Tutorial@SIGMOD'15

Kumamoto U J 1 CMU CS.
L |
( g ( Roadmap 1|
. . LI |
- Motivation 1|
.. . - Similarity search, ‘ ﬂ “
Mllllllg and Forecastlng pattern discovery |1
[ . . M T \‘ J
of Big Time-series Data and symmarization I
- Non-linear modelmgm @
Yasushi Sakurai (Kumamoto University) and forecastlng
Yasuko Matsubara (Kumamoto University) - Extension of time- |
. Part 3 : L |
Christos Faloutsos (Carnegie Mellon University) series data: . LI |
tensor analysis ; ﬁ \
s oy ©2015 Sakurai, Matsubara & Faloutsos 1 Byt o ©2015 Sakurai, Matsubara & Faloutsos “‘ J !
Kumamoto U CMU Cs Kumamoto U Non-linear mining and CMU Cs
Part2 | Roadmap .
forecasting
Q. What are “non-linear phenomena”?
- Why: “non-linear” modeling Example: logistic parabola
| Fundamentals | j Models population of flies [R. May/1976]
- Non-linear (“gray-box’’) models || ﬂ | Lyl = AT - (1 - xt) |
| Applications | j ‘Time-series plot Tip1dl Logistic
—Epidemics E| 1 T ‘H ] \‘m\u | "‘0‘ iy map
$$ 1 t Al H" I Ui ‘H‘\‘w‘uwm “h ‘\‘ U “ MM\ /
- Information diffusion _* ﬂ eI Il 1 JM e S
- (Online) competition " V5 I Timet - - - '. T
et TALKS/ 15 SIGMOD © 2015 Sakurai, Matsubara & Faloutsos ! R © 2015 Sakurai, Matsubara & Faloutsos 4
Kumamoto U Non-linear minin and CMU Cs Kumamoto U CMU Cs
ning g How to forecast?
forecasting
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Kumamoto U

How to forecast?

e.g., AR(1) T
Tyl = AT+ € 7/

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

MU Cs

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

~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 7
Kumamoto U CMU Cs
How to forecast?

Solution 2
“Delayed Coordinate Embedding”
= Lag Plots [Sauer92]
- Based on k-nearest neighbor search
A5
Tet+1 €
Mo MO0 SSER & 115, M & Pl ¢ )
Kumamoto U CMU Cs

Forecasting results

(Lag Plot)

i
[Chakrabarti+ CIKM'02]

)

LORENZ
Logistic parabola == | /\ / /\/
O 0 1 R AR

T .

L \/V“\/\vﬂm

(red) (green)

Laser Forecast =)

Kumamoto U MU CS

How to forecast?

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

@

e.g., AR(1)
Tiy1 = aTy + €

but: linearity assumption

Aﬁt: fails
\

K'/l Mxt“

© 2015 Sakurai, Matsubara & Faloutsos 8
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Kumamoto U MU CS

General Intuition
(Lag Plot)
Lag=1,

Xy k=4NN

Interpolate
these...

ey .

++

+++

To get the final
prediction

X1
4-NN .
New Point

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

~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 10

Kumamoto U MU CS

How to forecast?

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

Ti41 7
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Kumamoto U

How to forecast?

MU Cs

=X

Kumamoto U MU CS

How to forecast?
1

(we don’t know the equations)

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

“Gray-box” mining

(if we know the equations)@

But, still,... o
Hard to interpret i

©2015 Sakurai, Matsubara & Faloutsos

http://www.cs.kumamoto-u.ac.jp/
~yasuko/TALKS/15-SIGMOD-tut/

T41 ’Jﬁ*

% 4

Non-linear
modeling!  “t+1°

Tp1 = QT - (1 - $t)

Kumamoto U

How to forecast?

MU Cs

Non-linear equations

~

E% o

..+ < Big Time series 55 QU

o>

s v a2
TS, Sl =

http Rl
—yasuko/TALKS/1 5-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos
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How to forecast?

Solution 3
~Ngp-linear equations
growth Competition =

{QI» :’ Z Information

,_% A VR diffusion
ig Time series g dj
o>

© 2015 Sakurai, Matsubara & Faloutsos 16

Epidemics
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Kumamoto U

Part 2

 Why: “non-linear” modeling

Roadmap

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

- (Online) competition
http://www.c:

s kumamoto-uacjp/ .
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos

| Applications | H
- ; i 1
Epidemics » 3P I

- Information diffusion ¥ H
VS. 1

!
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Kumamoto U

Part 2

 Why: “non-linear” modeling

Roadmap

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

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

hitp://www.cs kumamoto-u.acp/ X
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#  Grey-box mining and !"”g #  Grey-box mining and gg
non-linear equations non-linear equations
Information Information

diffusion Population diffusion :| Population
Convection ' growth Convection  (» growth
t {é} »¥ Competition 1 t {é} »¥ Competition
X o ¥ z X e ¥ K
5? < Big Time series 55 QU z N\ :i_% + Big Time series g QU Z N\
o> . . o> - -
Epidemics Epidemics
A 1 Siconr,  © 2015 Sakurai, Matsubara & Faloutsos 19 A e Siooner,  © 2015 Sakurai, Matsubara & Faloutsos 20
Logistic function g ( Logistic function
So-called “Verhulst” model (=sigmoid, =Bass) So-called “Verhulst” model (=sigmoid, =Bass)
- Population expansion with limited resources - Population expansion with limited resources
P: Population size
I
=PI -
SpeCieS P - Initial condition (i.e., P(0) =p)
s r — Growth rate, reproductively
t=0 t=1 t=2 K - Carrying capacity (=available resources)
ot ©2015 Sakurai, Matsubara & Faloutsos o . © 2015 Sakurai, Matsubara & Faloutsos 22

Logistic function g ( Lotka-Volterra equations

So-called “Verhulst” model (=sigmoid, =Bass) So-called “prey-predator”” model
- Popul
\ o
! K] 5 7=\
r ', ] L pl v !
=
4 !> Prey (H) H Predator (P)
P - Initial condition (i.e.,, P(0) =p) * H: count of prey (e.g., hare)

r — Growth rate, reproductively
K - Carrying capacity (=available resources)

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

“Tina Phill

hitpe//www.cs. . . hitp://www.
~yasuko/TALKS/15-SIGMOD-at/ © 2015 Sakurai, Matsubara & Faloutsos 23 ~yasuko, /TA! Ki/i ql(Mon tu {/ © 2015 Sakurai, Matsubara & Faloutsos 24
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MU Cs

Kumamoto U

Lotka-Volterra equations

So-called “prey-predator” model

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

t

dH
ﬁ' =rH—aHP

dt

Pl yyp —mp .
Prey (H) Ldt Predator (P)

Tina

© 2015 Sakurai, Matsubara & Faloutsos
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Kamamots 0 Extension: “Competitive”

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

MU Cs

Squirrel  Spider
monkeys monkeys

Macaws C

r =

i b >
» . (£ '-.,

apybaras

—  “Competition” in the Jungle

© 2015 Sakurai, Matsubara & Faloutsos

MU Cs

y “Competitive”
’*  Lotka-Volterra equations

Competition between multiple (d) species

Populat
1]
.

%I

=1,

hitp://www.cs kumamoto-u.acjp/ .
/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos

a;;): Interaction coefficient
i.e., effect rate of speciesj on i

~yasuko/TALKS

© 2015 Sakurai, Matsubara & Faloutsos

“"( Solution to the o
Lotka-Volterra equations.
Frequency Plot Phase Space Plot
g IZ' = ! =
S = 5
- :
o
=
=
= ===
G
5
H=
e ooy © 2015 Sakurai, Matsubara & Faloutsos 2

y “Competitive”
P Lotka-Volterra equations

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

d
dPp; > j=1laiiP;
e o
dt K;

(izly...’d)

Q;;): Interaction coefficient
i.e, effect rate of speciesjon i

28

http://www.

s kumamoto-uac;p/ .
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos

MU CS

y “Competitive”
P Lotka-Volterra equations

* Biological interaction

—Table: Type of interaction 0 : no effect

- : detrimental
Species B + : beneficial
+ 0 _
' Mutualism

0 Commensalism Neutralism

Species A

Antagonism  Amensalism Competition

30
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MU Cs

Grey-box mining and g
non-linear equations

Kumamoto U

Information
diffusion Population
Convection growth

N
t Se: »3¥
¥»

Competition

5? + Big Time series 55 QU [L j
o>

Epidemics

htty vw.cs ki to- ]
A 1 Siconr,  © 2015 Sakurai, Matsubara & Faloutsos 31

MU CS

Epidemics: Susceptible- g
Infected (SI) model

Each node is in one of two states

- Susceptible (healthy) %

Kumamoto U

MU Cs

Epidemics: Susceptible- g
Infected (SI) model

Each node is in one of two states

- Susceptible (healthy) %

Kumamoto U

E] - Infected
Ao/ Slevob-ak)  © 2015 Sakurai, Matsubara & Faloutsos 32
# Epidemics: Susceptible- g
Infected (SI) model

Each node is in one of two states

- Susceptible (healthy) %
E] - Infected E

E] - Infected
Susceptible
/healthy
Time t=0
o AR /15 Scmoneny  © 2015 Sakurai, Matsubara & Faloutsos 33
# Epidemics: Susceptible- %
Infected (SI) model

Each node is in one of two states

- Susceptible (healthy) %

E] — Infected WeERIles o)l

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

htty vw.cs ki to- ]
e 1 Sioonar,  © 2015 Sakurai, Matsubara & Faloutsos 35

Time t=0 Time t=1
Ak e Slevob-ak)  © 2015 Sakurai, Matsubara & Faloutsos 34
# Epidemics: Susceptible- g
Infected (SI) model

Each node is in one of two states

it
WS _ssr | y_ S(t) + 1(t)

dt
dl ) .

—|= +BSI p Infectlop strgngth
dt N :Population size

dI
i — =0(N-1)I
L€, dt ﬁ( )

hitp://www.cs kumamoto-u.acp/ . .
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 36
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Epidemics: Susceptible-

MU Cs

¥

Kumamoto U MU CS

Susceptible-Infected-
recovered (SIR) model

Recovered with immunity

@ - Susceptible (healthy)
@ - Infected
R | - Recovered (immune) B

f : Infection rate
O :Recovery rate

hitp://www.cs kumamoto-u.acp/ X .
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 38

MU CS

Susceptible-Infected-

p recovered (SIR) model
Recovered with immunity (][R

ey

infection

hitp://www.cs kumamoto-u.acp/ X
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 40

p Infected (SI) model
Each node is in one of two states s
<
7 Logistic function ’_)%
21 dP P
[ o PO R) [ ﬂ
a SI model
Iy -1 legth
4w N
dl
i — =08(N —-1)I
ie, ( )
oo © 2015 Sakurai, Matsubara & Faloutsos 37
Susceptible-Infected- ¥
p recovered (SIR) model
Recovered with immunity @ R
N nodes
(healthy)
t=0
oo © 2015 Sakurai, Matsubara & Faloutsos 39

Susceptible-Infected-

p recovered (SIR) model
Recovered with immunity

el il

hitp://www.cs kumamoto-u.acjp/ .
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(sJC(R
8

Propagation

© 2015 Sakurai, Matsubara & Faloutsos

MU CS

Susceptible-Infected-

p recovered (SIR) model
Recovered with immunity (][R
@ : s\@ >0 &
t=0 t=1 t=2
-
s © B
Recovered
(no more
infection)
t=3
Ak e Slevob-ak)  © 2015 Sakurai, Matsubara & Faloutsos 12
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MU Cs

Susceptible-Infected-

recovered (SIR) model
Recovered with immunity (][R
B

i

=5 t=4 t=3

© 2015 Sakurai, Matsubara & Faloutsos 43

htp://www.cs kumamoto-uacjp/
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Susceptible-Infected- ~
p recovered (SIR) model
Recovered with immunity
s BSI 500
SF-5 wol \ SO R
ar] BSI o |9
T~ 0 | Em IO
IR | 100
M1
dt % 2, 100
S(t)+I1(t)+ R(t)=N
) +1) ® f : Infection rate
O :Recovery rate
o © 2015 Sakurai, Matsubara & Faloutsos 4

MU Cs

Susceptible-Infected-

p recovered (SIR) model
Recovered with immunity

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

250
200
150

1(t),,
50]
r 100
N 0 200 400 600
Stable S(t)
B : Infection rate
O :Recovery rate
e e Sioonr,  © 2015 Sakurai, Matsubara & Faloutsos 15

Kumamoto U MU Cs

( Other epidemic models

Other virus propagation models (“VPM”)
—SIS : susceptible-infected-susceptible, flu-like
—SIRS : temporary immunity, like pertussis
—SEIR : mumps-like, with virus incubation

(E = Exposed)
- SEIR-birth/death: with birth/death rate

Underlying contact-network

— ‘who-can-infect-whom’

b
© 2015 Sakurai, Matsubara & Faloutsos 47

http:/ /www.cs kumamoto-u.ac.jp/
~yasuko/TALKS/15-SIGMOD-tut/

© 2015 Sakurai, Matsubara & Faloutsos

10,

Susceptible-Infected- ~
p recovered (SIR) model
Recovered with immunity
Phase plane: S(t) vs. I(t)
” 100

o

200 400
Stable S(t)

B : Infection rate
O :Recovery rate

© 2015 Sakurai, Matsubara & Faloutsos
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#  Grey-box mining and gg
non-linear equations
Information

diffusion Population
Convection growth
t 26 w3 Competition
LT e
ﬁ? + Big Time series g dj
- Epidemics
o © 2015 Sakurai, Matsubara & Faloutsos 18
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Other non-linear models g ( Other non-linear models
LORENZ: eqgs. for atmospheric convection LORENZ: egs. for atmospheric convection
Butterfly effect
dj L o (y — ) * X:convective intgnsity dj | (chaos)
dt * y: temperature difference dt
dy between ascending and dy
— F JC(p - Z) -y descending currents — F l’(p - Z) -y
dt esc urrents dt
i » z: difference in vertical =
L temperature profile from ‘L
— Eay— Bz — Eay—pz
T A lincarity 7 A
D]
5‘;241‘;)}15}?7;“33?‘&0“”’3.‘3/’ © 2015 Sakurai, Matsubara & Faloutsos 49 ’l‘v‘&(&‘%f;'é?i“ff??iﬁ&?ii‘i/ © 2015 Sakurai, Matsubara & Faloutsos 50
Kumamoto U CMU Cs Kumamoto U J | “ CMU Cs
. J “\
Other non-linear models 34 ( Part2 | Roadmap |
|
* Van del Pol oscillator . 73 75 i |
. * Electric circuits, heart-beats, neurons ‘Lim/it"‘\ ‘ 7 Why: “non-linear” modeling 1|
* FitzHugh-Nagumo model ofdie LA
* An excitable system (e.g., a neuron) . - | Fund.amentals | 1 ﬂ
* Excitatory-inhibitory (EI) model | | || | « Non-linear (“gray-box”) models | 1=
« Neuronal oscillations in the visual cortd.l’ /| | Applications | EI %
« Epi Schuster+ 90 . : : o ‘
Epilepsy [ rately - Epidemics (skips, competition, “shocks”)
. e |
- Information diffusion : j |
- Online competition [ 1
ey 51 s SISO 02015 Sakurai, Matsubara & Faloutsos || |4 | |ls2

MU Cs Kumamoto U MU CS

#  Mining and forecasting of g Mining and forecasting of g
co-evolving epidemics co-evolving epidemics

.ﬁ. o - Measles .ﬁ. -
& & Mumps 'ﬁ' & & ]

5

Future ?

.ﬁ.

R Q. Can we forecast future

e epidemics? & £

hitp://www.cs kumamoto-u.acjp/ . . hitp://www.cs kumamoto-u.acp/ X N
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 53 ~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 54

Time kyears)

© 2015 Sakurai, Matsubara & Faloutsos
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Kumamoto U MU Cs

Epidemics - roadmap

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

L

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

B
T

Solutions

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

hitp://www.cs kumamoto-u.acp/ . _
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 55

Kumamoto U MU CS

Epidemics - roadmap

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

o S

- Outbreak vs. SKips [Stone+ Nature’07] &
- Interaction between diseases [Rohani+ Nature’03]
- FUNNEL [Matsubara+ KDD’14]

P
T

Solutions

hitp://www.cs kumamoto-u.acp/ X .
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 56

Kumamoto U MU Cs

Recurrent epidemics:
Outbreak or skip?

» Time series of reported measles cases

[Stone+ Nature’07]

New York

New York =

10 $oou

1(109

o
1930 1935 1940 1945 1950 1955 1960

6
London

London

1(109

1950 1955 1960 1965
Year

hitp://www.cs kumamoto-u.acjp/ . .
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 57

Kumamoto U MU CS

Recurrent epidemics:
Outbreak or skip?

» Time series of reported measles cases

[Stone+ Nature’07]

New York

*= Outbreak
Ski
/ p

ol
1930 1935 1940 1945 1950 1955 1960

New York =

6
London

London

Outbreak gy
N\

1950 1955 1960 1965
Year

hitp://www.cs kumamoto-u.acp/ . ~
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 58

Kumamoto U MU Cs

Recurrent epidemics:
Outbreak or skip?

» Time series of reported measles cases

[Stone+ Nature’07]

New York

o
1930 1935 1940 1945 1950 1955 1960

6
[London Ndl 1 Ml

Q. Outbreak vs. skip?

TI50 TY5? TI60 TI65
Year

hitp://www.cs kumamoto-u.acjp/ . _
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 59

MU CS

Recurrent epidemics:
Q ) )
Ou':break Or Sklp ° [Stone+ Nature’07]

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

®

Outbreak dynamics

min S

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

S(t)

log(I(t))

B

© 2015 Sakurai, Matsubara & Faloutsos
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MU Cs

Recurrent epidemics:

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

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

Outbreak dynamics

min S l I(t)/\

Time (t)

log(I(t)

Susceptible buildup

S(H)

© 2015 Sakurai, Matsubara & Faloutsos

s kumamoto-u.acjp/
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MU Cs

Recurrent epidemics:

% Outbreak or skip? C=
*» Conditions for predicting “outbreak vs. skip”
— SIR model with high/low seasons

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

a Outbreak
. minS € | e |(t) Outbreak
_
X .

= [ /\ Sklp

an

=)

—

Time (t)
Susceptible buildup
i g
S(t)
hitp://www.cs kumamoto-u.acjp/
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 63
‘MU CS

Kumamoto U

Epidemics - roadmap

2R A. Non-linear (gray-box)
T E| modeling!
Solutions M
- Outbreak vs. SKips [Stone+ Nature’07] : "

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

N

htp://www.cs kum:

s kumamoto-uacjp/ .
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos
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_ minS - lymm I(t)

= [ }\ Skip

an

2 VAN
Time (t)

http://www.cs kumamoto-uacjp/
asuko/TALKS/15-SIGMOD-tut/

U Cs.

Recurrent epidemics: 2&
in?
Ou':break Or Sklp ° [Stone+ Nature’07]

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

Susceptible buildup

S(1)

© 2015 Sakurai, Matsubara & Faloutsos

62

~y:

p Outbreak or skip?

* Conditions for predicting “outbreak vs.[StsOlZ;j?mem
— SIR model with high/low seasons
Phase plane diagram (S vs. log(I))
Outbreak

Recurrent epidemics:

Y: recover rate
M: birth/death rate
B,:infection rate

~ minS € | % X: time period
* 1
g Threshold S_: “Outbreak vs. Skip”
So > Sc= v _ B = epidemic
Bo 2
if So < S there is a skip in the following year.
=T

http://www.cs kuma .
64

moto-uacp/ .
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos

Kumamoto U

Ecological interference
between fatal diseases
Q. Any relationship (i.e., interaction)
between two different diseases

(e.g., measles vs. whooping cough)?

MU CS

http://www.cs kuma "
66

© 2015 Sakurai, Matsubara & Faloutsos

moto-uacjp/
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Kumamoto U

Ecological interference «g

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

VS 38
hitp://www.cs kumamoto-u.acp/ . -
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 67

Kumamoto U

Ecological interference

between fatal diseases

[Rohani+ Nature’03]

Weekly case fatality reports for two diseases

MU CS

| — measles — Whooping cough |

Weekly deaths =

Birmingham Glasgow
< d
2. 12=
S g0
2 op i ¢ ; 1 = ot WMl ; )
w , ,
@
|

Weekly deaths @
.o 3

Kumamoto U

Ecological interference «g
between fatal diseases

[Rohani+ Nature’03]

Weekly case fatality reports for two diseases

| — measles — Whooping cough |

Birmingham Glasgow

Biennial

Weekly deaths 0

200 M [ M v

off A L
e " "] (opposite)
L) Bl
: o io  cycles
g \ N 3 L"
= ooy T ! ! A = off T T N, {

Berlin Liverpool

http://www.cs kumamoto-u.ac.jp/ . N
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 69

b R o M
o © 2015 Sakurai, Matsubara & Faloutsos 68
Ecological interference
3 between fatal diseases

Extension of SIR model [Rohani+98]

Susceptible (2) ’

htp://www.cs kumamoto-uacjp/

Immunity k

~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos
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cs

Ecological interference «g

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

Recovered, g,
© 2015 Sakurai, Matsubara & Faloutsos

htp://www.cs kumamdto-u.ac.
~yasuko/TALKS/15-SIGMOD- (u(/

Ecological interference

dSsss
dt

&

© 2015 Sakurai, Matsubara & Faloutsos

-

between fatal diseases
Equations for 3 disease model

[Rohani+ Nature’03]

= vN(1 - p) — uSsss

S
M(Ium +Iier + Irrr + Irrr)

1)S.
(1) B Tt T + Trane + Tra)

1S
M([ﬁm + Inrs + Irea + Irrr)

MU CS

dlyrr it )5ss~
& = 7(’“11:*’11:1 + I+ Irrr)
(1 +y) I 'ﬁ'
Al Bi(t)Ssrs
= = %(lmﬂm+1n-k+1”f,)
— (p+") e -ﬁ-
hitp://www.cs kumamoto-u.acp/
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 72
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Kumamoto U

MU Cs Kumamoto U

. i FUNNE], Metsibara+ ko014 e
ppdemies rondmap g with a single epidemic

Non-linear (gray-box) e.g., Measles cases in the U.S.
T E modeling!

i Shocks,
[ K -V c.g. 1941
Solutions M "

LA \JL'(MM ) ﬁ llM\ duh”ww ik

- E1. Outbreak vs. SKips [Stone+ Nature’07]

1930 1940 1950 1960 1970 1980
- E2. Interaction between diseases [Rohani+ Nature’03] vear
Yearly (Weekly) .
- E3. FUNNEL [Matsubara+ KDD*14] periodicity Vaccine
i s cslemamoto-sacip/ o N - T —— o effect
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 73 ~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Falout 74
Kumamoto U FUNNEL [Matsubara+ KDD’ 14] CMU CS Kumamoto U

FUNNEL [Matsubarat KDD’14] MW

with a single epidemic
With a single epidemic: Funnel-RE

with a single epidemic
With a single epidemic: Funnel-RE

People of 3 classes 10000 Linear = S(t) — B(t)e(t)SE)I(t) +yV (t) — O(t)S(t)
S : Susceptible 5000 [T+ D= I@t) +BE)e®)SE)I(t) — 6I(t)
{ : $f§cl:ted/ I(t) ~ L V(it+1)= V(t)+8I(t) —yV(t) + 0(t)S(t) 3)
/@ Vigilant 0 W
vaccinated ~ e Year [ Grgra S(t) : susceptible € (t ) ﬁ(t)
S(t) ﬂ(t) S(t) R I (t) : Infected
V() V0

V(t) : Vigilant

<Q9(t) I(t) / /Vaccinated Y <Q9(t )
}] 1930 1953 1970 .

ear

htt k to-
y k /TAI K§/1 S-SIGMOD.1 / © 2015 Sakurai, Matsubara & Faloutsos 5 ly’a’u\/\:{mx;iyﬁa:?l\z&fidff © 2015 Sakurai, Matsubara & Faloutsos
Kumamoto U FUNNEL [Matsubara+ KDD’14] " Kumamoto U

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

= S(t) - BOEDSHIE) +V () —p@S )
= I()+BB)SMIE) —[8I)

with a single epidemic
With a single epidemic: Funnel-RE
= S(t) —[Bet)S®I(®) +~V (t) - 6(£)S(2)
IE+D= I(t) HB@Be®)SMI() - 8I(t)

V(t+1)= V() +3I(t) — V(L) +0(t)S(E) ®3) Vie+1)= V() +oI®) — V() +@)s) 3
B(¢) : strength of infection g(t) /3(;) . 8(t) /J’(t)
(yearly periodic func) d : healing rate
2 () : disease reduction effect
B#) = Bo - (14 Pu - cos (3t + ) @(r) @(t
P, = 52 o (t<ty)
’ ./E] e(t)—{ 6o (6> to)
otk ALK 550D/ © 2015 Sakurai, Matsubara & Faloutsos e tria oo ©2015 Sakurai, Matsubara & Faloutsos 78
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K'""("“’” FUNNEL [Matsubarat KDD’14] MW
with a single epidemic
With a single epidemic: Funnel-RE

= S(t)— BEIE@SHIE) + V() — 0(H)S(t)
= I(t)+ BE@®BOI() — 8I(t)
V(t+1)= V(&) +8I(t) — V() +0(t)S(t) ®3)

O B(1)

. y <@§2@

http://www.cs kumamoto-u.acjp/ .
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 79

£(t) : temporal susceptible rate

( Part2 | Roadmap

 Why: “non-linear” modeling

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

| Applications |
 Epidemics
- Information diffusion

- Online competition

http://www.cs kumamoto-u.acjp/ .
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos

mmmmmm MU Cs

( " Information diffusion
in social networks

A

flickr- " delicious

You{[)

Q. How news/rumors
g spread in social media?

hitp://www.cs kumamoto-u.acjp/ . .
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 83

© 2015 Sakurai, Matsubara & Faloutsos

KurggotoU FUNNEL [Matsubarat KDD’14] M
with a single epidemic
With a single epidemic: Funnel-
EEE s
T+1)- 1)
®) +0®S®) 3
/ O 5,
&) te E’ \'
; @90)/@
+ tensor analysis v 5
Ao/ Slevob-ak)  © 2015 Sakurai, Matsubara & Faloutsos 80

MU CS

Information diffusion g
in social networks

Kumamoto U

flickr- u® delicious

You ([T
’ witter¥)

http://www.cs kumamoto-u.acjp/ . :
~yasuko/TALKS/15-5lGMoD-ut/ _ © 2015 Sakurai, Matsubara & Faloutsos 82
Kumamoto U MU Cs

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

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

@
2
8
E 100|
E
5
=
20 40 60 T BO(h 10)0 120 140 160
ime (hours)
« » (per hour, 1 week)
yes we can °
£ 100
z
s
£ 50|
5
=
20 40 60 80 100 120 140 160
http://www.cs kumamoto-uacjp/ X Time (hours)
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 84
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Kumamoto U CMU Cs Kumamoto U CMU Cs
News spread News spread
in social media B in social media
MemeTracker [Leskovec+ KDD’09] R MemeTrader * Twitter (# of hashtags per hour)
- Short phrases sourced from U.S. politics in 2008 . “fassange” | g™ “Hstevejobs”
“you can put llpstlck on a pig” (# of mentions in blogs) g i
] News ] 50 e 10 150 0 50 e 100 150
Breaking g 100 spread (per hour, 1week) (per hour, 1 week)
news  —7 N[V M, oezmmmmmmmms * Google trend (# of queries per week)
20 40 60 _ 80°~~100 120 _140_ 460" ‘e e « . ” R
) ) Time (hours) (per Rour, 1 week) tsunami” (in 2005) harry potter” (2010 - 2011)
yes we can Y moE
1o g
g 55 %
g 50 \ ------------ -, 10 20 a(_)r 40 50 60 0 20 “Toime 1weeSEs) 80 100
* 20 40 60 _ 807~ - 120 14D~ AeT (per week, 1 year) (per week, 2 years)
http://wwiw.cs kumamoto-u.ac,p/ . Time (hours) http://wwiw.cs kumamoto-u.acjp/ .
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 85 ~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 86
Kumamoto U CMU Cs Kumamoto U CMU Cs
News spread News spread
in social media in social media
H h ‘7 [Crane et al. PNAS'08]
Q. How many patterns are there ¢ The volume of Google searches
—Four classes on YouTube, etc.
[Crane et al. PNAS’08] |
A B

tsunami harry potter movie

—Six classes on Social media

[Yang et al. WSDM’11] ’g

2005 Apr 2007
< e « ERY)
Tsunami Harry potter movie
http://www.cs.kumamoto-u.ac.jp/ . http://www.cs.kumamoto-u.ac.jp/ . N
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 87 ~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 88

MU CS

Kumamoto U MU Cs Kumamoto U

News spread News spread
in social media in social media

[Crane et al. PNAS'08]
* The volume of Google searches

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

%}Et):saHZumﬁ(t—ti)

Symmetric
relaxation

Sudden peak &
Rapid relaxation

A B
Sunami harry potter movie 3.t <t
2005 Apr 2007 Jul 2007 ot 2007
“Tsunami” “Harry potter movie”
(Exogenous) (Endogenous) *[Hawkes+ 1974]
http://www.cs.kumamoto-u.ac.jp/ http://www.cs.kumamoto-u.ac.jp/
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 89 ~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 90
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Kumamoto U

News

spread

in social media

dB(t)
Cdt

Rate of
spread of
infection/

propagation

htp://www.cs kumamoto-uacjp/
~yasuko/TALKS/15-SIGMOD-tut/

Exogenous
/External
source

=S+ Dl

MU Cs

[Crane et al. PNAS'08]

* Based on self-excited Hawkes Poisson process*

1,6, <t

(Bt — 1)

# of
Potential
viewers

© 2015 Sakurai, Matsubara & Faloutsos

Decaying
virus/news
strength

*[Hawkes+ 1974]

91

Kumamoto U

News spread

MU CS

in social media

[Crane et al. PNAS'08]

» Based on self-excited Hawkes Poisson process*

dB(t)
Cdt

=S+ >

(Bt —t)

1,6, <t
= " - Decaying
ial virus/news
G(t) ~ — (0<0<1) /
ti+o ers strength
o (Power law)
*[Hawkes+ 1974]
http://www.cs kumamoto-u.acjp/ .
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 92

Kumamoto U

News spread
in social media

* Four classes on YonTuha
Sub-Critical

MU Cs

[Crane et al. PNAS'08]

Critical

http://www.cs kumamoto-uacjp/
~yasuko/TALKS/15-SIGMOD-tut/

i
2
¢
H

3
2
H
s

Peak Fraction, F

Views per day

Exogenous Endogenous

®

Peak Fraction, F

Views per day

Time

2015 Sakurai, Matsubara & Faloutsos

Kumamoto U

News spread

MU CS

in social media

[Crane et al. PNAS'08]

* Four classes on VonTithe

htp://www.cs kumamoto-uacjp/
~yasuko/TALKS/15-SIGMOD-tut/

1
=n—sc(t) ~ (), Aen—c(t) ~ —i2
% §:
i H
& >l
A ! Acx—c(t) ™ —~
bare (1) o ex=c -ty

O
Peak Fraction, F

Views per day

Exogenous Endogenous

Time

©

Peak Fraction, F

Views per day

2015 Sakurai, Matsubara & Faloutsos 94

Kumamoto U

News spread
in social media

* Four classes on YonTuha

A

MU Cs

[Crane et al. PNAS'08]

Harr

Apr 2007

y [\ Potter

i 2007 Oct 2007

Aen—c(t) ~

1

It — =2

LI:.IJ A () 2

A

htp://www.cs kumamoto-uacjp/
~yasuko/TALKS/15-SIGMOD-tut/

\ Tsunami

2005

Views per dal

o

Time

© 2015 Sakurai, Matsubara & Faloutsos

Kumamoto U CMU CS
News spread
in social media
* Six classes of information diffusion
patterns on social media [Yang et al. WSDM’11]
1 100, 100
50| 50 50 k
0 50 100 GO 50 100 G0 50 100
100 100 100
50| SOk 50//\«/\
0 50 100 00 50 100 00 50 100
o © 2015 Sakurai, Matsubara & Faloutsos 9%

© 2015 Sakurai,

Matsubara & Faloutsos
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News spread News spread
in social media in social media
Q. How many patterns are there, after all? A. Our answer is “ONE”!
JL_ A A single non-linear model !
L L il “SpikeM”
100 10 100
B I B R S I N
50 50 %0 i ] iq A g
H
0 50 100 0 50 100 % 50 100 == 4 @ w10 1 20 w0 s 80 100 120 T 0 & 0 10 120
1 1 100
50 50 50 2 5 | £ 5 £ 5 3
o | b k ' o
0 50 100 0 50 100 0 50 100 20 40 eo 80 100 120 20 40 %umasu 100 120 20 40 $3“Ew 100 120
e evomar© 2015 Sakurai, Matsubara & Faloutsos 97 s e sevony © 2015 Sakurai, Matsubara & Faloutsos 98

U cs

% H Q ? 3 [Matsubara+ KDD’12] ?mu Rise and fall patterns g
leaB & P in social media

SpikeM captures 3 properties of real spike
Rise and Fall Patterns of 1. periodicities
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://ww !m //wwn

ma kum, a
e e Sioonr,  © 2015 Sakurai, Matsubara & Faloutsos 99 s TS

n
=]
o

# of mentions
)
o

o

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

© 2015 Sakurai, Matsubara & Faloutsos 100

( Rise and fall patterns é”g “"( Rise and fall patterns ég
. in social media . _ in social media .
SpikeM captures 3 properties of real spike SpikeM captures 3 properties of real spike
1. periodicities 1. periodicities s.power-law fall
2.avoid infinity 2.avoid infinity /
, 200 ‘ // ; ; ; ; ,» 200 \ ‘ / ‘ ‘
E’ 1001 E’ 100
2 0 0 80 100 120 140 160 %720 40 “e6-..80 120 140.-460""
Time (hours) T|me750ur§)' """
oo © 2015 Sakurai, Matsubara & Faloutsos 101 o © 2015 Sakurai, Matsubara & Faloutsos 102
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#  Rise and fall patterns 7 o
4 . ;A pad g 5 Main idea (details)
in social media _ '
SplkCM captures 3 properties of real spike - 1. Un-informed bloggers (clique of N bloggers/nodes)
1. periodicities 3.power-law fall
2.avoid infinity
, 200 \ \ —— . ‘ / ‘
S
§ 100
1‘: 0 . ./ Time n=0
20 40 ‘*es.T._a%ﬁ s ___1_____1.49-—4-60’
ime (noursT Nodes (bloggers) consist of two states
SpikeM Cizi;agp;;&epk;izz‘;?;zf real spikes Q = Un-informed of rumor
iAo/ Slemob-ae)  © 2015 Sakurai, Matsubara & Faloutsos 103 finity 9 - informed, and Blogged about rumor 04

MU CS

MU Cs

Main idea (details) g y 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)

il it R Doy

Time n=0 Time n=nb Time n=nb+1

S
- 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

Infectiveness of a blog-post
B - Strength of infection (quality of news)
f(i’l) - Decay function (how infective a blog posting is)

External shock

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

htp://w

MU CS

S Main idea (details) g y SpikeM-base (details)
- 1. Un-informed bloggers (clique of N bloggers/nodes) Equations of SpikeM (base)
. 15 news) Z
Decay function: f(n)=g*n"" AB(n+1)=U(n)- 2(AB(t)+S(t))~f(n+l—t)+s
Linear scale Log scale B Blogged t=ny,
(« '™ TN <. Un+1)=U(n)-AB(n+1)
} x Un-informed
n n Time n=nv+1 N - Total population of available bloggers
] B - Strength of infection/news
Infectiveness of a blog-post n,,S, - External shock S, at birth (time 72, )

B - Strength of infection (quality of news) e - Background noise

n f(l’l) - Decay function (how infective a blog posting is) http/wwwiesku
e o © 2015 Sakurai, Matsubara & Faloutsos 108
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CMU Cs
& SpikeM - periodicity
Full equation of SpikeM
AB(n+1) < p(n+1){|Un)- E(AB(t)+ S(0): f(n+1-1)+e
Blogged Periodicity | t=ny,
Un+1)=Un)-AB(n+1)
Un-informed 12pm
Peak activity 3am
) activity \ Low activity
Bloggers change their
activity over time /\//\Ij(n)
(e.g., daily, weekly, yearly)
Time n
iAo/ Slemob-ae)  © 2015 Sakurai, Matsubara & Faloutsos 109
CMU Cs

Analysis

SpikeM matches reality
exponential rise and power-raw fall

S

rise fall

100 ---8l
—— spikeM
50 Original 1

0 . h n
30 40, 50 60 TYO 80 90 100 110 120
ime

Value

SpikeM vs. SI model (susceptible infected model)

hitp://www.cs kumamoto-u.acjp/ .
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 111

&, 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,0)= E(X(Vl)-AB(n))2
n=1
Ao/ Slevob-ak)  © 2015 Sakurai, Matsubara & Faloutsos 110

Analysis

rise f
100

@
E
S| 50

Rise-part

o ™ exponential

Linear-| %\\;
log 10° cr———
1o || SpikeM: exponential
SI model: exponential

Log-
log e o
hitp://www.cs kumamoto-u.acp/ .
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 112

CMU Cs
.
S Analysis
all
S|
g ——spikeM
§ o Original
5’0 éO 0 80 90 100 110 120
ime
Fall-part :ﬂi“ear'
. (0]
SpikeM: power law 8
SI model: exponential
Log-
SpikeM matches reality log
hitp:/ /www.cs.kumamoto-u.ac,p/ )
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 113

MU CS

e Q1-1 Explaining

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

100 © Original 100 o Originalll 4o o Original
— SpikeM £ — SpikeM ﬁ. — SpikeM
%

Value

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

100) a © Original 100l = Original 100l © Originall
— SpikeM — SpikeM — SpikeM
2 ] 2 H E]
£ 50 | £ 50 $ s 4
20 40 60 80 100 120 20 40 60 80 100 120 20 40 60 80 100 120
Time Time Time

» SpikeM can generate all patterns in K-SC

© 2015 Sakurai, Matsubara & Faloutsos

hitp://www.cs kumamoto-u.acp/ X
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MU Cs

Kumamoto U Ql_z MatChing

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

. Q1-3 Matching

MU CS

Twitter data
Twitter data (hashtags)

http://www.cs kumamoto-uacjp/
~yasuko/TALKS/15-SIGMOD-tut/

Linear scale
) —a8n | | —aB(n)
100} L Original ool | Originall
3 | 2 L
£ EN
50 100 150 g 50 100 150
Time. Time.
N =002, beta™N-1 41  Neoa7s, beN200
— 10
U(n) o\
g 107l Original| 2 s M
3 < 3104 o
s ¥ SP A
“F Ut | A
10 10 5
Log scale Time Time
(a) Fassange (b) Fstevejobs (©) #arresteddevelopment

It can generate various patterns in social media

© 2015 Sakurai, Matsubara & Faloutsos 116

Kumamoto U MU CS

Q2 Tail-part forecasts

- Given a first part of the spike

- forecast the tail part

N =5960, beta*N=0.7 N =3481, beta*N=1.2

T
! ——spikeM 1 —spikeM
! ---AR N ---AR
2 ) —Original 2 I —Original
© 10 b g 0 10 ( 9
30 U 3
g /\/\/\/\/\ i
RN
i K
100 | ! DR 10° Lot e -
0 50 100 150 0 50 100 150

Time (per hour) Time (per hour)

SpikeM can capture tail part (AR: fail)

Linear scale
= I - I -
5 100 2 200| * 3 of
“ w T R
TN 5 o N gy
50 “m;oo 150 —o0 T\m;m 750 50 Tmjuo 150
10* N =625, beta"N=073 " N =3529, beta*N=0.81 10,
AB(n) 10 )
Uln)
s Original| U o
Em; 1 Original §mg ey
Ao . o |
o = s
L e ' ° 10 Noise-robust [
ogscale  Time Time s
fitting
SpikeM can fit various patterns in blog Outliers
oo © 2015 Sakurai, Matsubara & Faloutsos 115
Kumamoto U N MU Cs
Q1-4 Matching
Google trend data
Volume of searches for queries on Google
100 }‘ 100
1 ‘\ S
g sof | E
‘ \ b %
0 . . ks & e
20 40 60 10 20 30 40 50
Time Time
(a) “tsunami” (2005) (b) “Harry Potter” (2007)
SpikeM can capture various patterns
o AR /15 Scmoneny  © 2015 Sakurai, Matsubara & Faloutsos 117
CMU Cs

Al. “What-if” forecasting

Forecast not only tail-part, but also rise-part!

(3) Two weeks before release
T

. (1) First spike (2) Release date
T

<>
S

November 19, 2010

L
"Deathly Hallows part 1", July 15, 2011

“Death\y: Haﬂ\ows part 2"
[
N
|

July 15, 2009
"Harry Potter and

‘(‘)‘
It
v
o
v
o
N
R
I
|
I
the Half-Blood Prince" |
1
I
I
,

150 200
Time (per week)

e.g., given (1) first spike,
(2) release date of two sequel movies
(3) access volume before the release date

hitp://www.cs kumarhotd-uac. X
~yasuko/TALKS/15-SIGMOD-t [u[/ © 2015 Sakurai, Matsubara & Faloutsos
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MU CS

Al. “What-if” forecasting

Forecast not only tail-part, but also rise-part!

(3) Two weeks before release
T

(1) First spike (2) Release date
T

80 T
> <
November 19, 2010 Jull/ 1;$ 011
r "Deathly Hallows part 1"
60 v p AN “Dealh\y; Hq}lows part 2"

o
2 40f
s July 15, 2009
"Harry Potter and
20+ the Half-Blood Prince"

150 200
Time (per week)

SpikeM can forecast upcoming spikes!

http://www.cs kumamoto-uacjp/

~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos
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A2. Outlier detection

—Fitting result of “tsunami (Google trend)”
—in log-log scale

Mar. 29 4 earthquake

Scientists puzzled

Another

no tsunami

after quake Dec. 26

World marks|
tsunami

10 Dec. 26
Indian Ocean
earthquake

3

0 1
10 Time (per1v(v)eek)

hitp://www.cs kumamoto-u.acp/ .
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos

One year after
anniversary Indian Ocean

T earthquake

MU Cs

121
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A3. Reverse engineering

SpikeM provide an intuitive explanation

PDF of parameters over 1 000 memes/hashtags
N

30.2 u_
a 01 n_005 n_01
o il

0 5000 10000 0 0 10 20

(a) MemeTracker
N BN

0.4 0.1
w n w02
E 02 o 0.05 o 0.1I
0 0 0 —ve
1 2 0 10 20
x 10" .
(b) Twitter
wacsp/

P
s

huapiy e

~yasuko/TALI 0D-tut/ © 2015 Sakurai, Matsubara & Faloutsos 122

N ‘ B N

MU Cs

Observation 1

Total population N is
almost same

N =1,000 ~ 2,000

0 5 ! 0 1 2 0 10
(b) Twitter

“omobt  © 2015 Sakurai, Matsubara & Faloutsos

huagry e
~Vhodko/ TALKS,

u_u.v\l
0

123

MU CS

SpikeM provide an intuitive explanation
PDF of parameters over 1,000 memes/hashtags

BN 3 P
Observation 2 uw %m
Strength of || =° °z ”"(‘)h . __j
first burst ° o 02

Observation 3

Daily periodicity

with phase shift P =0
Every meme has the same
periodicity without lag
AL B*N
(Twitter)

Daily periodicity with

more spread in P, }
(i.e., Multiple time zone)

hitpe//www.cs kumamoto-uac)p/ .
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos
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(news) is : 1 b
BN i .
0.1 i m
05| Eé 0.1[I
00 ! 5 OO 2 § 00 10 20
X10__(b) Twitter ]
Ao/ Slevob-ck)  © 2015 Sakurai, Matsubara & Faloutsos 124
Kumamoto U “‘ H \\“ MU CS
Part2 | Roadmap (1 |
(1]
Problem J H \
|
 Why: “non-linear” modeling [ 1 \
[ 1
| Fundamentals | “ H \
. |
+ Non-linear (grey-box) models || H
| Applications | I ~
« Epidemics , |
. e J ‘
/ Information diffusion ' vs. @ J |
- Online competition
o/ TR 5 Senoboy  © 2015 Sakurai, Matsubara & Faloutsos || | 26
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MU CS

- #  Online competition g
in social networks

s amazon
x .

#  Online competition
in social networks

&>

flickr- u® delicious

You ([T
’ witter¥)

flickr- " delicious

(1 Tube]
kwitter¥)

Q. How can we describe

e “virtual competition”?

Ify[ /1 /TA! K§/1 5 SIGMOD-u (/ © 2015 Sakurai, Matsubara & Faloutsos 127 o /<< /TAJ Ki/1 5-SIGMOD-1u [/ © 2015 Sakurai, Matsubara & Faloutsos 128
#  Online competition = “"( Online competition ég
- roadmap - roadmap

B A Non-linear (gray-box) ¢®  A. Non-linear (gray-box)
X modeling! or modeling!

Solutions M Solutions

- Winner-Takes-All [Prakash+ WWW’12] - Winner-Takes-All [Prakash+ WWwW’12]
- Co-existence of the two viruses [Beutel+ KDD’12] - Co-existence of the two viruses [Beutel+ KDD’12]
- The Web as a Jungle [Matsubarat WWW’15] - The Web as a Jungle [Matsubara+ WWW*15]

hi tq // h m / fww
ko/

130

oto-u.acjp/ .
OD-tut/ © 2015 Sakurai, Matsubara & Faloutsos

129 suko, /TAJ Ki

© 2015 Sakurai, Matsubara & Faloutsos

MU Cs Kumamoto U MU CS

Competing contagions g Competing contagions
[Prakash+ WWW'12]

[Prakash+ WWW'12]
Contagions: viruses, online activities

green: virus 1
red: virus 2

& vs. @

Q. What happen when two viruses compete? 0 50 100 150 200 250 300 350
Time

,H,A§$UMJ;I., Y1rus 1 is stronger than Virus 2
132

© 2015 Sakurai, Matsubara & Faloutsos

# of Infections

iPhone v Android Blu-ray v HD-DVD

131 ~yasuko/TALKS/15-SIGMOD-tut/

hitp
~yast /1 /TA! K§/1 @l« MOD( (/ © 2015 Sakurai, Matsubara & Faloutsos
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Kumamoto U

# of Infections

Competing contagions

green: virus 1
red: virus 2

MU Cs

[Prakash+ WWW'12]

htty Vs Rumal A%acipy
~yasuko/TALKS/15-SIGMOD-tut/

Q: What happens in the end?

© 2015 Sakurai, Matsubara & Faloutsos 133

Kumamoto U

12
=
o
S
o
&
=
S
=]
#0020
0

~yasuko/TALKS/15-SIGMOD-tut/

Answer:

Winner-Takes-All! , . Gov

MU Cs

green: virus 1
red: virus 2

150 200
Time
~ASSUME:; Virus 1 is stronger than Virus 2

0 50 100

f Winner!
£

© 2015 Sakurai, Matsubara & Faloutsos 135

'

Die-out |

250 300 350

Kumamoto U CMUCs
Competing contagions
[Prakash+ WWW'12]
1
green: virus 1
red: virus 2
2 ’
g ’
& /7
= J »°
S
=]
** ~ FFootprint @ Steady State
0 - Footprint @ Steady State
Q: What happens in the end?
]:[;’awkn/T‘Af;SﬂSa—SlL)M})ﬂ[)a—c[;ﬂi[// © 2015 Sakurai, Matsubara & Faloutsos 134
MU Cs

Kumamoto U

A simple model

[Prakash+ WWW'12]

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

Virus 1

I Virus 2

hy hep / fwrwn

suko, /TAJ Ki/1 su MOD tut [/ © 2015 Sakurai, Matsubara & Faloutsos

Kumamoto U

Result:

MU Cs

Winner-Takes-All , .. Gy

Given this model,
and any graph,

the weaker virus always
dies-out, completely

Facebook
- MySpace

0 T ——
050 100 150 200 250 300 350
ime

htp://www.cs K
~yasuko/TALI K§/1 S-sioMoL.

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) =Af /8 - same as before!

D tut (/ © 2015 Sakurai, Matsubara & Faloutsos 137

© 2015 Sakurai,

Matsubara & Faloutsos

Kumamoto U MU Cs
13 99
Real Examples of “WTA
[Prakash+ WWW'12]
[Google Search Trends data]
el Reddit 1 10
é‘“ 0 - D'ggr ) 1 g 0 Christmas Sales
P | f P« [
f 40 | pie, ﬁ 40 t | }l
A A
3 K 3 :
0 0 50 100 150 200 250 300 350 400 450 0 0 50 100 150 200 250 300 350 400 450
Time Time
Reddit v Digg Blu-Ray v HD-DVD
, ddit - Gl =2 £
m /CV‘;?;J K MOD-t ‘[/ =urai, Matsubara & Faloutsos 138
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Kumamoto U MU Cs Kumamoto U

Online competition g Interacting Viruses:
in social networks Can Both Survive?

Real example of “co-existence”

MU CS

B A. Non-linear (gray-box)

T modeling!

- Co-existence of the two viruses [Beuter+ kKpp’12]

[Google Search Trends data]

Solutions

Invilw

Search Quantity

- Winner-Takes-All [Prakash+ WWW* 12]

- The Web as a Jungle [Matsubara+ WWW*15]

http://www.cs.kumamoto-u.ac.jp/ . . http://www.cs.kumamoto-u.ac.jp/ .
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 139 ~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 140

Time

Kumamoto U MU Cs Kumamoto U MU CS

Interacting Viruses:
. A simple model: S7,,S
Can Both Survive? g « Modified flu-like (SIS) |

Real example of “co-existence” * Susceptible-Infected, ,, ,-Susceptible
[Google Search Trends data] * Interaction Factor &
0 .
— Full Mutual Immunity: ¢ =0
R — Partial Mutual Immunity (competition): £ <0
£ : P A\
3 Chrome v Firefox — Cooperation: ¢ > 0 B c. &6/
g N\ ,
& ‘. Yy
K2
el ot — —7
0 20 40 60 80 100 120 140 160 180 Virus 1
Time ® 1
oo © 2015 Sakurai, Matsubara & Faloutsos 141 o o/ TALK o oo ae o7
Kumamoto U . CMU Cs Kumamoto U MU Cs
Question: Answer: Yes!
What happens in the end? There is a phase transition
£=0 e=1 £=2 S ey papeyege g oo R
Winner takesall ~ Co-exist independently  Viruses cooperate g orp | E
& o6 g
5 5 o5 5
£ g 03 k<4
i S o e L
1 . Sl S AN
H = o1 I iye (Theory) —— I
0 ! 0.2 0.4 0.6 0.8 1 0 100 200 300 400 500 600 700 800
Corical Interaction Factor (¢) Time

What about for 0 <& <1?
Is there a point at which both viruses ) ) .
ASSUME: Vit can co-exist? ASSUME: Virus 1 is stronger than Virus 2

http://www.cs.kumamoto-u.ac.jp/ . http://www.cs.kumamoto-u.ac.jp/ .
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 143 ~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 144
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Answer: Yes! Answer: Yes!
There is a phase transition There is a phase transition
e ; .
g o7f k| i
g o6l | g g
5 o5 | 5 o5 RPNy SEE T S
g 04 g 04 é
< o 2 St L TR
£ o1 iy 5 (Simulation) S os iy 5 (Simulation) £
£ *; (Theory) 2 | (Theory) —— | £
g o x; (Theory) g o % (Theoy) — 8
o1 | i1 (Theory) } o1 | i1z (Theory)
0 P02 0.4 06 0.8 1 20 40 60 80 100 120 140 0 i 0.2 0.4 0.6 0.8 1
Ecritical  Interaction Factor (e) Time Eoritical  Interaction Factor (¢)
ASSUME: Virus 1 is stronger than Virus 2 ASSUME: Virus 1 is stronger than Virus 2
A 1 Siconr,  © 2015 Sakurai, Matsubara & Faloutsos 145 A e Siooner,  © 2015 Sakurai, Matsubara & Faloutsos 146
Result: ( Online competition g»
Viruses can Co-exist in social networks
Given this mode.l and a fully connected & A. Non-linear (gray-box)
graph, there exists an €., such that T PR
- eriti . modeling!
for € 2 € .o, there is a fixed point
where both viruses survive. Solutions @J\:f[ K
1. Tbe strc?nger survives only if it is. above threshold - Winner-Takes-All [Prakash+ WWW’12]
2. Virus 1 is stronger than Virus 2, if: . .
strength(Virus 1) > strength(Virus 2) - Co-existence of the two viruses [peutet+ Kpp'12]
3. Strength(Virus)o=N@ /8 - The Web as a Jungle [Matsubara+ WWW-15]
e e Sioonr,  © 2015 Sakurai, Matsubara & Faloutsos 147 A e Siomoner,  © 2015 Sakurai, Matsubara & Faloutsos 118

m [Matsubara+ WWW?15] ?mu Given: online user g
il activities

The Web as a Jungle. e.g., Google search volumes for
Non-Linear Dynamical Xbox, PlayStation, Wii, Android
Systems for Co-evolving

Online Activities

Yasuko Matsubara (Kumamoto University)

Volume @ time

Yasushi Sakurai (Kumamoto University)

ol L J
Christos Faloutsos (cMU) ( 2004 2006 2?—?,?"3 (ﬁggﬁy) 2012 2014

http://www.cs.kumamoto-u.ac.jp/ . http://www.cs.kumamoto-u.ac.jp/ .
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 149 ~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 150
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MU Cs

MU CS

y & Given: online user g

(’” Given: online user g

activities
e.g., Google search volumes for

Xbox, PlayStation, Wii, Android

Volume @ time
o
(4]

VALY

Y

0f o -
2004 2006 2008 2010 2012 2014
Time (weekly)
oo © 2015 Sakurai, Matsubara & Faloutsos 151
Kumamoto U . . CMUCS
( Given: online user g
activities

e.g., Google search volumes for

2. (Hidden) interaction
between keywords

Android

droid

activities
e.g., Google search volumes for

, Android

1. Exponential growth

[
Android

Volume @ time
o
(6]

',

1Y

oM i - v ]
2004 2006 2008 2010 2012 2014
Time (weekly)

o ol Ve, v
2004 2006 2008 2010 2012 2014
Time (weekly)
oo © 2015 Sakurai, Matsubara & Faloutsos 153
Kumamoto U . . CMUCS
( Given: online user g
activities

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

o 1 L1 | | '|

Goal: find patterns and rules
“fully-automatically”

Vg

Y

ol
2004

2006 2008 2010 2012 2014
Time (weekly)

htp://www.cs kumamoto-uacjp/
~yasuko/TALKS/15-SIGMOD-tut/

© 2015 Sakurai, Matsubara & Faloutsos 155
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e.g., Google search volumes for

ion, Wii, Android

3. Seasonality

T

Volume @ tim
o
(6]

r
M

1Y

hitp://www.cs kumamoto-u.acp/
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 152
Kumamoto U . o ) ‘MU CS
Given: online user
o e e
activities

Time (weekly)

ol b b
2004 2006 2008 2010 2012 2014

s © 2015 Sakurai, Matsubara & Faloutsos 154
Kumamoto U CMU CS
Problem definition

Given: Co-evolving online activities
X (activity x time) d1
e [
o © 2015 Sakurai, Matsubara & Faloutsos 156
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Kumamoto U MU Cs

Problem definition

Given: Co-evolving online activities

X (activity x time) dI
—

n

Find: Compact description of X
EcoWeb

A B

- | §d0 m g

Kumamoto U MU CS

Problem definition

on-linear
evolution

0
hitp://www.cs kumamoto-u.ac.jp/ X
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 157
Kumamoto U ‘MU CS

Problem definition

Given: ;t() NO magic numbers !
*

I

Find: Comp

Parameter-free!

SRR | e

http://www.cs kumamoto-u.acjp/ X
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 159

hitp://www.cs kumamoto-u.acp/ X
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 158
Kumamoto U ‘MU CS

Modeling power of
EcoWeb

Questions

Q1 Q2 Q3

%
* ) amazon
i N

http://www.cs kumamoto-u.acjp/ .
~yasuko/TALKS/15-5lGMoD-ut/ _ © 2015 Sakurai, Matsubara & Faloutsos 160
Kumamoto U MU Cs

Kumamoto U MU Cs

Modeling power of
EcoWeb

Q1 |(games)
Who is the competitor?

Wii g .
x> _-" vs.

N

________

hitp://www.cs kumamoto-u.acjp/ .
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 161

Modeling power of
EcoWeb
A. Android!

x1 At
X
X

Fitting result - RMS| 17
|

% J - \ 2 Y AY RV A
2004 2006 200%'"“e (wggd& 2012 2014 I n te raC t'l O n
EcoWeb-Fit network
ey o saousd latent)

© 2015 Sakurai, Matsubara & Faloutsos
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Kumamoto U MU Cs

Modeling power of
EcoWeb
A. Android!

‘ Keyword

o Wn
t)  —p Strength of [Stton
"o interaction Android

o e = |nteraction

EcoWeb-Fit network
: (latent) .

http://www.cs kumamoto-u.acjp/ .
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutso!

MU CS

Kumamoto U

Modeling power of
EcoWeb
A. Android!

‘ Keyword

—» Strength of
interaction

oo mno = |nteraction

EcoWeb-Fit network
(latent) .

hitp://www.cs kumamoto-u.acp/ X
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutso!

Volume @ time

Kumamoto U MU CS

Modeling power of
EcoWeb

B (k=1) Christmas °

R

Black Friday i “‘
|

0.4
| \
[} ‘\ E3 ““\J‘
So2f| Summer |
| vacation |
o /

N

~ AR /
N -~/

Jan Mar May Jul Sep Nov
Time (weeks)

EcoWeb: seasonal component

y & Modeling power of -
EcoWeb
Q1 |(games)
Any seasonal events?
/..
x .-

Kumamoto U

Modeling power of
K.caWeb
E3: Electronic _ Christmas .

Entertainment |, .., I -
Expo (June) "

Summer |
vacation

So2

Jan Mar May Jul Sep Nov
Time (weeks)

EcoWeb: seasonal component

http://www.cs kumamoto-u.acjp/ .
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 167
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hitp://www.cs kumamoto-u.acp/
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Kumamoto U . ‘MU CS
Modeling power of
EcoWeb
LJ
Summer e
-

vacation

Jan Mar May Jul Sep Nov
Time (weeks)

EcoWeb: seasonal component

hitp://www.cs kumamoto-u.acp/ .
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 168
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Modeling power of _ # Modeling power of L
EcoWeb EcoWeb

B (k=1) Christmas ok i istmas N
— v x - Christmas *
i |

Black Friday “ l

0.4

| n
(November) s | = I\
= Soz2f| Summer | '

| l vacation | | vacation |

\ / \ /

\ /

0 (. /‘/W/\{WJ 0 \»\7\\ p”M\‘XV, )

Jan Mar May Jul Sep Nov Jan Mar May Jul Sep Nov
Time (weeks) Time (weeks)

EcoWeb: seasonal component EcoWeb: seasonal component

http://www.cs kumamoto-u.acjp/ .
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos

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

Modeling power of . # Modeling power of _
EcoWeb EcoWeb

B (k=1) Christmas O

i

Black Friday | “‘
|

o ST Questions

EN [V
So2f i Summer | Y

) L\\\\ v/a(iation | /“ Q 1 Q 2 Q 3

Jan Mar May Jul Sep Nov

Time (weeks) b amazon
* -~ N
EcoWeb: seasonal component

hitp://www.cs kumamoto-u.acjp/ .
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos
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y A Modeling power of - ya Modeling power of -
EcoWeb EcoWeb
- = " 0.0 i
Who is the competitor? P O Y §
gos f‘; l d>) 2 g
JCPenny [xomLs | M 2 3
' h So4 ‘3 o W uo_ <
VS. Ff:] R [? R A DIZMMZJ: - o i
:_ _ _5_ . ‘: 2(:)04 2006 Zq_l?ﬁe (wsgll\g) 2012 20\4‘ Nord Strom
NORDSTROM .
EcoWeb: Interaction network
oo © 2015 Sakurai, Matsubara & Faloutsos 173 o © 2015 Sakurai, Matsubara & Faloutsos 174
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y A Modeling power of -
EcoWeb
A2. Forever21! Kohls
e | o VS, |w
[~ Forever21 % | %
g sO)1+Ge
© 08 o =2
Eoq o o
go_z PV e Ve s Nl P . L
Z%wJCPenny Nordstrom
EcoWeb: Interaction network

MU CS

#  Modeling power of
EcoWeb

Q2 |(apparels)
Any seasonal events?

hitp://www.cs kumamoto-u.acp/ .
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 175

MU Cs

(’” Modeling power of
EcoWeb #

B(1 x52) , k=1
— b1]

0.2

Black
0 \ iday
Jan Mar May Jul Sep Nov

Back to
school

EcoWeb: seasonal component

hitp://www.cs kumamoto-u.acjp/ .
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 177

MU Cs

#  Modeling power of
EcoWeb

Q3 |(retails)
Any patterns/trends?

a@.a}o“ €osrco

‘B
EST

htp://www.cs kumamoto-uacjp/
~yasuko/TALKS/15-SIGMOD-tut/
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[

#  Modeling power of
EcoWeb

Questions
Q1 Q2 Q3
° amazon
)

hitp://www.cs kumamoto-u.acp/ X
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos

cs

#  Modeling power of

A. They are
all steadily
increasing!

2008 2010 2012 2014

o= I
2004 2006
Time (weekly)

hitp://www.cs kumamoto-u.acp/ X
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos

MU CS

EcoWeb = amazon

Walmart

Amazon, Walmart, Home Depot, Best buy, ...

30
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Modeling power of

EcoWeb s amazon
2 seasonal components "™ wira:

o1 |__Memorial Day Bfack Friday
— ¢ Labor Day/'b
0.2 \ N |
o\~ )
-/ 4thof July —~

-0.2
Jan Mar May Jul Sep Nov

hitp://www.cs kumamoto-u.acp/ .
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 181

Kumamoto U Modeling pOWer Of e
~ EcoWeb = amazon
tS Walmart

Black Friday sale
amazon €osrco

BE
Walmart

0

by Black Friday

_0 2 4th Of July ~ vV
““Jan Mar May Jul Sep Nov

Kumamoto U MU Cs

Modeling power of

EcoWeb = amazon
2 seasonal components "™ wira:

Black Friday
¥

Holiday sales Memorial Day

.ﬂ (\:‘,g v ‘Labor Day‘/
O N

<

~ 2 )
-/ 4th of July —~~

~ " Jan Mar May Jul Sep Nov

hitp://www.cs kumamoto-u.acjp/ .
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 183

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

Problem definition

Given: Co-evolving online activities

]

—>n

X (activity x time)

Find: Compact description of X
EcoWeb

hitp://www.cs kumamoto-u.acp/ X
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 184

Kumamoto U MU Cs

( EcoWeb: Main idea

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

ERRTE T e

A. The Web as a jungle!
- “Virtual species” living on the Web
- Interacting with other species (activities)

hitp://www.cs kumamoto-u.acjp/ .
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 185

The Web as a jungle
Squirrel Spider
monkeysmonkey Macawscépij{ra
R @ | Fcosystem
on the
T Web

© 2015 Sakurai, Matsubara & Faloutsos

Ecosystem | Xhox PlayStation wii Android
in the XBOX !B Wii

Jungle

9 Kids g Teens ,

hitp://www.cs acip/ -
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 186
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MU Cs

Ecosystem on the Web  $§£
Biological ' ' a Online
species W' activities
Food @ g E User
resources “‘ resources
Population r& “‘t@_ Popularity
Climate/ Annual events
season é% “‘ (e.g., Xmas)
Jungle M Web

minalatt, David Castillo Dominici, happykanppy at FreeDigitalPhotos.net.
187

Kumamoto U

Image courtesy of xur:

hitpe//www.csku .
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EcoWeb: Main idea

Q. How can we describe the evolutions of X ?

Interaction/
competition

Non-linear
evolution

e

Seasonality

n

A. Web asa jungh £

http://www.
© 2015 Sakurai, Matsubara & Faloutsos

G1: EcoWeb-individual g
Popularity size increases over time
0| g 5
3 o e By
3 Spec1es ﬂ St w
Foods
£
. P attract l'l % I'l‘.l
o I'l T 2
= W - TR
Keywordsysers ' L
t-O t=1 =2
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y G1: EcoWeb-individual g

Non-linear evolution of a single keyword
+ <| K

Tk,

P L

p _ IIUEr COMUNIOM (1€, F{UJ =P ]
- Growth rate, attractiveness

r . . .
- Carrying capacity (=available user
resources)

hitpe//www.csku .
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y G1: EcoWeb-individual g

Non-linear evolution of a single keyword

Popularity size

=[1+r (17"‘% } ,

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

p .
- Growth rate, attractiveness
r . . .
' Carrying capacity (=available user
resources)
Il[y[ /im/';m Ki/is Gl(‘MOD tul :/ © 2015 Sakurai, Matsubara & Faloutsos 190
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EcoWeb: Main idea

Q. How can we describe the evolutions of X ?

Interaction/
competition [, Seasonality

Non-linear

evolution

n

hitp://www. i
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G2: EcoWeb-interaction g
Interaction between multiple keywords

" Food
resources

htp:/ /www.cs K
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y G2: EcoWeb-interaction %

Interaction between multiple keywords

Popula f j
Pi(t+ s
LC
a; - Interaction coefficient
- i.e, effect rate of keyword j on i
e e Sioonr,  © 2015 Sakurai, Matsubara & Faloutsos 195
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G3: EcoWeb-seasonality g

“Hidden” seasonal activities

ﬁ

E--

lﬁl = amazon

Walmart

A N
yar
m

y G2: EcoWeb-interaction gg\

Interaction between multiple keywords

Popularity of keyword i Popularity of j
M d .
EE-E 1+ 1 Zep )

a; - Interaction coefficient

- i.e, effect rate of keyword j on i

http://www.
~yasuko, /TA! Ki/l S SiaMOD-u z/
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EcoWeb: Main idea

Q. How can we describe the evolutions of X ?

Non-linear
evolution

Interaction/
competition

Seasonality
EAR G

03

A. Web a

http://www.
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G3: EcoWeb-seasonality g

“Hidden” seasonal activities

o 7

s Users change their behav10r >
according to seasonal events!

g |AL]] 3

\ e amazon

Season/ Seasonal
Climate events
Ij;' liwmfis/i echou tul (/ © 2015 Sakurai, Matsubara & Faloutsos 197
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Climate

events

http://www.
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“Hidden” seasonal activities
Estimated volume of keyword i

MU Cs

G3: EcoWeb-seasonality g

y G3: EcoWeb-seasonality g

: Pt)[L+ea(®) =1,

»d),

2 f(4,t{lW,B) = Z’U)i]bj(?’) (r=[t mod ny))

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

htp://www.csku
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“Hidden” seasonal activities
Estimated volume of keyword i

=P LHe@®) G=1,---,d),

k

C: volume

1 La 1 1
” . 1
| P:latent popularity
— 10
€5 Eos
. €08
10| Eos i
ty So2 -
00
o 0 20 0 40 50 00 200 B 00 B0 MG
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“Hidden” seasonal activities
Estimated volume of keyworddi

=P [ tfe )
S i -

MU Cs

G3: EcoWeb-seasonality g

E: seasonality

RARARL

,

y G3: EcoWeb-seasonality g

C: volume

w | N
“ | P:latent popularity

©06 . 905
Eo‘ 10! EM {1
Y 02
Hie W ty| 22l Q

0 100 200 300 400 500 O OIS 200 M0 400

500
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“Hidden” seasonal activities
Estimated volume of keyword i

\
[Ci()|=Pi)|[1 +He:() (i=1,---,d),

[t mod ny))

k
~ f(i, t{W,B) =Y wibs(r) (7

Seasonal activities of keyword i

W - Participation (weight) matrix
B - Seasonality matrix

http://www

w.cs kumamoto-uacp/ .
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y G3: EcoWeb-seasonality g

E: seasonality w \i
= X k
NNV [
n

k

| ei(t)lz FGHW,B) = wibi(r)  (r=[t mod ny])

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

htp://www.cs kumamoto-uacjp/
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EcoWeb: Main idea

Q. How can we describe the evolutions of X ?

EcoWeb
P r K A W B
- 000 N B
— |\ E [E

Full parameters l l
S = {p,v,K|A]W,B
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Algorithms g
vAy
Q1. How can we automatically

find “seasonal components” ?

| Idea (1) : Seasonal component analysis |

Q2. How can we efficiently estimate

-
| Idea (2): Multi-step fitting |
I»‘«[;rcukn/TAl.KS/l'ySIGMODar(;]):/ © 2015 Sakurai, Matsubara & Faloutsos 205
ya Idea (1): Seasonal .

component analys1s

Q1. How can we autom
Setails @ 2% w7 EAL)
- » ;’L 7 o oc°°°< ‘KB\J
Data (X)  Ideal model (M)
Idea (1) :

a. Seasonal component detection s
b. Automatic component analysis

http://www.cs Kumamoto-u.acjp/ )
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 207
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Idea (1): Seasonal
component analys1s
Idea(l a) Seasonal component detection
q : A‘AAAJ& Time (1,...n)
| dxn/n, |
A
3 i
........................ J
oo © 2015 Sakurai, Matsubara & Faloutsos 209
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ya Idea (1): Seasonal -

component analysis
Q1. How can we automatically

find “k-seasonal components™ ? mﬂ

EcoWeb

= [ o =
— 1 A J |:|Optk‘
Idea (1) :

a. Seasonal component detection
b. Automatic component analysis

http://www.cs Kumamoto-wacjp/ X

~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 206
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dea (1): Seasona

component analysis
Idea(1-a) Seasonal component detection

E d=2

W&J\Time (1,..n)

hitp://www.cs kumamoto-u.acp/ X
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dea (1): Seasona

component analysis
Idea(l a) Seasonal component detection

Independent
components

hitp://www.cs kumamoto-u.acp/ .
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( Idea (1): Seasonal -

component analysis
Idea(1-b) Automatic component analysis

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

E: seasonality W B
= X k
n

k

opt k=?

hitp://www.cs kumamoto-u.acp/ .
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ya Idea (1): Seasonal -

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

==CostM
~=CostC

CostT

min (|CostM(5) |+

Model cost

Cost (X S) \ )
Coding cost

12345678910
k

Good n Good
compression |®./| description

( Idea (1): Seasonal -

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

==CostM
~—CostC

Costr(X;8) = log™(d) + log™ (n) + Costr (p,r, K)
+Costra(A) + Costar (k, W,B) + Costc(X|S)

kopt = arg min Costr(X;S)
k

Good n Good
compression | ®._J| description

hitp://www.cs kumamoto-u.acjp/ .
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dea (1): Seasona

component analysis
Idea(1-b) Automatic component analysis
Find optimal number k (1<k<d) W B
d: dimension D x[]
opt k=?

B k=1 k=2 . k=3

Cost(1) = $$ Cost(2)=$ . Cost(3) = $$$

http://www.cs kumamoto-u.acp/ .
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( Idea (1): Seasonal -

component analysis
Idea(1-b) Automatic component analysis

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

. Cost(1) = $$ Cost(2)=$ Cost(3) = $$$

http://www.cs kumamoto-u.acjp/ .
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Idea (2): EcoWeb-Fit
Q2. How can we efficiently estimate

model parameters ?

Idea (2): Multi-step fitting

a. StepFit (sub)
b. EcoWeb-Fit (full)
hitp://www.cs kumamoto-u.acp/
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 216
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Idea (2): EcoWeb-Fit g ( Idea (2): EcoWeb-Fit
(2-a). StepFit: Update parameters alternately (2-b). EcoWeb-Fit: full algorithm

Step A P r K e.g., 4 keywords: QQGQ
|:||:||:| - DXI:' 1. Individual-Fit 2. Pair-Fit 3. Full-Fit
\ | G1 | G3 | ) O
- w B
m |] 1™ ° QG
G2 |

EcoWeb-Fit updates parameters, separately

Kumamoto U
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T e R e
Experiments g ( Q1. Effectlveness
We answer the following questions. .. (#1) Video games
Interactions
Q1. Effectiveness Fiting resut - RMSE=0.058817 between keywords

How successful is it in spotting patterns? PlayStation Android
Wii

Q2. Accuracy

How well does it match the data?

Q3. Scalability

Volume @ time

2004 2006 2008 2010 2012 2014

How does it scale in terms of computational time? Sine (waoh)
http://www.cs kumamoto-u.ac.jp/ . http://www.cs kumamoto-u.acjp/ .
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 219 ~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 220

Kumamoto U CMUCS Kumamoto U CMUCS
. .
Q1. Effectiveness g ( Q1. Effectiveness
. »r & - . Interactions
(#1) Video games oon - |:| (#2) Programming language
Gl
= C, R, MATLAB
Fitting result - RMSE=0.058817 Seaso n a l] ty Fitting result - RMSE=0.076417
B (k=1) Christmas
i . v 1
R PlayStat]on.. Android E— Black Friday °
E Wii 0.4 v 2 0.8 )
e ‘ E3 N ®os Seasonality
o 2t ‘ Summer | ¥ °
£ vacation | _§ 04 B(1x52) , k=1 Christmas
%o, . '¢ ) o2 W 1] . Summer . |
o .4 Ay WY 4 o Al | Vo \e——>/
- h. . . Jan Mar ",',??; Ju Sep Nov 2004 2006 293519 (wsglll(;) 2012 2014 " A ‘L
Time (weekly) / arch
| break
Jan Mar May Jul Sep Nov
e 1 Sioonar,  © 2015 Sakurai, Matsubara & Faloutsos 221 A e Siomoner,  © 2015 Sakurai, Matsubara & Faloutsos 222
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Kumamoto U CMUCS
Q1. Effectiveness
(#3) Social media Interactions
Tumblr , Facebook , LinkedIn
Fitting result - RMSE=0.039536 .
1 [
gos [ Seasonality
© o6 B x52) , k=1
Eo4
20,
) A
2004 2006 2008 2010 2012 2014 s
Time (weekly) Christmas
Jan Mar May Jul Sep Nov
A 1 Siconr,  © 2015 Sakurai, Matsubara & Faloutsos 223
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Q1. Effectiveness

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

Fitting result - RMSE=0.074104 ,
= O1T@

Kumamoto U

MU Cs

Q1. Effectiveness

(#5) Retail companies

Amazon , Walmart , Home Depot ,
BestBuy , Lowes , Costco

Fitting result - RMSE=0.065173 | nteraction

Volume @ time

= E
2004 2006 2008 2010 2012 2014
Time (weekly)
hitp://www.cs kumamoto-u.acjp/
~yasuko/TALKS/15-SIGMOD-tut/ © 2015 Sakurai, Matsubara & Faloutsos 225
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Q2. Accuracy
RMSE between original and fitted volume
(Lower is better)
_ Il EcoWeb-Fit
o B EcoWeb-Plain
= 0.15 [N
z
s
5 o1
o
£
=
% 0.05
#1 #2 #3 #4 #5
Data ID
EcoWeb consistently wins!
e 1 Sioonar,  © 2015 Sakurai, Matsubara & Faloutsos 27
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g°
® 0. |
2 | B(1x52) , k=1
5 0.4W ‘ NJ | Blx52)
3 !
= v o) b1 Back to |
0.2 b n wﬂ) i T
n‘.‘:—'-fv"‘h‘ﬁ’ﬁz i school
2004 2006 2008 2010 2012 2014 || Black
Time (weekly) . g Frlday
Jan Mar May Jul Sep Nov
http://www.cs.kumamoto-u.ac.jp/
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Q1. Effectiveness

(#5) Retail companies
Amazon , Walmart , Home Depot ,
BestBuy , Lowes , Costco

Fitting result - RMSE=0.065173 Seasona“ty

1 x1 :
x2 B(2x52) k=2
gos x3 Memor\al Da %Fa& Friday
- il 7b2 Y Labor Day|
So4 M M& L N 02 |
S
Z 02 /\M@A A o\ X
ool Athof July
2006 2006 2008 2oi0 2012 |
Time (weekly) Jan Mar May Jul Sep Nov

Ak e Slevob-ak)  © 2015 Sakurai, Matsubara & Faloutsos 226
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Q3. Scalability

Wall clock time vs. dataset size (years)
EcoWeb-Fit scales linearly, i.e., O(n)

—— EcoWeb-Fit .
§ 1500 EcoWeb-Plain
b v o
£ 1000 o~
ot
o
o 4 1
= 500 e
& _o—T
oo -
5 6 7 8 9 10

Datasize (years)

7x faster than LV, 20x faster than EcoWeb-Plain

hitp://www.cs kumamoto-u.acp/ X
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EcoWeb at work - _
forecasting
Forecasting future activities
Train: Forecast:

2/3 sequences 1/3 following years

Original sequences

0.5

%04 2006 2008 2010 2012 2014

hitp://www.cs kumamoto-u.acp/ .
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CMUCS
EcoWeb at work -
forecasting

Forecasting future activities
EcoWeb
1 | 1‘ T ) o
BERN
03 Ly gﬂ it hl\“\‘,\g\-\
LLU‘!‘,M :.,r-n ’A”"““ 32
o4 2006 2008 2070 2012 2014 AR
1‘ - |
o5 | | }{ !: -
s, 'l\\mﬁ\ u(sH:“N“h.“ #iL, 1'% hw Q
04 2006 2008 2010 2012 2014
EcoWeb can capture future patterns!
oo © 2015 Sakurai, Matsubara & Faloutsos 231

Kumamoto U

Part2 | Roadmap

 Why: “non-linear” modeling

| Fundamentals |

¥ Non-linear (grey-box) models
| Applications |
 Epidemics
+ Information diffusion ¥
+ Online competition vs @

hitp://www.cs kumamoto-uacp/ .
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EcoWeb at work - L
forecasting
Forecasting future activities
Train: Forecast:

2/3 sequences 1/3 following years

EcoWeb ‘
1 .
| i I' ) ol
: \ a A R
0.5 A v
[} i A o
vy l,k:tﬁ!Jéq,,vh,\\ N:X
ol SRS o

2004 2006 2008 2010 2012 2014
EcoWeb can capture future patterns

hitp://www.cs kumamoto-u.acp/ X
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EcoWeb at work - -

forecasting
Forecasting future activities

EcoWeb

17

1

it 4 i j
b5 ﬂv, o} M v s 0.5
" | ,n’,»‘r\\éf I rwf 3 J i )\."W’W 7 y/ e
2004 2006 2008 2010 2012 2014 2%04 2006 2008 2010 2012 2014

(b) Programming languages (#2) (c) Apparel companies (#4)
EcoWeb can capture future patterns!

htp://www.cs kumamoto-uacjp/
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Part2 | Conclusions

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

W)

¢/ Fundamentals: popular non-linear models
- Logistic function, Lotka-Volterra, Competition, ...
- Epidemics (SI, SIR, SEIR, etc.), ... a a
"/Applications: non-lineag‘ mini‘ng o
- Epidemics

0.5

- Information diffusion %o :

-..Online competition

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