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Academia@ = Chinese jn

atin

= Chinese Academy "

32 research institutes in 3 major divisions

1) mathematics, physics, and applied sciences;
2) life sciences;

3) humanities and social sciences.

1,000 tenure-tracked research fellows

4,000 assistants and technicians

[RFIR / ERIRIENE —ER



PRI FRE N2 TR

[RFIR / ERIRIENE —ER



PRI FRE N2 TR
#H BX

= 40 fUMIZEE

- 3o UBTRRIRE

= 300 MU FEBNIE

e A AR E R
B A SRR BIERIEA
EE R ERR vyl 2 A
£V ES E e S B

[RFIR / ERIRIENE —ER



Rg;?rtﬁ . ﬁﬂl‘l';ﬁ ﬁ mz EHTEERE | ETREHAER | T2H#EE

bR

N ’ . o

. .
‘ ‘ Conducting data analysis is like drinking a fine wine. It is important to swirl
I I I I I and sniff the wine, to unpack the complex bouquet and to appreciate the
1 I experience. Gulping the wine doesn’t work. -Daniel B. Wright (2003) , ,
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Area 1: Quality of Experience

ERBRESE
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[1] Jing-Kai Lou, Kuan-Ta Chen, Hwai-Jung Hsu, and Chin-Laung Lei, Forecasting Online Game
Addictiveness, IEEE/ACM NetGames 2012.
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Area 2: Multimedia Systems
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Area 3: Computation Social Science

Quantitative
Methods

"The emerging intersection of the social and computational
sciences, an intersection that includes analysis of web-scale
observational data, virtual lab—style experiments, and
computational modeling” [1].

[1] Duncan J. Watts, Computational Social Science Exciting Progress and Future Directions, Frontiers of
Engineering, Winter 2013.
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= Since 2002 (my first PhD year) ...
= PhD dissertation: based on a 20-hour game packet trace

= Collaboration & Consulting
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http://www.iis.sinica.edu.tw/~swc/talk/data_science_overview.html
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http://www.iis.sinica.edu.tw/%7Eswc/talk/data_science_overview.html
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Social Physics

Data Social
Science Sciences

Computational
Social Science
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Data
Science

Definition of “Science”

66

Science is a systematic enterprise that builds and organizes
knowledge in the form of general, measureable and
verifiable explanations and predictions about the universe.

In modern usage "science" most often refers to a way of
pursuing knowledge, not only to the knowledge itself. Over
the course of the 19th century, the word "science" became
increasingly associated with the scientific method itself.












Big Data
Solution
Engineering

Data
Modeling
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Data | Machine

Learning
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Artificial
Intelligence
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Data
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3 Major Trends of Data Science
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3 Major Trends of Data Science (#1)

597 932384626433832795028841971693993751058209749445923073164062862089986250
651328230664709384460955058223172535940812848
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Volume Velocity Variety
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3V of Big Data explained

Volume ARy
Huge data size, f . J’
terabytes — petabytes -

Velocity Sl

High speed of data
flow, data change and

Dﬂtﬂ Data data processing
Velooity o W YELGYY,
Variety :
Various data sources J,.'

(social, mobile, M2M,
structured and unstructured data}

Copyright: infoliagram.com



Why Big Data Arises?

Collecting & storing data is much cheaper now
Massive number of online users

Open data from governments

New types and wide deployed sensors

+Z

Sensitive sensors pick up the
slightest motions and forces
applied to a smart phone or fablet
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Computer Vision Matters

Breast Imaging Technology
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http://www.slideshare.net/tw_dsconf/computer-vision-crash-course-56934508
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Computer vision in sports

SportVision: improving viewer experiences

ERIZ /  ERRBEBPE—=58 (Slide Credit: Jia-Bin Huang)



http://www.sportvision.com/
http://www.slideshare.net/tw_dsconf/computer-vision-crash-course-56934508

Computer vision in sports

= S K 1

“lal ,
Play tracking

ERIZ ) ESRREBRPE—F5F (Slide Credit: Jia-Bin Huang)



http://www.slideshare.net/tw_dsconf/computer-vision-crash-course-56934508

Computer vision in sports

Second Spectrum: visual analytics

ERIZ ) ESRREBRPE—F5F (Slide Credit: Jia-Bin Huang)



http://www.secondspectrum.com/
http://www.slideshare.net/tw_dsconf/computer-vision-crash-course-56934508

Computer vision in sports

Replay Technologies: improving viewer experiences

ERIZ ) ESRREBRPE—F5F (Slide Credit: Jia-Bin Huang)



http://replay-technologies.com/
http://www.slideshare.net/tw_dsconf/computer-vision-crash-course-56934508

Computer vision for healthcare

00;00;00;04

Video magnification

ERIZ ) ESRREBRPE—F5F (Slide Credit: Jia-Bin Huang)



http://people.csail.mit.edu/mrub/vidmag/
http://www.slideshare.net/tw_dsconf/computer-vision-crash-course-56934508
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Heart Rate = 128 BPM
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https://www.youtube.com/watch?v=QbXgEbeceJl

MRS/ BRSNS (Credit: Jia-Bin Huang) 3



https://www.youtube.com/watch?v=QbXgEbeceJI
http://www.slideshare.net/tw_dsconf/computer-vision-crash-course-56934508
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C€PM25
Combustion paricles, organic
compounds, metals, etc.
<2.5Um (microns) in dameter

HUMAN HAIR
50-70pum
(microns) in diameater

90 pm (microns) in diamater
FINE BEACH SAND
Imagge oourtesy of the U5 EPA

Most of Industrial Pollution Locate in Southern Taiwan

Production of PM2.5 among factories in Taiwan

Other factories
(31.06%)

21 factories with
the highest production
in western Taiwan

(68.94%) Southern Taiwan

W/ BRSNS SR

Miaoli
0.78%

SETHEE . (RRZW R NERTNRERFNEEN

How far do fine dust particles reach?
Reaches to the:

®—————— nasal mucosa

S deteriation of
- throat = > 10 micrometer Ry foncions
voice box

JODAHLE

Size / possible illnesses

: ; other inflammatory
airtube » < 10 micrometer ilinesses (e.g. eye, skin)
chronicle obstructive
pulmonary disease

main é) < 10 micrometer

mrﬁ:‘::ﬁg:ﬁ: = <2,5 micrometer

: pulmonary alveoli, )
~ pulmonary capillaries, -§> <1 micrometer

Tumors (e.g.lung cancer,
but also systemic disease)

Cardiovascular diseases

blood capillaries
1 micrometer = 1 thousandth millimeter
S ] 3 e i = w e arch It e aCrUgI00n AT
L] - -
Hanging in the air

Estimated deaths and economic losses caused this year by
PM2.5 pollution, based on pollution being the same as 2010 levels

Economic PM2.5 concentration
losses in 2010 (micrograms
Deaths (US$m) per cubic metre of air)

Beijing 3 72.6
Guangzhou - 1,926 244 a2

Xian . 739 94 78

Source: Greenpeace SCMP
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LA

Location Aware
Sensor System

HRE O RE EE HE 0 B (g Q
B mmre Oyl gr Bev=gssy G ymex I AA
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A 1680 fufis (183 fufifis)
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https://www.facebook.com/groups/1607718702812067/
https://www.facebook.com/groups/1607718702812067/
https://lass.hackpad.com/LASS-README-DtZ5T6DXLbu
https://lass.hackpad.com/LASS-README-DtZ5T6DXLbu
https://github.com/LinkItONEDevGroup/LASS
https://github.com/LinkItONEDevGroup/LASS

[RFIR / ERRBNE 2R

LASS: Current Status

Leaflet | LASS & IS-NAL, Map data © OpenStreethap cont

Total 136 nodes

Retrieving open data
from TW-EPA (36) and KH-
Webduino (17)

Providing JSON API and real-time
heatmap

Expecting to reach 1,000 nodes in
Jan 2017

41



LASS: Case Study
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http://g0vairmap.3203.info/map.html

Data variety: Our biggest challenge

M Data Variety (68%)

Diverse, streaming or new data types

Top Big Data Issues ® Data Volume (15%)

Greater than 100TB

B Other Data (17%)

Less than 100TB

“Of Gartner's "3Vs" of big data [volume, velocity, variety), the variety of data sources
Is seen by our clients as both the greatest challenge and the greatest opportunity.”



3 Major Trends of Data Science (#2)
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Three Steps for Deep Learning

. Speech Recognltlon

O R — ..

. Handwrltten Recognition

f*( .3] ):\\211
 Playing Go @

:-z ) \\ n
fx( ged )="55
& T 4/ (Ste p)
e Dialogue System
f *( WH ): “HEIIO"

(what the user said)  (system response)

[ERIE / ERREBHNE — g (Slide Credit: Hung-Yi Lee)


http://www.ee.ntu.edu.tw/profile?id=1020908
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(Slide Credit: Hung-Yi Lee)


http://www.ee.ntu.edu.tw/profile?id=1020908

Artificial Neural{ Network

_-_-Dendrites
e st

D

Different connections leads
to different network
structured

Each neurons can have different values of
weights and biases.

ERIZ ) ESRREBRPE—F5F (Slide Credit: Hung-Yi Lee)


http://www.ee.ntu.edu.tw/profile?id=1020908

Fully Connect Feedforward Network

ERIZ ) ESRREBRPE—F5F (Slide Credit: Hung-Yi Lee)


http://www.ee.ntu.edu.tw/profile?id=1020908

(Slide Credit: Hung-Yi Lee)

Ultra Deep Networ

http://cs231n.stanford.e
du/slides/winteri516_lec
ture8.pdf

7.3%

AlexNet (2012)
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http://www.ee.ntu.edu.tw/profile?id=1020908

(Slide Credit: Hung-Yi Lee)

Ultra Deep Network

e
JLibibiL

101 layers

This ultra deep network
have special structure. ==

(Lecture IV) 3:5770 =

7% ¢

1004040
o
R
>
i
o

16.4% = = __
AlexNet VGG  GoogleNet Residual Net Taipei
(2012) (2014) (2014) (2015) 101


http://www.ee.ntu.edu.tw/profile?id=1020908

Visual Question Answering

What is the mustache
made of?

MRS/ BRSNS

Al System

bananas

source: http://visualga.org/

(Slide Credit: Hung-Yi Lee)


http://www.ee.ntu.edu.tw/profile?id=1020908

Deep Style

(Slide Credit: Hung-Yi Lee)


http://www.ee.ntu.edu.tw/profile?id=1020908

Word Vector
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04} Vietham o— — Hanoi
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Source: http://www.slideshare.net/hustwj/cikm-keynotenov2o14
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(Slide Credit: Hung-Yi Lee)


http://www.ee.ntu.edu.tw/profile?id=1020908

Machine Reading

Machine learn the meaning of words from reading a lot
of documents without supervision

~~

§| y [114951] i AEBR SRS {r—#tiEde
i =i

I\/Iachine Iearns to

understand BERFZE via  “mim s
reading the posts on PTT L

ERIZ ) ESRREBRPE—F5F (Slide Credit: Hung-Yi Lee)


http://www.ee.ntu.edu.tw/profile?id=1020908
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MRIRE R ERE REST

"Neural Networks and Deep Learning”
= written by Michael Nielsen
= http://neuralnetworksanddeeplearning.com/

"Deep Learning”

» Written by Yoshua Bengio, lan J. Goodfellow and Aaron
Courville

= http://www.iro.umontreal.ca/~bengioy/dlbook/

Course: Machine learning and having it deep and
structured

= http://speech.ee.ntu.edu.tw/~tlkagk/courses_MLSD15_
2.html

ERIZ ) ESRREBRPE—F5F (Slide Credit: Hung-Yi Lee)


http://neuralnetworksanddeeplearning.com/
http://www.iro.umontreal.ca/%7Ebengioy/dlbook/
http://speech.ee.ntu.edu.tw/%7Etlkagk/courses_MLSD15_2.html
http://www.ee.ntu.edu.tw/profile?id=1020908

3 Major Trends of Data Science (#3)
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Data Science vs. Big Data

Data Science is a superset of Big Data.

However, the rise of Big Data draws people’s
attention to Data Science.

Data
Science

[RFIR / ERIRIENE —ER

63



Data Science from Individuals’ Views

Thisis...
Big Data.

This is...
distributed
file system.

[RFIR / ERRBNE 2R
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Goal Design & Data
Definition Collection  Preparation

Variables? e - L Model Use &
MEth°d57 l Evaluation, B = =% B Reporting

Validation

& Model
Selection

(Slide Credit: Galit Shumueli)



http://www.galitshmueli.com/

Data Science is More Than ...

Big data (small data also do)

Statistics / machine learning

Data analysis languages (e.qg., R, Python)

Data infrastructure (e.g., NoSQL, Hadoop, Spark)

Data visualization Clofish
DTAY (94l e

MRS/ BRSNS



Data Visualization vs. Data Analysis

Visualization is the act or process of interpreting in visual
terms or of putting into visible form.

Analysis indicates a careful study of something to learn

about its parts, what they do, and how they are related to
each other.

—Merriam-Webster's Dictionary

[RFIR / ERIRIENE —ER
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Dataset
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1EFHEE

. MERILE (%) +x

« BRI A LIEGHI #x*

- BEERATRVER IR FBEE ***

Ll R
=

i3

i
. BERIAEE B IEEE **
B L IR *x

R el e S

& tHEE

. BB

B e *%*

BrfRan BIE ***

EH LR B = *x*

I/A\\E

SRETI AR
. HBETRE (REABLLA) wx
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PEIE T 17 {E features

= L1 SVM classification 1F 2 T8 Rl = £Y

= Accuracy: 0.722

= AUC: 0.730
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Data Scientist:

The Sexiest Job of the 21st Century

hen Jonathan Goldman ar-
rived lor work in lune 2006
at LinkedIn, the business

nelworking site, the place still
felt like a start-up, The com-
pany had just under & million

accounts, and the number was
prowing quickly as existing mem-
bers invited their friends and col-
leagues o join, But users waren'l
seeking out connections with the people who were already on the site
at the rate executives had expected, Something was apparently miss-
Ing in the social experlence, As one LinkedIn manager put i, “It was
like arriving at a conference reception and realizing vou don't know
anyone, So you just stand in the corner sipping your drink—and you
probably leave early”

Meet the people who

can coax treasure out of
messy, unstructured data.
by Thomas H. Davenport
and D.J. Patil

7o Harvard Business RBeview Ocbober 2013



MODERN DATA SCIENTIST

Data Scientist, the sexiest job of the 21th century, requires a mixture of multidisciplinary skills ranging from an
intersection of mathematics, statistics, computer science, communication and business. Finding a data scientist is
hard. Finding people who understand who a data scientist is, is equally hard. So here is a little cheat sheet on who

the modern data scientist really is.

MATH PROGRAMMING
& STATISTICS 2 NATARASF

Machine learning \ndamentals
Statistical modeli . 2. Python

Experiment desig h s packages. eg. R
Bayesian inferenc '

Supervised learni
random forests, It

Unsupervised lea
dimensionality re
Optimization: gra
variants

gl
ol

r r X

P

¥

DOMAIN KN
& SOFT SKI

L 10N
ION

decisions and actions
Visual art design
R packages like ggplot or lattice

Knowledge of any of visualization
tools e.g Flare, D3 js, Tableau

Problem solver

Strategic, proactive, creative,
innovative and collaborative

Yr Passionate abouf] Senior

¥ Curious about data dlTdgeIIe

¥r Influence without authority Story telling skills

¢ Hacker mindset Translate data-driven insights into
e

v

o L



Data Scientist

Computer Domain
Science Expertise

L

Data Engineer Data Analyst

Data Data Data Data Data Data Data Data Data Data Data Data
Librarian Journalist Analyst Engineer Steward Archivist Librarian Journalist Analyst Engineer Steward Archivist

000000 0OHO0 OO

i
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8/30 —8/31, 2014

sci.org/

http://twconf.data

https://www.facebook.com/twdsconf



http://twconf.data-sci.org/
https://www.facebook.com/twdsconf
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SPEAKERS

. Tff%”T (Chih-Jen Lin), EIUEEZA2EM T EE2EEHE
» SE=E (Chialiang Kao), gOviw £ 2SR EFEE &S A
. J =4l (Chia-Kai Liu), HI= 28458
- I"%I:‘E'J; (Chun-Houh Chen), P RIAERFETRIEMEFRAEEFEIFIE
={_ (Craig Chao), Vpon TTEIEIERI T EIERIER
" %f iE (Mei-Lien Pan), S 2ESEHEENEE
» ZIZFZE (Chia-Hung Liu), EEE RIS BIRS 1“__| HeEEEiEE
. Tf'f?‘ﬁ']( -Li Lin), 5LV EFRE 02T
= (Jeff Kuo), Gogolook ﬁ%ﬁﬁﬂﬂﬁﬂﬁ%%iﬂﬁ%
. r%%ﬁ (Yimin Kao), Gogolook FEEZEATIERBLIER
» Z2EIAR (Chi Ming Peng), ZREEEERE A TEEE
» S48 (Mu-En Wu), B2 AEEE 2 EIEHIE
» BT (Enrico Lu), El L EFEE eI ERRSEHEAZEERERD
» HEEE (Gene Hong), & 28I 7L ERER
= =37 (Norman), Yahoo! Taiwan Senior Data Engineer
(
(

9 2014 BERRNEBGETE @

8/30-31 + PR A STEIGR

» T EE (Jason Lin), Yahoo! Taiwan Senior Data Engineer
= £Z 51 (MengHsun Simon Yu), 82 AEEEREREAFEER
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900 - 10:30 fedm RS

{Learning from Cata)
10:30 - 10:50 2% B RRF fE]

Ef FAb H4 02 B8 35 4 AT
10:50 - 12:20 iFE%E‘E’%%*%i

{Fundamental Machine Learning Models)
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s S8 e
13:10 - 14:40 e A RO =

{Hazard of Owerfitking)
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Google Brain B85 T 126D
B iEE 17 2014 ERZEEINAIME BTSN - E£EA0I0A Google Brain /) » BRI &5
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\J'l- E:i
9:00 - 10:30 REZEAF
(Introduction to Deep Learning)
10:30 - 10:50 | FEEAFERE
e Ei
10501000 | TAF1]3E Google AR EREEE
(Build Your Own Google-Class Deep Learning Machine)
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9:00-10:30
(Introduction to Computer Vision)
10:30 - 10:50 A5
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10:50 - 12:20 BEHAEH

(Fundamentals and Applications)
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Computational Social Science

The Collaborative Futures of Big Data, Computer
Science, and Social Sciences

Sheng-Wei (Kuan-Ta) Chen

Institute of Information Science
Academia Sinica







The Favorite Major for US
College Athletes

Majors School programs with more than 25% of juniors and seniors in the same major (mouse over for details)

{mouse over for details) KEY: 25% _ 100%

~ Business CEERENNNERNENEEENR
SRR NN CNNENCENNENEEYNEENEEEEENENNEDNEND
Communication CESESNRNSNNNENNEEENEENNENN
GeneralInterdisciplinary SR NN ENNNNNENEEENRENENDNREED
Sports-related SERNRERNNNNNNEENENEEEENENENE
Crime/Justice IIIIII
Education II
Humanities .I
Science II

(Source: USA Today, http://usatoday3o.usatoday.com/sports/college/2008-11-18-majors-graphic_N.htm)
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Social Science

HUMAN \S ComPLICATED

@9apingvoid
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Social Life is Hard to See

We can interview friends, but we cannot
interview a friendship

» Fleeting interaction
= |n private

= Tedious to record over time,
especially in large groups




Bigger Problems

Social phenomena involve many individuals
interacting to produce collective entities

= firms, markets, cultures, political parties, social movements,

audiences
= “Micro-Macro” problem (aka "Emergence”)

Micro-macro problems are hard to study
empirically

= Difficult to collect observational data about individuals,
networks, and populations at same time

= Even more difficult to do "macro” scale experiments

122



1890 US Census

US 1890 Census Population Schedules

Cd4
FAMILY SCHEDULE—1 TO 10 PERSONS. L AR,
' 4 [-s88e] Eleventh Census of the Unitad States.
Snpurvi-or‘nlmmlct No. s BO}IED_E'_I:E o. 1.
Enumeration District | PSP 4 Al POPULATION AND SOOIAL a'm'nmon#
" : &me=‘&%—;9hh:_d&&nul____;
Street and No.: b ;s Ward: % Kame of Initatin: x
lnnngmlud by me on the 4/5_ day of June, 1890. —u&ﬂl;( 2@“‘__.,
- T
smzee| yy ||, [sms| Qe Lo e x P
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Urecwesnan | 2 o0 rRoots 15,},.“ L (A w2 Y o Lt o
[T [— oot o Y/ [Aleie At a2
13 | Mgzmber or yoars 1 he Unttos ) " N - % Z=
14 | Whether nataraiised. . 4 i 1 5
15| " v % ¥ 2 £ £
16 | st vt gt | 77, P — Fasrnae Fatru ﬁm...,
17| TR R o il e -
18| ¢ -::":T—-ﬂ 'S 4 ~ 14“17. a I!n.d‘
19 |t 1”7 773 ped B fas Aeat.
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15t time Hollerith machines were used to
tabulate US Census data

(population: 62,947,714)
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The Era of Big Data

Past: Government data, national survey data
Today: A variety of new data sources

= Economic data: trade, finance, e-cash [ e-wallet, ...
= GIS data: satellite, GPS loggers, laser scanning cars, ...

= Sensor data: video surveillance, smart phones, wearable
devices, mobile apps, beacons, ...
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New kinds of data

Urban movement analysis from GPS/phone data

Introduction  Exhibit spoce View map Technology Reviews Credits

The Amsterdam Real Time Project

razendereporter

WA W T f‘/
Calabrese, F., Colonna, M., Lovisolo, P., Parata, D., & Ratti, C. (2011). Real-time

urban monitoring using cell phones: A case study in Rome, /EEE Transactions on
Intelligent Transportation Systems, 12(1), 141-151.
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Computer vision for healthcare

00;00;00;04 »

Video magnification

ERIZ ) ESRREBRPE—F5F (Slide Credit: Jia-Bin Huang)



http://people.csail.mit.edu/mrub/vidmag/
http://www.slideshare.net/tw_dsconf/computer-vision-crash-course-56934508
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New kinds of data

Social Sensing via RFID

SocioPat

Cattuto, C., Van den Broeck, W., Barrat, A,, Colizza, V., Pinton, J. F., & Vespignani, A. (2010). Dynamics of person-to-person interactions from
distributed RFID sensor networks. PloS one, 5(7), e11596.
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Engagement and Exploration

= Standing face-to-face?
= Physical distance

= Hand gesture, posture

= Conversation patterns

MAMAGEMEN
|

Frequency of interruptions

IDEAL
o TEAM
e PN MEMBER A

L AMOUNT OF

X

an An

INFORMAL
ﬂ \ EMERGY
Q
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Web as a Record of Social Interaction

= Public web pages [ discussions

= Twitter, Facebook, blogs, news groups, wikis, MMOGs,
Instagram, LastFM, Flickr, Spotify

= Private email, Whatsapp, LINE, Slack
= Text, images, sounds: speeches, commercials
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New kinds of data

Human mobility in societies
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Check-ins (Foursgaure, Gowalla, Twitter, ...)

Cheng, Zhiyuan, et al. "Exploring Millions of Footprints in Location Sharing Services." ICWSM 2011 (2011): 81-88.
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Computational
Soclal Science

The science that investigates social phenomena
through the medium of computing and
statistical data processing.



Computational Social Science

An instrument-enabled scientific discipline

microbiology radio astronomy nanoscience

microscope radar electron microscope
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HEALTH
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" USING IT
IS THE HARDEST PART.




Technical Challenges

Computational infrastructures for dealing with

» More data: analyzing large amounts of data
» Fuzzy data: cleaning up inprecise and noisy data

= New kinds of data: processing real-time sensor streams and
web data

Need for new substantive ideas

Need for new statistical methods (WHY in
addition to WHAT and HOW)
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3 Common Approaches
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Macroscope

@

=

Linguistics

WE ARE WHAT WE SAY

Schwartz, H. Andrew, et al. "Personality, gender, and age in the language of social media: The
open-vocabulary approach.” PloS one 8.9 (2013): e73791.
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Dataset

700 million words, phrases, and topic instances
collected from 75,000 volunteers’ FB posts

Record users’ personality (5-factor), gender and

age

Volunteer Data

i I gender personality
social media ot
messages age health
a) words and
phrases

1) Linguistic |
feature b honics 2) Correlation

extraction analysis

3) Visualization
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What Words Do You Use?

super soocoo

flippin uber tOnight
wo el
ridiculously
female lovep  <FPERE cute baby -
A A A .. im_so g ble !
i < inlaiie . her_new SOO(;)S acg*?!?'a-aies
swestia 3 mucho  best_friend chocglatehershe e pusﬁy e
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How Old Are You? (#1)
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How Old Are You? (#2)
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Personality Traits
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Topics Across 4 Age-groups

(30 to 65) mm son daughter father mother proud oldest data youngest

(23 to29) mm job position company manager interview experience office assistant
(19 to 22) mm classes semester class college schedule summer registered taking
(13to18) mm haha lol :p :D ;) hehe jk ;p

Standardized Frequency

13 18 23 30 40 50 60 65
Age
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Warm and Negative Words

Standardized Frequency

[

o

w= family friends wonderful blessed amazing thankful loving
m= kind person word loving act caring honest touch

mm fucking fuck shit hate stupid retarded bitch pissed
™= hate ugh stupid damn >: freakin anonoying

13

T I T

18 23 30 40 50 60 65
Age
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Usage of “I” & “We"

Standardized Frequency

Huge-volume data + simple analysis =
crystal clear language use patterns
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APPROACHES

#2 VIRTUAL LAB
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Scaling up the Lab

Social science experimental heavily constrained
by scale and speed

» Unit of analysis was individuals or small groups

« Experiments took months to design and run

Potentially “virtual labs” lift both constraints

» State of the art ~ 5ooo workers, but in principle
could construct subject panel ~ 100K - 1M

= Could shrink hypothesis-testing cycle to days or

hours amazon mechanicalturk™

Artificial Artificial Intelligence
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‘%:’ Virtual Lab

Social Psychology

MOOD CONTAGION (& MANIPULATION)
ON FACEBOOK

Kramer, Adam DI, Jamie E. Guillory, and Jeffrey T. Hancock. "Experimental evidence of massive-scale
emotional contagion through social networks.” Proceedings of the National Academy of Sciences111.24 (2014):
8788-8790.
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Facebook Mood Contagion

0.7 million (~ 0.04%) users on Facebook
3 million posts manipulated in one week

Hide some “positive” or "negative” emotional
posts from users (in the experimental group)

B Feeling Happy" @ feeling happy

May 30 -

Happines BB oMl Sadona Cassedona & feeling angry
Laying by Nyl 13hrs - ¢
With my k

This is CRAZY-!

This 'House Bill -195"' makes it illegal to buy second hand items, No Matter
What They Might Be, for CASH-I-1-1

/v Like | YES you read this correctly! !

What happened to the adage that: "CASH IS KING"-1 7 ? ?
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Observations

<
© m Control
O Experimental
5 o
o w
3
w
®eeo -
=
N 2
| 7 <
g ©
Q —
uj - L - - -
o [Negatlve posts hldden] | Positive posts hidden ]
o =

-------

|

Words (per cent)
1.60

Facebook users’ emotion can be easily
manipulated by changing ALGORITHMS
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Ethical Issues (!)

Unethical experiment because it's conducted
without users’ consent

Well, Facebook's data use policy states that users'
information will be used "for internal operations, including
troubleshooting, data analysis, testing, research and
service improvement," meaning that any user can become
a lab rat.

Serious invasion of users’ perceptions about
their friend circles (and the society)
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‘Tqﬁ:’ Virtual Lab

Social Psychology & Politics

FACEBOOK ™ VOTED” BUTTON

Bond, Robert M., et al. "A 61-million-person experiment in social influence and political
mobilization." Nature 489.7415 (2012): 295-298.
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“| Voted” Button

Direct messages to 61 million users on FB

= Informational: 1% users received
= Social: 98% users received
» Control group: 1% (no message received)

Today is Election Day What's this? « close Informational
Find your polling place on the LS. EE
m Politics Page and click the "I Voted"  People on Facebook Voted .
button to tell your friends you voted. SOClaI

VOTE
Today is Election Day What's this? e close
Find your polling place on the U.S. EE

@ Politics Page and click the "I Voted"  People on Facebook Voted
button to tell your friends you voted.

¥ K1 Jaime Settle, Jason Jones, and 18 other
friends have voted.

164



Effect of Manipulation

Prob. of oneself claimed voted

A

o By

0.5

0.4

0.3

0.2

Ratio of friends voted
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a Informational message b

M
-
|

Social Social
Today is Election Day What's this? « close
message message
Find your polling place on the US. (0/1]1/5/5[37]6] 1.8 versus versus
B o e e, Peosle on Facebook Voted t_ informational control
1 Voted | £ X 1.5+ message
<o £5
o
52 1.2
[
=
Social message E -§ 0.9
Today is Election Day What's this? + close g %
= - = O - 0.6
Find your polling place on the LLS. = 0
Politics Page and click the "I Voted”  People on Facebook Voed ()
button to tell your friends you wvoted.
0.3
0

Self- Search for Validated Validated
reported polling voting voting
voting place

2% more likely to click "I voted” button and 0.3%
more likely to seek information about a polling place,
and 0.4% more likely to head to the polls.
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Real-world Consequence (!)

In total there were about 60,000 votes of
turnout, and estimated 280,000 indirect
turnout (out of 61 million users)

What if Facebook did not randomize the
control/experimental groups?
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APPROACHES

#3 EMPIRICAL MODELING
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Empirical Modeling

Traditional mathematical or computational
modeling

= Tends to rely on many, often unrealistic, assumptions
= Not generally tested in detail against data

» Resultis proliferation of models that exist in parallel and are
often incompatible with each other

New sources/scales of data allow both to
learn/test models and also calibrate them
= Observations 2 Models 2 Lab = Field 2 Observations
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PREDICTION IS
VERY DIFFICULT,
ESPECIALLY ABOUT




Google Flu Trends

Stirme steriche Visualizza dati per: | Stati Uniti

Attivita influenzale Stati Uniti
Stima sul'influanza & Stima di Google Trend influenzas # Dat Sial Unil

ol
Gogle Detecting influenza epidemics using

search engine guery data

leremy Ginsberg’, Matthew H. Mohebbi’, Rajan S. Patel’, Lynnette Brammer?,
Mark 5. Smolinski' & Larry Brilliant’

"Googls ine. “Caniers for hssass Confrol and Pravention

Nature 457, 1012-1014 (20009)
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Empirical Modeling

Medicine and Linguistics

PREDICTION OF COUNTY-LEVEL
HEART DISEASE MORTALITY

Eichstaedt, Johannes C., et al. "Psychological language on twitter predicts county-level heart disease
mortality." Psychological science 26.2 (2015): 159-1649.
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Heart disease

= Arteriosclerotic heart disease

Datsets

mortality rates during 2009 -- 2010

Predictors

826 million tweets collected between June 2009 and March
2010

Socioeconomic (income and education)

Demographic (percentages of Black, Hispanic, married, and
female residents)

Health status (diabetes, obesity, smoking, and hypertension)
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Prediction Accuracy

Twitter and All Predictors
Only Twitter *
All Predictors Except Twitter }
Income and Education
Smoking
Diabetes
Hypertension
Obesity
Black (%)
Female (%)
Married (%)
Hispanic (%)

.00 05 10 A5 .20 .20 30 1) A0 A5
Pearson r
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Hostility,
Aggression

Hate,
Interpersonal
Tension

Boredom,
Fatigue

bullshit
shits FUCKfuckin
damnfucked
neksfucking Bitgh

it shitt
Shlt piss!’eddllde

r=.18

jealousy mad
bitches

-whate, jealous

S0000000
boring t€Xthmu
entertaininsanely
)

ex r
boredom entegaised

incredibly bore
r=.18
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Hostility,
Aggression

Hate,
Interpersonal
Tension

Boredom,
Fatigue

bullshit
shits FUCKfuckin
damnfucked

cks 1 h
“aihckinga5S
shit pissed e

r=.18

jealousy mad
bitches

-whate, jealous

S0000000
boring t€Xthmu
entertaininsanely
Ya\;';' g&tg ammesrtligf

ex
boredom Ybored
Y bore

r=.18

Skilled
Occupations

Positive
Experiences

Optimism

sdkills
evelopment

informationdesie, .
management™meting

process © |
communication Féséarch

business learning
technologyengineering
education” analysis

r=-14

changing
wonderful

experienced enjoyable
journey judgement

judgment X -
| expenengt;si:xc-tmg
earting P easant

experlence share
bound
r=-14

opportunity
possibilities

s OPpOrtunities
possibity ); challenge improve
createendless experience
potential _ability
explore

r=-12
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Language Use Iin Tweets

Correlation with AHD mortality

Risk factors

Anger A7 [11, .22)+*
Negative relationships 16 [11, .21]*
Negative emotions 10 [.05, .16]**
Disengagement 14 [.08, .19]**
Anxiety .05 [.00, .11]
Protective factors
Positive relationships? .02 [-.04, .07]
Positive emotions —11 [-.17, —.006]**
Engagement —.16 [-.21, —.10]**
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CDC-Reported AHD Mortality Twitter-Predicted AHD Mortality

10 20 30 40 50 60 70 80 90
AHD Mortality (Percentile)

Social media opens up a new window of
what humans actually feel and think




Empirical Modeling

Social Psychology

YOU ARE WHAT YOU LIKE

Kosinski, Michal, David Stillwell, and Thore Graepel. "Private traits and attributes are predictable from digital
records of human behavior." Proceedings of the National Academy of Sciences 110.15 (2013): 5802-5805.
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Personality Prediction

/ Personality traits \

= Gender, age, relationship status, # friends

= Sexual orientation, ethnicity, religion, political
inclination

= Addictive substances (alcohol, drugs, cigarette),
parental separation

%ctormodel, satisfaction with Life /
e ]

ib Like Y Like
ey e

Y Like
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Data Collection

= 9,939,220 Likes (55,814 unique ones) from
58,466 Facebook volunteers

= Sports

= Music

= Books

= Restaurants

= Popular websites
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Ground truth

Political Inclination

Democratic GOP (Grand Old Party)

Democratic Party Republican Party

Sexual Orientation

Homosexual Heterosexual

1/o0 1/0
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Ground truth

5 = F a Ct O r M O d e I This 1s an interactive version of the IPIP Big-Five Factor Markers.

Disagree Neutral Agree

. O p e n n e SS I feel little concern for others.
Conscientiousness e stwysprepared

|
. I get stressed out easily.
= Extraversion
I have a rich vocabulary.
= Agreeableness ot ik ot
u Sta b i | ity I am interested in people.

I leave my belongings around.

I am relaxed most of the time.

I have difficulty understanding abstract ideas.
I feel comfortable around people.

I pay attention to details.

I worry about things.
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Ground truth

Satisfaction with Life (SWL)

Below are five statements that vou may agree or disagree with. Using the 1 - 7 scale below,
indicate your agreement with each item by placing the appropriate number on the line preceding
that item. Please be open and honest in your responding.

e 7- Strongly agree

e 6-Agree

e 5-Slightlyagree

e 4 - Neither agree nor disagree
e 3 - Slightlydisagree

e 2-Disagree

e 1- Strongly disagree

__ In most ways my life is close to my ideal.
_____ The conditions of my life are excellent.
I am satisfied with my life.
_____So far I have gotten the important things [ want in life.
If I could live my life over, I would change almost nothing.

= 31 - 35 Extremely satisfied
- A N Qatiefiad
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Methodology

User-Like matrix dimension reduction: Singular Value
Decomposition (SVD)

-
r
4 =
g 1
| y
-
y

e

i

Users’ Facebook Likes

58,466 Users

<

User 1
User 2
User 3

55,814 Likes
>

art

= O =

i) Bes

Usern

User — Like Matrix
(10M User-Like pairs)

1

cnn.com
(.-)

o »r o BMW

QO =B =

1

4

L

" Ssingular Value

Decomposition

100 Componentsb

Comp;,
N Comp;

User1 1.5

User3 -.6 .1

G
Usern 1.2 1

58,466 Users

<

User— Components Matrix

(-..)

User2 .3 -4 ..

Compgo

B
NN W

. =b

Prediction models: Logistic Regression & Linear Regression

Prediction Model

Using Logistic or Linear Regression
(with 10-fold cross validation)

e.g. age=a+01 C1 +...+ BnCioo

Predicted variables
Facebook profile: age, gender, politi-
cal and religious views, relationship
status, proxy for sexual crientation,
social network size and density

Profile picture: ethnicity

Survey / test results: BIGS Personali-
ty, intelligence, satisfaction with life,
substance use, parents together?
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Prediction Results

Single vs.
In Relationship

Parents together at 21

Smokes Cigarettes

Drinks Alcohol

Uses drugs

Caucasian vs.
African American

Christianity vs. Islam

Democrat vs.
Republican

Gay

Lesbian

0.00

0.25 0.50

Area Under Curve

0.75 1.00

Solid: Pearson corr. coef. between pred. & actual values
Transparent: baseline acc. of the questionnaire, in terms of test-
retest reliability

Satisfaction with Life 0.44

Intelligence 0.78
Emotional Stability 0.68

Agreeableness 0.62

0.75

Extraversion

Conscientiousness

Openness

Density of
friendship network

Number of
Facebook friend

T T T 1
0.25 0.50 0.75 1.00

Pearson Correlation Coefficient
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Discriminative Likes (#1)

Gender

Female

Tv Fanatic

Chiq

Gillette Venus
Shoedazzle

Bebe

Proud To Be A Mom
Covergirl

Wet Seal

Aerie By American Eagle
Mall World

Modern Warfare 2
ESPN
Sportscenter
Band Of Brothers
Starcraft
Deadliest Warrior
Dos Equis

Red Vs Blue

X Games

Bruce Lee

2PN

204



Discriminative Likes (#2)

Friends

Many

Moijo-Jojo

Biology

Dollar General

Hillary

106 & Park

Jennifer Lopez

Paid In Full

Yo Gotti

The Dollar You Are Holding Could’ve
Been In A Stripper’s Butt Crack

The Dark Knight

In’n’out Burger

Hard Rock

Honey, Where Is My Supersuit

Hating ICP

Minecraft

Iron Maiden

Walking With Your Friend & Randomly
Pushing Them Into Someone/Something

M2 ]
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Discriminative Likes (#3)

1Q
High

The Godfather

Mozart

Thunderstorms

The Colbert Report
Morgan Freemans Voice
The Daily Show

Lord Of The Rings

To Kill A Mockingbird
Science

Curly Fries

Jason Aldean

Tyler Perry

Sephora

Chiq

Bret Michaels

Clark Griswold

Bebe

I Love Being A Mom
Harley Davidson
[Lady Antebellum

MOT
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307
-t Ia‘E,ﬁ!i and 55 other friends

Invite friends to like this Page

ABOUT

EREFRERECER | ESEETHaEE | B
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12 | BES-EEF L - Unttp fgoo.glimUZa%m

(7] Ask for #4238 TFRE's website

PHOTOS

HEMENRER

Timeline About

Photos Likes Videos

B post  [E Photo / Video " Re

E %&%Eiﬁkiﬁ%
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Likes are Culture-Dependent (#2)

BN E2EE BRI BEEITT

k= MyWei Duncan

Estee Lauder Taiwan JE&55E MAZEE ) Lin

JEER"HOT" & 45 Cherng
= 2R mFROVEE Byebyechuchu >
15 ZI=PN Dcard 15

AVON Taiwan J#55 i) 44 = HEEZEh Hebe

ANz 5 %, T2 Eddie Peng

Creative Baby =P Dorothy

Unprecedented opportunlty to observe
Individuals in a society
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Table 3. Top Polarized Pages in Community Category

Label Page name

Ideology Politicalness

CB1 AsFefHF S -1.46 0.87
CB2 fftF544 258 rh Bl [ Q& & - -1.43 0.80
CB3 IEFEME « HEEITL -1.37 0.86
CB4 484 1&TES -1.33 0.89
CB5 sl o N Adrs 1z 12 -1.33 0.85
CG5h e[ HH 7 FrEk (e B -Z Rl 0.81 0.89
CG4 EZ PR A AP i AR 0.81 0.80
CG3 B ARJEAEEAE 318 0.82 0.83
CG2 REEE R HEHES 0.82 0.85
CGl EEHMN=ENEHEEEZEHNEATREGRA] 0.83 0.90
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Table 4. Top Polarized Pages in Musician/Band Category

Label Page name Ideology Politicalness
MB1 Taipei Wind Orchestra & Symphonic Band -0.10 0.53
MB2 ZdbiiirEEEE] -0.08 0.65
MB3 [H#e -0.08 0.42
MB4 < (il -0.07 0.60
MB5 &1L &HEE N YEE] -0.06 0.55
MG5 2HRs 0.74 0.52
MG4 Z2RfEiEET 0.74 0.73
MG3 o/ 0.75 0.60
MG2 %K Z-Tamsui BoyZ(TBZ) 0.78 0.85
MG1 J&/KZ0F LTK Commune 0.79 0.73

Table 5. Top Polarized Publishers

Label Page name Ideology Politicalness
PB1 ZEEEH 0.05 0.37
PB2 KHHH 0.08 0.49
PB3 OtrEEEH AR E] 0.08 0.70
PB4 /EEHRRE LittleBearBooks 0.13 0.53
PG4 BEEE BFHH R 0.66 0.58
PG3 ’“iﬁf@_f, 0.74 0.60
PG2 Ll = 0.78 0.75
PG1 TEJTH&TJJ. rgan 0.81 0.80
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Table 6. The Ideology and Politicalness of Mass Media in Taiwan

Label Page name Ideology Politicalness
N1 opipEE o (B ] A -0.46 0.68
N2  rfH¥E -0.34 0.53
N3 }\‘gg ] -0.11 0.38
N4 ity -0.07 0.57
N5  GOOD TV #lEEHES -0.01 0.38
N6  HHHF#H 0.21 0.37
N7 K& scli#H - 5% (The Epoch Times - Taiwan) 0.23 0.58
N8  rlE AS ‘Tfﬂﬁ‘i‘" 0.30 0.78
N9 1 {CUHE 0.31 0.58
N10  =175#rE 0.37 0.60

218



Table 7. Largest Ideology Difference between Pages and The Mentioned Politicians

Page name Mentioned Ideo. diff. Type
%ﬁf EAEENERT NN R -1.84  antagonistic
B 2 Ao e e ] M | EIREEs -1.82  antagonistic
/‘\;,- —RCEEm Ol S0y T - REENEANAWE  OEE -1.79  antagonistic
X

HEFRIH ST P E T R ESFEUG KRS | BUA FEUE (e -1.66  antagonistic
(S T A |

LSO~ BOEE S TUIETE H = FLILL -1.65  antagonistic
Fa] ST fa[ =y -1.64  antagonistic
HEFHA 7 72 5 57 2358484 (Support Sean Lien 355 1.63 sarcastic
for President Forever)

GHETRAY T4 (The Guava Farm® of Hu) Gl 1.62 sarcastic
PUEERE ) BT e | BEEE A EE ) BI 1.61  antagonistic
HeE i (1 Love Sean Lien) il gve 1.60 sarcastic
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LOTS of Big Questions

The polarization of global economic inequality
What explains the success of social movements?
The emergence of pro-sociality behavior

The causality of video gaming and propensity of
violence?

The politics of censorship

The causality of social selection and social
influence?
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The Data Divide

Social scientists have good questions but...

= IT tools are not part of their toolkits
= Not clear that we will/should make the investment

Computer scientists have powerful methods
but...

= Trained to resolve technical problems

» It seems there are less "methodological”
contributions
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The Challenges

Education and habits of social and computer
scientists

» Different ways of thinking
« Different methodologies
« Differences in framing questions and defining contributions

Data access and fragmentation issue
Data privacy issue

Ethics issue

Organizational issue
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Institutional Innovations

New platforms and protocols for data
management

« Better coordination of data collection, storage, sharing
= Recruitment and management of subject pools, field panels

Integrated research designs

= Coordination across theoretical, experimental and
observational studies

Collaborative interdisciplinary teams

» Fora given data set, often unclear what the most interesting
question is

» Fora given question, often unclear how to collect the right
data
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Computational
Social Science

Techniques to collect,
manage, and process large
datasets

Knowledge about social
theories, methods, and
issues
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“A fascinating look at a new field by one of 0
its principal gecks.” — Fhe Econsmisr

SOCIAL PRYSICS

HOW SOCIAL NETWORKS CAN

T =Y E AKE 5 BHREIER
ALEX PENTLANL

Copyrighted kMater il
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T EYER

IRE T (reality mining) - UEE17TAERIKEEZELT
DT ARMRIE

NMeEEEMBEHESERR - EEIREBIE MR
HNEERIE

- fTEE 3 (social learning)

« (LR PR R (idea flow)

Alex “Sandy” Pentland
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eToro + OpenBook
€TOM0®  orercoorwen

Traders Feed Markets Rankings WebTrader Sign Up!

A | & Everyone h Walch List "0 Top 100

Start here
1.See &1
See what real people are
trading now, fve and in real
time.
2.Follow &
Find and Follow Traders.
ce U Live Tradi ng Feed
';‘:m instantly the trades you showing most recent activities made by real people
ke [ 3852 people e this. scharfetauben closed a USDIJPY Buy position,
B e et chmer ﬂ gaining 29.7%
' y less than a minute ago from Germany

- &0 Like | Comment | Follow

gaining 54.6%

H scharfetauben closed a EURICHF Buy position,

less than a minute ago from Germany

- Like = Comment | Follow

W  Actionaerid Sold AUD/USD @1.0802

www.tradermaker.com/wp-content/themes/tradermarket/images/reviewscreens/etoro-openbook.jpg
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OpenBook enables you to see and follow this and
other traders’activity and copy the trades you like.

)
+ 29.T%

Trade Stary

#+ 34.6%

i

Trade Story

= ||

Follow Top Ranked User astrex

In the past 3 months astrex's gainwas up 2743%
Winning 65.6% of all rades executed!

Top Performers
w | Im

1 verygoodtrade

- Singapone

2 wwieong1581
S Brunei

3 astrex
l I IRaky

4 simparker
Bl susralia

5 clampinod3

# T43%
1700224

# 354%
45054

# Ha%
1817

#* 245%
1723

& Th4 oW
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eToro + OpenBook

1PalIEE / EHhEMAPHNRS - mEHGHNE
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« WWE 2011 FB 160 BERBHEF  iT 1000 BEM =TT/ BT
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& A E %R =R
T BREMA30%

‘. ortragers

i B it
s .

INVESTORS WHOSE TRADES ARE COPIED

BT iy g A e

2 4 L] 18

INVESTORS MAKING TRADES

hbr.org/2012/04/the-new-science-of-building-great-teams
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ldea Flow vs. ROl

Decision Accuracy Depends on
Diversity of Information Sources

161 3

Return on Investment
Social vs non-social investors

osl. EBI]HEF .
510 610 7I0 8l0 910 1 E)O

|dea->Behavior Flow, ®(C)

Copyright alex pentland 2012 Altshuler,Pentland
sites.nationalacademies.org/cs/groups/pgasite/documents/webpage/pga_082159.pdf
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T =t = b % (Sociometer)

EAGE G B AN B ENIT 4
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www.bostonglobe.com/business/2013/11/02/breakthrough-management-tool-big-brother-workplace/WKMDFFieBCOM9ISEWUPbLFZL/story.html
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Bank of America E5EZ RSP /()

HEH6HE B 20 A - L AHANERASTAER
WERIGE - [EZRRV 1Y EIE G
- HRRBEFEEIERRE 5% > BHEE USD $1M

It idea flow BERN=

- EREANRE NS

g5 iwE 2B INER ZER G ENFE

\\>;b

« IRF 30% SHRE D FHIWERRETT 8% (20% for the
previously worst case)

« hETA USD $15M 4% (given 3,000 UEZ AR A B)
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ie =i AT B2 TIFMRESR

Average Call Handling Time

Engagement

0.6 i} ] 1

Olguin, Waber, Kim, Pentland
sites.nationalacademies.org/cs/groups/pgasite/documents/webpage/pga_082159.pdf
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AMDUNT OF INTERMNAL
COMMUNICATION | TEAM
BETWEEM TEAMS EMERGY

MAMAGEMENT Ea

hbr.org/2012/04/the-new-science-of-building-great-teams
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Alex "Sandy" Pentland, Social Physics
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sites.nationalacademies.org/cs/groups/pgasite/documents/webpage/pga_082159.pdf
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EXY)R  ERMHEEE KD

DAY 2 MANAGEMENT IS CLEARLY DOING
MOST OF THE COMMUNICATING.

CUSTOMER
SERVICE

Mast communication is via e-mail, Customer service
not face-to-face. In an ideal situ- is the least con-
ation, the green arcs would be nected to other
thicker than the gray ones, and teams.

there would be strong connec-
tions among all teams.

hbr.org/resources/images/article_assets/hbr/1204/R1204C_B_LG.gif
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DAY 6 MANAGEMENT BY
E-MAIL CONTINUES.

Management is communicating
face-to-face a little bit with every
team except customer service,
and most groups aren’t talking
much to one another.

EFREMNZIESNMIARZEH BB

CLUSTOMER
SERVICE

Only sales and support
interact with each other
a lot in person—most
likely because they are
prepping for the launch.

hbr.org/resources/images/article_assets/hbr/1204/R1204C_B_LG.gif

[RFIR / ERRIBERRVEL
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DAY 15 AS THE LAUNCH APPROACHES,
COMMUNICATION IS STARTLINGLY LOW.

Sales is now clearly Customer
engaging with development, service is still
probably to learn the final not involved.

details of the product
offering and understand its
technical aspects.

hbr.org/resources/images/article_assets/hbr/1204/R1204C_B_LG.gif
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CUSTOMER

SERVICE
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DAY 23 TWO DAYS AFTER LAUNCH, TEAMS ARE
FINALLY COMMUNICATING IN PERSON, AS THEY
TRIAGE A DISASTROUS CAMPAIGN.

For the first time, e-mail
communication is lower
than face-to-face com-
munication. In a crisis
people naturally start
talking more in person.

The big jump in com-
munication here might
be a result of sales’
hammering develop-
ment about why the
product isn't working

and how it can be fhixed.

hbr.org/resources/images/article_assets/hbr/1204/R1204C_B_LG.gif
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CLUSTOMER

SERVICE

Customer
service and
support are
locked in all-
day meetings
trying to patch
the problems.
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Asymmetrische Kommunikationsmuster
Alex "Sandy" Pentland, Social Physics
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http://www.thestevensmithblog.com/153/how-can-reaching-out-to-others-build-a-community-and-solve-business-issues/
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1. Hidden Information May Be
Revealed with Data Analysis

2. Unstructured Data Can Be

Valuable

3. Small Data May Contain BIG
Yalues
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https://blog.alphacamp.co/2015/08/04/data-science-myth/ by EEEZEE A
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https://blog.alphacamp.co/author/bleaksolitude/

BIEBABIBERE ...

R A8t

Yir Amndm 10 i P
Big-data is like teenage sex:

everyone talks about it,

nobody knows how to do it,
everyone thinks everyone else is doing it,
so everyone claims they are doing it!
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