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ABSTRACT

Link data, consisting of a collection of subsets of entjtieen be
an important source of information for a variety of fieldsliming
the social sciences, biology, criminology, and busineteligence.
However, these links may be incomplete, containing one aiemo
unknown members. We consider the problem of link completion
identifying which entities are the most likely missing mesrb of

a link given the previously observed links. We concentratele
case of one missing entity. We compare a variety of recerdaly d
veloped along with standard machine learning and strawritgm a
rithms adjusted to suit the task. The algorithms were teskten-
sively on a simulated and a range of real-world data sets.

Keywords
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1. INTRODUCTION

Link data, in general described as a set of entities conddaye
either an observed or probabilistic relation, is an impatrgource
of information for a variety of fields including the socialieaces,
criminology, and data mining. Further link data is often aunal
representation for data found in a vast range of fields, ssctpa
cial network analysis (people are connected based on pépars
have co-authored, meetings they have attended togetbgringér-
net analysis (pages are connected by references to andHeom) t
market-basket analysis (items in a store are connecteddppsiy
baskets where they have co-occured), etc.

The data, collected from the real life sources, is usualigyand
might contain gaps, i.e. links may be incomplete, contgrine

or more unknown members. Below we consider the problem of
link completion, determining the missing member given aiphr
link. For example, if we know that Alice, Bob and a third parso

Jeremy Kubica
Robotics Institute
Carnegie Mellon University
Pittsburgh, PA 15213

jkubica@cs.cmu.edu

Paul Komarek
Department of Mathematical
Sciences
Carnegie Mellon University
Pittsburgh, PA 15213

komarek@andrew.cmu.edu

attended a meeting, we could ask which people are most likely
be that third person given what we know about people’s previo
co-occurrences. It is important to note that this questiosimilar
to those found in the collaborative filtering domain [4]. feiences
between the tasks as well as the adaptation of algorithmdiste
cussed below.

The question of link completion is also important in a vayief
other domains that seek to use information from links. For ex
ample, in the domain of market-basket analysis we may wish to
know which was the item that did not scan correctly or was cor-
rupted when transferring the information to the databaaset on
the other items that have appeared in the shopping baskate@e

to identity uncertainty). Link completion algorithms cdulso

be used to predict the next item to be purchased given thesitem
that a shopper is currently planning to buy, such infornmat®
tracked when buying products online (related to collabeeafil-
tering). Here the transaction itself is the link to be contgdeand
the entities are the items to buy.

The task of link completion serves another important roleo- p
viding a metric to quantitatively compare link analysisaithms.

Various link analysis techniques can be compared by howtiveyl

perform at the link completion problem. The intuition bethithis

comparison is that methods that are better at capturingberu

lying relations among entities may perform better at coripie
noisy links.

We compare the performance of a variety of algorithms on this
problem using real-world data sets. Specifically, we comgdgo-
rithms designed for link analysis (cGraph and EBS), statdtaind
machine learning algorithms (logistic regression, ndavegyhbor,
Bayesian Networks), and a variety of simple straw man compar
isons (co-occurrence counting and the popular person itigoy.

We provide a detailed analysis relating datasets, the tagklo
completion and the performance of the algorithms.

2. LINK DATA AND COMPLETIONS
2.1 Link Data

The data is assumed to consist of a set of links. Lets assugne th
are a total oN links in the dataset. Each link is a subset of entities
that are linked together by some relation. Mebe the total number
of entities. For example, in the domain of co-authorshipshsas
Citeseer datasel is the number of all publications in the dataset



andM is all authors that have occured in at least one publication.
Authors in this case are linked by a common paper. In the domai
of market basket analysi$y is the number of baskets amd is

the number of items observed. The items may be linked by co-
occurrence in the same transaction that puts them togeittbei
same basket. Links can contain an arbitrary number of thdesnt
and are not fixed size.

The wordlink should not be interpreted too narrowly. A link can
be used to capture a range of different relations such agctdir
interaction, co-occurrence, or even sharing a commorbatti For
example, in the domain of food products the Itk our, sugar,
eggs} may result from a cookie recipe and the lipkat er , mi | k}
may result from the fact that both entities are liquids.

There is an abundance of ways to represent link data. The algo
rithms compared in this paper use one of the three followapye-
sentations:

1. A sparse binary matri®ot = N x M, where

1 itemjoccuredinlinki
oM = { :

0 otherwise
This adjacency matrix representation is used by several alg
rithms discussed in this paper such as Bayes Nets (Section
4.6). Itis also analogous to the user-item dataset rept@sen
tion in the domain of collaborative filtering, where the hipa
entries correspond to the presence or absence of the user
vote for a particular item [28].

@)

. An adjacency list oN entries where each entry (link) points
to the entities that occured in the link. In this case we use th
set notation to represent the list and lise&o denote theth
such list of entities. Using the notation above we can state:
gj ¢ lj if and only if 90;; = 1.

. An adjacency list oM entries where each entry (entity) points
to the set of links that it has occured in

All three representations are equivalent as they encodestine in-
formation. One or several of the data structures would be bye
each of the presented algorithms interchangably for efftcstor-
age and performance improvement. Unless otherwise sypboife
will assume data to be represented as a collection of “links&re
alink is a subset of entities that had been observed to co-occur.

2.2 Link Completion Task

Informally the link completion task is to identify the misgi entity
or entities in a link. Since one of the major reasons for s&lgthe
task was to compare the link analysis algorithms, we comatnt
specifically on the case when the arity of the link is known and
we have to predict one missing entity in the link. This is $&mto
asking the question “Given that we know the following 1 people
were at a meeting, who is thgh person?” In this formulation,
the task of link completion is similar tAlIButl metric used in the
collaborative filtering domain, where the algorithms arenpared
based on how well they predict the voting of a particular useone
of the items given the user’s voting information on all otitems
[4]. The two tasks differ slightly in that thallButl task would
be equivalent to predicting whether or not the given entigswthe
missing member of the link, as opposed to finding the entiay th
was the most likely one to complete the link.

We compare our results based on a slightly richer metrictebts
of reporting a single entity for the link completion, we agsiall
entities a score such that a higher score implies a bettetma@his
formulation of the problem allows us to also examine howroftee
true link completions have scores in the top ten or the toplhech
Further it allows us to ask: “How many entities would we have t
include before we have p percent chance of including the true
entity?”

We define gartial link as a link with unobserved members and the
possible link completionas those entities that did not occur in the
partial link.

3. RELATED WORK

The field of link analysis includes a variety of techniqued apans
a variety of domains including: criminal intelligence [30&rge
databases [11], marketing analysis [6], recommender s\ssf27,
29, 4, 28], analysis of co-citations [5, 8, 26] and analysige in-

ternet [5, 10, 15]. The task of link completion is a possildpect
of link analysis and is thus related to many other tasks irfigié.

For example, in the domain of market basket analysis theckomk-
pletion task may take the form of predicting which additibitems
will be purchased given the current market basket. In thel fél
collaborative filtering [27, 4, 28, 2, 20], link completioa similar
to predicting the missing vote from the set of user prefegsrid].

A variety of techniques (some of which are included in the pam

Jsons below) have been presented to solve various probletirki

analysis, including: probabilistic models [5, 7, 9, 18]aph con-
struction and analysis [15, 23, 1, 16, 24, 19], eigenvectethods

[8, 10, 25], bayesian networks [4], nearest neighbor [4,8], &tc.
Many of these algorithms and techniques have either bessh dn
tasks similar to link completion such as bayes nets andetinsf
when applied t&\lIButltask in the domain of collaborative filtering
[4] or may prove effective on the task of link completion arrd-p
vide an interesting domain for further investigation. Digsphis,
none of the above techniques have been applied to link asalys
using the definition of the link completion as described ict®a

2.2 and have been shown to work on such a variety of datasets as
presented in this paper.

The algorithms used in the comparison, as well as the refeeén
erences, are described below.

4. COMPETING ALGORITHMS

A variety of algorithms were compared based on the task &f lin
completion. Below we describe the specific algorithms arair th
formulations that produce a ranked list of possible conigtest

The following notation was used:

o Lt ={lg,l2,...,In} denotes a set of training links

L= {I1,12.... [y} refers to a set of partial links

IT represents a given training link

I}, stands for a given partial link

& denotes théth entity in the given link

=={&,...,EM1 is an unordered set of all available entities



4.1 Co-occurrence Counting 4.5 cGraph
The(Co-occurrence) Countinglgorithm is a simple strawman methodThe cGraph algorithm, presented by [19], assumes that links are

Every entity gets a score that is equal to the number of titriess generated based on an unknown underlying graph structate th
co-occurred with each entity in the partial link. Entitidsat ap- captures the pairwise relationships between entitiess Jtniicture
peared in the partial link are assigned scores of zero. Hbyithe is similar to a general social network, but is restricted sooshave
score for entityA as a link completion to a given partial lin is: a probabilistic interpretation.

scordA) { g{‘ilz'j\‘:ll(ii el xl(Aclj) A¢ Lp ) The cGraph algorithm approximates this underlying grapingis

A€l weighted counts of co-occurrences that are accumulatdadgiar
single scan of the data. The resulting edge weights are thlen-c
wherel(S) is the indicator function (returns 1 Bis true and 0 lated directly from these counts. The links are weightedtbg:size
otherwise). of the link, a weighting function of the link typeypical weight-
ing) and a weighting function on when the link occurréghporal
4.2 Popular Algorithm weighting). Formally the weight from to B is approximated as:
ThePopular (Personplgorithm simply counts the number of links U(Ltype T (L timet)
in which each entity has occurred and uses these counts as the Was(t) 2L(AB)CL <T> ©)
scores for the possible link completions. Entities thatuoed in InB(l) = :
the partial link are given a score of zero. Formally the sdore Suac V(L typeT(Ltimet)
entity A as a link completion tdy, is: wherelL| is the size of the linklJ (L.type) is the typical weighting
\ ~ of a link of typeL.type andT (L.timgt) is the temporal weighting
scordA) :{ Yl (Aely) Adlp 3 of a link at timet.
0 Aclp
The weighting functions determine how much a link of a givgret
Thus more “popular’entities are given a higher score for pteti that occurred at a given time is “counted” compared to otimss!
ing the link. These functions can be set by hand or chosen by cross validati
Since the other algorithms did not make use of link type oiperal
4.3 Random Algorithm information, these weighting functions were chosen so é&gtore

these factors. In the below experiments we Bét.timet) = 1
vt, L.timeandU(L.type = 1 VL.type Thus all algorithms used
only the links themselves as input.

The Randomalgorithm provides an approximate baseline perfor-
mance. Each entity that did not appear in the partial linlsggned
arandom score if0, 1]. Entities that appeared in the partial link are

assigned scores of zero. Scores for the possible link completions can then be detexthi

from the learned graph. Specifically, we generate the samieg)
4.4 Nearest Neighbor the random tree generation model presented in [19]. We niake t
The Nearest Neighbor (NNalgorithm assigns scores to the pos- Simplifying assumption that the missing entity is the laity to
sible link completions based on which entities appear ikslithat be added to the link. Thus the probability thatis the missing
are “closest” to the partial link. ThiIN algorithm has been applied  entity in the partial linkp is:
extensively in the area of collaborative filtering using aiety of 1 ~ P(ABATY) Ad P
d!stance metrics [13, 29, 4]. There are arguments pro- altan‘.lag p(A“Ap) — { Il 2 gef, Seqi, PCIBATY) p (7
different similarity metrics. For the purposes of companisvith 0 Ac |“p
the rest of the link analysis algorithms we chose to implenties
classic Hamming distance metric as a measure of link siityilar where}, represents only the known entities. Each possible link

) ) completions’ score is thus simpl@(A\I},).
Formally, the distance measure is:

Dist(,I7) :{ Ir[+Wpf =2+ by nlp - [Ir Alpl <lrf oy 4.6 Bayesian Networks

e otherwise The Bayesian Network (BNglgorithm learns a network structure
and parameters working with the matrix representation eflithk
data. The Bayesian network was learned using a version afthe
timal reinsertion method presented in [22] that has beeimiged
for massive sparse data. The network thus forms a generatidel
of how links are created in which each node corresponds taman e
tity. Interestingly, the presence of an arc between twaiesttoes
not imply a working relationship between the entities: weehseen
many cases in which the network modeled the presence of one or
more parents of an entity in a link as decreasing the likelthof

We make a restriction that if the training link contains ontgm-
bers present in the partial linky C Ip, then we assign an infinite
distance. In this cade does not contain any new information for
predicting the missing link member.

For the task of link analysis, for a given partial link, we s#Baover
all links in the training set, and find the closest one(s) nily, if
Dx < o is the smallest distance found then the score for an entity

Als: that entity being in the link.
scordA) = | (A ¢ |“p) * M (5) Bayesian Network models have been applied in the framewbrk o
Ly :Dist{ir fo)—ps I = llpNIT] collaborative filtering before, one of the tasks being taljzeuser’s

vote for the given item in théllButl scenario, which resembles
wherel (S) is the indicator function (returns 1 Bis true and 0 the problem of link completion. The formulation of Bayes 8las
otherwise). described in [4] is different then the one used in this corape



analysis. However, the function that both models optimgéhe
same:argmaxDagScoréD), whereD is a directed acyclic graph
(DAG) and DagScoreis a complexity-penalized measure of how
well the DAG explains the data.

During the link completion phase we wished to find the newtgnti
that was the most probable completer of the link given thexkno
members of the link, and under the assumption that therepveas
ciselyone completer. This computation can be performed easily
by iterating over every possible link that contains one cletgp
and querying the probability of that link. All queries thuwolve
known values of all variables, and so no expensive inferémoe-
quired (which is important considering the hundreds of gands

of nodes in the network).

4.7 EBS

The Empirical Bayes Screening (EB&)gorithm originally pre-
sented by [6], adapted for link analysis as described by, [[E2]
a statistical approach to ranking links according to theitérest-

ingness”. The algorithm gives preference to those links tha-

not be described by the assumed independence assumption. Fo

pairs, the assumption is complete independence: for iteand j:

&j = N+ pj = pj, wherep; = nj /N andN is the number of records in
the dataset, wheng is the number of occurences of entitin the
training dataseLt ande;j is the estimated number of occurences
of links with two entitiesi and j in L. For links of sizek > 2,
the independence assumption is based on the all-2way dtitara
loglinear model [3].

EBS assumes that the number of occurences of links of particu
lar sizek are drawn from poisson distributions with parameters
(Aij.k8j.k), WhereAs in turn come from a prior(A|8) distribu-
tion:
Nij.klAij.k ~ POIS(Aij _k&j. k)
Aij.k ~ Gammaa, B)
One gamma prior is used here for reasons described in [12. Th
paramete = {a,(} is estimated from the data using Empirical
Bayes. The product of unconditional distributiomsfis then max-
imized to obtain the maximum likelihood estimates @or
f(n) = [ Pois(n|Ae)i(A|6)dA
6 = argmavg [yn f(n)

®)

9)

To complete the given link, the number of occurences of easkip
ble completion is computed from the training ket The algorithm
then calculates the estimates of true counts based on tepend
dence assumption. EBS ranks all possible completions ibescr
by (nj,g) for each of the ith completion respectiveJy, according to
the posterior geometric meah = exp(y(& +ni))/(B+ &) com-
puted usingﬁ = {@,B} obtained from the counts and estimates of
all links of sizekin Lt.

4.8 Logistic Regression and Naive Bayes
Logistic regression (LR) fits a sigmoidal model in paramefeto
binary datay, whose output is the expected value

_ exp(Bx)
~ 1-exp(BTX)
LR is often used as a binary classifier, requiring thresmmgjdbf
E(y|x) to determine whethex belongs to the positive or negative
class. A simple extension to multiclass problems is achidwe
multiple experiments, each of which computes the expecthakyv

E(yilx) (10

that x; is in the jth class. The final prediction is the class with
greatest expected value. See [21] or [14] for details ab&ut L

To apply LR to the link completion task, we employ an adaptati
similar to the multiclass extension described above.

For each entitgK € =, execute the following steps:

1. Create a new training skt = {£X | [K=1;\ {€¥}}.

. Create a sparse binary matit = [x€], wherexf = 1 if
&l ek and x}‘j = 0 otherwise, forj # k. Note thatXX has
sizeN x (M —1).

. Create an output vectt¥ = [y¥] whereyk = 1 if £ ¢ 1K and
yk = 0 otherwise.

. Learn sigmoidal modé8* for inputs XK, outputYk.
. Create a new testing seft and input matrixX.

. ComputeE (%K) by applying modep* to X¥. Note if pX is
in the incomplete testing link, then&X cannot be the com-
pletion ofl;. In this case, s (§X%) = 0.

Upon completion, predict entity arg maE(?Hi}‘) for the comple-
tion of testing rowi. An obvious extension is ordering entities
&K k= 1,...,M for testing rowi according toE(y%%), which is
useful for some scoring metrics.

This technique requirdd LR experiments on data of sidéx (M —

1). Both variables may be larger than 100,000 in real datasats,
hence the LR implementation must be very fast. We used the LR
implementation described in [17]. Because this “leave-enity-

out” technique can be used with any binary classifier whiab pr
vides class probabilties, we include a Naive Bayes prediftio
comparison.

5. DATA SETS

To test the algorithms, we used a variety of real world data.se

These data sets are described below and their sizes are sinenna

in Table 1. Upon publication of this paper we plan to make ¢hes
data sets available over the web in the same form as used here.

Table 1: Data sets and their sizes

Data Entities  Training Test
Set Links  Links
Lab 114 69 19
Institute 456 1488 248
Drinks 136 4325 997
Manual 4088 4581 815
IMDB 100717 49298 910
Citeseer 104801 180395 905
SimLink 26 34500 10

1. ThelLab Dataconsists of co-publication links for members
of our research lab and includes all people present in those
links.



2. Thelnstitute Datais a set of links of three different types (co-
publication, common research interest, and advisor/agyis
that was collected from publicly available data listed onr@gie
Mellon University Robotic Institute’s webpages.

. TheDrinks Data Setonsists of a series of popular bartend-
ing recipes found on various websites. Each link consisted
of a list of all ingredients (entities) contained in thatrdki

. TheManual (Webpagedata is a set of links manually ex-
tracted from a set of public web pages and news stories (of-
ten written/hosted by various governments and news organi-
zations) related to terrorism. The entities mentioned & th
articles were linked subjectively upon reading the informa
tion. Each link was created by hand from a single relation,
such agrenber O orf unded, found on a web page and con-
tained the entities for which this relation was mentioned on
the page.

. ThelIMDB Data Setis a collection of links extracted from
movies (1900 to 1960) listed on the Internet Movie Database
website. Each movie defines a single link containing all of
its actors/actresses.

. TheCiteseer Datas a collection of co-publication links from
the Citeseer online library and index of computer science
publications. Each publication served as a single link con-
taining its authors. Since entities were represented by firs
initial and last name, a single name could correspond to mul-
tiple authors.

. TheSimLink Data Seis an artificial dataset containing com-
plex interactions that would not be captured by simple straw
man algorithms. It consists of 26 entities and 3450 links
(each with exactly 5 entities). A portion of the links con-
tain one or several of the 10 triples of entities that had iyiost
occurred together or solo but have very few pairwise occur-
rences. The test set consists of pairs selected randonmty fro
each of those triples.

6. RESULTS

The algorithms were compared by examining their accura@sin
signing scores to the possible link completions. For eacthef
above data sets a predefined number of links was randomlyohos
to form a test set. The number of links in the training and sess
are summarized in Table 1. For each of the links in the tesaset
single entity was randomly chosen to be the missing memher an
was removed from the link.

Tables 2 through 8 show the relative performance of the uario
algorithms on the above data sets. Note that in the belowriexpe
ments we used a preliminary unoptimized version of the EBS-al
rithm. We are currently investigating optimizations. Tlesults in
the columns labeled 1, 10, and 100 indicate the percentatesbf
links for which the true entity had a score in the top 1, 10, 20@.
Entries in these columns that are marked with a * are sigmitiga
better (using a likelihood ratio test withh = 0.05) than those that
are not marked by stars. If no entry in the column is marked the
the performance of most algorithms on that data set wereiget s
nificantly different. Finally, the results in théve. Pos. column
indicate the average rank of the true entity’s score amoagther
scores. The smaller number indicates better performance.

In addition Figures 1 through 7 also show the relative penfomce
of the various algorithms on the above data sets. These figure

indicate the percentage of test links (y value) for which the
entity has a score in the tdp entities (x value). This analysis is
similar to asking “On average if we took the t@pscoring entities
what is the probability that we would get the true missingtgft
The x values are plotted on a logarithmic scale.

7. DISCUSSION

The tests reflect the relative performance of the algoritomshe
task of link completion. In addition they show some of theistr
ture in the data sets and thus illustrate on which data seitgea g
algorithm may perform well or poorly.

7.1 Link Completion

In general, the goal of link analysis algorithms is to inflee un-
derlying structure of the data sample available in the giden
main. Evaluation of the algorithms that attempt to identifie
“true” structure when it is in fact unknown in majority of degorld
datasets, is a very hard problem. A variety of evaluationhods
are available in related fields such as collaborative filggrmarket
basket analysis, relational models. The choice of link detign
has two purposes, first of all it is an interesting real lifelgem
and it also is algorithm independent, allowing for compamiof
statistical and heuristic algorithms. However, it mighader the
illustration of the true strength of some of the algorithniswas
chosen as a basis for comparing link analysis techniquéshére
is no claim that it is the best testbed for link analysis alions
in general. For example, as shown in [4] Bayes Nets had outper
formed other techniques on the analogous tasRliButl in the
domain of collaborative filtering, whereas other tasks saagtwith-
holding more than one vote, had more variation in resultsaihdr
algorithms had showed performance superior to Bayes Netsrun
different testing scenarios. In our study, no algorithm batper-
formed others on all of the datasets, which is partiallyteslao the
difference in structures of the datasets, for example Gniance
Counting algorithm has outperformed Logistic Regressioly on
the Institute and IMDB Datasets, whereas LR has performédre
than Counting on all other datasets. It is evident from tha tleat
in both datasets there is a group of very popular peoplegpsuirs
in the case of the institute and actors in case of the imdisdtta
that occur in a lot of publications/movies. Predicting thgsople
most of the time lets such a simple heuristic method as cognti
win over much more complicated algorithms.

The task of link completion assumes that the arity of the gk
known and the algorithms further assume that the entity ihat
missing comes from the pool &fl — |Ip| entities encountered in
the training set. The first assumption is in fact a viableistial
scenario, for example, a papparazzi could take a picturerobia
where an important meeting was held and one person had been ab
structed from the camera view. The second assumption iscin fa
a limitation of several of the learning algorithms. If thgafithm
had learned probabilistic information from the data itsélfwill

not have confidence in probabilities of the entities thaethast oc-
cured in the training set. The task of link completion howel@es
reveal important properties of the algorithms, even if safiem
could have shown better performance on other link analgsisst

7.2 Performance comparison

The co-occurrence counting and cGraph use a similar apiproac
weighted pairwise counting, and thus had similar perforoeaim
the above tests. Both algorithms take advantage of dataumith
derlying pairwise structure. In other words, the algorithbenefit



when each entity, for the most part, individually contrigsitevi-
dence about other entities. Further, both algorithms onhsier
positive evidence an entity. For example, neither algorith able

to capture the concept that seeing enfityeducesthe chances of
seeing entityB. Since both algorithms performed well on the Cite-
seer, IMDB, and Institute data sets, it is reasonable tebelthat
these data sets contained strong underlying positive EErsiruc-
ture.

In contrast other algorithms, such as Popular and Neareghher
algorithms, did not even consider pairwise interactiond s
could not exploit any such underlying structure. Insteseséhal-
gorithms utilized other forms of structure to improve penfiance.
The nearest neighbor algorithm performed well on data séts w
repetition in the link data. For example, it performed well the
institute and lab data sets, where we would expect subsptople
to appear together in multiple and similar links, such atabara-
tors co-authoring multiple papers together. The populgorthm
performed well in smaller data sets where a few entitiesueadly

occured. One such data set is the Lab data set, where a felepeop

appear in the majority of the links. In contrast the populgogthm
did not perform well on data sets, such as Institute or Céesbat
were large and where there was no core group of frequentemntit

The EBS algorithm did not perform very well on real datasets,
however it has shown significantly better performance orSine-
Link data. Designed for capturing subtle, intricate intti@ns
between people, EBS is perfectly suited for identifying tioen-
plex relations of the SimLink, where the performance of alpms
based on pairwise interactions was jeopardized. Howevieenw
the Count algorithm performs fairly well (in other words wheve
could expect the completion of the link to be the person wha is
"friend” of a few other people that are present in the linkg BBS
would show suboptimal performance since the describediagala
could be easily captured by a simple all-2way interactiordeio
It is possible to improve the performance of EBS on link cogapl
tion task by optimizing the loss function, i.e. change Ahenking
scheme to suit the task at hand better.

Logistic regression performed well on all experiments @t&m-
Link. The fast LR implementation of [17] was virtually inssgtive
to the number of links or maximum link size, but the “leaveson
entity-out” approach was expensive for large numbers dafieat
Until a better method of applying LR to link completion is fui)
LR is best suited to datasets with fewer entities and largehmus
of links.

Overall most algorithms except for the simple strawman iétigms

such as Random and Popular and EBS, that might have benefited

from the change of the loss function, had performed sinyilarid
relatively well. There has been a larger variance in albariper-
formance on the Institute Dataset that could be easily exgdby
the dominance of the strong positive pairwise correlatiberdi-
ties. There was no clear winner over all datasets, which esstgg
that the internal structure of the data might favor the s&lacof
one algorithm over the others. For the future work, we wouid-s
gest an adaptive hybrid algorithm, that would start withitegsfor
the simplest interactions of entities within the dataseloimking at
the order of loglinear models or simply applying algorithsugh as
Popular and Count. Such testing would be inexpensive, hultico
give a better idea about the structure of the dataset. If #re p
formance of the strawman methods were not satisfactory,fout
example, Count had performed significantly better than Ropu

we could try cGraph that in essence is a more sophisticateibwe
of Co-occurence Counting. If neither, Popular nor Count hag
success with predicting missing entities or more generédijed
in revealing the structure of the dataset, we would suggestgt
more sophisticated techniques such as Bayes Nets and EBS.

8. CONCLUSIONS

We have shown how to adapt a variety of algorithms including
both link analysis specific and conventional statistical avachine
learning algorithms to the task of link completion. We quiant
tively compared these algorithms on a variety of real-watéda
sets on the task of link completion and used this comparis@x+
plore both the strengths/weaknesses of some of the apm®asch
well as the domains to which they are well suited.
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Figure 1: Result curves for the lab data set.
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Figure 2: Result curves for the institute data set.

Table 2: Results on the lab data set

Algorithm 1 10 100 Ave. Pos.
Random 0.053 0.211 *0.895 45.89
Counting 0.368 0.737 *1.000 19.95
Popular 0.316 0.842 *1.000 9.37

Naive Bayes 0.368 0.842 *1.000 7.37
NN 0.474 0.579 *1.000 17.68
cGraph 0.526 0.737 *1.000 19.26
Bayes Nets  0.421 0.684 *1.000 17.79
EBS 0.211 0.316 0.579 59.68
LR 0.526 0.842 *1.000 6.53
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Figure 3: Result curves for the drinks data set.
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Figure 5: Result curves for the IMDB data set.
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Figure 6: Result curves for the citeseer data set.

Table 4:

Results on the drinks data set
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Algorithm Ave. Pos.
Random 0.013 0.098 0.754 66.53
Counting *0.546 *0.721 *1.000 10.04
Popular *0.531 *0.713 *0.998 10.49

Naive Bayes *0.585 *0.763 *0.999 9.51

NN *0.596 *0.758 *1.000 11.76
cGraph *0.584 *0.760 *1.000 9.31

Bayes Nets  *0.591 *0.753 *0.996 9.01

EBS 0.258 0.634  0.920 21.81
LR *0.587 *0.781 *0.997 8.49
Table 5: Results on the manual data set

Algorithm 10 100 Ave. Pos.
Random 0.001 0.004 0.020 2068.49
Counting *0.102 0.168 0.204 1634.91
Popular 0.036 0.109 0.314 939.02

Naive Bayes 0.036 0.112 0.256 1545.21
NN *0.093 0.155 0.190 1569.54
cGraph *0.118 0.174  0.204 1634.90
Bayes Nets  *0.115 *0.226 *0.411 982.56
EBS *0.069 0.129 0.161 2459.59
LR *0.131 *0.218 0.357 1216.75

Table 6: Results on the imdb data set

Algorithm 100 Ave. Pos.
Random 0.000 0.000 0.002 49900.88
Counting *0.089 0.162 *0.363 10510.74
Popular 0.002 0.007 0.048 11393.75

Naive Bayes 0.001 0.001 0.001 50298.24
NN 0.098 *0.115 0.118 43715.08
cGraph *0.120 *0.201 *0.399 10400.05

Bayes Nets 0.033 0.052 0.086 43203.38
EBS n/a n/a n/a n/a
LR 0.060 0.114 *0.326 7678.14

Table 7: Results on theouteseer data set
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Figure 7: Result curves for the synthetic data set.

Table 3: Results on the institute data set
10 100

Algorithm Ave. Pos.
Random 0.000 0.024 0.210 220.08
Counting *0.524 *0.778 *0.956 16.81
Popular 0.113 0.266 0.669 85.94

Naive Bayes 0.161 0.302 0.706 81.17
NN *0.673 *0.806 0.831 40.86
cGraph *0.601 *0.871 *0.964 13.05

Bayes Nets 0.351 0.536 0.750 77.83
EBS 0.052 0.056 0.113 328.69
LR 0.375 0.565 0.766 83.61

Algorithm 100 Ave. Pos.
Random 0.000 0.000 0.001 52158.88
Counting 0.526 *0.738 *0.825 9039.07
Popular 0.001 0.007 0.030 16304.57

Naive Bayes 0.000 0.000 0.000 52399.77
NN *0.601 *0.697 0.709 13616.61
cGraph *0.587 *0.769 *0.827 9037.53

Bayes Nets 0.098 0.146 0.214 40560.22
EBS n/a n/a n/a n/a
LR 0.488 *0.736 *0.824 9699.76

Table 8: Results on the synthetic data set

Algorithm 1 10 100 Ave. Pos.
Random 0.100 0.400 1.000 12.10
Counting 0.000 0.400 1.000 15.40
Popular 0.100 0.600 1.000 13.70

Naive Bayes 0.000 0.200 1.000 16.70
NN 0.100 0.400 1.000 11.10
cGraph 0.000 0.400 1.000 15.60

Bayes Nets 0.000 0.400 1.000 15.10
EBS *0.800 0.900 1.000 3.60
LR 0.100 0.600 1.000 10.70



