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Abstract. In this paper we propose an approach which combines
semantic resources and formal concept analysis to deal with het-
erogenous data sets represented as many-valued (MV) formal con-
texts. We define a new Galois connection considering the semantic
relationships between attribute values in a MV context. The seman-
tic relationships are used to calculate the similarity between attribute
values to decide whether an attribute is shared by a set of objects or
not. Then, based on this Galois connection, we define MV formal
concepts and MV concept lattices. Depending on a chosen similarity
threshold, MV concept lattices may have different levels of preci-
sion. We take advantage of this feature to browse the content of a
biological databases repository in a dynamic and progressive way.
The browsing process combines the navigation in several MV con-
cept lattices and allows zooming operations by switching between
MV concept lattices with higher or lower precision.

1 Introduction

With the important growth of Semantic Web, many reliable seman-
tic resources such as ontologies and thesauri are made available for
public use. At the same time, Web data resources such as databases
continue expansion and have more and more complex and heteroge-
nous contents. Both evolutions are not fully independent. Indeed, on
the one hand, the development of Web data resources relies more than
ever on semantic resources in almost all steps including structures de-
sign, content organization, etc. On the other hand, semantic resources
are extended in parallel with the evolution of the content of data re-
sources. The challenge now is how to take advantage of semantic
resources for an optimal and efficient exploitation, i.e. search and
reuse, of data resource contents. The present research work addresses
this challenge in identifying relevant biological resources w.r.t. a
repository of public biological databases (DBs), BioRegistry3 [4].

In BioRegistry, more than one thousand biological DBs are anno-
tated with a set of metadata w.r.t. a defined annotation model based
on the Dublin Core Metadata Initiative (DCMI4) model. Annotation
metadata are terms belonging to semantic resources such as the Med-
ical Subject Headings (MeSH5) thesaurus and the National Center
for Biotechnology Information (NCBI6) taxonomy describing exist-
ing semantic relationships between these metadata.
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Browsing BioRegistry for retrieving relevant biological DBs was
first introduced in [10]. The approach consists of classifying biologi-
cal DBs into a concept lattice built thanks to Formal Concept Analy-
sis (FCA) [8]. The use of a concept lattice is motivated by flexibility
and navigation capabilities provided by concept lattices [3]. The clas-
sification of biological DBs into a concept lattice requires an encod-
ing into a formal context, i.e. a binary table where lines correspond
to objects (DBs) and columns correspond to attributes (annotation
metadata). However, in this way, the relationships between attributes
when they exist, and this is often the case with real-world data, are
lost. In particular, encoding BioRegistry content as a formal context
does not allow to take into account semantic relationships between
annotation metadata.

In this paper, we propose an approach taking into account semantic
relationships between attributes during the concept lattice construc-
tion. These semantic relationships, as this is the case for BioReg-
istry, can be taken into account within a many-valued (MV) context,
where attributes may have sets of elements or intervals of numbers
as values. Then, a specific Galois connection is defined for attribute
sharing. Here, two objects g1 and g2 share an attribute m when the
values of m for g1 and g2 are “sufficiently similar”. Similarity is
checked with respect to domain knowledge possibly lying in a do-
main ontology. The present research work completes and extends the
ideas proposed in [11, 12]. The objective is to build an organizational
structure for navigation and retrieval of resources. Domain knowl-
edge is directly reused in the navigation and search process, and in
the concept lattice construction. Thus, this research work participates
in the design of concept lattices guided by domain knowledge, or in
what could be called Similarity-based Formal Concept Analysis.

The paper is organized as follows. Section 2 recall main FCA def-
initions. Section 3 gives a detailed formalization of the FCA exten-
sion to consider semantic relationships while processing MV con-
texts. Due to space limitation, all the proofs are removed from this
formalization. Section 4 details the application of the FCA extension
for progressive and dynamic exploration of BioRegistry content and
gives details on implementation and experimentations. Finally, Sec-
tion 5 concludes the present work.

2 Formal Concept Analysis
2.1 Basics
In this section we recall basic definitions related to FCA. More de-
tailed definitions and results can be found in [8]. FCA takes as input
a data set represented as a formal context and produces the set of
all the formal concepts which form a concept lattice. A formal con-
text is denoted by K = (G, M, I) where G is a set of objects, M
is a set of attributes, and I is a binary relation between G and M



(I ⊆ G × M ). (g, m) ∈ I denotes the fact that the object g ∈ G
is in relation through I with the attribute m ∈ M (also read as g
has m). A formal context can be encoded as a table where rows cor-
respond to objects and columns to attributes. When an object g has
an attribute m, the corresponding table entry contains a cross (×).
Table 1 shows an example of a formal context. The objects are sup-
posed to be biological databases and the attributes are terms used
to annotate these databases with respect to some available semantic
resources (NCBI taxonomy, MeSH thesaurus and Nucleic Acid Re-
search (NAR) hierarchy of categories7). The attributes corresponding
to the DB Category are read as follows: category.subcategory. For
example “1.2” corresponds to the second subcategory, “Gene struc-
ture, introns and exons, splice sites”, of the first category, “Nucleotide
Sequence Databases”. In this example, the database HSD has the at-
tributes Human, Proteins and 7.3.

Table 1. An example of formal context.

DB Subject Organism of Category
(MeSH) interest (NCBI) (NAR)
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ExInt × × ×
HSD × × ×

rRNDB × × ×
SpliceDB × × ×
CropNet × ×
GOLD × ×

INE × ×
TRANSCompel × × ×

The formal concepts are computed based on the relation I as max-
imal sets of objects having in common maximal sets of attributes.
These maximal sets are obtained by the means of two dual derivation
operators, ′ : P(G) → P(M) and ′ : P(M) → P(G), defined as
follows for any A ⊆ G and B ⊆ M :

A′ = {m ∈ M | (g, m) ∈ I ∀g ∈ A}

B′ = {g ∈ G | (g, m) ∈ I ∀m ∈ B}
P(G) and P(M) denote the powersets of G and M , respectively.
A′ is the set of all objects which have all attributes in B and B′ is
the set of all attributes common to all objects in A. For example,
{rRNDB, GOLD}′ = {Genome, 5.2} and {Genome, 5.2}′ =
{rRNDB, GOLD}.

Formal concepts are then defined as pairs (A, B) such that A ⊆
G, B ⊆ M , A′ = B, and B′ = A. A and B are respectively called
the extent and B the intent of the concept (A, B). For example,
({rRNDB, GOLD}, {Genome, 5.2}) is a formal concept. A set
A ⊆ G of objects (respectively B ⊆ M of attributes) is the extent
(respectively the intent) of a concept if and only if A′′ = A (respec-
tively B′′ = B). In this case, A (respectively B) is said to be closed.
For example {rRNDB, GOLD} is closed whereas {GOLD} is
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not closed and {Genome, 5.2} is closed whereas {Genome} is not
closed. In this way ′′ defines two dual closures systems on P(G)
and P(M) and the derivation operators define a Galois connection
between the two closure systems [8].

A concept (A1, B1) is called a subconcept of (A2, B2)
when A1 ⊆ A2 (or equivalently B2 ⊆ B1). In this case,
(A2, B2) is called a superconcept of (A1, B1) and we write
(A1, B1) ≤ (A2, B2). For example, ({rRNDB}, {Prokaryotes,
Genome, 5.2}) ≤ ({rRNDB, GOLD}, {Genome, 5.2}). The
set of all concepts in a context (G, M, I) ordered using the partial
order “≤” forms a concept lattice denoted by B(G, M, I). The con-
cept lattice of the context given in Table 1 is represented by the so-
called line diagram (or Hasse diagram) shown in Figure 1. This rep-
resentation follows reduced labelling where objects and attributes are
mentioned only once. The extent of a concept is obtained by consid-
ering the objects that can be reached by descending line paths from
this concept. Correspondingly, the intent is obtained by considering
the attributes that can be reached by following all line paths going
upwards from this concept.

Figure 1. The concept lattice corresponding to the formal context given in
Table 1.

2.2 Many-valued contexts and scaling
FCA provides appropriate tools for processing data sets representable
as formal contexts. However, in real-world data sets, objects are of-
ten described by attributes which can take on several values. In this
case, the attributes are said to be many-valued, contrasting to one-
valued attributes considered above. Let us consider for example the
context given in Table 1. Originally the biological databases in this
context are described by three MV attributes: DB Subject, Organism
of interest, and Category as shown in Table 2. This representation is
called many-valued context [8]. Formally, a MV context is denoted
by (G, M, W, I) where G is a set of objects, M is a set of attributes,
W is a set of attribute values, and I is a ternary relation between G,
M and W (i.e., I ⊆ G ×M ×W ). (g, m, w) ∈ I denotes the fact
that “the MV attribute m takes the value w for the object g”. This
fact is also denoted by m(g) = w (this notation will be preferred in
the present paper). For example, MeSH(HSD) = Proteins.

The basic FCA setting detailed so far cannot be immediately ap-
plied to MV contexts. Therefore, a transformation mechanism called
conceptual scaling [8] is proposed. It consists of transforming a MV
context into a formal context (called “scale”) by replacing each MV
attribute by a set of one-valued attributes. In this way, the context
given in Table 1 results from a particular scaling, called plain scaling,
of the MV context given Table 2. Although there are some rules that



Table 2. An example of MV context.

DB Subject Organism of DB category
(MeSH) interest (NCBI) (NAR)

ExInt Genome components Eukaryotes 1.2
HSD Proteins Human 7.3

rRNDB Genome Prokaryotes 5.2
SpliceDB Genome components Mammals 1.2
CropNet Plants 13
GOLD Genome 5.2

INE Rice 13
TRANSCompel Transcription factors Vertebrates 1.2

help to obtain scales [8], conceptual scaling does not give a unique
result. It is possible to define different scales for the same MV con-
text. The choice of a scale depends on attribute interpretations and
makes conceptual scaling a user-dependent task which can hardly be
automatized in the case of large data sets.

Some approaches have been proposed to directly process MV con-
texts without computing scales. They consist in defining new Galois
connections adapted to the type of MV attributes. In [2], an approach
based on Symbolic Data Analysis originally proposed to work with
attributes valued in domains, intervals and histograms is extended
to probabilistic data. In [1], approaches based on Fuzzy Logic are
defined w.r.t. Fuzzy Formal Contexts, where values of attributes are
truth degrees (of the relation existing between an object and the at-
tribute). These two families of approches have produced interesting
results and allow to extend FCA to non binary contexts. However,
they remain dependant on specific data formats. By contrast, the ap-
proaches proposed in [5] and [7] present an effective generalization
of FCA and can be applied to general forms of MV contexts. These
generalizations are similar as they both describe objects using formal
descriptions instead of attributes. Both approches provide a general
framework which must be instantiated in practice by defining and
implementing appropriate operators to handle the considered MV
context. In [12], a new approach based on similarity intervals has
been proposed to deal with MV contexts where attribute values can
be totally ordered. This form includes MV contexts containing nu-
merical attributes or categorical attributes with totally ordered values
(e.g. tiny, small, medium, large). In the following, we extend this ap-
proach to deal with more general MV contexts. This extension takes
advantage of available semantic resources to compute similarity be-
tween attribute values to efficiently process MV contexts of complex
and heterogenous data sets.

3 MV contexts w.r.t. similarity between attribute
values

3.1 Computing similarity between attribute values
based on semantic relationships

Dealing with the similarities between attribute values in a MV con-
text is the key idea of the approach developed hereafter. In the case of
complex data, we consider available semantic resources to compute
such similarities. For example, in the case of the MV context given in
Table 2, we consider the MeSH thesaurus, the NCBI taxonomy, and
the NAR hierarchy of categories to compute similarities between the
values of the attributes DB Subject, Organism of interest, and Cate-
gory, respectively. Fragments of these resources involving the terms
used in the considered MV context are shown in Figure 2.

Figure 2. Fragments of MeSH thesaurus, NCBI taxonomy, and NAR
hierarchy of categories expressing the semantic relationships between

annotation metadata of DBs in Table 2.

Several approaches have been proposed to calculate the similarity
between two or more terms in an ontology. A detailed comparaison
between the best known approaches can be found in [6] and in [9]. In
the following we consider the Jaccard Coefficient together with hi-
erarchies of terms to compute the similarity between any two terms
of the same hierarchy. Therefore, semantic resources such as tax-
onomies and thesauri are seen as hierarchies of terms (rooted directed
acyclic graphs) denoted by H = (V, E), where V is the set of ver-
tices and E is the set of edges. For any term v ∈ V , Ancestors(v)
denotes the set of vertexes in the path from v to the root of H in-
cluding both extremities. For example, Ancestors(Rice) = {Rice,
Plants, Eukaryotes, Cellular Organisms}. Then we define the simi-
larity between any two terms vi and vj ∈ V as follows:

sim(vi, vj) =
|Ancestors(vi) ∩Ancestors(vj)|
|Ancestors(vi) ∪Ancestors(vj)|

For example, sim(Rice, P lants) = 0.75.
This similarity mesure considers the proximity of terms in the hi-

erarchy and their precision level (the depth in the hierarchy). Con-
sidering this mesure, two terms vi, vj are said to be similar, and we
write vi ' vj , if and only if sim(vi, vj) ≥ θ where θ ∈ [0, 1] a cho-
sen similarity threshold. For example, for θ = 0.6, Rice ' Plants
whereas for θ = 0.8, Rice 6' Plants. It should be noticed here that
the similarity operator “'” is not transitive.

The similarity threshold θ expresses the maximal variation al-
lowed between two similar terms. The choice of θ reflects the pre-
cision requirements to be considered during the analysis process of
data. Higher values of θ mean that only the closest terms will be con-
sidered as similar in the hierarchy whereas lower values of θ mean
that more distant terms can be considered as similar. It is possible to
choose a threshold for each hierarchy of terms separately. However,
in the following, we consider the same threshold for all the hierar-
chies.

3.2 Attribute sharing between objects
In FCA, two objects gi, gj share an attribute m whenever they both
have m. This definition is extended to MV contexts based on sim-
ilarity as follows: gi and gj share m whenever m(gi) ' m(gj).
Objects gi and gj are said to share m w.r.t to the values {wi, wj}
written as (m, {wi, wj}). More generally, a set of objects A shares
(m, W A

m) where W A
m = {m(g) ∈ W, g ∈ A} whenever ∀gi, gj ∈

A, m(gi) ' m(gj). In this case we say that A is valid w.r.t. m and



W A
m is a set of similar values of m for A. In the same way, A shares

a set of attributes B whenever A shares all attributes in B.
For example, for θ = 0.5, HSD and SpliceDB share (NCBI,

{Human, Mammals}) since Human'Mammals in the NCBI taxon-
omy. These two objects do not share the attribute MeSH since Pro-
teins 6'Genome components.

3.3 Resigning MV concepts and MV concept lattice
In FCA, formal concepts are defined as maximal sets of objects hav-
ing in common maximal sets of attributes. Therefore, we need to
compute (i) for any attribute its corresponding maximal valid set of
objects and (ii) for any set of objects the maximal sets of similar val-
ues of their common attributes.
(i) Maximal valid sets of objects: Given an attribute m and a set of
objects A valid w.r.t. m. We define the set of reachable objects from
A w.r.t. m as follows:

R(A, m) = {gi ∈ G | m(gi) ' m(g), ∀g ∈ A}

R(A, m) is the maximal set containing all objects similar to those
in A w.r.t. m. This set may not be valid w.r.t. m because of the non
transitivity of “'”. The maximal valid set of objects containing A
is the subset of R(A, m) obtained by removing from R(A, m) all
pairs of objects which do not share m. Formally this set is defined as
follows:

Rv(A, m) = R(A, m) \ {gi, gj | m(gi) 6' m(gj)}

More generally, the maximal valid set containing A with respect to
B ⊆ M is: Rv(A, B) =

⋂
m∈B Rv(A, m).

(ii) Maximal sets of similar attribute values: When A ⊆ G shares an
attribute m ∈ M , the largest set of similar values of m for A is the
set of values of m for the objects in Rv(A, m) obtained as follows:

γ(A, m) = {m(g) ∈ W, g ∈ Rv(A, m)}

Then we say that A shares (m, γ(A, m)). For example, for θ = 0.5,
{ExInt, CropNet, INE} shares (NCBI, {Eukaryotes, Plants, Rice}).

Based on these maximal sets we define the following derivation
operators for A ⊆ G and B ⊆ M ×P(W ):

A↑ = {(m, γ(A, m)) ∈ M ×P(W ) | γ(A, m) 6= Ø}

B↓ = Rv({g ∈ G | ∀ (m, Vm) ∈ B, m(g) ' w, ∀w ∈ Vm}, B)

A↑ is the maximal set of MV attributes shared by all objects in A and
B↓ is the maximal set of objects sharing all MV attributes in B.

In the example of MV context in Table 2, and for θ = 0.5, we
have: {INE,CropNet}↑ = {(NCBI,{Plants,Rice}), (NAR,{13})} and
{(NCBI,{Plants,Rice}), (NAR,{13})}↓ = {INE,CropNet}.

Pairs of the form (m, Vm) are elements of M × P(W ). Sub-
sets of M × P(W ) can be partially ordered by the means of the
combination (product) of the inclusion relations on P(M) and on
P(W ). Given B1 = {(mi

1, V
i
1 )}i∈I and B2 = {(mj

2, V
j
2 )}j∈J

in P(M × P(W )), B1 ⊆θ B2 if and only if ∀(mi
1, V

i
1 ) ∈ B1,

∃ (mj
2, V

j
2 ) ∈ B2 such that mi

1 = mj
2 and V j

2 ⊆ V j
1 . For ex-

ample, for θ = 0.5, {(NCBI,{Human, Mammal, Vertebrates})} ⊆θ

{(NCBI,{Mammals, Vertebrates}), (NAR,{1.2})}.
We can check that A↑↓ = Rv(A, M) which is the maximal set

of objects containing A and sharing the same MV attributes as A.
Similarly, we can check that B↓↑ = {(m, γ(B↓, m))} which is the
maximal set of MV attributes containing B and shared by the same

objects as B. Then it follows that “↑↓” and “↓↑” are closure oper-
ators on P(G) and P(M × P(W )) respectively. The closed sets
of objects and the closed sets of attributes formed by both operators
respectively are dual and the operators ↑ and ↓ form a Galois connec-
tion between (P(G),⊆) and (P(M×P(W )),⊆θ).

Based on the derivation operators defined above we define MV
concepts as (A, B) where A ⊆ G and B ⊆ M × P(W ) such
that A↑ = B and B↓ = A. A and B are respectively the ex-
tent and the intent of (A, B). For θ = 0.5, ({INE,CropNet},
{(NCBI,{Plants,Rice}),(NAR,{13})}) is an example of MV concept.

The MV concepts are ordered as follows:

(A1, B1) ≤θ (A2, B2) ⇔ A1 ⊆ A2(⇔ B2 ⊆θ B1)

(A1, B1) is a subconcept of (A2, B2) and (A2, B2) is a super-
concept of (A1, B1). The set of all MV concepts of a MV context
ordered by ≤θ is denoted by Bθ(G, M, W, I) and called the MV
concept lattice of (G, M, W, I) for the similarity threshold θ. The
MV concept lattice of the MV context represented in Table 2 for
θ = 0.5 is shown in Figure 3.

4 Exploration of Complex Data in Biology
4.1 Multi-grained classification
The MV concept lattice design can be used as a “tuning” classifica-
tion tool, from a coarse to a fine-grained classification, depending on
the value of θ. The variation of θ has a direct influence on attribute
sharing, i.e. restricting or relaxing sharing. Decreasing θ corresponds
to enlarging similarity of attribute values and implies the formation
of MV concepts whose intents contain MV attributes with large sets
of similar values. Conversely, increasing θ corresponds to a restric-
tion of similarity and implies the formation of MV concepts whose
intents contain MV attributes with reduced sets of similar values. As
a consequence, MV concept lattice design can be viewed as a multi-
grained classification process, depending on the values of θ (from 0
to 1). This feature is particularly interesting for large contexts. A first
general MV concept lattice can be built (choosing a low value of θ)
to provide a coarse classification. Then, according to the desired pre-
cision, more specific MV concept lattices can be built by increasing
values of θ.

The two extreme MV concept lattices, for θ = 0 and for θ = 1,
correspond to the concept lattices of two particular conceptual scal-
ing. The upper lattice is obtained when θ = 0 which means that
all the values of an attribute are similar. This case is equivalent to
conceptual scaling which consists in replacing each non empty table
entry by a cross (×) in the MV context. The lower lattice is obtained
when θ = 1 (i.e. no similarity between attribute values). This case is
equivalent to plain scaling [8].

4.2 Dynamic navigation
Once a satisfactory classification grain is reached, the corresponding
MV concept lattice can be used for navigation support. The naviga-
tion process is performed in the same way as in standard FCA [3],
starting from a given concept and following generalization or spe-
cialization links in the MV concept lattice.

An additional interesting feature offered by MV concept lattices is
the possibility of zooming w.r.t. the concept precision while explor-
ing a MV concept lattice. The idea consists in dynamically moving
from a MV concept lattice to another depending on a higher or lower
grain level. More precisely, while navigating in a MV concept lattice,



Figure 3. The MV concept lattice B0.5(G, M, W, I).

Figure 4. An example of MV concept zooming in a dynamic navigation process.

one may need to “zoom-in” to get detailed object organization with-
out being obliged to restart the navigation process and considering
a more specific MV concept lattice. “Zoom-in” a MV concept, say
C, consists in showing the part corresponding to C in a more spe-
cific MV concept lattice. In another case the need may be to “zoom-
out” a MV concept C to see the variation of the extent of C when
the similarity threshold is increased. The illustration of MV concept
zooming is given in Figure 4. The considered MV concept lattices
are B0.5(G, M, W, I) (left) and B0.2(G, M, W, I) (right). Zoom-in
and zoom-out examples are shown respectively from right to left and
from left to right.

As the zooming operation needs to dynamically move from a
MV concept lattice to another, it requires the computation and the

cache of several MV concept lattices depending on different simi-
larity thresholds. In practice it may be difficult to ensure an efficient
management especially for large MV contexts. One way to avoid the
problem consists in dynamically designing a MV concept lattice for a
reduced MV context, involving only the objects and attributes under
study.

4.3 Experimentation
The approach proposed in this paper is implemented in the SimBA
system (Similarity-Based concept Analysis8). The MV lattice con-
struction is based on an adapted levelwise algorithm based on a pair-

8 http://www.loria.fr/∼messai/en/SimBA.htm



wise intersection of sets of MV attributes which takes into account
similarities between attribute values.

Experimentations of SimBA were mainly performed on two MV
contexts extracted form BioRegistry repository. The first MV context
contains 48 DBs, 5 MV attributes related to the DBs subjects and
corresponding to 5 different trees in the MeSH thesaurus structures
(namely “Organisms [B]”, “Chemicals and Drugs [D]”, “Analytical,
Diagnostic and Therapeutic Techniques and Equipment [E]”, “Bio-
logical Sciences [G]”and “Natural Sciences [H]”), and 39 different
MeSH terms as attribute values distributed in the context with a den-
sity of 0.34. The second MV context contains all the DBs annotated
with at least one MeSH term. This MV context contains 585 BDs, 9
attributes corresponding to 9 different trees in the MeSH thesaurus
and 410 different MeSH terms distributed in the context with a den-
sity of 0.3. In this MV context a table entry can contain more than
one MeSH term. The average number of MeSH terms per non empty
table entry is 1.7.

The similarity between two arbitrary MeSH terms is computed
w.r.t. the MeSH thesaurus in the same way as introduced a Sec-
tion 3.1. The position of any MeSH term in the corresponding MeSH
tree and the set of its ancestors are immediately given by its asso-
ciated tree number in the MeSH thesaurus which facilitates simi-
larity computing. For example, the tree numbers of Mammals and
Vertebrates are “B01.150.900.649” and “B01.150.900” respectively.
These two terms have 3 common nodes in their path to the root (B01,
B01.150, and B01.150.900). The similarity between these two terms
is 0.75.

The evolution of MV concept lattices in terms of number of MV
concepts with respect to the similarity threshold for the two consid-
ered MV contexts as well as for the example given in Table 2 is
shown on Figure 5. Although the MV contexts are different from
each other, the overall evolution of MV concepts in their correspond-
ing MV concept lattices has almost the same behavior. These results
confirm the usefulness of MV concept lattices for progressive clus-
tering as well as for dynamic exploration of complex data.

The navigation into the obtained MV concept lattices is supported
by the visualization module which generates the Hasse diagrams of
the MV lattices based on prefuse API 9. The Hasse diagrams shown
in Figures 3 and 4 are samples visualized with SimBA visualiza-
tion module. The navigation process is facilitated by visual aspects
such that highlighting concept neighbors, focusing on parts of lattices
rather than on the whole lattice, and showing different information
about concepts while visualizing lattices (intents only, extents only,
supports of the intents).

5 Conclusion
In this paper, we presented an approach adapting FCA to take ad-
vantage of available semantic resources to deal with complex data
represented as MV contexts. The basic idea is that two objects share
an attribute whenever the values taken by this attribute for these ob-
jects are similar with respect to a considered semantic resource and a
similarity threshold. We defined a Galois connection which considers
similarities between attribute values. Then we derived MV concepts
and MV concept lattices. The resulting MV concept lattices are used
to facilitate the exploration of complex data sets in a progressive and
dynamic manner. The approach was implemented and successfully
applied for browsing the contents of the biological databases repos-
itory BioRegistry. In the future, we will study the potential of the
approach to mining complex data based on semantic relationships.
9 http://prefuse.org/

Figure 5. Evolution of the number of MV concepts in the MV concept
lattices.
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