaging apps are gaining younger 
users fast…
- Thiago Guimaraes

“

65
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66

Individual User Profiling
Part I: Demographic Profiling (NUS-MSS)

*A. Farseev, N. Liqiang, M. Akbari, and T.-S. Chua. Harvesting multiple sources for user profile learning: a Big data study. ACM International Conference on Multimedia 
Retrieval (ICMR). China. June 23-26, 2015.
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Marketing
Trade	are	analysis
Demography	and	
interest		-	based	

marketing

Wellness
Health	group	
prediction
Lifestyle	

recommendation

Advertisement
Demography	and	
interest		-	based	
personalized	
advertisement

Assistance
Activity	

recommendation,
Venue	

recommendation,
Etc.

Tent	to	stay	at	home,
visit	local	pubs	and	
shopping	mall	daily.

Medium	overweight,
potential	hypertonia	

and	diabetes.

Advertise	new	Beer	
brand	and	new	car	

models.

Morning	 excursive
with	medium	
intensity.	

On importance of basic demographic attributes
What we can do if we know Homer’s age?

67

Age: 40
Gender: Male
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Related Research Directions: Individual User Profiling

68

Manually-collected small-
scale datasets: voice 
records, hand-written 
texts, etc.

Conventional Data Sources

Utilize multiple sources, 
but usually require all 
sources to be complete, 
which is unrealistic.

Multi-source Profiling

PAN 13’, 14’, 15’, 16’, 17’ 
Mostly mono-modal data 
processing (Text from 
Microblogs, Blogs, etc.) 

Demographic Profiling

Mostly mono-source and 
solve tasks as human 
activity recognition, which 
is not directly related.

Sensor data utilization

Mostly mono-modal 
mono-source data 
processing.

Other Profiling Domains

Mostly single-modal. 
Limited number of 
contributions to the field..

Physical Attributes Inference

Usually, this problem of individual user profiling is treated as a supervised learning task and performed 
based on mono-source mono-modal datasets. Research on multi-source data learning is relatively sparse 
and limited by unrealistic assumptions. Wellness attributes inference was not yet comprehensively studied.
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Idea I
From what it all started…

69

Perform Demographic Profiling
Based On Multiple Social 

Networks

Idea

Multi-Source Multi-Modal 
Data Describes Users From 

Multiple Views

Input One
1

Demographic Profiling is 
possible Based On Textual 

Data

Second Input
2

Human Machine
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W
𝑃(𝑙)[×	𝑑[	×	𝑙[	

𝑘

^

[_`

Age and Gender Prediction
Running Random Forests With Random Restart

70

𝑃(𝑙)[ - prediction confidence
𝑑[	- normalized data records number
𝑙[	- model “strength” – learned by 
“Stochastic Hill Climbing” with 
random restart, step S = 0.05 

𝑑[	×	𝑙[	

Age and Gender 
Confidence Score 𝑃(𝑙)[
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*N. V. Chawla, K. W. Bowyer, L. O. Hall, and W. P. Kegelmeyer. Smote: synthetic minority over-sampling technique. Journal of artificial intelligence research, 2002.

**An iterative algorithm that starts with an arbitrary solution to a problem, then attempts to find a better solution by incrementally changing a single element of the solution. If
the change produces a better solution, an incremental change is made to the new solution, repeating until no further improvements can be found.

Age and Gender Prediction: Details
Some details that you may find in the paper

71

• Bias of estimated ages does not exceed ±2.28 years. It is thus reasonable to use the 
estimated age for age group prediction task.

• We  have adopted SMOTE* oversampling to obtain balanced age-group labeling
• By performing 10-fold cross validation, we determine the optimal number of 

constructed random trees for each classifier with iteration step equal to 5 as 45, 25, 
35, 40, 105 random trees for Random Forest Classifiers learned based on location, 
LIWC, heuristic, LDA 50, and image concept features respectively. 

• We jointly learn the lb	model “strength” coefficient by  performing “Hill Climbing” 
optimization** with step 0.05 and 1000 random restarts.
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Age and Gender Prediction: Results
About The Power Of Multiple Sources…

72

*A. Farseev, N. Liqiang, M. Akbari, and T.-S. Chua. Harvesting multiple sources for user profile learning: a Big data study. ACM International Conference on Multimedia 
Retrieval (ICMR). China. June 23-26, 2015.

4 Age Groups: <20; 20-30; 30-40; >40
2 Genders: Male; Female

Data Source Combinations

Other Baselines
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Contributions…

73

One of The First Works
On Multi-Source

Multi-Modal
Individual User Profiling

01

First Large-Scale Multi-Source
Cross-Modal Cross-Region Dataset

NUS-MSS
02

*A. Farseev, N. Liqiang, M. Akbari, and T.-S. Chua. Harvesting multiple sources for user profile learning: a Big data study. ACM International Conference on Multimedia 
Retrieval (ICMR). China. June 23-26, 2015.
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The	most	important	kind	of	freedom	is	to	be	what	you	really	
are.

- Jim Morrisson

“

74
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75

Individual User Profiling
Part II: Personality Profiling (NUS-PERSONALITY)
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Idea II
From what it all started…

76

Perform Personality Profiling
Based On Multiple Social 

Networks Considering Data 
Temporality

Idea

Demographic Profiling is 
possible Based On Multi-

Source Data

Input One
1

Demographic Profiling is 
possible Based On Textual 

Data

Second Input
2

Human MachinePeople of Different 
Personality Exhibit

Different Online Behavior 

Third Input
3
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What is user personality?

77

Personality
The powerful description an individual

that affects:

Life challenges

Behavior

Relationships

Emotions
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Mayers-Briggs Type Indicator (MBTI)

78

MBTI – the typology, which 
is designed to exhibit 
psychological preferences 
in how people perceive the 
world around them and 
distinguishes 16 
personality types.
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Experiments

79

• #1 Experiment. Test the models trained based on multisource data for different size of temporal 

window. Use NMF to complete missing data points. 

• #2 Experiment. Test the best temporal model from Experiment 1 on different data modalities and their 

combinations

Test/Train sets:

• Divide ALL users into test(20%) and train(80%) based on the distribution of their MBTI type

• For #1 Experiment use all test data 

• For #2 Experiment use only complete (with 3 social networks) users. 
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Incorporation of temporal aspect
Divide user activity into 10 time periods

80

TimeT3T2T1 Tm …

S3

S2

S1

S3

empty

S1

Binary MBTI
labels

Social Networks

empty

S2

S1



360° User Profile Learning From Multiple Social Networks For Wellness And Urban Mobility Applications E-Mail: farseev@u.nus.edu l Website: http://farseev.com

Dealing with missing data

81

• Model: LSTM for time periods. Neural network that will take into account not 
only the multimodality in data, but also the temporal aspect.

• Problems: very few users with 3 social networks in each n-period 
window(~120)

• Solution:
• Use non-negative matrix factorization for data completion for every k-

period window

time1       2       3        4       5       6       7        8       9       10  
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Results: Different Time Windows

82

0.4

0.45

0.5

0.55

0.6

0.65

0.7

2 3 4 5 6 7 8

M
AC

RO
	F
-S
CO

RE

PERIODS	IN	WINDOW

F-score	for	LSTM	models
E_I S_N T_F J_P
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Results: Different Data Source Combinations

83

Precision Recall F-measure
Macro	F-
measure Model

E 0,60 0,61 0,61

0,62

Gradient
BoostingI 0,64 0,62 0,62

S 0,388 0,373 0,38

0,543

LSTM
(7	intervals	window)N 0,7 0,713 0,706

T 0,462 0,451 0,623

0,623

LSTM
(7	intervals	window)F 0,613 0,634 0,623

J 0,531 0,697 0,65

0,65

LSTM
(6 intervals	window)P 0,609 0,697 0,65
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Contributions…

84

The First Works
On Multi-Source

Temporal
Personality Profiling

01

On of the first works
on temporal multi-source

learning
02
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Health	 is	a	state	of	body.	Wellness	is	a	state	of	being…
- James Stanford“

85
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86

Individual User Profiling
Part III: Wellness Profiling (NUS-SENSE)

*A. Farseev, A., & Chua, T. S. (2017). Tweetfit: Fusing multiple social media and sensor data for wellness profile learning. In Proceedings of the Thirty-First AAAI 
Conference on Artificial Intelligence. AAAI.



360° User Profile Learning From Multiple Social Networks For Wellness And Urban Mobility Applications E-Mail: farseev@u.nus.edu l Website: http://farseev.com

People are often not aware of their lifestyle problems
Why Homer often end up in Hospital

87
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Weight Problems Consequences

— All-causes of death (mortality)

— High blood pressure (Hypertension)

— High / Low HDL cholesterol

— Type 2 diabetes

— Coronary heart disease

— Stroke

— Gallbladder disease

— Osteoarthritis 

— Some cancers 

— Mental illness such as clinical 

depression

— Body pain

Weight Problems Consequences
It is not just about looking not fit…

88

*Health effect of overweight and obesity. Center of disease control and prevention. http://www.cdc.gov/healthyweight/effects/
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Idea III
Going further towards realizing the ideal of 360° User Profile Learning

89

Fuse Sensor Data And Data 
From Multiple Social Networks 
For Wellness Profile Learning

Idea

Multi-Source Individual User 
Profiling is possible and 

allows for significant 
demographic prediction 

performance boosting

Input One
1

Wearable devices are widely 
popular. Sensor Data is 

available. 

Second Input
2

Sensor data is tightly related 
and correlated with human 

overall health.

Third Input
3 Human Machine
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Unite Social Media And Wearable Sensors For Physical Attributes Inference
Just tweet to be fit….

90

BMI= cd[ec+
fd[ec+.

Weight Fluctuation
Trend (BMI Trend)
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Background: Multi-Task Learning (MTL)

91

Multi-task Learning is 
different from single task 
learning in the training 
(induction) process. 

Inductions of multiple tasks 
are performed simultaneously 
to capture intrinsic 
relatedness. 

Example of Regularized MTL:
Assumption: task parameter vectors of

all tasks are close to each other. 
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Multi-Source Multi-Task Learning

92
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Doing Predictions via Multi-Source Multi-Task Learning

93

∘∘

Notations
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BMI Category and BMI Trend Prediction: Results (1)

94

8 BMI Categories: 
Thinness I, II, III; Normal; Obese I, II, III, IV

2 BMI Trends: Increase; Decrease

Data Source Combinations

Other Baselines
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Contributions

95

First Work on Combining
Sensor And Social Media Data

For Wellness Attribute Inference
01

Novel Generic Model 
For Supervised Learning

From Multi-Source 
Multi-Modal Incomplete Data

02

03
First Large-Scale Multi-Source

Social-Sensor Dataset
NUS-SENSE

*Farseev, A., & Chua, T. S. (2017). Tweet can be Fit: Integrating Data from Wearable Sensors and Multiple Social Networks for Wellness Profile Learning. ACM 
Transactions on Information Systems (TOIS).
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Every	successful	individual	 knows	that	his	or	her	
achievement	depends	on	a	community	of	persons	working	
together.

- Paul Ryan

“

96
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97

Group User Profiling
And Its Application In Urban Mobility Domain

(NUS-MSS)
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Communities are distinct groups of people,
divided by a certain property.

User Community Definition

98
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More 
Restaurants And 
Shops
In Jurong West

More Beach
Facilities And 
Pubs in Sentosa

Why do we need to detect user communities (1)?
For facility planning.

99
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Chocolate Bar
Retailer

Chicken Rice
Seller

Market Goods on Social Media

Why do we need to detect user communities (2)?
For personalized advertisement and marketing

100
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Idea IV
Going further towards realizing the ideal of 360° User Profile Learning

101

Perform Group User Profiling 
(User Community Detection) 

Based  Multiple Social 
Networks

Idea

Integration of Data from 
multiple social networks 

helps in improving Individual 
Profiling Performance.

Input One
1

It is still unclear whether 
multi-source data allows for 
group profiling performance 

improvement.

Second Input
2

Human Machine
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Related Research Directions: Group User Profiling

102

— Graph Partitioning

— Hierarchical Clustering

— Partition Clustering

— Spectral clustering

— Quality Optimization

Single-Source Clustering Multi-Source Clustering

Mostly mono-modal 
mono-source data 
processing in: 
recommendation, 
prediction, qualitative 
analysis.

Urban Mobility Applications

Usually, this problem of group user profiling is treated as a unsupervised learning task and performed based on 
mono-source mono-modal datasets. Research on multi-source group profiling is relatively sparse and limited by 
lack of inter-source relationship modeling. Implicit evaluation is adopted in most of the related studies. 

Limited number of 
contributions to the field.
Graphs are often 
combined in late fusion 
manner, but not learned 
jointly. Inter-source 
relationship is not 
considered.

Mostly mono-modal 
mono-source data 
processing:

Inter-source relationship 
is not considered in most 
of the studies.

Cross-Domain Recommendation



360° User Profile Learning From Multiple Social Networks For Wellness And Urban Mobility Applications E-Mail: farseev@u.nus.edu l Website: http://farseev.com

User Relations and Community Representation

One way to find representative user 
groups is to model users' relationships in 
the form of a graph so that dense 
subgraphs are considered to be user 
communities.

103
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One of the commonly used formulations 
of the community detection problem is its 
representation in a form of 𝑀𝑖𝑛𝐶𝑢𝑡
problem.

For a given number k of subsets, the 
𝑀𝑖𝑛𝐶𝑢𝑡 involves choosing a partition 
𝐶",… , 𝐶^ such that it minimizes the 
expression:

𝑐𝑢𝑡 𝐶",… ,𝐶^ =W𝑊(𝐶[, 𝐶[̅)
^

[_"

*W is the sum of weights of edges attached to vertices in 𝐶[

Finding Communities in single-source data

104
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The state-of-the-art approximation of 𝑀𝑖𝑛𝐶𝑢𝑡	is 
formulated in a form of 
standard trace minimization problem

min
q∈st×u

tr 𝑈y𝐿𝑈 , s. t. 𝑈y𝑈 = 𝐼

which can be solved by Spectral Clustering:

1. Calculates Laplacian matrix 𝐿 ∈ 𝑅}×}
2. Builds matrix of the first 𝑘	eigenvectors 𝑈 ∈

𝑅}×^	(correspond to the smallest eigenvalues of 𝐿)
3. Clusters data in a new space 𝑈	using i.e. 𝑘-means 

algorithm

Approximating and solving 𝑀𝑖𝑛𝐶𝑢𝑡	problem?

105
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How to represent multi-source data?

106

Multi-layer graph – graph 𝐺 , where	𝐺 = 𝐺[ ,	𝐺[= 𝑉, 𝐸[ :
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Utilize Grassman Manifolds to keep final latent representation “close” to all layers of 
multi-layer graph*. Where projected distance between two spaces 𝑌"	and 𝑌$:

𝑑����$ 𝑌", 𝑌$ =
1
2 𝑌"𝑌"y − 𝑌$𝑌$y �

$
,where	 𝐴 �	is	the	Frobenius	norm

𝑑����$ 𝑆, 𝑆[ [_"
N = 𝑘𝑀 −Wtr(𝑆𝑆y − 𝑆[𝑆[y)

N

[_"

* X. Dong, P. Frossard, P. Vandergheynst, and N. Nefedov. Clustering on multi-layer graphs via subspace analysis on grassmann manifolds. IEEE Transactions on Signal Processing, 
2014.

Regularized Clustering on Multi-layer Graph (1)

107
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Extends the objective function to introduce the subspace analysis regularization

min
q∈ℝt×u

Wtr
N

[_"
𝑈y𝐿[𝑈 + 𝛼 𝑘𝑀	 −Wtr

N

[_"
𝑈𝑈y𝑈[𝑈[y , s. t. 𝑈y𝑈 = 𝐼

min
q∈ℝt×u

tr 𝑈y𝐿���𝑈

𝐿��� = W(𝐿[ − 𝛼𝑈[𝑈[y)
N

[_"

Regularized Clustering on Multi-layer Graph (2)

108
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By using previously defined distance on Grassman Manifold, we present the objective 
function for the 𝑖th layer as follows:

min
q��∈ℝt×u

Wtr
N

[_"
𝑈�[y𝐿[𝑈�[ + 𝛽[ 𝑘𝑀	 − W 𝑤[,�tr

N

�_",��[
𝑈�[𝑈�[y𝑈�𝑈�y , s. t. 𝑈�[y𝑈�[ = 𝐼

min
q∈ℝt×u

tr 𝑈�[
y𝐿�[𝑈�[

𝐿�[ = 𝐿[ − 𝛽[ W 𝑤[,�tr
N

�_",��[
𝑈�𝑈�y

Incorporating inter-layer relationship (1)
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min
q��∈ℝt×u

Wtr
N

[_"
𝑈�[y𝐿[𝑈�[ + 𝑎 𝑘𝑀	 − W 𝑤[,�tr

N

�_",��[
𝑈�[𝑈�[y𝑈�𝑈�y , s. t. 𝑈�[y𝑈�[ = 𝐼

𝐿�[ = 𝐿[ − 𝛽[ W 𝑤[,�tr
N

�_",��[
𝑈�𝑈�y

Final Objective Function

110

Let’s combine equations from previous slides to define the final objective function:
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Inter-layer relationship graph 𝑹(𝑽,𝑬) – weighted 
graph which represents the similarity between 
layers.

∀ 𝑖, 𝑗 ∈ 𝐸,𝑤[,�=
∑ 1 −

𝑀[,^ −𝑀�,^
𝑁 𝑁 − 1

<
^_$

𝐾 − 1

where 𝑀[,^ is clustering co-occurrence matrix of 
layer 𝑖, 𝑚O,© = 1,	if	users	𝑎	and	𝑏	assigned	to	the	
same	cluster, and 0	otherwise.

Inter-layer relationship graph construction
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Venue category recommendation –
recommendation of venue categories (i.e. 
restaurant, cinema) to user using information about 
his/her profile (i.e. past visits) and/or information 
about users from the same domain.

Venue category:
Clothing Store
Hotel
Ice Cream Shop

Total 764 different categories

Implicit Evaluation: Venue Category Recommendation

112
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We perform venue category recommendation based on 
both Individual and Group Knowledge, which naturally 
models the impact of society on an individual's behavior 
during the selection of a new place to go:

𝑟𝑒𝑐 𝑢 = 𝑠𝑜𝑟𝑡 𝛾 ° 𝑣𝑒𝑐( + 𝜃
∑ 𝑣𝑒𝑐³³∈´-

𝐶(

+

Cross-Source Community-Based Collaborative Recommendation
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Venue Recommendation Performance in Three Cities (1): Baselines

114
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*NDCG@60

+ Different Data Sources Differently Affect 
Community Detection And Recommendation
+ In Different Geo Regions, Different Data Sources 
Play Different Roles

Venue Recommendation Performance in Three Cities (2): Source Combinations
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Contributions

116

New Approach For Clustering 
Multi-Source Multi-Modal Data that 

considers inter-network 
relationship

01

Novel Schema For Automatic 
Inter-Layer Relationship Inference 

Directly From Data
02

*Farseev, A., Samborskii, I., Filchenkov, A., & Chua, T. S. (2017 August). Cross-Domain Recommendation via Clustering on Multi-Layer Graphs. In Proceedings of the 40th 
International ACM SIGIR Conference on Research and Development in Information Retrieval.
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Big	Data	is	not	about	the	data

- Gary King
“
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Business Application
“bBridge” Social Multimedia Analytics Platform

*Farseev, A., Samborskii, I., & Chua, T. S. (2016, October). bBridge: A Big Data Platform for Social Multimedia Analytics. In Proceedings of the 2016 ACM on Multimedia 
Conference (pp. 759-761). ACM.
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*Farseev, A., Samborskii, I., & Chua, T. S. (2016, October). bBridge: A Big Data Platform for Social Multimedia Analytics. In Proceedings of the 2016 ACM on Multimedia 
Conference (pp. 759-761). ACM.
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Demo: http://demo.bbridge.net
Video: http://video.bbridge.net
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Tech. Behind bBridge
The Analytics Pipeline

User	Communities	Detection
via	clustering	

on multi-layer	graph User	Communities	Profiling
via	users’	attributes	inference

Hot Topic	Detection
via	multi-modal	topic	modelling Sentiment	Analysis	and	

Hot	Events	Detection

User	Communities	Monitoring

120
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bBridge API
Something specially for WSSS’17

121

Multilingual Natural 
Language Processing 
Named Entity Recognition, 
Sentiment Analysis, Part of 
Speech Detection

Image Object Detection
Detecting  Objects and Concepts 
on Images

User Profiling
Age, Gender, Occupation, 
Education, Relationship inference

API Access: http://api.bbridge.net

Demo: http://video3.bbridge.net
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Contributions

122

One of the First Social Multimedia 
Analytics Platforms that 

Make Use of Text, Images, and Locations
Simultaneously

01
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It	is	a	mistake	to	try	to	look	too	far	ahead.	The	chain	of	
destiny	can	only	be	grasped	one	link	at	a	time.

- Winston S. Churchill

“
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Some additional inspiration…
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Examples of Wellness Correlations (1): Individual Profiling

125
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Examples of Wellness Correlations (2): Individual Profiling
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Examples of Wellness Correlations (3): Individual Profiling
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Examples of Wellness Correlations (4): Individual Profiling
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Examples of Wellness Correlations (5): Individual Profiling
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Examples of Inter-Source Correlations (I): Individual Profiling
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Examples of Inter-Source Correlations (II): Individual Profiling
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Main takeaways

132

Multi-Source Data 
Describes Users 

From Multiple 
Perspectives

Learning From Multi-
Source Data Allows For 

Achieving Significant 
Individual User Profiling 

Performance 
Improvement 

Join Learning From Social 
Media Data And Sensor 
Data Helps To Improve 

Wellness Profiling
Performance 

Considering Inter-
Source Relationship 
is Useful For Group 

User Profiling

Qualitative Research On 
Multi-Source Data 

Relations is Promising
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List of Involved publications
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DATASETS
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NUS-MSS
NUS-MSS – the largest available multi-source cross-region dataset.

135

City #users #tweets #check-ins #images

Singapore 7,023 11,732,489 366,268 263,530

London 5,503 2,973,162 127,276 65,088

New-York 7,957 5,263,630 304,493 230,752

Includes:
• Foursquare as a location data 

source;
• Twitter as a textual data source;
• Instagram as a visual data 

source;
• Facebook as a demographics-

related ground truth source.

Ground Truth: Age, Education, Employment, 
Demography, Location, Relationship Status.

nusmultisource.azurewebsites.net
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NUS-SENSE
NUS-SENSE: The largest available multi-lingual dataset with personality ground-truth and Twitter IDs.

136

#users #tweets #check-ins #images #workouts
5,375 1,676,310 19,743 48,137 140,926

Ground	Truth:	BMI,	BMI	Trend,
Exercise	Type,	Gender,	Age

Includes:
• Foursquare as	a	location	data	source;
• Twitter as	a	textual	data	source;
• Instagram as	a	visual	data	source;
• Endomondo as	a	sensor	data	source;

nussense.azurewebsites.net
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NUS-PERSONALITY
NUS-PERSONALITY:: The largest available multi-lingual dataset with personality ground-truth and Twitter IDs.

137

#users #tweets #check-ins #images

18,164 22,255,445 420,603 4,465,565

Ground	Truth:	MBTI,	Gender

Includes:
• Foursquare as	a	location	data	source;
• Twitter as	a	textual	data	source;
• Instagram as	a	visual	data	source;

farseev@gmail.com
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NUS-GAMING
NUS-PERSONALITY:: The largest available multi-lingual dataset with personality ground-truth and Twitter IDs.

138

Ground	Truth:	Game	Involvement,	
Achievements,	friends,	communication,
game	selection,	etc.

Includes:
• Steam users and their individual 

attributes

farseev@gmail.com
#users #friends (avg.) #favorite	games

23,375 63 8
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Wellness Events in Microblogs
Wellness Events in Microblogs:: Personal Daily Events Detection

139

#users #tweets

1,	987 13,	552

Ground	Truth:
Diet	(6),	Exercise	(5),	Health	(3)	events,
Diabetes

Includes:
• Twitter as	a	textual	data	source;

farseev@gmail.com
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Thank You
Questions?

140
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Backup I: Optimization of Multi-Source Multi-Task Objective

141

Smooth Reformulation of the objective:

Nesterov’s Optimization Solution on Each Step, 𝑆[	computed from past solutions:
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Backup II: MTL with Joint Feature Learning -2

142

Using group sparsity: ℓ1/ℓ2-norm regularization 
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Backup III: Wellness Profiling Baselines

143

Wellness Profiling Baselines
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Backup IV: Detected User Communities

144
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Backup V: Recommendation Evaluation Metrics

145

Average Precision

Normalized Discounted
Cumulative Gain


