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Non-linear mining and

forecasting
Q. What are “non-linear phenomena”?

Example: logistic parabola
Models population of flies [R. May/1976]

| Tl = QT4 - (1 — .Tt) |
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Non-linear mining and

forecasting
Q. What are “non-linear phenomena”?

Problem:

Given: a time series X,

Predict: its future COUTSE, ie., Xyp19Xpn0eee
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How to forecast?

MU CS.

Linear equations, e.g., AR, ARIMA, ...

T4l L

AR
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Kumamoto U

How to forecast?

Tip1 = QX + €

Linear equations, e.g., AR, ARIMA, ...

CMU CS

hitp://www.cs.kumamoto-u.ac.jp/

Kumamoto U MU CS.

How to forecast?

Linear equations, e.g., AR, ARIMA, ...

L

e.g., AR(1)
Tiy1 = AT¢ + €

but: linearity assumption

Ti41.,

AR\{]t: fails

n‘ mxtu
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General Intuition
(Lag Plot)
Lag=1,

X¢ k=4NN

Interpolate
these...

+++ N

++

To get the final
prediction

++4

t-1
4-NN .
New Point
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Forecasting results
(Lag Plot)
 LORENZ

/ 1 /i\w_/ \f/

Logistic parabola

I

Original x, Forecasted x,,,
(red) (green)
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How to forecast?

“Delayed Coordinate Embedding”
= Lag Plots [Sauer92]
- Based on k-nearest neighbor search
SR EEcdREes
Ti+1 €
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it
[Chakrabarti+ CIKM'02]
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Laser Forecast =)
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Kumamoto U MU CS.

How to forecast?

“Delayed Coordinate Embedding”
= Lag Plots [Sauer92]
- Based on k-nearest neighbor search

-

- Non-linear Forecasting!

Tty 7
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Kumamot to U CMU CS

( How to forecast?
<V
L)

“Delayed Coordinate Embedding”
“Black-box” mining r

(we don’t know the equations)

( How to forecast?

<
" |

“Gray-box” mining
(if we know the equations)

L4l ]
But, still,...
Hard to interpret 7
hittp://www.cs kum i x t
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Non-linear
modeling!  Tt+1°

T = azy - (1 —xy)

bxt
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How to forecast?

Non-linear equations

(*(‘,_e:é:» o a2l
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53 4 Big Time series g dj T&

o>

- m
~ylasuko/TALKS/16-WWW-|u:/' © 2016 Sakurai, Matsubara & Faloutsos 15

Kumamoto U MU CS.

How to forecast?

Solution 3
~Aan-linear equations

=

I (G ‘0' ’ Information

AX .. diffusion
ig Time series g 96
i Epidemics

© 2016 Sakurai, Matsubara & Faloutsos 16

P s
~yasuko/TALKS/16-WWW-tut/

Kumamoto U

Part2 | Roadmap

 Why: “non-linear” modeling

| Fundamentals |
- Non-linear (grey-box) models

| Applications |
- Epidemics EI » 3
- Information diffusion

- (Online) competition Vs

\np//
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Kumamoto U

Part2 | Roadmap

 Why: “non-linear” modeling

| Fundamentals |
- Non-linear (grey-box) models
* Logistic function

=
o ——— = ——

* Lotka-Volterra (prey-predator, co
» SI, SIR models, etc.
* Lorenz equations, etc.

et/ /wwwc: i»/ .
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Kumamoto U CMU CS

Grey-box mining and g
non-linear equations

( Grey-box mining and ié»

Information
diffusion ’[ f Population
Convection growth
Competition

L, @ K
5? # Big Time series g DU T&
o>

Epidemics
hetp://www.cs kumamoto-uacjp/ .
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mmmmmmmm s

non-linear equations

Information
diffusion @ Population
Convection growth

T Competition

Vi
5% ¢+ Big Time series g QU T&
o>

Logistic function

So-called “Verhulst” model (=sigmoid, =Bass)
- Population expansion with limited resources

Species oods

Epidemics
htp://www.cs kumamoto-uac,p/ .
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Logistic function

So-called “Verhulst” model (=sigmoid, =Bass)
- Population expansion with limited resources

P: Population size

P - Initial condition (i.e., P(0) =p)
r - Growth rate, reproductively
K - Carrying capacity (=available resources)

hitpy/www.cs kumamoto-uacip/ Image courtesy of amenic181 at FreeDigitalPhotos.net.
~yasuko/ TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 21
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Logistic function

So-called “Verhulst” model (=sigmoid, =Bass)

- Popul . @
N
Y B

P - Initial condition (i.e., P(0) =p)
r — Growth rate, reproductively
K - Carrying capacity (=available resources)

Ep://WWW.CS.nunanw-wax. " .
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Lotka-Volterra equations

So-called “prey-predator” model

\ e
\_ 7 R
g AW
Prey (H) H Predator (P)

* H: count of prey (e.g., hare)

* P: count of predators (e.g., lynx)

Image courtesy of Tina Phillips and amenic181 at FreeDigitalPhotosnet.
http://www.cs kumamoto-uac,p/ .
~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 24
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Kumamot to U CMU CS

( Lotka-Volterra equations

So-called “prey-predator” model

dH =rH —aHP

dt e

EszP—mP W
Prey (H) Ldt Predator (P)

* H: count of prey (e.g., hare)
* P: count of predators (e.g., lynx)

“Tina Phill

http://www. mamoto-u.ac.jp/ . o
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Kumamot

~ Extension: “Competitive” “gi

Lotka-Volterra equations
~ Competition between multiple (d) species

Squirrel Spider
monkeys monkeys Macaws Capybaras
; : ' .

oked §

&

“Competition” in the Jungle

./ /www.cs kumamoto-u.ac,p/ .
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| Food | ’Species

CMU CS

y “Competitive”
’* Lotka-Volterra equations

Competition between multiple (d) species
Populat j

d % E
( E

kZ f— J_, .. s d)
a;;): Interaction coefficient
i.e,, effect rate of speciesjoni
hittp://wwn
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Kumamoto U . CMU CS
( Solution to the
Lotka-Volterra equations.
Frequency Plot Phase Space Plot
Z oo i :
- ém‘ prey 8 e S “\‘ X 2
o " < )
= Ey o
RO o
Za = i
2 [ predators | | a-
g o\ / \ H*
ey %Ls—/ S
=+ .
time
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y “Competitive” %
P’ Lotka-Volterra equations

Competition between multiple (d) species
Population of species i Population of j

d
dP; > j—1aigb;
Pl ] = =2
dt Ll K;

(i =1,--- 7d)
Q;;): Interaction coefficient
i.e., effect rate of speciesjon i

p:/ /www.cs kumamoto-uac,p/
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y “Competitive” %
P’ Lotka-Volterra equations

* Biological interaction

: . 0 : no effect
—Table: Type of interaction - . defrimental
Species B + : beneficial
+ 0 -

T Mutualism

0" Commensalism Neutralism

Species A

Antagonism Amensalism Competition

http://www.cs kumamoto-uac,p/
~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 30
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Kumamoto U CMU CS

Grey-box mining and g
non-linear equations

Information
diffusion Population
Convection growth
Competition

v
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T
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Epidemics

b
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(” Epidemics: Susceptible- ié»
Infected (SI) model

Each node is in one of two states

(s]- Susceptible (healthy) | 0
@ - Infected E

hetp://www.cs.k ip/ . .
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Kumamoto U CMU CS

Epidemics: Susceptible-
Infected (SI) model

Each node is in one of two states

________________________________________________ , B
@ Susceptible (healthy) %

@ - Infected
Susceptible
/healthy
Time t=0
mp /{< /TAI ks/l( www t/ © 2016 Sakurai, Matsubara & Faloutsos 33

Kumamoto U MU CS.

Epidemics: Susceptible-
Infected (SI) model

Each node is in one of two states

................................................ : B
@ Susceptible (healthy) | 0
@ - Infected ;

Time t=0 Time t=1

h
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Kumamoto U CMU CS

Epidemics: Susceptible-
Infected (SI) model

Each node is in one of two states

Time t=0 Time t=1 Time t=2

h
o /{< /TAI ks/l( www t/ © 2016 Sakurai, Matsubara & Faloutsos 35
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Kumamoto U MU CS.

Epidemics: Susceptible-
Infected (SI) model

Each node is in one of two states

a5\ ser N = S(t) + I(t) A

dt
ﬁ — +BSI [ : Infection strength

dt N :Population size
dI
ie., = ﬂ ( )
htp://www. i/ .
~yasuko, /TAI I(§/16WWW[ t/ © 2016 Sakurai, Matsubara & Faloutsos 36
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Epidemics: Susceptible-
Infected (SI) model

Each node is in one of two states

CMU CS

%

Logistic function

mmmmmmmm MU CS.

¥

( Susceptible-Infected-
recovered (SIR) model

Recovered with immunity

@ - Susceptible (healthy)
@ - Infected
R | - Recovered (immune) ! 8

B : Infection rate
O :Recovery rate

http://www.csk

umamoto-u.acjp/
~yasuko/TALKS/16-WWW-tut/
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MU CS.

Susceptible-Infected-

p recovered (SIR) model
Recovered with immunity (1])(r

8

»

t=0 t=1

infection

http://www.cs kumamoto-uac,p/ .
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Susceptible-Infected-
recovered (SIR) model

Recovered with immunity

vl el

http://www,

cs kumamoto-uacjp/ .
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(sJ(J(r
B

Propagation

a
J dP P
= Pl = —
e v
d SI model
[ N0y &
4 @~ N
dl
— =06(N—-1)1
e, 5= BN 1)
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Susceptible-Infected- _
recovered (SIR) model
Recovered with immunity (s](1])(rR
N nodes
(healthy)
t=0
s e © 2016 Sakurai, Matsubara & Faloutsos 39
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MU CS.

Susceptible-Infected-

p recovered (SIR) model
Recovered with immunity (1])(r

§t=0i §t=1i §t=2i
s O@. 8
Recovered
(no more
infection)
t=3
http://www.cs kumamoto-uac,p/ .
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MU CS.

Susceptible-Infected- 7 Susceptible-Infected- g
recovered (SIR) model % recovered (SIR) model
Recovered with immunity (s](1](rR Recovered with immunity
B as|  BSI 500
“F % a0 S, R(1)
» ] psI_ o | 8™
t=1 =2 E C TN 3 200 I(t)
- ] 100
o s © B dt_| % =R 100
S(t I(t R(t)=N
« () +1(0) + R(t) [ : Infection rate
t=5 t=4 3 O :Recovery rate
l[[p //W ‘ Tow Vu(:,cvp/ © 2016 Sakurai, Matsubara & Faloutsos 43 L‘;p /L /T\ALI(§/16 WWWl t// © 2016 Sakurai, Matsubara & Faloutsos 44
y Susceptible-Infected- - Susceptible-Infected- «”
p recovered (SIR) model p recovered (SIR) model

Recovered with immunity Recovered with immunity

Phase plane: S(t) vs. I(t) R(t) R(t)

I(t)mo
50§
4 50 100 y 50 100
0 200 400 Time t 0 200 400 Time t
Stable Stable
S(t S(t) ,
[ : Infection rate

f : Infection rate

O :Recovery rate

h
o /{< /TAI ks/l( www t/ © 2016 Sakurai, Matsubara & Faloutsos 45

O :Recovery rate

http://www.c: i/
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Kumamoto U . . CMU Cs Kumamoto U Gre _bOX minin and CMU Cs
Other epidemic models ¥ &
non-linear equations
Other virus propagation models (“VPM”) Information
o . . diffusion Population
— SIS : susceptible-infected-susceptible, flu-like C . .
—SIRS : temporary immunity, like pertussis g cton & growth
- emp ry ) }.I’ ) p_ t Do »¥ Competition
—SEIR : mumps-like, with virus incubation ¢ SEEAANENN
(E = Exposed) B\ =
- SEIR-birth/death: with birth/death rate = =
Underlying contact-network -4 < Big Time series g po
— ‘who-can-infect-whom’ = Epidemics
o /{< /TAI ks/l( W (/ © 2016 Sakurai, Matsubara & Faloutsos 47 Il‘;p /L /'r‘:| I(§/16 W t/ id © 2016 Sakurai, Matsubara & Faloutsos 48
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mmmmm CMU CS

( Other non-linear models

LORENZ: eqs. for atmospheric convection

dj L o (y — ) * X:convective intensity
dt y—: * y: temperature difference
dy between ascending and
au = ZL‘(P - Z) -y descending currents
= » z: difference in vertical
Z

—kay— B2 tgmpe.rature profile from
dt linearity

htp://ww

~yasuko, /TA[ Ks/l( \ww (/ © 2016 Sakurai, Matsubara & Faloutsos 49

Kumamoto MU CS.

( Other non-linear models

LORENZ: eqs. for atmospheric convection

Butterfly effect
dr | (chaos)
dt
Tl ato-2
—“ k= —2z) =
dt P Y
dz
— F Xy — pz
A
[rromwiipein
I‘;p {< /Tz-\l I(§/16 \A\AW[ t/ Y © 2016 Sakurai, Matsubara & Faloutsos 50

uuuuu CMU CS

( Other non-linear model g

* Van del Pol oscillator ]
* Electric circuits, heart-beats, neurons L" .
. imit—\
* FitzHugh-Nagumo model cy{c’lfet )
* An excitable system (e.g., a neuron) o

« Excitatory-inhibitory (EI) model | hAAD

* Neuronal oscillations in the visual cortc.y’ /'
* Epilepsy [Schuster+ 90]

h
‘;I /<< /TA[ kﬁ/l( \m\m t/ © 2016 Sakurai, Matsubara & Faloutsos 51

( Part2 | Roadmap

 Why: “non-linear” modeling

| Fundamentals | ‘

« Non-linear (“gray-box”) models f

| Applications | El

- Epidemics (skips, competition, “s oc -

- Information diffusion ‘ t ‘\

- Online competition ] I ‘\‘
el S 2016 Sakurai, Matsubara & Faloutsos ||| = lls2

uuuuu CMU CS

( " Mining and forecasting of
co-evolving epidemics

Measl
.ﬁ. - - easles
[~ ) Mumps 'ﬁ'

http:/ /ww
~yasuko, /TA[ Ki/l(

v ©2016 Sakurai, Matsubara & Faloutsos 53

mmmmm

( " Mining and forecasting of &
co-evolving epidemics

% —
6&] | 4

Time (years)

R Q. Can we forecast future

e epidemics? & E

© 2016 Sakurai, Matsubara & Faloutsos
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CMU CS

Real-time monitoring of E&
co-evolving epidemics

* Influenza (ILI) prediction using search
engine query data [Ginsberg+, Nature’09]

Kumamoto U

m:i ! — CDC-reported

£s l

g6 I ILI percentages

: . ' — Model estimates
0

M N A
. . AN N
2004 2005 2006 2007 2008
Google
CDC: Centers for Disease Control and Prevention

ILIL: influenza-like illness

http://www.cs kumamoto-uacijp, . -
~yasuko/TALKS/16-WWW-tut t/ © 2016 Sakurai, Matsubara & Faloutsos 55

s

Real-time monitoring of Wg
co-evolving epidemics

* Influenza (ILI) prediction using search
engine query data [Ginsberg+, Nature’09]

Data available as of 4 February 2008

Kumamoto U

25 — "

L,, _ { — CDC-reported
Data available as of 3 March 2008 ILI percentages

“L T { — Model estimates

Data available as of 31 March 2008

o ]

ILI percentage

Google

Data available s of 12 May 2008

w0 43 a5 3 7 11 5 19
Week
htp://www.cs kumamoto-uac,p/ .
~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 56
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Kumamoto U CMU CS

Real-time monitoring of
co-evolving epidemics

* Influenza (ILI) prediction using search
engine query data [Ginsberg+, Nature’09]

/ailable as of 4 February 2008

25| — /

L,, — | — CDC-reported
Data available as of 3 March 2008 1LI percentages

e ~ J — Model estimates

g Data available as of 31 March 2008

4

- ——~17 Google

but: cannot forecast
future events
hl(p ./ /www.cs kumamoto-u.a

isuko/TALKS/16-WWW-tut t/ © 2016 Sakurai, Matsubara & Faloutsos 57

Epidemics - roadmap

A. Non-linear (gray-box)
modeling!

e L

- Outbreak vs. Skips [Stone+ Nature’07]

R
TF

Solutions

- Interaction between diseases [Rohani+ Nature’03]
- FUNNEL [Matsubara+ KDD’14]

hitp://www.cs kumamoto-uacjp/

~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 58

Kumamoto U CMU CS

Epidemics - roadmap

A. Non-linear (gray-box)
modeling!

v L

- Outbreak vs. SKips [Stone+ Nature’07]

B
T

Solutions

- Interaction between diseases [Rohani+ Nature’03]
- FUNNEL [Matsubara+ KDD’14]

hup ./ /www.cs kumamoto-u.a . _
isuko/TALKS/16-WWW-tuf t/ © 2016 Sakurai, Matsubara & Faloutsos 59
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Kumamoto U . . . CMU Cs
Recurrent epidemics:
.
Outbreak or skip? ;
. K [Stone+ Nature’07]
» Time series of reported measles cases
a
New York
New York =
Swof] L, W
0 1930 1935 1940 1945 1950 1955 1960
© London
London ,
1)
= 2
o]
1950 1955 1960 1965
Year
s twwi e’ © 2016 Sakurai, Matsubara & Faloutsos 60
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* Time series of reported measles cases

CMU CS

#  Recurrent epidemics: g’
in?
Outbreak or skip?  C~»

s

#  Recurrent epidemics: Wg
in?
Outbreak or skip?  Cov

» Time series of reported measles cases

New York

New York 2 * Outbreak
Skip

I

1930 1935 1940 1945 1950 1955 1960

1109

c
[London A 1 Ml

Q. Outbreak vs. skip?

TI50 TY55 TI6U TI65
Year

a
New York
New York =
g
=10
0
1930 1935 1940 1945 1950 1955 1960
c 6
London
Outbreak g
London Ski
s N\
=2
0
1950 1955 1960 1965
Year
http://www.cs kumamoto-uacjp/ .
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MU CS

Recurrent epidemics:

* Conditions for predicting “outbreak vs. skip”
— SIR model with high/low seasons
Phase plane diagram (S vs. log(I))

Outbreak dynamics

min S

log(I(t))

Contact rate
B+ : high season
B - : low season

Susceptible buildup

S(H)

© 2016 Sakurai, Matsubara & Faloutsos
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Outbreak or skip? s

63

Recurrent epidemics:

— SIR model with high/low seasons
Phase plane diagram (S vs. log(I))

CMU CS

Outbreak or skip?  Co»
* Conditions for predicting “outbreak vs. skip’

i

Outbreak dynamics

min § J I(t)
]}\ Skip

log(I(t))

Time (t)

Susceptible buildup

S(H)

© 2016 Sakurai, Matsubara & Faloutsos
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htp://www.cs kumamoto-uac,p/
-tut/

~yasuko/TALKS/16-WWW- © 2016 Sakurai, Matsubara & Faloutsos 62

MU CS.

Recurrent epidemics:

Q .
Outbreak or skip?  Co-
* Conditions for predicting “outbreak vs. skip”
— SIR model with high/low seasons

Phase plane diagram (S vs. log(I))

as Outbreak dynamics
_ minS | I(t)
—
=
=
=
=2
o0
o
— ~~
Time (t)
Susceptible buildup -
S(6)
http://www.cs kumamoto-
i,i(/kﬁ/“%l\fis?f’s\"&?«ﬁ«v"ﬁi}"’ © 2016 Sakurai, Matsubara & Faloutsos 64

MU CS.

Recurrent epidemics:

p Outbreak or skip?  C=
» Conditions for predicting “outbreak vs. skip”
— SIR model with high/low seasons
Phase plane diagram (S vs. log(I))
Outbreak
Outbreak

min§ ~ €—— l\ I(t)
] }\ Skip A

Time (t)

°

log(I(1))

Susceptible buildup

S(t)

© 2016 Sakurai, Matsubara & Faloutsos 66

htpe//www.c: /

s kumamoto-u.ac,p
~yasuko/TALKS/16-WWW-tut/
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min S
1

Recurrent epidemics:
Outbreak or skip?

* Conditions for predicting “outbreak vs. skip”
— SIR model with high/low seasons
Phase plane diagram (S vs. log(1))

Outbreak

— |

CMU CS

[Stone+ Nature’07]

Y: recover rate

Y: birth/death rate
B,:infection rate
X: time period

log(I(t))

Threshold S :
So > S.=

Va4
Bo 2

if So < S there is a skip in the following year.

“Outbreak vs. Skip”

= epidemic

http://www.cs kum

acjp,
~yasuko/TALI Ki/l( W t/

“"\‘/

© 2016 Sakurai, Matsubara & Faloutsos
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Kumamoto U MU CS.

Epidemics - roadmap

A. Non-linear (gray-box)

B
BN

modeling!
Solutions M
- Outbreak vs. Skips [Stone+ Nature’07] 8

- Interaction between diseases [rRohani+ Nature’03]
- FUNNEL [Matsubara+ KDD’14]

Inp //www.cs kumamoto-u.ac.jp/
~yasuko/TALKS/16-WWW-tu t/

© 2016 Sakurai, Matsubara & Faloutsos 68

Kumamoto U

http:/ /www.c:

~yasuko/TALI Ki/l( W t/

Ecological interference

between fatal diseases
Q. Any relationship (i.e., interaction)

© 2016 Sakurai, Matsubara & Faloutsos

CMU CS

between two different diseases
(e.g., measles vs. whooping cough)?

69

MU CS.

%

Kumamoto U

Ecological interference
between fatal diseases
Q. Any relationship (i.e., interaction)
between two different diseases
(e.g., measles vs. whooping cough)?
A. Yes. There are “competing” diseases!

Whooping

Measles
cough

VS 4%

b/ s in/

~yasuko/TAL I(§/16 \A\A\A tu t/ © 2016 Sakurai, Matsubara & Faloutsos 70

Kumamoto U

Ecological interference
between fatal diseases

CMU CS

[Rohani+ Nature’03]

Weekly case fatality reports for two diseases

| — measles — Whooping cough|

Birmingham

Glasgow

1928 1930 1932
o

1926

uf
1906

008 9010 1912 22 1924

Time

04 1906

http:/ /www.c:

~yasuko/TALI Ki/l( W t/

108 _ 1010 1912 9 22 1924

Berlin Liverpool
© 2016 Sakurai, Matsubara & Faloutsos 71

1926 .. 1028 1930 1932

Kumamoto U

Ecological interference %
between fatal diseases

[Rohani+ Nature’03]

Weekly case fatality reports for two diseases

| — measles — Whooping cough |

Birmingham Glasgow

L

1930 1932

Biennial

1904 1906 1908 e10 1912 1914

oy "vu (Opposite) | "

04 1906 1908 _ 1910 1912 1914 22 1924 1926 .. 1928 1930 1032

Berlin Liverpool
I\\p //www.cs. i/ ~
~yasuko/TALI I(§/16 \A\A\A tu t/ © 2016 Sakurai, Matsubara & Faloutsos 72

© 2016 Sakurai,

Matsubara & Faloutsos
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Ecological interference

between fatal diseases
Extension of SIR model [Rohani+98]

K
e 2)

b
’

hetp://www.cs kumamoto-uacjp/
~yasuko/TALKS/16-WWW-tut/

© 2016 Sakurai, Matsubara & Faloutsos

CMU CS

73

Ecological interference ié»
% between fatal diseases

Extension of SIR model [Rohani+ 98]

Ecological interference

between fatal diseases
Equations for 3 disease model

[Rohani+ Nature’03]

1Ssss
dSsss = uN(1 —p) — uSsss
dt
Bi(t)Ssss
07 ) ( )V.s.ss(hlm+1mr+1,-m+11rr)
2(t)Ssss
67 ()V*“(]m"+]R”-+11uc+1'1'”')
B3(t)Ssss
,%(hﬂ” + Irrr + Irpr + Irri)
dlier Bi(1)Ssss
(;t” _ #({mlﬁrhm +Irrr + Irer)
— (w+m)rr
e Bi()Sss
1;:” = %(lum*—hm + I+ Irrr)

= () irr

http://www.cs kumamoto-u.ac.p/

~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos

CMU CS

%

.&.
.ﬁ.

75

with a single epidemic

e.g., Measles cases in the U.S.

Shocks,

e.g., 1941

Namamoto U FUNNEL [Matsubara+ KDD’14] ™S

w,
\MM(\ANW{\MMMUWU\WMM' A

1930 1940 1950 Year 1960 1970

Yearly (Weekly)

periodicity

effect

hetp://www.cs kumamoto-uacjp/
~yasuko/TALKS/16-WWW-tut/

© 2016 Sakurai, Matsubara & FaloufS®

Vaccine

1980

77

© 2016 Sakurai, Matsubara & Faloutsos

2 Recovered, g, &
http://www.cs.kumamato-u.acjp/ . N .
~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 74

cMucs

Kumamoto U

Epidemics - roadmap

Non-linear (gray-box)
modeling!

=

- E1. Outbreak vs. Skips [Stone+ Nature’07]
- E2. Interaction between diseases [rohani+ Nature'03]
- E3. FUNNEL [Matsubara+ KDD’14]

hitp://www.cs kumamoto-uacjp/
~yasuko/TALKS/16-WWW-tut/

%

Solutions

© 2016 Sakurai, Matsubara & Faloutsos 76

ot FUNNEL [Matsubara+ KDD’14] <
with a single epidemic
With a single epidemic: Funnel-RE

10000 .
People of 3 classes Linear

* S :Susceptible
* I :Infected
* V :Vigilant/

vaccinated
(1)
B
~
Y <0(t) 1
! O1 930 1950
\'/ o] Year
http://www.cs kumamoto-uac,p/ . .
© 2016 Sakurai, Matsubara & Faloutsos 78

~yasuko/TALKS/16-WWW-tut/
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"‘"“(‘"“” FUNNEL [Matsubara+ KDD’14] "<
with a single epidemic
With a single epidemic: Funnel-RE
= S(t) - BOe®SHI(E) + V() — 0()S(2)
= I +BB)e®)SHI() - dI(2)

V(t+ D)= V() +5I(t) -V (£) + 0(t)S(t) ©)

S(t) : susceptible 5(0 B(1)
I (t) : Infected
V(t) : Vigilant

/Vaccinated Y (@(ﬂﬁ

~yas: {< /TA[ Ks/l( \ww t/ © 2016 Sakurai, Matsubara & Faloutsos

"'""(""’” FUNNEL [Matsubara+ KDD’14] M
with a single epidemic
With a single epidemic: Funnel-RE

= S(t) - B)e®)SBI(t) + vV () —[0(1)S(2)
= I(t)+ B®)S@) () ol (2)
V(t+1) = V() +ol) — V() +Ho)se) 3)

e(t

@) B@)
Jd : healing rate a

O(r) : disease reduction effect

Y <
G(t) _ 0 (t < tg)
0o (t>ts) \V @

y k /TA[ kﬁ/l( \m\m t/ © 2016 Sakurai, Matsubara & Faloutsos 81

"'""(""’” FUNNEL [Matsubara+ KDD’14] M
with a single epidemic
With a single epidemic: Funnel-

Bl 50- s

3)
T ’ g(t) ‘/a’(t)
£(t) : te ) =
' @9@)
+ tensor analysis
e s v © 2016 Sakurai, Matsubara & Faloutsos 83

© 2016 Sakurai, Matsubara & Faloutsos

?““’“ FUNNEL [Matsubara+ KDD’14] "¢
with a single epidemic
With a single epidemic: Funnel-RE

= S0 [BOEWSOIE) +V(0) — 0(1)S(1)
Tt 1= I() +BOSOI) - 51(2)

Vt+1)= V(&) +6I(t) —yV(t) +6()S(t) 3)

g(t) /a’(t)

B(@) : strength of infection
(yearly periodic func)

B(t) = fo - (1+Pa-cos(2" (t+P)) @(r)
P, = 52 ﬁ

hty
)p {< /Tz-\l I(§/16 \A\AW[ t/ w © 2016 Sakurai, Matsubara & Faloutsos

“‘"“(""” FUNNEL [Matsubara+ KDD’14] <
with a single epidemic
With a single epidemic: Funnel-RE

= S(t) - BE@ISOI() + V(1) - 6(D)S(0)
[TE+D=  I(t) + BRSO - o1(t)

V(t+1)= V(t)+08I(t) —yV(t)+0(t)S(t) 3)

e(r
M /s(z)
£(¢) : temporal susceptible rate <

@(t)ﬁ

~yas k /Tz-\l I(§/16 \A\A\A t/ w © 2016 Sakurai, Matsubara & Faloutsos

( Part2 | Roadmap

 Why: “non-linear” modeling

| Fundamentals |
+ Non-linear (grey-box) models

| Applications |
« Epidemics
— Information diffusion

- Online competition

hty 1
)p /L /Tz-\l I(§/16 \A\A\A t/ w © 2016 Sakurai, Matsubara & Faloutsos / |
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Kumamoto U CMU CS

Information diffusion
in social networks

flickr: & delicious

(11 Tube)
twitterd

h e / [www.cs. ~
««««« ko/TALI Kﬁ/l( \m\m -tu (/ © 2016 Sakurai, Matsubara & Faloutsos 85

Kumamoto U

in social networks

flickr: o delicious

i GO
-

Information diffusion C“”g
»
(1]
twitter) 1]

R Q. How news/rumors
° spread in social media?
D nies e © 2016 Sakurai, Matsubara & Faloutsos 86

Kumamoto U CMU CS

News spread
in social media
MemeTracker [Leskovec+ KDD’09] R MemeTradier
- Short phrases sourced from U.S. politics in 2008

“you can put lipstick on a pig” (# of mentions in blogs)
00

# of mentions
- N
=]

5]

20 40 60 T 80 e 00 120 140 160
me tous) (her hour, 1 week)

100
50

20 40 60 80 100 120 140 160
Hlp ./ /www.cs.k Time (hours)
««««« ko/TALI kﬁ/l( \m\m tuf (/ © 2016 Sakurai, Matsubara & Faloutsos 87

“yes we can”

# of mentions

Kumamoto U MU CS.

News spread
in social media
MemeTracker [Leskovec+ KDD’09] R MemeTradier
- Short phrases sourced from U.S. politics in 2008

you can put lipstick on a pig” (# of mentions in blogs)

2 News
S
Breaking |2 100 spread
news ] \ pmm T
T 20 40 60 _ 80~<100 _ 120 _140__160"
Time (hours) " = = ===
« » (per hour, 1 week)
yes we can »
§ 100
5
Esor N\ [ U) 4 mmmmmm——
* MeNVm /W)
20 40 60 _ 80 ~~WQ.120__140-=60
|"p /Jwww.c in/ Time (hours)
~yasuko/TAL |<§/1s \A\A\A tu (/ © 2016 Sakurai, Matsubara & Faloutsos 88

Kumamoto U CMU CS

News spread

in social media
 Twitter (# of hashtags per hour)

“ ” 2000 “« . ”
] #assange H #stevejobs
5100 < 1000

0 50 100 150 0 50 100 150
Time Time

(per hour, 1week) (per hour, 1 week)

* Google trend (# of queries per week)
“harry potter” (2010 - 2011)

N

0 20 a0 40 50 60 0 20 40 60 80 100
Time (weeks)

(per week, 2 years)

“tsunami” (in 2005)

Time
(per week, 1 year)

Hlp ./ [www.csk
««««« ko/TALI kﬁ/l( \m\m tuf (/ © 2016 Sakurai, Matsubara & Faloutsos 89

Kumamoto U MU CS.

News spread

in social media

Q. How many patterns are there?
—Four classes on YouTube, etc.

[Crane et al. PNAS’08]
—Six classes on Social media

[Yang et al. WSDM’11] g
I\\p //www.c:

)|

\/

© 2016 Sakurai, Matsubara & Faloutsos

~yasuko/TALI |<§/1s \A\A\A tuf t/ w © 2016 Sakurai, Matsubara & Faloutsos 90
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Kumamoto U

News spread
in social media

A B

tsunami harry potter movie

2005 Apr 2007

“Tsunami”

http://www.cs kumamoto-u.ac.jp/
~yasuko/TALKS/16-WWW-tut/

© 2016 Sakurai, Matsubara & Faloutsos

CMU CS

[Crane et al. PNAS'08]

* The volume of Google searches

Jul 2007 Oct 2007

“Harry potter movie”

91

Kumamoto U MU CS.

News spread
in social media

[Crane et al. PNAS'08]

* The volume of Google searches

Sudden peak & Symmetric
. Rapid relaxation | relaxation
2005 Apr 2007 Jul 2007 oet2007
“Tsunami” “Harry potter movie”
(Exogenous) (Endogenous)
http://www.cs.kumamoto-u.ac.p/ .
~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 92

Kumamoto U

News spread
in social media

dB(t)

3,6, <t

http://www.cs kumamoto-u.ac.p/
~yasuko/TALKS/16-WWW-tut/

© 2016 Sakurai, Matsubara & Faloutsos

CMU CS

[Crane et al. PNAS'08]

* Based on self-excited Hawkes Poisson process*

TZS@*'ZM'QW—Q)

*[Hawkes+ 1974]

93

Kumamoto U MU CS.

News spread
in social media

[Crane et al. PNAS'08]
» Based on self-excited Hawkes Poisson process*

BO Ui+ 3 ot~ )

it <t
Rate of  Exogenous # of Decaying
spread of  /External Potential virus/news
infection/ source viewers strength
propagation
*[Hawkes+ 1974]
oy i rewwwaniy ©2016 Sakurai, Matsubara & Faloutsos 91

Kumamoto U

News spread
in social media

CMU CS

[Crane et al. PNAS'08]

* Based on self-excited Hawkes Poisson process*

dB(t)

1,6, <t

TZS(@+ZM'¢@—Q)

o i aJ L f

1
gb(t)wﬁ (0<0<1)

propuagaeroTs

1al
ers

http://www.cs kumamoto-u.acp/
~yasuko/TALKS/16-WWW-tut/

© 2016 Sakurai, Matsubara & Faloutsos

Decaying
virus/news
strength
(Power law)

*[Hawkes+ 1974]

95

Kumamoto U MU CS.

News spread

in social media

. Four Classes on VanTihe [Crane et al. PNAS’08]

Sub-Critical Critical
g t Peak Fraction, F
8 g g
g.)n g [
H 2
_8 s s
[=
w Timo
ocay Exponent
w [ 1+0
= Peak Fraction, F L Peak Fraction, F
o8l g
cg H
D er HI
o, LS
X
L Time
http://www.cs kumamoto-uac,p/
~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 96

© 2016 Sakurai, Matsubara & Faloutsos
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Kumamoto U CMU CS

News spread
in social media

[Crane et al. PNAS'08]

* Four classes on YonTithe .

Aen-sc(t) = 1(t), Aen—c(t) N i
) [t — ]|
3
O . N
c3 3
(T gl
on ¢ 20
_8 s S
c 1 1
W | Ay~ e | | A ® —— 15
bl ™ 57 O~ Gz
F T+ 154

g L Peak Fraction, L Peak Fraction, F
o -
(=21} =
O er Al
gns! F H
% L
L Time i

http://www.cs kumamoto-uacij .

~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 97

Kumamoto U MU CS.

News spread
in social media

[Crane et al. PNAS'08]

* Four classes on YonTithe
A (1)~ ’I(t)>

1

Aac®)~

Harry |\ Potter
Aor 2007 Juz2007 oazar
p w —J AN ———
\ Tsunami
2005 |
o Time
http://www.cs kumamoto-uac,p/
~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 98
Kumamoto U MU CS.

Kumamoto U CMU CS
News spread
in social media
» Six classes of information diffusion
patterns on social media [Yang ct al. WSDM’11]
100 100 100
50| 50 50
G0 50 100 0O 50 100 0 50 100
100 100 100
50 \\‘ 50 //\\l 50 ///\«/\
GU 50 100 GC) 50 100 0 50 100
s e © 2016 Sakurai, Matsubara & Faloutsos 99
Kumamoto U CMU CS

News spread

in social media
Q. How many patterns are there, after all?

A s
2005 T omerzor  uzor ocizo0r
100 100, 1
50 50 J\\ 50|
0 0’
0 50 100 0 50 100 0 50 100
100 100, 1
50 SO/L SOJ\V\A
0 0’
0 50 100 0 50 100 0 50 100
htp:
ly‘:c(vkn/Tz—\l.KS/l6—W\A’W—nvt}y © 2016 Sakurai, Matsubara & Faloutsos 100

News spread
in social media

A. Our answer is “ONE”!

A single non-linear model !

“SpikeM”

100) ol 109 ol 10 = ognal
— SpikeM }5 — SpikeM fz — SpikeM

g 3 ? g
£ 50 ]\L < 50 S 50 H

20 40 60 80 100 120 20 40 60 80 100 120
Time Time

o Original = Original < Original
100) g 100 ol 100 g
. {ﬁ soiont] ﬁg saett] SpikeM
S 5 / P £
20 40 60 80 100 120 20 40 60 80 100 120 20 40 60 80 100 120
htpy, _Time_ Time Tim
~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 101

© 2016 Sakurai, Matsubara & Faloutsos

[Matsubara+ KDD’12]

Jo kR 31

Rise and Fall Patterns of
Information Diffusion:

Model and Implications
Yasuko Matsubara (Kyoto University), :
Yasushi Sakurai (NTT), NTT
B. Aditya Prakash (CMU), g @

Lei Li (UCB), Christos Faloutsos (CMU)

http://www.cs kumamoto-uac,p/
~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 102
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( Rise and fall patterns “g.

in social media
SpikeM captures 3 properties of real spike

1. periodicities

N,

200

100f

# of mentions

20 40 60 80 100 120 140 160
Time (hours)

http://www.cs kumamoto-u.ac.jp/

~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 103

“"( Rise and fall patterns Wg

‘ in social media '
SpikeM captures 3 properties of real spike
1. periodicities
.avoid infinit
\ \ 2 an)ll 11‘1 1n1‘y

CMU CS

#  Rise and fall patterns

in social media
SpikeM captures 3 properties of real spike

1. periodicities 3.power-law fall

\ \ 2. av?iji ir‘lfirli‘ty | / |

200
1)
c
K<}
=
S 100
£
k)
F*
0 . . -’
20 40 ""60-..80 100 120 _140_.60"
Time (RGaYSy ==~~~
hnp ./ /www.cs kumamoto-u.a .
isuko/TALKS/16-WWW-tuf t/ © 2016 Sakurai, Matsubara & Faloutsos 105

CMU CS

Main idea (details)

- 1. Un-informed bloggers (clique of N bloggers/nodes)

S

Time n=0

Nodes (bloggers) consist of two states
© - Un-informed of rumor
e e - informed, and Blogged about rumor o

© 2016 Sakurai, Matsubara & Faloutsos

200
1)
c
kel
:1:: 100
£
k]
w* 0 . 4 ) A f
20 40 60 80 100 120 140 160
Time (hours)
htp://www.cs kumamoto-uac,p/
~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 104

MU CS.

K.,m(,wu Rise and fall pattel'llS g

in social media
SpikeM captures 3 properties of real spike

1. periodicities 3. power-law fall

\ \ z.an)igl ir‘lfini‘ty | / |

200

100

# of mentions

‘ ‘ ‘ ) |/
20 40 766-~..80 100 120 149__4-60

Time (RGUrS)

SpikeM can capture behavior of real spikes
using few parameters

http://www.cs kumamoto-uac,p/
~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 106

MU CS.

Main idea (details)

- 1. Un-informed bloggers (clique of N bloggers/nodes)
- 2. External shock at time no (e.g, breaking news)

@-»

Time n=0 Time n=nb

S

External shock

- Event happened attime 7,
- S,bloggers are informed, blog about news

hitps//w
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N

il R B

CMU CS

Main idea (details)

- 1. Un-informed bloggers (clique of N bloggers/nodes)
- 2. External shock at time nb (e.g, breaking news)
- 3. Infection (word-of-mouth effects)

Time n=0 Time n=np Time n=np+1

hef

Infectiveness of a blog-post
B - Strength of infection (quality of news)

f(l’l) = Decay function (how infective a blog posting is)

S

http://www.cs kumamoto-uacjp/
~yasuko/TALKS/16-WWW-tut/

CMU CS

SpikeM-base (details)

Equations of SpikeM (base)

AB(n+1)=U(n)'i(AB(r)+S(t))'f(n+l—t)+s

Blogged t=n,

Un+1)=U(n)-AB(n+1)

Un-informed

N _ Total population of available bloggers
B - Strength of infection/news

n,,S, - External shockS, atbirth (time 72 )
€ - Background noise

© 2016 Sakurai, Matsubara & Faloutsos 111

hetp://www.cs kumamoto-uacjp/
~yasuko/TALKS/16-WWW-tut/

CMU CS

Model fitting (Details)

* SpikeM consists of 7 parameters
0={N,B,n,,S,.¢,P,,P}

Learning parameters
- Given a real time sequence

X ={X(1)...X(n)....X(n,)}

- Minimize the error
(Levenberg-Marquardt (LM) fitting)

D(X,6)= E(X(n) AB(n)’

n=1

y Main idea (details)

MU CS.

- 1. Un-informed bloggers (clique of N bloggers/nodes)

Decay function: f(n)=B*n™"" news)
Linear scale Log scale B
AL fin)
¢ s
'
< z Time n=np+1

Infectiveness of a blog-post
B - Strength of infection (quality of news)

f(n) - Decay function (how infective a blog posting is)

h

© 2016 Sakurai, Matsubara & Faloutsos 113

© 2016

Sakurai, Matsubara & Faloutsos

y SpikeM - periodicity
Full equation of SplkeM
AB(n+1)< p(n+1){| U(m)- E(AB(t)+S(t)) fn+1- t)+8j

Blogged Periodicity t=ny,

U(n+1)=U(n)-AB(n+1)

Un-informed

12pm —
Peak activity 3am
. activity Low activity
Bloggers change their
activity over time /\!/\/P(’l)
(e.g., daily, weekly, yearly)
Time n
hitp://www.cs kumamoto-uacjp/
~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 112

SpikeM matches reality
exponential rise and power-raw fall

rise fall

100 ---8l
——spikeM
50 Original

0
30 40 50 60 T70 80 90 100 110 120
ime

Value

SpikeM vs. SI model (susceptible infected model)

hitp://www.cs kumamoto-uacjp/

~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 114

y Analysis ug

19



Tutorial @WWW'16

CMU CS

Analysis

rise f
1001

Value
v
o

Reverse

Rise-part

SpikeM: exponential
SI model: exponential

http://www.cs kumamoto-u.acjp/

~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 115

Kumamoto U CMU CS

Q1-1 Explaining
K-SC clusters
—Six patterns of K-SC [Yang et al. WSDM’11]

100 o Original 100| o Original]| 4gq o Original
. — SpikeM s fg — SpikeM TZ% — SpikeM
3 ol $ o g%

20 40 60 80 100 120
Time

Value
o 8

20 40 60 80 100 120
Time

o Original
— SpikeM

20 40 60 80 100 120
Time

20 40 60 80 100 120
Time

100 o Original 100l o Original 100f
— SpikeM — SpikeM

Value

g

Value
g
Value
g

20 40 60 80 100 120
Time

* SpikeM can generate all patterns in K-SC

20 40 60 80 100 120
Time

http://www.cs kumamoto-u.ac.p/
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CMU CS

( Q1-3 Matching g

Twitter data
Twitter data (hashtags)

Linear scale
—aBn) | —aB(n) —a80)
ol ¢ - Original o0 - Original o " - ~Original
=B 0 =
? _&_ 0 %
50 100 150 50100 150 50 100 150
Time. Time Time.
N =962, betaN=1.41 . N=6a75, bela'N-200 N <7266, beta N1 41
—aBm 10 10 —ABm)
o) —aBm (o)
o 107 Original| 2 AN ) N Original
3 3 107} - Original 3101
s N A ERI NN
o oL 88g 008 oao N | < y
Lo F b | VAN Aa A il N M 0
w0l - 10 == 10 o
10 10 10°
Log scale Time Time Time
(a) Hassange (B) Fstevejobs (<) Farresteddevelopment

It can generate various patterns in social media

MU CS.

Analysis

all

---8l 1
——spikeM
Original

Value

50 60 0 80 90 100 110 120
ime

Fall-part
SpikeM: power law
SI model: exponential

El Linear-
S

SpikeM matches reality

REtp://www.cs Kumamoto-uacip/

~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 116

MU CS.

Q1-2 Matching

MemeTracker patterns
MemeTracker (memes in blogs) [Leskovec et al. KDD’09]

http://www.cs kumamoto-u.acp/
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Linear scale
AB() 280 2B
.o [ Original 300 * Origi"nal ol °® Original
H 14 g i g i
E 100} L/ § 200 N § o 9,
IR TS 100 ‘
Ol e i) o B 4
T 150 s %0 S0 oo 150
ime
o N =6259, beta’N=0.73 i N =529, beta"N=0.81 . N '=3234, beta'N=0.69
48 m —ABM)
Original
! i g
- 10 G | Noise-robust
Log scale  Tme Time "° =
fitting
SpikeM can fit various patterns in blog Outliers
http://www.cs kumamoto-uacp/
~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 118

MU CS.

Q1-4 Matching
Google trend data

Volume of searches for queries on Google

1007 4 Original 100
I keM
s0f 4 50

K

Value
Value

b %
o g

20 40 60 10 20 30 40 50
Time Time

(a) “tsunami” (2005) (b) “Harry Potter” (2007)

0

SpikeM can capture various patterns

hetp://www.cs.kumamoto-u.ac,p/
~yasuko/TALKS/16-WWW-tut/
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Kumamoto U CMU CS CMU CS
. « .99 .
Q2 Tail-part forecasts Al. “What-if” forecasting
- Given a first part of the spike Forecast not only tail-part, but also rise-part!
_ fOrecaSt the tall part . (1) First spike {%] Release date Sﬂ Two weeks l)if;)re releyase
_ “Ne _ *Ne November 19,2010 | 1 L
N =5960, beta*N=0.7 N =3481, beta"™N=1.2 co “Deathly Hallows part 1* | | July 15,2011
‘ : - A "Deathly Hallows part 2"
! ——spikeM H ——spikeM N N
! A 0 AR g Ny 15,2000 L ™
A \  Orini uly 15, '
g 10? M\/‘&\N‘A\ Original g 102 W Original = ”Harr¥ Potter and |
< [ © 20+ the Half-Blood Prince" 1
] ‘ M/‘ i |
| o « ‘
ol l IRLF 0 150 200
09 50 100 150 105 100 150 ) ) Time (per week)
Time (per hour) Time (per hour) e.g., given (1) first spike,
SpikeM can capture tail part (AR: fail) (2) release date of two sequel movies
] } (3) access volume before the release date
ll[y?gf,{(‘;'ﬁx[sk‘;}‘;";m"t:ﬁ}p/ © 2016 Sakurai, Matsubara & Faloutsos 121 'l‘;ii@ﬁ&fiﬁ?ﬂ“%"&&}“’ © 2016 Sakurai, Matsubara & Faloutsos 122
CMU Cs CMU Cs
« o 99 . . .
Al. “What-if” forecasting A2. Outlier detection
- e | . .
Forecast not only tail-part, but also rise-part! —Fitting result of “tsunami (Google trend)”
(1) First spike (2) Release date (3) Two weeks before release .
& ‘ s e —in log-log scale |
N ber 19,2010 [ [
60+ "Deg\l,rﬁrynHerows part1" | i July 15, 2011 10 Another
N ~ Mar. 29 earthquake
Ep N [ Scientists puz_zled
N July 15, 2009 I no tsunami oc. 26
"Harry Potter and | after quake :
20 the Half-Blood Prince" | o One year after
EaN S0l Dee 26 Indian Ocean
’ 300 3 earthquake
150 200 Time (per wesk 250 300 Indian Ocean q
SpikeM can forecast upcoming spikes! CUIGUELG
0 1
10 Time (per1\noleek)
http://www.cs kumamoto-u.acjp/ . http://www.cs Kumamoto-u.ac,p/ .
~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 123 ~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 124
CMU Cs CMU Cs
. . . .
A3. Reverse engineering A3. Reverse engineering
SpikeM provide an intuitive explanation SpikeM provide an intuitive explanation
PDF of parameters over 1,000 memes/hashtags PDF of parameters over 1,000 memes/hashtags
N BN P 1 N ; BN P
W °~2| w o1 w 02 1 %02 w 101 Observation 1
a 0.1 a 0.05 a 0.1 ' o041 a 0.0 q g
0 0 ;JLL. OLL e P ! Total population N is
o 5000 10000 % 1 2 0 10 20 ‘ 0 5000 10000 ! 1 "
' almost same
(a) MemeTracker m
N BN P ; N - -
o4 o1 s ! o4 N =1,000 ~ 2,000
L 0.2 !
So 2% S 0.05 = I © Bo2 o
* 0 =0 R i E o v OM
00 5 0 1 2 VO 10 20 ! 00 5 | 0 1 2 0 10 20
10° ) x10° )
X (b) Twitter | BasEe X0 (b) Twitter
lll;g;ﬁ&:;:rv:\ﬁ??/x;tmﬂc{}p/ © 2016 Sakurai, Matsubara & Faloutsos 125 '1‘;5;(&”;7&tiE?i’éfmf;?\i}“’ © 2016 Sakurai, Matsubara & Faloutsos 126
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&
&
o

A3. Reverse engineering

N
VSQ

SpikeM provide an intuitive explanation
PDF of parameters over

BN i s

Observation 2 u 0.1
Strength of | *°%
firstburst [*° ° ' 2

‘ (a) MemeTracker

(news) is

CMU CS

1,000 memes/hashtags
| P

> MU CS.
‘-'\0
)
N

& A3. Reverse engineering

SpikeM provide an intuitive explanation

Observation 3
Daily periodicity
with phase shift P =0

Every meme has the same
periodicity without lag

R*

(Twitter)
Daily periodicity with
more spread in P,
(i.e., Multiple time zone)

http://www.cs Kumamoto-uac)p/
~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 128

 Why: “non-linear” modeling

| Fundamentals |
+ Non-linear (grey-box) models

| Applications |
« Epidemics ;
/ Information diffusion vs. @
- Online competition

‘http://www.cs.kumamoto-u.ac,jp/ . I { |
~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos | :

5 0 1 2
1o* 1
X1 __(b) Twitter _______:
http://www.cs.Kumamoto-uacyp/ .
~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 127
Kumamoto U
Part2 | Roadmap

Kumamoto U

Online competition
in social networks

flickr: o delicious

You D)
- kwitter)

CMU CS

/.’ amazon
x ~—1

VS.
&

Q. How can we describe

V2 343 ”»
(f]? virtual competition”?
hetp://www.cs kumamoto-uacjp/ .
~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 131

© 2016 Sakurai, Matsubara & Faloutsos

Kumamoto U MU CS.

Online competition
in social networks

flickr: o" delicious

You )
- twitterd

hitp://www.cs kumamoto-u.acip,
~yasuko/TALKS/16-WWW-tut/

/

© 2016 Sakurai, Matsubara & Faloutsos 130

Kumamoto U MU CS.

Online competition
- roadmap

2R A. Non-linear (gray-box)
T modeling!

o Sl

- Winner-Takes-All [Prakash+ WwWWw’12]

Solutions

- Co-existence of the two Viruses [Beutel+ KDD’12]

- The Web as a Jungle Matsubara+ WWW"15]

hitp://www.cs kumamoto-uacjp/
~yasuko/TALKS/16-WWW-tut/

© 2016 Sakurai, Matsubara & Faloutsos 132
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CMU CS

( Online competition g’
- roadmap

2R A. Non-linear (gray-box)

T modeling!
- Winner-Takes-All [Prakash+ Www’12]

Solutions
- Co-existence of the two Viruses [Beutel+ KDD’12]

- The Web as a Jungle Matsubara+ WwWW’15]

hetp://www.cs kumamoto-uacjp/ . .
~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 133

CMU CS

Kumamoto U MU CS.

Competing contagions
[Prakash+ WWW’12]
Contagions: viruses, online activities

Blu-ray v HD-DVD

iPhone v Android

Q. What happen when two viruses compete?

Kumamoto U
Competing contagions
[Prakash+ WWW’12]
1 -
green: virus 1
red: virus 2

2

2

5

£ &vs.@

=

o

#* 20

o e
0 50 100 150 200 250 300 350
Time
ASSUME:; Virus 1 is stronger than Virus 2
~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 135
Kumamoto U CMU Cs
Competing contagions
[Prakash+ WWW’12]

green: virus 1
red: virus 2

# of Infections

. #Footprint @ Steady State
Footprint @ Steady State

Q: What happens in the end?

b
:I; uko, /TA[ f<s/‘u www -tu t/ © 2016 Sakurai, Matsubara & Faloutsos

© 2016 Sakurai, Matsubara & Faloutsos
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Kumamoto U CMU Cs
. .
Competing contagions
[Prakash+ WWW'12]
] B
green: virus 1
red: virus 2 -
a2 Y 4
=1
o
S /
£ g ?
- J - °
s
3 b
4
0
Q: What happens in the end?
Il‘; uko, /Tz-\l I(§/16 \AWWTI ut/ © 2016 Sakurai, Matsubara & Faloutsos 136
Kumamoto U . CMU Cs
Answer:

Winner-Takes-All! , . Cov
f Winner!
&

Die-out |

green: virus 1
red: virus 2

# of Infections

0 50 100 150 200 250 300 350
Time
,,“ngm;hylrus 1 is stronger than Virus 2

© 2016 Sakurai, Matsubara & Faloutsos 138
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Kumamoto U CMU CS

A simple model

[Prakash+ WWW’12]

* Modified flu-like (SIS) model
* Mutual Immunity (“pick one of the two™)
* Susceptible-Infected1-Infected2-Susceptible

Virus 1 Virus 2

ya Result: o
Winner-Takes-All

[Prakash+ WWW’12]

Given this model, g al
and any graph, o /
the weaker virus always | . /

dies-out, completely | '~ o e

1. The stronger survives only if it is above threshold
2. Virus 1 is stronger than Virus 2, if:

strength(Virus 1) > strength(Virus 2)
3. Strength(Virus) =A /8 -> same as before!

http://www.cs kumamoto-uacjp/
~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 139
Kumamoto U cMucs
Real Examples of “WTA”
[Prakash+ WWW’12]

[Google Search Trends data]

http://www.cs kumamoto-u.ac;p/
~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 140
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100 T R T
% w0 - Digg P % w HD-DVD Christmas Sales
= : 8
H i £
5 e f 3
5 5
Lol e ]S
e ™ e}
I &
0 — 0
0 50 100 150 200 250 300 350 400 450 0 50 100 150 200 250 300 350 400 450
Time Time
Reddit v Digg Blu-Ray v HD-DVD
o => HD %
reddit i ——
hetp://Www.c. )
~yasuko/TALKS/16-WW © -.====lrai, Matsubara & Faloutsos 141
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Online competition
in social networks

2R A. Non-linear (gray-box)
f modeling!

i e 3

- Winner-Takes-All [prakash+ WWW’ 12]

Solutions

- Co-existence of the two viruses [Beutet+ kpp'12]

- The Web as a Jungle Matsubara+ WWW"15]

Interacting Viruses:
Can Both Survive?

Real example of “co-existence”
[Google Search Trends data]

Search Quantity
® 3
g 8

o kil
0 50 100 150 200 250
Time
http://www.cs kumamoto-uacjp/
~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 143
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Kumamoto U . . CMU Cs
Interacting Viruses:
.
Can Both Survive?
Real example of “co-existence”
[Google Search Trends data]

160

140
By 120
g 100 Chrome v Firefox
S Yo
€ 80 [ ‘‘‘‘‘ s N
3 BTy ’ ]
D 60| /// L \?

40 T K2

L] Firefox
20 L Chrome
0 20 40 60 80 100 120 140 160 180
Time

s s’ © 2016 Sakurai, Matsubara & Faloutsos 144
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Kumamoto U

A simple model: S7;,S
* Modified flu-like (SIS)
* Susceptible-Infected, . ,-Susceptible

* Interaction Factor ¢
— Full Mutual Immunity: ¢ =0

— Cooperation: ¢ > ( (&

)

v~ Virus 1

t kumamoto-u.ac;p/
~yasuko/TALKS/16-WWW-tut/ © 2016 Sakuraf®Vatsubara & Faloutsos

— Partial Mutual Immunity (competition): ¢ <0

e
~
Virus 2 @

CMU CS

Kumamoto U MU CS.

Question:
What happens in the end?

e=0 e=1 e=2
Winner takes all Co-exist independently  Viruses cooperate

09 09

ction of Poguiaton)

Footpint (Fr
Foolpint (Fracton of Popuia

N 3
0 10 200 %0 400 50 600 700 800

2 0 © 8 10 12 10
Time Time

2 4 @ @ 10 12 10
Time.

1

What about for 0 <e <1?
Is there a point at which both viruses
_can co-exist?

ASSUME: Virts

Kumamoto U

Answer: Yes!
There is a phase transition

x; (Simulation)
¥, (Simulation)

Footprint (Fraction of Population)
F%}olpnnl (Fraction of Population;

CMU CS

ASSUME: Virus 1 is stronger than Virus 2

http://www.cs kumamoto-u.ac.p/
~yasuko/TALKS/16-WWW-tut/
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iy o (Simulation)
01 %%, (Theory) ——
[ e e - —_—
ot iy (Theory) —— KZ
0 £‘ 0.2 0.4 0.6 0.8 1 0 100 200 300 400 500 600 700 800
critical  Interaction Factor (€) Time

147
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Answer: Yes!
There is a phase transition

ion)

*; (Simulation)
xp (Simulation)
iy 5 (Simulation)

Footprint (Fraction of Population)
°
2

Footprint (Fraction of Papulal

o1 'y (Theory)
0 Kz (Theory) ——
s iy (Theory) —— ;
o 02 0.4 0.6 0.8 1 20 40 60 80 100 120 140
Ecritical  Interaction Factor (¢) Time

ASSUME: Virus 1 is stronger than Virus 2

hitp://www.cs kumamoto-uacjp/
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Kumamoto U

Answer: Yes!
There is a phase transition

CMU CS

09

g o g

R e 3 I L = s 5

2 a

g o e

5 05 S e ikl
§ os 8

8 03 Ao 8-
g *; (Simulation) [

z o2 Ky (Simulation) z

5 o its (f‘u?_lg\atmn) i

§ 0 ¥z (Theory) —— §

01 | iy (Theory) ——
o P2 04 06 08 1
£oriical  Interaction Factor (¢)

ASSUME: Virus 1 is stronger than Virus 2

http://www.cs kumamoto-u.acp/
~yasuko/TALKS/16-WWW-tut/
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Kumamoto U Re S ult : CMU CS
Viruses can Co-exist

Given this model and a fully connected
graph, there exists an €., such that
for € 2 €., there is a fixed point
where both viruses survive.

1. The stronger survives only if it is above threshold
2. Virus 1 is stronger than Virus 2, if:

strength(Virus 1) > strength(Virus 2)
3. Strength(Virus)o=NB /&

hitp://www.cs kumamoto-uacjp/
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CMU CS

("’” Online competition Eﬁ
in social networks

2R A. Non-linear (gray-box)
T modeling!

o S

- Winner-Takes-All [Prakash+ WWW’12]

Solutions

- Co-existence of the two VIruses [Beutet+ KpD’12]
- The Web as a Jungle [Matsubara+ WWW?15]

http://www. oto-u.acjp/ . -
~yasuko/TAl WW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 151

[Matsubarat WWW’15]
")

The Web as a Jungle:
Non-Linear Dynamical
Systems for Co-evolving

Online Activities

Yasuko Matsubara (Kumamoto University)
Yasushi Sakurai (Kumamoto University)
Christos Faloutsos (cMU) (

htp://www.cs kumamoto-uac,p/
~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 152

CMU CS

( Given: online user

activities
e.g., Google search volumes for

Xbox, PlayStation, Wii, Android

Volume @ time
o
(6)]

LA
fi

0 Y] v Ve, vV
2004 2006 2008 2010 2012 2014
Time (weekly)
http://www.cs kumamoto-uacjp/ .
~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 153

( Given: online user

MU CS.

activities
e.g., Google search volumes for

Xbox, PlayStation, Wii, Android

Volume @ time
o
o

0 b/ TY v o )
2004 2006 2008 2010 2012
Time (weekly)

2014

http://www.cs kumamoto-uac,p/
~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 154

CMU CS

( Given: online user

activities
e.g., Google search volumes for

1. Exponential growth + Android

[
Android

TV

0t ’ - ’ v
2004 2006 2008 2010 2012 2014
Time (weekly)
hetp://www.cs kumamoto-uacjp/ .
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MU CS.

( Given: online user

activities
e.g., Google search volumes for

2. (Hidden) interaction droid
between keywords

0 Tt vy » )
2004 200 2008 2010 2012
Time (weekly)

2014

http://www.csk

p:/ /) umamoto-uacjp/
~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 156
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CMU CS

Given: online user g

activities
e.g., Google search volumes for

Kumamoto U

ion, Wii, Android

3. Seasonality

]

Volume @ tim
o
(6]

ol L
2004

2006 2008 2010 2012 2014
Time (weekly)

hetp://www.cs kumamoto-uacjp/ .
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Kumamoto U MU CS.

activities
e.g., Google search volumes for
Xbox, PlayStation, Wii, Android

o 10 | ]

Given: online user &

Goal: find patterns and rules

“fully-automatically”

Vg

2006 2008 2010 2012 2014
Time (weekly)

0 MY
2004

htp://www.cs kumamoto-uac,p/ .
~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 158

Kumamoto U CMU CS

Problem definition

Given: Co-evolving online activities
X (activity x time) d1 X

—>n

Find: Compact description of X
EcoWeb

http://www.cs kumamoto-uacjp/ .
~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 159

Kumamoto U MU CS.

Problem definition

on-linear
evolution

http://www.cs kumamoto-uac,p/ .
~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 160

Kumamoto U CMU CS

Problem definition

Given: Co

NO magic numbers !
X (< *

]

n

Find: Comp

Parar}u’atﬁzr-f}:ee!’ .
- 000 N B

_—
http://www.cs kumamoto-u.acjp/

~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 161

Kumamoto U MU CS.

Modeling power of
EcoWeb

Wii vs. Android!

Fitting result - RMSE=0.0585

Play
Station

Volume @ time

2004 2006 ZDOaTIme (wezeﬂ,(‘g' 2012 2014 I n te ra Cti O n
EcoWeb-Fit network
s e’ © 2016 Sakurai, Matsubara & Faloutso( la te n t ) 162
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Kumamoto U CMU CS

Modeling power of
EcoWeb

Wii vs. Android!
T Fitting result - RMSE:o.@
= =@

Xbox

x2 |
g Play ;
°q . Keyword Station Ve
— otrength of | |nteraction
interaction network
s e ©2016 Sakurai, Matsubara & Faloutso( la te n t ) 163

(“ Modeling power of
EcoWeb %

B (k=1) Christmas ®
bt v (e

Black Friday | |

0.4 |

2 || E3 Y

= | |V

S 0.2} | Summer |’
> | . |
( l vacation |
\ |
0f \“\/\J,\»\ \v//

Jan Mar May Jul Sep Nov
Time (weeks)

EcoWeb: seasonal component

Kumamoto U CMU CS

Modeling power of
FcoWeb

E3: Electronic v o e
Entertainment |, ¢,y §
Expo (June) n

So2

Ay
Summer | Y
vacation |

Jan Mar May Jui Sep Nov
Time (weeks)

EcoWeb: seasonal component

http://www.cs kumamoto-uacjp/ .
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Kumamoto U . cMucs
Modeling power of
EcoWeb
o

Summer
vacation /]
|

Value

Jan Mar May Jul Sep Nov
Time (weeks)

EcoWeb: seasonal component

Modeling power of -
EcoWeb
B (k=1) Christmas .‘
T—u]
Black Friday
(November)
- vacation
0 \!\ Y. /
N

Jan Mar May Jul Sep Nov
Time (weeks)

EcoWeb: seasonal component

hetp://www.cs kumamoto-uacjp/ .
~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 167

http://www.cs.kumamoto-u.ac,p/ .
~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 166
Kumamoto U . CMU Cs
Modeling power of
EcoWeb
istmas 5
Christmas x .-
0.4
g ‘\ E3 \‘\\ \‘
= | IV
S 0.2f | Summer | Y
> ( . |
{ l vacation |
\ |
o\ JSS /
7\"*\_/*‘ \\\«/4/

Jan Mar May Jul Sep Nov
Time (weeks)

EcoWeb: seasonal component
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Problem definition g ( EcoWeb: Main idea &
Given: Co-evolving online activities Q. How can we describe the evolutions of X ?
X (activity x time) 4 Ecoweb
— | A0 -
Find: Compact description of X I G3 |
EcoWeb
P r K A w B
= |:||:||:| - |:|x|:| A. Thg Web as z’l’j.u.ngle!

 Intercting withothr speces (civiie

o Ak oW e © 2016 Sakurai, Matsubara & Faloutsos 169 oy s Wiy ©2016 Sakurai, Matsubara & Faloutsos 170

MU CS.

CMU CS Kumamoto U

( The Web as a jungle g {  Ecosystem on the Web %¢

Biological cag ()] @~ Online
i - (] PRI
Ecosystem species W' activities |

on the Food 54 User
m e | T . Web resources “ resources
Ecpsystem X}gx PlayStation Wii  Android Population i’g “‘I&_ Popularity
in the XBOX !B Wi i
Climate/ Annual events
Jungle ‘ 4 season “ (e.g., Xmas)
Jungle M Web

g Kids g Teens ’ Adults
http://www.cs kumamoto-uacjp/ .
© 2016 Sakurai,

hetp://www.csk <ip/ =
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Squirrel Spider
monkeysmonkey M awSCapybara

riminalatt, David Castillo Dominici, happykanppy at FreeDigitalPhotos.net.
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MU CS.

CMU CS Kumamoto U

EcoWeb: Main idea g ( G1: EcoWeb-individual !ﬁ

Popularlty size increases over time

Interaction/ » ﬂ <4‘-.;"' “
competition [ Seasonality o w
m m ‘:é:’ Spec1es Foods S:.:

mn = attract lnl |ﬁ|

. |'| - 5: g
jung ¥ - P

= i - TR

Keywordsysers ' W

o e =2
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Kumamoto U

Q. How can we describe the evolutions of X ?

Non-linear
evolution

n

Jungle

eb

hetp://www.cs kumamoto-uacjp/ .
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y G1: EcoWeb-individual é&

Non-linear evolution of a single keyword

Popularity size

={1 br (1 f-m% )] ,

- Initial condition (i.e., P(0) =p)

— Growth rate, attractiveness

- Carrying capacity (=available user
resources)

hetp://www.cs kumamoto-uacjp/
~yasuko/TALKS/16-WWW-tut/
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Kumamoto U CMU CS

EcoWeb: Main idea

Q. How can we describe the evolutions of X ?

Non-linear
evolution

Interaction/

competition [ Seasonality

EI0)

http://www.cs kumamoto-uacjp/
~yasuko/TALKS/16-WWW-tut/
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y G2: EcoWeb-interaction &

Interaction between multiple keywords
Popularity of keyword i Popularity of j

r d
P,
AESNRA0) [ <1 )

K;

@; - Interaction coefficient
- i.e,, effect rate of keyword j on i

hetp://www.cs kumamoto-uacjp/
~yasuko/TALKS/16-WWW-tut/
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y G1: EcoWeb-individual ig

Non-linear evolution of a single keyword
1 — K
B
[ p g

= Il CONAItoI (Le., F{UJ=pJ
- Growth rate, attractiveness

- Carrying capacity (=available user
resources)

http://www.cs kumamoto-uacjp/

~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 176

Kumamoto U

MU CS.

G2: EcoWeb-interaction g
Interaction between multiple keywords

resources

hitp://www.cs kumamoto-uacjp/

~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 178

y G2: EcoWeb-interaction ugz

Interaction between multiple keywords

Popula fj

“U>OE ;
Jal e

P+ |G

[PC

a; - Interaction coefficient
- i.e, effect rate of keyword j on i

hitp://www.cs kumamoto-uacjp/
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Kumamoto U CMU CS

EcoWeb: Main idea

Q. How can we describe the evolutions of X ?

Non-linear
evolution

Interaction/
competition

Seasonality

E

A. Web a

http://www.cs kumamoto-u.ac.jp/

~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 181

Kumamoto U MU CS.

G3: EcoWeb-seasonality g

“Hidden” seasonal activities

A
ﬂ'ﬂ ) ama},on

Walmart

A
YA
g Ed Y

Seasonal
events
htp://www.cs kumamoto-uac,p/ .
~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 182

Kumamoto U CMU CS

G3: EcoWeb-seasonality g

“Hidden” seasonal activities

A
s Users change their behavior >
according to seasonal events!

/L
o

events
http://www.cs kumamoto-u.ac.jp/

~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 183

‘ = ey amazon

3

MU CS.

G3: EcoWeb-seasonality g

“Hidden” seasonal activities

S

Estimated volume of keyword i

: P+ (=14,

~ f(i,t|W,B) = Zwi]bj (r) (r=[t modny])

Seasonal activities of i
W - Participation (weight) matrix
B - Seasonality matrix

http://www.cs kumamoto-uac,p/ .
~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 184

CMU CS

G3: EcoWeb-seasonality g

“Hidden” seasonal activities

S

Estimated volume of keyword i

\
LGO=P@) L)  (G=1,---,4d),
k
_ 1 [ 1 1
“ | P:latent popularity
[
€5 Eos
. €06
10|  Eos
ty So2|
% 10 20 0 40 50 "0 10 20 00 40 50
s e © 2016 Sakurai, Matsubara & Faloutsos 185

MU CS.

G3: EcoWeb-seasonality g

“Hidden” seasonal activities

S

Estimated volume of keywordi :
\ E: seasonality

[C.0)]= P+ MW/L/\%

© 2016 Sakurai, Matsubara & Faloutsos

iy L ; 1 1
— | ] ~
C: volume i | P:latent popularity
10 ] L
fos es g
©06 . e
L04 10 goA
A S0z
So2 W W, ty e
b 100 200 300 400 500 0 100 200 300 400 500
http://www.cs kumamoto-uac,p/ .
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CMU CS

G3: EcoWeb-seasonality g

“Hidden” seasonal activities
Estimated volume of keyword i

\
LC)|=P@|[t +He®)) (=1, ,4d),

k
(O] £G.HW.B) = > wibs(r) (r=[t mod ny])

Seasonal activities of keyword i

W - Participation (weight) matrix
B - Seasonality matrix

http://www.cs kumamoto-u.acjp/ .
~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 187

Kumamoto U CMU CS

EcoWeb: Main idea

Q. How can we describe the evolutions of X ?
EcoWe

= - | iff mu

— @ =

A
G2
Full parameters l j

S = p,r,K,W,B

cs kumamoto-uacjp/ .
~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 189

B
x [

Kumamoto U

Idea (1): Seasonal -
component analysis

Q1. How can we automatically
find “k-seasonal components” ? Eﬂﬂ
EcoWeb
P rK A W B \
=[unn B Lo
|:| opt k=?

Idea (1) :
a. Seasonal component detection
b. Automatic component analysis
http://wh

WG Kumamoto-uacip/ X
~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 191
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y G3: EcoWeb-seasonality ig

E: seasonality W B
MM [= o > T
NAAAAND n,

n k
| ei(t)lz f(i, t{W,B) = ZU}ijb]‘ () (r=1[t mod ny)

Seasonal activities of keyword i

W - Participation (weight) matrix
B - Seasonality matrix

http://www.csk

umamoto-u.acjp/
~yasuko/TALKS/16-WWW-tut/
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Kumamoto U

Algorithms

Q1. How can we automatically

vie
Cioer:

find “seasonal components” ? Ea

| Idea (1) : Seasonal component analysis |

Q2. How can we efficiently estimate

full-parameters ? ((» , ¥ a

T

B
| Idea (2): Multi-step fitting |
Ty\:cukn/rm.l(s/l&WWWEEP © 2016 Sakurai, Matsubara & Faloutsos 190

Kumamoto U

Idea (1): Seasonal -
component analysis

Q1. How can we autom: Y
otails @ P2 nts” ? ﬂ

[ _— ICA MDL

hgp A 5 277 oo 0
A

Data (X) Ideal model (M)
Idea (1) :
a. Seasonal component detection Bk
b. Automatic component analysis

LN

http:/7www.cs Kumamoto-uacip/ X
~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 192
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( Idea (1): Seasonal -

component analysis
Idea(1-a) Seasonal component detection

E d=2

Wj\ﬂme (1,..n)

“"( Idea (1): Seasonal "‘g

component analysis
Idea(1-a) Seasonal component detection

E d=2

hetp://www.cs kumamoto-uacjp/ .
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Kumamoto U I 1 o S l cMucs
dea (1): Seasona

component analysis
Idea(1-a) Seasonal component detection

..........................
1
dxn/n, |
p i
H
H
i
[/ i
\Y ’
< |
i
i
........................ -
htp://www.cs kumamoto-uac,p/ .
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Kumamoto U 1 R cMucs
Idea (1): Seasonal

component analysis
Idea(1-b) Automatic component analysis

Find optimal number k (1<k<d)
d: dimension

E: seasonality

W B
= | > I
n

E E d=2 ! :
5 | Independent
| J\‘ components
g dxn/n i
4%&
gy powwcsiamamotouaclp) ,
~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 195
Kumamoto U CMU Cs
Idea (1): Seasonal

component analysis
Idea(1-b) MDL -> Minimize encoding cost!

==CostM
“=CostC
CostT

min (| Costy(S) [+

Model cost

Cost,(X]5) | )
Coding cost

12345678910

Good N Good
compression | ®_J| description

hetp://www.cs kumamoto-uacjp/ .
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k
opt k=?
http://www.cs kumamoto-uac,p/ .
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Kumamoto U R cMucs
Idea (1): Seasonal

component analysis
Idea(1-b) MDL -> Minimize encoding cost!

==CostM
~—CostC

Costr(X;8S) = log™(d) + log"(n) + Costu (p, 7, K)
+Costa(A) + Costar(k, W,B) + Costc(X|S)

kopt = arg min Costr(X;S)
k

Good Y Good
compression ¥/ description

htpe//www.c: /

p:/ /) skumamoto-u.ac.jp, .
~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 198
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y & Idea (1): Seasonal

component analysis
Idea(1-b) Automatic component analysis

Find optimal number k (1<k<d) w

CMU CS

d: dimension |:| x0T
opt k=?

B k=1 k=2 . k=3

H
i
' '
st(1)=9%$$  Cost(2)=$%
mamoto-uacjp/ .
16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos

hetp://www.
~yasuko/TAl

Cost(3) = $$$

199

“"( Idea (1): Seasonal if’\

component analysis
Idea(1-b) Automatic component analysis
Find optimal number k (1<k<d) W B
|:| X
opt k=?

B k=1  |k=2 k=3

CosE(l) =$$ Cost(2)=$ Cost(3) = $$$

htp://www.cs kumamoto-uac,p/ .
~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 200

Idea (2): EcoWeb-Fit
Q2. How can we efficiently estimate
model parameters ?

CMU CS

Idea (2): Multi-step fitting
a. StepFit (sub)

.
b. EcoWeb-Fit (full)

http://www.cs kumamoto-uacjp/ .

~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos

201

Idea (2): EcoWeb-Fit
(2-a). StepFit: Update parameters a/ternately

Idea (2): EcoWeb-Fit
(2-b). EcoWeb-Fit: full algorithm

e.g., 4 keywords: OQGQ

1. Individual-Fit 2. Pair-Fit

CMU CS

3. Full-Fit

© P o

EcoWeb-Fit updates parameters, separately

hetp://www.cs kumamoto-uacjp/ .
~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos
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~
P r K A w B
o 0of =
—
(G5,
( N\
P r K A w B
m 000 O] i
—
] O =@ |
s e’ © 2016 Sakurai, Matsubara & Faloutsos 202
Experiments

We answer the following questions...

Q1. Effectiveness

How successful is it in spotting patterns?

Q2. Accuracy

How well does it match the data?

3. Scalabilit

How does it scale in terms of computational time?

http://www.cs kumamoto-uac,p/ .
~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 204
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CMU CS

Kumamoto U

Q1. Effectiveness

(#1) Video games nif gy i==

Interactions
between keywords

Fitting result - RMSE=0.058817

PlayStation A, droid
Wii

Volume @ time

2008 2010 2012 2014
Time (weekly)

o)
2004 2006

http://www.cs kumamoto-uacjp/ .
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Kumamoto U CMU Cs
.
Q1. Effectiveness
. Interactions
(#2) Programming language
C, R, MATLAB
Fitting result - RMSE=0.076417
1l
gos]
os Seasonality
Sos B(1x52) , k=1 Christmas
Z o2 _ Summer
o ) Ve v
2004 2006 2008 2010 2012 2014 A -
Time (weekly) / March
| break
Jan Mar May Jul Sep Nov
http://www.cs kumamoto-u.ac.jp/ .
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Kumamoto U CMU CS

Q1. Effectiveness

(#4) Apparel companies
Kohls , JCPenny , Nordstrom , Forever21

Fitting result - RMSE=0.074104

3

E

®

e B(1x52) , k=1

2 T

E b1 Back to
school T

3 |
2004 2006 2008 2010 2012 2014 Black
Time (weekly) . N\ Friday
Jan Mar May Jul Sep Nov
http://www.cs kumamoto-u.acp/ .
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Kumamoto U CMU CS
.
Q1. Effectiveness
. P r K A w B
(#1) Video games 000 B ==
Fitting result - RMSE=0.058817 Season a l] ty
B (k=1) Christmas
. ; =
PlayStatlonu Android _— Black Friday | |
ge Wii 4 v
; g | E3 ‘\ \
° 's 02} | Summer [
Eo. | | vacation |
s of Y. |
e W St B N ¥ Jan Mar May Jul Sep Nov
2004 2006 2008 2010 2012 2014 Time (weeks)
Time (weekly)
D nies e © 2016 Sakurai, Matsubara & Faloutsos 206
Kumamoto U CMU Cs
.
Q1. Effectiveness
(#3) Social media Interactions
Tumblr , Facebook , LinkedIn
Fitting result - RMSE=0.039536 .
1 o
gos Seasonality
@os B(1x52) , k=1
Eo4
o
0 | P
2004 2006 2008 2010 2012 2014 A A P
Time (weekly) |/ Christmas
Jan Mar May Jul Sep Nov
http://www.cs Kumamoto-u.ac,p/ .
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Kumamoto U CMU Cs
Q1. Effectiveness
(#5) Retail companies
Amazon , Walmart , Home Depot ,
BestBuy , Lowes , Costco
Fitting result - RMSE=0.065173 Interaction
®
. )¢
2004 2006 2008 2010 2012 2014
Time (weekly)
s e’ © 2016 Sakurai, Matsubara & Faloutsos 210
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Kumamoto U CMU CS Kumamoto U CMU CS
Q1. Effectiveness g_ 4 Q2. Accuracy
(#5) Retail companies RMSE between original and fitted volume
Amazon , Walmart , Home Depot , (Lower is better)
BestBuy , Lowes , Costco % B Coovieb Fi
Fitting result - RMSE=0.065173 Seasonality %J ot =E§oWeb-Plam
B2x52) k=2 123 T
H b1]_ Memorial DavABPag: Friday S oi
S - Y Labor Day é’
E 02, A\ & 0.05
> \
0 NS4 #1 #2  #3  #4 #5
= i 20 4th of July Data ID
2004 2006 208 eaky  ? Jan Mar May Jul Sep Nov EcoWeb consistently wins!
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Kumamoto U CMU Cs CMU Cs
Q3. Scalabilit EcoWeb at work -
) y forecasting
Wall clock time vs. dataset size (years) Forecasting future activities
EcoWeb-Fit scales linearly, i.e., O(n) Train: Forecast:
_ — EcoWeb-Fit o 2/3 sequences 1/3 following years
§1500 ~— EcoWeb-Plain | .
>y v Original sequences
£ 1000 o 1
S 500 I 05 .
07%%7,%4,*,- Nk
5 6 7 8 9 10
Datasize (years) 2%04 2006 2008 2010 2012 2014
7x faster than LV, 20x faster than EcoWeb-Plain
ll'y‘fgf,{(‘szsk‘;}‘;";W«,“(:ﬁ}p/ © 2016 Sakurai, Matsubara & Faloutsos 213 'l‘;i(\iﬁ%‘;fii,“mﬁé‘iv"&i}“’ © 2016 Sakurai, Matsubara & Faloutsos 214
CMU Cs CMU Cs
EcoWeb at work - EcoWeb at work -
forecasting forecasting
Forecasting future activities Forecasting future activities
Train: Forecast: EcoWeb
2/3 sequences 1/3 following years 1 i : f i 1
! I
0.5 b *
1 | EcoWeb ‘ A l.\:‘,wgl""'” i ,M ﬁ,ﬂ t( ﬂ
{ A o4 2006 2006 2010 2012 2014 AR
L

T T
: o
\ ! I A r = '
0.5 ' :) g :é\:tﬁ! Ll‘“ I\Lj«’ﬁ\ d d 05 E 1 , { o
A'_HJ'JJ i‘\" e kl'v”\ INM'W “— 11/ u.p\'ay\l(!‘ N“”‘\I W{ 1‘“% .‘"1'”' Q

2004 2006 2008 2010 2012 2014 o4 2006 zoos 2010 2012 2014
EcoWeb can capture future patterns EcoWeb can capture future patterns!
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CMU CS

EcoWeb at work -

forecasting
Forecasting future activities

EcoWeb
r 1
, ‘: N Lyl h\w“"‘
.51 T ity J o o W iy rwf (A 0.5
i’ vl//wl’l" rva"‘ 'WI ’l"\h“ﬂwwﬁw ”“h lﬁwﬁw
AR AR
1,‘{ v 1 4
s A bt
h.5 T W ,(r J v ouse Tyh 0.5
v“,‘ A,l’w MV‘? ;‘;‘f;«v"‘ }' A ATV EMV ;ﬁ /’\m\ /m* v’ w’th

2%04 2006 2008 2010 2012 2014 %04 2006 2008 2010 2012 2014
(b) Programming languages (#2) (c) Apparel companies (#4)
EcoWeb can capture future patterns!

http://www.cs kumamoto-u.acjp/ .
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Kumamoto U MU CS.

Part2 | Roadmap

¢ Why: “non-linear” modeling

| Fundamentals |
+ Non-linear (grey-box) models

| Applications |
« Epidemics
/ Information diffusion

»

¢ Online competition

htp://www.cs kumamoto-uac,p/ 1
~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos |

Kumamoto U CMU CS

Part2 | Conclusions TK

V’Whv: “non-linear” modeling
- Black box: lag plots (k-NN search)
- Grey-box: given a model

¢/ Fundamentals: popular non-linear models
- Logistic function, Lotka-Volterra, Competition,

- Epidemics (SI, SIR, SEIR, etc.),
Applications: non- lmear mmmg

- Epidemics 05 1

B

- Information diffusion

-..Online competition
http://www.cs kumamoto-uacjp/
~yasuko/TALKS/16-WWW-tut/ © 2016 Sakurai, Matsubara & Faloutsos 219
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