Data Mining and Inormation
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| DM2 — Ricerca degli Innovatori

Material integrated by Jure Leskovec,
Kleinberg book: Networks, Crowds and
markets, tesi di laurea Walter Toccli
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Information diffusion

# Anything that propagates over a
- network comes under the umbrella of
“information diffusion.”



A fundamental process in social networks:
Behaviors that cascade from node to node like an
epidemic

News, opinions, rumors, fads, urban legends, ...

Word-of-mouth effects in marketing: rise of new websites,
free web based services

Virus, disease propagation
* Change in social priorities: smoking, recycling
Saturation news coverage: topic diffusion among bloggers
Internet-energized political campaigns
Cascading failures in financial markets
Localized effects: riots, people walking out of a lecture



Experimental studies of diffusion:

Spread of new agricultural practices [Ryan-Gross 1943]

* Adoption of a new hybrid-corn between the 259 farmers in
lowa

Classical study of diffusion

* Interperscnal network plays important role in adoption
—> Diffusion is a social process

Spread of new medical practices [Coleman et al. 19&&]
Studied the adoption of a new drug between doctors in lllincis

Clinical studies and scientific evaluations were not sufficient to
convince the doctors

It was the sccial power of peers that led tc adopticon



Spreading through networks:

» Cascading behavior
» Diffusion of innovations
* Epidemics
Examples:
* Biological:
* Diseases via contagion
* Technological:

= Cascading failures
» Spread of information

* Social:

* Rumors, news, new technology
* Viral marketing
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Senders and followers of recommendations
receive discounts on products



Diffusion has many {very interesting)
flavors:

The contagion of obesity [Christakis et al. 2007
IT you have an overweignt friend your chances of
hecoming obese increases by 57%

Psychological effects of

others’ opinions, e.qg.:
Which line is closest in
length to A? [Asch 1958] A k



Prob. of adoption

Basis for models:
Probability of adopting new behavior depends on the
number of friends who have adopted [Bass ‘69,
Granovetter ‘78, Shelling ‘78]

What's the dependence?

Prob. of adoption

k = number of friends adopting k = number of friends adopting

| MirminichinA ratiirne? | | ritiral mace? |



Frob. of adoption

k = humber of friends adonting

Diminishing returns?

Frob. of adoption

ke = number of friends adopting

Critical mass?

Key issue: qualitative shape of diffusion curves

Diminishing returns? Critical mass?
Distinction has consequences for models of diffusion

at population level



Example:

“catch” a disease with some prob.
from neighbors in the network

Example:

Adopt new behaviors if kof your friends do



Two flavors, two types of guestions:

A} Probabilistic models:

51S: Susceptible—Infective—Susceptible {e.g., flu)

SIR: Susceptible—Infective—Recovered (e.g., chicken-pox)
Question: Will the virus take over the network?
Independent contagion model

B} Decision based models:
Threshold model

Herding behavior

Questions:
Finding influential nodes
Detecting cascades



Consider you are choosing a restaurant in an unfamiliar town
Based on Yelp reviews you intend to go to restaurant A

But then you arrive there is no one eating at A but the next
door restaurant Bis nearly full

Imformation that you can infer from other’s choices may be
more powerful than your own



There is a decision to be made
People make the decision sequentially

Each person has some private information that
helps guide the decision

You can’t directly observe private info of others
but can see what they do

Can make inferences about their private information



[Granovetter, ‘78]

Model where everyone sees everyone
else’s behavior

Clapping or getting up and leaving in a theater
Keeping your money or not in a stock market
Neighborhoods in cities changing ethnic composition
Riots, protests, strikes



n people — everyone observes all actions
Each persan i has a threshold t,

= Node i will adopt the behavior iff at /%
least t; other people are adopters:
| F'n-ﬂl"

» Small t: early adopter
=]

" Large t: late adopter G ..EI-

The population is described by {t,,...,1.}

" _F_(_xl ... fraction of people with threshold t, < x




Think of the step-by-step change in number of F')(ED
people adopting the behavior: PG | nT F(A’)-

F(x}... fraction of peaple with threshold = x -
* 5(t} ... number of participants at time t x‘

i

Easy to simulate: E e ite
n 5(0}=0 ,-r(&)
" s(1} = F{0}
5{ F{s{1}} = F{F
(o) el - (0 '

[ ‘-“"' =X — 5Lde PQOINL - ]
" There could be other fixed
points but starting from O

we never reachthem




No notion of social network — more influential
users

It matters who the early adopters are, not just
how many

® Nodels people’s awareness of size of participation
not just actual number of people participating
Modeling thresholds
Richer distributions

Deriving thresholds from mode basic assumptions
game theoretic models



»* Modeling perceptions of who is adopting the
behavior/ who you believe is adopting

# Non monotone behavior — dropping out if too
many people adopt

Similarity — thresholds not based only on numbers

People get “locked in” to certain choice over a
period of time



lefu3|0n of innovation

IS a theory that seeks to explain how, why, and at what rate
new ideas and technology spread through cultures. |
Everett Rogers, a professor of rural sociology, popularized the
theory in his 1962 book Diffusion of Innovations.

He said diffusion is the process by which an innovation is
communicated through certain channels over time among the
members of a social system.

The origins of the diffusion of innovations theory are varied
and span multiple disciplines.




. Chi sono gli innovatori

Innovatori
« Innovators

+ Early Adopter
« Early Majority
+ Late Majority

« Laggard

+ Istruzione, propensione al rischio, informazione,
velocit™ a del processo di decision making



Importanza degli inovatori

« Anticipatori

* Precursori

« Aiutano a conferire I'immagine di opinion
leader

« Permettono una correzione delle
caratteristiche del prodotto

« on-time Heavy-user

« = sono importanti per una efficace
campagna di marketing e di customer
satisfaction



s B

# Problematiche e questioni irrisolte
appiattimento degli strumenti utilizzati
(modelli

% matematico-statistici) analisi su
campioni di piccole dimensioni ricerca
degli Innovatori come categoria, non
come individui risutati spesso
contrastanti, non raggiungono un
accordo solo primi acquisti




Roger Adopter definition
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Bass Diffusion Model

o le potenxialita di wercato, vale a dire 1l mmero totale di peirsoue che

possoln adoliare Flnnovasione:

o il cocfficiente di influenza osterna (o di innovazione), vale a dite la
prolabilitd che gralenuo che ancora non sta adottarcdo Fiunosasione

inizi a farle sotto Finlluenza del mass-media o di altei Tatior eglorni;

o il voelliciente di inlluenza nierna (o di imilavions), che racchinde 1a
probalalivd chie gualeuno chie ancora non sea acdotbawdo innovasione
inizi a larlo sulla base del passa-parola o di altre forme ol inllucnsa

direrta cda parte di chi sta gid utilizzrando il prodotto.



# Rogers - definizione Adopters
# Bass - Bass Diffusion Model P (t) = p +
(@/m) Y (O)
® Dove:
dove p e g/m sono costanti, m ¢ 11 potenziale di mereato ¢ Y(2) ¢ 1l numero

di acguirentl precedentl al tempo &0 o 0 g sono 1 eocffictenty di annovazione

e Lrrlitazione,

i |



Bass Model

Year

....... Innovatorg =—— = [mitators Wew adopters



Nuova definizione di adopter

.....................................

# Gli innovatori sono coloro che
permettono di prevedere in anticipo
I'andamento tipico di un prodotto:

~ @ (Come trovare 'andamento tipico di un
prodotto

#L'innovatore e colui/lei che propende ad

adot

are in anticipo 'andamento di un

prodotto



Il processo di Knowledge Discovery and Data Mining
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o Appmcciﬂ tipc} KDD utente | settimana 1 | settimana 2 | settimana 3
) A acquisto 1 acquisto 5 acquisto 3 <—

@ SPM come particolare B acquisto 1 | acquisto 3 | acquisto 3
tecnica di DM C acquisto 1 acquisto 5 acquisto 3 +—

Tabella: Sequenze in un time-series Database



¢ & & & e

Prodotto Nuovo

Sequenza Tipica

Adopter — Adopter Tipico

Innovatori — Innovatore Tipico

TOC - Tasso di Omogeneita del Comportamento
num; (i)

TEC T =
: (I) NUM Adopter ('[)

I = 1 — esimo individuo
j = categoria di Adopter (Tipico)



La Ricerca degli Innovatori Tipici

@ Problema di Ricerca degli Innovatori Tipici (RIT)

@ Metodologia di risoluzione al problema RIT:

@ Sequential Pattern Mining — Ricerca delle Sequenze Tipiche
© Ricerca degli Innovatori Tipici

© Calcolo del TOC per diverse categorie di prodotti e clienti
@ Ricerca del TOC massimo



Fase del processo KDD in pratica

@ Selezione Prodotti Nuowi

@ Selezione @ Calcolo delle quantita

@ Preprocessing prodotti a peso

& Trsshsrssgania @ Discretizzazione del

tempo

@ Scelta degli items



Trasformazione: scelta degli items

@ Quantita?
Az 102 2,1 >

B 2.8, B 4 >

@ Andamenti?
£ 1, B 5

@ 1: andamento crescente
@ 0: andamento costante

@ -1: andamento decrescente

< crescente, costante, decrescente >



@ Selezione

. @ Macro-analisi

@ Preprocessing :

_ (regressione)

@ Trasformazione _ o _
@ Micro-analisi (Sequential

@ Data Mining Pattern Mining)



Figura: Acquisti Prodotti Nuovi allineati: Febbraio-Settembre



Bass Model

Year

....... Innovatorg =—— = [mitators Wew adopters



Primi Aquisti Vs Acquisti Ripetuti - in dettaglio
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Tabella: Coetficienti di regressione Primi
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Tabella: Coetficienti di regressione
Acquisti Ripetuti
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Figura: Regressione grado
4 su Primi Acquisti

Figura: Predizione su
Ottobre



delle Sequenze Tipiche

Frodotto
Pate Frasche
Pementa
Fiadina all'olia
B=wanda alla Sova
Yogurt
Ricotta
Succo di Frutta
Birra
Salame
Bas= Fizza
Pep=roncino
Tacching Arrosto
Cocomero a cu bt
Irealata di Riso
Presciutto Spalmakile
Susine President
Latee UHT
EBewanda al Limone
Prosciutto Cotto Ala Qualita
Bocconcino
Aglio Biologico
Limoni

Sequenza Tipica | Supporto

100 32.9%
100 27.4%
goo 67. %
100 36. 3%
goo 88.2%
100 41. 2%
goo 69. 4%
goo 42.9%
100 38.3%
1-11 29.2%
100 28.1%
100 36. 8%
11-1 31.2%
11-1 35.3%
goo 6. 1%
100 27.4%
100 37. T
agoo 51.3%
100 42 6%
1-11 40.1%
100 82.T%
gaoo 37.9%

Prodotto
Pane Bianes Confezionato
MNettanne Gialle
Fragole
Fatate Mowel k=
Fagiolin Werdi
Salmone Affumicato
Presciutto Crudo
Werdure Precotts
Witzllone
Cesme=rt al Limaone
Wino
Ins=tticida
Ammorbident=
Acciaie Misto
Libri di Testo Scolastion
Cartorcing Scldaneta
Calzino Dionna
Perizoma Donna
Farcellana
Spugna
Sham poo

| Sequenza Tipica | Supporto

ooo B83.3%
100 3T A%
100 40.2%
101 36.4%
ao0o 40.2%
100 54.4%
100 43.3%
100 31.7%
100 37.0%
100 41.6%
go0o 67 .5%
100 35 5%
100 57.0%
100 330
1-10 25%
aoan B0.0%
T 76 3%
aon 3@ 3%
100 42 2%
100 37 6%
100 20 5%

Sequenze Tipiche
< 1,0,0 > (56%)
< 0,0,0 > (28%).
= Andamento tipic
costanza.



Tipici; Individuazione e massimizzazione del TOC

| TOC | TOCea | TOCem | TOCm | TOCL | %1 | %HEA | %EM | %LM | %L
| Tutt 1 Prodotti tranne gl stagionali |
PA(all) | 0307 | 0365 | 0502 | 0455 | 0.382 | 5.6% | 14.3% | 37.0% | 29.4% [ 13.4%
PA(3) | 0431 | 0450 | 0541 | 0540 | 0473 | 7.6% | 14.4% | 31.9% | 32.4% | 13.6%
AR | D.47T | 0503 | 0573 | 0575 | 0512 | 7.2% | 13.2% | 33.5% | 32.4% | 23.6%

| Tutti i Prodotti
PA(all) | 0.281 | 0328 | 0468 | 0434 | 0347 | 7.1% | 13.9% | 35.3% | 30.3% | 13.5%
PA(3) | 0.415 | 0408 | 0538 | 0505 | 0.442 | 10.7% | 10.8% | 35.9% | 29.2% | 13.3%
AR | 0.478 | 0494 | 0557 | 0557 | 0.490 | 9.3% | 15.1% | 31.4% | 31.6% | 12.6%

Tabella: TOC - b Soglie Classiche

® Lunghezza ciclo di vita (7)
@ Soglie (6)
@ Categorie di prodotti (8)

-



Risultati piu rilevanti

© 00

Primi acquisti ed acquisti ripetuti hanno curve identiche

Gli Innovatori Tipici esistono ed hanno un TOC maggiore
rispetto agli Innovatori definiti in maniera “classica”

Gli Innovatori “occasionali” hanno un TOC minore rispetto
agli Innovatori heavy-user

Le categorie “classiche” di Adopter non individuano il TOC
massimo

Coerenza alta per gruppi di prodotti merceologicamente simili
La disponibilita all’'informazione fa aumentare il TOC

[l TOC e pit alto negli uomini e negli under-45



