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1.Introduction \ , Data Mining Lab
In life, we measure length by cm, dm, m, etc; and m€asure

weight by kg...
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»How do we quantify the scientific impact of a paper?
- Citation

» Example of citation-based measures
- The number of citations, the impact factor, etc.
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Citation history of all papers
published in Cell, PNAS, and
Physical Review B (PRB) in 1990
and acquired 50 citations 5 years
after publication, illustrating the
dierent long-term impact despite
their equal early impact.
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2.1 Scale-Free Model o, «« u t g

also known as Barabasi-Albert(BA) model, is designed to
reproduce the degree distribution of complex networks.
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Actor collaboration graph
with N=212,250 vertices
and average connectivity
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2.2 Fitness Model =/ e
also known as Bianconi-Barabdsi(BB) model, besides the PA

mechanism each node i has an initial fitness 7 capturing its
unique likelihood to be cited in the future.

L1 oc ﬂikit

it helps explain why the degrees of some nodes with low initial
degrees grow faster than others, even faster than the old nodes
with high degrees.
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2.3Minimal Citation Model N/ i
input: citation history of the target paper .}

» The citation probability T11.(At,) ~5.¢'P(At)

» elaps time, a;,

> fitness, 7, PPALET

» current citations, ¢ i
» aging function, P(-)
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2.4 Solving the model
2.4.1 PA

10 Empirical validation of
= Year 1980 - preferential attachment.
® Year 1985 A A Attachment rate measures
8F Ao  Year 1990 v % thelikelihood for new .
papers published in different
QL v Year 1995 4 e years (color coded) to cite
< Year 2000 vs an old paper with® citations.
ef 6 " ". - That is, for each year, ¢
¢ ¥ u measures the citations of
Hi (Ati) ~ 77,-C,~ P(At,) g : ® each paper before this year,
& 4+ . i & om and attachment rate
% wip - " . measures the average
S & X m number of times each paper
= B s ,, with ¢citations was cited in
< | 7ol i this year. The linearity of
ol the curves offers evidence
o - for preferential attachment.
0 1 1 1
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2.4.2 The temporal relaxation functi

a 1 b 10°
2
08 J e 1 (ln At — ,Ll)
5 § s10f S P(Ar) = exp|— .
3 3 % 2o At
50.4 :’, :‘1‘ = 1075 | t“
0.2 E ‘{\ ] s
el S 107 _ : : ,
-1 0 1u1At 2 3 10 10 At 10 10 o At = n nAf = n
& 3 d 10° ifi.i.d X}, A=11x then mar=2x
08 . converges to a normal distribution
8 Y =10™ 57 U .
Tos P S ) due to central limit theorem
go 4 ;f" "“‘ § 10_5 | "1 ";i{. ‘3
0.2 \
B £ ‘ = 10° = : 0 1 2
-1 0 1 2 3 10 10 10 10
InAt At

P(InAr) when papers change from 10 citations to 11 citations. The dashed line corresponds to the best gaussian fitting. (b) Same as (a) but for P(A)) _ Dashed line
corresponds to the best lognormal fitting ( “=7% and “=""' ). Here At is measured in unit of years. (c)P(InA?) when papers change from 20 citations to 21

citations. The dashed line corresponds to the best gaussian fitting. (d) Same as (c) but for P(A?). The dashed line corresponds to the best lognormal fitting
(/128.29 and 0':0.93)
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t N(t
de, —m. zlv_([zl) ZN(t) n, ( )H _q m- ZNU) dczt _ dN(t)
aN () I, S 30n T n, S dr dt

2.4.3 formula derivation
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L1 S N ~exp(B) T(AL) ~ el P(AL)
s ;
- 1.4} 10'f .
5  |= l” dc; n.c;P(At,)
S1rE | g £ ——=m-f At =t—1,,t = AL, +1,
gl dt 1 {V(t)l—[i
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O
=]
= | et A=——30r 2 2P0 L e peasdnt,

N(@) <= A
0 -»' : ; ; ’ mgiQ(w)
1000 ~ 1920 1040 1960 1980 2000 o =Cle o

Year
The number of papers published each year in the PR corpus.
Inset: cumulative number of papers N(t) published up to year
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dfmi, At nif(ni, At) Py(At;)

dAt; A

At;

c.' =m(e =)’ =m(eh —1)

l

so, here is a question, how to estimate the three parameters (4.u.0))
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2.5 Survival Analysis \/ e

> the survival function so=rc >

> lifetime distribution function ro=ra<n=1-sw

» the density function of the lifetime distribution fO=F©=5F0)
Pe<T<t+dt) _f()_ S

» hazard function 0=lm== === ==

> cumulative hazard function A0--teso 5 A0 =-38=40.00= [ 2w
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Future life time at a given time ¢, is the time remaining until
death, given survival to age ¢, , then the probability of death at or

. P, <t<ty+t) F(t,+1)-F(t,)
before age 1, +1 1 Prsu+iir>1) == =R SRS

Therefore the probability density of future lifetime is:

iF(tO"'t)_F(to) _ f(t0+t)
dt S(t,) CS(1,)

—logS(t) At ) | [
S(t,) e Ve _ M)A _ e-(jo z(u)du-jo Auydi) . L A(u)du

P(T>t,|T>t)= S0 = s~

f@) S'(t,) S() _ l(tz).e—j:ﬂ(u)du

St)  S(t,) S)
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Imagine a stochastic process «o; where x) \ ’ Data Mining Lab
represents the number of events by time t, satisfying:

P(x(t +h)—x(t) =1) = A, (x,t)h + O(h)

where 4(x.nis a time dependent rate parameter.

N N _ —f_i Ao (i=1,0)dt N . 2y (x(0))dt
L= HP(tl. IME H[/lo(l -L,t)-e ™ ]= H/"to(l —1,t)-e !
i=1 1=1 1=1
df i At nif i A P(AL) S
g P A S(ti)

A,(x+m) x

% LD e ) 1)+ mR0) = Py ) = 2D - CRO A

207

A (x,1) =
o(%:0) dt dt A
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(X, ,0)=arg max , , . L(4, u,0)

OL(A pt,07) _ o OL(L,p',07) _ o OL(A pt,07) _
aﬁ* ) 6ﬂ* 9 a O_*

o 5 ey
a +m)(b(ln(T)* JT; )_<(D(ln(r,)* M )>] |
a a

]f,'—** In(t;)—u* " a In(T)—u*
) "-nzPG(n()*")>+J(1+nnPG(“() "):0

'Y o a”

0

A =

<ln(t,-)—,u (ln(r,-)—,u —,l*PG(]l](ri)_” ))>+/l*(]+m)ln(7’)—y PG(ln(T)—,u ):]

* * *

' o e o o




3. Model Validation

3.1. Fitting the original data ¢ =(e
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Citation history of four papers published in PR in

1964, selected for their distinct dynamics, displaying

a ‘jump-decay’ pattern (blue); delayed peak

(magenta); attracting a constant number of citation

over time (green), or acquiring an increasing
number of citations each year (red).
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Yearly citation c(t) for a research
paper from the PR corpus
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We randomly selected two
papers each year between
1960 to 1970 from the PR
corpus. Their citation
histories are shown on the
top panel.

Color code corresponding to
the publication year.




Fitness Selection
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lnAt ,ul)
c, ‘—m(e 7 =), =m(e” ~1)

Evaluating long-term impact. (A) Fitness
distribution P(l) for papers published by Cell,
PNAS, and PRB in 1990. Shaded area
indicates papers in the | = 1 range, which were
selected for further study.(B) Citation
distributions for papers with fitness | ~ 1,
highlighted in (A), for years 2, 4, 10, and 20
after publication. (C) Time-dependent relative
variance of citations for papers selected in (A).
(D) Citation distribution 2 years after publication
[P(c2)] for papers published by Cell, PNAS,
and PRB. Shaded area highlights papers with
c2 €[5,9] that were selected for further study.
(E) Citation distributions for papers with
c2€[5,9], selected in (D), after 2, 4, 10, and 20
years. (F) Time-dependent relative variance of
citations for papers selected in (D).
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IF(T) = N1C(T|T1) + N2C(T|T»)
N1+ Np
M{-M(Ty) 'Mz3-M(Ty) M3-M(T3) My—M(T
_ _mN, (?A(Tl)(D(I‘T_T])')_ ()A(T1)®(3ZT”‘) L, MmN (?A(Tz)(D(%(T)_ ()A(TZ)Q)(T()Q)) |
N] +N2 N] +N2

_m M—-M M>r,—-M
oo )

)) )>

e




In 1998, the IFs of Cell and NEJM were 38.7 and 28.7, respectively. Over the next I% g A T

decade, there was a remarkable reversal: NEJM became the first journal to ..
Data Mining Lab
reach IF = 50, whereas Cell’s IF decreased to around 30.
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3. 2. Predicting Citations \ / Data Mining Lab
Using the training period 7. and #, sampling citations, to predict

the number of citations at a future time 7,

the expected increment of citations between @.7,] :

Ak = (k, +m) ((,n((D((ln Tp—10)/ )= ((InTy—p)/ o)) _ ])‘

Hence, the expected citation at time 7, :

(k; + m)()l]((l)((ln Tp—10)/)—O((InTy—p) /o)) _ "

Z(r],,u, o) =




HEISHECI =

/ )
assuming uniform prior distribution of @.x.0) \%’ Data Mining Lab

e al (2 (x(0).)d
P(n,u,0)ox L= L) = H/’Lo(i—l,tl.)-e e
i=l1

Therefore, given a citation history, we can use the model to
predict the probability for the paper to have %, citations at the

t“11€3];, _
P(kp) = f5<k(l},/1. o)— /\’p) P(n,p,o)dndudo.

Hence, the most probable future citation kp can be obtained
from

dP(kp)
dk,

= (),
kp=kp
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lllustrative example of P(kp)
for a randomly selected
paper. Different lines
correspond to different
testing period (Tp).
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the upper/lower uncertainty can be obtained by \ J Data Mining Lab
00
T = . 2 D(L \ AL
Tp = (kp— k)2 P(kp)dk
kp
e’ —k; |
L, = .
ks o)
Op = (kp— k)2 P(kp)dk,
ke
300 e data 300. > Real data
250 = Prediction 00000 555 _—Predlctlon M

200

150
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» Logistic Model

00
5 S 3
C. =
. | + (,—r,'(t—r,-)
' 1.0
» Bass Model k\ o ::L“:C:(Eq i) (I...‘.,‘ ?:)
. . :
| — (Pt 08 1008 (K4 9) (T ™ 19)
t COO : Gompertz (T_ = 10)
C. = ! ;
l ﬂ _( + )I ¢ Bass (T, =10)
I+ ])e i 0.6 Logistic (T = 10)
» Gompertz Model i
04 |
t 0o —e(atqn) i
CI =C e
02 |
0.0 ; - ; : : :
0 1 2 3 4

o Z,, Scorc
We selected papers published in 1960s in the PR corpus that acquired
at least 10 citations in 5 years (4492 in total). The red curve captures
predictions for 30 years afterpublication for TTrain = 10, indicating that
for our model 93.5%papers have z30 < 2. The blue curve relies on
5-year training. The gray curves capture the predictions of Gompertz,
Bass, and logisticmodels for 30 years after publication by using 10 years
as training.
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m
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4.1 RPP(Reinforced Poisson Process)

t
dc; =m-A,c;P(At,)

x, ()=, 1,(t0)i, (1)
L=PT [ TP 11, ) L=TTPa14.)
bayes formula: P(z| D)= P(D|h)- P(h)/ P(D)

bring in conjugate prior to eliminate over-fitting.
3(1

L(Ag,04) = PO(TItzd) le(t;ilt(ii—l) p(Adla, B) = =—AG e A,
=1 F(Q)
ng
n : d. N
=:4g" | | (m+3—1)fa(ts;0a) X (c(t)) = / (8)p(Aalt, 04, @, B)dd

1=1

e—Ad ((m-}-nd)Fd(T:Od )—Z:‘__‘fl Fd(t?;gd))
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Ing

'
4.2 PETM(a reinforced Poisson Process model wi
relaxation, Exponential reinforcement and Time Ma
process)

k A z
= = *
r.(k)=k+1+m Ej:01+m r:g(r)zz:M./M
J
Jj=0
(a) " Time window = [10:30am,10:45am) (b) g " Time window = [10:45am 1 1:00am) (a)*® (b)
300] 9 ¢ ¥ @ 3000
) 8 e
8 o 2
2 2500 3
£ L
= ' (Y 3 b v :»i S 2000 S 1
e . :4"'.‘ e : = ki g,
» it E 15 5
o e b "lr B 4 5 8
[} ] >
AN it : o 2
il El 4 3 ]
.4-"* ',,M'j < %
300 400 0 50 100 150 20 300 400
@ ) Time day (in hour)

=
r, (k)= Z e +m
=0

=k ,
X ()= 27 (m+D e ™)
j=0
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now that different retweets can generate dlfferent contribution
to PA, what about thinking of the triggering effect of each
subsequent forwarding.

x,)=mA, f,&0)+ A, 1, g)fe—amj

Jmax (1)
) = ve +az e M)
j=1 if f,t;0)=e" then x,(t)=mAe +/1dZe @A
where v is the initial triggering strength, « is the triggering
strength of each subsequent forwarding.
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A) = p(@)- Zni¢(t_ti)

1,<t,i>0

where p(@)is the retweeting probability of time t, 7 is the out-
degree of the ith retweeting node, (t-%) indicates the probability
that the neighbor nodes(nodes which will retweet) of the ith
retweeting node retweet the tweet.
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» | cannot find a dataset containing the complete perchasing data of a

certain item.

» the visibility of the sales volumn may generate different PAs.
» serveral ways to modify the model:
1.consider different Network Growth Models

2.according to the special characters of user-item network , modify the model
just like the SEHP did.

3.think about the triggering effect.
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