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Abstract

Givena snapshotof a social network, can we infer which new interactions amongits members
are likely to occur in the near future? We formalize this question as the link prediction problem,
and develop approaches to link prediction basedon measuresfor analyzing the \pro ximit y" of
nodes in a network. Experiments on large co-authorship networks suggest that information
about future interactions can be extracted from network topology alone, and that fairly subtle
measuresfor detecting node proximit y can outperform more direct measures.

1 In tro duction

As part of the recent surgeof research on large, complex networks and their properties, a consid-
erable amount of attention has been devoted to the computational analysis of social networks|
structures whosenodesrepresent peopleor other entities embeddedin a social context, and whose
edgesrepresent interaction, collaboration, or in
uence betweenentities. Natural examplesof social
networks include the set of all scientists in a particular discipline, with edgesjoining pairs who
have co-authored papers; the set of all employeesin a large company, with edgesjoining pairs
working on a common project; or a collection of businessleaders, with edgesjoining pairs who
have served together on a corporate board of directors. The availabilit y of large, detailed datasets
encoding such networks has stimulated extensive study of their basic properties, and the identi-
�cation of recurring structural features. (See, for example, the work of Watts and Strogatz [28],
Watts [27], Grossman[9], Newman [19], and Adamic and Adar [1], or, for a thorough recent survey,
Newman [20].)

Social networks are highly dynamic objects; they grow and change quickly over time through
the addition of new edges,signifying the appearanceof new interactions in the underlying social
structure. Understanding the mechanisms by which they evolve is a fundamental question that
is still not well understood, and it forms the motivation for our work here. We de�ne and study
a basic computational problem underlying social network evolution, the link prediction problem:

� An abbreviated version of this paper appears in Proceedings of the Twelfth Annual ACM Internationa l Conference
on Information and Knowledge Management (CIKM'03) , November 2003, pp. 556{559.
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Given a snapshotof a social network at time t, we seekto accurately predict the edgesthat will be
added to the network during the interval from time t to a given future time t0.

In e�ect, the link prediction problem asks: to what extent can the evolution of a social network
be modeledusing featuresintrinsic to the network itself ? Considera co-authorship network among
scientists, for example. There are many reasons,exogenousto the network, why two scientists who
have never written a paper together will do so in the next few years: for example, they may happen
to becomegeographicallyclosewhen one of them changesinstitutions. Such collaborations can be
hard to predict. But one also sensesthat a large number of new collaborations are hinted at by
the topology of the network: two scientists who are \close" in the network will have colleaguesin
common, and will travel in similar circles; this suggeststhat they themselves are more likely to
collaborate in the near future. Our goal is to make this intuitiv e notion precise,and to understand
which measuresof \pro ximit y" in a network lead to the most accurate link predictions. We �nd
that a number of proximit y measureslead to predictions that outperform chanceby factors of 40 to
50, indicating that the network topology doesindeedcontain latent information from which to infer
future interactions. Moreover, certain fairly subtle measures|in volving in�nite sumsover paths in
the network|often outperform more direct measures,such asshortest-path distancesand numbers
of sharedneighbors.

We believe that a primary contribution of the present paper is in the areaof network evolution
models. While there has beena proliferation of such models in recent years|see, for example, the
work of Jin et al. [11], Barabasi et al. [2], and Davidsen et al. [5] for recent work on collaboration
networks, or the survey of Newman[20]|they havegenerallybeenevaluated only by askingwhether
they reproducecertain global structural featuresobserved in real networks. As a result, it hasbeen
di�cult to evaluate and comparedi�eren t approacheson a principled footing. Link prediction, on
the other hand, o�ers a very natural basis for such evaluations: a network model is useful to the
extent that it can support meaningful inferences from observed network data. One seesa related
approach in recent work of Newman [17], who considersthe correlation between certain network
growth models and data on the appearanceof edgesof co-authorship networks.

In addition to its role asa basicquestion in social network evolution, the link prediction problem
could be relevant to a number of interesting current applications of social networks. Increasingly, for
example,researchersin arti�cial intelligenceand data mining havearguedthat a large organization,
such as a company, can bene�t from the interactions within the informal social network among its
members; theseserve to supplement the o�cial hierarchy imposedby the organization itself [13, 23].
E�ectiv e methods for link prediction could be used to analyze such a social network, and suggest
promising interactions or collaborations that have not yet been utilized within the organization.
In a di�eren t vein, research in security has recently begun to emphasizethe role of social network
analysis, largely motivated by the problem of monitoring terrorist networks; link prediction in this
context allows oneto conjecture that particular individuals are working together even though their
interaction has not beendirectly observed [14].

The link prediction problem is also related to the problem of inferring missing links from an
observed network: in a number of domains, one constructs a network of interactions based on
observable data and then tries to infer additional links that, while not directly visible, are likely
to exist [8, 22, 26]. This line of work di�ers from our problem formulation in that it works with
a static snapshot of a network, rather than considering network evolution; it also tends to take
into account speci�c attributes of the nodes in the network, rather than evaluating the power of
prediction methods basedpurely on the graph structure.

We now turn to a description of our experimental setup, in Section 2. Our primary focus is on

2



training period Core
authors papers edges authors jEold j jEnew j

astro-ph 5343 5816 41852 1561 6178 5751
cond-mat 5469 6700 19881 1253 1899 1150
gr-qc 2122 3287 5724 486 519 400
hep-ph 5414 10254 17806 1790 6654 3294
hep-th 5241 9498 15842 1438 2311 1576

Figure 1: The �v e sections of the arXiv from which co-authorship networks were constructed:
astro- ph (astrophysics), cond- mat (condensedmatter), gr- qc (general relativit y and quantum
cosmology), hep- ph (high energy physics|phenomenology), and hep- th (high energy physics|
theory). The set Core is the subset of the authors who have written at least � tr aining = 3 papers
during the training period and � test = 3 papers during the test period. The sets Eold and Enew

denoteedgesbetweenCore authors which �rst appear during the training and test periods, respec-
tiv ely.

understanding the relativ e e�ectiv enessof network proximit y measuresadapted from techniques
in graph theory, computer science,and the social sciences,and we review a large number of such
techniques in Section 3. Finally , we discussthe results of our experiments in Section 4.

2 Data and Exp erimen tal Setup

Suppose we have a social network G = hV; E i in which each edge e = hu; vi 2 E represents
an interaction between u and v that took place at a particular time t(e). We record multiple
interactions between u and v as parallel edges,with potentially di�eren t time-stamps. For two
times t < t0, let G[t; t0] denote the subgraph of G consisting of all edgeswith a time-stamp between
t and t0. Here, then, is a concreteformulation of the link prediction problem. We choosefour times
t0 < t0

0 < t1 < t0
1, and give an algorithm accessto the network G[t0; t0

0]; it must then output a list
of edges,not present in G[t0; t0

0], that are predicted to appear in the network G[t1; t0
1]. We refer to

[t0; t0
0] as the training interval and [t1; t0

1] as the test interval .
Of course,social networks grow through the addition of nodes as well as edges,and it is not

sensibleto seekpredictions for edgeswhoseendpoints arenot present in the training interval. Thus,
in evaluating link prediction methods, we will generally usetwo parameters� tr aining and � test (each
set to 3 below), and de�ne the set Core to be all nodesincident to at least � tr aining edgesin G[t0; t0

0]
and at least � test edgesin G[t1; t0

1]. We will then evaluate how accurately the new edgesbetween
elements of Core can be predicted.

We now describe our experimental setup more speci�cally . We work with �v e co-authorship
networks G, obtained from the author lists of papers at �v e sectionsof the physics e-Print arXiv,
www.arxiv.org . (See Figure 1 for statistics on the size of each of these �v e networks.) Some
heuristics were used to deal with occasional syntactic anomalies; and authors were identi�ed by
�rst initial and last name,a processthat intro ducesa small amount of noisedue to multiple authors
with the sameidenti�er [18]. The errors intro ducedby this processappear to be minor.

Now considerany oneof these�v e graphs. We de�ne the training interval to be the three years
[1994; 1996], and the test interval to be [1997; 1999]. We denote the subgraph G[1994; 1996] on the
training interval by Gcol lab := hA; Eold i , and use Enew to denote the set of edgeshu; vi such that
u; v 2 A, and u; v co-author a paper during the test interval but not the training interval|these
are the new interactions we are seekingto predict.
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graph distance (negated) length of shortest path betweenx and y

common neighbors j�( x) \ �( y)j

Jaccard's coe�cien t j �( x)\ �( y)j
j �( x)[ �( y)j

Adamic/Adar
P

z2 �( x)\ �( y)
1

log j�( z)j

preferential attachment j�( x)j � j�( y)j

Katz �
P 1

`=1 � ` � jpathsh̀ i
x;y j

where pathsh̀ i
x;y := f paths of length exactly ` from x to yg

weighted: pathsh1i
x;y := number of collaborations betweenx; y.

unweighted: pathsh1i
x;y := 1 i� x and y collaborate.

hitting time � H x;y

stationary-normed � H x;y � � y

commute time � (H x;y + H y;x )
stationary-normed � (H x;y � � y + H y;x � � x )

where H x;y := expected time for random walk from x to reach y
� y := stationary distribution weight of y

(proportion of time the random walk is at node y)
rooted PageRank� stationary distribution weight of y under the following random walk:

with probabilit y � , jump to x.
with probabilit y 1 � � , go to random neighbor of current node.

SimRank


(
1 if x = y


 �
�

a2 �( x )

�

b2 �( y ) score(a;b)
j�( x)j�j �( y) j otherwise

Figure 2: Values for score(x; y) under various predictors; each predicts pairs hx; yi in descending
order of score(x; y). The set �( x) consistsof the neighbors of the node x in Gcol lab.

Evaluating a link predictor. Each link predictor p that we consideroutputs a ranked list L p of
pairs in A � A � Eold ; theseare predicted new collaborations, in decreasingorder of con�dence. For
our evaluation, we focuson the set Core, sowe de�ne E �

new := Enew \ (Core� Core) and n := jE �
new j.

Our performancemeasurefor predictor p is then determined as follows: from the ranked list L p, we
take the �rst n pairs in Core � Core, and determine the sizeof the intersection of this set of pairs
with the set E �

new .

3 Metho ds for Link Prediction

In this section, we survey an array of methods for link prediction. All the methods assign a
connection weight score(x; y) to pairs of nodes hx; yi , basedon the input graph Gcol lab , and then
produce a ranked list in decreasingorder of score(x; y). Thus, they can be viewed as computing a
measureof proximit y or \similarit y" betweennodes x and y, relativ e to the network topology. In
general,the methods are adapted from techniquesusedin graph theory and social network analysis;
in a number of cases,these techniques were not designedto measurenode-to-node similarit y, and
henceneedto be modi�ed for this purpose. Figure 2 summarizesmost of thesemeasures;below we
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discussthem in more detail. We note that someof thesemeasuresare designedonly for connected
graphs; since each graph Gcol lab that we consider has a giant component|a single component
containing most of the nodes|it is natural to restrict the predictions for these measuresto this
component.

Perhapsthe most basic approach is to rank pairs hx; yi by the length of their shortest path in
Gcol lab. Such a measurefollows the notion that collaboration networks are \small worlds," in which
individuals are related through short chains [18]. (In keeping with the notion that we rank pairs
in decreasing order of score(x; y), we de�ne score(x; y) here to be the negative of the shortest path
length.) Pairs with shortest-path distance equal to 1 are joined by an edgein Gcol lab, and hence
they belong to the training edgeset Eold . For all of our graphs Gcol lab , there are well more than n
pairs at shortest-path distance two, so our shortest-path predictor simply selectsa random subset
of thesedistance-two pairs.

Metho ds based on node neigh borho ods. For a node x, let �( x) denote the set of neighbors
of x in Gcol lab. A number of approaches are basedon the idea that two nodes x and y are more
likely to form a link in the future if their sets of neighbors �( x) and �( y) have large overlap; this
follows the natural intuition that such nodes x and y represent authors with many colleaguesin
common, and henceare more likely to comeinto contact themselves. Jin et al. [11] and Davidsen
et al. [5] have de�ned abstract models for network growth using this principle, in which an edge
hx; yi is more likely to form if edgeshx; zi and hz; yi are already present for somez.

� Common neighbors. The most direct implementation of this idea for link prediction is to de�ne
score(x; y) := j�( x) \ �( y)j, the number of neighbors that x and y have in common. Newman [17]
hascomputed this quantit y in the context of collaboration networks, verifying a correlation between
the number of commonneighbors of x and y at time t, and the probabilit y that they will collaborate
in the future.

� Jaccard's coe�cient and Adamic/A dar. The Jaccard coe�cien t|a commonly usedsimilarit y
metric in information retrieval [24]|measures the probabilit y that both x and y have a feature f ,
for a randomly selectedfeature f that either x or y has. If we take \features" here to be neighbors
in Gcol lab, this leadsto the measurescore(x; y) := j�( x) \ �( y)j=j�( x) [ �( y)j. Adamic and Adar [1]
considera related measure,in the context of deciding when two personalhome pagesare strongly
\related." To do this, they compute features of the pages,and de�ne the similarit y between two
pagesto be

X

z : feature shared by x; y

1
log(frequency(z))

:

This re�nes the simple counting of commonfeaturesby weighting rarer featuresmore heavily. This
suggeststhe measurescore(x; y) :=

P
z2 �( x)\ �( y)

1
log j�( z)j .

� Preferential attachment has received considerableattention as a model of the growth of net-
works [16]. The basicpremiseis that the probabilit y that a new edgeinvolvesnode x is proportional
to j�( x)j, the current number of neighbors of x. Newman [17] and Barabasi et al. [2] have further
proposed, on the basis of empirical evidence, that the probabilit y of co-authorship of x and y is
correlated with the product of the number of collaborators of x and y. This corresponds to the
measurescore(x; y) := j�( x)j � j�( y)j.

Metho ds based on the ensemble of all paths. A number of methods re�ne the notion of
shortest-path distance by implicitly considering the ensemble of all paths betweentwo nodes.
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� Katz [12] de�nes a measurethat directly sums over this collection of paths, exponentially
damped by length to count short paths more heavily. This leadsto the measure

score(x; y) :=
1X

`=1

� ` � jpathsh̀ i
x;y j;

where pathsh̀ i
x;y is the set of all length-` paths from x to y. (A very small � yields predictions much

likecommonneighbors, sincepaths of length three or more contribute very little to the summation.)
One can verify that the matrix of scoresis given by (I � � M ) � 1 � I , where M is the adjacency
matrix of the graph. We consider two variants of this Katz measure: (1) unweighted, in which
pathsh1i

x;y = 1 if x and y have collaborated and 0 otherwise, and (2) weighted, in which pathsh1i
x;y is

the number of times that x and y have collaborated.
� Hitting time, PageRank, and variants. A random walk on Gcol lab starts at a node x, and

iterativ ely movesto a neighbor of x chosenuniformly at random. The hitting time H x;y from x to y
is the expectednumber of stepsrequired for a random walk starting at x to reach y. Sincethe hitting
time is not in generalsymmetric, it is alsonatural to considerthe commute time Cx;y := H x;y + H y;x .
Both of thesemeasuresserve as natural proximit y measures,and hence(negated) can be used as
score(x; y).

One di�cult y with hitting time asa measureof proximit y is that H x;y is quite small whenever y
is a nodewith a largestationary probability � y , regardlessof the identit y of x. To counterbalancethis
phenomenon,we also consider normalized versionsof the hitting and commute times, by de�ning
score(x; y) := � H x;y � � y or score(x; y) := � (H x;y � � y + H y;x � � x ).

Another di�cult y with these measuresis their sensitive dependenceto parts of the graph far
away from x and y, even when x and y are connectedby very short paths. A way of counteracting
this is to allow the random walk from x to y to periodically \reset," returning to x with a �xed
probabilit y � at each step; in this way, distant parts of the graph will almost never be explored.
Random resets form the basis of the PageRank measurefor Web pages[3], and we can adapt it
for link prediction as follows: De�ne score(x; y) under the rooted PageRank measure to be the
stationary probabilit y of y in a random walk that returns to x with probabilit y � each step, moving
to a random neighbor with probabilit y 1 � � .

� SimRank [10] is a �xed point of the following recursive de�nition: two nodes are similar to
the extent that they are joined to similar neighbors. Numerically, this is speci�ed by de�ning
similarity(x; x) := 1 and

similarity(x; y) := 
 �

P
a2 �( x)

P
b2 �( y) similarity(a; b)

j�( x)j � j�( y)j

for some
 2 [0; 1]. We then de�ne score(x; y) := similarity(x; y). SimRank can also be interpreted
in terms of a random walk on the collaboration graph: it is the expected value of 
 ` , where ` is a
random variable giving the time at which random walks started from x and y �rst meet.

Higher-lev el approac hes. We now discussthree \meta-approaches" that can be used in con-
junction with any of the methods discussedabove.

� Low-rank approximation. Sincethe adjacency matrix M can be usedto represent the graph
Gcol lab, all of our link prediction methods have an equivalent formulation in terms of this matrix M .
In somecases,this wasnoted explicitly above (for examplein the caseof the Katz similarit y score);
but in many casesthe matrix formulation is quite natural. For example, the common neighbors
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method consistssimply of mapping each node x to its row r (x) in M , and then de�ning score(x; y)
to be the inner product of the rows r (x) and r (y).

A common general technique when analyzing the structure of a large matrix M is to choose
a relativ ely small number k and compute the rank-k matrix M k that best approximates M with
respect to any of a number of standard matrix norms. This can be done e�cien tly using the
singular value decomposition, and it forms the core of methods like latent semantic analysis in
information retrieval [6]. Intuitiv ely, working with M k rather than M can be viewed as a type of
\noise-reduction" technique that generatesmost of the structure in the matrix but with a greatly
simpli�ed representation.

In our experiments, we investigatethree applications of low-rank approximation: (i) ranking by
the Katz measure,in which we use M k rather than M in the underlying formula; (ii) ranking by
common neighbors, in which we scoreby inner products of rows in M k rather than M ; and|most
simply of all|(iii) de�ning score(x; y) to be the hx; yi entry in the matrix M k .

� Unseen bigrams. Link prediction is akin to the problem of estimating frequenciesfor unseen
bigrams in languagemodeling|pairs of words that co-occur in a test corpus, but not in the corre-
sponding training corpus (see,e.g., the work of Essenand Steinbiss [7]). Following ideasproposed
in that literature [15, for example], we can augment our estimates for score(x; y) using values of
score(z; y) for nodes z that are \similar" to x. Speci�cally , we adapt this to the link prediction
problem as follows. Supposewe have valuesscore(x; y) computed under oneof the measuresabove.
Let Sh� i

x denote the � nodesmost related to x under score(x; �), for a parameter � 2 Z+ . We then
de�ne enhancedscoresin terms of the nodes in this set:

score�
unweighted (x; y) :=

�
�
�f z : z 2 �( y) \ Sh� i

x g
�
�
�

score�
weighted (x; y) :=

X

z2 �( y)\ Sh� i
x

score(x; z):

� Clustering. One might seekto improve on the qualit y of a predictor by deleting the more
\ten uous" edgesin Gcol lab through a clustering procedure, and then running the predictor on the
resulting \cleaned-up" subgraph. Considera measurecomputing valuesfor score(x; y). Wecompute
score(u; v) for all edgesin Eold , and delete the (1 � � ) fraction of theseedgesfor which the scoreis
lowest. We now recomputescore(x; y) for all pairs hx; yi on this subgraph; in this way we determine
node proximities using only edgesfor which the proximit y measureitself has the most con�dence.

4 Results and Discussion

As discussedin Section 1, many collaborations form (or fail to form) for reasonsoutside the scope
of the network; thus the raw performanceof our predictors is relativ ely low. To more meaningfully
represent predictor qualit y, weuseasour baselinea randompredictor which simply randomly selects
pairs of authors who did not collaborate in the training interval. A random prediction is correct
with probabilit y between 0.15% (cond-mat) and 0.48% (astro-ph ). Figures 3 and 4 show each
predictor's performance on each arXiv section, in terms of the factor improvement over random.
Figures 5, 6, and 7 show the average relativ e performance of several di�eren t predictors versus
three baselinepredictors|the random predictor, the graph distance predictor, and the common
neighbors predictor. There is no single clear winner among the techniques, but we see that a
number of methods signi�can tly outperform the random predictor, suggestingthat there is indeed
useful information contained in the network topology alone. The Katz measureand its variants
based on clustering and low-rank approximation perform consistently well; on three of the �v e
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predictor astro-ph cond-mat gr-qc hep-ph hep-th
probabilit y that a random prediction is correct 0.475% 0.147% 0.341% 0.207% 0.153%

graph distance (all distance-two pairs) 9.6 25.3 21.4 12.2 29.2
common neighbors 18.0 41.1 27.2 27.0 47.2
preferential attachment 4.7 6.1 7.6 15.2 7.5
Adamic/Adar 16.8 54.8 30.1 33.3 50.5
Jaccard 16.4 42.3 19.9 27.7 41.7
SimRank 
 = 0:8 14.6 39.3 22.8 26.1 41.7
hitting time 6.5 23.8 25.0 3.8 13.4
hitting time|normed by stationary distribution 5.3 23.8 11.0 11.3 21.3
commute time 5.2 15.5 33.1 17.1 23.4
commute time|normed by stationary distribution 5.3 16.1 11.0 11.3 16.3
rooted PageRank � = 0:01 10.8 28.0 33.1 18.7 29.2

� = 0:05 13.8 39.9 35.3 24.6 41.3
� = 0:15 16.6 41.1 27.2 27.6 42.6
� = 0:30 17.1 42.3 25.0 29.9 46.8
� = 0:50 16.8 41.1 24.3 30.7 46.8

Katz (weighted) � = 0:05 3.0 21.4 19.9 2.4 12.9
� = 0:005 13.4 54.8 30.1 24.0 52.2

� = 0:0005 14.5 54.2 30.1 32.6 51.8
Katz (unweighted) � = 0:05 10.9 41.7 37.5 18.7 48.0

� = 0:005 16.8 41.7 37.5 24.2 49.7
� = 0:0005 16.8 41.7 37.5 24.9 49.7

Figure 3: Performanceof variouspredictors on the link prediction task de�ned in Section2. For each
predictor and each arXiv section, the given number speci�es the factor improvement over random
prediction. Two predictors in particular are usedas baselinesfor comparison: graph distance and
common neighbors (seeSection 3 for de�nitions of these). Italicized entries have performance at
least as good as the graph distance predictor; bold entries are at least as good as the common
neighbors predictor. Seealso Figure 4.
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predictor astro-ph cond-mat gr-qc hep-ph hep-th
probabilit y that a random prediction is correct 0.475% 0.147% 0.341% 0.207% 0.153%

graph distance (all distance-two pairs) 9.6 25.3 21.4 12.2 29.2
common neighbors 18.0 41.1 27.2 27.0 47.2

Low-rank approximation: rank = 1024 15.2 54.2 29.4 34.9 50.1
Inner product rank = 256 14.6 47.1 29.4 32.4 47.2

rank = 64 13.0 44.7 27.2 30.8 47.6
rank = 16 10.1 21.4 31.6 27.9 35.5
rank = 4 8.8 15.5 42.6 19.6 23.0
rank = 1 6.9 6.0 44.9 17.7 14.6

Low-rank approximation: rank = 1024 8.2 16.7 6.6 18.6 21.7
Matrix entry rank = 256 15.4 36.3 8.1 26.2 37.6

rank = 64 13.8 46.5 16.9 28.1 40.9
rank = 16 9.1 21.4 26.5 23.1 34.2
rank = 4 8.8 15.5 39.7 20.0 22.5
rank = 1 6.9 6.0 44.9 17.7 14.6

Low-rank approximation: rank = 1024 11.4 27.4 30.1 27.1 32.1
Katz (� = 0:005) rank = 256 15.4 42.3 11.0 34.3 38.8

rank = 64 13.1 45.3 19.1 32.3 41.3
rank = 16 9.2 21.4 27.2 24.9 35.1
rank = 4 7.0 15.5 41.2 19.7 23.0
rank = 1 0.4 6.0 44.9 17.7 14.6

unseenbigrams common neighbors, � = 8 13.5 36.9 30.1 15.6 47.2
(weighted) common neighbors, � = 16 13.4 39.9 39.0 18.6 48.8

Katz (� = 0:005), � = 8 16.9 38.1 25.0 24.2 51.3
Katz (� = 0:005), � = 16 16.5 39.9 35.3 24.8 50.9

unseenbigrams common neighbors, � = 8 14.2 40.5 27.9 22.3 39.7
(unweighted) common neighbors, � = 16 15.3 39.3 42.6 22.1 42.6

Katz (� = 0:005), � = 8 13.1 36.9 32.4 21.7 38.0
Katz (� = 0:005), � = 16 10.3 29.8 41.9 12.2 38.0

clustering: � = 0:10 7.4 37.5 47.1 33.0 38.0
Katz (� 1 = 0:001; � 2 = 0:1) � = 0:15 12.0 46.5 47.1 21.1 44.2

� = 0:20 4.6 34.5 19.9 21.2 35.9
� = 0:25 3.3 27.4 20.6 19.5 17.5

Figure 4: Performanceof various meta-approacheson the link prediction task de�ned in Section 2.
As before, for each predictor and each arXiv section, the given number speci�es the factor improve-
ment over random prediction. SeeFigure 3.
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Figure 5: Relative averageperformanceof various predictors versusrandom predictions. The value
shown is the averageratio over the �v e datasets of the given predictor's performance versus the
random predictor's performance. The error bars indicate the minimum and maximum of this
ratio over the �v e datasets. The parameters for the starred predictors are: (1) for weighted Katz,
� = 0:005; (2) for Katz clustering, � 1 = 0:001; � = 0:15; � 2 = 0:1; (3) for low-rank inner product,
rank = 256; (4) for rooted Pagerank, � = 0:15; (5) for unseen bigrams, unweighted common
neighbors with � = 8; and (6) for SimRank, 
 = 0:8.
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Figure 6: Relative averageperformanceof various predictors versusthe graph distance predictor.
The plotted value shows the averagetaken over the �v e datasets of the ratio of the performance
of the given predictor versusthe graph distance predictor; the error bars indicate the range of this
ratio over the �v e datasets. All parameter settings are as in Figure 5.
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Figure 7: Relative averageperformanceof various predictors versusthe common neighbors predic-
tor, as in Figure 6. Error bars display the range of the performance ratio of the given predictor
versuscommon neighbors over the �v e datasets; the displayed value gives the averageratio. Pa-
rameter settings are as in Figure 5.
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Adamic/Adar 1150 638 520 193 442 1011 905 528 372 486
Katz clustering 1150 411 182 285 630 623 347 245 389

common neighbors 1150 135 506 494 467 305 332 489
hitting time 1150 87 191 192 247 130 156

Jaccard's coe�cien t 1150 414 382 504 845 458
weighted Katz 1150 1013 488 344 474

low-rank inner product 1150 453 320 448
rooted Pagerank 1150 678 461

SimRank 1150 423
unseenbigrams 1150

Figure 8: The number of commonpredictions madeby various predictors on the cond- mat dataset,
out of 1150predictions. Parameter settings are as in Figure 5.

arXiv sections,a variant of Katz achievesthe best performance. Someof the very simple measures
also perform surprisingly well, including common neighbors and the Adamic/Adar measure.

Similarities among the predictors and the datasets. Not surprisingly, there is signi�can t
overlap in the predictions made by the various methods. In Figure 8, we show the number of
common predictions made by ten of the most successfulmeasureson the cond-mat graph. We
seethat Katz, low-rank inner product, and Adamic/Adar are quite similar in their predictions,
as are (to a somewhat lesserextent) rooted PageRank, SimRank, and Jaccard. Hitting time is
remarkably unlike any of the other nine in its predictions, despite its reasonableperformance. The
number of common correct predictions shows qualitativ ely similar behavior; seeFigure 9. It would
interesting to understand the generality of theseoverlap phenomena,especially sincecertain of the
large overlaps do not seemto follow obviously from the de�nitions of the measures.

It is harder to quantify the relationships among the datasets,but this is a very interesting issue
as well. One perspective is provided by the methods basedon low-rank approximation: on four
of the datasets, their performance tends to be best at an intermediate rank, while on gr-qc they
perform best at rank 1. This suggestsa sensein which the collaborations in gr-qc have a much
\simpler" structure than in the other four. One also observes the apparent importance of node
degreein the hep-ph collaborations: the preferential attachment predictor|whic h considersonly
the number (and not the identit y) of a scientist's co-authors|do esuncharacteristically well on this
dataset, outperforming the basic graph distance predictor. Finally , it would be interesting to make
precisea sensein which astro-ph is a \di�cult" dataset, given the low performanceof all methods
relativ e to random, and the fact that none beats simple ranking by common neighbors. We will
explore this issuefurther below when we considercollaboration data drawn from other �elds.
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Adamic/Adar 92 65 53 22 43 87 72 44 36 49
Katz clustering 78 41 20 29 66 60 31 22 37

common neighbors 69 13 43 52 43 27 26 40
hitting time 40 8 22 19 17 9 15

Jaccard's coe�cien t 71 41 32 39 51 43
weighted Katz 92 75 44 32 51

low-rank inner product 79 39 26 46
rooted Pagerank 69 48 39

SimRank 66 34
unseenbigrams 68

Figure 9: The number of correct common predictions madeby various predictors on the cond- mat
dataset, out of 1150 predictions. The diagonal entries indicate the number of correct predictions
for each predictor. Parameter settings are as in Figure 5.

Small worlds. It is reassuringthat even the basic graph distance predictor handily outperforms
random predictions, but this measurehas severe limitations. Extensive research has beendevoted
to understanding the so-calledsmall world problem in collaboration networks|i.e., accounting for
the existence of short paths connecting virtually every pair of scientists [18]. This property is
normally viewed asa vital fact about the scienti�c communit y (new ideasspreadquickly, and every
discipline interacts with and gains from other �elds) but in the context of our prediction task, we
come to a di�eren t conclusion: the small world problem is really a problem. The shortest path
between two scientists in wholly unrelated disciplines is often very short (and very tenuous). To
take one particular (but not atypical) example, the developmental psychologist Jean Piaget has as
small an Erd•os Number|three [4]|as most mathematicians and computer scientists. Overall, the
basic graph distance predictor is not competitiv e with most of the other approachesstudied; our
most successfullink predictors can be viewed asusing measuresof proximit y that are robust to the
few edgesthat result from rare collaborations between�elds.

Restricting to distance three. The small world problem suggeststhat there are many pairs
with graph distance two that will not collaborate, but we also observe the dual problem: many
pairs that collaborate are at distance larger than two. Between71%(hep-ph) and 83%(cond-mat)
of new edgesform betweenpairs at distance three or greater; seeFigure 10.

Sincemost new collaborations are not at distance two, we are also interested in how well our
predictors perform when wedisregardall distance-two pairs. Clearly, nodesat distancegreater than
two haveno neighbors in common,and hencethis task essentially rules out the useof methods based
on common neighbors. The performanceof the other measuresis shown in Figure 11. The graph
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astro-ph cond-mat gr-qc hep-ph hep-th

# pairs at distance two 33862 5145 935 37687 7545
# new collaborations at distance two 1533 190 68 945 335

# new collaborations 5751 1150 400 3294 1576

Figure 10: Relationship betweennew collaborations and graph distance.

distance predictor (i.e., predicting all distance-threepairs) performs betweenthree and eight times
random, and is consistently beaten by virtually all of the predictors: SimRank, rooted PageRank,
Katz, and the low-rank approximation and unseenbigram techniques. The unweighted Katz and
unseenbigram predictors have the best performance(as high asabout 30 times random, on gr-qc ),
followed closelyby weighted Katz, SimRank, and rooted PageRank.

The breadth of the data. We alsohave consideredthree other datasets: (1) the proceedingsof
the theoretical computer scienceconferencesSymposium on the Theory of Computing (STOC) and
Foundations of Computer Science(FOCS), (2) the papers found in the Citeseer (www.citeseer.
com) online database,which �nds papers by crawling the web for any �les in postscript form, and
(3) all �v e of the arXiv sectionsmergedinto one. Considerthe performanceof the commonneighbor
predictor versusrandom on thesedatasets:

STOC/F OCS arXiv sections all arXiv's Citeseer
6.1 18.0|41.1 71.2 147.0

Performanceversusrandom swells dramatically as the topical focus of our data set widens. That
is, when we consider a more diverse collection of scientists, it is fundamentally easier to group
scientists into �elds of study (and outperform random predictions, which will usually make guesses
between �elds). When we consider a su�cien tly narrow set of researchers|e.g., STOC/F OCS|
almost any author can collaborate with almost any other author, and there seemsto a strong
random component to new collaborations. (In extensive experiments on the STOC/F OCS data,
we could not beat random guessingby a factor of more than about seven.) It is an interesting
challenge to formalize the sensein which the STOC/F OCS collaborations are truly intractable to
predict|i.e., to what extent information about new collaborations is simply not present in the old
collaboration data.

Future directions. While the predictors we have discussedperform reasonably well, even the
best (Katz clustering on gr-qc ) is correct on only about 16%of its predictions. There is clearly much
room for improvement in performanceon this task, and �nding ways to take better advantage of
the information in the training data is an interesting open question. Another issueis to improve the
e�ciency of the proximit y-basedmethods on very large networks; fast algorithms for approximating
the distribution of node-to-node distancesmay be one approach [21].

The graph Gcol lab is a lossy representation of the data; we can also consider a bipartite col-
laboration graph Bcol lab , with a vertex for every author and paper, and an edgeconnecting each
paper to each of its authors. The bipartite graph contains more information than Gcol lab, so we
may hope that predictors can use it to improve performance. The size of Bcol lab is much larger
than Gcol lab, making experiments prohibitiv e, but we have tried using the SimRank and Katz pre-
dictors on smaller datasets(gr-qc , or shorter training periods). Their performancedoesnot seem
to improve, but perhapsother predictors can fruitfully exploit the additional information in Bcol lab .
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predictor astro-ph cond-mat gr-qc hep-ph hep-th

graph distance (all distance-three pairs) 3.1 5.5 8.4 3.8 8.4
preferential attachment 3.2 2.6 8.6 4.7 1.4
SimRank 
 = 0:8 6.0 14.4 10.6 7.7 22.0
hitting time 4.4 10.2 13.7 4.5 4.7
hitting time|normed by stationary distribution 2.0 2.5 0.0 2.6 6.7
commute time 4.0 5.9 21.1 6.0 6.7
commute time|normed by stationary distribution 2.6 0.8 1.1 4.8 4.7
rooted PageRank � = 0:01 4.6 12.7 21.1 6.5 12.7

� = 0:05 5.4 13.6 21.1 8.8 16.6
� = 0:15 5.4 11.9 18.0 11.1 20.0
� = 0:30 5.9 13.6 8.5 11.9 20.0
� = 0:50 6.4 15.2 7.4 13.1 20.0

Katz (weighted) � = 0:05 1.5 5.9 11.6 2.3 2.7
� = 0:005 5.8 14.4 28.5 4.3 12.7

� = 0:0005 6.3 13.6 27.5 4.3 12.7
Katz (unweighted) � = 0:05 2.4 12.7 30.6 9.1 12.7

� = 0:005 9.2 11.9 30.6 5.1 18.0
� = 0:0005 9.3 11.9 30.6 5.1 18.0

Low-rank approximation: rank = 1024 2.3 2.5 9.5 4.0 6.0
Inner product rank = 256 4.8 5.9 5.3 10.2 10.7

rank = 64 3.9 12.7 5.3 7.1 11.3
rank = 16 5.4 6.8 6.3 6.8 15.3
rank = 4 5.4 6.8 32.8 2.0 4.7
rank = 1 6.1 2.5 32.8 4.3 8.0

Low-rank approximation: rank = 1024 4.1 6.8 6.3 6.2 13.3
Matrix entry rank = 256 3.8 8.5 3.2 8.5 20.0

rank = 64 3.0 11.9 2.1 4.0 10.0
rank = 16 4.6 8.5 4.2 6.0 16.6
rank = 4 5.2 6.8 27.5 2.0 4.7
rank = 1 6.1 2.5 32.8 4.3 8.0

Low-rank approximation: rank = 1024 4.3 6.8 28.5 6.2 13.3
Katz (� = 0:005) rank = 256 3.6 8.5 3.2 8.5 20.6

rank = 64 2.9 11.9 2.1 4.3 10.7
rank = 16 5.1 8.5 5.3 6.0 16.0
rank = 4 5.5 6.8 28.5 2.0 4.7
rank = 1 0.3 2.5 32.8 4.3 8.0

unseenbigrams common neighbors, � = 8 5.8 6.8 14.8 4.3 24.0
(weighted) common neighbors, � = 16 7.9 9.3 28.5 5.1 19.3

Katz (� = 0:005), � = 8 5.2 10.2 22.2 2.8 18.0
Katz (� = 0:005), � = 16 6.6 10.2 29.6 3.7 15.3

unseenbigrams common neighbors, � = 8 5.6 5.1 13.7 4.5 21.3
(unweighted) common neighbors, � = 16 6.4 8.5 25.4 4.8 22.0

Katz (� = 0:005), � = 8 4.2 7.6 22.2 2.0 17.3
Katz (� = 0:005), � = 16 4.3 4.2 28.5 3.1 16.6

clustering: � = 0:10 3.5 4.2 31.7 7.1 8.7
Katz (� 1 = 0:001; � 2 = 0:1) � = 0:15 4.8 4.2 32.8 7.7 6.7

� = 0:20 2.5 5.9 7.4 4.5 8.0
� = 0:25 2.1 11.9 6.3 6.8 5.3

Figure 11: The Distance-3 Task: performance of predictors only on edgesin Enew for which the
endpoints were at distance three or more in Gcol lab. Methods basedon common neighbors are not
appropriate for this task. SeeSection 4.
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Similarly, our experiments treat all training period collaborations equally. Perhaps one can
improve performance by treating more recent collaborations as more important than older ones.
One could also tune the parameters of the Katz predictor, e.g., by dividing the training set into
temporal segments, training � on the beginning, and then using the end of the training set to make
�nal predictions.

Finally , there hasbeenrelevant work in the machine learning communit y on estimating distribu-
tion support : given samplesfrom an unknown probabilit y distribution P, we must �nd a \simple"
set S so that Prx� P [x =2 S] < " [25]. We can view training period collaborations as samplesdrawn
from a probabilit y distribution on pairs of scientists; our goal is to approximate the set of pairs
that have positive probabilit y of collaborating. It is an open question whether thesetechniquescan
be fruitfully applied to the link prediction problem.
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