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Predictability of User Behavior in Social Media

Social Media

Twitter, Facebook, Google+, Instagram, Path
Unprecedented access to
millions of people’s behavior

at second-level resolution.
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Individual as a Computational Unit

Treat individuals as information processing units.

Not a new idea:
Claude Shannon (1948)
Information Theory and Channels

Simon DeDeo (2012)
Markov Models of Wikipedia Activity
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Individual as a Computational Unit

Processing



Predictability of User Behavior in Social Media

Individual as a Computational Unit




The Setup
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The Setup

Timestamp
2013-08-22 12:54:06

2013-08-22 13:11:22
2013-08-22 13:14:06
2013-08-22 13:29:02
2013-08-22 13:32:59
2013-08-22 13:48:46
2013-08-22 14:17:11
2013-08-22 15:18:03
2013-08-22 15:39:04

User: DanielZeevi

Tweet Text
Is Your Gmail Social? How to Use

Facebook's Embedded Posts Noy
The Credible Hulk http://t.co/ql’
25 Things You Didn’t Know Abou
Twitter Users: Revoke and Reest
|0 Brilliant Facebook Marketing "
Google Now Adds Cards for NC
What is the NSA Really Up To? |
6 Things Every Good Business Bl
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The Setup

Bin (in time) Twitter data, giving a discrete time
series for each user v at time t:

X(v,t) =0 — user v doesn’t tweet
X(v,t) =1 — user v tweets
O| 1 |0 I 0| |
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Modeling Framework — A Predictive View

A model that predicts well captures something
about the computational capabilities of a user.
Necessary but not sufficient.
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Modeling Framework — A Predictive View

Simplifying assumption: a process with self-feedback.
Observe: X | = (Xi_L,..., Xi—2, Xi-1).

Predict: )A<,- — arg max r(x;X{j :
x€{0,1}
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Modeling Framework — A Predictive View

Our goal: Learn r.
Learn the function mapping us from the
past to the future.

In essence, a problem in autoregression.

Observe: X | = (Xi_L,..., Xi—2, Xi-1).

Predict: )A<,- — arg max r(x;X{j :
x€{0,1}
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Modeling Framework — A Predictive View

Two approaches to learning r:

Computational Mechanics
“Bottom Up”

Reservoir Computing
“Top Down”



Models
)

Computational
Mechanics
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Computational Mechanics

N
Assume {Xi}iZ; was generated by a
conditionally stationary stochastic process.

Explicitly learn the predictive distribution
P(XiIX/Z] = x)

by grouping together pasts x that give equivalent
predictions.
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Computational Mechanics

The sets of equivalent pasts induce an auxiliary
(hidden) process {S;}., that is:

Markov
Prescient for prediction

We only need to know that hidden state
to perform prediction.



Predictability of User Behavior in Social Media

Computational Mechanics

1

' — state
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Computational Mechanics

Call the model learned the
causal state model (CSM)
for each user.

Learn this state-space representation of the
process using

Causal State Splitting Reconstruction (CSSR).
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Feedforward
Nets

Easy learning rules

Ia hidden out

Vv

Recurrent
Nets

Good with sequences

Ia hidden out

B >
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>
— ~ —




Predictability of User Behavior in Social Media

Echo State Networks
N hidden out

B >
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Q: How do we learn
these weights!?
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Echo State Networks
N hidden out
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@ Q: How do we learn
these weights!?

A: We don't.
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Echo State Networks

in hidden out
' Trained
EE N
1
_ _
Random,
Fixed Q: How do we learn

' these weights!?
(sparse)” A: We don't.
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Echo State Networks
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Data Collection
and
Processing
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The Dataset

Twitter users embedded in a |5k user follower
network.

Statuses of all users collected over 7 weeks.

Select 3k subset of most frequently tweeting
users.
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The Dataset — Coarsening

Need to looking L steps back in time.

Dimensionality of predictive space grows like 27

To deal with this limitation:
coarsen users’ time series.
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Example

time
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"Does the user tweet during each binning?”
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Results
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Testing Procedure

* Build model for each user separately

* Training: 45 days e e
* Testing: 4 days \

* Look back 10 steps =

* Predict ahead | step e e

Ol 1 1 11 1 |2IO| : ”:4:'8':: :I”: 11 Iéldlllll 80 100
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e Compare to “majority vote” baseline
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CSM vs. ESN
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Daniel Zeevi (DanielZeevi) on Twitter

£) Home (@ Connect # Discover

‘ Following

Followers

Favorites Daniel Zeevi '

Lists \ @DanielZeevi
Social Media Scientist, Speaker, Writer, Web Developer, Graphic
Designer and CEO @dashburst
Pittsburgh - dashburst.com

| Tweet to Daniel Zeevi

‘ DanielZeevi

ial Media &
b Photos and videos

43,897 114,767
w.dashbu

121,383 1~ W Follow

Tweets

n& Daniel Zeevi ' DanjelZeey
B8 Why is social media marketing important to businesses?

goo.gl/7Qmyus via @sathishisaac

Daniel Zeevi v
How To Turn Your Blog Into A Business goo.gl/tLgmuB via
angiemjordan

Who to follow - Refresh

‘e PLOS Comp Biol FL( npB
dan@dashburst ; wed by Joseph N. Paulson
- W Follow

Follow in Its Footsteps? bit.ly/1dAddrL

Adam Phillippy “aphillipp & View photo
=V u

wed by Joseph N. Pau‘[.son a
W Follow
Daniel Zeevi v
The 80 Rules Of Social Media an infographic goo.gl/TFjjmv via

BerriePelser

Morgan Frank
W Follow

n& Daniel Zeevi < DanielZeay
- & New Zealand Ends Patents for Basic Software: Should the US

Base Rate: 0.4506
CSM Rate: 0.9477 User: DanielZeevi
ESN Rate: 0.9419
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Live Free Radio (LiveFreeRadio) on Twitter

€) Home (O Connect Jf Discover % Me

amx MY ja Veils

4 Tweets
o
Boh ollowing

Followers

Favorites

Lists

~ e

L REAL ID.

ENTXON COMPL
EDERAL REAL ID :

LiveFreeRadio

Photos and videos

§ NIXON COMPLYENG WIH] | NIXON COMPL
DI RAS N EDERAL REAL

o o
N e
——‘

[
-
| Who to follow - Refresh
| UVM physics
3 W Follow
Michael Trick
N W Follow
* Titus Brown
W Follow

Live Free Radio
@LiveFreeRadio

WIEF g Liberty & Freedom second to God. FREEDOM ISN'T FREE!
Tweet to Live Free Radio

Stand up, Speak Up, Live Free
US /MO - livefreeradio.net

I NEXON CoMP
EDERAL REAL D

Tweets

Jordan Sekulow kulov
-' “@washingtonpost: Syria gloats over American retreat

wapo.st/18xb20F"

v

.

® [ View summary

Downsize DC
Downsizt The Obamacare Outcome Obama Condemns
T A O downsizedc.org/blog/the-obama... #downsizedc

Peace Gold Love
M WOW! Hillary Mann Leverett A New Hero. School's Warmongers on
@ MSNBC bit.ly/15PEBgC #Love

Lee Mendelowitz

ﬁ "ﬁ 7 ] Liz Fuller
= Y Popular accounts - Find friends ALY ADricAnDlanat Thank uaii far aivina 116 altarnatiua narenantiias en

Base Rate:

CSM Rate:
ESN Rate:

0.2122
0.7035
0.7936

User: LiveFreeRadio
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Conclusions
and
Future Directions
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Conclusions

Many users on Twitter are well-modeled as
processes with self-feedback.
Didn’t need social information.

Computational Mechanics and Echo State
Networks performed similarly on a large
proportion of users.

Despite very dissimilar modeling paradigms.
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Future Work

Consider:
Network effects
Explicitly consider social dynamics

Content from Tweets
Sentiment, etc.

Longitudinal studies
Do users change over time!?



Thanks!

Questions!



