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ABSTRACT The first step is to sample a set of pages that are representative of
Search engines use content and link information to crawl, index, he Web atlarge and for which independent semantic information
retrieve, and rank Web pages. The correlations between similar- is available along with content and link data locally accessible by
ity measures based on these cues and on semantic associatiorig@Wling the pages. The Open Directory (ODP) was used to sample

between pages therefore crucially affects the performance of anylo'oo_O U_RLS uniformly from each of the_ 15 top-level bre_mches,
search tool. Here | begin to quantitatively analyze the relationship resulting in a set of 150,000 URLSs belonging to 47,174 topics. The

between content, link, and semantic similarity measures across aPages were crawled, preprocessed and stored locally.
massive number of Web page pairs. Maps of semantic similarity The second step is a brute force approach: for each pair of pages

across textual and link similarity highlight the potential and limita- 7> 4 Measure three similarities all defined(in 1]:

tions of lexical and link analysis for relevance approximation, and cgontent similarity o(p, ¢) = (5-3)/(||]-||7]|) wherep, g are the
provide us with a way to study whether and how text and link based yepresentations of the pages in word vector space, after removing
measures should be combined. stop words and stemming. This is actually the “cosine similarity”
Categories and Subject DescriptorsH.3.1 [Information Storage function, traditionally used in information retrieval.

and Retrieval]: Content Analysis and Indexing; H.3.3 [Information | jnk similarity o,(p, q) = |U, N U,|/|U, U U,| whereU, is the

Storage and Retrieval]: Information Search and Retrieval set containing the URLs gf's outlinks, inlinks, and ofp itself.
General Terms: Measurement The outlinks are obtained from the pages themselves, while a set
Keywords: Web search, semantic maps, content and link similar- Of inlinks to each page in the sample is obtained from a search
ity, precision, recall engine. This Jaccard coefﬁcnent measures _the_ degree of clustering

between the two pages, with a high value indicating that the two
1. INTRODUCTION pages belong to a clique.

L _ 2 log Pr[to(p,q)]
Search engines typically combine analysis of Web page conten?emam'c similarity os(p, q) = log Pr[t(p)]+log Pr[t(q)] wheret(p)

and links to retrieve and rank hits in response to user queries. While is the topi_c containing in ODP¢, is the lowest common ance;_tor
there is a large body of literature on both text and link anafyitis, ~ Of »@ndginthe ODP tree, anBx[t] represents the prior probability

is not known how these should be combined to achieve optimal that any page is classified under topidhis informatio_n th_eoretic
retrieval performance. Here | present preliminary data on how sim- measure uses entropy to compare ho_w_muqh meaning is shared by
ilarity measures based on content and link analysis might be com- WO topic nodes compared to what distinguishes them. It reduces
bined in order to best approximate a measure of semantic similarity [0 the familiar tree distance measure for a perfectly balanced tree.
induced by manual classification of pages into a hierarchical direc- This measure relies on.t.he existence of a hlergrchlcal .organlzatlon
tory. More generally, | explore what page content and links say such as ODP that classn_les all of the pages being pons,ldered._ How-
about each other, and what they say about the meaning of pages. €Vel the ODP ontology is more complex than a simple tree; it has
The connection between Web lexical and link cues, and between Yarious typ_es_ of cross-referv_snce I|nk_s DEtWEEH ca_tegorles. Here_ l
either of these and semantic characterizations of pages, has beefildeStep this issue by reducing the directory to a single, prototypi-

previously studied in the context of hypertext document classifica- 2! tree-

tion [3], topic distillation [1], and navigation [4]. Atotal of 3.8 x 10° page pairs yielded valitv., 0, o5 tuples.
These were divided intb0® bins (100 bins per similarity measure).
2. METHODOLOGY From this 3D histogram information a number of interesting statis-

In the present approach the relationships between content, link, icS @nd visual maps can be derived. The Pearson’s correlation co-
and semantic topology in the Web is studied empirically at a fine efficients between pairs of similarity metrics gir., 01) = 0.10,
level of resolution. The idea is to measure the correlations between?(9¢, s) = 0.11, andp(01,05) = 0.08. These are weak but very

similarity measures driven by content, link, and semantic evidence. Significant correlations when considering the number of pairs.
All three metrics appear to have a roughly exponential distribu-

*Funded in part by NSF CAREER Grant No. 11S-0348940. tion. Most pairs tend to have very small values for all similarity
1See [2] for a review of the literature. measures; given two random pages we do not expect them to be
lexically similar, closely clustered, or semantically related. The
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4. SEMANTIC MAPS

To visualize the relationship between different similarity mea-
sures, let us mag. ando; into o. For any given(o., o;) coordi-
nates, averaging, is akin to precision while summing is akin to
recall. Let us definéocalizedprecision and recall as follows:

Epyq:dc(p,q)zsc,az (p.a)=s, ¢ (p,9)

P(sec, s = 3
(e, 51) Ip,q : 0c(p,q) = ¢, 01(p, q) = s1 ®

Zp,q:w(?,q):smal (p)=s5; I (. a)

* R(sc,s1) = )
Pe0s 0.02101 00‘01 ; Zp,q Os (p7 q)
Figure 2 mapsRk and P as functions of content and link simi-
Figure 1: Precision-recall plots for rankings based on various larity coordinates. The majority of semantically related pairs occur
linear combinations of content and link similarity. near the origin, as shown by the high because the distributions

of content and link similarity are so heavily skewed. However all
this relevant mass is washed away in a sea of unrelated paif5, so
near the origin is negligible. This underscores that while emphasis
on precision is a very reasonable approach for a search engine, it
costs dearly in terms of recall.

Focusing on the precision map, for very highthere is signifi-
cant noise making it hard to get a clear signal from link cues. The
many relevant pages in this region cannot be identified from link
analysis. These may be cases where authors do not know of re-

Figure 2: Semantic maps of recall R (left) and precision P lated pages or dP not want to point to the compet_ition. There are
(right) for all pairs of sample Web pages. For readability, R also many pairs in thls_reglon_ that are not sgmant_lcally related, so
is visualized on a log scale betweer0~® and 10~ or above. very higho. is not a reliable signal. For medium-high and low

o We observe a surprising basin of low precision. Such an inver-
sion likely corresponds to pairs of pages that are more semantically

3. SEMANTIC PROJECTIONS related tharr, reveals, a symptom of the limitations implicit in re-

In information retrieval the effectiveness of a document ranking ducing the ODP ontology to a particular tree. In the samenge,

system can be assessed by plotiimgcisionversusrecall, assum- ?er\/evmsal\?rg Lefiﬁhﬁls T;g{eg'ggp::kifﬂgmqa;t'icglg:;;e WZunOtZste d
ing relevant sets are known. The data collected here allows one to P gnly pages. gy sugg

evaluate how effectively Web pages are ranked based on content oﬁ Zg}ﬁl T(ear:;llp :: ttg ;]g;ﬁ :E;o;%gfg?:\?av:lth;nzglum-bughhen
link similarity by usingo s as a surrogate for relevance assessments y pages.
and each page as a query (as in “query by example™). Let us define

linear-projectedprecision and recall as follows: 5. CONCLUSION
Understanding how semantic information can be mined from the
os(p,q) content and links of Web pages is key for advancing search technol-
Pla,f) = p,q:aoy (p,q)+(1—a)oe(p,q)>B B ogy. This paper reports on the first attempt to approximate semantic

associations by mining content and link information from billions

Ip,q : aoi(p,q) + (1 — a)oc(p,q) = B _ an -
of pairs of Web pages. The preliminary results presented highlight

Z s(p,q) the importance of appropriately combining different sources of ev-
R(a,8) = P (p,9)+(1—-a)oe(p,9) 20 @) idence for page meaning. However, any simple combination of
ng (p,q) of o. ando; (linear or not) will result in both false positives and
g false negatives because of the many local optima. The approach
proposed in this paper should be validated and extended by con-
wherea is the slope of the projection line aritlis the intercept,  sidering alternative definitions of content, link or semantic similar-
which can be used as a ranking parameter. ity, different hierarchical classifications or more general ontologies,

The projected precision-recall plots in Figure 1 are based on lin- and different cues altogether.
ear combinations of the forao; 4 (1 —«a)o.. Since most of the ,
“mass” occurs near the origim{ = o; = 0), recall is visualized 6. REFERENCES
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