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The Emergence of Big Data

Web Search Interest: big data. Worldwide, Past 12 months Q -
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Academic Stakeholders in Big Data

Social Science 7%
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What’s “Big Data”?

Y e —— |

* Volume (i8=)

= Velocity (R1R)
= Variety (2Z)/R)

= Value ({&A7/ME)

Storage capacity
Computing capacity
Seamless integration
Optimal algorithms
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Perspectives from CCF Big Data Task Force
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Eight Core Questions:
Data science as a discipline
Models and paradigms of

1.
2.

3.
4.

data computation

Characteristics of big data
Actions and reactions of big

data

Security and privacy of big

data
Challenges to IT

Applications and business

chains
Ecology of big data
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Mavyer-Schronberger & Cukier (2013)

& \ = ‘ \

N ‘ !
A Revolution That Will _ |
Transform How We Live, AN

Work and Think

BIG g J’
DATE

Viktor Mayer-Schonberger ‘
and Kenneth Cukier

Big data will revolutionize

now we live

now we work

now we think

O population or sample

O efficiency or precision

O correlation or causation
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|s Big Data a Big Lie?

Irfan Khan (CTO
of Sybase)
2012/03/21

The Big Lie About

Big Data

Massive data sets, even those including
variable data types like unstructured
data, can be ready for analysis in a
columnar-based data warehouse. Not
only are they ready, they are able to
perform faster and readily scale to
include as many users and as much data
as is necessary to get the job done.

Comment by Don MaclLennan

Columnar databases have their place in
the analytics ecosystem, no doubt. ...
But it skirts all of the reasons why
complementary (threatening?)
technologies like the Hadoop ecosystem
exist. ... the author avoids the distinction
between Big Data analytics and
operational reporting. ... columnar
databases are great for operational
reporting on a price/performance basis.
They don’t compete on price
performance in analytics domains
unless they complement the Hadoop-
type platforms.
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http://blogs.forbes.com/people/donmaclennan/
http://www.forbes.com/sites/ciocentral/2012/03/21/the-big-lie-about-big-data/
http://www.forbes.com/sites/ciocentral/2012/03/21/the-big-lie-about-big-data/

Hyper, Myth or Reality?

What Do You Think?

Enthusiasts . 0 ) Skeptics
Big data is better / Just more noise
Big data is a new era / A new bottle of old wine
Big data is everywhere / Inaccessible to outsiders
Tech is ready for big data / They are not ready yet
Sampling is unnecessary / Make big data small
Theory is dead / Theory wins eventually
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Exemplar Studies of Big Data in Social Science

e Nate Silver’s prediction of the U.S.
election 2012

e Bond et al.’s test of social message
among 61 million users on Facebook

e Michel et al.’s text mining of 5 million
SO Google books

Analysis
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Winner of Predictions in U.S. Election 2012

Polister Accuracy and Bias, 2012 Presidential Election
Likely Voters Polls in Last 21 Days of Campaign

Nate Silver of fivethirtyeight.com wnmmseas

1 1 Pollster #Polls Avg.Error Bias Mode cell?
emerged aS the blggeSt Wlnner Of IBD [ TIPP 11 0.9 R +0.1 Live Phone Yes
H . Google Consumer Surveys 12 16 R+1.0 Internet PiA
the prediction game. He correctly g o ey
. . RAMD Corporation 17 1.8 D+15 Internet PiA
predICted the winner Of 49 Of the CNM | Opinion Research 10 19 R+06 | LivePhone Yes
. f lpsos / Reuters (onling) 42 149 R+1.4 Internet PiA
Angus Reid 11 149 R+0.8 Internet PiA
50 States In 2008 a nd O eve ry CVOTER International / UPI 13 20 R+20 Live Phone P
. H Grove Insight 18 20 R+0.1 Live Phone Yes
one of the 50 states in 2012. His <&t T Lt i R Eer e
. Quinnipiac 5 23 D +0.3 Live Phone Yes
data came frOm Other electlon Warist 11 SETTRYTE T Live Phone  Ves
. . YouGov 30 26 F+11 Internet P4
We Ask America g 26 D +01 obodial Mo
p0| |S Welghted by h IS mOdel * Public Policy Polling 71 27 R+1.6 obodial [
Gravis Marketing 18 27 R+27 obodial [
JZ Analytics® 17 248 R+0.1 Internet PiA
Washington Post/ ABC Mews 18 248 R+27 Live Phone Yes
Pharos Research Group® 14 4.0 D+25 Live Phone [
Rasmussen Reports 60 42 R+37 | Robo +Internet Mo
American Research Group g 45 R+4.5 Live Phone Yes
Mason-Dixon 2 54 R+22 Live Phone Yes
Gallup 11 7.2 R+7.2 Live Phone Yes

* Mot used in FiveThirtyEight forecast.

Online surveys are generally more
accurate than telephone polls!
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A 61-mil-person Experiment on Facebook

a Informational message b 21 _ _
) ' Social Social
Today is Election Day What's this? » close message message
Find your polling place on the U.S. E 1.8 Versus Versus
Politics Page and click the "I Voted”  People on Facebook Voted — . .
BB e e o E_ informational ~ control
(=]
VOTE E R 154 message
(U -
o >
528 4o
w— = .
o ®
5%
. 3]
Social message 2 £ 0.9
c
Today is Election Day What's this? = close -'q__') g
O
L c 0.6 =
Find your polling place on the U.S. E = 0
@ Politics Page and click the "I Voted”  People on Facebook Voted (@]
button to tell your friends you voted.
CICH ied 037

- ) Self- Search for Validated Validated
- . % Settle, , and 18 othe . h ;
"ﬂn oo r%%?iﬁgd %l)ggg vetng - veting

An effect of 0.3% amounts to 180,000 voters.
s it statistically significant but practically trivial?

Source: Bond et al. (2012). % ;VH?@M%"%'EE‘; 12



Content Analysis of 5 Million Google Books
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Multidisciplinary Team

1. Evolutionary Dynamics 8. Cultural Observatory
2. Biology

3. Computer Science and
Artificial Intelligence

9. Political Science
10. Psychology

4. Medical School 11. Google
5. Organismic and 12. Houghton Mifflin
Evolutionary Biology Harcourt Publishing

6. Mathematics

7. Engineering and Applied
Sciences We should be there, but
are absent unfortunately!

13. Encyclopedia Britannica
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Is more data really better?
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Quantity determines quality of machine learning

Test Accuracy

Banko and Brill (2011):

Task: disambiguate
confusion words (e.g.,
“than, then”)

Learning set: varies in size
up to 1 bil words

Test set: Wall Street
Journal articles in 1 mil
words

Findings: accuracy is
affected by the size of
learning set, not by the
choice of learning
algorithms

YAy Web MiningLab
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Sample Size vs. Optimal Algorithm on Quality

Human
Coding

Training Set Testing Set

Machine | -
Learning Applications

Accuracy

===Training Set 1 (N=2000)
===Training Set 2 (N=3500)

73% /5%
_
/

67% 69%

Classic SVM Optimal Algorithm

Source: Zhu & Wang (2010)
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A Big-Data Experiment in Social Science

M Roosevelt
M Landon

Literary Digest George Gallup Poll Actual Outcome
(N=2,300,000) (N=50,000) (N=46,000,000)
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Population, Sub-population, Sample

o0 A large but biased sub-
population (e.g., 80% of
the population) is less
informative/more harmful
than a small but
representative sample
(e.g., only 5% of the
population).

2.007

-2.004

° Population (100%)
° Sub-pop (80%)
- e Sample (5%)

WA WebMiningLab .
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Is big data really there?
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Where Can | Find Big Data?

Unstructured
(multimedia)

Structured
Multivariate

Structured
Univariate

Free and easy access

Google/Baidu

search queries

Pew Internet
surveys

CNNIC website
visitor logs

Free or modest
cost involved

| Twitter/Weibo .

post samples

Soguo Lab
open data

~ Alexa visitor log

samples

Expensive or
inaccessible

Twitter/Weibo
full posts

Facebook/QQ
behavioral logs

Amazon/Taobao
transactions

Alexa/comScore
visitor logs

Small Sample (n=K)

Large Sample (n=M)

Giant Census (n=B+)
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Cases vs. Variables

Traditional small sample: small N but many vars

ID X1 X2 XJ- Y1l Y2 Yy

1

- Real big data:
Ideal big data: big N and many vars oig N, few vars
ID X1 X2 Xj Y1l Y2 Yy ID X1 X2

1

YAy Web Mining Lab
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Are we physically ready?
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Race between Data Size and the Infrastructure

1MB 1GB 1TB 1PB
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Growth Gap between Data and Storage

Total Data Size
Total Storage Capacity

0
20002002200420062008201020122014201620182020
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Presenter
Presentation Notes
Data grow at 60% per year whereas storage 40%. The two reached same level in 2007. By 2011, data are twice as much as storage. Data size amount to 12.5M PB in 2010.


Data Storage

A medium-size data center usually costs USS1.5M/year
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Are we intellectually ready?
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New Statistical Methods for Big Data

David Reshef, Yarik Reshef, et al. (2011).
Science, 334, 2018-2024

Detecting novel associations in
large data sets using maximal
information coefficient (MIC)

Mutual Information CP'G‘E Maximal

A
nnnnnn

Relationship Type  MIC Pearson Spearman “pE)  (Kraskou) cleesies Correlation

Random 0.18 -0.02 -0.02 0.01 0.03 0.19 0.01
Linear
Cubic

Exponential

Sinusoidal
(Fourier frequency)

Categorical
Periodic/Linear

Parabolic

Sinusoidal
(non-Fourier frequency)

Sinusoidal
(varying frequency)

MIC to big data is the same as Pearson’s
correlation to small data more than 100
years ago, which means that we’re at a very
early stage (i.e., bivariate analysis of linear

relationship) of big data research.

WWA¥ WebMiningLab
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Are we philosophically ready?
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The End of Theory?

George Box (1987):
All models are
wrong, but some are

Chris Anderson (2008):

SEE This is a world where massive

PP® amounts of data and applied

Wired mathematics replace every other
tool ... Out with every theory of
human behavior, from linguistics to
sociology. Forget taxonomy,
ontology, and psychology. Who

VVEconﬂn-
Madison USEfUI. Magazine

Peter Norvig (2008): knows why people do what they
All models are do? The point is they do it, and we
wrong, and can track and measure it with

unprecedented fidelity. With
enough data, the numbers speak for
themselves.

Goog.le . ) |
research INCreasingly you can
succeed without

them.
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http://www.wired.com/science/discoveries/magazine/16-07/pb_theory

When Science Meets Big Data

Classic Paradigm:

The scientific method is built around
testable hypotheses. These models, for
the most part, are systems visualized in
the minds of scientists. The models are
then tested, and experiments confirm or
falsify theoretical models of how the
world works.

Scientists are trained to recognize that
correlation is not causation, that no
conclusions should be drawn simply on
the basis of correlation between X and Y
(it could just be a coincidence). Instead,
you must understand the underlying
mechanisms that connect the two. Once
you have a model, you can connect the
data sets with confidence. Data without
a model is just noise.

Big Data Paradigm:

Petabytes allow us to say: "Correlation is
enough." We can stop looking for
models. We can analyze the data without
hypotheses about what it might show.
We can throw the numbers into the
biggest computing clusters the world has
ever seen and let statistical algorithms
find patterns where science cannot.

The new availability of huge amounts of
data, along with the statistical tools to
crunch these numbers, offers a whole
new way of understanding the world.
Correlation supersedes causation, and
science can advance even without
coherent models, unified theories, or
really any mechanistic explanation at all.

YAy Web Mining Lab
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Existing Paradigms of Social Science

Qualitative

- o
~ -
N\ /
/i
[

Empirical

Normative

Simulation
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Challenges to Existing Paradigms

BIG DATA

aation
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What Should We Do?

Q: Do we have to use big Q: What will happen if we

data? stay with small data?
A: No. Big data is not a A: we’ll be marginalized
necessity but an option, a and bypassed by those who

costly and beneficial option.  play big data.

YAy WebMiningLab _,
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Concluding Remarks

1. Big datais indeed everywhere.

2. Everything else being equal, big data does have advantages
over small data.

3. Social scientists will have access to only a small fraction of
the data ocean in the foreseeable future.

4. There are a lot of barriers and constraints on constraints on
data storage, processing, analysis, and applications, caused
by economic, scientific, technical, and legal reasons.

5. Data scientists are in short supplies, especially those who can
bridge information science and social science.

6. Social scientists should and could participate in big data, by
contributing our experience with small data.

YAy WebMiningLab
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THANK YOU & CONTACT US @

j.zhu@cityu.edu.hk
weblab.com.cityu.edu.hk
weibo.com/weblabcityu
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http://weibo.com/weblabcityu
http://twitter.com/
http://www.facebook.com/profile.php?id=100002442177783
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