CSE 25% Lecture 8

Data Mining and Predictive Analytics

Temporal data mining




Assignment 2

And the wWilnner

et o be announced at



Assignment 2

A few FAQs about optimizing latent-factor
model s é

A | rounded my ratings to be integers and the MSE went up!
A K o r epap@&rshad 200-dimensional latent factors, but that
doesndot seem to be work
A My gradient descent algorithm has been running for 6 days
and doesnodot seem to hayv
A How should I initialize my latent factors?
A Should | update gamma_uand gamma._i simultaneously, or
optimize one at a time ?
A How do | build a training set for task 27
Alf you havenodt started yet (



Assignment 2

Alnclude your Kaggle username in your
report!
AGradesourcehas been set up
AA few hints anct



CSE255

Weove been through

A Can things ever be the same again?



1. Regression
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How can we usefeatures such as product properties and
user demographics to make predictions about real-valued

outcomes (e.g. star ratings)?

How can we
prevent our
models from
overfitting by
favouring simpler
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complex ones?
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2. Classification
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3. Dimensionality reduction
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Principal component
analysis

Community detection




. Graphical models

Directed and
undirected models

Inference via
graph cuts

Points labeled 0



5. Recommender Sy

Island WWFM1000SCDLI Diamonds Men's 18K Gold Rolex Yachtmaster || Model # 116688
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Show only Rolex items
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Today

Temporal models

Today weol | | ook back on th
can be adapted to make use of temporal information

1. Regression 9 sliding windows and autoregression
2. Classification 6 dynamic time-warping
3. Dimensionality reduction - ?
4. Graphical models 6 Hidden Markov Models
5. Recommender systems 0 some results from Koren
6. Textmining 6o Topi cs over Ti
7. Social networks 9 densification over time

8. Finally d some of your work!



CSE 25% Lecture 8

Data Mining and Predictive Analytics

Regression for sequence data




Lecture 10 Regression

Givenlabeled training data of the form
{(dataq,labely), ..., (data,,label,)}

Infer the function

f(data) s labels



Time-series regression

Here, weod |1 ke to
real-valued events as accurately as
possible.

Given: a time series:

(x1,...,2n5) € RY

Suppose weodod |1 ke to minimiz
final part of some continuous portion of the sequence

u—'})—|—1 Z::u(ft(mla oy Ty—1) — -TUt)2



Time-series regression

Method 1: mai nt al n a 0
averageo using a wi
length

K—-1
f(xla s 733??’1,) — % Zk:() Im—k

A This can be computed efficiently via dynamic
programming:

f(ajla' y '7$m+1) — %(K ) f(ajlw - 7$m) — Tm—k +$m—|—1)

/o]

opecflf 6 t hdethe
oldest point newest point



Time-series regression

Also useful to plot data:

BeerAdvocate ratings over time BeerAdvocate ratings over time
Sliding window

i a TS 1 3.85) (K=1000O)
g) e ?3.80 | .
g _ S _ E 375} \ 1

2| - ] long-term

TP = trends
il scatterpiot NN | seasonal effects
timestamp timestamp
Code on:

http://jmcauley.ucsd.edu/cse255/code/lecture8.py



http://jmcauley.ucsd.edu/cse255/code/lecture6.py

Time-series regression

Method 2: weight the points in the
moving average by age

newest points have weight decays to
the highest weight zero after K points

f(xl, o ,Qcm) — Zsz_ol(K—k)a:m_k

(2)



Time-series regression

Method 3: weight the most recent
points exponentially higher

f(x1) = x4

flz1,...,zpm) =a-x,m+ (1 —a)f(z1,...,Zm_1)

most recent point previous prediction
has weight \alpha has weight 1 - \alpha



Time-series regression

Method 4. all of these models are
assigning weights to previous values
using some predefined scheme, why not
just learn the weights?

F@n, . am) = a+ 3y Ok - Tk
=a+ (0, (Tm—(k—1)s-->Tm))

A We can now fit this model using least-squares

A This procedure is known asautoregression

A Using this model, we can capture periodic effects, e.g. that
the traffic of a website is most similar to its traffic 7 days ago



CSE 25% Lecture 8

Data Mining and Predictive Analytics

Classification of sequence data




How can we predict binary or
categorical variables?

{0,1}, {True, False}
f(data) s labels <
{ 1, s r

e

Another simple algorithm (that |
di dnot ¢ o vneighbo(u)a e @



Time-series classification

As you recalll é
The longest-common subsequence algorithm is
a standard dynamic programming problem

- a > - a ! —1st seguence
- 0 0 0 0 0 0
G 0 |0 ("1 |l |1 |1
A 0 =1 | g1 | f1 w2 |_>2
C 0 t1 |t N2 | d2 | f2
2”dé|'uence <= = optimal move is to delete from 1 st sequence

t = optimal move is to delete from 2 " sequence

J = either deletion is equally optimal
%_ = optimal move is a match



The same type of algorithm is used to find
correspondences between time-series data (e.g.
speech signals), whose length may vary in
time/speed

DTW cost = infty
for 1 inrange(1,N):
for j in range(1,M):
d= dist (s[ i],t[j]) # Distance between

sequences s and t and points | and | _
DTW[,j ]=d+ min(DTW][i -1,j 1, skip from seq. 1
DTWI, | -1], skip from seq. 2

DTWI[i-1,] -1]

match
return DTWI[N,M]

output is a distance
between the two sequences



Time-series classification

A This is a simple procedure to infer the
similarity between sequences, so we could
classify them (for example) using nearest
neighbours (i.e., by comparing a sequence to
others with known labels)
AWedll come back to cl assi
we look at time series using graphical
models



CSE 25% Lecture 8

Data Mining and Predictive Analytics

Temporal dynamics with graphical

models



Lecture 4

Graphical models &

Interdependent varial:éeV

How can we solve predictive tasks

when

A There are multiple unknowns to infer
simultaneously
A There aredependencies between the unknowns

A Iln other words, what c
p(labely, labels|data) # p(label; |data)p(labels|data)

AN 2=




Time-series with graphical models

Wedove already seen (graphical e as
models could be used to handle sequence data, e.g.
the weather between subsequent days

Ithaca, NY
Saturday

Temperature  Precipitation Wind




Time-series with graphical models

In Lecture 4 we showed how to fit very simple
models of this type, e.g.:

O—OO—OO——C—0O0—0©

A

B f p(dry|dry)  p(dry|rain) ‘
pble) = | Py wsainprain) | P

0.8 0.4
0.2 06

p(a)p(bla)p(c|b)p(d|c)p(e|d)p(fle)p(g|f)

Q: But how could we adapt these models to handle
longer-term effects, periodic behavior, etc.



Time-series with graphical models

A:Let O0s
unknown) hidden state underlying the whole

asSsume

Process

t hat

t her eds

State transition diagram:
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Time-series with graphical models

Each of these states is also associated with an
emission probability , which is what generates our

observations:
pJL p / \ p /\ p
O  temp. 50 0  temp. 50 O  temp. 50 O  temp. 50
stormy cloudy snowy clear

A If we know the sequence of hidden states, then we can
easily compute the probability of a particular sequence
of observations
A But of course this really becomes interesting when the
hidden states and emission probabilities are unknown!



Time-series with graphical models

This is quite a flexible model that is capable of
capturing long -term effects, periodic effects, etc.

F—O—O—D—O—D—

tue. sat.
0.7 0.4 0.8
0.2 " 0.2

stormy[ Acloudy [ —1 clear e.g. stages of
0.3 0.3 “—progression in
oar o1 beer expertise

' ' (week 5)!

Y 0.4 . )
ol evelsd or
Snowy progression
gradual patterns stages




Time-series with graphical models

A few problems of interest:
1. Compute the probability of a easyd just read them
sequence of outputs given an <« °ff the emission
_ probability tables
observed sequence of hidden states
2. Compute the sequence of hidden «—__ iqference
states that was most likely to have
generated the observed output
3. Infer the transition probabilities .
between some set of hidden states in
order to model time -evolving event
sequences

— learning



Time-series with graphical models

A few problems of interest:
2. Compute the sequence of hidden states that was most
likely to have generated the observed output

This isnot particularly easy, but this was the problem we
discussed inweek 5 0 inferring sequences of unknowns
given the transition probabilities between them

remember!: infer the marginal probability of g

= b/d s pla)p(bla)p(c|b)p(d|c)p(e|d)p(fle)p(g|f)

b



Time-series with graphical models

A few problems of interest:
3. Infer the transition probabilities between some set of hidden
states in order to model time -evolving event sequences

Use the following iterative procedure:
1. Start with some random initial hidden states/transition
probabllities
2. Infer values for the hidden states given the current estimates of
the transition probabilities (previous slides/week 4)
3. Infer the transition probabilities given the current estimates for
the hidden states
A This is known as the BaumWelch algorithm (see refs. for
details)



Time-series with graphical models

Ultimately what we have is the following:

A For known transition probabilities, a procedure to estimate the
hidden states most likely to have generated a sequence
A This allows us to associate gprobability with a particular model
having generated a sequence of observed events
A We can use this idea for classification:
1. Fit transition probabilities for sequences with known classes,
e.g. for heart-rate data of patients with known
normal/abnormal beat patterns
2. Given a new time series, compute the most likely sequence of
hidden states under each model
3. Return the class label corresponding to the sequence of hidden
states with higher probability



Questions?

Further reading:
Baum-Welch algorithm (inferring hidden
states and transition probabilities):

(countless refs, but this one Is good):

A Gentle Tutorial of the EM Algorithm and its
Application to Parameter Estimation for Gaussian
Mixture and Hidden Markov Mo d e IBiémes, 1998)



http://crow.ee.washington.edu/people/bulyko/papers/em.pdf
http://crow.ee.washington.edu/people/bulyko/papers/em.pdf
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Temporal recommender systems




Lecture 5

Recommender Systems go beyond the met hi
far by trying to model the relationships between people and

the 1 tems theyore eval
preference t em)
Toward |sith mQvi
Sact i action-
heavy?

Compatibility

pr\eference tqward are the special effects good?
ospeci al effectso



Lecture 5

Predi ct a user 0s |
according to:

f(u,z) :Oé+/6u+/8i‘|"7u"')/i
By solving the optimization problem:

arg ming g ~ Zw-(a+5u+5i+’yu'7i—Ru,i)2+)\ > B+ 2087+ 2 vills + 22, i3]
“

A & 7
Y Y

error regularizer

(e.g. using stochastic gradient descent)



Temporal latentfactor models

To build a reliable system (and to win the Netflix prize!) we
need to account for temporal dynamics:

Rating by date Rating by movie age

3.9 3.9

°

38 | Netflix ratings e ] 38 _ o_

% G ©
[kl S0 =

mean score
mean score

35 [

Gay TSy s
el e o s
35 [ i
) ® ©

34

o]
34 [y 5O E n%gg Ood%': )
ol T N ed By ]

: W Netflix ratings by
33 % 2 | 33 p mOVie age

1 i i 3.2 I I i
1] 500 1000 1500 2000 2500 0 500 1000 1500 2000 2500

time (days) movie age (days)

(Netflix changed their (People tend to give higher ratings to
interface) older movies)

3.2

So how was this actually done?

Figure fromKoren. o0 Col | aborative Filtering w



Temporal latentfactor models

To start with, | et ds bhiasternms as
that explain these types of temporal variation (which, for
the examples on the previous slides, is potentially enough)

bu,i(t) = a+ Bu(t) + Bi(?)

ldea: temporal dynamics for items can be explained by

long-t er m, gr adual changes, whe
di fferent modeburstyli,at slimdd to w:
behavior

*note: this is the opposite of what we saw in Lecture 5
when modeling the temporal dynamics of opinions on
beers!



Temporal latentfactor models

temporal bias model:
bu,i(t) = a+ Bu(t) + Bi(t)
For item terms, just separate the dataset into (equally sized) bins:*

Bi(t) = Bi + Bi Bin(t)

*in Ko r epap@rsthey suggested ~30 bins corresponding to about 10 weeks each for Netflix

or bins for periodic effects (e.g. the day of the week):

Bi (t) — B’L T /Bi,Bin(t) T /Bi,period(t)

What about user terms?
A We need something much finer-grained
A But & for most users we have far too little data to fit very
short term dynamics



Temporal latentfactor models

Start with a simple model of drifting dynamics for users:

mean rating

hyperparameter
date for liser u (ended up as x=0.4 for Koren)
— a1 xXr
dev, (t) = sign(t —t,) - |t — .
(N J (. J
Y Y
before (-1) or after days away from
(1) the mean date mean date
time-dependent user bias can then be defined as: y
1 ¥
$ )(t) = By + v, - devy, (t) D_S/
- \ —4 -2 o 2 4 "
overall sign and scale for “ sign ()] |04
user bias deviation term




Temporal latentfactor models

Rating by date

N Netflix ratlngs e N
= over time < g 1.5
o 1.0

mean score

3.2

i i i
0 500 1000 1500 2000 2500
time (days)

Real data Fitted model



Temporal latentfactor models

time-dependent user bias can then be defined as: y
1 y
Q(L )(t) p— /B’U, _I— Oéu . deVu (t) I:I.S/
overall sign and scale for 12 sign (z)|z]4
user bias deviation term

A Requires only two parameters per user and captures some
noti on of tempor al odri fto (
through cross-validation is (to me) completely unintuitive)

A To develop a slightly more
expressive model, we can 7
Interpolate smoothly between \
biases using splines o

control points




Temporal latentfactor models

number of control user bias associated

points for this user with this control point
(k_u=n_u"0.25 in Koren)

(7
kuy e_’Y|t_tl |bu

’l(tz) (t) = Py lzklu —"y|t—t'“'|tl

1=1 € /

time associated

with control point
(uniformly spaced)

A This is now a reasonably flexible model, but still only
capturesgradual drift, 1 . e. , 1t canot
(e.g. a user simply having a bad day)



Temporal latentfactor models

A Korengot around this j-duasyo bwys el
/6’11,775
bias for a particular day (or session)

A Of course, this is only useful for particular days in which
users have a lot of (abnormal) activity
A The final (time-evolving bias) model then combines all of
these factors:

global gradual deviation . . gradual item
oﬁiet (or/ splin\es) ltem {)las bias drift
\
IBu,i (t) = QT Qu + (- devy, (t) + /Bu,t + 6 + Bi,Bin(t)
user bias

single-day dynamics



Temporal latentfactor models

Finally, we can add a time dependent scaling factor:

Bu,i(t) = a+ Bu + iy - devy(t) + But + (Bi + BiBin(r)) - Cu(t)

/

also defined as ¢, + ¢y ¢

Latent factors can also be defined to evolve in the same way:

’Yu,k:(t) = Yu,k + Qo k- deVu(t) + Yu,k,t

factor-dependent factor-dependent
user drift short-term effects



Temporal latentfactor models

Summary

A Effective modeling of temporal factors was absolutely critical to
this solution outperforming
A In fact, even with only temporally evolving bias terms, their
solution was already aG@remaachdo)
model

On the other handeé
A Many of the ideas here depend on dynamics that are quite
specific-ltidkedNesteftltiixn g
A Some factors (e.g. shortterm effects) depend on a high density
of data per-user and per-item, which is not always available



Temporal latentfactor models

Summary

A Changing the setting, e.g. to model the stages of progression
through the symptoms of a disease, or even to model the
tempor al progression of peop
that alternate temporal models are required

® 6 6 6 6 6 ¢ O
rows: models @ © © @ 0 O

of increasinglyk. @) Q 0 columns:
oexperie & o oo OL%viewtimeline

users for one user
O O O O O O OO0

Twis Tuiy Twis Tuig Tuiy Tuig




Questions?

Further reading:
oCol | aborative f 1|
dynami cs o
Yehuda Koren, 2009



http://research.yahoo.com/files/kdd-fp074-koren.pdf
http://research.yahoo.com/files/kdd-fp074-koren.pdf
http://research.yahoo.com/files/kdd-fp074-koren.pdf
http://research.yahoo.com/files/kdd-fp074-koren.pdf
http://research.yahoo.com/files/kdd-fp074-koren.pdf
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Lecture 6

Bag-of-Words representations of text:

The Peculiar Genius of Bjork

CULTURE BY EMILY WITT | JANUARY 23, 2015 11:20 AM

Solo musician or master collaborator? For her new album, Hjorl has merged the two

Ftext— [150 0, O,

/]

) aardvark zoetrope

musician, who creates her music in an emotional cocoon, tinkering with technologies,

concepts and feelings; and Bjork the producer and curator, who seeks out



LatentDirichletAllocation

In lecture 6, we tried to develop low-
dimensional representations of documents:

What we would like:

87 of 102 people found the following review helpful
Yoio'o'o’c You keep what you kill, December 27, 2004
By Schtinky "Schtinky" (Washington State) - See all my reviews

This review is from: The Chronicles of Riddick idescreen Unrated Director's Cut) (DVD

Even if I have to apologize to my Friends and Favorites, and my family, I have to

admit that I really liked this movie. It's a Sci-Fi movie with a "Mad Maxx" appeal to |C
that, while changing many things, left Riddick from ~Pitch Black' to be just Riddick. p
They did not change his attitude or soften him up or bring him out of his original
character, which was very pleasing to “Pitch Black' fans like myself. mOdEI

First off, let me say that when playing the DVD, the first selection to come up is
Convert or Fight, and no explanation of the choices. This confused me at first, so
I will mention off the bat that they are simply different menu formats, that each
menu has the very same options, simply different background visuals. Select
either one and continue with the movie.

(review of o0The Chroni cl

Sci-fi

.ACtIOI’]. space, futu
action, | oud, fast, expl o



LatentDirichletAllocation

We saw how LDA can be used to
describe documents in terms of topics

O—O+O—OH®

J k
d
A Each document has atopic vector (a stochastic vector
describing the fraction of words that discuss each topic)
A Each topic has aword vector (a stochastic vector
describing how often a particular word is used in that topic)




LatentDirichletAllocation

Topics and documents are both
described using stochastic vectors:

. Each document has atopic

coactd ono 0s-ti q§q . . S :
8IStrIbutI0n which is a mixture
over the topics it discusses
number of topics
Opitch black 0 € AKie.,Va) 0ok =1

5f ast 6 51 oudé Each topic has aword
S cﬂstribution which is a mixture
A over the words it discusses

e number of words

~~
Qbaction Cbk - AD i.e., Vk Zw (ﬁk,w =1




LatentDirichletAllocation

Topics over Time (Wang & McCallum, 2006) is an approach to
Incorporate temporal information into topic models

e.g.
A The topics discussed in conference proceedings progressed
from neural networks, towards SVMs and structured prediction
(and back to neural networks)
A The topics used in political discourse now cover science and
technology more than they did in the 1800s

A With in an institution, e -mails will discuss different topics (e.g.
recruiting, conference deadlines) at different times of the year



LatentDirichletAllocation

Topics over Time (Wang & McCallum, 2006) is an approach to
Incorporate temporal information into topic models

The ToT model is similar to LDA with one addition:

For each topic K, draw a word vector\phi_k from Dir.(\beta)

For each document d, draw a topic vector \theta d from Dir.(\alpha)
3. For each word position i:

1. draw a topic z_{di} from multinomial \theta_d

2. draw a word w_{di} from multinomial \phi_{z_{di}}

3. draw atimestamp t_{di} from Beta( \psi_{z_{di}})

N =



LatentDirichletAllocation

Topics over Time (Wang & McCallum, 2006) is an approach to
Incorporate temporal information into topic models

3.3. draw atimestamp t_{di} from Beta( \psi_{z {di}})

A There is now one Beta distribution per topic
A Inference is still done by Gibbs sampling, with an outer loop to
update the Beta distribution parameters

2.5

nmmenes

LA b L LA

EERA g
ooy
MuEng
W™ |

Beta distributions are a 2 —

flexible family of distributions | p.d.f.:

that can capture several types | 201 (1—g)P1
of behavior d e.g. gradual 1} B(x,B)

increase, gradual decline, or
temporary oOobur st

o 0.2 0.4 0.6 0.8 1



LatentDirichletAllocation

Results:
Political addressesdt he model s eems thorstye
and gradually emerging topics

Mexican War Panama Canal Cold War Modern Tech
- s e il il fitted Beta
4000 2000 - . .
- _ S distrbution
2000 o 2000 1000
1000 500 .
! : : i __assignments
1800 1850 1900 1950 2000 1800 1850 1900 1950 2000 1800 1550 1900 1950 2000 1800 1550 1900 1950 2000 h_ tO iC
states 0.02032 | government 0.02928 | world 0.01875 | energy 0.03902 to t IS p
mexico 0.01832 | united 0.02132 | states 0.01717 | national 0.01534
government 0.01670 | states 0.02067 | security 0.01710 | development 0.01448
united 0.01521 | islands 0.01167 | soviet 0.01664 | space 0.01436
war 0.01059 | canal 0.01014 | united 0.01491 | science 0.01227
congress 0.00951 | american 0.00872 | nuclear 0.01454 | technology 0.01227
country 0.00906 | cuba 0.00834 | peace 0.01408 | oil 0.01178
texas 0.00852 | made 0.00747 | nations 0.01069 | make 0.00994
made 0.00727 | general 0.00731 | international 0.01024 | effort 0.00969
great 0.00611 | war 0.00660 | america 0.00987 | administration 0.00957




LatentDirichletAllocation

Results:
e-mails & conference proceedings

Faculty Recruiting ART Paper MALLET CVS Operations Recurrent NN Game Theory

4000 500 12000

3000 10000

1000 3000 600 s

2000 =9 400 6000

- 1000 1909 200 e

2000

% s 100 150 200 250 % S0 100 150 200 250 % so 100 150 200 250 % 50 100 150 200 250 2000 O o0 1995 2000

cs 0.03572 | xuerui 0.02113 | code 0.05668 | check 0.04473 state 0.05963 | game 0.02850
april 0.02724 | data 0.01814 | files 0.04212 | page 0.04070 recurrent 0.03765 | strategy 0.02378
faculty 0.02341 | word 0.01601 | mallet 0.04073 | version 0.03828 sequence 0.03616 | play 0.01490
david 0.02012 | research 0.01408 | java 0.03085 | cvs 0.03587 sequences 0.02462 | games 0.01473
lunch 0.01766 | topic 0.01366 | file 0.02947 | add 0.03083 time 0.02402 | player 0.01451
schedule 0.01656 | model 0.01238 | al 0.02479 | update 0.02539 states 0.02057 | agents 0.01346
candidate 0.01560 | andres 0.01238 | directory 0.02080 | latest 0.02519 transition 0.01300 | expert 0.01281
talk 0.01355 | sample 0.01152 | version 0.01664 | updated 0.02317 finite 0.01242 | strategies 0.01123
bruce 0.01273 | enron 0.01067 | pdf 0.01421 | checked 0.02277 length 0.01154 | opponent... 0.01088
visit 0.01232 | dataset 0.00960 | bug 0.01352 | change 0.02156 strings 0.01013 | nash 0.00848




LatentDirichletAllocation

Results:
conference proceedings (NIPS)

) probability, inference
Mmixture Mmodelg

Constraints, optimization

Sta I‘g, =
e et P, scion

Tt Relative weights
of various topics

In 17 years of
carning, generalization NIPS proceedings

e neural network dynamics

gradient, convergence

analog circuit




Questions?

Further reading:
OTopi cs ovVeFrMakovme
Continuous-Time Model of Topical

Trendso
(Wang & McCallum, 2006)



http://people.cs.umass.edu/~mccallum/papers/tot-kdd06.pdf
http://people.cs.umass.edu/~mccallum/papers/tot-kdd06.pdf
http://people.cs.umass.edu/~mccallum/papers/tot-kdd06.pdf
http://people.cs.umass.edu/~mccallum/papers/tot-kdd06.pdf

CSE 25% Lecture 8

Data Mining and Predictive Analytics

Temporal dynamics of social networks




Lecture 7/

How can we characterize, model, and
reason about the structure of social
networks?

1. Models of network structure
2. Power-laws and scalef r ee net wget-rkisg h err
phenomena
3. Triadic closure and ot he
4. Smallworld phenomena
5. Hubs & Authorities; PageRank



Temporal dynamics of social networks

Last week we saw some processes that model the
generation of social and information networks

A Power-laws & small worlds
A Random graph models

These were al/l defi ned with
But if we observe the order in which edges were
created, we can study how these phenomena change as
a function of time

First, | et s | ook at Omi cr os
In terms of individual nodes in the network



Temporal dynamics of social networks

Q1: How do networks grow in terms of the number of
nodes over time?

2.2e5
2.0e5
1.8e5
1.6e5
1.4e5
1.2e5
1.0e5
8.0e4
6.0e4

(from Leskoveg
2008 (CMU Thesis))

N(t) = 16€ + 3e3 t + 44 "@@

Nodes

e
bood 4.0e4 AL 1
0 5 10 15 20 25 0 5 10 15 20 25 30 35 40 45

Time (months) Time (months) A: D O e S n 6 t

0085 )L 284 2+ aka t] 2,803 Lo ge: N(t)'= 3900 2 + 7600 {- 1.3e5 to be an ObVlOUS
5.0e5 s €0 -

aces| | el trend, so what

o) s o 4eb -

T 3.0e5 |- 'G.-Z B N

s el p do networks
1.0e5 —ﬁ,@.s‘ | 0r | | have in common
0-0300 2 4 8 10 12 14 16 18 0800 5 10 15 20 25 30 35 40 45

16'ime (weeks) Time (months) aS th ey eVO Ive ?




Temporal dynamics of social networks

Q2: When do nodes create links?
A x-axis is the age of the nodes
A y-axis is the number of edge created at that age

A: In most networks
t hereds a
N AR initial edge creation
D 10 e RN which gradually
flattens out.

-
-

(=]
-
o
-

Avg. no. of created edges, e(a)

Avg. no. of created edges, e(a)

i i | Very different
P P behavior on
LinkedIn (guesses as

0.01 | | | | | | | | ?
0 2 4 6 8 10 12 14 16 0 20 40 60 80 100120140160 180 ({0 Why)

Node age (weeks), a Node age (weeks), a




Temporal dynamics of social networks

Q3:How | ong do nodes ol
A x-axis is the diff. between date of last and first edge creation
A y-axis is the frequency

10° ¢
107 ¢

10° ¢
107 |

T G .
4 [ * . .
L N oro lifetimes follow a
10' ......................................... BP0 ey 10' ...........................
0 100 200 300 400 500 600 0 100 200 300 _ .
Node lifetime (days), a Node lifetime (days), a power IaW many

many nodes are

shortlived, with a

long-tall of older
nodes

0 100 0 200 400 600 800 1000
Node lifetime (days), a Naode lifetime (days), a




Temporal dynamics of social networks

What about oOmacroscopicO evo
properties of networks change over time?
Q1: How does the # of nodes relate to the # of edges?

[[citations | A A few more networks:

| citations, authorship, and
autonomous systems (and
some others, not shown)

A A: Seems to be linear (on

* " [authorship | a log-log plot) but the
number of edges grows
faster than the number of

nodes as a function of

(c) AS-ROUTEVIEWS (d) ATP-ASTRO-PH t” I Ie

1975 °

—=0.0002 x% R%=0.99

10°
Number of nodes
(b) CIT-PATENTS




Temporal dynamics of social networks

Q1: How does the # of nodes relate to the # of edges?
A: seems to behave like

E(t) < N(t)®
where
1 <a<?2

A a =1 would correspond to constant out-degree &
which is what we might traditionally assume
A a = 2 would correspond to the graph being fully
connected
A What seems to be the case from the previous
examples is that a > 1 d the number of edges grows
faster than the number of nodes



0 1994 1996 1998 2000 2002
Year of publication

(a) CIT-HEP -PH

(c) AS-ROUTEVIEWS

-
[\~ ]

-
o

(o]

[=2]

Average out-degree

75 1980 1985 1000 1995
Year granted

3
ﬂ *

(d) ATP-ASTRO-PH

1994 1996 1998 2000
Year of publication

Temporal dynamics of social networks

Q2: How does the degree change overtime?

A A: The average
out-degree
Increases over
time



Temporal dynamics of social networks

Q3: If the network becomes denser, what happens to
the (effective) diameter?

0 ~=Full graph ——Full graph .
E: & Post 95 subaraph,no pas E:; "-.‘_“ - Post 93 subgraph,no past A A The dlam eter
BN e EIEEAN seems to
T3 )
p T | decrease
5 .
bz o4 1o _oB6 00 2002 2004 62 oes e 1o 2000 2002 A In Other WOrdS,

ime [years] Time [years]

S  oamasmon the network

Tk | becomes more of
\ a small world as
> the number of

: -
1980 1985 1990 1995 2000 SQIOD 3500 4000 4500 5000 5500 6000 6500 n O d e S I n C re aS e S
Time [years] Size of the graph [number of nodes]
(c) CIT-PATENTS (d) As-ROUTEVIEWS

- ® -Post '85 subgraph
-6- Post '85 subgraph, no past

w
o (=] o

Effective diameter
%) [

o S

Effective diameter
> =




Temporal dynamics of social networks

Q4: If this something that must happen di.e., if the
number of edges increases faster than the number of
nodes, does that mean that the diameter must decrease?
A-Let 0s construct random gr ar

Pref. attachment modelda=1.2

A S e
11}
10

37 L F|||||
1 2 3 4 5.10° 12345678 910-10*
Number of nodes Number of nodes

ErdosRenyida = 1.3

3-9(4, —

3.8 |- —

Effective diameter
Effective diameter

WPHrOTONO®OO




Temporal dynamics of social networks

So, adecreasing diameterisnota or ul ed of a
number of edges grows faster than its number of nodes, though it
IS consistent with a preferential attachment model
Q5: is the degree distribution of the nodes sufficient to explain the
observed phenomenon?

A:Let 0s paadorh rewirimg to test this

—
O
(we saw this procedure in Lecture 7 (case studyp random rewiring

preserves the degree distribution, and randomly samples amongst
networks with observed degree distribution)



Temporal dynamics of social networks

So, adecreasing diameterisnota or ul ed of a
number of edges grows faster than its number of nodes, though it
IS consistent with a preferential attachment model
Q5: is the degree distribution of the nodes sufficient to explain the
observed phenomenon?

. ::f - 'Rewired — | . 35 'Rewired — n
2 Network e L 30 Network o |
2 100 :
o 8rF S 20
= 7 F =
5 6. 5 1
E 5 ~ E 10
4 | | | | 5 | | | |
1992 1994 1996 1998 2000 2002 1975 1980 1985 1990 1995 2000
Time [years] Time [years]

(c) Affiliation network (ATP-ASTRO-PH) (d) US patent citation network (CIT-PATENTS)



Temporal dynamics of social networks

So, adecreasing diameterisnota or ul ed of a
number of edges grows faster than its number of nodes, though it
IS consistent with a preferential attachment model
Q5: is the degree distribution of the nodes sufficient to explain the
observed phenomenon?

A: Yes! The fact that realworld networks seem to have decreasing
diameter over time can be explained as a result of their degree
distribution and the fact that the number of edges grows faster
than the number of nodes



Temporal dynamics of social networks

Ot her 1 nteresting top

lipstick on a pig our entire economy
is in danger
i will reach out my hand to anyone to help me
get this country moving again effort to protect the american decent person and a person 800
) economy must not fail that you do not have to be
i guess a small-town mayor is sort of like a community scared of as president of
organizer except that you have actual responsibilities the Mot aariie the united states 700
we have been blessed with five wonderful children who financial crisis since i : ;
we love with all our heart and mean everything to us the great depression el gy bbb

swallow hard and go forward with
all the parts of the internet are gn the iphone

600
: fundamentals of i think when you spread

no way no how no mccain. barack our economy are who is the real the wealth around it's
obama is my candidate strong barack obama good for everybody 500

answering that question with ggﬂggg;f he's palling around i am not

specificity is a(ove my pay grade Sl aneare with terrorists ﬁs;:dent 400

S

he doesn't look like all those other \ thanone

hey can
i call you
joe

she is a diva she
takes no advice
from anyone 300

thing at
once

presidents on the dollar bills
i think i'll have my
staff get to you

russian aggression must
not go unanswered

— e ——— e

8/1 8/8 8/15 8/22 8/29 9/12 9/19 9/26 10/3 10/10 10/ 1 7 10/24 10/3
onemetrackerd




Temporal dynamics of social networks

Ot her 1 nteresting top

—CDC Influenza Rate —cold or flu
Sodium content vs. number of CHF patients

Number of CHF patients

Average sodium per serving [mg]

120 130 140 150 160 170 180
|

Mormalized Search Activity (o)
p=]

Sodium content in recipe searches vs.
# of heart failure patients 80 Fr o m
Cookies t o Coo2R18)0 |f
http://infolab.stanford.edu/~ west1/pu
bs/West-White-Horvitz WWW-13.pdf

2006 2007 2008 2009 2010

Aligning query data with disease data &
Google flu trends:
https://www.google.org/flutrends/us/# US



https://www.google.org/flutrends/us/#US
https://www.google.org/flutrends/us/#US
http://infolab.stanford.edu/~west1/pubs/West-White-Horvitz_WWW-13.pdf
http://infolab.stanford.edu/~west1/pubs/West-White-Horvitz_WWW-13.pdf
http://infolab.stanford.edu/~west1/pubs/West-White-Horvitz_WWW-13.pdf
http://infolab.stanford.edu/~west1/pubs/West-White-Horvitz_WWW-13.pdf
http://infolab.stanford.edu/~west1/pubs/West-White-Horvitz_WWW-13.pdf
http://infolab.stanford.edu/~west1/pubs/West-White-Horvitz_WWW-13.pdf
http://infolab.stanford.edu/~west1/pubs/West-White-Horvitz_WWW-13.pdf
http://infolab.stanford.edu/~west1/pubs/West-White-Horvitz_WWW-13.pdf
http://infolab.stanford.edu/~west1/pubs/West-White-Horvitz_WWW-13.pdf

Questions?

Further reading:
oDynamics of Large Net wo
Jure Leskoveg 2008

OMi croscopic Evolution
Leskovecet al. 2008

oGraph Evolution: Densi
Di ameter so
Leskovecet al. 2007



http://cs.stanford.edu/people/jure/pubs/thesis/jure-thesis.pdf
http://cs.stanford.edu/people/jure/pubs/thesis/jure-thesis.pdf
http://cs.stanford.edu/people/jure/pubs/thesis/jure-thesis.pdf
http://cs.stanford.edu/people/jure/pubs/thesis/jure-thesis.pdf
http://cs.stanford.edu/people/jure/pubs/microEvol-kdd08.pdf
http://cs.stanford.edu/people/jure/pubs/microEvol-kdd08.pdf
http://cs.stanford.edu/people/jure/pubs/microEvol-kdd08.pdf
http://cs.stanford.edu/people/jure/pubs/microEvol-kdd08.pdf
http://cs.stanford.edu/people/jure/pubs/powergrowth-tkdd.pdf
http://cs.stanford.edu/people/jure/pubs/powergrowth-tkdd.pdf
http://cs.stanford.edu/people/jure/pubs/powergrowth-tkdd.pdf
http://cs.stanford.edu/people/jure/pubs/powergrowth-tkdd.pdf

CSE 25% Lecture 8

Data Mining and Predictive Analytics

Some incredible assignments




Assignment 1

. Pinot Noir with binned linear regression

o n

60 — 60
e 50 = e 50
10 20 30 40 50 60 10 20 30 40 50 60 70 0 10 20 30 40 50 60 70
Delta Time (years) Delta Time (years) Delta Time (years)

Raw rating data

binned regression

Andrew Prudhomme 60 Fi ndi ng

dual regression

t he

Optir



Assignment 1

91.0

review time and average rating
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1ntel
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s surreal!
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RateBeer B Rates _u AdEin ka b l e

p05|t|ve Words in beer reV|ews negative words in wine reviews

Ben Braun & Robert Timpe 60 Te-kased rating predictions f



Assignment 1

cific
zean

-
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Average Rating
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3.60
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Figure 3: Restaurant Ratings Figure 6: Average rating per location
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Diego Cedillo & Idan Izhaki o0 Us er Score for Restaurant s



Assignment 1

Tuz ,u—|—b +b |M( Z |Sn|

set of geographic neighbours impact of neighbours

Long Jin & Xinchi Gudo Rati ng Prediction foc



Assignment 1
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Mohit Kothari & Sandy

“Fitness” “Italian Restaurants”  “Airport & Rentals”  “Computer Repairs”  “Mexican™
gym food san computer food
training restaurant francisco store mexican
fitness wine car phone tacos
classes menu airport system burrito

equipment great jose buy good
class delicious time laptop salsa
life service rental apple taco
great dinner driver repair chips
workout dishes service problem burritos
weight excellent bus back fish
ve dining shuttle fixed chicken
work meal taxi pc place
body italian trip drive delicious
yoga experience city price love
trainers amazing cab data fresh
people wonderful lax fix great
years atmosphere area iphone beans
feel small experience screen restaurant
instructors decor company bought asada

Topic model from Google Local business reviews
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Assignment 1

Wikispeedia
navigation
traces:

Figure 5: Graph of a complete path

Average Click Average Time

Finish Path 4.72 158.27
Finished Path Back 6.75 158.31
Unfinished Path 2.97 £35.29
Unfinished Path Back 5.2 836.00

Shelby Thomas & Moein Khazraeedo Det er mi ni ng Topi cs in LinKkasledvAessadisattir



Assignment 1

Images from Chictopia\

Power laws!

Wei-Tang Liao & Jong -ChyiSudo |l mage Popul arity Predict



