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Abstract This paper introduces a general dynamic network modeling
framework that can model time-stamped event data. Our
approach extends work on survival and event history anal-
ysis (Andersen et a| 1993 Butts 2008 to large-scale net-
work modeling and uses multivariate counting processes
to model network dynamics. A benefit of this statistical
framework is that it can handle arbitrary network and nodal
statistics; for example, we empirically show how incorpo-
rating textual information with network statistics impesv
predictive performance.

The analysis of the formation and evolution of
networks over time is of fundamental importance
to social science, biology, and many other fields.
While longitudinal network data sets are increas-
ingly being recorded at the granularity of individ-
ual time-stamped events, most studies only focus
on collapsed cross-sectional snapshots of the net-
work. In this paper, we introduce a dynamic ego-
centric framework that models continuous-time

network data using multivariate counting pro- In this paper, we focus on citation network analysis, which
cesses. For inference, an efficient partial like- is an area of interest to machine learning and bibliomet-
lihood approach is used, allowing our methods rics. Specifically, we consider processes where nodes cre-
to scale to large networks. We apply our tech- ate edges over time to nodes that joined the network earlier,
nigues to various citation networks and demon- and we take a restricted “egocentric” perspective that only
strate the predictive power and interpretability of models nodal processes for efficiency. We do not explic-
the learned statistical models. itly discuss more general processes (involving edge-based

dynamics) in this paper, but our framework can be general-
ized. Moreover, we develop an efficient inference scheme
1. Introduction that optimizes a partial likelihood that ignores the precis

event times and only considers the event-to-event ordering

Network analysis is of increasing interest to researcherg,q ,gh we also discuss how a baseline rate of citations per
and practitioners due to the emergence of large-scale Syt ime may be estimated if event timing is of interest.
cial networks, biological and protein interaction dataa<ci

tion graphs, and networks in many other fields. Since mosf he specific contributions of this paper are as follows:

of these networks are dynamic and evolve over time, there 1 \e propose a statistical egocentric modeling frame-
is increasing motivation to develop longitudinal network
models, i.e., models for networks over time. Researchers
have largely focused to date on analyzing discrete “snap-
shot” or collapsed panel data (e ganneke & Xing 2006

Fu et al, 2009 Wyatt et al, 2010. While continuous-time
models have been fitted on small networkgagserman . g . -
198Q Snijders 2009, the development and fitting of dy- 3. We prowde. an emplrlf:gl analysis of the predlctlvg
namic statistical models for large-scale data sets at a fine power and interpretability of the _Iearned egocentric
temporal granularity is still relatively unexplored. models on several real-world citation networks.

work for fine-grained longitudinal network data that
allows for arbitrary network and nodal statistics.

2. An efficient inference scheme based on partial like-
lihood optimization is presented, allowing this ap-
proach to scale to large data sets.

Appearing inProceedings of the 28'" International Conference  In the following sections, we introduce the egocentric net-
gn '\f]aChmﬁ Lear r/"rlgy Bellevue, WA, USA, 2011. Copyright 2011 \york modeling framework and detail the inference algo-
y the author(s)/owner(s). rithms. Then we empirically analyze several citation net-
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works using this framework. Finally, we review related To modelA(t), we shall denote the entire past of the net-

work and conclude with future research directions. work up to but not including timéby H,- and assume that
the intensity process for nodes given by

2. The Egocentric Network Model M(HH) = Yi(Bao(t) exp (87si(1), @

In this section, we formulate the general egocentric model-

ing framework and provide examples of network statisticswhere the “at risk” indicator functio;(¢) is defined ac-

that can be specifically applied to citation network data. cording to the context. For citation networks, we take
Yi(t) = I(t > t¥) to be 1 if the current time is greater

2.1. General framework than the arrival time?** of node (paper). In Eq ), ao(?)
) represents the baseline hazard functi@ns the vector of
We demonstrate below how models for counting processegpefficients to estimate, armlt) = (si1(1), ..., sip(t)) is

(Andersen & Gill 1982 may be used in the context Qf net- 4 vector ofp statistics for paperconstructed based o, - .
work analysis, where we need to account for the interdeThegse statistics can be time-invariant or time-dependent;

pendence among individual processes on nodes or edgqﬁey are discussed further in Sect@.
Our egocentric framework aims to model a dynamically

evo|ving network by p|acing a Counting procd§$(t) on The term “egocentric" in this context Signifies that the
nodei, i = 1,...,n, whereN;(t) counts the number of counting processV;(¢) is ascribed to nodes. An alterna-
“events” (defined based on the context) involving tkte tive “relational” framework, which instead defines count-
node. Recurrent events have been studied extensively in tHd ProcessesV; ;(t) on node pairgs, j), is not appro-
statistical literature on survival and event history asaly Priate for citation networks because, in the language of
(e.g.,Andersen et a].1993. The basic idea of this frame- Statistical survival analysis (e.gAalen et al, 2008, rela-
work is to model how the current network history influ- tionship (i, j) is at risk of an event (citation) only at a
ences its future development. Combining individual count-Single instant in time. Nonetheless, there are contexts in
ing processes of all nodes results in a multivariate cogntin Which both an egocentric approach and a relational ap-
procesN(t) = (Ny(t), ..., N,(t)). This counting process Proach would be appropriate, and further discussion of gen-
is genuinely multivariate — it makes no assumption abougral time-varying network modeling ideas is giventtts

the independence of individual nodal counting processes. (2008 andBrandes et al2009. For the remainder of this
paper, we drop the general language of nodes and edges, re-

This modeling framework is quite general in applicability; ferring instead to the specific case of papers and citations.
we apply it here to the context of citation networks. In a

cita_tion _netvv_ork, new papers join _the network over time. At2'2. Statistics from network history

their arrival times, these papers cite others that havadyre

been in the network. Since new papers make citations tés described in SectioR.1, our modeling framework can
other papers only once in their lifetimes, the main dynamichandle arbitrary statistics from the network’s history.réle
development of this network is the number of citations thatwe detail the statistics that will be used in our experiments
papers receive over time; thus, we takgt) to equal the

. - ‘ Lety;;(t) denote the value of the directed edge frota j
cumulative number of citations to papeat timet. yis (1) g J

attimet. In other wordsy; ; (¢) equals 1 if bothi and; have
Since the counting process is nondecreasing in time, it majpined the network by time and: cites; (we assume that

be considered submartingale; i.e., it satisfies the cited papey joins the network before the citing paper
) 1). For each cited paperalready in the network, we con-
EN(t) | past up to times] > N(s) forallt > s. sider three preferential attachment (PA) statistics ethrie

ﬁmgle statistics (Figur#), and two out-path statistics com-

This is a standard way to model time-to-event data, thou . .
Y g puted based on the network histdfy- before timet:

we will not delve deeply into specifics here; we refer the
interested reader to the textbooks Adlen et al.(2008 1. First-order PAs;y(t) = Zj\il vi; (1)
andAndersen et al(1993. The general idea is that a sub- 5 gecond-order PA, (1) = i#k Ui (D)3 (2).

martingale may be (uniquely) decomposed as 3. Recency-based first-order PA (whé&igis a specified

time window): s ;3(t) = ZZ].VZI yij (I (=t < T,).
“Seller” statistic:s;a(t) = >,y Yri(t)yij ()Y, (t).
“Broker” statistic:s;5 (1) = >, .4 Yk (8)yi () yri(t).
“Buyer” statistic:s;e (t) = >, 5 Yik () yri (t)y;i(t).
First-order out-degree (ODY;7(t) = S°N | ;i(t).
Second-order ODxs(t) = 3,y Yik () yri(t).

N(t):/o A(s) ds + M(2), )

where the first term on the right is the “signal” at time
and the second term, called a continuous-time martingale,
is random “noise”. Our attention will focus on modeling
A(t), the so-called intensity function.

© N gk
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3.1. Full versus partial likelihood

Seller
Q Broker There are two different inference approaches for the ego-
@ centric network model that differ in the choice of whether
Buyer to specify a parametric form for the baseline hazag)

in Eq (2). A fully parametric approach, specifying, (¢, ~y)

as an exponential, Weibull, or piecewise constant distribu
Figure 1.The only valid triangle configuration in citation net- tion, might be useful if applications of interest are time-
works and three statistics defined onft.joins the network after  related, such as predicting the number of citations to a pa-
A and citesA. Later,C joins the network and cited and B. per in some future time period. Using this approagland

(3 can be estimated by maximizing the full log-likelihood

Statistics sj1(t),...,s;5(t) are time-dependent while m

sje(t), -, s;5(t) are time-invariant in that their values are  (3) — Z log ao(te, ) + BT s, (te)
unchanged after papgioins the network. ) o

e=1

In the context of modeling the counting process of citations mLfte

for a given papey, the coefficients3;, . . ., 35 correspond- - Z/t Yi(u)ao(u,v) exp {B7si(u)} du| (4)

ing to the eight statistics above should be interpretedes th =1t

strength (and direction) of the corre_sponding effect in the(AaIen etal, 2008, wherem is the number of citation
presence of all other effects. For instanck, measures  eyents and, andt, denote the paper cited and time of the
the “rich get richer” effect5, measures the effect due t0 ., event. For the purposes of estimating and then validat-
being cited by well-cited papers, artf measures a type jng ;3 we may split the citation events into a training set
of recency effect, i.e., a temporary elevation of citation i 5,4 3 test set, respectively, in which casds the num-
tensity following a number of recent citations. All of these par of events in the training set. The parametric approach
effects should be interpreted as though the other effeats th ¢ Eq (@) has two disadvantages: First, the specified form
are included in the model have already been accounted fofnay be incorrect, leading to biased estimates; second, the

In addition to the network effects described above, we caintegral above increases computational complexity, arti
take the heterogeneity of the nodes into account by exploitularly if some elements o (¢) depend continuously oh

ing the information contained in the abstracts of paper§, other applications, such as network effect inference or
(when these abstracts are available). For this purpose, W&ation recommendation for new papers, we are interested
use Lgtent Dmchlet Allocation (LDA), also known as t_op|c in estimating only3, notao(t), so an approach that leaves
modeling Blei gt al, 2003, as follows. After cqnvertlng ap(t) unspecified may be preferable. This is the approach
each abstract into a bag-of-words representation, an LDAye take in this paper, considering () to be essentially a
model is learned on the training set, and topic proporténs |, isance parameter. TH® parameters may then be esti-

as defined bglei et al.(2003 are generated for each train- \,ateq by maximizing the partial likelihood Gfox (1972):
ing node. The learned LDA model is also used to estimate

topic proportionsd for each node in the test set through a m e (5T L (t ))
standard fold-in procedure. With the learned topic propor- L(g) = *p Sic (te )
tions, we construct a vector of similarity statistics focka it n T ’
paper;j at each arrival ime?'* of arriving paper: > Yilte) exp (5 Sé(te)>
=1
s;T‘DA (t?rr) = 02 o 0j7 (3)

Large-sample results such as consistency and asymptotic
whereo denotes the element-wise product of two vectorsnormality of 3 estimated based on the partial likelihood are
Our approach here is similar to that taken®lyang & Blei  derived inAndersen & Gill(1982); furthermore, it is worth
(2009. We are free to choose the number of topics; for thementioning that the partial likelihood is a special case of
arXiv-TH data set with abstracts, we utilize 50 topics. Notea broader class of composite likelihood&iin & Vidoni,

that each topic-specific similarity value has a correspond2005. Besides avoiding problems resulting from the

ing G coefficient. misspecification ofy(¢), this partial likelihood approach
only requires the availability of time-dependent statstt
3. Inference event times. When the number of nodes whose statistics

are updated between two event times is small, as is the case
Efficient inference for these models can be achieved usin@n our egocentric citation network model, we can exploit
a partial likelihood approach and other computationaltechthis fact computationally by updating the denominator of
nigues, which we discuss in the following subsections.  Eq (5) only when needed, from one event to the next.
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In the above discussion, we have assumed that at most onel. The current statistics matrix is used to calculate two
event happens at any time, i.e., only one paper is cited terms,3's;, (t.) andx(e), where

at a specific time. However, in reality, citations occur in .

groups: when joining the network, a paper simultaneously - T

makes citations to many papers. In addition, the publi- ri(e) = Zyi(te)eXp {8 si(te)}- ()
cation times of multiple papers may coincide, either be- =t

cause they are published simultaneously or because the ob2. Edgee is added to the network data structure.
servation times are rounded to some large unit. As long 3. The statistics matrix is updated based on the added
as the ratio of the number of simultaneously cited papers

to the total number of papers currently in the network isTg obtain the maximum likelihood estimator ¢, the
small, we can deal with ties using the Breslow approxima-ahove procedure will be repeated many times for different

tion (Klein & Moeschberger2003 section 8.4), values of3. Since steps) and @) do not depend of, one
computational improvement that can be made is to cache
m H exp (ﬁTSie (te>) the time series of network updates, as follows. We step
L(B) = H ie€Ce (6) through all event times from the beginning. As each edge is
n |Cel” added to the network, we figure out which nodes and their

e=1

corresponding statistics are updated and then cache all of
these updates, i.e., store those elements of the statisdics
trix to be updated as well as the list of updated nodes. In our
experiments on models that only include statistics based on
network structure, the number of nodes affected at an event
time is very small. Therefore, despite using more memory,
A Newton-Raphson algorithm is used to figtdby max- ~ caching saves a significant amount of computational time
imizing the logarithm of the Breslow approximatiof)( SPent on repeating step®) @nd @) for each new value of
and to estimate the covariance matrix@®fas the inverse B by simply modifying the matrix of nodal statistics using
of the Hessian matrix of the last iteration. The algorithmthe cached updates.

implements a simple step-halving procedure, halving thespecifically, the caching method works as follows. The
length of the step if necessary unlilg L(53) increases. erms of the sums(e) of Eq (7) are only different from
The iterations continue until every element¥hlog L(8)  those ofis(e — 1) for those nodes whose nodal statistics are
is smaller thaﬂo—?’ in absollute vglue, or until the increase \nqated or who join the network within intervl_, t..).
inlog L(B3) is less thari0~1°°, whichever happens first. Letting U._; be the set of nodes whose nodal statistics are
The computational complexity for naively evaluating updated during¢._1,t.) andC._, be the set of nodes who
log L(3) in Eq (6), along with its gradient vector and Hes- join the network duringt. 1, ¢.), we have

sian matrix, isO(p*mn), wherep is the dimension of3,

> Yitte) e (87si(t))

whereC., is the set of papers cited at time

3.2. Computational issues

m is the number of distinct citation event times in the train- #(¢) = (e —1)+ Y exp{BTsi(t.)}
ing set, andn is the number of nodes in the training set. 1€Cc—1
If we include the solving of a-dimensional linear system + Z [exp {/BTSi(te)} — exp {ﬁTSi(te—l)} }

as required for a Newton-Raphson iteration, each iteration

requiresO(p>mn + p®) computations. However, for our

purposes, the value gfis much smaller tham: or n, so ~ Each summation above involves a small number of terms

thep? term is negligible relative tp?mn. relative ton. We cache values such ggt.) fori € C._;

. .. andi € U._q in our initial first pass through the whole data

We present two ways to make inference more efficient, . .
. . . set so that these summations may be calculated quickly, and

First, we target the factot by using a caching data struc- the resultings(e) summed, for arbitrary values g

ture to exploit the sparsity of nodes that are updated be- ' '

tween two event times. Second, we apply the statisticalhe caching scheme above works well when the statistics

theory of recurrent event modela\rfdersen et al.1993  s;(¢) are defined so as to be essentially local, in the sense

aimed at reducing the facten while maintaining the ac- that the appearance of a new paper in the network, with its

curacy of learned parametess list of network-edge-generating citations, will only affe

A straightforward calculation of the partial likelihoodrca the values of; (.t ) for thos_e pape_rsthat are actually_ C't_Gd'
However, as discussed in Secti@r?, we analyze citation

.b? .summanze'd .aTQ'.fO.HOWS' First, a data structure of thenetworks using two separate collectionssgft) statistics,
initial network is initialized, as well as a matrix where bac

. o and only one of these collections can be said to possess the
row i is a vector of statistics for node Then for each new . . .
o : i locality property. In the other case involving LDA-based
citation event, the following steps are performed:

1€Uc_1
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The arXiv-PH data contains the citation network of arXiv

Table 1.Characteristics of citation data sets. . . . .
high energy physics phenomenology articles spanning

Papers| Citations | Unique Times from January 1993 to March 2002. Timestamps are avail-
'25(?\/ - 422*23573 4’;2{53’233 gég‘g‘ able on a daily scale. Meanwhile, arXiv-TH is a high en-
XVTH 29:557 352:807 25”004 ergy physics theory data set of articles spanning from Jan-

uary 1993 to April 2003. Timestamps are recorded on a
continuous-time scale (millisecond resolution). There ar

25,004 citation event times corresponding to the number
matching statistics between pairs of papers, the values ¢¥f papers that make citations when they join the network.
the S; (te) statistics Change for all papa’rsurrenﬂy in the Besides temporal network information, arXiv-TH also has

network at the time of event Thus, caching will not be Paper abstracts which will be used to illustrate how paper
effective for the LDA statistics. metadata can be integrated into the egocentric model.

Instead, for the !_DA matlching stati.stic's we will rely on the 4.2. Specific models

concept of non-informative censoring in survival and event

history analysisAndersen et al.1993 to attack the factor We consider the following egocentric models:
m in O(mn). Assuming that the training data are defined
as the network history from tim@until time 7,., we reason

as fotIIovvtst.h Rathﬁr Itfljinl_l;smg faII evtgnt ttllmes[(iimr] to statistics, (t). Under the rank metric, this baseline is
construct the partial fikelinood for estimation, we can-per equivalent to a nonparametric growth model based on

formgnferfe;ci 0? a tratl?lng W'r_]t?]O\kV;l’ 7] Yf\{'t_h atsmall h the PA mechanismBarabasi & Alberf 1999 where
number ot distinct event imes without sacrificing too muc papers are ranked based on the current number of ci-

stat|§t|cal eff_|C|ency. T_he main condition to ensure thes fe tations that they have received so far.

ture is thatr; is determined independently of the event pro- 5 AP2PTmodel that includ

cess, which certainly holds for our examples since selectio model that inciu esll,52,34, seeo 58 ]

of 7, is independent of the citation process. Moreover, all 3- A P2ZPTR180 model that includes all the statis-

observations if0, ;) are still used to construct the network tics s1,...,s3. The difference between P2PT and
P2PTR180 is the inclusion of the recency first-order

historyH,- for a givent; the only change to the approx- O ) '
imate partial likelihood in Eq®) is that the limits of the PA statistics;(¢) with a window of 180 days.

product shall be from some, > 1 to m, rather tharl to
m. We verify this strategy empirically in Sectigh3. Since abstracts are available for arXiv-TH, the following

models will also be considered:

1. A baseline preferential attachmerRA) egocentric
model with only first-order preferential attachment

4. Experimental Analysis 4. AnLDA egocentric model where LDA-based match-
ing topic proportion statistics;™* (¢2') are used.

5. AnLDA+P2PTR180egocentric model where all net-
work statistics and LDA statistics are considered.

We apply the egocentric framework to citation networks
and analyze the predictive power and interpretability af ou
approach. The following sections detail the data sets, the

models learned, and the experimental setup and results. _
4.3. Experiments

4.1. Data sets We evaluate the predictive power of these models through

Citation networks are the main focus of this paper sincerOIIIng prediction experiments. We split each data set

they are of interest to the machine learning community an&hronologlca_lly into three phases: - a statlstlcs—bwlo!lng
. . : hase, a training phase, and a test phase. The statistics-
are well suited to egocentric modeling. We use data fro

the American Physical Society (APS)nd arXi. Tablel uilding phase is used to construct the network history and
. . to build up the network statistics. The training phase is
summarizes the characteristics of these data sets.

used to construct the partial likelihood and estimate the
The APS data contains the citation network for articles ap-
pearing in Physical Review Letters, Physical Review, and
Reviews of Modern Physics from 1893 through 2009. Mostrapje 2 Number of unique citation event times in the statistics-
of these timestamps for the articles are grouped into monthgyilding, training, and test phases.
while recent papers have day-resolution; thus, the ratio be
tween unique timestamps and papers is low.

Building | Training | Test
APS 4,934 100 100
'https:// publish. aps. or g/ dat aset s arX!v-PH 2,209 500 | 500
2htt p: // snap. st anf or d. edu/ dat a arxiv-TH 19,004 1000 | 5000
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APS arXiv-PH arXiv-TH
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Figure 2.Likelihoods of test paper citations (shown as averages over papé&iesafor each data set.
APS arXiv-PH arXiv-TH
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Figure 3.Ranks of test paper citations (shown as averages over paper hdtrtesch data set.

model coefficients. The test phase is used to evaluatthe average held-out partial likelihoods of batches of pa-
the predictive capability of the learned model. Note thatpers in the test phase, chronologically ordered. The batch
statistics-building is ongoing even through the training a sizes are 3000 for APS, 500 for PH, and 500 for TH. These
test phases. The phases are split along citation event.time®sults show that the P2PT and P2PTR180 egocentric mod-
The sizes of each phase are presented in the Pable els generally outperform the PA baseline. Furthermore, for
. . . ) . arXiv-TH, we include the LDA and LDA+P2PTR180 mod-
The statistics-building phase is relatively long to miteya . . o

. o . els and find that adding the LDA statistics into the egocen-
truncation effects at the beginning of network formation as_. T

. .~ tric framework significantly boosts performance.

well as the effect of severely grouped event times, which
biases parameter estimates. However, these training arkigure3 shows the held-out ranks. As with the likelihood
test windows still cover a substantial period of time (e.g.plots, we report the average rank over batches of papers in
for APS, the last 200 unique times covers 2.5 years). Not¢he test phase. Note that random guessing yields a normal-
that performance is relatively invariant to the size of theized rank of 0.5, and so all of the models are performing
training windows. Using windows of size 2000 and 5000substantially better than random. Moreover, these ranks
for arXiv-TH, we achieved essentially the same results. demonstrate that the egocentric models with more network
statistics typically outperform the PA baseline. The ranks

The evaluation metrics that we consider are held-out Pariiso confirm that adding LDA statistics increases predic-
tial likelihoods and held-out normalized ranks. In the 9 P

same fashion as described in Sectdoh a held-out partial tl“éi % preeﬁg[:\r,garna%ek irlnn Egg:énke)egffglzllfr?e glsvues :st-
(log)likelihood is computed for each paper in the test set by P » SU99

7 . .. _“Ing that a mixture of network and nodal statistics is helpful
taking the average of the partial likelihoods for each cita- . . .
. . . o A nonparametric paired Wilcoxon test on the ranks of each
tion event. We compute a “rank” for each citation event by

sorting the likelihoods of each possible citation in desrea test paper obtained by LDA and LDA+P2PTR180 yields a

. 19 i X .
ing order and determining the position of each true citatior value of6 x 10 %, suggesting that the difference in ranks

in that sorted list. We normalize this rank by dividing by 's statistically significant.

the number of possible citations, and the paper’s rank is th&igure 4 shows the recall as a function of cut-point, for
average of the normalized ranks of each observed citatiorarXiv-TH. Recall (accumulated over all test events) is de-
A lower rank indicates better predictive performance. fined as the percentage of the true citations that are found
In Figure 2, the held-out likelihoods of the PA, P2PT, and n the sorted likelihood list from positions 1 £5, where

P2PTR180 models are shown. To avoid clutter, we show® the cut-point. As with the held-out likelihoods and ranks
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Table 3.Estimated coefficients for network statistics in the
LDA+P2PTR180 model. All of these estimates are statistically

o8 significant at the levek = 0.0001.

= 061 Statistics Coefficients )
8 s1 (PA) 0.01362
o4r ] —_— s (2T PA) 0.00012
i ——P2PT S3 (PA'].SO) 0.02052
o2rff iféimlso s4 (Seller) -0.00126
—%— LDA+P2PTR180 s5 (Broker) -0.00066
5000 10000 15000 s¢ (Buyer) -0.00387
Cut-point K s7 (15" OD) 0.00090
270D 0.02052
Figure 4.Recall of top# recommendation list on arXiv-TH. ss { )
. . Seller Seller ’
we find that P2PT and P2PTR180 outperform the baselit @), goker O roker B
PA, and the inclusion of the LDA statistics improves recall '@ B '@ (B
B B
Another strength of the egocentric model is its in: uye © O uye ©
terpretability. We interpret the coefficients of the (a) Diverse Seller Effect (b) Diverse Buyer Effect

LDA+P2PTR180 model that are estimated on the arXiv-

TH data (see Tabl8). Note that we only interpret the sign o e 5 preferential citation patterns on triangles 5@), paper
of each coefficient in the presence of all other effects. Forp with a diverse cited pattern is more likely to attract future cita-

example, the positive value of th coefficient indicates  tions than paper. In 5(b), paperE with a diverse citing pattern

the following: for two papers which have all other identi- is more likely to be cited than papét.

cal statistics, the one with a higher preferential attaaitme

statistic is more likely to be cited in the future. In additjo

the recency PA coefficients is also positive, which sug- chine learning community, there has been a focus to-
gests that a paper with a higher number of citations withinwards automated citation recommendation. For example,
6 months is more likely to be cited than a similar paper withStrohman et al(2007 and He et al. (2011 develop ap-

less recent citations. In other words, there is evidence of @roaches for recommending paper citations using a variety
recency citation effect, or a temporary elevation of aitati of engineered features. Probabilistic models that incorpo
intensity following a number of recent citations. rate textual content and other metadata have also been in-
vestigated Dietz et al, 2007 Nallapati et al. 2008. One
such model is the Relational Topic Modé&{ang & Blej
2009, which incorporates text by defining the probability
of a link between two nodes to be proportional to a simi-
larity score between their topic proportions. A key differ-
ence between these methods and our approach is that these
methods generally do not consider the temporal aspect of
the network. Moreover, while our paper has not primar-
ily focused on crafting specific features for citation medel
ing, our egocentric approach can incorporate such features
within a statistical framework.

We also found an interesting citation pattern related te net
work statistics on triangles. The negative value for the
coefficient suggests that, for two papetsand D in Fig-
ure 5(a) (with all other statistics identical), if papet has

a higher seller statistic, it is less likely to be cited in the
future. Intuitively, this makes sense, since the lack of thi
triangle allowsA to have more diverse citation pathways in
the future. Similarly, the buyer coefficieft is also nega-
tive, suggesting that for two papetsand E in Figure5(b),

the papelC with a higher buyer statistic is less likely to be
cited. In other words, there is evidence of a diversity éffec
a paper with diverse citing and cited patterns is more likelyMore generally, there has been increasing interest in

to be cited in the future. modeling longitudinal network data, as surveyed by
Goldenberg et al.(2009.  Dynamic exponential ran-
5. Related Work dom graph models have been used to model snapshot

data Hanneke & Xing 2006 Wyatt et al, 2010. There
The analysis of citation networks has a lengthy his-also exist dynamic models which operate in latent space
tory within the bibliometric community, finding such in order to group similar nodes togeth&afkar & Moore
analysis to be useful in uncovering historical scien-2005 Fu et al, 2009. These models differ from our ego-
tific trends Price 1965, discovering author interac- centric approach in that they operate on snapshot data and
tions (Borner et al. 2004, and determining the impact make Markovian assumptions, while our approach oper-
factors of journals Garfield 1972. Within the ma- ates on fine-grained event data and conditions on the en-
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