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3L I N K E V I D E N C E I N W I K I P E D I A

From the initial conjecture that links in Wikipedia are more semantic
than Web hyperlinks in general, we first set out to investigate whether
we can use link evidence in Wikipedia to improve ad hoc retrieval
effectiveness. Our main research question is:

• Can the link degree structure of a semantically linked document
collection be used as evidence for the relevance of ad hoc retrieval
results?

As mentioned in the previous chapter, there are many ways of ex-
ploiting link information, such as PageRank, hits, salsa and relevance
propagation, and anchor text. One characteristic of link structure that
is analysed by many link-based ranking methods is the incoming link
degree of a document, that is, the number of links pointing to a docu-
ment. As a consequence, these methods are highly correlated to link
degrees, simply because they explicitly use the number of incoming
and outgoing links in their score computation. However, they are com-
putationally more complex and harder to interpret than link degrees.
Since we are interested in the information conveyed by the link topo-
logy, a content-based relevance score propagation method would be
inappropriate, as it muddles the impact of the purely structural link
information by combining it with the text-based retrieval score. The
same holds for link anchor text, which is used for text matching, and
thus using more than just the link structure. Therefore, we will start our
investigation by looking at the link degree structure of the Wikipedia
link graph. Degree information can be obtained by simply counting
links, even when used in a query-dependent way (which is discussed
in Section 3.1.5), and is derived purely from the link structure. It is
also easy to interpret: a document with an in-degree of m has m other
documents linking to it.

We will first describe our experimental methodology, then analyse
the link degree structure of Wikipedia and its possible relation to
topical relevance. Finally, we will describe how we can incorporate link
degree evidence into our retrieval model and discuss the impact of link
evidence on retrieval effectiveness.
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46 link evidence in wikipedia

Description Value

Documents 659,388

Topics 221

Judged documents 124,322

Judged per topic 563

Relevant documents 12,107

Relevant per topic 54.78

Table 3: Statistics of the inex Wikipedia test collection

3.1 experimental set-up

This section describes the experimental set-up used throughout this
thesis.

3.1.1 Test collection

We use the inex 2006 Wikipedia collection (Denoyer and Gallinari,
2006), which is a snapshot of the English Wikipedia of early 2006, and
consists of 659,388Wikipedia articles transformed into xml format. This
snapshot is taken from a full article dump provided by the Wikimedia
foundation (Foundation, 2009). The Wikimedia dump contains only the
editable article text, without any of the navigational frames that are
automatically provided for all Wikipedia pages. The inex Wikipedia
collection contains only the encyclopedic articles of the English Wiki-
pedia, without the main entry page, discussion, history and category
pages. To evaluate retrieval effectiveness, we use a set of 221 ad hoc
topics and relevance judgements from the 2006–2007 Ad Hoc Tracks
(Fuhr et al., 2007, Malik et al., 2006). For these topics, assessors were
asked to highlight all and only relevant text in articles in the judgement
pools (Lalmas and Piwowarski, 2006, 2007). For our analysis we will
transform these to article level judgements by assuming that an article
is relevant for a topic if at least some of its content is highlighted by the
assessor of that topic. This is similar to the trec Ad Hoc methodology,
where a document is considered relevant if it contains any text relevant
to the search topic.

Some statistics of the test collection are shown in Table 3. On average,
563 out of 659,388 or 0.085%, (median 571, or 0.087%) Wikipedia articles
are judged per topic, and almost 55 are judged relevant (median 34). We
expect the Wikipedia collection to have little redundancy, because each
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topic has a single, dedicated page. In this light, the pools are very deep.
The task of highlighting relevant text ensured that assessors carefully
read the whole document and made it hard for them to accidentally
label a document relevant when it was not. The large number of topics
ensures that observed results are fairly stable, even for early precision
measures (Buckley and Voorhees, 2004). Pal et al. (2008, 2010) looked
at the stability and error rates of system rankings using the inex 2007

Ad Hoc topics and judgements and 62 runs for the Focused Task,
and found that reducing the pool size of each topic by 20%—that is,
randomly removing 20% of the judged relevant text—would lead to
system rankings that are very similar to those using the full judgements.
Even for extremely early precision measures, which are less stable than
measures taking a larger part of the ranking into account, the system
rank correlation between using 100% and 80% of the judgements is
still above 0.9 over 62 runs and 107 topics. In other words, the pools
could have been less deep and still led to the same system ranking. This
means that the inex Ad Hoc pools are deep enough to obtain reliable
evaluation results. We use 221 topics, including the 107 used by Pal et
al., and therefore expect the evaluation results to be very stable and
reliable even for early precision measures.

3.1.2 Index

Although the inex 2006 Wikipedia collection was created for the pur-
pose of evaluation focused retrieval techniques, we want to look at
the impact of link evidence on effectiveness of retrieving whole docu-
ments. To this end, we stripped all xml markup from the documents
and removed stopwords before indexing. No stemming was done. For
indexing we use our own language model extension (ilps, 2005) of
Lucene (Lucene, 2010) (see Section 3.1.4).

3.1.3 Links

We only use the links between the encyclopedic articles; all other links
to external Web pages are ignored. The main reasons are that these
external Web pages are not part of the collection, and they are not open
to the same collaborative editing environment. The link graph consists
of 17,014,573 collection-internal links. Some of these are repeated links,
that is, there are multiple links going from page A to page B. We treat
repeated links as a single directed connection between two articles,
which gives us a total of 13,602,613 links. With 659,388 articles, this
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means each article has on average 13,602,613
659,388 = 20.63 incoming links.

Because each link has a source article and a destination article, the
average number of incoming links is the same the average number of
outgoing links: the average outgoing link degree is also 20.63.

3.1.4 Retrieval model

In this thesis we run retrieval experiments using the language model-
ling framework Ponte and Croft (1998). In this framework, a separate
language model of each document is used to calculate the probability
that the language model of a documents generates the query. The as-
sumption is that the probability of generating the query typed by the
user reflects how well a document matches a query. Documents are
ranked in descending order of their probabilities. We use a language
model extension of Lucene (an open source document retrieval toolkit,
see ILPS (2005)), i.e., for a collection D, document d and query q:

P(d|q) = P(d) ·∏
t∈q

((1− λ) · P(t|D) + λ · P(t|d)) ,

where P(t|d) =
freq(t,d)
|d| , P(t|D) =

freq(t,D)
∑d′∈D |d|

and P(d) is a document
prior probability. For ad hoc retrieval, where document length was
found to have a linear relationship with relevance (Singhal et al., 1996),

we use a document length prior, P(d) = |d|β
∑d′∈D |d′ |β

. where β controls

the impact of the document length. For our experiments we have used
λ = 0.15 and β = 1 throughout. Our implementation of the model
calculates ranking-equivalent logs of the probabilities (Hiemstra, 2001).
We take the exponent to get a score resembling a probability.

3.1.5 Global and local link evidence

Throughout this thesis we will discuss link evidence on two levels:

Global: at this level, we consider the entire link graph of the collection
for evidence: for instance, the global in-degree of a document d is the
total number of links in the collection pointing to d.

Local: at this level, we consider the link graph of a subset of the
collection for evidence: for instance, the local in-degree of a document
d is the total number of links from document in the subset pointing
to d. This subset contains the highest ranked documents retrieved for
a given query.
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Figure 3: Example global and local link graphs.

The most important difference between global and local link evidence
is that global evidence is query-independent while local evidence is
query-dependent. For a document retrieved for two queries, the global
link evidence will be the same, but the local link evidence is (probably)
different for the two queries. As an example, consider the global link
graph G(N ,L) with nodes or documents N = (1, 2, 3, 4) and edges or
links L = ((l1,3), (l1,4), (l2,4), (l3,4), (l4,3)) where li,j means there is a link
from document di to dj (see left side of Figure 3). The full collection
consists of documents 1 to 4. For a query qi, documents 1, 3 and 4 are
retrieved. The local graph Gi for query qi consists of the documents 1, 3

and 4, and the links between them (middle of Figure 3). For query qj,
documents 1, 2 and 3 are retrieved, leading to the local graph Gj (right
of Figure 3).

The two queries lead to very different local graphs. In global graph
G, documents 1 and 2 have an in-degree of zero, document 3 has an
in-degree of 2 and document 4 has an in-degree of 3. In local graph Gi,
document 1 has an in-degree of zero, while documents 3 and 4 both
have an in-degree of 2. In local graph Gj, documents 1 and 2 have an
in-degree of zero and document 3 has an in-degree of 1. Obviously,
documents with zero in-degree in the global graph will also have zero
in-degree in any local graph. The local graph is a subset of the global
graph. This means the local degree can never exceed the global degree.
However, for documents with a global in-degree of at least 1, the local
in-degree for a given query is determined by the subset of documents
retrieved for that query.

The degrees are based on a set of documents; the local link degrees
are a product of the set of documents that form the local set, and is
not affected by how those documents are ordered. The local graph
is the same whether we ranked the documents for qi as 1, 3, 4 or
as 3, 4, 1. Only when the composition of the local set changes—by
adding, removing or substituting documents in the set—can the degree
structure change.
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There are three factors that determine the composition of the local
set. We already mentioned the query. Different queries lead to different
document rankings, thus to different local sets. The second factor is
the retrieval model that produces the ranking. The document ranking
produced by a standard language model can be very different from the
ranking of, say, a bm25 model (an alternative retrieval model, described
in Robertson et al. (1994)). Any change made to a model—by changing a
parameter, switching from unstemmed to stemmed indexes, expanding
the query—can and often will result in a different ranking and, as a
consequence, to a possibly different local graph with different degrees.
Although the choice of model will affect the degrees, we want to study
the nature of links irrespective of the chosen model, and will limit our
experiments to using the model described above.

The third factor that affects the composition of the local set and the
associated local link graph is the number of documents we consider
for the local set. Since we are concerned with using link information
to improve relevance ranking, we might want to focus our local link
evidence on relevant pages. By taking into account only the links
between documents retrieved for a given query, we effectively filter the
link graph to retain only links related to the topic of the query.

Kleinberg (1999), argues that the local set on which hits (described
in Section 2.3.6.2) is used should have the following three properties:
it should i) be relatively small, ii) be rich in relevant pages and iii)
contain most (or many) of the strongest authorities. Larger sets have
more links but less focus on the search topic, and tend to require more
computation. The hits algorithm usually starts with a base set of the
top 200 documents, which is expanded by adding documents that
are connected to those top 200 documents, resulting in a local set of
1000-5000 documents.

Kleinberg also makes a distinction between broad-topic queries and
specific queries. For specific queries, there are only a few pages that
contain the required information, whereas for broad topics the Web
contains many thousands of relevant pages. The hits algorithm was
designed to identify the most authoritative pages among those thou-
sands of relevant documents. In typical ad hoc retrieval tasks, the topics
tend to be more specific, and the number of relevant documents is
much lower: tens or hundreds, instead of thousands. The challenge is
to identify all relevant documents, or at least as many as possible. We
already saw that the inex Ad Hoc topics have 55 relevant documents on
average (Table 3). Clearly, a set of 1000-5000 Wikipedia articles would
not be rich in relevant articles.
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We choose as the local set the top 100 retrieved documents. Although
this set will have some non-relevant documents, it will be relatively rich
in relevant documents and some of the non-relevant ones might still be
tangentially related to the search topic and have links to the relevant
documents. If we make the set much smaller, say, top 10 or 20, there
will be hardly any links in the set and the impact will be small. If we
use more results, we get more links, thus more evidence. But the quality
of the local set (how closely the documents in the set are related to the
topic) converges towards to quality of the global set as the size of the
local set grows. Of course, there will be differences between individual
topics. Some topics have only a handful of relevant documents, while
others might have several hundreds. Based on experiments, we found
the top 100 results to be a suitable level of focus for our research
questions. Our goal is not to find the optimal size of the local set, but
to understand the nature of local and global links.

3.2 analysis of wikipedia link structure

In this section, we analyse the link structure of Wikipedia. More spe-
cifically, we look at the incoming and outgoing link degree of Wikipedia
articles.

3.2.1 Degree distribution

Is the link structure of Wikipedia different from the link structure of
the Web? Recall that the mechanisms of generating links in Wikipedia
are unlike those of the larger Web. Does the encyclopedic organisation,
where there is little redundant information, put a bound on the number
of incoming links? Does the organisation in mono-topical entries or
lemmas restrict the number of outgoing links? We look at the number
of different incoming links (in-degree) and the number of outgoing
links (out-degree).

Figure 4 shows the incoming and outgoing link degree distributions
of Wikipedia. Because few pages have a high in-degree (data sparsity),
we use the complementary cumulative distribution function (ccdf) to
obtain a smooth curve. The ccdf shows at each particular degree x, the
prior probability P(X ≥ x) of an article having a degree of at least x.
For example, if 25 out of 100 articles have 10 or more incoming links,
the prior probability of an article having at least 10 incoming links is
P(X ≥ 10) = 25

100 = 0.25. All articles necessarily have an in-degree of
X ≥ 1, so P(X ≥ 0) = 1. Note that strictly speaking, the ccdf is a
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Figure 4: Cumulative distribution of link in-degree and out-degree dis-
tribution over 659,388pages in the inex Wikipedia collection

continuous function while the degrees form a discrete distribution. The
resulting probability distribution is therefore also discrete. Because we
plot on the log-log scale, x = 0 cannot be shown (the log of zero is −∞).
For all figures with degree distribution we therefore assume that each
page has a self-referencing link. From a navigational perspective, link
degrees reflect the accessibility of pages (the number of pages that can
be reached from a particular page or the number of pages from which
a particular page can be reached). Since any page can be reached from
itself, all pages can be said to have a minimum in- and out-degree of
one. We use this assumption and plot X + 1 ≥ x so that articles with
no incoming links are visible in the figures.

The in-degree is shown on the top, and the out-degree is shown
on the bottom. Both curves approximate straight lines on the log-log
scale, suggesting a power law distribution—the number of documents
with a certain degree are a power of that degree1—that is familiar
from the Web at large (Faloutsos et al., 1999). This is also in line with
earlier studies of the link structure of Wikipedia (Bellomi and Bonato,
2005, Capocci et al., 2006, Voss, 2005) and the idea that Wikipedia link
generation adheres to the notion of preferential attachment (Barabási
and Albert (1999), see Section 2.2.4). In an encyclopedic collection,
preferential attachment can be linguistically motivated through term
statistics; encyclopedic entries about very general concepts will have

1 The power law distribution is actually given by the Probability Distribution Function
P(X = x) which often has a ‘messy’ tail. For reasons mentioned above, we plot the ccdf

P(X ≥ x)
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a high in-degree because these concepts are mentioned often. The flat
part of the distribution at the low out-degrees can be explained by
the general rule in Wikipedia that articles with few outgoing links
should either be extended or deleted. Zlatic et al. (2006) found power
law exponents of γ = 2.21 for the in-degree distribution and γ = 2.65
for the out-degree distribution of the English Wikipedia of January
2005. The higher exponent of the out-degree means the out-degree
distribution follows a line that falls faster than that of the in-degree,
which is the same in our data. Buriol et al. (2006) analysed the in-
degree distributions of 17 snapshots of the English Wikipedia between
January 2002 and April 2006 and found that the power law exponent is
remarkably stable, around γ = 2.00. The in-degree distribution shows a
straight line from the the lowest degree all the way down, while the out-
degree distribution is flat at the low degrees and starts to fall rapidly
at degrees higher than 10. This means that most articles have at least a
handful of outgoing links. The highest out-degree is much lower than
the highest in-degree. There are two aspects of the guidelines that can
help explain this difference. First is the guideline on long articles, which
states that very long entries should be split up into multiple shorter
entries.2 This puts a natural curb on the number of outgoing links an
article can have. The second guideline warns against overlinking—the
creation of obvious, redundant and useless links—and underlinking, in
which case an article is not linked to related articles that help readers
understanding the article and its context.3 Incoming links on the other
hand have no such restrictions. An article that provides relevant context
for many other articles can and often will be linked from all those
articles. In the rest of this chapter, we focus on in-degrees.

What is the degree distribution of relevant pages? Figure 5 plots the
ccdf for the whole collection and for the subset of articles relevant
for any of the 221 inex 2006–2007 topics. We see a straight line again,
suggesting another power law distribution. The relevant pages are
also spread across the degree distribution, showing that both pages
with low and high in-degree can be relevant. However, the slope of
the distribution of relevant pages is less steep. This means the set of
relevant pages is less dominated by pages with low in-degree.

2 See http://en.wikipedia.org/wiki/Wikipedia:Splitting.
3 See http://en.wikipedia.org/wiki/Wikipedia:Linking.

http://en.wikipedia.org/wiki/Wikipedia:Splitting
http://en.wikipedia.org/wiki/Wikipedia:Linking
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Figure 5: Link in-degree ccdf of the entire Wikipedia collection and the
12,107 “relevant” pages.

3.2.2 Local degree distribution

So far, we have looked at global evidence provided by the absolute
number of links. We now zoom in on local evidence provided by the
number of links among a subset of local pages. We used our baseline
text retrieval system (discussed in detail in Section 3.1) to find the top
100 matching Wikipedia articles for each of the 221 topics. We treat
these pages as local context, as they are more focused on the topic, and
only consider links between pages in this subset and ignore all further
links. By restricting our view to the local context, a large fraction of
these local links should relate to the topic at hand. Is this local structure
different from the global link structure investigated above?

For the 221 topics, a total of 22,016 articles are retrieved, of which
4,796 are relevant. The local degree distribution is shown in Figure 6.
Again, the plot suggests a power law distribution, similar to the finding
of Dill et al. (2002). They selected subgraphs of the Web based on
domain restrictions or the occurrence of keywords and found that
topically focused subsets have similar degree distributions as the overall
set of Web pages in their collection. Chakrabarti et al. (2002) used the
dmoz (dmoz, 2010) classification to study the degree distribution of
pages in topic-specific subsets of Web pages and found that the degrees
followed a power law distribution. The Wikipedia link structure shows
no fundamental difference with the Web in this respect.

In the same Figure 6, we zoom in on only those top 100 retrieved
articles which are relevant for their respective topics. Here we see
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Figure 6: Wikipedia local link in-degree ccdf of 22,016 local pages and
of 4,796 local relevant pages.

a similar distribution which also shows that both low and high in-
degree pages can be relevant: local in-degree is not absolute evidence of
relevance. Again, the degree distribution of the relevant pages diverges
from the the distribution over all pages at higher degrees. Within the
set of retrieved relevant pages, there are relatively few pages with low
in-degree.

3.2.3 Prior probability of relevance

Above, we saw that neither global nor local in-degree provides absolute
evidence of relevance. But can global or local in-degree be used as
a (possibly weak) indicator of relevance? That is, if we would know
nothing more of a page than its global or local in-degree, can we make
an educated guess about the relevance of the page?

For a page of a given in-degree, we can calculate the prior probability
that it is relevant (with respect to at least one of the inex topics). We
do this as follows. We used the cumulative degree distribution of the
relevant pages to determine the data points. At each data point (x, y),
we divide the number of relevant pages having a degree X≥x by the
total number of pages having a degree X≥x:

P(R|X≥x) =
|{Xrel≥x}|
|{X≥x}|
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Figure 8: Prior probability of relevance of Wikipedia local in-degree.

where Xrel is the degree of relevant documents. If in-degree is positively
related to relevance, we expect to see the prior probability of relevance
increase as the in-degree increases.

In Figure 7 we see the prior probability of relevance of global in-
degree. We see a clear increase in the prior probability of relevance
with increasing global in-degree. Although there are more relevant
pages with a low in-degree than with high in-degree (as was shown in
Figure 5), this number is dwarfed by the total number of pages with
a low in-degree (as shown in Figure 4), leading to a relatively low
prior probability of relevance—around 0.0001. Conversely, although the
number of relevant pages with a high in-degree is modest, this is still
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a substantial fraction of all the pages with a high in-degree—around
0.004.

We do the same analysis for the local in-degree, shown in Figure 8.
The prior probability of relevance also clearly increases with local in-
degree. Again, although the absolute number of relevant pages with a
low local in-degree is higher (as shown in Figure 6), a larger fraction
of pages with a high local in-degree is relevant. The prior probability
of relevance rises from 0.22 to around 0.85 for pages with a high local
in-degree.

Of course, the local degree probabilities of relevance are much higher
than the global degree probabilities. The local set is based on the
text-based relevance score and is therefore much richer in relevant
pages—22% of all pages in the local set is relevant while only 0.008%
of the pages in the entire collection is relevant for a single topic.

3.2.4 Naive reranking

We selected one topic to look in detail at what happens to the top results
when naively reranked by in-degree. Topic 339 has title Toy Story, and
is about the computer animated movie from 1995. We compare the
top 10 articles of the baseline run with the top 10 articles ranked by
global and local in-degrees in Table 4. The top 10 results of the baseline
(top left) and global all (top right) are based on all retrieved results
(all documents that match the query to some extent). The bottom two
lists are based on the top 100 results ranked by the baseline, and are
reranked by global in-degree (bottom left) and local in-degree (bottom
right). The top 10 articles of the baseline are clearly focused on the
topic. Three articles are about the Toy Story films, one about a character
from the films (Buzz Lightyear) and a few about people and companies
involved in making the films (Joe Ranft, Andrew Stanton, John Lasseter
and Pixar). Although the Toy Story 2 article is judged as not relevant, it
is closely related to the search topic.

The top 10 articles based on global in-degree are all articles with
extremely high in-degrees that are completely off-topic. There are many
articles containing either of the terms Toy and Story and most of them
will be irrelevant. This top 10 gives a good insight into what type of
articles have high in-degrees. Many Wikipedia articles mention dates
and locations. Link bots automatically add links to articles about these
dates and countries, resulting in high in-degrees for the date and
country pages. If we use the in-degree to rank all results matching the
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Title Baseline Title Global all

Toy Story 2 7.84e-08 2005 44,025

Toy Story 7.07e-08 2002 27,780

Buzz Lightyear 6.18e-08 Japan 22,280

Toy Story 3 6.14e-08 Australia 20,405

List of Disney animated
features’ titles in vari-
ouslanguages [sic]

5.44e-08 1980 13,700

Pixar 3.07e-08 New York City 13,661

Joe Ranft 1.66e-08 India 13,318

Andrew Stanton 1.51e-08 1983 13,105

Little Bo Peep 1.21e-08 1975 12,209

John Lasseter 1.14e-08 1969 11,429

Title Global top 100 Title Local top 100

Toy 331 Toy Story 34

Computer-generated
imagery

310 Toy Story 2 26

Pixar 177 Pixar 20

G.I. Joe 164 Toy 15

Transformers series 121 Monsters, Inc. 9

Toy Story 109 Buzz Lightyear 9

Aladdin (1992 film) 106 John Lasseter 7

Monsters, Inc. 79 Cars (film) 6

Toy Story 2 61 John Ratzenberger 6

Tim Allen 54 Computer-generated
imagery

6

Table 4: Top 10 Wikipedia articles for topic 339 “Toy Story” ranked by
content baseline (top left), global in-degree over all retrieved res-
ults (top right), global in-degree over baseline top 100 (bottom
left) and local in-degree over baseline top 100 (bottom right)
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query, the top of the ranked list is infiltrated by important but off-topic
articles about countries and dates.

With infiltration we mean that articles for which there is little query-
dependent evidence are pushed high up the ranking because the query-
independent evidence indicates these articles are very important or of
high quality. This happens when query-independent evidence dom-
inates query-dependent evidence. If the score distribution for some
query-independent feature is highly skewed, straightforward imple-
mentation of that feature will radically alter the ranking. This is the
case with the global degrees, where many articles have no or only few
incoming links and some articles have thousands of incoming links.
Even if a completely off-topic article has a very low text-based score, if
it has a very high in-degree, the in-degree prior will push this article to
the top of the ranking.

If we restrict the reranking on global in-degrees to the top 100 results
of the baseline run (bottom left of Table 4), we keep more focus on
the topic. The top 10 ranked by global in-degree now contains several
on-topic and related articles, but there is still a strong widening of
scope; the top ranked article Toy shows infiltration is still a problem.

If we instead use only the links between the articles in the top 100

to rerank results (bottom right of Table 4), the top 10 results are much
more focused on the topic. The first result, Toy Story, is clearly on-topic
(and judged relevant) and has swapped position with Toy Story 2 which
is ranked first by the baseline. Several other articles in the list are closely
related as well. However, we still see some infiltration. The article Toy
has quite a few incoming links from other articles in the top 100 results,
but the effect is much smaller than with the global degrees.

This qualitative analysis suggests that global and local in-degree are
weak indicators of relevance. Therefore, in re-ranking, their weight
should be small compared to the weight of the content-based retrieval
score.

Summarising, our analysis of the link structure reveals that the Wiki-
pedia link structure is a (possibly weak) indicator of relevance of Wiki
pages. A naive re-ranking based on only global or local in-degree is not
effective: it leads to infiltration by important but off-topic pages.

3.3 incorporating link evidence

In this section, we discuss how link evidence can be incorporated in
our retrieval model.
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3.3.1 Link degree priors

Recall from Section 3.1 that we use a document length prior in our
retrieval model. We can treat the link in-degree as another prior prob-
ability and incorporate this as a second prior in computing the final
relevance score:

P(d|q) = Plink(d) · Plength(d) ·∏
t∈q

((1− λ) · P(t|D) + λ · P(t|d))

where Plink(d) is the in-degree (global or local) of document d. In Sec-
tion 3.2.3 we computed the prior probability of relevance for in-degrees,
which we could also use as probabilities instead of the degrees them-
selves. Experiments have shown their impact is similar to using degrees,
so there is no clear advantage of using the probabilities of relevance
over using the degrees themselves as priors. A disadvantage of using
the probabilities of relevance is that in many situations, relevance in-
formation will not be available, whereas degree information is. On top
of that, if we use probabilities trained on relevance information, it is
harder to interpret the impact of link evidence on retrieval performance.
We will for convenience refer to the link evidence as a prior probability,
even though we do not transform the degrees into a probability distri-
bution. Note that we can turn any prior into a probability distribution
by multiplying it with a constant factor 1

Σd∈DPrior(d) , leading to the same
ranking.

The qualitative analysis in the previous section suggests we need to
be careful when incorporating link evidence. We do not want to retrieve
pages that only have a high link score, i.e., pages that may be important
overall but unrelated to the topic of request. Hence, we experiment with
using the link degrees as real priors, i.e., apply them to all retrieved
results, as well as using them to re-rank the top 100 results alone. The
latter is a safe-guard against infiltration of important pages from far
down the ranking.

3.3.2 Baseline

Our baseline is the retrieval model described in Section 3.1.4 without
using link evidence. To explain the impact of the link evidence, we
look again in detail at Topic 339 and the effects of the priors on the top
10 articles. In the upper left corner of Table 5 the titles of the top 10

retrieved Wikipedia articles for the baseline run are repeated for easy
comparison.
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Baseline run Global in-degree prior

Toy Story 2 Toy Story

Toy Story 2002

Buzz Lightyear Pixar

Toy Story 3 Toy Story 2

List of Disney animated features’ titles in
various languages

2005

Pixar 1980s

Joe Ranft 1970s

Andrew Stanton Television

Little Bo Peep 1975

John Lasseter 1990s

Global top 100 in-degree prior Local top 100 in-degree prior

Toy Story 2 Toy Story

List of Disney animated features’ titles in
variouslanguages

Toy Story 2

Toy Story Pixar

Pixar Buzz Lightyear

Buzz Lightyear Toy Story 3

Toy Story 3 John Lasseter

Joe Ranft Andrew Stanton

Secret Wars List of Disney animated features’ titles in
variouslanguages

G.I. Joe Joe Ranft

Modern animation of the United States Cars (film)

Table 5: Top 10 Wikipedia articles for topic 339 “Toy Story”

3.3.3 Global in-degree

The global in-degree prior is proportional to the global degree of an
article:

PGlob(d) ∝ 1 + global(d)

Our qualitative analysis of a single topic showed that even in combin-
ation with the text-based retrieval score, the global degrees still lead
to infiltration. Therefore, we also experiment with a conservative log
global in-degree prior:

PLogGlob(d) ∝ 1 + log(1 + global(d))
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Inspecting our running example immediately confirms that we need
to be careful when incorporating global link evidence. In the upper
right corner of Table 5, we see that the combination of retrieval score
and global in-degree prior has pushed the article Toy Story to the top of
the ranking. But it has also pushed up many important but off-topic
articles. As expected, using the global degree on all retrieved results
leads to infiltration. In the bottom left corner we see the impact of the
global in-degree prior on the ranking of the top 100 results. The top of
the ranking suffers much less from infiltration, and the ranking stays
more focused on the topic. But the article Toy Story is pushed down
one rank in favour of the only vaguely related List of Disney animated
features’ titles in variouslanguages [sic] and there are still some unrelated
articles pushed to the top, such as Secret Wars and G.I. Joe. The impact
of the global in-degree is still too big.

3.3.4 Local in-degree

The local in-degree prior is proportional to the local degree of an article:

PLoc(d) ∝ 1 + local(d)

Alternatively, we use a conservative log local in-degree prior:

PLogLoc(d) ∝ 1 + log(1 + local(d))

The local link graph and the local degrees are query dependent. There-
fore, the prior is PLoc(d) is not actually a prior, but another P(d|q).

When we combine the retrieval scores and local in-degrees (bottom
left of Table 5), the non-relevant article Toy Story 2 and the relevant art-
icle Toy Story swap places. The relevant article Pixar is also pushed up.
The reranking based on local in-degrees alone suffered from infiltration,
but the combination of the local in-degree prior and the content-based
score pushes the articles List of Disney animated features’ titles in vari-
ouslanguages and Little Bo Peep down in favour of articles about the
creators of the film. Average precision increases from 0.1434 to 0.2545.

3.4 experimental results

In this section we discuss the results of using the degree priors for an
ad hoc document retrieval task.

We report Mean Average Precision (map), Mean Reciprocal Rank
(mrr), Precision at rank 10 (P@10) and Precision at rank 30 (P@30).
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Run id map mrr P@10 P@30

Baseline 0.3157 0.8119 0.4937 0.3621

All results:

Global 0.2306
•

0.7737
◦

0.4041
•

0.2786
•

Log Global 0.3180 0.8341•◦ 0.4986 0.3627

Top 100:

Global 0.2871
•

0.7899 0.4439
•

0.3376
•

Log Global 0.3192
◦ 0.8341•◦ 0.4986 0.3626

Local 0.3272• 0.8249 0.5081◦ 0.3769•

Log Local 0.3243
•

0.8288
◦

0.5009
◦

0.3727
•

Table 6: Results of using link evidence on the 221 ad hoc topics of
the inex 2006-2007 Ad Hoc tasks. Best scores are in bold-face.
Significance levels are 0.05 (◦), 0.01 (•◦) and 0.001 (•), bootstrap,
one-tailed.

To determine whether the observed differences between two retrieval
approaches are statistically significant, we used the bootstrap method,
a non-parametric inference test (Efron, 1979, Savoy, 1997). We take
100,000 resamples and look for significant improvements (one-tailed)
at significance levels of 0.95 (◦), 0.99 (•◦) and 0.999 (•). The results are
shown in Table 6.

As expected, the global in-degree prior has a disastrous effect on the
relevance ranking when applied to all retrieved results. The extreme
differences in degree seem to dominate in the final ranking and lead to
a highly significant decrease in performance. The log of the degrees has
a much flatter distribution and therefore a much smaller impact. At the
top, the ranking even improves slightly, with a significant improvement
in mrr. Gently pushing up the most cited article in the top clearly has
a positive effect. The increase in performance becomes smaller as we
go down the ranking. At rank 30 the impact on precision is negligible.

If we use the normal (non log) global degrees to only re-rank the top
100 retrieved results, performance drops significantly for all measures.
The amount of infiltration is reduced compared to when applying the
degree priors on all retrieved results, but is still severe. With the log
degree priors we again see a significant improvement in mrr—in fact,
the improvement is exactly the same as that of the log priors used on
all retrieved results. The improvements in the top of the ranking now
lead to a small but significant improvement in map.
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The local degree priors improve the ranking according to all reported
measures. Although the improvements in mrr are small and not signific-
ant, the improvement in precision up to rank 10 is larger and significant.
Up to rank 30, the improvement in precision is even bigger and more
significant, leading to a significant improvement in average precision.
The combination of text-based score and local in-degree gives a better
relevance ranking than the text-based score alone. This shows that local
link evidence is complementary to text-based evidence. Curbing the
local in-degree prior by taking the log reduces this complementary,
positive impact. The relationship between local in-degree and relevance
is strong enough to be used linearly as evidence.

This is in direct contrast to the results of the trec Web Tracks of
1999 and 2000, but more in line with the early expectations of the Web
Track participants. Links in Wikipedia seem to better reflect the topical
relation between pages than hyperlinks between Web pages in general.
These findings finally provide us with a new and possibly more fruitful
way to analyse when and why links are effective and ultimately with a
better understanding of the value of hyperlinks for retrieval.

3.4.1 Per topic analysis

The qualitative analysis of the Toy Story example is only anecdotal, to
illustrate the problem of infiltration. The question remains whether it is
illustrative of the general behaviour of link degrees. In this section, we
analyse the impact of the link degrees on the scores reported in Table 6.
For how many topics does the global degree affect early and overall
precision? How often does the ranking improve with local degrees?
Table 7 shows the number of topics for which average precision (AveP,
see Section 2.1.2.3) and P@10 goes up, down or stays the same as a
consequence of using link evidence.

We first look at the normal degree priors. The average precision
per topic (AveP) almost always changes. Only for a few topics the
average precision stays the same. The global degrees affect the average
precision of all topics. Over all results, they improve performance on 43

topics (19%) and hurt performance on 178 topics (81%), hence, over all
topics, map decreases. Using global degrees on all results leads to major
infiltration. Over the top 100 results, the results are slightly better, but
still performance drops for the majority (65%) of the topics. The local
degrees improve the ranking for 66% of the topics and thereby the map.
Infiltration is much less of a problem using local degrees, although still
present, given that performance drops for 74 topics.
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AveP P@10

Measure ↑ ↓ = ↑ ↓ =

Global all 43 178 0 42 120 59

Global top 100 77 144 0 46 100 75

Local top 100 146 74 1 66 48 107

Log Global all 125 94 2 43 33 145

Log Global top 100 127 87 7 43 33 145

Log Local top 100 163 54 4 41 27 153

Table 7: Per topic comparison of baseline and link evidence runs, show-
ing the number of topics for which in-degree evidence scores
are better, worse or tied with the baseline scores.

Up to rank 10, the impact of the degrees is smaller. The number of
topics for which P@10 changes is bigger for the global degrees than for
the local degrees, and bigger when re-ranking all results than when
re-ranking only the top 100. This is not surprising given the much
larger variation in the global degree priors. The highest global degree
is much higher than the highest local degree, while they have the same
minimum. The more results we re-rank, the more impact on the top of
the ranking. Apart from that, the pattern is the same as for AveP. The
problem of infiltration becomes smaller as we make the link evidence
more sensitive to the topical context.

The log of the degrees curbs the impact of link evidence, which is
especially clear for P@10. For the majority of topics, the P@10 score
stays the same. The log compresses the range of the degree priors, so
that the ranking changes only subtly. Interestingly, the global degrees
lead to more improvements (43) than the local degrees (41). For AveP,
global and local degrees improve performance for the majority of the
topics, but the local degree does substantially better. It is also clear that
the log of the global degree is insensitive to the context in which it is
used. Whether we re-rank all results or only the top 100, the impact is
very similar for AveP and exactly the same for P@10.

We analyse the top results for three topics with the largest drop in
average precision due to the local degree priors.

• Topic 381 is titled ubiquitous computing and application. The average
precision drops from 0.4340 to 0.3163. In the top results, the relevant
articles change from ranks 1, 2, 3, 6, 7, 8 to 1, 4, 6, 7, 8, 15 because
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Computer and Wearable computer infiltrate from ranks 10 and 9 to rank
2 and 3 (some other changes occur as well, but have a smaller impact).
A user might consider the article Computer irrelevant because it is too
general, but the article Wearable computer does not seem like a bad
result.

• Topic 471 is titled Three greatest river +Japan. The AveP drops from
0.4167 to 0.2562. The relevant articles change from ranks 2, 3, 6 to 4,
5, 8 because Japan and River infiltrate from ranks 22 and 12 to ranks 1

and 2. Again, these infiltrations are not obvious. When a user looking
for the three greatest rivers of Japan sees the title Japan in a list of
search results from Wikipedia, it is plausible that she considers it a
promising result and clicks through to see if it contains information
on Japan’s three greatest rivers. An encyclopedia article titled River
is more easily considered too general.

• Topic 344 is titled xml database. The AveP drops from 0.3262 to 0.2260.
The first relevant article changes from rank 1 to rank 2 because
Database infiltrates from rank 8 to rank 1. From the title, it is not
clear that the article Database contains no relevant information on
xml databases.

The failure analysis of these topics shows that local degrees still lead
to infiltration, although the infiltrating articles are often tangentially or
even closely related to the search topic. This illustrates the fragility of
relevance ranking. The textual evidence also ranks closely related but
irrelevant documents highly. Although the local link evidence seems to
focus fairly well on the search topic, the link structure remains blind to
the precise content and nature of the query and sometimes fails to pick
out only the right documents.

3.5 discussion

In Section 3.2.3 we saw that both global and local link in-degrees are
related to relevance, yet global link evidence is hardly effective for ad
hoc retrieval. In fact, Figures 7 and 8 suggest that global in-degree has
a stronger relation with probability of relevance than local in-degree.
Why then is this not reflected by their impact on the relevance ranking?
The most important documents, that is, the documents with the largest
number of incoming links, have the highest prior probability of being
relevant, but in a search task that requires finding all topically relevant
documents, many important but non-relevant documents will also
be pushed to the top of the ranking by the global in-degree. From
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the results in Table 6 it seems clear that link evidence must be made
sensitive to the topic to be made effective for identifying topically
relevant documents.

The global degree distribution showed that most documents have a
very low in-degree and only a few have a very high in-degree. Because
of the sparsity at the high end, only a few articles have to be relevant for
one or more topics to attain a high prior probability of relevance, but
the signal is very weak. The signal of the local degrees is stronger, as
reflected by the higher absolute probabilities. Close to local in-degrees
of 100, the prior probability of being relevant is close to 1. In other
words, a very high local in-degree means we can be almost certain that
an article is relevant.

3.6 conclusions

In this chapter we described our experimental set-up and ran initial
experiments to address the question:

• Can the link degree structure of a semantically linked document
collection be used as evidence for the relevance of ad hoc retrieval
results?

We first looked at the degree distributions of incoming and outgoing
links and found that both global and local degree distributions adhere
to a power law. The in-degrees of the relevant pages have similar
distributions, but with a less steep slope. We then analysed the relation
between link in-degree and relevance. From the degree distributions
over all pages and only the relevant pages, we computed the prior
probability of relevance over in-degrees and found that both global and
local in-degrees are related to relevance. A higher in-degree means a
document has a higher prior probability of being relevant. This relation
could be exploited in the ranking of retrieval results.

By looking at the impact of ranking by in-degree on an example topic,
we identified the problem of infiltration of pages with high in-degree
that are not related to the search topic. This problem is larger for global
degrees than for local degrees, because local degrees are more sensitive
to the topical context.

The second part of this chapter described a retrieval experiment using
the inex Ad Hoc topics, with the aim of establishing the effectiveness
of link evidence for ranking retrieval results. We used the in-degrees
as prior probabilities in our language model and found that global
in-degrees lead to a decrease in performance unless curbed by taking
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the log of the in-degree. The local degrees keep more focus on the topic
and lead to significant improvements on early and overall precision.
Because they are filtered on the search topic, there is no need to curb
their impact by using the log of the degrees.

A more in-depth analysis of a few topics for which the local degrees
hurt performance showed that some articles with high local in-degree
contain no relevant text (and are therefore judged irrelevant) even
though they are closely related to the topic. Even the local, query-
dependent link structure is blind to the precise content of the query,
and as a result, promotes some articles that are related to many of the
top ranked articles, but not relevant to the topic of request.

Our main finding is that we have found link evidence to be effective
for improving ad hoc retrieval in Wikipedia. This positive impact of
link evidence matches the initial expectations of the trec Web Track
organisers and participants but lives in contention with their findings.
In the Web, links were found ineffective for ad hoc retrieval, but very
effective for other search tasks. This discrepancy urges us to compare
the link structure of Wikipedia with that of the larger Web to see if
the difference in impact on retrieval can be attributed to structural
differences in their link graphs.




