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Abstract. A considerable fraction of the web queries contain named entities. 
This, coupled with the fact that a proper name might refer to multiple entities, 
imposes the ever-increasing need that search engines handle efficiently named 
entity queries. In this paper, we present a technique that automatically identifies 
the distinct subject classes to which a named entity query might refer and se-
lects a set of appropriate facets for denoting the query properties within every 
class. We also suggest a method that examines the distribution of the identified 
query facets within the contents of the query matching pages and groups search 
results according to their entity denotation types. Our preliminary study shows 
that our technique identifies useful facets for representing the named entity 
query properties in each of their referenced subject classes. 
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1   Introduction 

The key objective of all Information Retrieval systems is to help the users find the 
desired information about their search requests in an effortless yet successful manner. 
With the proliferation of the web content, search engines have become an indispensa-
ble tool in the information seeking process. Despite the popularity and the tremendous 
capacity that search engines have nowadays, there are still open issues concerning 
their ability to satisfy all user needs. This is essentially due to vocabulary mismatches 
between the indexed documents and the user issued queries that hinder the engines’ 
ability in detecting the underlying correlation between documents and queries. 

In this paper, we suggest a method for identifying the referred concepts of Named 
Entities (NE) in both user queries and query matching pages, in order to improve the 
engines’ ability in handling named entity queries. What motivated our study is on the 
one hand the observation that a significant portion of popular web queries contain 
NEs [1] [2] and on the other the fact that different entities might be verbalized in user 
queries with the same name. As examples, consider the NE queries Java which might 
intend the retrieval of information about the programming language or the coffee, and 
Apple which might intend the retrieval of information about the company, the com-
puter or the fruit. As the examples indicate, a NE query might refer to different entity 
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types, but in the absence of any implicit knowledge about the different reference 
classes of named entities, the engine would always retrieve the same results; usually a 
mixed list of pages about the distinct query denotations. Consequently, users would 
have to go over a long list of results and access their contents in order to satisfy their 
search intent. 

To overcome such difficulties, researchers have proposed a number of techniques 
for personalizing search results according to specific user interests. Personalization, 
although it might work well for some users or queries, nevertheless it entails practical 
limitations in a real deployment as it pre-requisites processing large volumes of web 
transaction logs in order to model the user search preferences. Another possible direc-
tion towards helping users find the desired information is to classify web pages into 
faceted hierarchies and present the query matching results grouped together according 
to the corresponding query senses [7]. Although faceted search was primarily ad-
dressed in the context of cataloguing and library systems, nowadays it is widely em-
ployed by e-commerce applications (e.g. amazon.com, shopping.com) and recently it 
has attracted the interest of the web search community. This surge of interest is basi-
cally because facets allow a document to exist simultaneously under different catego-
ries, each representing distinct document properties, and enable the user access the 
categorized documents in multiple ways. 

Bearing in mind the power and success of existing faceted search approaches, we 
introduce the use of facets for describing the different entity types to which NE que-
ries might refer and for detecting within the contents of every query matching page 
the specific subject that query entities denote. To enable that, we start by defining a 
set of facets that are good candidates for representing the different types of NE que-
ries. In this respect, we rely on the Wikipedia corpus2 and a number of heuristics for 
annotating every NE query with one or more suitable facets. Then, we examine the 
NE query results in order to estimate the distribution of the query facets within the 
contents of every query matching page. Based on the underlying association between 
the facets of the queries and their returned pages, we propose grouping search results 
according to the query entity types that their contents represent. Grouped search re-
sults accompanied by their derived faceted terms, when displayed to the users can 
help them find the information sough in an effective yet efficient manner. Our pre-
liminary study shows that our technique delivers useful facets for representing the 
subject classes that NE queries might represent. Thus, we claim that our approach 
could be fruitfully explored towards improving the users’ search experience when 
querying the web for named entities. 

The remainder of the paper is organized as follows. We begin our discussion by 
reviewing related work. In Section 3, we present our approach towards the automatic 
identification of useful facet terms for representing the NE query classes. In Section 4, 
we propose a faceted search approach that groups query results according to the rep-
resentation of the query facets in their contents. In Section 5, we report the results of 
our experimental evaluation and we conclude the paper in Section 6. 
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2   Related Work 

Many researchers have studied the problem of named entity recognition and disam-
biguation. To address the problem, researchers have proposed numerous ways for 
exploring entity-local features [3] [4], or complex lexico-syntactic and morphological 
data [5] [6] in order to detect NEs within text documents. Recently, [13] [7] suggested 
the use of encyclopedic knowledge for resolving the different classes to which a NE 
might refer. In their work, [7] utilize the Wikipedia corpus in order to derive a dic-
tionary of named entities and then based on the detected entities’ contextual elements 
and position in the Wikipedia taxonomy, they determine a set of candidate concepts 
that every entity denotes. They disambiguate NEs based on the degree of correlation 
between the entities’ contextual elements and their conceptual categories. In a differ-
ent approach, [8] studied the enrichment of Wikipedia pages with named entities. In 
this respect, they designed a method that extracts a number of features (both contex-
tual and page-based) from the Wikipedia pages and uses them as training examples 
for a classification module. Upon training, the classifier assigns every Wikipedia page 
with an appropriate tag (from a pre-defined list) that is reflective of the named entities 
contained in the page. In a similar task, [9] employed a graph-based approach and 
experimented with categorizing named entities in the Japanese version of Wikipedia. 
Recently, [17] proposed a model for representing web pages as sets of named entities 
that are generally informative of the following subject types: person, location, organi-
zation and time. Based on the inter-relations between these subject types, the authors 
determine which named entities suffice for representing the content of web pages. 

Our work also relates to some recent studies on faceted search and facet terms ex-
traction. More specifically, in [10] and [11] the authors introduce a method for identi-
fying useful facets for browsing textual databases. Their method relies on WordNet 
[12] hypernyms, Google search results and the Wikipedia pages for defining a set of 
broad terms with which to expand keyword terms extracted from the database con-
tents. In [14] the authors propose the faceted query logs analysis and present a method 
for classifying web queries into the following faceted categories: ambiguous, author-
ity, temporally- and spatially-sensitive requests. In [15] a faceted search personaliza-
tion approach is discussed, emphasizing on how to customize the search interface 
according to user ratings. In [16] a data-driven technique, called Dynamic Category 
Sets (DCS), is introduced that discovers sets of values across multiple facets that best 
match the query and enables the user disambiguate the latter via a search-by-category 
clarification dialog. In a recent study, [18] introduce a dynamic faceted search system 
that automatically discovers a small set of valued facets that are deemed interesting to 
a user and enable the latter understand the important patterns in the query results. 

Although our study touches upon issues that have been previously addressed, it is 
different from existing works in the following: we introduce a novel facet extraction 
technique that is specifically tailored for representing the classes of NE queries. Our 
method uses a small amount of NE contextual data from which it extracts useful fac-
ets. To estimate the usefulness of the identified faceted terms, we propose a metric 
that estimates how valuable a facet is for representing the named entity properties 
within a particular subject class. We also suggest the exploitation of the identified NE 
query facets while looking for query relevant data. In this respect, we suggest a 
method that relies on the distribution of both the query keywords and the query facets 



within the query matching pages in order to group search results according to their 
named entity denotations. In the following section, we discuss the details of our facet 
selection approach in order to represent the subject denotations of NE queries.  

3   Faceted Representation of Named Entity Queries 

In this section, we discuss the details of our work towards associating named entity 
queries with a set of useful facets for denoting the properties of their refereed classes. 
There are two main challenges associated with our goal: how to identify all possible 
subject classes to which a NE query might refer and how to select useful terms for 
verbalizing the NE query properties in each of the identified classes. For the first 
challenge, we explore the Wikipedia corpus and we apply a number of heuristics for 
determining a set of features that are informative of the NE subject classes (Section 
3.1). For the second challenge, we introduce a facet extraction algorithm that explores 
the entities’ contextual elements in order to derive useful terms for describing the NE 
properties in each of the referenced classes (Section 3.2). Before delving into the 
details of our method, let’s describe the process we adopt for identifying NE queries. 

For any query q, we firstly wish to determine whether q is a named entity. To be 
able to judge that, we rely on the Wikipedia pages in the titles of which we look for 
the query keywords. Upon their detection, we download the contents of the respective 
pages and we follow the steps suggested by [7] in order to assess whether a given 
term corresponds to a NE or not. These steps summarize to (quoting from [7]): (i) If q 
is a multiword query, check the capitalization of all content terms in q. If all contents 
words of q appear always capitalized in their corresponding pages then q is a NE. (ii) 
If q is a single-term query and contains at least two capital letters, then q is a NE. (iii) 
Count the occurrences of q terms in the text of the page, in positions other than at the 
beginning of the sentences. If at least 75% of these occurrences are capitalized, then 
q is a NE. 

The combination of the above steps in the work of [7] resulted to the extraction of 
nearly half a million named entities form the Wikipedia corpus. In our study, we ap-
ply the same process in order to automatically identity whether a search request is a 
named entity query or not. Note that this NE detection heuristic applies to languages 
that do not capitalize common nouns, e.g. English. Based on the identified NE que-
ries, we designed a method that automatically derives the different subject classes to 
which a named entity might refer. The details of our method are discussed next. 

3.1   Deriving the Named Entity Query Classes 

The first step towards discriminating between the different subject classes to which a 
named entity query might refer is to examine whether the identified NE has a unique 
type of reference or not. In particular, we need to investigate if a NE always refers to 
a single class of subjects (e.g. humans, locations, etc.) or not. For our investigation, 
we start by looking at the presence of clarification sentences in the Wikipedia articles 
that discuss the given NE. Clarification sentences always appear at the beginning of a 
Wikipedia article right after the title section and are of three generic types, stating:  



a) This article is about [clarification term/phrase] 
b) For other uses, see (link to a disambiguation page)  
c) For other [clarification term/phrase] with the same name, see (link 

to a disambiguation page) 
In some cases, a clarification sentence might be a combination of the above types; 

usually of types (a) and (b). Based on clarification sentences, we can distinguish two 
main groups of NEs: those which are clarified in Wikipedia (i.e. their corresponding 
articles contain clarification sentences) and those which are not clarified. 

For named entities with clarification sentences, we examine the type of their clari-
fications and we further sub-group them according to the following criterion: entities 
whose clarification sentences are all of type (c) listed above, are deemed as entities 
with a single reference class, where the latter is expressed via the clarification term(s). 
We refer to such entities as single faceted NE and we further process them to verbal-
ize their facets as we will present in the following section. Named entities with clari-
fication sentences of types (a), (b) or a combination of the above-listed types are intui-
tively considered to be expressive of multiple subject classes and we refer to them as 
multi-faceted NE (one clarification per subject class). Note that under our approach a 
disambiguation sentence3 is generally deemed as a clarification one, assuming that 
Wikipedia contributors edited such sentences for clarifying the usage of a given en-
tity. Therefore, a NE is deemed to be referring to as many classes as the number of the 
sentences in which the entity’s name is clarified. In the following section, we present 
how to select useful faceted terms for denoting the different classes to which a NE 
might refer. 

Now, let’s go back to the group of named entities that lack clarification sentences 
in their corresponding Wikipedia articles. To identify which of these NE are single 
faceted and which are multi-faceted, we extract the definition sentences from their 
respective Wikipedia articles. A definition sentence is the first sentence in the body of 
the article that contains the named entity and a wordform of the verb to be followed 
by one or more common terms and/or disambiguation entities4. Relying on the ex-
tracted definition sentences, we compute their feature vectors within a sliding window 
of ten words surrounding the entity reference. For our computations we employ a bi-
gram model that records for every word (i.e. feature) in a definition sentence its rela-
tive position around the entity and the number of times the word appears in that posi-
tion. Then, based on the sentences’ overlapping features in the derived vectors, we 
organize them into clusters of shared elements. For example, a significant portion of 
the Wikipedia definition sentences about humans, exhibit the feature (born) right after 
the entity’s name. Under our criterion, all definition sentences containing the above 
feature are grouped together. Following the above steps, we organize every Wikipedia 
definition sentence about a NE into one or more clusters, depending on the number of 
their shared features. 

Based on the number of clusters to which a named entity’s definition sentence is 
assigned, we make the following assumption: if the definition sentence of a NE be-
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longs to a single cluster, then the NE is single faceted. For example, a NE whose 
definition sentence is organized under a single cluster, which groups sentences shar-
ing the feature t = holiday (e.g. Christmas is an annual holiday) is deemed as expres-
sive of a single class of subjects. Conversely, if the definition sentence of a NE be-
longs to multiple clusters, then the NE is multi-faceted and refers to as many classes 
as the number of clusters to which the definition sentence of the NE has been as-
signed. For example, a NE whose definition sentence is grouped into (say) two clus-
ters, one of which groups sentences that share feature ti = comic book (e.g. Superman 
is a fictional comic book superhero …. cultural icon) and the other groups sentences 
that share feature tj = cultural icon (e.g. Superman is a fictional comic book superhero 
widely considered to be one of the most recognized of such characters and an Ameri-
can cultural icon) is deemed as being expressive of two object classes, e.g. book and 
cultural icon. Based on the process described above, we can discriminate between 
named entities that always refer to a single class of subjects and those that might 
represent different subject classes in their contextual denotations. Following on from 
that, we need to define a set faceted terms that are useful for representing the NE 
properties in each of the identified subject classes. In this respect, we have designed a 
facet selection algorithm; the details of which are discussed next. 

3.2   Selecting Faceted Terms to Represent the Named Entity Query Classes 

In selecting a set of useful facets for describing the different types of named entity 
references, we rely on the contextual elements in the NEs’ clarification and definition 
sentences, in which we look for faceted terms that represent the NE’s class properties. 
The reason for relying on the contents of the Wikipedia articles for deriving the NEs 
facets instead of exploring the Wikipedia categories for those NEs, summarize to the 
following. First, not all Wikipedia articles about NEs have been associated with a 
category label. Moreover, most of the articles about NEs that are topically annotated 
have been assigned to numerous categories, whose class denotations and interrelations 
are not clearly distinguishable. Lastly, facets unlike topics represent the class proper-
ties of a concept (i.e. NE) rather than its semantic orientation. Therefore, in our work 
we decided to select the facets that describe the NEs class properties from the terms 
collectively selected by the Wikipedia editors for clarifying and/or defining NE. 

Therefore, we address the challenge of identifying useful facets for representing 
the NE properties as a term extraction problem for which we need a sound model that 
accurately detects valuable faceted terms within the NEs’ surrounding context. The 
greatest difficulty associated with implementing such a model is how to acutely detect 
which of the NEs’ contextual features are good facets for describing the entity’s prop-
erties. By good facets, we denote the terms that help us discriminate between the 
different named entity references while at the same time they are not overly specific, 
they are not redundant across different entity types and they are useful in a web search 
setting. To build a model that complies with the above criteria, we have designed a 
facet extraction algorithm, the basic steps of which are illustrated in Fig.1. In brief, 
our algorithm takes as input a set of named entities E for which we would like to 
define useful facets, and a set of clarification and definition sentences S that have 
been extracted from the Wikipedia pages that correspond to each of the above named 



entities. Based on the above data and following the below-listed steps, our algorithm 
delivers for every class of named entities a sorted list of facets F that are useful for 
describing the named entity properties within their reference classes. 

  
Input: Wikipedia clarification and definition sentences S, set of Named Entities E 
Output: useful facet terms (F) 
For each s in S do 
 Extract all content terms T 
  For each t in T do 
  Compute R(t) 
  Associate every t with corresponding entity ei 
 end 
end 
For each entity ei in E collect all content terms associated with ei, Ti (ei) 
 /*Compute terminological similarity*/ 
 For each ei, ej with terms Ti, Tj do 
  Sterm (ei,ej) 
  If Sterm (ei,ej) > 0.5 
   Group ei, ej together 
  end 
end 
For each ei in class c 
 Take all content terms t associated with ei 
 For each t in c do  
  Compute R(t,c) 
  Compute Usefulness (t) 
 end 
end 
return top k-terms in Facet (F), ranked by Usefulness (t)  

Fig. 1. Identifying useful NE faceted terms in the contextual elements of Wikipedia articles. 

The first step of our approach extracts all content terms from the clarification and 
definition sentences (S) that have been collected for each of the named entities. For 
content terms extraction, we apply tokenization and Part-of-Speech tagging to all the 
sentences contained in S and we retain only the sentence nouns and proper nouns, 
based on the observation of [19] that terms of the above grammatical categories 
communicate most of the thematic properties of the text in which they appear. Then, 
for every extracted content term t, we estimate the fraction of named entities that 
contain t in their definition and clarification sentences. For our estimations, we firstly 
associate every term extracted from a sentence s to the respective entity e that is clari-
fied or defined in the contents of s. Such content term-named entity associations can 
be easily derived from the associations between the named entities and the Wikipedia 
sentences about the entities that contain t. Then, we compute for every term t a value 
R(t) that indicates the “representation ratio” of t with respect to some entity, given by: 

R (t)  E (t) /  E =  (1) 

Where |E(t)| is the count of all named entities that contain t in their clarification 
and definition sentences and |E| is the count of all named entities identified. The value 
of R indicates how representative is a term for describing named entity properties, 



assuming that as the value of R increases so does the term’s probability of being a 
good facet for named entities. At the end of step 1, we associate every named entity 
with a set of content terms extracted from the Wikipedia sentences that describe the 
entity properties. Each of the extracted terms is also associated with an overall repre-
sentation value, i.e. R score. 

In the second step we measure the amount of overlapping content terms between 
named entity pairs, so as to be able to determine for every pair of named entities ei, ej 
whether they refer to the same class of subjects or not. In this respect, we rely on the 
content terms associated with every named entity (in step 1) and we compute the 
similarity (Sterm) between named entity pairs as follows: 

( )term i j
i j

2 common terms 
S  e , e  = 

terms  about e  + terms  about e
•

 
(2) 

The similarity between the named entities (ei, ej) content terms, takes values be-
tween 0 and 1; with zero indicating that the two entities have no content terms in 
common in their clarification and definition sentences and one indicating that all the 
terms in the named entity sentences are common. 

Based on the above formula, we can derive for any pair of named entities the de-
gree to which their contextual elements overlap. We then determine whether any two 
named entities refer to the same class of subjects based on the following criterion: 

term i j
 i j

same  class          if  S  (e , e ) > 0.5
e , e = 

different  class   otherwise
  
 
  

 
(3) 

This way, we group named entities into subject classes according to their content 
terms’ similarity values. Note that under our criterion, a named entity ek might be 
grouped under several classes depending on the number of named entities with which 
ek shares a significant amount of content terms. Having grouped NEs according to 
their contextual overlapping features, the next step is to determine a set of terms for 
representing the subject denotations of the named entities that are grouped together. 
More specifically, we need to identify among the content terms that have been deter-
mined for each of the NEs that refer to the same class, the ones that make the most 
useful and descriptive facets for representing the NEs’ properties within that class. 

In the last step, our algorithm determines useful faceted terms for each of the 
named entity classes as follows. Given a set of named entities that refer to the same 
subject class (i.e. they are grouped together) it collects all their content terms and 
starts by estimating a new R value for every term within a class, as follows: 

R (t, c)  E (t, c) /  E(c) =  (4) 

Where |E(t, c)| is the count of all named entities that refer to class c and which con-
tain t in their clarification and definition sentences and |E(c)| is the count of all the 
named entities identified for class c. This new R(t,c) value indicates the “representa-
tion ratio” of t with respect to some class c so that terms with increased R(t,c) are 
better candidates for representing the class properties and consequently the NEs that 
refer to that class. Having computed the degree to which a content term t represents 
the properties of the entities that refer to a given class (i.e. R(t,c) value) and consider-



ing that we have already estimated (in step 1) the degree to which t makes a good 
term for representing NE properties, we easily derive the usefulness of t as a facet, as: 

Usefulness  (t) = R (t)   R (t, c)•  (5) 

Based on the above formula, we estimate the usefulness of a term t in serving as a 
facet for some named entity that refers to a class c as the product of the term’s repre-
sentation ratio for named entity properties and the term’s representation ratio for sub-
ject class properties. At the end of this process, we retain the top-k terms in each of 
the subject classes as the faceted terms that are useful in denoting the properties of the 
named entities that refer to that class. 

4   Faceted Search for Named Entity Queries 

So far we have presented our method towards identifying both the number of classes 
to which a named entity query refers and a set of useful facets for representing the 
query properties within every identified class. One last issue that our study addresses 
is how to be able to identify the query subject denotations within the contents of the 
retrieved pages. In this respect, we suggest an approach that examines the distribution 
of the query facets in the contents of the query retrieved pages and groups search 
results according to their query denotation types. In particular, given a NE query and 
a set of facets identified for each of the referring query classes our method employs a 
simple string matching approach and looks for the query faceted terms in the contents 
of the search results. In case a page contains some of the query facets, our module 
investigates whether these pertain to one or more subject classes. If all detected query 
facets represent a single class, then the faceted term of the highest usefulness value 
for that class is selected as the facet that represents the NE query denotation in the 
pages contents. The selected facet serves as a tag that is displayed next to the page in 
the search engine results. Conversely, if the query facets that a page contains repre-
sent multiple classes, then our module examines the position of the identified facets 
with respect to the query keywords in the page’s content and selects the facet that is 
closest to the query terms as the one that represents the subject denotation of the NE 
query in the page. Again, the selected facet is used as a tag that indicates the query 
class representation in the page’s content. Finally, in case a page does not contain any 
of the query facets, it receives no tag and as such it cannot inform the user about the 
NE query denotations. However, in the latter case, we suggest that query facets are 
displayed together with search results and enable the user click on the facet term that 
best suits her query intention. The selected facet is then appended to the query key-
words and the refined query is re-submitted to the engine. Following the annotation of 
the query retrieved pages with an appropriate faceted term from the ones that have 
been identified for a NE query, we suggest grouping search results by subject denota-
tions (i.e. faceted terms) and display them to the users accompanied by their identified 
tags. Based on this enriched list of search results, the users can make informed click-
ing decisions and satisfy their information needs faster. 



5    Experimental Evaluation 

In this section, we present the experimental evaluation of our facet extraction algo-
rithm and we discuss obtained results. Due to the absence of a standard benchmark for 
evaluating the usefulness of the automatically selected NE facets, we carried out a 
human study, in which we measured the accuracy of the facets identified by our algo-
rithm. For our experiment, we relied on 7,000 randomly selected named entities and 
their corresponding Wikipedia articles that served as our experimental data. Given 
that some of the NEs are discussed in more than one Wikipedia articles, the total set 
of the NE pages that we examined in our study is 19,350. 

Following the method presented in Section 3.1, we processed the above data in or-
der to determine for every NE the number of referenced subject classes. From all the 
NEs in our dataset, 410 had a single reference class and the remaining 6,590 had 
multiple reference classes (between 2 and 7). Then, we relied on the Wikipedia clari-
fication and definition sentences that we extracted from the articles discussing each of 
our experimental NEs and we supplied them as input to our facet selection algorithm. 
The latter, following the steps discussed in Section 3.2, grouped the NEs into subject 
classes and for every class it identified a set of useful facets for denoting the NE 
properties within that class. In total our algorithm computed 12 subject classes for 
grouping our experimental NEs and for every class it selected k (k=10) faceted terms 
(i.e. a total set of 120 facets). The most useful facets in each of the identified classes 
are: Person, Institute, Holiday, Country, Corporation, Novel, Disease, Newspaper, 
Science, Film, Band and War. 

To asses the performance of our algorithm in selecting useful NE facets, we carried 
out a human study in which we evaluated the accuracy of the facets that our algorithm 
selected for denoting the NE reference classes. To conduct our study, we recruited 45 
volunteers from our school to whom we presented the list of NEs and their corre-
sponding 19,350 Wikipedia pages and asked them for every NE to read the respective 
pages and indicate a set of terms that was in their opinion useful for representing the 
subject denotation of the NE within every page. We asked our participants to select up 
to 10 terms for every page referring to a NE and we indicated that terms may or may 
not appear in the contents of that page. Each of the 19,350 Wikipedia pages was ex-
amined by five participants and we considered a manually defined faceted term to be 
valid if at least three of the participants selected the same term to represent the NE 
reference in the page. In total, our participants identified 269 distinct facets of which 
204 were selected by at least three different users. We then relied on these 204 jointly 
selected distinct facets and we compared them to the 120 facets that our algorithm 
selected for the same set of named entities and reference pages. 

For our comparisons, we relied on the OSim measure [20] and computed for every 
NE the degree of overlapping facets between those selected by our participants and 
those delivered by our algorithm, Formally, the overlap between two lists of facets 
(each of size k) for a given NE is determined as: 

  (F ,  F ) = T     T    k system system manual manualOSim /∩  (6) 

Where Tnamual is the set of NE faceted terms that our subjects indicated, Tsystem is 
the set of NE faceted terms that our algorithm selected and k is the number of facets 



considered, which in our case k=10 since both our participants and our algorithm 
delivered up to 10 facets for every NE. Table 1 lists obtained results. Due to space 
constraints, we report the number of our experimental named entities that exhibit 
similar degrees of overlapping facets across the different OSim levels. As the Table 
shows, our algorithm managed to identify for 95% of the NEs (i.e. for 6,650 out of the 
7,000) at least one facet that was identical to a human selected one. A close look at 
the obtained results reveals that for NEs with highly overlapping facets, our partici-
pants picked faceted terms from the contents of the named entity pages. This demon-
strates our algorithm’s ability in identifying within the NE contextual elements the 
terms that are highly representative of the named entity denotations. 

Although OSim is a useful measure for deriving the level of agreement between 
the human and the system selected facets, nevertheless it is marginally informative 
about how people perceive the usefulness of the automatically selected NE facets. To 
be able to judge that, we asked our participants to examine the facets selected by our 
algorithm and indicate which of these (if any) were in their opinion useful for repre-
senting the corresponding NE references in the contents of their pages. Human judg-
ments on the usefulness of the automatically selected facets were binary (i.e. useful, 
non-useful) and as in the case of OSim, every facet was examined by five participants 
and we considered a facet to be useful if at least three of the users marked the facet as 
such. We list obtained results in Table 2. 

Table 1. NEs distribution at overlapping simi-
larity levels between the user-defined and the 
system-selected facets. 

 #of Named Entities % of overlapping facets 
350 0 
785 0.1-0.2 
806 0.2-0.3 

1,965 0.3-0.4 
1,622 0.4-0.5 
778 0.5-0.6 
424 0.6-0.7 
170 0.7-0.8 
80 0.8-0.9 
20 0.9-1 

  

Table 2. Statistics on the human judg-
ments about the usefulness of the auto-
matically selected facets. 

 # of algorithm selected facets 120 
# of useful facets 86 

# of non-useful facets 34 
algorithm’s success rate 71.7% 

  
As Table 2 demonstrates most of the 
facets that our algorithm selects are 
deemed as useful by our participants, 
yielding an overall 71.7% algorithm 
success rate in automatically selecting 
useful named entities facets. 

Overall, the results of our human study indicate that users consider the facets that 
our algorithm selected for representing the NE reference classes as useful. Given our 
algorithm’s potential, we believe that it can be fruitfully employed in a web search 
setting in order to represent the named entity properties within both the user queries 
and the query retrieved pages. By using facets to represent both the query and the 
pages’ subjects, we believe that users will be able to locate pages of interest faster and 
conveniently. In this respect, and considering that NE facets can be computed offline, 
we deem that our method can operate on-the-fly and be readily explored in web 
search applications. 



6   Concluding Remarks 

We presented a method that automatically identifies terms in the contextual elements 
of NE queries that are representative of the query subject denotations. We have also 
introduced a metric that estimates the usefulness of every identified facet for a given 
query reference class. Our experimental evaluation indicates that the facets selected 
by our algorithm are useful for denoting NE properties and as such we believe that 
they can be employed towards improving web searches about NEs. Currently, we are 
testing our algorithm’s efficiency on a different corpus in order to validate how much 
the dataset used for the extraction of NE facets influences the quality of the obtained 
results. 
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