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Abstract

This paper presents NetKit, a modular toolkit for classtfaain networked data, and a case-
study of its application to networked data used in prior ni@etearning research. We consider
within-network classificatianentities whose classes are to be estimated are linked itgesrior
which the class is known. NetKit is based on a hode-centaiméwork in which classifiers com-
prise a local classifier, a relational classifier, and a ctille inference procedure. Various existing
node-centric relational learning algorithms can be insaéed with appropriate choices for these
components, and new combinations of components realizeatgovithms. The case study fo-
cuses on univariate network classification, for which thly @mformation used is the structure of
class linkage in the network (i.e., only links and some clabsgls). To our knowledge, no work
previously has evaluated systematically the power of diakage alone for classification in ma-
chine learning benchmark data sets. The results demantiedtvery simple network-classification
models perform quite well—well enough that they should beduggularly as baseline classifiers
for studies of learning with networked data. The simplesthoe (which performs remarkably
well) highlights the close correspondence between seegisting methods introduced for differ-
ent purposes—i.e., Gaussian-field classifiers, Hopfieldiordts, and relational-neighbor classi-
fiers. The results also show that a small number of compor@nbinations excel. In particular,
there are two sets of techniques that are preferable irréiftesituations, namely when few versus
many labels are known initially. We also demonstrate that fielection plays an important role
similar to traditional feature selection.
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networked data
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MACSKASSY AND PROVOST

1. Introduction

Networked datacontain interconnected entities for which inferences ardeet made. For example,
web pages are interconnected by hyperlinks, researchgapzronnected by citations, telephone
accounts are linked by calls, possible terrorists are itk communications. This paper is about
within-network classificationentities for which the class is known are linked to entifswhich
the class must be estimated. For example, telephone asgmaviously determined to be fraudu-
lent may be linked, perhaps indirectly, to those for whictessessment yet has been made.

Such networked data present both complications and opptes for classification and ma-
chine learning. The data are patently not i.i.d., whichadtrces bias to learning and inference
procedures (Jensen and Neville, 2002b). The usual cargpakation of data into training and test
sets is difficult, and more importantly, thinking in termsseparating training and test sets obscures
an important facet of the data: entities with known clasaifans can serve two roles. They act first
as training data and subsequently as background knowladgggdnference. Relatedly, within-
network inference allows models to use specific node idergifo aid inference (see Section 3.4.2).

Network data alloveollective inferencemeaning that various interrelated values can be inferred
simultaneously. For example, inference in Markov randoid$ié@MIRFs) (Dobrushin, 1968; Besag,
1974; Geman and Geman, 1984) uses estimates of a hode'boggglabels to influence the esti-
mation of the node’s labels—and vice versa. Within-netwof&rence complicates such procedures
by pinning certain values, but also offers opportunitieshsas the application of network-flow al-
gorithms to inference (see Section 3.4.1). More genenadtiyvork data allow the use of the features
of a node’s neighbors, although that must be done with caagda greatly increasing estimation
variance and thereby error (Jensen et al., 2004).

To our knowledge there previously has been no large-scadtematic experimental study of
machine learning methods for within-network classificatid serious obstacle to undertaking such
a study is the scarcity of available tools and source codkimgat hard to compare various method-
ologies and algorithms. A systematic study is further hirddoy the fact that many relational learn-
ing algorithms can be separated into various sub-compsniglgally the relative contributions of
the sub-components and alternatives should be assessed.

As a main contribution of this paper, we introduce a netwerting toolkit (NetKit-SRL)
that enables in-depth, component-wise studies of tecksifar statistical relational learning and
classification with networked data. We abstract prior, {gigld methods into a modular framework
on which the toolkit is baset.

NetKit is interesting for several reasons. First, variogstams from prior work can be realized
by choosing particular instantiations for the differentamnents. Besides simply making such
systems available in a common platform, it allows one to camand contrast the different systems
on equal footing. Perhaps more importantly, the modularfityhe toolkit broadens the design space
of possible systems beyond those that have appeared irwmwié&r either by mixing and matching
the components of the prior systems, or by introducing nésvratives for components.

In the second half of the paper, we use NetKit to conduct a sasly of within-network clas-
sification in homogeneous, univariate networks, which amgartant both practically and scientifi-
cally (as we discuss in Section 5). We compare various legrand inference technigues on twelve
benchmark data sets from four domains used in prior macbaraing research. Beyond illustrating

1. NetKit-SRL, or NetKit for short, is written in Java 1.5 aigdavailable as open source from the author’s web-page:
http://www.research.rutgers.edu/"sofmac/NetKit.html
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the value of the toolkit, the case provides systematic emid¢hat with networked data even univari-
ate classification can be remarkably effective. One impbaoas that such methods should be used
as baselines against which to compare more sophisticdembreal learning algorithms (Macskassy
and Provost, 2003). One particular very simple and verycétffe technique highlights the close
correspondence between several types of methods intrddimicdifferent purposes: “node-centric”
methods, which focus on each node individually; methodsdparate on the graph as a whole, e.g.,
computing minimum cuts of different sorts; and classic @mionist methods. The case study also
illustrates a bias/variance trade-off in networked clasation, based on the principle of homophily
(Blau, 1977; McPherson et al., 2001) (cf., assortativitg\ikhan, 2003) and relational autocorrela-
tion (Jensen and Neville, 2002b)) and suggests netwoHdsifieation analogues to feature selection
and active learning.

To further motivate and to put the rest of the paper into odnige start by reviewing some
(published) applications of within-network inference.cten 3 describes the problem of network
learning more formally, introduces the modular framewankgl surveys existing work on network
classification. Section 4 describes NetKit. Then Sectioners the case study, including moti-
vation for studying univariate network inference, the ekpental methodology, data used, toolkit
components used, and the results and analysis.

2. Applications

The earliest work on classification in networked data arnsscientific applications, with the net-
works based on regular grids of physical locations. Ste#isphysics introduced, for example, the
Ising model (Ising, 1925) and the Potts model (Potts, 195#hjch were used to find minimum
energy configurations in physical systems with componetttibiing discrete states, such as mag-
netic moments in ferromagnetic materials. Network-basetrtiques then saw wide application in
image processing (e.g., Besag (1986); Geman and Geman)|1884re the networks were based
on grids of pixels, and also in spatial statistics Besag4).97

More recent work concentrates on networks of arbitrary gy for example, for the classi-
fication of linked documents such as patents (Chakrabadi. £1998), scientific research papers
(e.g., (Taskar et al., 2001; Lu and Getoor, 2003)), and wegepée.g. (Neville et al., 2003; Lu and
Getoor, 2003)). In a recent scientific application, Segalle(2003a,b) apply network classifica-
tion (specifically, relational Markov networks (Taskar et 2002)) to protein interaction and gene
expression data. The protein interactions form a netwogk @hich inferences are drawn about
pathways, i.e., sets of genes that coordinate to achieveiaipar task. In computational linguis-
tics network classification is applied to tasks such as thgesetation and labeling of text (e.g.,
part-of-speech tagging (Lafferty et al., 2001)).

Business problems also have seen the application of netas&d techniques. In fraud detec-
tion entities to be classified as being fraudulent or legiterare intertwined with those for which
classifications are known. Fawcett and Provost (1997) disand experiment with so-called state-
of-the-art fraud detection techniques, including a “diatkgit monitor” that examines indirect (two-
hop) connections to prior fraudulent accounts in the cailvnek. Cortes et al. (2001) explicitly rep-
resent and reason with accounts’ local network neighbattdor identifying telecommunications
fraud. For making product recommendations, Huang et ab4p6@efine a neighborhood of similar
people for collaborative filtering and use graph-based agespassing to draw inferences. Domin-
gos and Richardson (2001) describe how an MRF-based teehimuld be used to estimate the
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best candidates for viral marketing. Hill et al. (2006) shbat statistical, network-based marketing
techniques can perform substantially (several timesgb#tain traditional targeted marketing based
on demographics and prior purchase data.

With the exception of collaborative filtering, these busmapplications share the characteristic
that data are available on actual social networks, definedirbgt communications. Such networks
play an important role in counterterrorism and law enforeetn suspicious people may interact
with known malicious people. Macskassy and Provost (200&3gnt a network classification ap-
proach for suspicion scoring in surveillance networks—-ranking candidates by their estimated
likelihood of being malicious (cf., (Galstyan and CohenQ2)). Neville et al. (2005) identified po-
tential SEC violators from data provided by the National@dd@ation of Securities Dealers (NASD).
Their models performed as well as or better than the harteécraiodels currently in use at NASD.

Some other domains may not quite qualify as applications,abel interesting nevertheless.
The Internet Movie Database contains rich relational and/oked data such as actors, movies,
producers, directors, etc. Jensen and Neville (2002a)igiredhether a movie will make more
than two million dollars in its opening weekend, and otheagehfollowed (Neville et al., 2003;
Macskassy and Provost, 2003, 2004). Bernstein et al. (2808)Macskassy and Provost (2003,
2004) have addressed the problem of categorizing what frnydssctor a given company belongs
to using financial news to link companies based on whethgntleee mentioned in the same news
story.

Finally, network classification approaches have seen eteagplication on a problem that ini-
tially does not present itself asetworkclassification. In the problem setting for “transductive”
inference (Vapnik, 1998a), a set of labeled data is predeoggether with a set of data for which
classifications are made. Since data points can be linkedaimetwork based on any similarity
measure, any classification problem in the transductitengatan be treated as a (within-)network
classification problem. We discuss this further below.

3. Network Classification and Learning

Traditionally, machine learning methods have treatediestas being independent, which makes
it possible to infer class membership on an entity-by-gridsis. With networked data, the class
membership of one entity may have an influence on the classersinp of a related entity. Fur-
thermore, entities not directly linked may be related byihaf links, which suggests that it may
be beneficial to infer the class memberships of all entii@sitaneously. Collective inferencing in
relational data (Taskar et al., 2002; Neville and Jense®4Pthakes simultaneous statistical judg-
ments regarding the values of an attribute or attributesnigltiple entities in a grapliz for which
some attribute values are not known.

3.1 Univariate Collective Inferencing

For the univariate case study presented below, the (siagl#)ute X of vertexw;, representing the
class, can take on some categorical value X'

Given graphG = (V,E, X) where X; is the (single) attribute of vertex; € V,
and given known values of; for some subset of verticéé X, univariate collective
inferencings the process of simultaneously inferring the valueX pfor the remaining
vertices,VU = V-V or a probability distribution over those values.
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As a shorthand, we will use” to denote the set (vector) of class valuesVot, and similarly
for xU. Then,GX = (V,E,x) denotes everything that is known about the graph (we do not
consider the possibility of unknown edges). Edgec E represents the edge between vertices
andv;, andw;; represents the edge weight. For this paper we consider onlyacted edges, if
necessary simply ignoring directionality for a particudgplication.

Rather than estimating the full joint probability distrtmn P(xY|G*), relational learning of-
ten enhances tractability by making a Markov assumption:

P(xi|G) = P(z:i|No), (1)

where); is the set of “neighbors” of vertex; such thatP(z;|\V;) is independent off — \; (i.e.,
P(z;|N;) = P(z;|G)). For this paper, we make the (“first-order”) assumptiort tiacomprises
only the immediate neighbors ef in the graph. As one would expect, and as we will see in
Section 5.3.5, this assumption can be violated to a grealesser degree based on how edges are
defined.

Given\;, arelational model can be used to estimateNote thatVV (= ;N VY)—the set of
neighbors ofy; whose values of attribut& are not known—could be non-empty. Therefore, even
if the Markov assumption holds, a simple application of tekational model may be insufficient.
However, note that the relational model may be used to etitha labels OMU. Further, just as
estimates for the labels (WZ-U influence the estimate far;, z; also influences the estimate of the
labels ofv; € AV. In order to simultaneously estimate these interdependefablesx”, various
collective methods have been introduced, which we discelesb

Many of the algorithms developed for within-network cldissition are heuristic methods with-
out a formal probabilistic semantics (others are heuristithods with a formal probabilistic se-
mantics). Nevertheless, let us suppose that at inferermeeiie are presented with a probability
distribution structured as a graphical model—the netvéohi.general, there are various inference
tasks we might be interested in undertaking (Pearl, 198&) fabus primarily on within-network,
univariate classification: the computation of the margprabability of class membership of a par-
ticular node (i.e., the variable represented by the nodagadn a particular value), conditioned on
knowledge of the class membership of certain other nodd®ing¢twork. We also discuss methods
for the related problem of computing the maximum a postefMAP) joint labeling forV or VU,

For the sort of graphs we expect to encounter in the afordorert applications, such proba-
bilistic inference is quite difficult. As discussed by Waiight and Jordan (2003), the naive method
of marginalizing by summing over all configurations of thenening variables is intractable even
for graphs of modest size; for binary classification withuan@ 400 unknown nodes, the summation
involves more terms than atoms in the visible universe. rérfee via belief propagation (Pearl,
1988) is applicable only as a heuristic approximation, bheealirected versions of many network
classification graphs will contain cycles.

An important alternative to heuristic (“loopy”) belief ggagation is the junction-tree algorithm
(Cowell et al., 1999), which provides exact solutions fdyitary graphs. Unfortunately, the com-
putational complexity of the junction-tree algorithm ipexential in the “treewidth” of the junction
tree formed by the graph (Wainwright and Jordan, 2003). esthe treewidth is one less than the
size of the largest clique, and the junction tree is formedriangulating the original graph, the

2. For this paper, we assume that the structure of the netvemtdting from the chosen links corresponds at least
partially to the structure of the network of probabilistiepgindencies. This of course will be more or less true based
on the choice of links, as we will see in Section 5.3.5.
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complexity is likely to be prohibitive for graphs such as isbometworks, which can have dense
local connectivity and long cycles.
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1. Non-relational (“local”) model. This component consists of a (learned)
model, which uses only local information—namely informatiabout (atf
tributes of) the entities whose target variable is to benestiéd. The local
models can be used to generate priors that comprise thal igiisite for the
relational learning and collective inference componenitkey also can b
used as one source of evidence during collective infereiitese models
typically are produced by traditional machine learning moels.

1

2. Relational model. In contrast to the non-relational component, the rela-
tional model makes use of the relations in the network as agethe values
of attributes of related entities, possibly through longiok of relations. Re
lational models also may use local attributes of the estitie

3. Collective inferencing. The collective inferencing component determipes
how the unknown values are estimated together, possiblyeinfing eac
other, as described above.

-

Table 1: The three main components making up a (node cengtajork learning system.

3.2 A Node-centric Network Learning Framework and Historical Background:
Local, Relational, and Collective Inference

A large set of approaches to the problem of network classific@an be viewed as “node centric,”
in the sense that they focus on a single node at a time. For@ecoeasons, which we elaborate
presently, it is useful to divide such systems into threepaments. One component, tretational
classifier addresses the question: given a node and the node’s neglaal) how should a clas-
sification or a class-probability estimate be produced?ekample, the relational classifier might
combine local features and the labels of neighbors usingve mayes model (Chakrabarti et al.,
1998) or a logistic regression (Lu and Getoor, 2003). A sdammponent addresses the problem
of collective inference: what should we do when a classificatiepends on a neighbor’s classifi-
cation, and vice versa? Finally, most such methods reqguitiali(“prior”) estimates of the values
for P(xY|GX). The priors could be Bayesian subjective priors (Savagg4)1%®r they could be
estimated from data. A common estimation method is to emalopn-relational learner, using
available “local” attributes of; to estimater; (e.g., as done by Besag (1986)). We propose a gen-
eral “node centric” network classification framework catisig of these three main components,
listed in Table 1.

Viewing network classification approaches through thisodgmosition is useful for two main
reasons. First, it provides a way of describing certain eagines that highlights the similarities and
differences among them. Secondly, it expands the smallfsstisting methods to a design space
of methods, since components can be mixed and matched in ag# wn fact, some novel com-
bination may well perform better than those previously ps®a; there has been little systematic
experimentation along these lines. Local and relatioressifiers can be drawn from the vast space
of classifiers introduced over the decades in machine legyisitatistics, pattern recognition, etc.,
and treated in great detail elsewhere. Collective infezdmas received much less attention in all
these fields, and therefore warrants additional introducti
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Collective inference has its roots mainly in pattern rectgm and statistical physics. Markov
random fields have been used extensively for univariatear&telassification for vision and image
restoration. Introductions to MRFs fill textbooks (Winkl&003); for our purposes, it is important
to point out that they are the basis both directly and indiydor many network classification ap-
proaches. MRFs are used to estimate the joint probabilitysett of nodes based on theirimmediate
neighborhoods under the first-order Markov assumptionfat|G /v;) = P(x;|N;), wherez; is
the (estimated) label of vertex, G /v; means all nodes it excepty;, and\; is a neighborhood
function returning the neighbors @f. In a typical image application, nodes in the network are
pixels and the labels are image properties such as whethreldagpart of a vertical or horizontal
border.

Because of the obvious interdependencies among the nodas MRF, computing the joint
probability of assignments of labels to the nodes (“configjons”) requires collective inference.
Gibbs sampling (Geman and Geman, 1984) was developed foptinpose for restoring degraded
images. Geman and Geman enforce that the Gibbs samplesdetth final state by using simu-
lated annealing where the temperature is dropped slowlynotes no longer change state. Gibbs
sampling is discussed in more detail below.

Besag (1986) notes two problems with Gibbs sampling thaharticularly relevant for machine
learning applications of network classification. Firstppito this paper Gibbs sampling typically
was used in vision not to compute the final marginal posterias required by many “scoring”
applications where the goal is to rank individuals, but eatio get final MAP classifications. Sec-
ond, Gibbs sampling can be very time consuming, especiailyafge networks (not to mention
the problems detecting convergence in the first place). Whathterated Conditional Modes (ICM)
algorithm, Besag introduced the notionitarative classificatiorfor scene reconstruction. In brief,
iterative classification repeatedly classifies labelsifoe VU, based on the “current” state of the
graph, until no vertices change their label. ICM is presgaiebeing efficient and particularly well
suited to maximum marginal classification by node (pixed) ppposed to maximum joint classifi-
cation over all the nodes (the scene).

Two other, closely related, collective inference techeigare (loopy) belief propagation (Pearl,
1988) and relaxation labeling (RL) (Rosenfeld et al., 1948mmel and Zucker, 1983). Loopy
belief propagation was introduced above. Relaxation labeariginally was proposed as a class
of parallel iterative numerical procedures that use cdnsdxconstraints to reduce ambiguities in
image analysis; an instance of relaxation labeling is dlesdrin detail below. Both methods use
the estimated class distributions directly, rather thanhtérd labelings used by iterative classifica-
tion. Therefore, one requirement for applying these methisdhat the relational classifier, when
estimatingr;, must be able to use the estimated class distributions efNZ-U .

Graph-cut techniques recently have been used in visioareseas an alternative to using Gibbs
sampling (Boykov et al., 2001). In essence, these are twkeinference procedures, and are the
basis of a collection of modern machine learning technigtigsvever, they do not quite fit in the
node-centric framework, so we treat them separately below.

3.3 Node-centric Network Classification Approaches

The node-centric framework allows us to describe seveial pystems by how they solve the
problems of local classification, relational classificatiand collective inference. The components
of these systems are the basis for composing methods in tNetKi
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Chakrabarti et al. (1998) studied classifying web-pagssth@n the text and (possibly inferred)
class labels of neighboring pages. Their system pairs rigayes local and relational classifiers,
with relaxation labeling for collective inference. In theixperiments, performing network clas-
sification using the web-pages’ link structure substalgtiatproved classification as compared to
using only the local (text) information. Specifically, cadering the text of neighboring pages gen-
erally hurt performance, whereas using only the (inferctas labels improved performance.

The ICM of Besag (1986) is a node-centric approach wheredte bnd relational classifiers
are domain-dependent probabilistic models (based on#brddutes and a MRF), and iterative clas-
sification is used for collective inference. Neville andskm(2000) applied naive Bayes classifiers,
and used a simulated annealing approach in their iterakhssification procedure, where on each
iteration a label for a given node is kept only if the relatibolassifier is confident in label at a
given threshold, otherwise the label is sehtdl . By slowly lowering this threshold, the system
eventually labels all nodes.

Also applying iterative classification for collective imémce, Lu and Getoor (2003) investigated
network classification of linked documents (web pages arighed manuscripts with an accom-
panying citation graph). Similarly to the work of Chakratbat al. (1998), Lu and Getoor (2003)
used the (local) text of the document as well as neighbotdalore specifically, their “link-based”
relational classifier is a logistic regression model agbti® a vector of aggregations of properties
of the sets of neighbor labels linked with different typedimis (in-, out-, co-links). They consider
various aggregates, such as the mode (the value of the nt@stamfcurring neighbor class), a binary
vector with a value of 1 at cellif there was a neighbor whose class label wasnd a count vector
where celli contained the number of neighbors belonging to ciask their experiments, the count
model performed best. They used logistic regression orottad (text) attributes of the instances to
initialize the priors for each vertex in their graph and tlagplied the link-based classifiers as their
relational model.

Macskassy and Provost (2003) investigated a simple uaieatiassifier, the weighted-vote re-
lational neighbor (wvRN). They instantiated node prioma@y by the marginal class frequency
in the training data. wvRN performs relational classifiocatvia a weighted average of the esti-
mated class membership scores (“probabilities”) of theetwodeighbors. Collective inference is
performed via a relaxation labeling method similar to tregdiby Chakrabarti et al. (1998).

Since wvRN performs so well in the case study, it is notewotthpoint out its close rela-
tionship to Hopfield networks (Hopfield, 1982) and Boltzmanachines (Hinton and Sejnowski,
1986). A Hopfield network is a graph of homogeneous nodes addacted edges, where each
node is a binary threshold unit. Hopfield networks were desigio recover previously seen graph
configurations from a partially observed configuration, éyeaatedly estimating the states of nodes
one at a time. The state of a node is determined by whethertotsnaput exceeds its threshold,
where the input is the weighted sum of the states of its imatedieighbors. wvRN differs in that
it retains uncertainty at the nodes rather than assigninf adinary states (also allowing multi-
class networks)Learningin Hopfield networks consists of learning the weights of edged the
thresholds of nodes, given one or more input graphs. Giveartzafly observed graph state and
repeatedly applying, node-by-node, the node-activatipragon will provably converge to a stable
graph state—the low-energy state of the graph. If the parjaut state is “close” to one of the
training states, the Hopfield network will converge to thates.

A Boltzmann machine, like a Hopfield network, is a network pitsi with an “energy” defined
for the network (Hinton and Sejnowski, 1986). Unlike Hogfigletworks, Boltzmann machine
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nodes are stochastic and the machines use simulated amgntafind a stable state. Boltzmann
machines also often have both visible and hidden nodes. iEli@e/nodes’ states can be observed,
whereas the states of the hidden nodes cannot—much likemiddrkov models (HMMs). As with
HMMs, the complete state of a Boltzmann machine often isdausing algorithms like expectation
maximization, where thresholds and weights are computtttimaximization step and the states of
the nodes are determined in the estimation step. One chalfen Boltzmann machines is that they
are expensive computationally and therefore difficult gpassible to apply to large-scale networks.

3.4 Other Methods for Network Classification

Before describing the node-centric network classificatmuikit, for completeness we first will
discuss three other types of methods that are suited tonamitiwork classification. Graph-based
methods have been introduced for semi-supervised leagraimg) could apply as well to within-
network classification. Within-network classification@lsffers the opportunity to take advantage
of node identifiers, discussed in Section 3.4.2. Finalthalgh there are important reasons to study
univariate network classification (see below), recenté/fibld has seen a flurry of development of
multivariate methods applicable to classification in neted data (Section 3.4.3).

3.4.1 RAPH-CUT METHODS AND THE RELATIONSHIP TO TRANSDUCTIVE INFERENCE

As mentioned above, one complication to within-networlssification is that in the same network
the to-be-classified nodes are intermixed with nodes fockithe labels are known. Most prior
work on network learning and classification assumes thatldsses of all the nodes in the network
need to be estimated (perhaps having learned somethingafg@parate, related network). Pinning
the values of certain nodes intuitively should be advardgaggsince it gives to the classification
procedure clear points of reference.

This complication is addressed directly by several linesecént work (by Blum and Chawla
(2001), by Joachims (2003), by Zhu et al. (2003), and by Bluai.€2004)). In this work, the set-
ting is not initially one of network classification. Rath#rese techniques are designed to address
semi-supervised learning in a transductive setting (Mga98b), but their methods may have di-
rect application to certain instances of univariate nekwadassification. Specifically, they consider
data sets where labels are given for a subset of cases, astficktions are desired for a subset of
the rest. They connect the data into a weighted network, Hingdedges (in various ways) based
on similarity between cases.

In the computer vision literature, Greig et al. (1989) pat that finding the minimum energy
configuration of a MRF, the partition of the nodes that maxisiself-consistency under the con-
straint that the configuration be consistent with the knafels, is equivalent to finding a minimum
cut of the graph. Blum and Chawla (2001) follow this idea amblsequent work by Kleinberg and
Tardos (1999) connecting the classification problem to tioblpm of computing minimum cuts.
They investigate how to define weighted edges for a transguckassification problem such that
polynomial-time mincut algorithms give optimal solutiottsobjective functions of interest. For
example, they show elegantly how forms of leave-one-oosssivalidation error (on the predicted
labels) can be minimized for various nearest-neighborrilguos, including a weighted-voting al-
gorithm. This procedure corresponds to optimizing the mbascy of the predictions in particular
ways—as Blum and Chawla put it, optimizing the “happinedsthe classification algorithm. Of
course, optimizing the consistency of the labeling may eatleal, for example in the case of highly
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unbalanced class frequency. Joachims (2003) points outhibaneed to preprocess the graph to
avoid degenerate cuts (e.g, cutting off the one positivenga@) stems from the basic objective: the
minimum of the sum of cut-through edge weights depends tlijrea the sizes of the cut sets. He
proposes to normalize for the cut size, and introduces dignlbased on ratiocut optimization con-
strained by the known labels, following the unconstraineatedure proposed by Dhillon (2001)
for unsupervised learning.

Subsequently, Blum et al. (2004) point out that the min-@ltitton corresponds to the most
probable joint labeling of the graph (taking an MRF perspelt whereas as discussed earlier we
often would like a per-node (marginal) class-probabilisyimation. Unfortunately, in the case we
are considering—when some node labels are known in a gegregih—there is no known algo-
rithm for determining these estimates. They also point euésal other drawbacks, including that
there may be many minimum cuts for a graph (from which mindgbrthms choose rather arbi-
trarily), and that the min-cut approach does not yield a messf confidence on the classifications.
Blum et al. address these drawbacks by repeatedly addiifigiartoise to the edge weights in
the induced graph. They then can compute fractional lalelgedch node corresponding to the
frequency of labeling by the various min-cut instances. Asitioned above, this method (and the
following) was intended to be applied to an induced graphiciwban be designed specifically for
the application. Blum et al. point out that min-cut apprasshre appropriate for graphs that have
at least some small, balanced cuts (whether or not thesespamd to the labeled data), and fur-
thermore their method discards highly unbalanced cutsit &mot clear whether it would apply to
network classification problems such as fraud detectioraimstaction networks.

In the experiments of Blum et al. (2004), their randomized-cut method empirically does
not perform as well as the method introduced by Zhu et al. §20Therefore, we will revisit the
method of Zhu et al. in an experimental comparison belowpfohg the main case study. In
the same transductive setting as Blum et al., Zhu et al. th@ainduced network as a Gaussian
field (a random field with soft node labels) constrained siett the labeled nodes maintain their
values. The value of the energy function is the weightedameiof the function’s values at the
neighboring points. Zhu et al. show that this function is er@nic function and that the solution
over the complete graph can be computed using a few matricatbpes. The result is a classifier
essentially identical to the wvRN classifier discussed alfpaired with relaxation labeling), except
with a principled semantics and exact infereAc&he energy function then can be normalized
based on desired class priors (“class mass normalizati@hi) et al. also discuss various physical
interpretations of this procedure, including random walidgctric networks, and spectral graph
theory, that can be intriguing in the context of particulpplécations. For example, applying the
random walk interpretation to a telecommunications nektwocluding legitimate and fraudulent
accounts, consider starting at an account of interest afidngarandomly through the call graph
based on the link weights; the node score is the probabiidy the walk hits a known fraudulent
account before hitting a known legitimate account.

3.4.2 USING NODE IDENTIFIERS

As mentioned in the introduction, another unique aspectibfimsnetwork classification is thatode
identifiers unigue symbols for individual nodes, can be used in legraird inference. For example,

3. Experiments show these two procedures to yield almoatiici generalization performance, albeit the matrixeuhs
procedure of Zhu et al. is much slower than the iterative wwRN
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for suspicion scoring in social networks, the fact that songemet with a particular individual may
be informative (e.g., having had repeated meetings withcavkrterrorist leader). Very little work
has incorporated identifiers, because of the obvious difficf modeling with very high cardinality
categorical attributes. Fawcett and Provost (1997) ande€at al. (2001) describe the use of
identifiers (telephone numbers) for fraud detection. Tolkmowledge, Perlich and Provost (2006)
provide the only comprehensive treatment of this topic,m@ctevhich could benefit from further
research.

3.4.3 BEYOND UNIVARIATE CLASSIFICATION

Besides the methods already discussed (e.qg., (Besag, l19&6d Getoor, 2003; Chakrabarti et al.,
1998)), several other methods go beyond the homogeneoivariate case on which this paper
focuses. Conditional Random Fields (CRFs) (Lafferty et2001) are random fields where the
probability of a node’s label is conditioned not only on thbeéls of neighbors (as in MRFs), but
also on the entire observed attribute data

Relational Bayesian Networks (RBNs, a.k.a. ProbabilRetational Models) (Koller and Pfef-
fer, 1998; Friedman et al., 1999; Taskar et al., 2001) exBagsian networks (BNs (Pearl, 1988))
by taking advantage of the fact that a variable used in oraritiation of a BN may refer to the exact
same variable in another BN. For example, if the grade ofdestudepends upon his professor, this
professor is the same for all students in the class. Thexgfather than building one BN and using
it in isolation for each entity, RBNs directly link sharedriables, thereby generating one big net-
work of connected entities for which collective inferergicean be performed. For within-network
classification RBNs were applied by Taskar et al. (2001) wouva domains, including a data set
of published manuscripts linked by authors and citationsody belief propagation (Pearl, 1988)
was used to perform the collective inferencing. The studywvad that the PRM performed better
than a non-relational naive Bayes classifier and that usitly &uthor and citation information in
conjunction with the text of the paper worked better thamgiginly author or citation information
in conjunction with the text. We revisit this study below.

Relational Dependency Networks (RDNs) (Neville and Jen2&03, 2004), extend depen-
dency networks (Heckerman et al., 2000) in much the same hatyRBNs extend Bayes Net-
works. (Gibbs sampling was used for collective inferen&milarly, Relational Markov Networks
(RMNSs) (Taskar et al., 2002) extend Markov Networks (PeBE®B8). The clique potential func-
tions are based on functional templates, each of which isaar{ed, class-conditional) probability
function based on a user-specified set of relations. Taskalr €£002) applied RMNs to a set of
web-pages and showed that they performed better than athenatational learners as well as naive
Bayes and logistic regression when used with the sameaetatis the RMN. (Loopy belief prop-
agation was used for collective inference.) Associativakda Networks (AMNSs) (Taskar et al.,
2004) is another extension of the Markov Network, where -@atoelation of labels is explicitly
taken into account. AMNSs extend tigeneralized Potts modéPotts, 1952) to allow different labels
to have different penalties. Exact inferencing in AMNSs isnflollated as a quadratic programming
problem for binary classification and can be relaxed for rolé#tss problems.

Neville and Jensen (2005) proposed using latent group rm¢d€lMs) to specify joint models
of attributes, links, angjroups Shared membership in groups such as communities with ghare
interests is an important reason for similarity among itdanected nodes, such as the ubiquitous
homophily we see in the case study. Inference can be moretieéaf these groups are modeled
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Input: G, VU RCype, LCtype, Cliype

Induce a local classification model, LC, of type {,$, usingG™
Induce a relational classification model, RC, of typeyBC usingGX
Estimater; € V'V using LC.

Apply collective inferencing of type Ghe, using RC as the model.
Output: Final estimates fox; € VU

Table 2: High-level pseudo code for the core routine of theMdek Learning Toolkit.

explicitly, as Neville and Jensen show. LGMs are especabmising for within-network clas-
sification, since the existence of known classes will ftatiti the identification of (hidden) group
membership, which in turn may aid in the estimatiorx6f

These methods for network classification use only a few ohthey relational learning tech-
niques. There are many more, for example from the rich lit@esof inductive logic programming
(ILP) (e.g. (Flach and Lachiche, 1999; De Raedt et al., 2001; DzeroskLanrac, 2001; Kramer
et al., 2001; Richardson and Domingos, 2006)), or based iog uslational database joins to gen-
erate relational features (e.g. (Perlich and Provost, 2BOBescul and Ungar, 2003; Perlich and
Provost, 2006)).

4. Network Learning Toolkit (NetKit-SRL)

NetKit is designed to accommodate the interchange of ned#ic components and the introduc-
tion of new components. As outlined in Section 3.2, the noelgric learning framework comprises
three main components: the relational classifier, the ldealisifier and collective inferencing. Any
local classifier can be paired with any relational classifdrich can then be combined with any
collective inference method. NetKit’s core routine is siengnd is outlined in Table 2.

NetKit consists of these five general modules:

1. Input: This module reads data into a memory-resident g@ph

2. Local classifier inducer (LC): Given as training dati %, this module returns a model that
will estimatex; using only attributes of a nodg € VV. Ideally, LC will estimate a proba-
bility distribution over the possible values foy.

3. Relational classifier inducer (RC): Given G, this module returns a modgH i that will
estimater; usingv; and.A;. Ideally, Mg will estimate a probability distribution over the
possible values fat;.

4. Collective Inferencing (CI): Given a graphG possibly with somer; known, a set of priors
overxV, and a relational modeM r, this module applies collective inferencing to estimate
U
X,
5. Weka Wrapper: This module is a wrapper for WekgWitten and Frank, 2000) and will
convert the graph representationuginto an entity that can either be learned from or be used

4. We use version 3.4.2. Weka is availabld&tip://www.cs.waikato.ac.nz/ ml/weka/
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to estimater;. NetKit can use a Weka classifier both as a local classifieredlsas a relational
classifier (by using various aggregation methods to sunz@dhnie values of attributes iX.;).

The current version of NetKit-SRL, while able to read in metgneous graphs, only supports
classification in graphs consisting of a single type of nddgorithms based on expectation maxi-
mization are possible to implement through the NetKit Cl mdedby having the Cl module repeat-
edly apply RC to learn a new relational model and then ap@ynew relational model o (rather
than repeatedly apply the same learned model at everyiiteyat

The rest of this section describes the particular relatiotessifiers and collective inference
methods implemented in NetKit for the case study. First, @scdbe the four (univariate rela-
tional classifiers (RC components). Then, we describe tleettollective inference (Cl) methods.

4.1 Relational Classifiers (RC)

All four relational classifiers take advantage of the firsleas Markov assumption on the network:
only a node’s local neighborhood is necessary for classifica The univariate case renders this
assumption particularly restrictive: only the class lahaf the local neighbors are necessary. The
local network is defined by the user, analogous to the usefirition of the feature set for proposi-
tional learning. Entities whose class labels are not knoweredher ignored or are assigned a prior
probability, depending upon the choice of local classifier.

4.1.1 WEIGHTED-VOTE RELATIONAL NEIGHBOR CLASSIFIER (WVRN)

Our first and simplest classifier (cf., Macskassy and Pro{@8a3yf) estimates class-membership
probabilities based on one assumption in addition to thekbMaassumption: the entities exhibit
homophily—i.e., linked entities have a propensity to bgltmthe same class (Blau, 1977; McPher-
son et al., 2001). This homophily-based model is motivatedliservations and theories of social
networks (Blau, 1977; McPherson et al., 2001), where honfphubiquitous. Homophily was
one of the first characteristics noted by early social netwesearchers (Almack, 1922; Bott, 1928;
Richardson, 1940; Loomis, 1946; Lazarsfeld and Merton4),98nd holds for a wide variety of
different relationships (McPherson et al., 2001). It seemasonable to conjecture that homophily
may also be present in other sorts of networks, especiatlyarks of artifacts created by people.
(Recentlyassortativity a link-centric notion of homophily, has become the focusnathematical
studies of network structure (Newman, 2003).)

Definition. Givenv; € VU, the weighted-vote relational-neighbor classifier (wvRislimates
P(z;|\V;) as the (weighted) mean of the class-membership probabilii the entities it\;:

1
Plz; = X|Nj) =~ > wiy - Pl = X|NG), )
UjG./\/i

whereZ is the usual normalizer. As this is a recursive definitiom (fodirected graphs,; € N; <
v; € Nj) the classifier uses the “current” estimate foftz; = X |V;), where the current estimate is
defined by the collective inference technique being used.

5. The open-source NetKit release contains multivariatsiors of these classifiers.
6. Previously called the probabilistic Relational Neighblassifier (pRN).
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4.1.2 QASS-DISTRIBUTION RELATIONAL NEIGHBOR CLASSIFIER (CDRN)

Learninga model of the distribution of neighbor class labels may keduoktter discrimination than
simply using the (weighted) mode. Following Perlich andvesl (2003, 2006), and in the spirit
of Rocchio’s method (Rocchio, 1971), we define negs class vectolCV (v;) to be the vector of
summed linkage weights to the various (known) classes, sd &X's reference vectoRV (X) to
be the average of the class vectors for nodes known to besx XlaSpecifically:

CV(v)g = Z Wi 5, 3)

vjEM,xj:Xk

whereCV (v;); represents thé'" position in the class vector andj, is the k*™" class. Based on
these class vectors, the reference vectors can then bedlafinke normalized vector sum:

RV(X):ﬁ > CV(w), 4)
X

UiEV)I((

whereVE = {v;jv; € VE 2, = X}.
During training, neighbors i’V are ignored. For prediction, estimated class membership
probabilities are used for neighborslif’, and equation (3) becomes:

CV(uie = Y wij- Plaj = X)) (5)
WEN}

Definition. Givenv; € VU, the class-distribution relational-neighbor classifier (cdRBs-
timates the probability of class membership(z; = X|N;), by the normalized vector distance
betweeny;’s class vector and class’s reference vector:

Pla; = XIN) = dist (CV(u:), RV(X), (6)

whereZ is the usual normalizer antlst(a, b) is any vector distance functioi.{, Lo, cosine, etc.).
For the results presented below, we use cosine distance.

As with wwRN, Equation 5 is a recursive definition, and therefthe value oP(z; = X |N;)
is approximated by the “current” estimate as given by theced collective inference technique.

4.1.3 NETWORK-ONLY BAYES CLASSIFIER (NBC)

NetKit's network-only Bayes classifier (nBC) is based on difgorithm described by Chakrabarti
et al. (1998). To start, assume there is a single ngde VY. The nBC uses multinomial naive
Bayesian classification based on the classes'®heighbors.

PWNi|X) - P(X)

P(z; = X|N;) = POV 7 @)
where ,
v;EN;
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where Z is a normalizing constant andl ;- is the class observed at nodg As usual, because
P(N;) is the same for all classes, normalization across the casf®vs us to avoid explicitly
computing it.

We call nBC “network-only” to emphasize that in the applicatto the univariate case study
below, we do not use local attributes of a node. As discusbedea Chakrabarti et al. initialize
nodes’ priors based on a naive Bayes model over the localngecutext and add a text-based
term to the node probability formufa.In the univariate setting, local text is not available. We
therefore use the same scheme as for the other RCs: iretiafiknown labels as decided by the
local classifier being used (in our study: either the classrr 'null ’, depending on the CI
component, as described below). If a neighbor’s labedidl’ ’, then it is ignored for classification.
Also, Chakrabarti et al. differentiated between incoming autgoing links, whereas we do not.
Finally, Chakrabarti et al. do not mention how or whetherthecount for possible zeros in the
estimations of the marginal conditional probabilities; apply traditional Laplace smoothing where
m = |X|, the number of classes.

The foregoing assumes all neighbor labels are known. Wheralues of some neighbors are
unknown, but estimations are available, we follow Chakriled al. (1998) and perform Markov
random field estimations (Dobrushin, 1968; Geman and Ged&&84%; Winkler, 2003), based on
how different configurations of neighbors’ classes affetarget entity’s class. Specifically, the
classifier computes a Bayesian combination based on (g@stilneonfiguration priors and the en-
tity's known neighbors. Chakrabarti et al. (1998) desctitie procedure in detail. For our case
study, such an estimation is necessary only when usingatitexiabeling (described below).

4.1.4 NETWORK-ONLY LINK-BASED CLASSIFICATION (NLB)

The final relational classifier used in the case study is aor&kanly derivative of the link-based
classifier (Lu and Getoor, 2003). The network-only Link-Ba<lassifier (nLB) creates a feature
vector for a node by aggregating the labels of neighborirdeapand then uses logistic regression
to build a discriminative model based on these feature vecibhis learned model is then applied
to estimateP(z; = X|N;). As with the nBC, the difference between the “network-origk-based
classifier and Lu and Getoor’s version is that for the unatarcase study we do not consider local
attributes (e.qg., text).

As described above, Lu and Getoor (2003) considered vaaggeegation methods: existence
(binary), the mode, and value counts. The last aggregat&thad, the count model, is equivalent
to the class vectdt'V(v;) defined in Equation 5. This was the best performing metholerstudy
by Lu and Getoor, and is the method on which we base nLB. Thistlogegression classifier used
by nLB is the multiclass implementation from Weka versiofh.3.

We made one minor modification to the original link-basedsifeer. Perlich (2003) argues that
in different situations it may be preferable to use eitheters based on raw counts (as given above)
or vectors based on normalized counts. We did preliminarg using both. The normalized vectors
generally performed better, and so we use them for the cadg. st

7. The original classifier was defined d3(z; = X|N;) = P(N;|X) - P(m:|v;) - P(X), with 7; being the text of the
document-entity represented by verigx
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1. Initializev; € V'V using the local classifier model;,. Specifically, forv; € VU:

(@) c¢; — My (v;), wherec; is a vector of probabilities (probability distribution)
which representd’s estimate ofP(z;|N;).
For the case study, the local classifier model returns thgimedrclass distri
bution estimated fronx €.

(b) Sample a value, fromc;.
(c) Setr; «— zs.

2. Generate a random orderin@, of vertices inV’V.

3. For elements; € O in order:

(@) Apply the relational classifier model; «— Mpg(v;).
(b) Sample a value, fromc;.
(c) Setx; «— zs.
Note that when\ i is applied taz; it uses the “new” labelings from elements
1,...,(i—1), while using the “current” labelings for elemerfis-1),. .., n.

4. Repeat prior step00 times without keeping any statistics. This is known as|the
burnin period.

5. Repeat again f&000 iterations, counting the number of times eaglis assigned a
particular valueX € X'. Normalizing these counts forms the final class probabhility
estimates.

Table 3: Pseudo-code for Gibbs sampling.

4.2 Collective Inference Methods (Cl)

This section describes three collective inferencing (Céthnds implemented in NetKit and used
in the case study. As described above, given (i) a netwotlalizied by the local model, and (ii)
a relational model, a Cl method infers a set of class labelsfo Depending on the application,
the goal ideally would be to infer the class labels with aittiee maximum joint probability or
the maximum marginal probability for each node. Alternalfjy if estimates of entities’ class-
membership probabilities are needed, the ClI method edshé marginal probability distribution
P(z;]G¥, A) for eachr; € xY, whereA stands for the priors returned by the local classifier.

4.2.1 GBBS SAMPLING (GS)

Gibbs sampling (GS) (Geman and Geman, 1984) is commonlyfosedllective inferencing with
relational learning systems. The algorithm is straightnd and is shown in Table®3The use of
200 and2000 for the burnin period and number of iterations are commoskgduvalues. Ideally,

we would iterate until the estimations converge. Althougdré are convergence tests for the Gibbs

8. This instance of Gibbs sampling uses a single randomiagi€ichain”), as this is what we used in the case study.
In the case study, usin) chains (the default in NetKit) had no effect on the final aecigs.

9. As it turns out, in our case study GS invariably reachedeangegly final plateau in fewer thalD00 iterations, and
often in fewer thars00.
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1. Forv; € VY, initialize the prior:cgo) — My (v;). For the case study, the logal
classifier model returns the marginal class distributidimested fromx’<.

2. For elements; € VV:
(a) Estimater; by applying the relational model:
e = Mp(o), (©)
WhereMR(v§t)) denotes using the estimateg) for v; € N, andt is the

iteration count. This has the effect that all predictions done pseudd
simultaneously based on the state of the graph after iberati

3. Repeat fofl iterations, wherd” = 99 for the case studyc(™) will comprise the
final class probability estimations.

Table 4: Pseudo-code for Relaxation Labeling.

sampler, they are neither robust nor well understood (clksGit al. (1995)), so we simply use a
fixed number of iterations.

Notably, because all nodes are assigned a class at evaetyaterwhen GS is used the relational
models will always see a fully labeled/classified neighboidy making prediction straightforward.
For example, nBC does not need its MRF estimation.

4.2.2 RELAXATION LABELING (RL)

The second collective inferencing method implemented @ed in this study is relaxation labeling
(RL), based on the method of Chakrabarti et al. (1998). Radttan treatz as being in a specific
labeling “state” at every point (as Gibbs sampling doedaxaion labeling retains the uncertainty,
keeping track of the current probability estimations £6f. The relational model must be able to
use these estimations. Further, rather than estimatinghode at a time and updating the graph
right away, relaxation labeling “freezes” the currentmstiions so that at stepr 1, all vertices will

be updated based on the estimations from &tdjne algorithm is shown in Table 4.

Preliminary runs showed that RL sometimes does not conyvergeather ends up oscillating
between two or more graph staf@sNetKit performs simulated annealing—on each subsequent
iteration giving more weight to a node’s own current esterad less to the influence of its neigh-
bors.

The new updating step, replacing Equation 9 is:

D = ) L A p(0®) 4 (1- gDy L D), (10)
where
B o=k
BN — g0 .4 (11)

10. Such oscillation has been noted elsewhere for closklietemethods (Murphy et al., 1999).
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1. Forv; € VY, initialize the prior:c; «— M (v;), wherec; is defined as in Table 3
The link-based classification work of Lu and Getoor (20038sus local classifier to
set initial classifications. This will clearly not work in paase (all unknowns would
be classified as the majority class), and we therefore usead ttassifier model
which returnsull  (i.e,, it does not return an estimation.)

2. Generate a random orderir@, of elements i’V
3. For elements; € O:

(@) Apply the relational classifier model; — Mg, using all nonaull labels
(entities which have not yet been classified will be igndrdélall neighbor
entities arenull , then returmull

(b) Classifyv;:
T; = argmax.c;.

4. Repeat fofl" = 1000 iterations, or until no entities receive a new class |I&b€he
estimates from the final iteration will be used as the fina<larobability estimate

1A

a. A post-mortem of the results showed that IC often stoppéklimi0 — 20 iterations when paired
with cdRN, nBC or nLB. For wvRN, it generally ran the fuld00 iterations, although the acc
racy quickly plateaued and wvRN ended up moving within a sraalge of similar accuracies

o
T

Table 5: Pseudo-code for Iterative Classification.

wherek is a constant betweehand 1, which for the case study we set 1), and« is a decay
constant, which we set 99. Preliminary testing showed that final performance is velyust as
long as0.9 < a < 1. Smaller values of can lead to neighbors losing their influence too quickly,
which can hurt performance when only very few labels are kmo# post-mortem of the results
showed that the accuracies often converged within theXfirgerations.

4.2.3 WERATIVE CLASSIFICATION (IC)

The third and final collective inferencing method implensehin NetKit and used in the case study
is the variant of Iterative Classification described in tharkvon link-based classification (Lu and
Getoor, 2003) and shown in Table 5. As with Gibbs sampling, rdlational model never sees
uncertainty in the labels of (neighbor) entities. Either thbel of a neighbor iaull and ignored
(which only happens in the first iteration), or it is assigaedkfinite label.

5. Case Study

The study presented in this section has two goals. Firshatvsases NetKit, demonstrating that
the modular framework indeed facilitates the comparisogystems for learning and inference in
networked data. Second, it examines the simple-but-immpbgpecial case of univariate learning
and inference in homogeneous networks, comparing alteertathniques that have not before been
compared systematically, if at all. The setting for the cstaely is simple: For some entities in the
network, the value af; is known; for others it must be estimated.
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Univariate classification, albeit a simplification for maghymains, is important for several rea-
sons. First, itis a representation that is used in somecgins. Above we mentioned fraud detec-
tion; as a specific example, a telephone account that callsaime numbers as a known fraudulent
account (and hence the accounts are connected throughitit@seediary numbers) is suspicious
(Fawcett and Provost, 1997; Cortes et al., 2001). For phanelf univariate network classification
often provides alarms with reasonable coverage and remigri@v false-positive rates. In fact,
the fraud detection work of Cortes et al. focuses on exabtfyrepresentation (albeit also consid-
ering changes in the network over time). Generally spealdarfgpmogeneous, univariate network
is an inexpensive (in terms of data gathering, processtogage) approximation of many complex
networked data problems. Fraud detection applicationgiogr do have a variety of additional
attributes of importance; nevertheless, univariate sfioptions are very useful and are used in
practice.

The univariate case also is important scientifically. Illases a primary difference between
networked data and non-networked data, facilitating tredyasis and comparison of relevant clas-
sification and learning methods. One thesis of this studias there is considerable information
inherent in the structure of the networked data and thairtfdsmation can be readily taken advan-
tage of, using simple models, to estimate the labels of wvknentities. This thesis is tested by
isolating this characteristic—namely ignoring any awiji attributes and only allowing the use of
known class labels—and empirically evaluating how wellvaniate models perform in this setting
on benchmark data sets.

Considering homogeneous networks plays a similar rolehodlgh the domains we consider
have obvious representations consisting of multiple eityjpes and edges (e.g., people and papers
for node types and same-author-as and cited-by as edgeitypegation-graph domain), a homo-
geneous representation is much simpler. In order to asdesther a more complex representation
is worthwhile, it is necessary to assess standard techaiguéhe simpler representation (as we do
in this case study). Of course, the way a network is “homaggtiimay have a considerable effect
on classification performance. We will revisit this belowSaction 5.3.6.

5.1 Data

The case study reported in this paper makes use of 12 benkldatar sets from four domains that
have been the subject of prior study in machine learning.hfsstudy focuses on networked data,
any singleton (disconnected) entities in the data were vethoTherefore, the statistics we present
may differ from those reported previously.

5.1.1 IMDs

Networked data from the Internet Movie Database (IMBtjave been used to build models pre-
dicting movie success as determined by box-office recejgissen and Neville, 2002a). Following
the work of Neville et al. (2003), we focus on movies releaisetthe United States between 1996
and 2001 with the goal of estimating whether the opening eeelox-office receipts “will” ex-
ceed $2 million (Neville et al., 2003). Obtaining data frame iMDb web-site, we identified169
movies released between 1996 and 2001 that we were ablé&ktodiwith a revenue classification
in the database given to us by the authors of the originaystlite class distribution of the data set
is shown in Table 6.

11. http://www.imdb.com
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Category Size
High-revenue 572
Low-revenue 597
Total 1169
Base accuracy| 51.07%

Table 6: Class distribution for the IMDb data set.

Category Size
Case Based 402
Genetic Algorithms 551
Neural Networks 1064
Probabilistic Methods 529
Reinforcement Learning 335
Rule Learning 230
Theory 472
Total 3583
Base accuracy 29.70%

Table 7: Class distribution for the CoRA data set.

We link movies if they share a production company, based semations from previous wotk
(Macskassy and Provost, 2003). The weight of an edge in thdtieg graph is the number of
production companies two movies have in common. Notablyigwere the temporal aspect of the
movies in this study, simply labeling movies at random far tifaining set. This can lead to a movie
in the test set being released earlier than a movie in theitigaset.

5.1.2 @RA

The CoRA data set (McCallum et al., 2000) comprises comsaience research papers. Itincludes
the full citation graph as well as labels for the topic of epaper (and potentially sub- and sub-sub-
topics)!® Following a prior study (Taskar et al., 2001), we focused apgys within the machine
learning topic with the classification task of predictingegopr’s sub-topic (of which there are seven).
The class distribution of the data set is shown in Table 7.

Papers can be linked in one of two ways: they share a commadiorawr one cites the other.
Following prior work (Lu and Getoor, 2003), we link two papérone cites the other. This number
ordinarily would only be zero or one unless the two paperse&dch other.

5.1.3 WEBKB

The third domain we draw from is based on the WebKB Projeciyén et al., 1998 It consists of
sets of web pages from four computer science departmeritseath page manually labeled into
categories: course, department, faculty, project, saifjent or other. As with other work (Neville
et al., 2003; Lu and Getoor, 2003), we ignore pages in theetdtbategory except as described
below.

12. And on a suggestion from David Jensen.
13. These labels were assigned by a naive Bayes classifi€glMen et al., 2000).
14. We use the WebKB-ILP-98 data.
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Number of web-pages
Class Cornell Texas Washington Wisconsin
student 145 163 151 155
not-student 201 171 283 193
Total 346 334 434 348
Base accuracy| 58.1% 51.2% 60.8% 55.5%

Table 8: Class distribution for the WebKB data set using tyirtéass labels.

Number of web-pages

Category cornell texas washington wisconsin
course 54 51 170 83
department 25 36 20 37
faculty 62 50 44 37
project 54 28 39 25
staff 6 6 10 11
student 145 163 151 155
Total 346 334 434 348
Base accuracy| 41.9% 48.8% 39.2% 44.5%

Table 9: Class distribution for the WebKB data set usingcsiss labels.

From the WebKB data we produce eight networked data setsitbinanetwork classification.
For each of the four universities, we consider two differglassification problems: the six-class
problem, and following a prior study, the binary classifioattask of predicting whether a page
belongs to a student (Neville et al., 2003)The binary task results in an approximately balanced
class distribution.

Following prior work on web-page classification, we link tywages by co-citations (if links
to z andy links to z, thenz andy are co-citingz) (Chakrabarti et al., 1998; Lu and Getoor, 2003).
To weight the link between andy, we sum the number of hyperlinks fromto z and separately
the number fromy to z, and multiply these two quantities. For example, if studehas2 edges
to a group page, and a fellow studenihas3 edges to the same group page, then the weight along
that path between thofestudents would bé. This weight represents the number of possible co-
citation paths between the pages. Co-citation relatiomsat uniquely useful to domains involving
documents; for example, as mentioned above, for phonetfitatection bandits often call the same
numbers as previously identified bandits. We chose colaitsitfor this case study based on the
prior observation that a student is more likely to have a Hindeto her advisor or a group/project
page rather than to one of her peers (Craven et al., 1§98).

To produce the final data sets, we extracted the pages thatdhdeast one incoming and one
outgoing link. We removed pages in the “other” category ftbmclassification task, although they
were used as “background” knowledge—allowihgages to be linked by a path through an “other”

15. It turns out that the relative performance of the methedgsiite different on these two variants.
16. We return to these data in Section 5.3.5, where we showliaodss how using the hyperlinks directly is not sufficient
for any of the univariate methods to do well.
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Number of companies

Sector industry-yh  industry-pr
Basic Materials 104 83
Capital Goods 83 78
Conglomerates 14 13
Consumer Cyclical 99 94
Consumer NonCyclical 60 59
Energy 71 112
Financial 170 268
Healthcare 180 279
Services 444 478
Technology 505 609
Transportation 38 47
Utilities 30 69
Total 1798 2189
Base accuracy 28.1% 27.8%

Table 10: Class distribution for the industry-yh and indysir data sets.

page. For the binary tasks, the remaining pages were caedanto either student or not-student.
The composition of the data sets is shown in Tables 8 and 9.

5.1.4 INDUSTRY CLASSIFICATION

The final domain we draw from involves classifying compatigsndustry sector. Companies are
linked via cooccurrence in text documents. We use two diffedata sets, representing different
sources and distributions of documents and different tiergods (which correspond to different

topic distributions).

INDUSTRY CLASSIFICATION (YH)

As part of a study of activity monitoring, Fawcett and Prayd999) collecte@®2, 170 business
news stories from the web between 4/1/1999 and 8/4/199%wiHal the study by Bernstein et al.
(2003) discussed above, we placed an edge between two cmsjifatney appeared together in a
story. The weight of an edge is the number of such cooccuesefaund in the complete corpus.
The resulting network comprisé§98 companies that cooccurred with at least one other company.
To classify a company, we used Yahod!lindustry sectors. Table 10 shows the details of the class
memberships.

INDUSTRY CLASSIFICATION (PR)

The second Industry Classification data set is based850818 PR Newswire press releases
gathered from April 1, 2003 through September 30, 2003. Awvabthe companies mentioned in
each press release were extracted and an edge was placeghéwe companies if they appeared
together in a press release. The weight of an edge is the mwhbech cooccurrences found in the
complete corpus. The resulting network compri8&89 companies that cooccurred with at least
one other company. To classify a company, we use the sangfidaon scheme from Yahoo! as
before. Table 10 shows the details of the class memberships.
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5.2 Experimental Methodology

NetKit allows for any combination of a local classifier (L&, relational classifier (RC) and a
collective inferencing method (ClI). If we consider an LC-RC configuration to be a complete
network-classification methpave havel2 to compare on each data set. Since, for this paper, the
LC component is directly tied to the Cl component (our LC comgnts determine priors based on
which Cl component is being used), we henceforth consideeamork-classification method to be
an RC-CI configuration.

We first verify that the network structure alone (linkagesspknown class labels) often con-
tains a considerable amount of useful information for graiassification. We vary from0% to
90% the percentage of nodes in the network for which class meshigeis known initially*’ The
study assesses: (1) whether the network structure enatdesate classification; (2) how much
prior information is needed in order to perform well, and\{8)ether there are regular patterns of
improvement across methods as the percentage of initinthwhk labels increases.

Accuracy is averaged ovap runs. Specifically, given a data sét,= (V, E), the subset of
entities with known labeld’ X (the “training” data séf) is created by selecting a class-stratified
random sample of100 x )% of the entities inV/. The test set}/V, is then defined a¥ —V ¥,
We pruneV’V by removing all nodes imero-knowledgeomponents—nodes for which there is no
path to any node iy . We use the samH) training/test partitions for each network-classification
method. Although it would be desirable to keep the test dedjaidt (and therefore independent)
as done in traditional machine learning via methods suchiassevalidation, this is not applicable
for within-network learning. We keep the test node setsdtisjas much as possible between the
different runs. For example, at = 0.90 (90% labeled data), our sets of testing nodes follow
standard 10-fold cross-validation.

5.3 Results
5.3.1 INFORMATION IN THE NETWORK STRUCTURE

Figure 1 shows the accuracies of tienetwork-classification methods across tRBelata sets as the
fraction () of entities for which class memberships are known increésenr = 0.1tor = 0.9.
The purpose of these graphs is not to differentiate the subug to compare the general trends and
the levels of the accuracies to the baseline accuraciebeluartivariate case, if the linkage structure
is nhot known the only non-subjective alternative is to eatenusing the class base rate (prior),
which is shown by the horizontal line in the graphs. As is cfeam Figure 1, all of the data sets
contain considerable information in the class-linkagaditire. The worst relative performance is
on industry-pr, where at the right end of the curves the eatar nonetheless is reduceddiy-40%.
The best performance is on webkb-texas, where the best dethduce the error rate by close to
90%. And in most cases, the better methods reduce the erroryategn50% toward the right end
of the curves.

Machine learning studies on networked data sets seldoma@tpsimple network-classification
methods like these, opting instead for comparing to noatical classification. These results argue
strongly that comparisons also should be made to univamietigork classification, if the purpose

17. We also performed boundary experiments using the wadghtte relational neighbor classifier with relaxatiorelab
ing, where we decreased the number of initially known latelsn t00.1% of the graph. The classification accuracy
generally degrades gracefully to doing no better than nangloessing at this extreme.

18. These data will be used not only for training models, Bd as existing background knowledge during classification
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Figure 1: Overall classification accuracies on the twelve data setsizbhtal lines represent predicting the
most prevalent class. These graphs are shown to displaysteerd not to distinguish the twelve
methods; individual methods will be clarified in subsequdistussion. The horizontal axis plots
the fraction ¢) of a network’s nodes for which the class label is known. loheease, when many
labels are known (right end) there is a set of methods thdbimes well. When few labels are
known (left end) there is much more variation in performari2ata sets are tagged based on the
edge-type used, where ‘prodco’ on the IMDb data is shortgovduction company’, and ‘B’ and
‘M’ in the WebKB data sets represent ‘binary’ and ‘multi-s&respectively.

25



MACSKASSY AND PROVOST

CoRA_cite - wwRN imdb_prodco - wRN wisconsinB_cocite - WRN
1
08 = - v ;
g 06 it I 4
8 04r¢ ’
0.2 IC = | T IC = | [ IC e
0 ‘ ‘  GS o ‘ ‘ _GS e ‘ ‘ _GS e
0 0.2 0.4 0.6 0.8 10 0.2 0.4 0.6 0.8 10 0.2 0.4 0.6 0.8 1
CoRA_cite - cdRN imdb_prodco - cdRN wisconsinB_cocite - cdRN
1
0.8 ¢
>
& 06
5 ¥ =
3 04 ’
< RL —— RL ——
0.2
0 ‘ ‘ ‘ ‘ ‘ ‘ _GS ‘ ‘ ‘ ‘
0 02 04 06 08 10 02 04 06 08 10 02 04 06 08 1
imdb_prodco - nBC wisconsinB_cocite - nBC
1
0.8
>
g 06
5
8 04r¢
<
0.2
O n n n n n n n n n n n n
0 0.2 0.4 0.6 0.8 10 0.2 0.4 0.6 0.8 10 0.2 0.4 0.6 0.8 1
CoRA_cite - nLB imdb_prodco - nLB wisconsinB_cocite - nLB
1
0.8
>
g 06
5
8 04r¢
<
0.2
0

0 02 04 06 08 10 02 04 06 08 10 02 04 06 08 1
Ratio Labeled Ratio Labeled Ratio Labeled

Figure 2: Comparison of collective inference methods onvadata sets, with data set and RC
component listed above each graph. The horizontal lineesgmits predicting the most
prevalent class.
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sample ratio (r)
0.10 0.20 0.30 0.40 0.50 0.60 0.70 0.80 0.90
RLvGS| 0.002 0.001 0.001 0.001 0.002 0.001 0.001 0.010 o0.010
RLvIC | 0.025 0.100 0.100 0.025 0.002 0.002 0.001 0.005 0.002
ICvGS| 0.400 0.450 — 0450 0.400 —  0.250 — 0.400

Table 11: p-values for the Wilcoxon Signed-Rank test, comparing theueaxcies of pairs of Cl
components across all data sets and RC methods. For eadhateltext means that the
first method was better than the second method and italicasrieaas worse. The cells
with '—' means there was no significant difference.

sample ratio (r)
0.10 0.20 0.30 0.40 0.50 0.60 0.70 0.80 0.90 | overall
RL | 0.081 0.184 0.262 0.339 0.409 0.446 0.468 0.491 0.509 | 0.354
IC | 0.000 0.116 0.235 0.314 0.382 0.423 0.452 0.482 0.503 0.323
GS| 0.029 0.126 0.231 0.301 0.385 0.421 0.450 0474 0.502 0.324

Table 12: Relative error reductions (gR;,) for each Cl component across all data sets. The last
column, overall, is the average error reduction for eacthogkaicross all sample ratios.
Bold entries indicate the largest relative error reductareach sample ratio.

sample ratio (r)
0.10 020 0.30 0.40 0.50 0.60 0.70 0.80 0.90 | total
RL 11 11 10 7 4 5 6 4 6 64
GS 1 1 0 1 5 3 4 4 4 23
IC 0 0 2 4 3 4 2 4 2 21

Table 13: Number of times each Cl method was the best acreds thata sets.

is to demonstrate the power of a more sophisticated rekdtiearning method. We return to this
argument in Section 5.3.7.

5.3.2 GOLLECTIVE INFERENCECOMPONENT

Figure 2 shows, for three of the data sets, the comparatikferpeances of the three collective
inference (Cl) components. Each graph is for a particulatiomal classifier. The graphs show that
while the three Cl components often perform similarly, theirformances are clearly separated for
low values ofr.

Table 11 shows the-values for a Wilcoxon Signed-Rank test assessing whdtledirst method
(listed in column 1) is significantly better than the secdBplecifically, for a given data set and label
ratio (), each network-classification experiment consist$fandom train/test splits—the same
for all configurations. For each pair of Cl components, ageig the accuracies of the) splits
across thel RC components gives one average accuracy score for each of ttata sets yielding
12 paired data points for each Cl method. The results showlgléaat RL, across the board,
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outperforms GS gt < 0.01 and that RL is also better than IC across the board. Furtleesgs that
IC and GS are roughly comparable.

The foregoing gives some evidence that relaxation labédirmpnsistently better than iterative
classification and Gibbs sampling when the results are poelgpecially at low values of. Ta-
ble 12 quantifies the differences. In order to be comparatrtesa data sets with different base rates,
the table shows the amount of error reduction over the baseAs a simple example, assume the
base error rate i8.4, method A yields an error rate 6f1, and method B yields an error rate@®®$.
Method A reduces the error 15%. Method B reduces the error 59%.

The relative error reduction of the CI components is defirefibbows:

ERaps(RC,ClL D,r) = (baseerr(D) — err(RC-Cl, D,r)) 12)
ERags(RC,CL D, r
ERreL(RC,CLD,r) = Ea(seerr(D) ) (13)
1
ERREL(RC,CLT) = EZERREL(RC,CLD,T) (14)
DeD
1
ERgeL(Cl,r) = RO > ERgen(RC,CLr) (15)
RCeRC
(16)

where err(RC-CID, r) is the error for the configuration (RC and CI) on dataBewith r% of the
graph being labeled.

Table 12 shows the relative error reductions for each Cl enmapt. RL outperformed IC across
the board, from as low asia3% improvement{ = 0.90) to as high a§9% or better improvement
(» < 0.2) when averaged over all the data sets and RC methods. OR&ratiproved performance
over IC by about 0% as seen in the last column. Notably, RL's advantage over [@dres mono-
tonically as less is known in the network. Similar numberd arsimilar pattern are seen for RL
versus GS. IC and GS are comparable.

For another perspective, Table 13 shows, for each ratio #sawea total across all ratios, the
number of times each CI implementation took part in the pestorming network-classification
combination for each of the twelve data sets. Specificallyebich sampling ratio, each win for an
RC-CI configuration counted as a win for the ClI module of the (e well as a win for the RC
module in the next section). For example, in Figure 2, the dibumn of four graphs shows the
performances of the 12 network-classification combinatmmthe CoRA data; at the left end of the
curves, wRN-RL is the best performing combination. Tal8edds further support to the conclu-
sion that relaxation labeling (RL) was the overall best comgnt, primarily due to its advantage at
low values ofr. We also see again that Gibbs Sampling (GS) and Iteratives@ileation (IC) were
comparable.

5.3.3 RELATIONAL MODEL COMPONENT

Comparing relational models, we would expect to see a ceptiern: if even moderate homophily
is present in the data, we would expect wwRN to perform wél.nbnexistent training variante

should allow it to perform relatively well, even with smalumbers of known labels in the net-
work. The higher-variance nLB may perform relatively pgoslith small numbers of known labels

19. There still will be variance due to the set of known labels
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Figure 3: Comparison of Relational Classifiers on a few dats. 9’ he data set (and link-type) and
the paired collective inference component is listed abaah graph. The horizontal line
represents predicting the most prevalent class.
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sample ratio (r)

0.10 0.20 0.30 0.40 0.50 0.60 0.70 0.80 0.90
WVRN v cdRN | 0.025 0.200 0.050 0.100 0.025 0.025 0.010 0.002 0.001
wvRNvnBC | 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001
WVRN v nLB 0.001 0.001 0.001 0.005 0.400 0.005 0.002 0.001 0.001
cdRNvnBC | 0.050 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001
cdRNv LB 0.010 0.001 0.010 0.200 0.050 0.001 0.001 0.001 0.001

nLB vnBC — 0.200 0.001 0.001 0.001 0.001 0.001 0.001 o0.001

Table 14: p-values for the Wilcoxon Signed-Rank test. We compared teracies between pairs
of RC components across all data sets and IC methods. Forcelichold text means
that the first method was better than the second method dicddébet means it was worse.
The cells with '—' means there was no significant difference.

sample ratio (r)

0.10 020 030 040 0.50 0.60 0.70 0.80 0.90 |overall
cdRN| 0.106 0.273 0.370 0.423 0.474 0.496 0.519 0.533 0.549| 0.416
nLB|—0.049 0.039 0.206 0.354 0.508 0.573 0.587 0.609 0.609| 0.382
WVRN| 0.157 0.299 0.392 0.453 0.494 0.525 0.543 0.563 0.571| 0.444

Table 15: Relative error reductions (RR;) for each RC component across all data sets. Each cell
shows the error reduction of the given method. The last couwerall, is the average
error reduction for the methods across all sample ratiofd Botries indicate the largest
relative error reduction for each sample ratio.

sample ratio (r)
0.10 0.20 0.30 0.40 0.50 0.60 0.70 0.80 0.90 |total
WVRN 7 4 4 6 4 4 2 1 2 34
cdRN 5 8 6 2 1 0 0 1 1| 24
nLB 0 0 2 4 7 8§ 10 10 91 50

Table 16: Number of times each RC implementation was thedmests thed 2 data sets.

(primarily because of the lack of training data). On the othend, wvRN is potentially a very-
high-bias classifier (it does not learn a relational modelllxt The learning-based classifiers may
well perform better with large numbers of known labels ifrthare patterns beyond homophily
to be learned. As a worst case for wwRN, consider a bipartéply between two classes. In a
leave-one-out cross-validation, wwRN would be wrong omgpeediction. The relational learners
should notice the true pattern immediately. More generalhe should expect a pattern of curves
crossing with increasing numbers of known labels, simdde&rning curves crossing (Perlich et al.,
2003): lower variance methods (such as wvRN) should be gatelfiewith fewer known labels; more
flexible learning methods should be preferable with morenkntabels (thus, more training data).

Figure 3 shows for four of the data sets the performancesediiir RC implementations. The
rows of graphs correspond to data sets and the columns tbiribe different collective inference
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methods. The graphs show several things, which will be fatdrinext. As would be expected,

accuracy improves as more of the network is labeled, althongcertain cases classification is
remarkably accurate with very few known labels (e.g., seBRAo One method is substantially
worse than the others. Among the remaining methods, pedocmoften differs greatly with few

known labels, and tends to converge with many known labetseMubtly, as expected there often
is a crossing of curves when about half the nodes are labelgd §éee Washington).

Table 14 shows statistical significance results, compusedescribed in the previous section
(except here varying the RC component). nBC was alwaysfiignily and often substantially
worse than the other three RCs and therefore for clarityiisiehted from the remainder of this
analysis. Although cdRN and wvRN were close, wwRN was gdiydratter than cdRN. Examining
the two RN methods versus nLB we see the same pattern=ai.5, the advantage shifts from the
RN methods to nLB, consistent with our expectations disadisdove.

Table 15 shows the error reductions for each RC comparismmpuated as in the previous
section with the obvious changes between RC and CIl. The satterqs are evident as observed
from Table 14. Further, we see that the differences can pe:lavhen the RN methods are better,
they often are much better. The link-based classifier aladeaconsiderably better than wwRN—
however, we should keep in mind that wwRN does not learn.

Table 16 shows how often each RC method participated in thischenbination, as described in
the previous section. nLB is the overall winner, but we seestime clear pattern that the RN meth-
ods dominate for fewer labels, and nLB dominates for moreltgtwith the advantage changing
hands at = 0.5.

5.3.4 INTERACTION BETWEEN COMPONENTS

Table 17 shows how many times each of the twelve individual®®Configurations was the best,
across the twelve data sets and nine labeling ratios. &glikitwo sets of closely related config-
urations stand out: wwRN-RL and cdRN-RL; and nLB with anyloé ICI methods. The RN-RL
methods dominate for < 0.5; the LB methods dominate far> 0.5. Table 18 and Table 19 com-
pare these five methods analogously to the previous sect{@ssbefore, each cell compriség
data points, each being an average accuracy of one dataesébDaepetitions.) The clear pattern is
in line with that shown in the prior sections, showing thatro$ set of best methods, the RN-based
methods excel for fewer labeled data, and the nLB-basedaudstxcel for more labeled data.

In addition, these results show that the RN-methods cledrbuld be paired with RL. nLB,
on the other hand, does not favor one Cl method over the otl@ne possible explanation for
the superior performance of the RN/RL combinations is tHasiply performs better with fewer
known labels, where propagating uncertainty may be esieaiarthwhile as compared to working
with estimated labelings. However, this does not hold foB nLhis remains to be explained.

Following up on these results 2away ANOVA shows a strong interaction between RC and CI
components for most data sets for small numbers of labelddsy@s would be expected given the
strong performance of the specific pairings wwRN-RL and celN As more nodes are labeled,
the interaction becomes insignificant for almost all data,s&s might be expected given that nLB
dominates but no CI component does. The ANOVA adds weighthéocbnclusion that for very
many known labels, it matters little which Cl method is used.

31



MACSKASSY AND PROVOST

sample ratio (r)
0.10 0.20 0.30 0.40 0.50 0.60 0.70 0.80 0.90 | total
WVRN-IC 0 0 0 0 0 0 0 0 1 1
WVRN-GS 1 1 0 1 3 0 0 0 0 6
WVRN-RL 6 3 4 ) 1 4 2 1 1 27
cdRN-IC| 0 0 0 0 0 0 0 0 0 0
cdRN-GS| 0 0 0 0 0 0 0 0 0 0
cdRN-RL 5 8 6 2 1 0 0 1 1 24
nBC-IC 0 0 0 0 0 0 0 0 0 0
nBC-GS| 0 0 0 0 0 0 0 0 0 0
nBC-RL| 0 0 0 0 0 0 0 0 0 0
nLB-IC 0 0 2 4 3 4 2 4 1 20
nLB-GS 0 0 0 0 2 3 4 4 4 17
nLB-RL 0 0 0 0 2 1 4 2 4 13

Table 17: Number of times each RC-CI configuration was thed@ess thd 2 data sets.

sample ratio (r)

0.10 0.20 0.30 0.40 0.50 0.60 0.70 0.80 0.90
WVRN-RL v cdRN-RY 0.450 0.200 0.250 0.400 — 0.450 0.400 0.200 0.100
WVRN-RL v nLB-GS {0.010 0.010 0.010 0.010 0.300 0.250 0.100 0.025 0.025
WVRN-RL vnLB-IC [0.010 0.010 0.050 0.300 0.300 0.200 0.200 0.050 0.025
WVRN-RL v nLB-RL {0.010 0.010 0.010 0.010 0.250 0.200 0.100 0.025 0.020
cdRN-RL v nLB-GS |0.010 0.010 0.010 0.020 0.400 0.200 0.100 0.050 0.025
cdRN-RL vnLB-IC |{0.050 0.020 0.050 0.300 0.200 0.025 0.050 0.025 0.025
cdRN-RL vnLB-RL |0.010 0.010 0.010 0.025 0.400 0.050 0.100 0.025 0.020
nLB-IC v nLB-GS [0.050 0.010 0.020 0.010 0.400 0.400 0.300 0.300 0.400
nLB-IC vnLB-RL {0.050 0.025 0.020 0.025 0.400 0.400 0.250 0.200 0.100
nLB-RL vnLB-GS |0.450 0.100 — 0.300 0.200 0.400 0.200 0.300 0.100

Table 18: p-values for the Wilcoxon Signed-Rank test. We compared toaracies among the five
best RC-CI configurations across all data sets. For eactboddl text means that the first
method was better than the second method and italic textsrieaas worse. The cells
with '—" means there was no significant difference.

sample ratio (r)

0.10 0.20 0.30 0.40 0.50 0.60 0.70 0.80 0.90 |overall
WVRN-RL| 0.222 0.369 0.444 0.489 0.514 0.537 0.551 0.568 0.573| 0.474
cdRN-RL 0.274 0.430 0.462 0.501 0.519 0.538 0.549 0.556 0.558| 0.488
nLB-RL|—-0.101 —0.024 0.131 0.311 0.499 0.577 0.590 0.611 0.612| 0.356
nLB-IC| 0.054 0.191 0.367 0.468 0.535 0.575 0.587 0.606 0.606| 0.443
nLB-GS—0.100 —0.051 0.121 0.284 0.489 0.567 0.5850.611 0.610| 0.346

Table 19: Relative error reduction (RR;) improvements for thé best RC-CI configurations
across all data sets. Each cell shows the error reductiomeofiven method. The last
column,overall, is the average error reduction for the methods acrossmalbkearatios.
Bold entries indicate the largest relative error reductareach sample ratio.
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5.3.5 THE IMPORTANCE OFEDGE SELECTION

To create homogeneous graphs, we had to select the edges tAsusientioned briefly above, the
type of edge selected can have a substantial impact onfidatisn accuracy. For these data sets,
the worst case (we have found) occurs for WebKB. As describe&ection 5.1.3, for the results
presented so far we have used co-citation links, based anai®ons in prior published work. An
obvious alternative is to use the hyperlinks themselves.

Figures 4 and 5 show the results of using hyperlinks instéamb-aitation links. Using hy-
perlinks, the network-classification methods perform mwolnse than with co-citations. Although
there is some lift at large values of especially for the Washington data, the performance is not
comparable to that with the co-citation formulation. Thengformation from the hyperlink-based
network to the co-citation-based network adds no new in&tion to the graph. However, in the
hyperlink formulation the network classification methodsgot take full advantage of the informa-
tion present—mainly because of the stark violation of th&-foirder Markov assumption made by
the relational classifiers. These results demonstrateaftbathoice of edges can be crucial for good
performance.

5.3.6 AUTOMATIC EDGE SELECTION

Creating a graph with a single type of edge from a problem warious possible links exist is
a representation engineering problem reminiscent of theecigen of a small set of useful features
for traditional classificatio”® For feature selection, practitioners use a combinationanfi@n
knowledge and trial and error to select a good representafio create the networked data for our
study, we chose edges based on suggestions from prior wohkehwndirectly combines domain
knowledge and prior trial and error, although we explicdlyoided choosing the representations
based on their performance using NetKit.

Pursuing the analogy with choosing features, it may be ptest select edges automatically. It
is beyond the scope of this paper to address the general émgamportant) problem of edge selec-
tion; however, the excellence (on these data sets) andisityf wvRN suggests straightforward
techniques.

If we consider the data sets used in the study, all but thestnglglassification data sets have
more than one type of edge:

1. cora: We linked entities through citationsife). Alternatively, we could have linked by the
sharing of an authom{ithor), or by either relationship (combined as a single geneniq)li

2. imdb: There are many types of ways to connect two movies, but wasfbere on four that
were suggested to us by David Jensantor, director, producerand production company
(prodcg. Again, we could use any or all of them (we do not considepafisible combina-
tions here).

3. WebKB: Based on prior work, we chose co-citatiot®¢ite) for the case study and later
showed that the original hyperlinkky{pe were a poor choice.

20. We required a single edge type for our homogeneous aadg dtis reasonable to conjecture that even if heteroge-
neous links are allowed, a small set of good links would béepable. For example, a link-based classifier produces
a feature-vector representation with multiple positioeslmk type.
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Figure 4: Comparative performances on WebKB multi-clagsblems using co-citation links or
direct hyperlinks as edges. We show here the average penfimenof thel2 network
learners.
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Figure 5: Comparative performances on WebKiBary-class problems using co-citation links or
direct hyperlinks as edges. We show here the average penfmenof thel2 network
learners.
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mean meah Assortativity ERREL ERREL

base num edge node(edge) (node)loo (wvRN)|wvRN at
Data set size acc| edges weight degree Ag An| 7=0.90|r=0.90
COlaite 3583 0.297(22516 2.061 6.284| 0.737 0.642 0.5373 0.805
coray 4025 0.315|71824 2.418 17.844| 0.656 0.656 0.6122 0.767
COluthor 3604 0.317|56268 2.262 15.613| 0.623 0.558 0.4662 0.711
imdbyrodceo 1169 0.511|40634 1.077 34.760| 0.501 0.392 0.3711 0.647
imdBproducers 1195 0.520(13148 1.598 11.003| 0.283 0.389 0.3618 0.547
imdb,; 1377 0.564]92248 1.307 66.992| 0.279 0.308 0.3415 0.531
imdbyirectors 554 0.549| 826 1.031 1.491| 0.503 0.210 0.0369 0.498
imdb,ctors 1285 0.541|48354 1.135 37.630| 0.131 0.174 0.1372 0.246
cornellB,; 349 0.585(27539 3.000 78.908| 0.325 0.399 0.5655 0.629
cornellB.qcite 346 0.581|26832 2.974 77.549| 0.360 0.394 0.5345 0.618
cornellByyper 349 0.585| 1393 2.349 3.991|-0.169 —0.068 —-0.1621| -0.114
cornellM,y 349 0.415|27539 3.000 78.908| 0.219 0.286 0.3209 0.382
cornellMqqcige 346 0.419|26832 2.974 77.549| 0.227 0.273 0.2481 0.366
cornellMyyper 349 0.415| 1393 2.349 3.991| 0.054 0.102 —0.2883| —0.212
texasBocite 334 0.512|32988 2.961 98.766| 0.577 0.617 0.7166 0.819
texasBy 338 0.51833364 2.995 98.710| 0.523 0.585 0.6939 0.768
texasByper 285 0.547| 1001 2.605 3.512|—0.179 —0.114 —0.1368| —0.232
texasMocite 334 0.488|32988 2.961 98.766| 0.461 0.477 0.3737 0.475
texasMy 338 0.482|33364 2.995 98.710| 0.420 0.458 0.3874 0.466
texasMyyper 285 0.453| 1001 2.605 3.512(—0.033 —0.044| —0.6583| —0.490
washingtonBy 434 0.652|31253 3.800 72.012| 0.388 0.455 0.4225 0.530
washingtonBscite | 434 0.652(30462 3.773 70.189| 0.375 0.446 0.3940 0.477
washingtonBy e, | 433 0.651| 1941 2.374 4.483|—-0.095 0.076| —0.1126] —0.069
washingtonMocite | 434 0.392(30462 3.773 70.189| 0.301  0.359 0.3481 0.503
washingtonMy 434 0.392|31253 3.800 72.012| 0.331 0.377 0.4023 0.453
washingtonMyper | 433 0.390| 1941 2.374 4.483| 0.084 0.233 —0.0167 0.004
wisconsinBy; 352 0.560|33587 3.543 95.418| 0.524 0.587 0.7219 0.855
wisconsinBo.ite 348 0.555|33250 3.499 95.546| 0.673 0.585 0.7168 0.788
wisconsinByy per 297 0.616| 1152 2.500 3.879|—0.147 —0.103 —-0.2123] -0.331
wisconsinMcite | 348 0.445(33250 3.499 95.546| 0.577 0.489 0.4286 0.544
wisconsinM,, 352 0.440|33587 3.543 95.418| 0.416 0.474 0.4518 0.503
wisconsinM,yper 297 0.384| 1152 2.500 3.879| 0.160 0.021 —0.4729| —0.275
# mistakes | | | 5 2] 4]

Table 20: Graph metrics for networks formed by various egges. Each data set grouping is
sorted on ERgL. Ap, Ay, ERggr and ERygy, values were all averaged over the
data splits used throughout the case study. The leaveain@en) measure used only
GX to calculate th& Ry, value.
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Kohavi and John (1997) differentiate between wrapper agpres and filter approaches to fea-
ture selection, and this notion extends directly to edgect®in. For any network classification
method we can take a wrapper approach, computing the emoctien overGX using cross-
validation. wvRN is an attractive candidate for such an apph, because itis very fast and requires
no training; we can use a simple leave-one-out (loo) estimat

The homophily-based wvRN also lends itself to a filter apphpaelecting the edge type simply
by measuring the homophily i&. Heckathorn and Jeffi (2003) define a homophily index, but it
computes homophily for a specific group, or class, rathear éhgeneral value across all classes. The
assortativity coefficienfNewman, 2003) is based on the correlation between theeddissked by
edges in a graph. Specifically, it is based on the graph’stassity matrix—a CxC matrix, where
celle;; represents the fraction of (all) edges that link nodes afszlato nodes of class;, such that
>_i; €ij = 1. The assortativity coefficienti g, is calculated as follows:

a; = Z eij (17)
J
bj = Z eij (18)
D€ D G b
Ap = = S oh (19)

However, A measures homophily across edges, while wvRN is based ongtilp@cross
nodes. Itis possible to create (sometimes weird) graphshigh A  but for which wvRN performs
poorly, and vice versa. However, we can modify, to be anode-based assortativigoefficient,
An, by defininge;;, a node-based cell-value in the assortativity matrix asvi:

N 1
eij = ERV(XZ)J, (20)
where RX;); is the j't element in RVX;) as defined in Equation 4, and is a normalizing
constant such that adl; sum tol.

To assess their value for edge selection for wwRN, we comingectual error reduction for
each different edge type (and all edges) for the benchmagks#ds, and compare with the edge
selected by each of these three methods (e, Ax). In Table 20 the first six columns show the
data set, the number of nodes, the base accuracy, the nuinédges, the average edge weight,
and the average node degree. The next columns shewnd Ay. The following column shows
the estimatetERREL based on the leave-one-out estimation, and the last colhowssthe ER g,
values on the test set. Each data set group is sorted by theEperformance on its various
edge types, so the top row is the “best” edge selection. Nmateas the edge types differ, we get
different connectivities and different coverages, andckeatifferent the values are not completely
comparable.

The results show that the links used in our study generaflylted in the highest node-based
assortativity’! In 8 out of 10 cases, Ay chose the best edge. In the two cases where this was
not the case, the differences in g}, were small. Neither the leave-one-out (loo) method nor
Ap performed as well, but they nevertheless yield networks bithvwvRN performs relatively

21. We had picked the edge types for the study before penfigrhis analysis. However, common sense and domain
knowledge would lead one to conclude that the edge types aetinghe case study would have high assortativity.
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well. Notice that for IMDDb, althoughlirector has the highesti g, it also has very low coverage
(only 554 nodes were connected), and with such a slight differencesoréativity between that
andprodco there should be no question which should be used for claatific A and the leave-
one-out estimates are much more volatile thanas the amount of labeled data decreases, because
typically there are many more edges than nodes. If we betf@ateassortativity is relatively stable
across the network, it may be beneficial to usewhen little is known. However, for our data sets,
Apn performs just as well ad  even when- = 0.1.

In summary, these results show that the differences in thdtseeby domain, and even within
domains, depend on the level of homophily. This is almostolagical for wwRN. We also com-
puted many other graph statistics besides the homophilgunea (e.g., average degree, number of
connected clusters, graph diameter, shortest paths,retng of which were as strongly correlated
with performance.

5.3.7 NETWORK-ONLY CLASSIFICATION AS A BASELINE FOR RELATIONAL LEARNING
STUDIES

The foregoing results support the claim that network-oldgsification should be used as a baseline
against which more sophisticated network-classificati@thods should be compared. Therefore,
for example, when evaluating a system for the classificatfoimterconnected web pages, their
connectivity alone should be considered in addition tortkesit alone. This of course is sound
scientific methodology, requiring one to look for simplepknations for a phenomenon once a
complex explanation has been found. When considering astagatied relational learning method
on networked data, using the network alone is one sort afesi ablation study (Langley, 2000).
Our point here is that the absolute classification perfocadrased only on the network of class
labels is remarkable in several of the cases examined abovexample, who would have thought
that on the University of Texas student/not-student diasdion task, accuracy could be increased
from 62.9% to 91.2% using just the network structure—witHearning?

Nevertheless, it is enlightening to compare the these simmthods to alternatives. In this
section we provide several such comparisons. We compaexttonly methods and to a relational
learning technique that uses both local and relationarmédion, and we see that one might be led
to be overly optimistic by comparing solely to local-onlysetines. We also compare to a graph-
based method that does not fall into the “node-centric” faork. Finally, we replicate a prior,
published study, showing that conclusions would have chdiifga network-only baseline had been
used.

In real networks, the amount of local information and itevahce to the classification task vary
widely. In certain social network classification applicas, for example in support of counterterror-
ism, no information at all may be available about certainvinidials other than their connections to
others (Tumulty, 2006). In applications such as fraud ditedn telecommunications little reliable
information may be available for potential fraudsters,dreythe calls they make (or as discussed
above, local information may be ignored for many individulécause network-only classification
works so well). On the other hand, the text of certain web pagatains a bonanza of information
relevant for classifying the topic of the web page.

For determining how much better can be done by using botle#tt@nd the interconnectivity in-
formation, even for existing techniques and benchmarksktt a definitive answer would involve a
comparison of a large number of alternative relationalig®y systems on equal experimental foot-
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sample ratio (r)
0.10 0.20 0.30 040 0.50 0.60 0.70 0.80 0.90

WVRN-RL v NB-local |0.200 — 0.100 0.025 0.025 0.025 0.025 0.025 0.025
WVRN-RL v NetKit-CDI|0.400 0.100 0.050 0.025 0.025 0.025 0.025 0.025 0.050
NetKit-CDI v NB-local [0.400 0.400 — 0.450 0.450 0.250 0.400 0.200 0.200

Table 21: p-values for the Wilcoxon Signed-Rank test comparing thégperances of wRN+RL,
the method of Chakrabarti et al. (NetKit-CDI), and a localyonaive Bayes classifier.
For each cell, bold text means that the first method was kietierthe second method and
italics means it was worse. The cell with '—' means there wasignificant difference.

ing. Such a comparison is beyond the scope of this paper;rtkrmwledge, no such comparison
has yet been attempted, but one would be facilitated by foptatsuch as NetKit. To demonstrate,
we compare to a reimplementation in NetKit of the highly digpproach by Chakrabarti et al.
(21998), which we will call NetKit-CDI.

Thus, for those of our data sets that contained local infionawe compared the accuracies
using only the local information with the accuracies usintyaéhe network as well as both relational
and local informatiorf? It must be noted that even within these data sets, there aresrthat
have no local information, just as there are nodes with nmeoiivity information?® We compare
classification accuracies only for those nodes that have logial information and connectivity
information. Specifically, the local information is textadawe use naive Bayesian classification
(which performed better than Rocchio’s algorithm in pretiary studies).

Figure 6 shows the accuracies on three of the ten data setshd¥ethese three to highlight the
variance in relative performances, making it clear thatheginetwork-only nor local-only should
be the sole baseline of choice. We performed the same ®aliahalyses of these results as we
did in the main study. Table 21 shows thevalues of the Wilcoxon Signed-Rank test across the
ten data sets. The table shows that no method is significhattgr than any other at= 0.1, but
the network-only is significantly better than both the fgllational classifier and the local-only for
r > 0.3 (p < 0.100) andr > 0.4 (p < 0.025 except against NetKit-CDI at = 0.9). We also
found that the fully relational classifier was generallytbethan the local-only method at> 0.4,
although not significantly so in this comparisghMost importantly, there are clear cases where
using local-only methods as the sole baseline would leastédyoptimistic conclusions about the
value of the full-blown relational learning technique.

This has an interesting implication: for classificationgmges, as more labels are available in
these networks, the network structure carries more infobomahan what can be gotten from the
local text, at least as measured using naive Bayes. It isrii@pbto reiterate that for different
applications, the amount of local information and its ralese to the classification task can differ
greatly, so these results are suggestive at best. Furtheyraggregate classification accuracies tell

22. We have no local information on the IMDb data or the indugh data.

23. The industry-pr and WebKB data sets only have local médion for roughly half the instances.

24. The multi-data-set comparison has only 10 data pointhéocomputation of statistical significance. The graphke al
show standard-deviation error bars based on the 10 runadbrraethod, which suggest data-set specific conclusions
of superiority. For example, in CoRA there is a clear ranlofithe three methods.
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Figure 6: Comparisons of wwRN+RL, a reimplementation of thethod of Chakrabarti et al.
(NetKit-CDI), and a local-only naive Bayes classifier (N&{al)).

only part of the story. Different subpopulations may be narkess amenable to local- or network-
only classification (cf. fraud detection (Fawcett and Pehyh997)).

Since there is a close relationship between wvRN and thetgbased” methods that use only
labels (as discussed in Section 3.4.1), a question thawfslfrom wvRN's excellent performance
is whether such a graph-based method might provide an evin baseline than wwRN+RL. Blum
et al. (2004) found that their randomized min-cut method ieaglly did not perform as well as
the method introduced by Zhu et al. (2003), so we compare #tbad of Zhu et al. to wwRN+RL
on all the data from the case study. Their performances a®ynidentical. This should come as
no surprise as the two methods are nearly identical. Whictnaaethen should one use? By our
experiments, the method of Zhu et al. gives slightly betteras for ranking entities by likelihood
of class membership. Therefore, when their class mass fiaatian technique was employed to
match the class posteriors to the class priors, Zhu's megfeo@rally improved more than when
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Figure 7: Comparison of wwRN to RBN (PRM) (Taskar et al., 200The graph shows wvRN
using both citation and author links as in the original stutlye “pruned” results follow
the methodology of the case study in this paper by removingkeowledge components
and singletons from the test set.

using class mass normalization with wwvRN, making Zhu’s radthtatistically significantly better
than wvRN at0.3 < r < 0.8. However, one important reason to favor wwRN over Zhu e$ al.’
method is that the latter does not scale well: it requiresriing an NxXN matrix and then doing
a matrix multiplication, an Q{?) operation. wvRN is linear in the number of edges—worst case
O(N?), although most networks we have looked at have a small geetlagree per node. For
example, whereas for a modest-sized network (e.g., CORAQNE) on a state-of-the-art compute
server, WvRN finishes in just a few seconds, the method of Zhal.etakes about 20 minutes.
While this may not be a considerable burden for modest-giz¢a, some social network data sets
are significantly larger (e.g., consider the millions of paagecords mined by the phone company
for fraud detection, or by the NSA for counterterrorism (Twty, 2006).) On a state-of-the-art
machine, wwvRN can generate predictions on graphs congisfia million nodes and millions of
edges in minutes, whereas Zhu’s method would not be traxtabl

Yet another way to support the claim that network-only dfacsgion should be considered
as a baseline is to a find published study for which using nétwaly classification would have
changed the resulting conclusions. Consider CoRA. In a ptigly, Taskar et al. (2001) show that a
relational Bayesian network (RBN), there called a Prolistitil Relational Model (PRM), was able
to achieve a higher accuracy than a non-relational naivesiag classifier for = {0.1,...,0.6}.
However, as we saw above, wvRN performed quite well on thia dat. Figure 7 compares the
accuracies of the RBN (transcribed from the graphs in thepapth wvRN. Note that in the prior
work, they used fewer values ofand only had cross-validation runs. Other than that, our setup is
identical to the original study. Also note that to make adimmparison, we here use both author
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Figure 8: Comparison of wwRN (no pruning, see Figure 7) to RBRM) (Taskar et al., 2001) and
the use of identifier attributes via ACORA (Perlich and Psiy@006).

edges and citation edges as was done in the original stusdpfessed to only citation edges in our
main study). We see clearly that wRN was able to perform araigy?® This demonstrates that
CoRA is not a good data set to showcase the advantages of RBN$sification. Had a method
such as wvRN been readily available as a baseline, then fTasska would most likely have used a
more appropriate data set.

5.4 Limitations

We would like to characterize how much classification apitibmes from the structure of the net-
work alone. We have examined a limited notion: these methidsssume that “the power of the
network” can be reduced to “the power of the neighborhood/stered by collective inference,
rather than using relational models that look deeper.

Furthermore, we only considered links and class labels. M/@ak consider other aspects of
the network structure, such as identifying the individuadles (as discussed in Section 3.4.2). For
example, Figure 8 shows the accuracies we can get using tldRAGystem (Perlich and Provost,
2006). To produce these results, ACORA also uses only tlveonkt however, it also uses identifier
attributes (Perlich and Provost, 2006). To our knowledgeexisting system combines all these
types of information inherent to the network: local atttds node identifiers, collective inferences.

In the homogeneous, univariate case study we have ignoret aidhe complexity of real net-
worked data, such as heterogeneous edges, heterogeneimss dioected edges, and attributes of

25. The “pruned” results show the accuracy after elimirgatie zero-knowledge components, for which wvRN can only
predict the most prevalent class. Recall that zero-knoydembmponents (as defined on page 24) are nodes for which
there is no path to any node 1A% .
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nodes and edges. Each of these introduces complicationspgadtunities for modeling. There
are no comprehensive, empirical machine learning stutiegsconsider these dimensions system-
atically. For example, when using attributes of nodes, havehms gained by using them in the
relational classifier, as opposed to using them simply tialide priors? (For example, Chakrabarti
et al. (1998) found that using the text of hyperlinked docoteeeduced performance.) Similarly,
how much value is added by considering multiple edge typpbagtky?

An important limitation of this work, with respect to its esfance to practical problems, is
that we choose training data randomly to be labeled. It ®yikhat the data for which labels are
available are interdependent. For example, all the menfbmrsone terrorist cell may be known
and none from another. If other attributes are availableenumiformly, then studies such as this
may artificially favor network-only methods over attribtiiased methods.

5.5 Conclusions and Future Work

We introduced a modular toolkit, NetKit-SRL, for classifica in networked data. The importance
of NetKit is three-fold: (1) it generalizes several exigtimethods for classification in networked
data, thereby making comparison to existing methods ples$) it enables the creation and use of
many new algorithms by its modularity and extensibility&8) it enables the analysis/comparison
of individual components and configurations.

We used NetKit to perform a case study of within-networkyariate classification for homo-
geneous networked data. The case study makes severabatiotis. It provides demonstrative
support for points 2 and 3 above. Five network classifiersdstdearly above the rest, and three of
them were novel combinations of components. Certain dblienference and relational classifica-
tion components stand out with consistently better peréomre: for collective inference, relaxation
labeling was best; for relational classification, the lbksed classifier clearly was preferable when
many labels were known. The lower-variance methods (wvRiNaRN) dominated when fewer
labels were known. In combination, two pairs of RC-CI conalbions stand out strikingly: nLB
with any of the collective inference methods dominates whany labels are known; the relational
neighbor methods with relaxation labeling (wwRN-RL and BARL) dominate when fewer labels
are known. Of particular interest given this latter resulg also show the close correspondence
of several simple, network classification methods: the rmatgric wwRN-RL, the whole-graph
Gaussian-field method of Zhu et al. (2003), and classic attiorést techniques such as Hopfield
networks (Hopfield, 1982).

More generally, the results showcase two different modesithiin-network classification that
call for different types of methods: when many labels aredkmeersus when few labels are known.
These modes correspond to different application scenailibe former may correspond (for ex-
ample) to networks that evolve over time with new nodes magdiassification before their labels
become known naturally, as would be the case for predictingierbox-office receipts. Examples
of the little-known scenario can be found in counter-tesmorand law enforcement, where analysts
form complex interaction networks containing a few, knovadlguys. The little-known scenario
has an economic component, similar to active learning: i beworthwhile to incur costs to la-
bel additional nodes in the network, because this will leachtich improved classification. This
suggests another direction for future work—identifying thost beneficial nodes for labeling (cf.,
Domingos and Richardson (2001)).
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The case study also showcases a problem of representatiostieork classification: the selec-
tion of which edges to use. It is straightforward to extendkit&s relational classification methods
to handle heterogeneous links. However, that would notestile fundamental problem that edge
selection, like feature selection for traditional leaimay improve generalization performance
(as well as provide simpler models).

Finally, the case study demonstrates the power of simplanktclassification models. On
the benchmark data sets, error rates were reduced markgtdking into account only the class-
linkage structure of the network. Although learning helpedhany cases, the no-learning wwRN
was a very strong competitor—performing very well espégiahen few labels were known. This
argues strongly for using simple, network-only models aselaes in studies of classification in
networked data. This result was supported further by fallewanalyses showing cases where one
would draw overly optimistic conclusions about the valuer@ire-sophisticated methods if these
network-only techniques were not used as baselines. Iraises the question of whether we need
“better” benchmark data sets—to showcase the value of ponerful techniques.

Classification in networked data is important for real-waalpplications, and presents many
opportunities for machine-learning research. The fieldeigitming to amass benchmark domains
containing networked data. We hope that NetKit can fatdigystematic study.
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