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results
expert finding task of TREC Enterprise track

2005 2006 2007

model MAP P@10 MRR MAP P@10 MRR MAP P@10 MRR

1 0.1883 0.3060 0.4692 0.3206 0.5510 0.7264 0.3700 0.1260 0.5303

2 0.2053 0.3000 0.6088 0.4660 0.7388 0.9354 0.4137 0.1620 0.5666

less attention.
As part of the TREC 2007 Blog track [6] a new task was intro-

duced: feed distillation. The aim of this task is to return a ranking of
blogs rather than individual posts given a topic; this is summarized as
find me a blog with a principle, recurring interest in X. The scenario
underlying this task is that of a user wanting to add feeds of blogs
about a certain topic to his or her RSS reader. This task is different
from a filtering task [11] in which a user issues a repeating search on
posts, constructing a feed from the results.

Prior to TREC 2007 the interest in identifying key blogs was lim-
ited. Fujimura et al. [3] propose a multi-faceted blog search engine
that allows users to search for blogs and posts. One of the options is
to use the blogger filter: the search results (blog posts) are clustered
by blog and the user is presented with a list of blogs that contain one
or more relevant posts. Ranking of the blogs is done based on the
EigenRumor algorithm [2]; in contrast to our method, this algorithm
is query-independent.

TREC 2007 witnessed a broad range of approaches to the task of
identifying key blogs. Seki et al. [12] experiment with the idea that
over time each blog post of a relevant blog should be relevant to the
given topic, which they implement in a two-stage retrieval model.
A very different approach is tested in [4]; the method uses Web 2.0
applications and thesauri (like Wikipedia, WordNet, Dmoz, etc.) to
generate topic maps. After an initial retrieval run against an index
consisting of the RSS content (rather than the HTML content) of the
blogs, a classifier is used to determine the relevance of blogs regard-
ing the topic (map).

An interesting preprocessing step by Seo and Croft [13] consists
of removing all blogs that consist of only one post, since retrieving
these blogs would come down to retrieving posts. After this step,
three retrieval models are tested: the baseline run builds virtual doc-
uments consisting of all posts of a blog and uses a language modeling
approach to retrieval of relevant blogs. The weakness of this model
is that longer posts may bias the blog’s relevance. The second model
described in the paper constructs pseudo-clusters based on an initial
retrieval run on a post index and ranks blogs using a product over the
documents in the cluster. The weakness of this model lies in the fact
that a very regularly updated blog (with many posts) is likely to have
many posts in the initial post retrieval results, even though this might
only be a small portion of the total number of posts in the blog. To
counter this, a third model combines the two previous models and
uses the first model to penalize blogs that have many non-relevant
posts. Results are reasonable, with the combination of models per-
forming best.

The most effective approaches to feed distillation at TREC 2007
were based on using the (aggregated) text of entire blogs as indexing
units. E.g., Elsas et al. [1] experiment with a large document model,
and a small document model. The former views blogs as a single
document, disregarding the fact that a blog is constructed from mul-
tiple posts. The latter takes samples of posts from blogs and com-
bines the relevance scores of these posts into a single blog score.
Their main outcome is that the large document model outperforms
the small document model and that query expansion on Wikipedia is
very beneficial (with an increase in MAP scores of almost 10%).

3 Experimental Setup

Before we introduce our modeling of blog distillation in Section 4,
we first describe our test collection, the metrics we use, and the
smoothing settings we employed.

3.1 Test Collection
As our test collection we use the TRECBlog06 corpus [5]. This cor-
pus has been constructed by monitoring feeds for a period of 11
weeks and downloading all permalinks. For each permalink (or blog
post or document) the feed number is registered. Besides the perma-
links (HTML documents) we also have syndicated content to our
availability; we only used the HTML documents.

For our experiments we construct two indices: a title-only index
(T), and a title-and-body index (TB). The former consists of the
<title> field of the documents, the latter combines this field with
the content of the <body> part of the documents. Table 1 lists the
characteristics of both indices.

index size terms unique terms avg. length
T 674MB 17.4M 439,747 5
TB 16GB 1,656.3M 9,106,161 515

Table 1. Characteristics of T and TB indices

The TREC 2007 Blog track offers 45 feed distillation topics and as-
sessments [6]. Both topic development and assessments are done by
the participants. Assessors were asked to check a substantial number
of blog posts of a retrieved feed to determine the relevance of the
entire feed.

For all our runs we use the topic field (T) of the topics and ignore
all other information available (e.g., description (D) or narrative (N)).

3.2 Metrics
We use the following standard metrics to determine the effectiveness
of our retrieval methods: mean average precision (MAP), R-precision
(R-prec), as well as three precision-oriented measures: precision at
ranks 5 and 10 (P@5 and P@10) and mean reciprocal rank (MRR).

4 Modeling Blog Distillation
To tackle the problem of identifying key blogs given a query, we take
a probabilistic approach and formulate the task as follows: what is the
probability of a blog (feed) being a key source given the query topic
q? That is, we determine p(blog|q), and rank blogs according to this
probability. Since the query is likely to consist of very few terms to
describe the underlying information need, a more accurate estimate
can be obtained by applying Bayes’ Theorem, and estimating:

p(blog|q) =
p(q|blog) · p(blog)

p(q)
, (1)

where p(blog) is the probability of a blog and p(q) is the probability
of a query. Since p(q) is a constant (for a given query), it can be
ignored for the purpose of ranking. Thus, the probability of a blog
being a key source given the query q is proportional to the probability
of a query given the blog p(q|blog), weighted by the a priori belief
that a blog is a key source, p(blog):

p(blog|q) ! p(q|blog) · p(blog). (2)

Since we focus on a post-based approach to blog distillation, we as-
sume the prior probability of a blog p(blog) to be uniform. The distil-
lation task then boils down to estimating p(q|blog), the probability of
a query q given a blog. For this estimation we consider a model based
on language modeling techniques. We build a textual representation
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tranet, containing a mixture of different document types
(e.g., technical reports, email discussion, web pages, etc).
We assume that a document d in this collection is associ-
ated with a candidate ca, if there is a non-zero association
a(d, ca) > 0. This association may capture various aspects
of the relation between a document and a candidate expert;
e.g., it may quantify the degree to which this document is
representative of the candidate’s expertise, or, vice-versa, it
may capture the extent to which the candidate is responsible
for the document’s content. Forming document-candidate
associations is a non-trival problem, which we consider in
detail later in this paper (Section 4). For now, we present
our formal models assuming we have these associations.

We state the problem of identifying candidates who are
experts for a given topic, as follows:

what is the probability of a candidate ca being
an expert given the query topic q?

That is, we determine p(ca|q), and rank candidates ca ac-
cording to this probability. The top k candidates are deemed
the most probable experts for the given query. The chal-
lenge, of course, is how to estimate this probability accu-
rately. Instead of computing this probability directly, we
apply Bayes’ Theorem, and obtain

p(ca|q) =
p(q|ca)p(ca)

p(q)
,

where p(ca) is the probability of a candidate and p(q) is
the probability of a query. Thus, the ranking of candidates
is proportional to the probability of the query given the
candidate p(q|ca).

To determine p(q|ca) we adapt generative probabilistic
language modeling techniques from Information Retrieval in
two different ways. In our first approach (Model 1), we build
a representation of the candidate (i.e., we build a candidate
model) using the documents associated with the candidate,
and from this model the query is generated. In our second
approach (Model 2), the query and candidate are consid-
ered to be conditionally independent, and their relation is
resolved through the document-candidate associations.

3.2 Document-Candidate Associations
For both Model 1 and Model 2 (still to be defined), we

need to be able to estimate the probability that a document
d is associated with candidate ca. To define this proba-
bility, we assume that non-zero associations a(d, ca) have
been calculated for each document and for each candidate.
We distinguish two ways of converting these associations to
into probabilities, thus estimating their strength. The first,
document-centric perspective is to estimate the strength of
the association between d and ca in terms of the probability
p(d|ca). Here, we define

p(d|ca) =
a(d, ca)P

d′∈D a(d′, ca)
, (1)

where D is the set of documents. Intuitively, if we rank
documents using (1) (for a given candidate ca), the top doc-
uments will be the ones that the candidate expert is most
strongly associated with.

In the second, candidate-centric way of estimating the
strength of the association between documents d and candi-

dates ca, we use the probability p(ca|d), and put

p(ca|d) =
a(d, ca)P

ca′∈C a(d, ca′)
, (2)

where C denotes the set of possible candidate experts. The
idea here is this: d is a document produced by our enterprise,
and ca is one of the people in the enterprise, who made some
kind of contribution to d; when we rank candidates using (2)
(for a fixed d), we find the candidate who made the biggest
contribution to d.

Observe that there is a proportional relation between the
document-centric and candidate-centric views, via Bayes’
rule:

p(d|ca) =
p(ca|d)p(d)

p(ca)
.

3.3 Using Candidate Models: Model 1
Our first formal model for the expert finding task (Model

1) builds on well-known intuitions from standard language
modeling techniques applied to document retrieval. A can-
didate ca is represented by a multinomial probability dis-
tribution over the vocabulary of terms (i.e., p(t|ca)). Since
p(t|ca) may contain zero probabilities, due to data sparsity,
it is standard to employ smoothing. Therefore, we infer a
candidate model θca for each candidate ca, such that the
probability of a term given the candidate model is p(t|θca).

We can then estimate the probability of the query being
generated by the candidate model θca. As usual, the query
is represented by a set of terms, such that t is in q if the
number of times t occurs in q, n(t, q), is greater than zero.
Each query term is assumed to be generated independently,
and so the query likelihood is obtained by taking the product
across all the terms in the query, such that:

p(q|θca) =
Y

t∈q

p(t|θca)n(t,q).

To obtain an estimate of p(t|θca), we first construct an em-
pirical model p(t|ca) using our list of associations, and then
smooth this estimate with the background collection prob-
abilities. Specifically, within the document-centric perspec-
tive, the probability of a term given a candidate, can be
expressed as

p(t|ca) =
X

d

p(t|d)p(d|ca),

and under the candidate-centric perspective it is expressed
as

p(t|ca) ∝
X

d

p(t|d)p(ca|d),

where p(t|d) is the maximum likelihood estimate of the term
in a document. By marginalizing over all documents we ob-
tain an estimate of p(t|ca). The candidate model is then con-
structed by a linear interpolation of the background model
p(t), and the smoothed estimate:

p(t|θca) = (1− λ)p(t|ca) + λp(t).

Now, if we let f(d, ca) denote either p(d|ca) or p(ca|d) and
put together our choices so far, we obtain the following final
estimation of the probability of a query given the candidate
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results
blog distillation task of TREC Blog 2007

run MAP P@10 MRR

blogger 0.3272 0.4844 0.6892

posting 0.2325 0.3733 0.4850

TREC median 0.2035 - -

conclusions
expert retrieval models perform well on blog distillation.
the blogger model outperforms the posting model for the blog distillation task, for the expert finding task, the 
relative ranking is the other way around          there is a task difference:

     

[1] K.Balog, L. Azzopardi, and M. de Rijke. Formal Models for Expert Finding in Enterprise Corpora. In Proc. SIGIR'06, pages 43-50, 2006. ACM Press.

for expert finding, a candidate is ranked highly when he is one of only few people mentioned in the 
context of the topic, while the amount of evidence or the number of other topics he is associated with are 
not (very) important.
for blog distillation, it appears we need to identify people that write mainly about the topic at hand.

we should explicitly model individual bloggers (as in the blogger model) and take a close look at the main 
themes that occupy them individually.


