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ABSTRACT attended a meeting, we could ask which people are most likely to

Link data, consisting of a collection of subsets of entities, can be be that third person given what we know about people’s previous
an important source of information for a variety of fields including co-occurrences. It is important to note that this question is similar
the social sciences, biology, criminology, and business intelligence. to those found in the collaborative filtering domain [4]. Differences
However, these links may be incomplete, containing one or more between the tasks as well as the adaptation of algorithms are dis-
unknown members. We consider the problem of link completion, cussed below.
identifying which entities are the most likely missing members of
a link given the previously observed links. We concentrate on the The question of link completion is also important in a variety of
case of one missing entity. We compare a variety of recently de- other domains that seek to use information from links. For ex-
veloped along with standard machine learning and strawman algo-ample, in the domain of market-basket analysis we may wish to
rithms adjusted to suit the task. The algorithms were tested exten-know which was the item that did not scan correctly or was cor-
sively on a simulated and a range of real-world data sets. rupted when transferring the information to the database, based on
the other items that have appeared in the shopping basket (related
to identity uncertainty). Link completion algorithms could also
be used to predict the next item to be purchased given the items
that a shopper is currently planning to buy, such information is
tracked when buying products online (related to collaborative fil-
tering). Here the transaction itself is the link to be completed and
1. INTRODUCTION the entities are the items to buy.
Link data, in general described as a set of entities connected by
either an observed or probabilistic relation, is an important source The task of link completion serves another important role: pro-
of information for a variety of fields including the social sciences, Viding a metric to quantitatively compare link analysis algorithms.
criminology, and data mining. Further link data is often a natural Various link analysis techniques can be compared by how well they
representation for data found in a vast range of fields, such as so-perform at the link completion problem. The intuition behind this
cial network analysis (people are connected based on papers theygomparison is that methods that are better at capturing the under-
have co-authored, meetings they have attended together, etc), interlying relations among entities may perform better at completing
net analysis (pages are connected by references to and from them)poisy links.
market-basket analysis (items in a store are connected by shopping
baskets where they have co-occured), etc. We compare the performance of a variety of algorithms on this
problem using real-world data sets. Specifically, we compare algo-
The data, collected from the real life sources, is usually noisy and rithms designed for link analysis (cGraph and EBS), statistical and
might contain gaps, i.e. links may be incomplete, containing one machine learning algorithms (logistic regression, nearest neighbor,
or more unknown members. Below we consider the problem of Bayesian Networks), and a variety of simple straw man compar-
link completion, determining the missing member given a partial isons (co-occurrence counting and the popular person algorithm).
link. For example, if we know that Alice, Bob and a third person We provide a detailed analysis relating datasets, the task of link
completion and the performance of the algorithms.
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2. LINK DATA AND COMPLETIONS
2.1 Link Data

The data is assumed to consist of a set of links. Lets assume there
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-authorships, such as
Citeseer datasely is the number of all publications in the dataset



andM is all authors that have occured in at least one publication. We compare our results based on a slightly richer metric. Instead
Authors in this case are linked by a common paper. In the domain of reporting a single entity for the link completion, we assign all
of market basket analysi$§y is the number of baskets amMd is entities a score such that a higher score implies a better match. This
the number of items observed. The items may be linked by co- formulation of the problem allows us to also examine how often the
occurrence in the same transaction that puts them together in thetrue link completions have scores in the top ten or the top hundred.
same basket. Links can contain an arbitrary number of the entities Further it allows us to ask: “How many entities would we have to
and are not fixed size. include before we have p percent chance of including the true
entity?”
The wordlink should not be interpreted too narrowly. A link can
be used to capture a range of different relations such as: directWe define gartial link as a link with unobserved members and the
interaction, co-occurrence, or even sharing a common attribute. Forpossible link completionas those entities that did not occur in the

example, in the domain of food products the lifikur, sugar partial link.
eggs} may result from a cookie recipe and the lifwkater , milk}
may result from the fact that both entities are liquids. 3. RELATED WORK

The field of link analysis includes a variety of techniques and spans
a variety of domains including: criminal intelligence [30], large
databases [11], marketing analysis [6], recommender systems [27,

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

sentations: 29, 4, 28], analysis of co-citations [5, 8, 26] and analysis of the in-
ternet [5, 10, 15]. The task of link completion is a possible aspect
1. A sparse binary matrigot = N x M, where of link analysis and is thus related to many other tasks in the field.
) ) o For example, in the domain of market basket analysis the link com-
My, = { 1 itemjoccured in link i 1) pletion task may take the form of predicting which additional items
! 0 otherwise will be purchased given the current market basket. In the field of

collaborative filtering [27, 4, 28, 2, 20], link completion is similar

This adjacency matrix representation is used by several algo- e 9L
: y P y g to predicting the missing vote from the set of user preferences [4].

rithms discussed in this paper such as Bayes Nets (Section

4.6). Itis also analogous to the user-item dataset representa- . . . . .
tion in the domain of collaborative filtering, where the binary A Variety of techniques (some of which are included in the compar-

entries correspond to the presence or absence of the userdSOns below) have been presented to solve various problems in link
vote for a particular item [28]. analysis, including: probabilistic models [5, 7, 9, 18], graph con-

struction and analysis [15, 23, 1, 16, 24, 19], eigenvector methods

2. An adjacency list oN entries where each entry (link) points  [8, 10, 25], bayesian networks [4], nearest neighbor [4, 1, 28], etc.

to the entities that occured in the link. In this case we use the Many of these algorithms and techniques have either been tried on

set notation to represent the list and lis® denote theth tasks similar to link completion such as bayes nets and clustering
such list of entities. Using the notation above we can state: when applied té\lIButltask in the domain of collaborative filtering
gj ¢ li ifand only if ;5 = 1. [4] or may prove effective on the task of link completion and pro-

vide an interesting domain for further investigation. Despite this,
3. Anadjacency list o entries where each entry (entity) points  none of the above techniques have been applied to link analysis
to the set of links that it has occured in using the definition of the link completion as described in Section
2.2 and have been shown to work on such a variety of datasets as
All three representations are equivalent as they encode the same in_presented in this paper.
formation. One or several Of the dgta structures would l.oe. used onThe algorithms used in the comparison, as well as the relevant ref-
each of the presented algorithms interchangably for efficient stor- .
. ; . erences, are described below.
age and performance improvement. Unless otherwise specified, we
will assume data to be represented as a collection of “links” where
alink is a subset of entities that had been observed to co-occur. 4. COMPETING ALGORITHMS
A variety of algorithms were compared based on the task of link
2.2 Link Completion Task completi.on. Below we describe the_ specific a_lgorithms ar_ld their
Informally the link completion task is to identify the missing entity ~formulations that produce a ranked list of possible completions.
or entities in a link. Since one of the major reasons for selecting the
task was to compare the link analysis algorithms, we concentrate
specifically on the case when the arity of the link is known and

The following notation was used:

we have to predict one missing entity in the link. This is similar to o Lt ={l,l,...,In} denotes a set of training links
asking the question “Given that we know the followikng 1 people . L A
were at a meeting, who is theh person?” In this formulation, o L={ly,l5,...,Ig} refers to a set of partial links

the task of link completion is similar tAllButl metric used in the
collaborative filtering domain, where the algorithms are compared
based on how well they predict the voting of a particular user on one
of the items given the user’s voting information on all other items
[4]. The two tasks differ slightly in that thallButl task would

be equivalent to predicting whether or not the given entity was the
missing member of the link, as opposed to finding the entity that
was the most likely one to complete the link. ==

IT represents a given training link

fp stands for a given partial link

& denotes théth entity in the given link

°
1
\
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,...,&M} 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 times it has generated based on an unknown underlying graph structure that
co-occurred with each entity in the partial link. Entities that ap- captures the pairwise relationships between entities. This structure
peared in the partial link are assigned scores of zero. Formally theis similar to a general social network, but is restricted so as to have
score for entityA as a link completion to a given partial lidk is: a probabilistic interpretation.

scordA) { (%M:l SN lE el «I(Ael)) A¢lp @ The cGraph algorithm approximates this underlying graph using

Aclp weighted counts of co-occurrences that are accumulated during a

single scan of the data. The resulting edge weights are then calcu-

wherel(S) is the indicator function (returns if Sis true and0 lated directly from these counts. The links are weighted by: the size
otherwise). of the link, a weighting function of the link typeypical weight-

ing) and a weighting function on when the link occurréehiporal
weighting). Formally the weight frorA to B is approximated as:

4.2 Popular Algorithm

ThePopular (Personplgorithm simply counts the number of links U(Ltypa T (Ltimet)
in which each entity has occurred and uses these counts as the 2L:(AB)CL T
: ; . " : W, _

scores for the possible link completions. Entities that occurred in ns(t) S Lac U (LypaT (Liimet) (6)
the partial link are given a score of zero. Formally the score for
entity A as a link completion tdy, is: where|L| is the size of the linklJ (L.type) is the typical weighting

N . of a link of typeL.type andT (L.timgt) is the temporal weighting

scordA) Sicil(A€ly) A¢ lP 3) of a link at timet.
0 Aclp

N ] ) The weighting functions determine how much a link of a given type
Thus more “popular’entities are given a higher score for complet- that occurred at a given time is “counted” compared to other links.

ing the link. These functions can be set by hand or chosen by cross validation.
Since the other algorithms did not make use of link type or temporal
4.3 Random Algorithm information, these weighting functions were chosen so as to ignore

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 link is assigned
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 determined

from the learned graph. Specifically, we generate the scores using
4.4 Nearest Neighbor the random tree generation model presented in [19]. We make the
The Nearest Neighbor (NNlgorithm assigns scores to the pos- Simplifying assumption that the missing entity is the last entity to
sible link completions based on which entities appear in links that be added to the link. Thus the probability thatis the missing
are “closest” to the partial link. TH¥N algorithm has been applied ~ entity in the partial linK, is:

extensively in the area of collaborative filtering using a variety of 1 P(ABAT,) A
distance metrics [13, 29, 4]. There are arguments pro- and against P(A\fp) — ) ZBer e P(C|BAT,) A¢lp @)
different similarity metrics. For the purposes of comparison with 0 Ac |‘p

the rest of the link analysis algorithms we chose to implement the
classic Hamming distance metric as a measure of link similarity. wherel,, represents only the known entities. Each possible link

. ) completions’ score is thus simpB(A| fp).
Formally, the distance measure is:

Dist(T,I7) :{ Irl+1lpl =2« it nlpl flrnlpl <[lv]—,y 4.6 Bayesian Networks

© otherwise The Bayesian Network (BNalgorithm learns a network structure
and parameters working with the matrix representation of the link
data. The Bayesian network was learned using a version of the op-
timal reinsertion method presented in [22] that has been optimized
for massive sparse data. The network thus forms a generative model
of how links are created in which each node corresponds to an en-
tity. Interestingly, the presence of an arc between two entities does
not imply a working relationship between the entities: we have seen
many cases in which the network modeled the presence of one or
more parents of an entity in a link as decreasing the likelihood of
that entity being in the link.

We make a restriction that if the training link contains only mem-
bers present in the partial linky C I, 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 search over
all links in the training set, and find the closest one(s). Formally, if
Dx < o is the smallest distance found then the score for an entity

Alis:
scordA) = I (A ¢ |"p) % w (5) Bayesian Network models have been applied in the framework of
Ly -Dist{ir fo)—ps 1= [lpOIT] collaborative filtering before, one of the tasks being to predict user’s
vote for the given item in théllButl scenario, which resembles
wherel (S) is the indicator function (returns if Sis true and0 the problem of link completion. The formulation of Bayes Nets as

otherwise). described in [4] is different then the one used in this comparative



analysis. However, the function that both models optimize is the
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 new entity
that was the most probable completer of the link given the known
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 completer
and querying the probability of that link. All queries thus involve
known values of all variables, and so no expensive inference is re-
quired (which is important considering the hundreds of thousands
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 [12], is
a statistical approach to ranking links according to their “interest-
ingness”. The algorithm gives preference to those links that can-

not be described by the assumed independence assumption. For

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

&j = Nxpj x 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,

thatx; is in the jth class. The final prediction is the class with

greatest expected value. See [21] or [14] for details about LR.

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

For each entitgK e =, execute the following steps:

. Create a new training sef = {£K | 1K =1;\ {4} }.

2. Create a sparse binary matit = [x¢], wherexf = 1 if
&l e 1l andx¥ = 0 otherwise, forj # k. Note thatX* has

sizeN x (M —1).

. Create an output vect = [y whereyk = 1if £k ¢ Ik and
yk = 0 otherwise.

4. Learn sigmoidal modgdX for inputsXK, outputYk.

5. Create a new testing deft and input matrixxX.

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

the independence assumption is based on the all-2way interaction

loglinear model [3].

EBS assumes that the number of occurences of links of particu-
lar sizek are drawn from poisson distributions with parameters
(Nij.x&j..k), WhereAs in turn come from a priort(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]. The
paramete® = {a,B} is estimated from the data using Empirical
Bayes. The product of unconditional distributionnsfis then max-
imized to obtain the maximum likelihood estimates Gor
f(n)= jPois(n|)\e)n()\|é)d)\
6 = argmag [yn f (n)

®)

©)

To complete the given link, the number of occurences of each possi-
ble completion is computed from the training gt The algorithm

Upon completion, predict entitgrg max E(f/ik\f(}‘) for the comple-
tion of testing rowi. An obvious extension is ordering entities
&K k=1,...,M for testing rowi according toE(§%|%K), 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 datasets, and
hence the LR implementation must be very fast. We used the LR
implementation described in [17]. Because this “leave-one-entity-
out” technique can be used with any binary classifier which pro-
vides class probabilties, we include a Naive Bayes predictor for
comparison.

5. DATA SETS

To test the algorithms, we used a variety of real world data sets.
These data sets are described below and their sizes are summarized
in Table 1. Upon publication of this paper we plan to make these
data sets available over the web in the same form as used here.

then calculates the estimates of true counts based on the indepen-
dence assumption. EBS ranks all possible completions described

by (n;, &) for each of the ith completion respectively, according to
the posterior geometric meak= expWw(& +n;))/(B+&) com-

puted using§ = {4, ﬁ} obtained from the counts and estimates of
all links of sizekin L.

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

exp( BTx)
1—exp(BTx)

LR is often used as a binary classifier, requiring thresholding of
E(y|x) to determine whethex belongs to the positive or negative

class. A simple extension to multiclass problems is achieved by
multiple experiments, each of which computes the expected value

E(yilx) = (10)

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-

indicate the percentage of test links (y value) for which the true

publication, common research interest, and advisor/advisee) entity has a score in the tdp entities (x value). This analysis is
that was collected from publicly available data listed on Carnegsémilar to asking “On average if we took the t@pscoring entities

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 that drink.

. TheManual (Webpagedyata 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 in the
articles were linked subjectively upon reading the informa-
tion. Each link was created by hand from a single relation,
such asnemberOf or funded , 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 first
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 mostly
occurred together or solo but have very few pairwise occur-

what is the probability that we would get the true missing entity?”
The x values are plotted on a logarithmic scale.

7. DISCUSSION

The tests reflect the relative performance of the algorithms on the
task of link completion. In addition they show some of the struc-
ture in the data sets and thus illustrate on which data sets a given
algorithm may perform well or poorly.

7.1 Link Completion

In general, the goal of link analysis algorithms is to infer the un-
derlying structure of the data sample available in the given do-
main. Evaluation of the algorithms that attempt to identify the
“true” structure when it is in fact unknown in majority of real world
datasets, is a very hard problem. A variety of evaluation methods
are available in related fields such as collaborative filtering, market
basket analysis, relational models. The choice of link completion
has two purposes, first of all it is an interesting real life problem
and it also is algorithm independent, allowing for comparison of
statistical and heuristic algorithms. However, it might hinder the
illustration of the true strength of some of the algorithms. It was
chosen as a basis for comparing link analysis techniques, but there
is no claim that it is the best testbed for link analysis algorithms
in general. For example, as shown in [4] Bayes Nets had outper-
formed other techniques on the analogous tasRltButl in the
domain of collaborative filtering, whereas other tasks such as with-
holding more than one vote, had more variation in results and other
algorithms had showed performance superior to Bayes Nets under
different testing scenarios. In our study, no algorithm had outper-
formed others on all of the datasets, which is partially related to the
difference in structures of the datasets, for example Co-occurence

rences. The test set consists of pairs selected randomly fromCounting algorithm has outperformed Logistic Regression only on

each of those triples.

6. RESULTS

The algorithms were compared by examining their accuracy in as-
signing scores to the possible link completions. For each of the
above data sets a predefined number of links was randomly chose
to form a test set. The number of links in the training and test sets
are summarized in Table 1. For each of the links in the test set a
single entity was randomly chosen to be the missing member and

was removed from the link.

Tables 2 through 8 show the relative performance of the various
algorithms on the above data sets. Note that in the below experi-

ments we used a preliminary unoptimized version of the EBS algo-
rithm. We are currently investigating optimizations. The results in

the columns labeled 1, 10, and 100 indicate the percentage of testh

links for which the true entity had a score in the top 1, 10, and 100.
Entries in these columns that are marked with a * are significantly
better (using a likelihood ratio test with = 0.05) than those that

are not marked by stars. If no entry in the column is marked then

the performance of most algorithms on that data set were not sig-

nificantly different. Finally, the results in th&ve. Pos. column

n

the Institute and IMDB Datasets, whereas LR has performed better
than Counting on all other datasets. It is evident from the data that
in both datasets there is a group of very popular people, professors
in the case of the institute and actors in case of the imdb datasets,
that occur in a lot of publications/movies. Predicting those people

most of the time lets such a simple heuristic method as counting

win over much more complicated algorithms.

The task of link completion assumes that the arity of the link is
known and the algorithms further assume that the entity that is
missing comes from the pool &l — |Ip| entities encountered in
the training set. The first assumption is in fact a viable realistic
scenario, for example, a papparazzi could take a picture of a room
where an important meeting was held and one person had been ab-
structed from the camera view. The second assumption is in fact
a limitation of several of the learning algorithms. If the algorithm
ad learned probabilistic information from the data itself, it will
not have confidence in probabilities of the entities that have not oc-
cured in the training set. The task of link completion however does
reveal important properties of the algorithms, even if some of them
could have shown better performance on other link analysis tasks.

indicate the average rank of the true entity’s score among the other 7.2 Performance comparison

scores. The smaller number indicates better performance.

The co-occurrence counting and cGraph use a similar approach,
weighted pairwise counting, and thus had similar performance in

In addition Figures 1 through 7 also show the relative performance the above tests. Both algorithms take advantage of data with un-
of the various algorithms on the above data sets. These figuresderlying pairwise structure. In other words, the algorithms benefit



when each entity, for the most part, individually contributes evi- we could try cGraph that in essence is a more sophisticated version
dence about other entities. Further, both algorithms only consider of Co-occurence Counting. If neither, Popular nor Count had any

positive evidence an entity. For example, neither algorithm is able success with predicting missing entities or more generally, failed

to capture the concept that seeing enfityeducesthe chances of in revealing the structure of the dataset, we would suggest trying

seeing entityB. Since both algorithms performed well on the Cite- more sophisticated techniques such as Bayes Nets and EBS.

seer, IMDB, and Institute data sets, it is reasonable to believe that

these data sets contained strong underlying positive pairwise struc-8, CONCLUSIONS

ture. We have shown how to adapt a variety of algorithms including

. . both link analysis specific and conventional statistical and machine
In contrast other algorithms, such as Popular and Nearest Ne'ghborlearning algorithms to the task of link completion. We quantita-

algorithms, did_not even consider_pairvvise interactions and thus tively compared these algorithms on a variety of real-world data
could not exploit any such underlying structure. Instead these al- gets on the task of link completion and used this comparison to ex-

gorithms utilize(_j other forms_ of structure to improve performanc:_e. plore both the strengths/weaknesses of some of the approaches as
The nearest neighbor algorithm performed well on data sets with \,q|| as the domains to which they are well suited.

repetition in the link data. For example, it performed well on the
institute and lab data sets, where we would expect subsets of peopIeA
to appear together in multiple and similar links, such as collabora-
tors co-authoring multiple papers together. The popular algorithm
performed well in smaller data sets where a few entities frequently
occured. One such data set is the Lab data set, where a few peop
appear in the majority of the links. In contrast the popular algorithm
did not perform well on data sets, such as Institute or Citeseer, that
were large and where there was no core group of frequent entities. 9. ADDITIONAL AUTHORS

Additional authors: Andrew Moore and Jeff Schnei8elnool of
The EBS algorithm did not perform very well on real datasets, Computer Science, e-mail: awm,schneide@cs.cmu.edu
however it has shown significantly better performance on the Sim-
Link data. Designed for capturing subtle, intricate interactions 10. REFERENCES
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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: Reslults on the lab data set

Algorithm 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 4: Result curves for the manual data set.
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Figure 5: Result curves for the IMDB data set.
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Table 4: Results on the drinks data set

Random
Popular

-~ NN
- 1 Count
PR — cGraph
- — BayesNets

b NaiveBayes

Algorithm 100 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.
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Figure 6: Result curves for the citeseer data set.
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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
Popular
NaiveBayes
NN

1+ Count
/ ’ : — cGraph

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 the citeseer data set
Algorithm 10 100 Ave. Pos.
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Figure 7: Result curves for the synthetic data set.

Table 3: Results on the institute data set

Algorithm 1 10 100 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 0536 0.750 77.83
EBS 0.052 0.056 0.113 328.69
LR 0.375 0.565 0.766 83.61

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



