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The potentials of formal concept analysis (FCA) for information retrieval (IR) have been highlighted by a number of research studies
since its inception. With the proliferation of small-size specialised text
databases available in electronic format and the advent of Web-based
graphical interfaces, FCA has then become even more appealing and
practical for searching text collections. The main advantage of FCA for
IR is the possibility of eliciting context, which may be used both to improve the retrieval of speci c items from a text collection and to drive
the mining of its contents. In this paper, we will focus on the unique
features of FCA for building contextual IR applications as well as on its
most critical aspects. The development of a FCA-based application for
mining the web results returned by a major search engine is envisaged
as the next big challenge for the eld.
Abstract.

1

Introduction

The (short) history of the applications of FCA to information retrieval can be
roughly split in three parts. In the 80's, some basic ideas were put forth - essentially that a concept can be seen as a query (the intent) with a set of retrieved
documents (the extent) and that neighbour concepts can be seen as minimal
query changes - and some preliminary study about the complexity of document
lattices (i.e., the concept lattices built from collections of documents) was performed, mostly by Robert Godin and his co-workers ([28], [24]).
In the 90's, FCA has been integrated with basic IR techniques to build more
comprehensive systems for information access. Concept lattices have been mainly
used as a support structure for interactive subject nding tasks, with some explorations of the possibilities of FCA for text mining. We have seen several running
prototypes, and some experimental evaluation comparing the performance of
FCA-based IR with that of conventional IR methods (e.g., [27], [11], [10]).
Over the last few years, the range of functionalities has been expanded to
include new tasks such as automatic text ranking and IR from semistructured
data (e.g., [13], [16]); at the same time, new IR domains have been investigated
including email messages, web documents, and le systems.
Although it might be argued that the impact made on mainstream IR has
not been dramatic, the interest in using concept lattices for IR has grown both

within and outside of the FCA community. On the other hand, there is nowadays
a much better awareness of the strengths and limitations of this technique for
organizing and searching information. Furthermore, perhaps more importantly,
we believe that the major changes faced by the information access world provide
new unprecedented opportunities for FCA applications.
First of all, IR is no longer a boutique discipline for librarians, as the whole internet is being searched every day by billions of people around the world. Second,
the availability of basic services for storing, networking, searching, and displaying information has led to a proliferation of specialized electronic databases for
enterprises and individual users. Third, users may be interested in a variety of
information searching tasks that go well beyond the capabilities of traditional IR
systems dealing with the topic relevance task; examples include text data mining
and several variants of the general topic relevance paradigm such as home page
nding, question answering, IR from XML documents, news ltering, etc.
In the rest of the paper we will rst discuss what makes FCA appealing
to the development of more powerful search front ends. Next, we review how
concept lattices have been used so far to improve speci c traditional IR tasks or
to handle new tasks that would be hardly dealt with by conventional systems.
Then we will discuss the most diÆcult steps in the development of FCA-based
IR applications, which may a ect both the eÆciency and the e ectiveness of
the overall system. Finally, we will argue for building a FCA-based system for
visualizing web retrieval results on top of a major search engine.
2

Current search front ends and FCA

The growth of the web has favoured the emergence of new search applications,
usage patterns, data formats, and interaction paradigms. To cope with the new
requirements, more advanced search interfaces are being developed that provide
the user with a range of access methods.
For instance, the Digital Library of the Association for Computing Machinery
(http://www.acm.org) has been recently equipped with a new front end that
not only allows the user to browse the documents contained in each category
(e.g., journals, magazines, transactons, proceedings) and to search the full text
(or title, or abstract) of publications, but also to use a number of browsable
views into the literature, e.g., by Authors, by the ACM Computing Classi cation
System (CCS), by Subjects, by Technical Interest.
Using the currently available tools, a number of interesting search tasks can
be easily accomplished. For instance, a view by Author allows the user to drill
down to a page that might be called an "author's virtual bibliographic home
page", listing all the works by that author known to the system, or, to take
another example, a view by CCS may be used to look into a speci c domain,
with the user drilling down from more general categories to narrower subjects
and then to speci c topics, thus progressively reducing the set of complying
results.

One disadvantage of this system, as well as of most currently available front
ends, is that the user must use a speci c search functionality for each task, with
little or no possibility of combining the results.
An even greater limitation is that while the present range of functionalities
seem to support pretty well the user for the case when she is interested in nding
those documents which are described by certain terms or categories, the same
tools may be of little help if the user wants to disclose the content of speci c
sections of the Digital Library or to mine the concepts contained in a set of
articles which have been ltered out by using some criterion.
This is an instance of the dichotomy between information retrieval and data
view on one side and text mining on the other side. The latter involves the
discovery of previously unknown information [31], as opposed to nding the best
element among many other valid pieces of information, and can be seen as a
form of exploratory data analysis [32].
The use of FCA can e ectively complement the existing search systems to address some of their main limitations. Basically, FCA exploits the interdocument
similarity between documents to o er an automatically-built support structure
(i.e., the document lattice) in which to place the information searching process.
The document lattice can be used to improve basic individual search strategies,
as well as to host multiple integrated search strategies.
Having at her disposal a range of methods (e.g., querying, navigation, combination of data views, thesaurus climbing, pruning by search constraints), the
user can select those that best t the goal of the search, her knowledge of domain, her skills and preferences, and the results of the past interaction with
the system. The user may then form hybrid strategies to make the search more
accurate or fast.
The features discussed are naturally supported by concept lattices. Other
approaches either require some manual coding, or do not allow for multiple
retrieval strategies, or integrate multiple strategies in a loose manner.
3

Search functionalities enhanced by FCA

In this section we will examine which search functionalities or which combinations of search functionalities may be improved through a concept lattice. Most
of the examined functionalities can be used both for text retrieval and text
mining.

3.1 Query re nement
One of the most natural applications of concept lattices is query re nement,
where the main objective is to recover from the null-output or the information
overload problem.
This is not new, as some lattice representations were used in early IR [50]
and even more recently [52] for re ning queries containing Boolean operators.
However, as these approaches typically rely on a Boolean lattice formalization of

the query, the number of proposed re nements may grow too large even for a very
limited number of terms and they may easily become semantically meaningless
to the user.
These limitations can be overcome by using concept lattices. One example is
the REFINER system [12].
In response to a Boolean query, REFINER builds and displays a portion of
the concept lattice of the documents being searched which is centered around a
query concept. Such a query concept is found by computing the set of documents
that satisfy the query and then by determining the set of terms possessed by all
previously found documents. At this point, the most general concept containing
these terms is chosen as the query concept; if there are no concepts that contain
all the terms speci ed in the query (i.e., there are no documents exactly matching
the query), REFINER adds a virtual concept to the lattice, as if the query
represented a new document.
The potentials of this approach have been con rmed in an experiment on the
CISI collection - a widely used, electronically-available bibliographical collection
of 1460 information science documents described by a title and an abstract
- showing that the e ectiveness of information retrieval using REFINER was
better than unre ned, conventional Boolean retrieval [12].
Concept lattices can be used also to re ne queries expressed in natural language. The mapping of a query on to the lattice can be done by choosing the
most general concept that contains all the query terms, similar to REFINER,
or with some weaker criteria if such a concept coincides with the bottom of the
lattice [54].
Once the query has been mapped on to a concept, the user may choose one
of the neighbours of that concept, as in REFINER, or select one term from a
list containing all the terms that are below that concept [36]. In the latter case,
a substantial portion of the full concept lattice must be built.

3.2 Integrating querying and navigation
The e ective integration of the query-based mode with the navigation paradigm
has been the focus of much current research on information systems.
One typical choice is to maintain di erent retrieval methods in parallel (e.g.,
[39], [23]); in this case, the integrated system is, in practice, like a switch whereby
the user may select either strategy. A tighter form of integration is achieved by
cascading the two strategies, e.g., browsing prior to querying [42], or querying
prior to browsing [38], or by having them coexist in the same search space ([1],
[29]).
In these forms of integration the system may have to maintain several data
structures possibly supporting di erent kinds of operations; when a single data
structure is used consistency problems may arise.
Concept lattices take the hybrid searching paradigm one step further. As
querying and navigation share the same data space and exchange their search
results, they can be consistently integrated, without the need of mapping di erent representations on the part of the user. Furthermore, other search strategies

such as thesaurus climbing, space pruning, and partial views, can be easily combined in the same framework.
To characterize this state of a airs, in [9] the metaphor of the GOMS user's
cognitive model [5] and user activity [40] is used. At any given time, the system
is in a certain state, characterised by a current retrieval space (usually a subset of the original document lattice) and by a focus concept within it. In each
state, the user may select an operator (browsing, querying, bounding, thesaurus
climbing) and apply it. As a result, a transition is made to a new state, possibly characterised by a new retrieval space and/or new focus. The new state is
evaluated by the user for retrieval, and then the whole cycle may be iterated.
Therefore each interaction sequence may be composed of several operators,
connected in various orders. For instance, the user may initially bound the search
space exploiting her knowledge about the goal, then query the system to locate
a region of interest within the bounded space, then browse through the region;
also, at any time during this process, the user may take advantage of the feedback
obtained during the interaction to make a jump to a di erent but related region
(e.g., by thesaurus climbing), or to further bound the retrieval space.
The merits and performance of using concept lattices for supporting hybrid
search strategies have been described in a number of papers (e.g., [27], [10],
[19],[16]). They can be summarized as greater exibility, good retrieval e ectiveness, and mining capabilities.
Among the various pieces of information that can be easily mined in a collection D using a concept lattice-based method, are the following: (i) Find the
most common or uncommon subjects in D, (ii) Find which subjects imply, or
are implied by, other subjects in D, (iii) Find novel and unpredictable subject
associations in D, (iv) Find which subjects allow gradual re nement of subsets
of D. Several detailed examples of mining information that would be diÆcult to
acquire using the traditional information retrieval methods are provided in the
cited papers.

3.3 Context-sensitive use of thesauri
In information retrieval applications, there often exist subsumption hierarchies
on the set of terms describing the documents, in the form of a thesaurus.
A thesaurus can be integrated into a concept lattice either by explicitly expanding the original context with the implied terms or by taking into account
the thesaurus ordering relation during the construction of the lattice ([8], [11]).
Using a thesaurus basically makes it possible to create new meaningful queries
and guarantees that more general queries are indexed with more general terms,
whereas in a standard concept lattice each query is strictly described by the
terms present in the documents and possible semantic relationships between the
terms themselves are ignored.
The user may thus locate the information of interest more e ectively and
quickly, partly because of enhanced navigation (the proximity of concepts in the
lattice being related to semantic factors) and partly because of focused querying (as concept terms may be specialized/generalized using the thesaurus). An

experimental evaluation of the retrieval e ectiveness of a thesaurus-enhanced
concept lattice is described in [11].
As stated above, the common approach is to (explicitly or implicitly) add the
implied terms to each document according to the thesaurus ordering relation. Uta
Priss [44] discusses other possible ways in which a context and a thesaurus can be
merged into an expanded context. She also suggests that the user should be given
the possibility of interactively combinining concepts from multiple thesauri, or
thesaurus facets, using Boolean operators [45].
Improving the representation of the document collection at hand is not the
only possible reason to use a thesaurus. One might integrate a thesaurus in a lattice with the goal of analyzing the appropriateness of the thesaurus classi cation
for a speci c collection of documents.
The latter approach draws an interesting analogy with the applications of
concept lattices in object-oriented modelling (e.g., [25], [49]), where type or
class hierarchies are merged into a lattice of software programs with the goal
of restructuring the existing hierarchies.

3.4 Combining multiple views of semi-structured data
When the data can be classi ed along multiple axes (e.g., functional, geographical, descriptive), it may be convenient for the user to bring in new attributes in
an incremental fashion, making decisions based on the information displayed by
the system for the current choice of the attributes.
Think of a topic such as Italian restaurants with a \dehors" near the Louvre
Museum. If there is no such restaurant, the user may nd it useful to look for
best matching restaurants by examining rst the attributes that have higher
priority to her and then moving on to the attributes with lower priority, e.g.,
geographical proximity rst, then type of cuisine, and lastly possession of an
open-air space.
In the FCA setting, this general approach has been implemented by a nesting
& zooming technique, whereby the user may combine the lattices corresponding
to each partial view and focus on the points of interest. To visualize the combination of partial views, a particular lattice visualization scheme is used, called
nested line diagram, which will be discussed in Section 4.3.
Using partial views is most suitable for many-valued contexts, because it may
be easier to identify valuable subcontexts. Indeed, in many cases, the lattices of
certain subcontexts may be seen as conceptual scales of the given context, in
the sense of [21]. In principle, partial views can be applied also to one-valued
contexts by vertically slicing the context table (an example is described in [47]),
but in the latter case it may be more diÆcult to select subcontexts that bear
value, or just meaning. In fact, some of the most interesting applications have
been developed in domains characterized by semistructured data, such as those
for searching collections of emails ([17], [16]) or for analysing real-estate data
extracted from the web [15].

3.5 Bounding the search space with user constraints
Bounding is one of the functionalities implemented in the ULYSSES prototype
([9], [10]) to help the user focus the search on the relevant parts of a large concept lattice. Bounding allows users to prune the search space from which they
are retrieving information during the search. The user may dynamically apply
constraints with which the sought documents have to comply and the current
search space is bounded accordingly. The constraints are expressed as inequality relations between the description of admissible concepts and a particular
conjunction of terms, and the partitions induced over the search space by the
application of such constraints present useful properties from the point of view
of the information retrieval performance.
There are four possible constraints: " c1, # c1, : " c1, : # c1, where c1 is the
intent of some concept in the lattice. The constraint # c1, for example, causes
the system to prune away from the concept lattice all the concepts whose intent
is either greater than or incomparable with c1 (in other terms, all the concepts
which are not below c1 ).
To implement this framework, in [8] it is described an eÆcient algorithm
based on two boundary sets - one containing the most speci c elements of the
admissible space (i.e., the lower boundary set) and the other containing the most
general elements (i.e., the upper boundary set) - that can incrementally represent
and update the constrained space. As more and more constraints are added, the
admissible space shrinks, and the two boundary sets may eventually converge to
the target class.

3.6 Overcoming the vocabulary problem in text ranking
Current best-matching information retrieval systems are limited by their inability of retrieving documents which contain the same concept as the query but are
expressed with di erent words. A common solution to alleviate this vocabulary
problem is to create a richer query context, mainly based on the rst documents
retrieved by the original query [6] or based on some form of terminological knowledge structure [18].
A more fundamental solution to word mismatch relies on the exploitation
of inter-document similarity, following van Rijsbergen's cluster hypothesis that
relevant documents tend to be more similar to each other than non-relevant
documents. The best known approach is to rank a query not against individual
documents but against a hierarchically grouped set of document clusters [58].
This approach, however, may involve the use of some heuristic decisions both
to cluster the set of documents and to compute a similarity between individual
document clusters and a query. As a result, hierarchical clustering-based ranking
may easily fail to discriminate between documents that have manifestly di erent
degrees of relevance for a certain query.
The limitations of hierarchical clustering-based ranking can be overcome by
using the concept lattice of the document collection as the underlying clustering structure. The concept lattice may then be used to drive a transformation

between the representation of a query and the representation of each document.
This approach is described in [13].
Essentially, the query is merged into the document lattice and each document
is ranked according to the length of the shortest path linking the query to the
document concept. Of course, this is a quasi ordered retrieval output, because the
documents that are equally distant from the query concept have the same score.
We can think of the sets containing equally-ranked documents as concentric rings
around the query node, the longer the radius, the lower the document score (of
the associated documents).
An evaluation performed on two test document collections of small size,
i.e., CACM (3204 documents) and CISI (1460 documents), showed that concept lattice-based ranking was comparable to best-matching ranking and better
than hierarchical clustering-based ranking on the whole document set, whereas
it clearly outperformed the other two methods when the speci c ability to rank
documents that did not match the query was measured.
4

Issues for FCA-based IR applications

Most FCA-based IR applications involve the following three steps: (a) extraction
of a set of index terms that describe each document of the given collection, (b)
construction of the concept lattice of the document-term relation generated at
step (a), (c) visualization of the concept lattice built at step (b).
The solution to each step may crucially a ect the eÆciency and/or the e ectiveness of the overall application. In the next subsections we will analyze each
step in turn.

4.1 Automatic generation of index units
This step is not necessary if each document is already equipped with a set of
index terms. In most situations of interest, however, the index terms are not
available and their manual generation is often impractical or even unfeasible
(think of large text databases that change frequently over time).
Automatic indexing has long been studied in information retrieval. To automatically extract a set of index terms describing each document, the following
steps can be followed.
1. Text segmentation. The individual words occurring in a text collection are
extracted, ignoring punctuation and case.
2. Word stemming. Each word is reduced to word-stem form. This may be
done by using some large morphological lexicon that contains the standard in ections for nouns, verbs, and adjectives (e.g., [34]), or via some rule-based stemmer
such as Porter's [43].
3. Stop wording. A stop list is used to delete from the texts the (root) words
that are insuÆciently speci c to represent content. The stop list included in
the CACM dataset, for instance, contains 428 common function words, such as

\the", \of", \this", \on", etc. and some verbs, e.g., \have", \can", \indicate",
etc.
4. Word weighting. This step is necessary to perform word selection, described
in step 6; it may be also useful to discriminate between the documents that
belong to a same concept, e.g., for automatic text ranking.
For each document and for each term, a measure of the usefulness of that
term in that document is derived. The goal is to identify words that characterize
the document to which they are assigned, while also discriminating it from the
remainder of the collection. This has long been modeled by the well known tf  idf
weighting scheme, which is now a bit outdated.
The two typical assumptions of the tf  idf scheme - namely that multiple
appearences of a term in a document are more important than the single appearence (tf ) and that rare terms are more important than frequent terms (idf )
- have been extended through a third length normalization assumption stating
that for the same quantity of term matching, long documents are less important
than short documents.
These three assumptions have been implemented using several approaches,
most notably using Robertson's probabilistic model [46], statistical language
modeling [60], and deviation from randomness [2]. These recent models have
been shown to perform much better than the classical tf  idf scheme on large,
heterogeneous test collections, such as those used at TREC (Text REtrieval
Conference, http://trec.nist.gov).
When the documents to be indexed are obtained in response to a query,
it might be more e ective to use term scoring functions that are based on the
di erence between the distribution of the terms in the set of retrieved documents
and the distribution of the terms in the whole collection. In this way, the scores
assigned to each term may more closely re ect the relevance of the term to
the speci c query at hand rather than the general importance of the term in
the collection. Several term-scoring functions of this kind and possible ways of
combining them to improve the quality of the generated terms are discussed in
[14].
Also, for semi-structured or web documents, text-based indexing might be
complemented with other techniques that take advantage of additional sources
of knowledge, such as document elds, incoming or outgoing links, anchor texts,
and url structure.
5. Word selection. This last step is not necessary for IR systems performing
full-text indexing (in fact, it has not been included in the classic blueprint for
automatic indexing suggested by Salton [48]), but it is very important for FCAbased systems to facilitate the subsequent process of lattice construction.
This problem is customarily addressed by using some heuristic threshold
which restricts the index set. Among others, one can use as selection criterion
the mean of weights in the document [13] or the value corresponding to one
standard deviation above the mean [10]. A more elaborate approach is to choose
the feature subset that maximizes the performance of a certain retrieval task or

minimizes some involved error, but this might be too diÆcult or expensive in
many cases.
Clearly, reducing the set of features may a ect the retrieval e ectiveness,
although this does not necessarily result in performance degradation. The e ects
of feature selection on FCA-based text ranking are discussed in [13].

4.2

EÆcient lattice construction

It is well known that the size of a concept lattice may grow exponentially with
the number of objects. However, this situation occurs rarely in the information retrieval domain, as witnessed by a number of theoretical and experimental
ndings.
To gain some deeper insights into the actual order of magnitude of document
lattices, one can hypothesize that the document description obeys some simple
distribution of probability (estimated by term frequency). If each index term is
assigned to each document with constant, independent probability p = k=jM j,
the number of keywords per object follows a binomial distribution with a mean
value of k and the mean number of concepts in the lattice, derived by Godin
etal: [28], is given by:
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(5, 10, 20, and 50), choosing
varies from
linear to quadratic with respect to the number of documents, at least for the
chosen parameter values. The size of the lattice grows as the number of terms
per document increases; the upper bound is reached for k = 50, corresponding
to a probability of assigning a term to a document equal to 50=1000 = 0:05. This
latter value accounts for a relatively dense context table, at least for information
retrieval applications.
These ndings agree with experimental observations. For instance, for the
test collection CACM (3204 documents), it has been reported that the concept
lattice contained some 40,000 concepts [13] , whereas for the test collection CISI
(1460 documents), characterized by a larger number of terms per document
(about 40), the size of the lattice grew to 250,000 ([10], [12], [13]).
Several algorithms have been developed for building the concept lattice of an
input context (G; M; I ) (e.g., [20], [4], [7], [26]). Usually, the eÆciency of such
algorithms critically depend on the number of concepts present in the lattice.
The best theoretical worst time complexity is O(jC jjM j(jGj + jM j)), exhibited by the algorithm presented by Nourine and Raynaud [41]; in practice, the
behaviour may signi cantly vary depending on a number of factors including
the relative sizes of G and M , the size of I , and the density of the context,
i.e., the size of I relative to the product jGjjM j (see [35] for an experimental
comparison).
k

j j = 10000. Figure 1 clearly shows that the number of concepts
G

Fig. 1.

Theoretical space complexity of document lattices. Both scales are logarithmic.

As the size of the document lattice may largely exceed the number of documents and because of the inherent complexity of the lattice-building algorithms,
the full document lattice may be constructed only for small to medium size collections, usually up to thousands of documents. For larger test collection, such
as those containing millions of documents used at TREC, it is just unfeasible to
build the complete associated concept lattice.
Fortunately, in many applications it is enough to compute a very small portion of the lattice, typically consisting of a focus concept and its neighbours.
Such a focus concept, for instance, might be selected by the user through a
point-and-click graphical user interface showing a partial lattice, or, as seen earlier, it might be computed by mapping a natural language or Boolean query on
the document lattice. In this case, the system returns just the neighbours of a
focus concept in the lattice.
The problem of generating all the nearest neighbours of a given concept has
been addressed both to build a full lattice ([4], [37]) and to nd just the portion
of lattice centered around that concept [12]. As this is a very general and useful
algorithm, we describe it here in a detailed manner.
Our version follows the same general strategy as the works cited above but
di ers in two main details, namely the generation of the candidate extent and
the choice of the admissible candidates. To solve the latter subtasks, we borrow
the more eÆcient procedures presented in [41].
Figure 2 describes the algorithm for determining the set of lower neighbours
of a given concept; the determination of the upper neighbours is a dual problem
and can be solved by easily adapting the given algorithm. The theoretical time
complexity of the computation of the lower neighbours is O(jGjjM j2); the time
complexity of the algorithm for nding both the lower and upper neighbours
is O(jGjjM j(jGj + jM j)). The use of Nourine and Raynaud's procedures does
not a ect the theoretical complexity of the algorithm but they may produce a
substantial eÆciency gain in practical situations.
Although the possession of a fast algorithm for computing the underlying
concept lattice or part of it may be an essential prerequisite for IR applications
as well as for applications concerning rule mining or software analysis, the issue of an optimal selection of the available algorithms has not been adequately
addressed. More research is needed on the evaluation of competing algorithms,
both from a theoretical and an experimental point of view. We will return to
this in the conclusion.

4.3 E ective lattice visualization
Except for automatic tasks such as document ranking, most of the IR applications based on concept lattices require some form of exploration of the graph
diagram on the part of the user. However, forming useful visualizations of graph
structures is notoriously diÆcult due to the con icting issues of size, layout, and
legibility on limited screen area. The problem is further compounded by the fact
that the concept lattices of real applications are usually very large. The common

Find Lower Neighbours
Input: Context (G; M; I ), concept (X; Y ) of context (G; M; I )
Output: The set of lower neighbours of (X; Y ) in the concept lattice of (G; M; I )
1.
2.
3.
4.
5.
6.

lN C andidates

for

each m 2 M \Y
:= X \ fmg0
0
Y1 := X1
if (X1 ; Y1 ) 2
= lN C andidates
X1

then

7.
8.
9.
10.
11.

:= ;
:= ;

lowerN eighbours

Add (X1 ; Y1 ) to lN C andidates
count(X1 ; Y1 ) := 1
else

if

count(X1 ; Y1 ) := count(X1 ; Y1 ) + 1
(jY1 j jY j) = count(X1 ; Y1 ) then
Add (X1 ; Y1 ) to lowerN eighbours
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Find Lower Neighbours algorithm

approach is to show or hide parts of the lattice via interactive speci cation of a
focus concept and/or subsets of terms.
One simple method consists of showing just the neighbours of a focus concept.
Simple graphical interfaces of this kind have been suggested or implemented in
several works, including [24], [27], [11], and the REFINER system discussed
earlier [12].
To show a larger portion centered around a focus concept, we can resort to
focus+context visualization tehniques. Focus+context viewers use as a general
metaphor the e ects observed when looking through sheye lenses or magnifying
glasses. A simple way to implement a sh eye view is to display the information
contained in a lattice in varying levels of details depending on the distance from
the focus; the size of the information at the focal point are increased whereas
the information placed further away are reduced in scale.
In practice, a speci c display format for each subset of concepts placed at the
same distance from the focus concept can be used, the distance being the length
of the shortest paths between the concepts. Such displays may involve di erent
combinations of sizes, fonts, and types of information. A similar approach has
been adopted in the ULYSSES prototype ([9], [10]).
In some cases, we are mainly interested in the portion of the lattice placed
below a focus concept. A simple and useful approach is to use a tree, by making the focus concept the root and associating each sequence of concepts below
the focus with a path. The tree representation has several advantages. As the
metaphor of hierarchical folders is used for storing and retrieving les, bookmarks, menus items, etc., most users are familiar with it and hence no training

on the part of the user is required. Furthemore, it takes little space on the screen
and it may be drawn eÆciently.
The main disadvantage is that there may be a considerable amount of duplication of information when the concepts have multiple parents. On the other
hand, this is not very likely to happen if only some levels of the hierarchies are
visualized. The tree-like representation surfaces in some more recent prototypes
based on concept lattices such as HierMail [16] and its commercial follow-up
Mail-Sleuth (http://www.mail-sleuth.com ).
An alternative approach to lattice visualization is based on combining multiple partial views of the data represented in the context. A particular scheme
termed nested line diagram has been developed within the FCA community and
rst implemented in the Toscana system ([57], [55],[56], [53]). In essence, (i) two
or more subsets of attributes are chosen by the user, (ii) the concept lattices
of the subcontexts identi ed by the attribute subsets of step 1 are found, and
(iii) the full concept lattice is embedded in the direct product of the lattices
of subcontexts as a join-semilattice. The overall e ect is that of having several
complete lattices of partial contexts nested into one another rather than a partial
lattice of a complete context.
One advantage of nested line diagrams is that the size of each local diagram cannot exceed the number of possible combinations of the attribute values
present in the corresponding subcontext, regardless of the number of objects in
the database. Hence, it is possible to draw the full lattices of each subcontext
even for large databases, provided that the subcontexts are suÆciently small.
Clearly, this approach is e ective when the number of scales to combine is limited.
Before concluding this section we would like to emphasize that the fast advances in the eld of graphical web interfaces may spur a renewed interest in the
techniques for lattice visualization. In addition to exploring the use of alternative visual layouts proposed in the information visualization eld [22], whether
focused on more complex inherent graph substructures or on richer interactive or
linking mechanisms, it would be useful to compare relative merits and drawbacks
of each visualization scheme for speci c performance tasks.
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The next challenge

Current Web retrieval interfaces are limited by a lack of a concise representation
of the content of all retrieved documents; conventional textual displays take much
perusal time and screen space and do not enable inspection of more documents
at a time. A related drawback is represented by the inability of providing good
re nement terms for narrowing down the large set of results that are typically
returned in response to a query.
Current research is addressing these shortcomings by attempting to provide
visual or terminological cues for interpreting and manipulating retrieval results
(e.g., [30], [3], [59], [33]), but most proposed approaches are still hampered by
theoretical and practical limitations.

Concept lattices are a good candidate for extending user control over presentation and selection of web retrieval results. Among the anticipated advantages
are the following. As the re nement terms in the lattice are based on all the words
in the query concept (rather than on single words) and they are driven by the
content of the documents being searched (rather than on prede ned term-term
associations), the suggested terms may work well not only for simple, popular
topics - as with the \related keyword" feature provided by some commercial
search engines - but also for specialized or ambiguous topics. Furthermore, concept lattices are more exible than hierarchical clustering approaches, because
it is easier for the user to recover from bad early decisions while traversing the
structure. Finally, several search strategies can be integrated in the same framework.
Searching the web results using FCA is technically feasible. Now we sketch
a possible architecture. The system takes as input a user query. The query is
forwarded to a selected search engine, and the rst pages retrieved by the search
engine in response to the query are collected and parsed. At this point, a set of
index units that describe each returned document is generated; such indices are
next used to build the concept lattice corresponding to the retrieved results. The
last steps consists of showing the lattice to the user and managing the subsequent
interaction between the user and the system.
There are a number of design decisions involved here, which may a ect both
the eÆciency and the e ectiveness of the whole system. Following the data ow,
the main decisions are: analyzing a small/large number of retrieved documents,
using document snippets or full text documents, performing single- or multikeyword indexing, constructing partial or full concept lattice, using simple or sophisticated visualization schemes, allowing single or multiple interaction modes.
In order to ensure fast response times and good overall retrieval e ectiveness,
each component should be carefully designed and engineered; also, the interactions with the other components should be studied.
In spite of such diÆculties, building a system of this kind can help to address
the issue of retrieving and mining web documents in a more principled and
e ective manner. We believe that the challenge is quite realistic, given the current
state of the art of FCA and IR techniques, and that this might be a big success
for the whole eld of concept data analysis.
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Conclusions

The advances in the methods for constructing and searching document lattices
coupled with the unprecedented need for contextual text processing techniques
make FCA a strong tool for building modern IR applications. In order to grasp
this opportunity, some bigger e ort and a few cautions are required on the part
of FCA developers. Here we would like to make some recommendations that can
help build successful applications.
Focus on appropriate IR tasks. The chosen tasks must be suitable for FCA
and should not be easily solved by conventional IR techniques. For instance,

natural language processing techniques could hardly demonstrate their usefulness as long as they were employed to improve the classical topic relevance task,
whereas they have recently become an essential component of systems performing question answering on large text collections.
Integration with advanced IR techniques. To solve any nontrivial task, it may
be necessary to integrate FCA methods with existing IR techniques. As the IR
eld is moving on fastly, it is important to pick up the most updated techniques.
For instance, using the classical tf  idf weighting scheme rather than the much
more e ective methods that have been developed lately may seriously degrade
the performance of the whole IR application.
Adoption of IR evaluation metrics. The e ectiveness of the application should
be measured using recognized evaluation metrics. This holds both for automatic
and interactive tasks. Evaluation studies of the latter type of tasks, which is more
relevant to FCA applications, are not frequent in the literature probably due to
a combination of methodological, technological, organizational, and economical
issues, although there are some signi cant exceptions (e.g., [51], [3]).
Engineering test collections. It would be very useful to have a set of test
databases on which to run rigorous experimental comparisons. Test collections
could be used to evaluate the eÆciency (and perhaps the correctness) of the
algorithms for constructing the document lattice and also to perform more controlled IR experiments. Engineering test collections may be an important step
to take for the whole research community on FCA to encourage systems implementations and to measure advances.
Deployment of tools. Although a number of FCA papers have been published
in major IR forums, the awareness of the utility of concept lattices for IR is still
limited outside of the FCA community. The free availability of an on-line, concept lattice-based tool for mining Web retrieval results would probably greatly
increase the scope of FCA for IR.
7
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