
Enhanced hypertext categorization using hyperlinksSoumen Chakrabartisoumen@almaden.ibm.comIBM Almaden Byron Domdom@almaden.ibm.comIBM Almaden Piotr Indyk�indyk@cs.stanford.eduStanford UniversityAbstractA major challenge in indexing unstructured hypertext data-bases is to automatically extract meta-data that enablesstructured search using topic taxonomies, circumvents key-word ambiguity, and improves the quality of search andpro�le-based routing and �ltering. Therefore, an accurateclassi�er is an essential component of a hypertext database.Hyperlinks pose new problems not addressed in the exten-sive text classi�cation literature. Links clearly contain high-quality semantic clues that are lost upon a purely term-based classi�er, but exploiting link information is non-trivialbecause it is noisy. Naive use of terms in the link neigh-borhood of a document can even degrade accuracy. Ourcontribution is to propose robust statistical models and arelaxation labeling technique for better classi�cation by ex-ploiting link information in a small neighborhood arounddocuments. Our technique also adapts gracefully to thefraction of neighboring documents having known topics. Weexperimented with pre-classi�ed samples from Yahoo!1 andthe US Patent Database2. In previous work, we developed atext classi�er that misclassi�ed only 13% of the documentsin the well-known Reuters benchmark; this was comparableto the best results ever obtained. This classi�er misclassi�ed36% of the patents, indicating that classifying hypertext canbe more di�cult than classifying text. Naively using termsin neighboring documents increased error to 38%; our hy-pertext classi�er reduced it to 21%. Results with the Yahoo!sample were more dramatic: the text classi�er showed 68%error, whereas our hypertext classi�er reduced this to only21%.1 IntroductionAutomatic identi�cation of topics for unstructured docu-ments, also called supervised classi�cation or supervised cat-egorization, is an important operation for text databases.Topic identi�ers constitute structured meta-data that canbe used to index a text database. Such structuring helpscircumvent keyword ambiguity and improves the quality ofad-hoc searching and browsing [4, 5, 12, 16] as well as pro�le-based routing of documents as in the so-called \push" or�ltering services.Topic identi�cation is one example of extracting struc-tured information from a semi-structured or unstructuredsource. This is becoming increasingly important as the webis expanding, search engines are proliferating, and text andhypertext are becoming standard data types supported by�The work was performed at IBM Almaden.1http://www.yahoo.com2http://www.ibm.com/patentsAppears in ACM SIGMOD 1998, Seattle, Washington.

most modern databases and extenders. Apart from answer-ing speci�c queries, which we call the retrieval problem,many text databases provide support for unsupervised andsupervised categorization. The former we call clustering; thelatter we call classi�cation. In this paper we deal exclusivelywith the classi�cation problem. A classi�er is �rst provideda topic set (which may be 
at or hierarchical) with sampletraining documents for each topic. Using these, the classi�erlearns the topics. Later, presented with new documents, it�nds the best matching topics.Text classi�cation has been extensively researched in IR,but large-scale experiments have been largely restricted tohomogeneous corpora, e.g., a set of �nancial articles fromnewspapers and magazines (e.g., TREC3 and Reuters4), med-ical documents (MEDLINE5), etc. The vocabulary is coher-ent and the quality of authorship is high. For the Reutersdataset, classi�ers based on rule induction or feature selec-tion classify 80% to 87% of the documents correctly [2, 4, 38].The problem: Hypertext in general and the Web in partic-ular encourage diverse authorship, navigational and citationlinks, and short, fragmented documents whose topics can bedetermined only in the broader context of the local regionof the link graph. Similar comments are valid for email andnewsgroup articles, since references to earlier emails or post-ings can be considered as citations. The issue of classi�ca-tion based on non-local features (i.e. attributes not directlyincluded in the document being classi�ed) also looms largein other hyperlinked corpora, such as patents and academicpublications and their citation graphs.Hypertext poses new challenges to automatic classi�ers.This was evident from our early experiments (described laterin detail). The same classi�er that was 87% accurate forReuters, tested on a sample of patents, correctly classi�edonly 64% [4]. On a sample from Yahoo! the performancewas even poorer: only 32% of the documents were classi�edcorrectly. This is comparable to a recent study by Sahami ona similar sample from Yahoo using a more detailed learningprogram that used Bayesian nets [18, 30].The text classi�er performed poorly because web docu-ments are extremely diverse, featuring home pages, topicalresource lists, hierarchical HTML documents generated au-tomatically from LATEX, active pages with scripts and links,etc. Even within a broad area there is little consistency invocabulary. Many web documents are very short, servingmerely as a list of resource links. In the patent database,patents in the same class may have diverse authorship acrosstime and assignees.Our contribution: This paper explores new ways in whichinformation latent in hyperlinks can be exposed to a suit-ably designed classi�er, so that the judgment of topic isbased on information that is both local and non-local tothe document. The end result is a hypertext classi�er that3http://trec.nist.gov/data/docs eng.html4http://www.research.att.com/~lewis5ftp://medir.ohsu.edu/pub/ohsumed1



achieves signi�cantly improved accuracy at a moderate com-putational overhead.This is the �rst topic classi�cation system known to usthat combines textual and linkage features into a generalstatistical model to infer the topic of interlinked documents.(In x5, we will comment on the super�cial similarity with alarge body of work on hypertext retrieval [8, 14, 22, 36] anddiscuss how both our problem and technique are essentiallydi�erent.)Our exploration starts with an obvious idea for exploitinglinks commonly found in the aforesaid retrieval literature:including the text of a document's neighbors (documentsthat cite or are cited by it) into it as if they were localterms and then running a classi�er on this resulting pseudo-document. In our experiments with patents and Yahoo!,absorbing neighbor text performs worse than classi�cationbased on local terms alone. One reason is that links frommany pages point to pages from a diverse set of topics. Thereis signi�cant linkage between related topics among patents,e.g. patents on voltage regulators refer frequently to thoseon electrical transmission, patents on frequency modulatorscite those on oscillators, etc. Worse scenarios are seen onthe web, often with completely unrelated topics, e.g., webpages of extremely diverse topics link to Netscape or \FreeSpeech Online."Thus, link information is noisy, and consequently, thenaive approach from retrieval research does not work reli-ably. Analysis of the failures leads us to a more generalmodel for thinking about non-local features. It becomesclear that the topics of neighboring documents, and not nec-essarily their terms, determine linking behavior. Therefore,rather than directly use terms from the neighborhood, wedevelop a more elaborate model of hypertext in which thetopic of a document determines (in a noisy way) the text init as well as its propensity to link to documents from a setof related topics.If the topics, or classes, of all neighbors of the test docu-ment (that which is being classi�ed) are known, this gives asimple classi�er that is more accurate than text-based clas-si�ers. The more likely situation is that only a fractionof the documents in the test document's neighborhood arepre-classi�ed. Our model above leads to a circularity in thatcase. Fortunately, a wealth of literature in Markov RandomField Theory [17, 28, 9] enables us to design an iterativealgorithm that initially guesses the classes based on textalone, then updates them iteratively. The class assignmentis guaranteed to converge if initiated su�ciently close to a\consistent" con�guration.Small neighborhoods, such as of radius 1{2 links aroundthe test document, appear adequate for signi�cant improve-ments beyond text-based classi�ers. For the patent corpus(which is already authored consistently) the new methodcuts down classi�cation error from 36% to 21%, a reduc-tion of 42%. The improvement for the Yahoo! corpus ismore dramatic: text-based classi�cation errs about 68% ofthe time, whereas our method has only 21% error, a reduc-tion of 70%. Combined with the fact that there are over2 million patents and 100 million web pages, our work rep-resents a signi�cant step forward in robustness. Our methodalso shows a graceful variation of accuracy as the fraction ofdocuments whose classes are pre-speci�ed changes. The re-laxation scheme enhances accuracy even when no documentin the neighborhood has a pre-speci�ed class!Organization of the paper: In x2 we start with the basicsof fast text classi�cation, data structures, algorithms, anddesign decisions. Then we introduce the complications of hy-perlinks, and show how simplistic ideas of dealing with these
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Figure 1: Taxonomies used in our experiments.complications fail. x3 and x4 are the key sections where wedevelop our models and algorithms. Experimental evalua-tion is included in these sections to present a progression ofideas and resulting improvements. We review related workin x5 and conclude in x6.2 Hypertext classi�cation basicsIn traditional text classi�cation, the object being classi�edis a self-contained document. A document is a sequence ofterms. Here and elsewhere we will ignore sectioning and for-matting cues. During training, documents are supplied tothe classi�er with attached pre-assigned classes. The clas-si�er develops models for the classes, a process also calledlearning. During testing, the classi�er must assign classesto previously unseen documents.This section has three parts. In the �rst part we describeour data sets. In the second part we will review pure text-based classi�cation. We will describe the basic classi�cationengine, the statistics that are collected, and how these areused to infer topics for new documents. In the third part wewill discuss the essential complication that hypertext bringsinto the previous setup. A hypertext document is not self-contained. It has in-neighbors (other documents citing it)and out-neighbors (documents it cites). These, and theirneighbors in turn, and so on, form a hypertext graph. Forboth training and testing, this graph is the view that theclassi�er has of the corpus. This is quite di�erent from ex-isting literature on classifying structured relational recordswith self-contained attributes. Assuming an ideal classi�er,we can propose an elaborate adaptation of the term-basedmodel to the hypertext setting, but it becomes clear thatin practice, this will not be feasible. The rest of the paperdevelops an alternative approach that is successful.2.1 Datasets for evaluationWe used two manually pre-classi�ed hyperlinked corpora forour experiments. The �rst is a sample from IBM's PatentServer database. Our topic hierarchy has 3 �rst level nodesand 12 leaves, shown in Figure 1 (a). Compared to Reuters,these topics were chosen to pose a more di�cult topic recog-nition problem: there is a large vocabulary overlap andcross-linkage between the topics. For each leaf, 630 ran-domly selected documents were chosen for training and 300for testing. Our second corpus is a sample of about 20,000documents taken from Yahoo! At the time of sampling, thetop level of Yahoo! had 13 classes, shown in Figure 1 (b).2
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Figure 3: TAPER constructs, for all internal nodes c0 in thetopic taxonomy, a graph as shown above in one pass over thepart of the training corpus set aside for model validation. Thecurve plots error rate against the size of F , the chosen feature set.It typically decreases as useful features are brought into F , andthen increases as F starts to include noise. F should be set atthe minimum error point. The Bernoulli model performed betterthan the binary model in our experiments on a text-only classi�er.Bernoulli has a lower error rate and less sensitivity to picking toomany features.For later experiments based only on hyperlinks, a subsetabout 900 of the 20,000 documents was used.2.2 Text classi�cationAll of the link-based classi�cation techniques will be builton top of a core classi�er called TAPER6 that we have built.TAPER was used for text classi�cation, but is built so thatthe notion of a document is very general: it is a multiset6TAPER stands for Taxonomy And Path Enhanced Retrieval.

of arbitrary tokens. TAPER learns a topic tree from sam-ple training documents. Documents belonging to multipletopics are logically copied into each topic. Given a new doc-ument, the goal is to �nd the best matching topics fromthe tree, starting at the root. In this process, each internalnode represents a decision point where a classi�er speci�cto that internal node matches the document with the im-mediate children of that node. TAPER constructs a diverseset of classi�ers speci�cally suited to each internal node. Asketch of the system is shown in Figure 2. Here we willbrie
y discuss the feature selection and the class models.Training starts with scanning the documents and col-lecting term statistics. We reiterate, in anticipation of thefollowing sections, that as far as TAPER is concerned, aterm is a 32-bit ID, which could represent a word, a phrase,words from a linked document, etc. This and later phasesof TAPER are heavily optimized to handle up to 232 tokensand documents and 216 topic nodes. For lack of space, suchdetails of system design and implementation are omitted;they can be found in our earlier work [4].The next step after scanning is called feature selection.Fix an internal node c0 and its children c; c1; c2, etc., andconsider the classi�er at c0, whose goal is to route documentsinto those subtrees that best match a test document. Someterms are better than others for this purpose because theyoccur signi�cantly more frequently in a few classes comparedto the others. These terms are good discriminators; theothers are noise, and should be discarded before the classi�erforms document models for the classes. Note that these gooddiscriminators can be diverse for di�erent internal nodes.Finding the best discriminators depends on the statisti-cal model one assumes the data is drawn from. Many pro-posed models for text, related to Poisson and multinomialprocesses, exist in the literature. Unfortunately, for mostsuch models, �nding exactly the optimal subset of termsout of a lexicon of 50,000{100,000 terms appears impracti-cal. In our system, rather than search for arbitrary subsets,we �rst order the terms by decreasing ability to separate theclasses; one notion of such ability that we have derived fromthe Pattern Recognition literature [10] and found e�ective,is the following score:score(t) = Pc1;c2��(c1; t)� �(c2; t)�2Pc 1jcj Pd2c�f(t; d; c)� �(c; t)�2 ; (1)where c; c0; c1; c2 are children of internal node c0, f(t; d; c)is the number of times term t occurs in document d in thetraining set of class c, with document length normalized to 1,and �(c; t) = 1jcj Pd2c f(t; d; c). We compute the score of allterms, order the terms by decreasing score, and pick a setF of terms that is a pre�x of the above sequence that givesthe best classi�cation accuracy over a (random) validationset (Figures 2 and 3).After feature selection, a classi�er is associated with eachc0. Suppose c0 has children c1; : : : ; c`. Given a class model,the classi�er at c0 estimates model parameters for each child.When a new document is input, the classi�er evaluates, us-ing the class models and Bayes's law, the posteriori prob-ability of the document being generated from each childc 2 fc1; : : : ; c`g in turn, given it was generated from c0.We use very simple document models for large scale com-putational e�ciency. In the Bernoulli model, every class chas an associated coin with as many sides as there are termsin the lexicon. Each face of the coin corresponds to someterm t and has some success probability �(c; t), estimatedusing f(t; d; c) and additional statistics collected during thedocument scanning step. A document in the class is gener-3



ated by repeatedly 
ipping the coin and writing down theterm corresponding to the face that turns up. Assuming thismodel, we have:Pr[d 2 cjc0; F ] = �(c)Qt2d\F �(c; t)n(d;t)Pc0 �(c0)Qt2d\F �(c0; t)n(d;t) ; (2)where �(c; t) is the probability that \face" t turns up when\coin" c is tossed. �(c) is the prior probability of class c,typically, the fraction of documents in the training or testingset that are from class c. n(d; t) is the number of times termt occurred in document d. The details of the estimation of� have been described elsewhere [4]. An alternative binarymodel truncates n(d; t), the number of times term t occursin document d, to a f0; 1g value [18]. The estimation of �changes slightly, but much of the above framework remainsunchanged. Classi�cation over the entire taxonomy can thenbe posed as a shortest path problem on the taxonomy. Weomit the details.Figure 3 compares classi�cation error against jF j, thesize of the feature set, for binary and Bernoulli models fora node in the US Patent topic tree; similar results are seenfor Reuters newswire and Web documents. Based on theseobservations we �x the core classi�er to use the Bernoullimodel for the rest of the paper.2.3 The complications of hypertextWe will now discuss how hyperlinked documents upset theself-contained, clean document models above.2.3.1 Statistical foundations: the basic modelWe begin by laying a statistical foundation for our analy-sis. We consider the corpus to be a set of documents (alsocalled nodes) � = f�i; i = 1; 2; : : : ; ng and these are linkedby directed links i ! j. Let G(�) be the graph de�ned bythese documents and links, and let A = A(G) be the asso-ciated adjacency matrix: A = faijg where aij = 1 if thelink i ! j exists and aij = 0 if it doesn't. Let �i representthe text of document i and let T = f�ig represent the entirecollection of text corresponding to �. Each �i is a sequencef�ij jj = 1; : : : ; nig of tokens. Tokens include terms, format-ting controls, and links. We will ignore formatting controls,and deal with citations separately from terms. For most ofthe paper, we will also use � as a multiset rather than asequence.When a classi�er is being trained, its input is not merelya set of documents, but this graph and an assignment fromnodes to class labels. When the classi�er has to label a newdocument, it has as input not only that document, but alsosome neighborhood of that node in the graph, and is free tomake use of any information in this neighborhood, perhapsthe whole corpus.We want to classify the documents � into a set of classesor categories � = f
i; i = 1; 2; : : : ;mg. Let ci be the classassignment of document i and let C = fcig the set of classassignments for the entire collection �. Assuming that thereis a probability distribution for such collections, we want tochoose C such that Pr(CjG;T ) is maximum. This consti-tutes a Bayes Classi�er, which gives the minimum expectederror rate over all classi�ers [10]. Pr(CjG;T ) can be decom-posed using Bayes rule:Pr[CjG;T ] = Pr[C;G;T ]Pr[G;T ] = Pr[G;T jC] Pr[C]Pr[G;T ] ; (3)where Pr[G;T ] = PC0 Pr[G;T jC 0] Pr[C 0]:Because Pr(G;T ) is not a function of C, it will su�ce tochoose C to maximize Pr(G;T jC) Pr(C). In some cases the

categories of some of the documents will be known. To indi-cate this we divide C into two disjoint sets: CK (the knownclasses) and CU (the unknown classes). In these terms theclassi�cation problem is that of selecting CU to maximizePr(CU jCK ;G; T ). In many cases (e.g. where the documentcollection is the entire web) we only care about a subset ofthe classes in CU .In order to perform the estimation of CU we need a formfor Pr(C;G; T ). It is extremely unlikely that we can obtain aknown function for this. Thus, we will have to estimate it. Inorder to do that we must assume some functional form thatwill have parameters that must be estimated. (We shouldpoint out that even so-called \non-parametric" forms havethis property.) In reality, of course, it will be impracticalto attempt to estimate a form for Pr(CU jCK;G; T ) wherefCK;G; T g appear as a simple list of all the associated values(e.g. links and terms). A big part of the challenge in �ndingsuch a form is to �nd a set of features that extract in acondensed form that information most useful for performingcategorization. In addition to the de�nition and selectionof features another device for simplifying the computationand estimation associated with Pr(CU jCK;G; T ) is to makecertain independence assumptions. These are frequently notcorrect (as will be case here) but making them can be seento constitute a kind of approximation. Ultimately, of course,their validity will be judged by the accuracy of the associatedclassi�cation obtained.In this general framework all the information containedin CK;G and T is potentially useful in classifying a singledocument �i. Making use of all this information, however, isboth computationally infeasible and of questionable value.The strong intuition one has is that the relevance of vari-ous aspects (classes, links and terms) of these have falls o�rapidly with distance (number of links) from �i.2.3.2 Using text from neighborsWith the above discussion in mind, we begin with an ex-amination of the usefulness of terms from neighboring docu-ments. Consider a hypertext document �i. (For the momentwe consider a document to be a multiset, not a sequence, ofterms.) We can transform �i into a super-document �0i thatincludes not only the terms in �i but all terms in the hy-pertext graph, in a specially tagged fashion (otherwise alldocuments would be identical). Thus, cat in �i remains catin �0i. If �i points to �j, which has term cat in it, the specialterm O@cat is added to �0i. The \O" signi�es an out-link.Similarly, the term cat appearing in a page pointing to �iis added to �0i as I@cat. If �j points to �i and �k, where�k contains term cat, the special term IO@cat appears in �i.Pre�xes like OIO@ are tags to separate the original terms fromthese engineered features. This seems preferable to mergingboth local and non-local terms into the same space, as donein earlier retrieval research [8, 14, 22, 36].In qualitative terms, it is conceivable that a classi�erloses no necessary information when presented with �0i (whichis now gigantic) rather than �i and its associated corpusgraph. We can let a feature selection process automati-cally decide the importance of all these features, and throwout the noise. Given an adequate volume of training data(and the time to make use of it) the worst that the inclu-sion of these additional terms can do is to have no e�ect onclassi�cation accuracy, but we might expect it to result insome improvement. Intuitively, we would expect that termsin nearby neighbors will be used by the classi�er, whereasterms that are far away in the graph will be discarded asnoise. In practical situations, however, this may not neces-sarily be the case. This can be seen as a signal-to-noise issue;4



there may be so many irrelevant terms that �tting-the-noisee�ects could become inevitable with realistic training corpussizes. We next experiment on these initial ideas.3 The radius-one specializationOur experimental setup will have the following 
avor. Dur-ing training, each sample document will have a pre-assignedclass, and the classi�er will be permitted to explore anyneighborhood of the sample and know the assigned classes ofany document in the neighborhood. During testing, the testdocument's class will be hidden. Furthermore, we will con-trol and vary the fraction of documents in the neighborhoodwhose pre-assigned classes are \exposed" to the classi�er ondemand. The exposed documents will be chosen uniformlyat random from the neighborhood that the classi�er choosesto explore to classify the test document.During testing, the algorithms will have the followinggeneral form. First, the classi�er will grow a neighborhoodgraph around the test document. It will then use featuresdirectly, or derived from, the neighborhood to classify thetest document. In the case where all immediate neighborsof the test document are exposed, this completes the algo-rithm (x3.1 and x3.3). The case where only a fraction of theneighborhood is exposed is dealt with in x3.4. We design analgorithm that bootstraps o� a text-only classi�er, and theniteratively updates the classes of documents in the neigh-borhood until stability is achieved. This update is done bya classi�er that combines local and non-local information.In this paper, in the interest of computational feasibility,we restrict non-local features to within a radius of one ortwo. A typical academic paper, a patent in the US PatentDatabase, and an average web page all have typically morethan ten citations or out-links. Thus a radius-one neighbor-hood already has the potential to slow down a classi�er by asigni�cant factor, unless the classi�er is engineered carefully.Note that the radius of the initial neighborhood is unrelatedto, and can be larger than, the \radius of in
uence" dis-cussed above.3.1 Experiments with text from neighborsPerhaps the most obvious approach to implementing a \ra-dius of in
uence" of one is to use terms from the immediateneighbors of the test document as if they were in the testdocument itself. In view of the discussion in x2, we pro-pose the following alternatives. We run the experimentson the patent corpus, starting with the most favorable set-ting where all neighbors of training and test documents haveknown classes.Local: For both training and testing, a pure term-basedclassi�er was used on the text of each patent itself.Thus, no use is made of hyperlinks. This is the base-line.Local+Nbr: For both training and testing, the completetext of all its neighbors (patents that cite it as well aspatents it cites) is �rst concatenated with the text ofeach patent. The result is input to a pure term-basedclassi�er.Local+TagNbr: Same as above, but the terms absorbedfrom neighbors are distinguished from original localterms by tags, so that the classi�er can distinguishbetween the signal content of local vs. non-local terms.Figure 4 shows the results. Two disappointing observa-tions emerge. First, the error rate increases from 36% to
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orFigure 4: Result of classi�cation using local and neighbors' terms,tagged and untagged. For the patent corpus, neighbor text isworse than local text, and tagging does not help.38.3% when neighbor text is used, in our experiments. Sec-ond, tagging shows very small improvement. We can pro-vide the following explanations and comments after carefulscrutiny of the results. Although these observations are forour particular corpus, the problems may arise in other hy-perlinked corpora as well, e.g., Salton and Zhang found thatinclusion of cited titles can add spurious words that degraderetrieval quality [33] (also see x5).Why did neighbor text do worse? Even after feature se-lection, there was too much of it (an average patenthas over 5{10 neighbors), and their term distributionwas not su�ciently similar to the distribution of the\true" class of the patent (which has to happen if thistrick is to work well). We found frequent cross-linkagebetween di�erent classes in patents and certainly theweb (\this site is best viewed using..."); also see thediscussion in x1. Including terms from such neighborsmight easily lead to complete misclassi�cation.Why did tagging not help? Tagging splits a term intomany forms and can make it relatively rare, even if thecorresponding untagged term is not as rare. Dimen-sionality of text is already uncomfortably large com-pared to typical training set sizes. We further chal-lenged the classi�er with many more features but notmore documents. Although an ideal classi�er shoulddo no worse on Local+TagNbr compared to Local, ourheuristic feature selection and approximate class mod-els got overwhelmed by the signal-to-noise ratio.Are there simple �xes to these problems? We seem torun into a catch-22 situation on both counts. Consider �rstthe problem of the original document �i getting swampedwith terms from \large" neighbors. One may propose vari-ous term weighting schemes; e.g. include terms in �i itselfeach with weight 1, terms in radius-one neighbors each withweight 12 , terms in radius-two neighbors with weight 14 , andso on. At what rate should the weights decay? Depend-ing on this rate, spurious terms may be included, leading tomisclassi�cation (if the non-local terms have high weight) orinformative remote terms may be neglected.Next, consider the \noisy" neighbor scenario. It is clearthat there are at least some links that lead to useful neigh-bors, but how can we identify these? A simple heuristic is torestrict the expansion to out-links within the site or domain.This will miss valuable information in at least two forms:a highly informative link from the Database group at theUniversity of Wisconsin to IBM Almaden will be ignored,as will be the observation that many Stanford students linkto both UW and IBM Database groups, thus inducing animplicit topical similarity between them.5



3.2 Feature engineeringIt is clear from the above discussion that it will be imprac-tical and not very useful to use all the text in T (the wholecorpus) to classify a single document. At the other extreme,most text-classi�cation algorithms/systems use only the text�i contained in the document �i. For corpora that are nothyperlinked, this is all that is available to use in perform-ing the classi�cation. We may �nd it useful to use morethat just the text �i to classify �i, however, and we hopeto �nd some \happy medium" between these two extremes.How can we do this while favoring our classi�er with a goodsignal-to-noise ratio?A similar problem appears in inductive logic program-ming [23]. Suppose we are given a relational table, or sev-eral tables, containing information about patients with hy-pertension. Apart from local attributes of a person such asage and weight, there can be other attributes such as fatherand mother, whose records we shall assume are also in thedatabase. Assuming there is a relation between lineage andhypertension, we wish to use the latter �elds for inducingrules to classify patients as having high or low risk of heartattack. To do this, we can augment each record with �eldsfrom records of the parents. Rather than using raw datafrom the related records, one can pre-process those raw at-tribute values into a synthesized feature. One example iswhether the parent was classi�ed as high or low risk. Thisis called feature engineering [1].3.3 Using class information from pre-classi�ed neighborsNoting that text from neighbors is too noisy to help classi-�cation, we re
ect on the process and rationale for citationin the �rst place. In this section, we explore the follow-ing thesis: if the classes for all documents neighboring �iwere known, replacing each hyperlink in �i with the classID of the corresponding document, could provide a highlydistilled and adequate (for classi�cation) representation of�i's neighborhood.In order to make use of the neighbor class labels in thisway, we need an appropriate classi�er. The general/idealform for this classi�er is that shown in equation (3). Aswe mentioned previously, we can drop Pr(G;T ) and simplychoose (in principle) C to maximize Pr(G;T jC)Pr(C) =Pr(G;T;C). This is �ne if we know the functions Pr(G;T jC)and Pr(C) and we have a computationally feasible proce-dure for �nding the global maximum of their product asa function of C. Even if we don't know these functionsa priori, if we know their functional/parametric forms andhave a suitable learning procedure (to estimate the param-eter values) and a feasible optimization procedure, we canstill achieve this. The usual situation is signi�cantly lessideal however. We must frequently \guess" the functionalforms, selecting those that (1) we believe to have su�cientdegrees of freedom to describe the necessary inter-class de-cision boundaries; and (2) for which we have feasible learn-ing (estimation) and optimization algorithms. In a speci�cproblem it will not, in general, be possible to satisfy both ofthese simultaneously. This may be due to the models andalgorithms at our disposal or the more fundamental prob-lem of \intrinsic confusion" where the classes overlap in thefeature space corresponding to the features we have chosenfor performing classi�cation.First, we consider the problem of classifying a single doc-ument �i, for which we assume that we know all the classesof all its immediate neighbors. To perform this classi�cationwe will use the usual Bayes classi�er. That is, we choose cito maximize Pr(cijN i), where, in this context, N i repre-

sents the collection of all the known class labels of all theneighbor documents. This collection can be further decom-posed into in-neighbors and out-neighbors: N i = fIi;Oig.Manipulation of this using Bayes' Law, as was done in equa-tion (3) for C, leaves us with the problem of choosing ci tomaximize: Pr(N ijci) Pr(ci) (4)Our estimate for Pr(ci) is simply the frequency of the classci in the training corpus. For Pr(N ijci) we will assumeindependence of all the neighbor classes. That is:Pr(N ijci) (5)= Q�j2Ii Pr(cjjci; j ! i) Q�k2Oi Pr(ckjci; i! j):We will use the following notation to represent the terms inthese products:�(ci) � Pr(ci);�(cj; cijI) � Pr(cjjci; j ! i);�(cj ; cijO) � Pr(cjjci; j ! i);n(
j; ijI) � #in-neighbors of �i labeled 
jn(
j; ijO) � #out-neighbors of �i labeled 
jUsing this notation and rewriting equation (5) as a productover classes rather than neighbors yields the following formfor equation (4):Pr(N ijci) Pr(ci) (6)= �(ci)Qmj=1 [�(
j; cijI)]n(
j ;ijI) [�(
j; cijO)]n(
j ;ijO):3.4 Iterative relaxation labeling of hypertext graphsIn x3.1 we investigated the problem of classifying a hyper-text document using both its own text and that of its neigh-bors. Then, in x3.3, rather than using individual terms fromneighbors, we investigated the problem of using the class la-bels of preclassi�ed neighbors. In this section, we examineusing all three (document text, neighbor text and neighborclasses), but in the more realistic setting wherein only someor none of the neighbor classes are known. In those caseswhere the neighbor classes are known a priori we will usethose class labels as the sole feature representation of theassociated documents. Where the neighbor classes are notknown, on the other hand, we will indirectly use the textand link structure of the entire collection � in a type ofrelaxation labeling scheme.Before we consider this complete problem, we discussthe combined use of known neighbor classes and terms fromonly the document to be classi�ed. We assume that there isno direct coupling between the text of a document and theclasses of its neighbors. We assume only an indirect couplingthrough the class of the document itself. This assumptioncan be expressed precisely using conditional probabilities:Pr[N i; �ijci] = Pr[N ijci] Pr[�ijci]: (7)Following the discussion of previous sections, the resultingclassi�er can be written as:ci = argmax
 fPr[N ij
] Pr[�ij
] Pr[
]g; (8)where the Bernoulli forms for the components of this equa-tion can be obtained from equations (2), (6) and 
 is adummy class-label variable for ci.If all the classes of the neighbors are known a priori,this is the classi�er we would use. If, as is usually the case,some or all of the neighbor classes are unknown, how do weproceed? We do not wish to ignore the unclassi�ed pages,so we need a bootstrap mechanism: we �rst classify the un-classi�ed documents from the neighborhood (for example by6



using a terms-only classi�er) and then use this knowledge toclassify the given document, in the same way as describedabove. This procedure can be performed iteratively, to in-crease the quality of the classi�cation. This iteration con-stitutes a kind a relaxation labeling, a technique that hasbeen applied in the computer vision and image processing�elds [17, 28].Let �K symbolize everything that is known about �.Using our previous notation, �K = fG;T;CKg. Using thiswe want to estimate the unknown classes CU . Let �U repre-sent the corresponding documents (i.e. those whose classesare unknown). If we are seeking to classify a single docu-ment �i, we would like to choose ci to maximize Pr(cij�K).Note that, letting NUi � N i \�U , this can be expressedas:Pr(cij�K) = PN Ui 2
i Pr(ci;NUi j�K) (9)= PN Ui 2
i Pr(cijNUi ;�K) Pr(NUi j�K);where 
i is the set of all possible class labelings of the doc-uments in N i. There are mk of these where k is the numberof documents in N i. To make this formula more manageablewe make the following approximations/assumptions:1. Limited range of in
uence:Pr(cijNUi ;�K) = Pr(cijNUi ;NKi );where NKi = N i\�K. This is equivalent to assuminga �rst-order Markov Random Field [6].2. Independence among the neighbor class probabilities:Pr(NUi j�K) = Q�j2N Ui Pr(cjj�K):(It is desirable to remove the latter assumption via a de-tailed experimental study of neighbor class distributions.)We observe that with these approximations the collection ofall such equations (9) constitute a coupled system of equa-tions in which the variables are the probability estimates:fPr(cij�K); i = 1; 2; : : : ; ng, which suggests the followingiterative solution:Pr(cij�K)(r+1) (10)= PN Ui 2
i hPr(cijNUi ;NKi ) Q�j2N Ui Pr(cj j�K)(r)i ;where r is the iteration index.This relaxation is guaranteed to converge to a locallyconsistent assignment provided it is initiated \close enough"to such a consistent state [28].Note that �K includes all the text T , the link struc-ture G and the known classes CK and that NKi includes thecorresponding subsets of these. The way in which this in-formation is applied in this estimation problem is controlledby the function Pr(cj jNUi ;NKi ). In the work described herewe use the Bernoulli forms of equations (2) and (6). A pseu-docode sketch follows:Given test node �0Construct a radius-r subgraph Gr(�0) around �0Assign initial classes to all � 2 Gr(�0) using local textIterate until consistent:Recompute the class for each � based onlocal text and class of neighborsSome further approximations are made to make evaluationof the sum in equation (10) tractable. These will be de-scribed in the sequel. A �nal note regarding equation (9).It was written in terms of only the immediate neighborsN i = fNUi ;NKi g, but it can be extended to larger neigh-borhoods, i.e., link distance two and beyond. This wouldconstitute a higher-order Markov Random Field assumption.
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uence" witha series of experiments on patents. The �rst set will dealwith the case where the classi�er can query the \true" classof any document except for the one that is being classi�ed.The goal will be to design a classi�er that can use both localtext and links to immediate neighbors to advantage. We callthis the completely supervised scenario. In the second part,we will assume the more realistic scenario in which the trueclasses of only a fraction of the documents in the vicinityof the test document are known to the classi�er. This willinvolve the relaxation scheme described earlier, and will becalled the partially supervised scenario.3.5.1 The completely supervised caseWe compare the following options using the patent corpus.Text: Only local text was used for training and testing.Link: The only document features are the class names ofneighboring patents. In the Patent Server (as well as,say, Yahoo), class names are paths in a topic hierarchy,looking like this:[29][METAL WORKING][X][PROJECTILE MAKING][Y][.Bullet or shot][Z][..Jacketed or composite](Here the �rst [ ] contains the numeric class code andthe second [ ] contains a descriptive string.) Our fea-tures are the full path names, e.g. /29/X/Y/Z. Notethat these paths can be longer and therefore more fo-cused than our 2-level dataset.Pre�x: We include all pre�xes of the class paths of neigh-bors as features, i.e. all of /29, /29/X, /29/X/Y, and/29/X/Y/Z. The reason for this will become clear in amoment.Text+Pre�x: We run two copies of TAPER, one that onlyuses local text, and another that uses only the classpre�xes as above. Then the probabilities are combinedas if the joint distribution of term and link frequencyis product of their marginal distributions. This givesa hybrid classi�er.The results are shown in Figure 5. The text baseline, asbefore, is 36% error. Using links in the form of full pathsgives negligible bene�t; the error is 34%. However, a dra-matic e�ect is seen with Pre�x: the error drops to 22.1%.The combined Text+Pre�x model improves on this slightlyto give a �nal error rate of only 21%.7
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1−i i kFigure 6: Exponentially many paths determine one neighbor con-�guration each, but we can prune the sum over con�gurations toonly include those that have the highest probability. These cor-respond to the shortest 0! k paths in the graph.This is an example where the feature selection mecha-nism of TAPER is exploited well. Link performs worse thanexpected because the features (full class paths) are too de-tailed and occur too rarely to become strong signals. How-ever, when we expose all the pre�xes to TAPER, it is free todiscard paths that are too short (almost equally frequent inall documents) or too long (too infrequent to be statisticallysigni�cant).3.5.2 The partially supervised caseFinally we study the realistic scenario in which only a frac-tion of the documents in the vicinity of a test document haveclasses known to the classi�er. The foundations of the iter-ative relaxation-based classi�cation has already been laid inx3.4. Here we add some comments about implementation.Each of these neighbors of �i can potentially belong toany class. Thus there is a large number of possible assign-ments of the neighbors to classes. If there are k neighborsand j�j classes, the neighbors could be in any of j�jk con�g-urations, and that many terms in the sum shown in equa-tion (10). As per earlier discussion in the completely super-vised case, we assume that the probability of a �xed classassignment NUi is the product of probabilities of the appro-priate class assignment of each neighbor of �i. Similarly,the completely supervised case gives us a recipe to estimatePr[cijNUi ;NKi ], once the con�guration of NUi is �xed. Theonly problem is that the sum has an enormous number ofterms.Luckily, most of the con�gurations are highly improba-ble. Consider the graph in Figure 6. For simplicity, let therebe j�j = 2 classes. There are nodes numbered 0; : : : ; k, andtwo edges from node i� 1 to i. One edge corresponds to thecase where the i-th neighbor belongs to class 
1, the other,for class 
2. Suppose we annotated these edges with edgeweights which are the negative of the logarithm of the prob-ability of the respective class assignment. Then the shortestpath from 0 to k corresponds to the largest probability con-�guration.Observe that although there are 2k neighbor con�gura-tions, it is easy to �nd the highest probability con�gurationin time O(k log k+ kj�j) time via a shortest path computa-tion. It also turns out that we can extract the shortest Ppaths in time O(kj�j+ k log k + P logP ) [11]. We have notobserved any adverse e�ects of such truncation of (10) onthe accuracy of classi�cation. Typically, after the top two orthree class choices, the remaining classes have probabilitiesas low as 10�30 and can be ignored. On the other hand, thelarge range of numbers encountered during the computationrequires some care with the 
oating point computations soas not to lose precision.Figure 7(a) shows the results of the iterative relaxation
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Figure 7: (a) Results of relaxation labeling based hypertext clas-si�cation. The x-axis is the percentage of documents in the neigh-borhood of the test document whose true classes are revealed tothe classi�er on demand; these are chosen uniformly at randomfrom the neighborhood. The y-axis if the error rate for threeschemes. One uses local text only, and is thus not really a relax-ation scheme. The others use links, and both links and text, in theiterative step. Both are \seeded" by a text-only classi�er. (b) Aclass-by-class break-down of the di�erences in accuracy betweenText and Link+Text.labeling-based classi�er. In the graph, the x-axis is the per-centage of documents in the neighborhood of the test doc-ument with known classes. The y-axis if the error rate forthree schemes. Since the text-based classi�er does not uselinks, its error rate is �xed. There are a number of inter-esting points to note about the other lines in the graph.Obviously, adding link information is signi�cantly boostingaccuracy, cutting down error by up to 42%. More impor-tantly, the bene�ts are seen even when only a relativelysmall fraction of the neighborhood has known classes, andthere is a graceful variation in the overall accuracy as thisfraction varies. The text-based and text-and-link-based clas-si�ers use of the order of 50,000 features. In contrast, thelink-based classi�er uses only 15 (for this taxonomy). Thusit has a tiny footprint and is very fast. However, it doeswell only when a reasonably large fraction of the neighbor-hood has known classes. Text+Link always beats Link bysome margin, but this is quite small at the completely super-vised end of the spectrum. Text+Link is also stabilized by8
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Figure 8: The phenomenon of pages that bridge topics acrosslength-two paths. The second diagrams shows how one may tryto exploit locality in the topics on bridge pages.text at the extreme where the neighborhood is completelyunknown. It is the more stable relaxation method, but iscomputationally somewhat more expensive.What is most intriguing is that even in the most unfa-vorable setting of zero knowledge about the neighborhood,using only a link-based iteration scheme, and seeding it onlyonce using local terms, a small but visible increase in accu-racy is seen (between Text and Link at 0%). This gain isentirely from implicit constraints imposed on the probabilitymodels by the link structure.Also shown in Figure 7(b) is a break-up of the perfor-mance over the 12 di�erent leaf patent classes. Perhaps itshould come as no surprise that the improvement is diverse;in cases it is negative. This depends on the linkage behaviorbetween di�erent classes. It is interesting that apart fromgreatly reducing average error across classes, the relaxationscheme also reduces (by about 26%) the average deviationof error across the classes.4 The radius-two specializationIn a homogeneous corpus such as the Patent database, itis meaningful to assign each patent to a class, and to esti-mate parameters like the expected fraction of outlinks fromdocuments in one class that point to documents belongingto another class. In contrast, the Web is so diverse that notopic taxonomy can hope to capture all topics in su�cientdetail. There will always be documents, in the vicinity ofthe documents of interest to us or to the classi�er, that can-not be meaningfully classi�ed into the \known universe." Acursory measurement shows that only about 19% of Yahoo!documents have an in-link from some other Yahoo! docu-ment. Only 28% have an out-link to some Yahoo! documentand about 40% have some link with another Yahoo! page.Exploring larger neighborhoods on the Web can be futileand dangerous. The bene�ts of �nding a few known neigh-bors may be o�set by noise, or worse, strong but incorrectsignals collected in the process. For example, a large frac-tion of web pages point to popular sites like Netscape orAltaVista, even though the topic of these sites may be com-pletely unrelated. This may not be �xed by a static list of\stopword" sites, since di�erent sites may assume this rolefor di�erent topics.4.1 BridgesCo-citation is a well-studied phenomenon in linked corpora,such as academic papers [32]. Documents that cite or are
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� as we move o� before and after the link to � in some pagepointing to �. Two aspects of the graph are worth noting.First, the probability appears not to vanish to zero as wemove farther away from the link to �; this means that manylong bridges are almost pure: they point to pages from thesame Yahoo! topic. The second is that there is a peak nearzero, which implies that outlinks near the one to � are morelikely to be the same topic as �. We discuss how to exploitthe former property in the rest of this section; in the nextwe deal with impure bridges.TAPER with IO-bridges: In our general framework, a neigh-borhood is grown around the test document and then classesare assigned iteratively to each document in a manner in-
uenced by other documents in its \radius of in
uence." Inx3, this radius was at most one. Here we will use IO-bridgesto exert in
uence at radius two. Our experimental setup isas follows.1. We consider a sample of documents from Yahoo! suchthat each is IO-bridged to at least one other page inYahoo! (In this experiment we do not consider nor-mal terms as features at all, so we need pages thathave links to them.) We randomly divide this setinto 70% for training and 30% for testing. This gaveus about 594 training and about 255 testing docu-ments. Whereas this is not nearly enough for text-based classi�cation, our small feature space made thissmall dataset usable.2. For training, we use the following features from eachdocument �. We look at all the documents in the train-ing or testing set that are IO-bridged to the documentunder scrutiny. These have known class paths in topictaxonomy. We take all pre�xes of these paths and con-struct an engineered document �0.3. For testing, we use the class paths for all documents inthe training set that are IO-bridged, but not the testset.4. These features are input to TAPER as usual.5. We compare the above scheme with a purely term-based classi�cation of the same test set using TAPER,and the same training set as above.The results are shown in Figure 10 (the set of middlebars). Owing to a variety of factors (fewer terms per docu-ment, diverse authorship, unused hyperlinks) the pure term-based classi�er performs rather poorly, having an error rateof 68%. Furthermore, this error rate was achieved at a largefeature set size of over 14,000 terms. It appears that thismay be a basic limitation of text-based classi�cation; a moredetailed learning program that used Bayesian nets showedcomparable performance with a comparable sample from Ya-hoo! [30]. In contrast, the IO-bridge based classi�er hasexcellent performance: it uses only 14 features (the classlabels) and has only 25% error!4.2 Locality in bridgesSometimes an IO-bridge may not be \pure"; it may includea sequence of topics, with many out-links for each topic.Thus we may need to segment such a bridge into segments,each of which points to pages with a coherent topic. E.g., apersonal hotlist may have a list of Physics resources followedby a list of Math resources.Segmenting a web page into intervals corresponding tocoherent topics appears to be a di�cult task. In Machine
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EVIDENCEFALSETRUEFigure 11: Relevance ranking using inference networks.Figure 10. This is consistent with our rationale behind thechoice of these features: IO-bridges with locality is of higherquality than IO-bridges; however the latter contains more in-formation and therefore can be used to classify more pages.5 Related workWe discuss three areas of research related to our work: textand hypertext information retrieval, machine learning incontexts other than text or hypertext, and computer visionand pattern recognition.5.1 Hypertext and information retrievalHypertext analysis has been extensively researched long be-fore the Web existed. Starting in 1975, Kwok, in a series ofpapers [19, 20, 21], proposed a measure of document simi-larity based on the degree of term intersection with titles ofcited documents. Using a small set of 37 medical abstracts,Kwok showed that using citation titles leads to good clus-ter separation. Althought these are the papers most relatedto our work, they do not deal with statistical proceduresfor feature selection or hierarchical classi�cation based on amodel of hyperlinks as we do.The idea of using non-local terms from linked documentshas also been used in a large number of papers on retrieval.In 1963, Salton [31] proposed using terms associated by cita-tion for retrieval, but later experiments by Salton and oth-ers [22, 33] raised the following issue that we address in thispaper: Important terms may be supplied in some instances,producing substantial performance improvements; in othercases, the process adds indi�erent or poor terms to thecontent description : : : No theory exists which wouldhelp in distinguishing valuable term associations fromless valuable ones.Since then, many authors have used variants of this ap-proach on di�erent corpora, with varying success. Croftand Turtle had mild success with the CACM and CISI cor-pora [8]. With the same corpora, Savoy proposed a schemein which arti�cial links are added at query time throughrelevance feedback; this showed a more signi�cant improve-ment [34, 35, 36]. Frei and Steiger annotated links withfrequent terms from the source and target documents to en-hance retrieval in UNIX manuals [13, 14]. Smith and Changused captions from HTML pages to construct a text indexfor searching for embedded images on the Web [39].Index terms collected from documents and their linkedneighborhoods have been used in vector-space retrieval sys-tems [31] and systems based on inference networks. Wediscuss the latter approach in some detail. Lucarella and

Zanzi [24] propose a rule-based inference framework basedon a set of predicates. Similar relations between queries,terms, and documents are captured by a four-layer directedacyclic Bayesian network used by Croft and Turtle [7, 8],shown in Figure 11. The layers represent documents, terms,a query, and the user's \information need." Some of theserelations are shown below:Croft&Turtle Lucarella&Zanzi| query q is about subject cabout(node,concept) document d is about subject csynonym(concept1,concept2) subject c1 is related to subject c2cites(node1,node2) |It is important to distinguish between the physical links rep-resented by cites and the edges in the inference network,represented by the above relations. (E.g., on the web, thelink graph has cycles, whereas an inference network is nec-essarily acyclic.) During retrieval, each document node inthe inference network is set to TRUE in turn and the prob-ability of that document satisfying the information need isevaluated using the inference network. The documents arethen presented, sorted by decreasing probability. Citationsare handled by introducing \evidence" nodes that reinforceterms in documents linked to the document being evaluated.Notice that about(node,concept) is an input to the in-ference (edges connecting the top two layers); the inferencedoes not in
uence the strength of this relation. These worksdo not discuss how to compute the about relation; they usesimple weighting schemes to estimate how important a termis in a document. No notion of learning associations betweentopics/concepts and terms is proposed.These systems retrieve and rank by relevance, in addi-tion to documents that contain query terms, those that areneighbors to such documents. In systems that retrieve doc-uments in response to any ad-hoc query it is not adequateto regard this retrieval problem as a supervised 2-way clas-si�cation (relevant vs. not relevant). Such systems must beable to respond to queries for which they have never encoun-tered training data.In contrast, our system learns relations between pre-de�ned concepts and observable hypertext features such asterms and local link structure, and is therefore di�erent fromthe prior art. Also note that our problem required furthersophistication compared to non-local term absorption.5.2 Machine learning and data miningDecision tree classi�ers such as CART [3] are widely usedfor classifying numerical and categorical data. These havebeen adapted to scale to large relational databases for datamining purposes [25, 37]. These typically work on a sin-gle relational table giving attributes of each entity (e.g., acustomer). However, little appears to have been done withrelationships between entities. In the case where entitiesare patients, this could be useful in, say, diagnosing dis-eases. This is a very di�cult problem in general; a fewspeci�c situations have been handled in the inductive logicprogramming literature [29, 26, 27, 23]. However, these tech-niques have not yet been applied to large-scale data miningscenarios [1]. Another di�erence is the di�erence in dimen-sionality [4]. Decision-tree classi�ers handle up to hundredsof features or attributes, whereas text corpora often have alexicon in the hundred thousands.5.3 Computer vision and pattern recognitionSome of our methods are inspired by image-analysis litera-ture. Relaxation labeling and Markov Random �elds havebeen used in attacking the problems of edge detection, image11
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