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Recent literature reports the growing interests in data
analysis using Formal Concept Analysis (FCA), in which
data is represented in the form of object and attribute
relations. FCA analyzes and then subsequently visual-
izes the data based on duality called Galois connection.
Attribute exploration is a knowledge acquisition process
in FCA, which interactively determines the implications
holding between the attributes. The objective of this
paper is to demonstrate the attribute exploration to un-
derstand the dependencies among the attributes in the
data. While performing this process, we add domain
experts’ knowledge as background knowledge. We
demonstrate the method through experiments on two real
world healthcare datasets. The results show that the
knowledge acquired through exploration process coupled
with domain expert knowledge has better classification
accuracy.
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1. Introduction

Formal Concept Analysis (FCA) is an applied
mathematical method of data analysis. Emerg-
ing from the order and lattice theory, FCA ana-
lyzes the data which describes the relationship
between a set of objects and a set of attributes
of a particular domain (Davey and Priestley,
2002). The objects and attributes are structured
into formal abstractions called formal concepts,
which together form a hierarchically ordered
conceptual structure called concept lattice and
collection of attribute implications. The pro-
cess of concept formation in FCA is generally
considered as a knowledge discovery from data
and constructing the concept set constitutes the

mining phase of data (Poelmans et al., 2010;
Valtchev et al., 2004). With its ability to unfold
different views of data for interpretations and
finding patterns in the data, FCA is well suited
in different areas where data is to be analyzed at
several levels of detail and from different view
points.

However, there are a few issues in using FCA for
data analysis which includes representing the
domain knowledge, handling incomplete and
redundant attribute or object details, knowledge
reduction while maintaining structure consis-
tency etc (Sergio Mariano and Newton Jose,
2010; Wei and Jian-Jun, 2010; Wu et al, 2009).
Literature reportsmathematical or heuristic tech-
niques to handle these issues (Aswani Kumar
and Srinivas, 2010; Aswani Kumar and Srini-
vas, 2010a; Aswani Kumar, 2011; Aswani Ku-
mar, 2011b; Mi et al, 2010; Prem Kumar Singh
and Aswani Kumar, 2012; Snasel et al., 2007;
Snasel et al., 2008).

However, it is desirable to understand depen-
dencies among the attributes before applying
any such technique. One way of addressing
this situation is to perform attribute exploration
process. Generally, this exploration process is
regarded as a tool for knowledge acquisition
and discovery. Attribute exploration process in
FCA determines a minimal set of implicational
dependencies between attributes that hold for
all objects of the domain of study. Initially,
the exploration starts by selecting the objects
and attributes that describe these objects. From
these attributes, the exploration process com-
putes hypothetical implications. These impli-
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cations are validated by a human, who is an
expert of the domain of the objects. The out-
put of the exploration process is the set of im-
plications which are true for the chosen set of
attributes and a representative set of examples
of the domain of study (Cynthia, 2012; Jascke
and Rudolph, 2013). The objective of this pa-
per is to demonstrate the attribute exploration
as a process of understanding the dependencies
between the attributes. Also, the knowledge ac-
quired in this process is integrated with the do-
main experts’ knowledge. The remainder of this
paper is organized as follows. Section 2 pro-
vides a detailed background and related work.
Section 3 provides the problem description and
motivation for attribute exploration. Section 4
demonstrates the attribute exploration on two
healthcare datasets and analyzes the results.

2. Background

This section focuses on the notions and termi-
nology of FCA. Introduced by Wille in 1982,
FCA is an order-theoretic mathematical frame-
work which represents lattice as a conceptual
hierarchy of the data and each element of lattice
as a formal concept (Ganter, 1999; Ganter and
Wille, 1999; Stumme, 2009; Wille, 2008).

Definition 1. A formal context C = (G, M, I)
consists of two sets G, M and binary relation I
between G and M. The elements of G, M are
called the objects and attributes of the context,
respectively.

Definition 2. A formal concept of the con-
text (G, M, I) can be defined as an ordered pair
(A, B) with A ⊆ G, B ⊆ M, A′ = B, B′ = A.
We call A as extent and B as intent of the concept
(A, B).

The set of formal concepts is ordered by partial
order ‘≤’ such that for any two formal concepts
(A1, B1) and (A2, B2), (A1, B1) ≤ (A2, B2) if
and only if A1 ⊆ A2 and B2 ⊆ B1. The set of
concepts ordered by this partial order ‘≤’ con-
stitutes a complete lattice termed concept lattice
(Davey and Priestley, 2002). With this notion
of partial order, lattices provide a clear structure
for knowledge representation. Each node of the
lattice structure represents a concept. Each con-
cept is linked by a descending path to all the
concepts that are labeled by objects belonging
to the extent of the concept, and by an ascending
path to all concepts that are labeled by attributes

belonging to the intent of the concept. The most
general concepts are at the top of the hierarchy.

An object g is attached to a node representing
the smallest concept with g in its extent and an
attribute m is associated with the node repre-
senting the largest concept with m in its intent.
Hence if a node has an object g, then all the
nodes above it also contain the object g. The
smallest concept for an object g is called the
object concept of g. Similarly, every attribute
will have attribute concepts in the lattice. In
the lattice structure, instead of labeling the el-
ements with all their objects and attributes, we
label the object and attribute concepts with their
generating objects and attributes.

Definition 3. An attribute implication is an ex-
pression P → Q, where P, Q ⊆ M, is true in
C if each object which has all attributes from P
has also all attributes from Q.

The basic assumption is that P ∩ Q = ∅ i.e. the
attributes in the premise P are discarded from
the conclusion Q.

Definition 4. A set T of attribute implications
is called sound and complete with respect to a
formal context C = (G, M, I), if T is true in C
and each implication true in C follows from T .

Definition 5. A set T of non-redundant attribute
implications which is sound and complete with
respect to a formal context C is a base with
respect to context C.

Attribute implications are closely related to func-
tional dependencies in the database field and
hence have made their way into Association
Rules Mining (ARM) problem in data mining
(Aswani Kumar, 2012; Dias et al., 2013; Li
et al., 2013; Pasquier et al., 1999). The ba-
sis for the rules with 100% confidence is called
as Duquenne-Guigues (DG) basis and the basis
for the rules with confidence less than 100%
is called as Luxenburger basis. From the DG
basis all the implications of the context can be
derived in a canonical way so that all the impli-
cations of the context semantically follow from
the basis (Bazhanov and Obiedkov, 2013). As
lattices are algebraic structures, it is natural to
consider canonical, those maps between lattices
which preserve the operations join and meet.
For more detailed introductory information on
FCA, interested readers can refer to the litera-
ture including (Kuznetsov and Poelmans, 2013;
Poelmans et al, 2013a; Stumme, 2009; Valtchev
et al, 2004; Wille, 2008);
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FCA has attracted several applications in a wide
variety of disciplines (Aswani Kumar et al.,
2012; Aswani Kumar, 2013). Priss (2006) has
provided an exhaustive overview of FCA appli-
cations. Very recently Poelmans et al. (2013b)
have provided a survey of applications of FCA
based methods in different domains, including
software mining, web analytics, medicine, biol-
ogy and chemistry etc.

3. Problem Description and
Exploring Attributes

Formal contexts, concept lattices and implica-
tion bases represent the same structural infor-
mation of a dataset. From the formal context
representation, concept lattice and an implica-
tion base can be derived. Alternatively, with the
help of implication base, all possible intents can
be defined from which a suitable formal context
and a lattice structure can be obtained (Wille,
2008). However, there are caseswhere the set of
objects of a domain is either incomplete or too
large to be listed completely. Also, the attribute
implications from a context generally hold for
the objects from that context and do not hold
for all objects of a domain. To address these
issues, FCA provides a method called attribute
exploration for incremental construction of for-
mal contexts. Given a set of objects belonging
to a subject domain and their descriptions in the
formof presence or absence of certain attributes,
attribute exploration aims to build a set of impli-
cations that hold for all the objects in the entire
domain and a representative set of its objects.
Similar to the attribute exploration, FCA also
supports object, rule and concept explorations
(Stumme, 1995).

The main purpose of attribute exploration over a
contextC is to generate the DG basis of implica-
tions and an associated context. The process of
attribute exploration is interactive, which sug-
gests the attribute implications to the domain
expert. The role of the expert in this process is to
validate the implication. At each step in the pro-
cess, an implication base for the context repre-
senting the domain data at that step is generated
and shown to the expert. Given an implication
P → Q, the expert can either accept the impli-
cation or refute it with a counterexample. The
counterexample is an object O, where O ∈ G,
that has all attributes from P, but there exists at

least one attribute from Q that the object O does
not have. With these counterexamples, object
set of the context can be obtained. These objects
or counterexamples are sufficient to determine
the structure of the concept lattice. Since the de-
cision on validity of an implication cannot be re-
versed, the counterexamples cannot contradict
with the already confirmed implications. This
interactive and iterative method completes both
the logical specification and the basis for the
constructed context. The concept lattice of the
domain is isomorphic to the concept lattice gen-
erated from the relatively small set of objects.
The algorithm proposed by Ganter and Wille
(1999) computes non-redundant and complete
set of implications. Practical implementation
of this algorithm can be found in some of the
FCA tools such as ConExp, Conexp-clj. How-
ever, this implementation does not consider any
available background knowledge.

This exploration process is regarded as the first
andwell knownFCAbased procedure for know-
ledge discovery (Poelmans et al., 2013a). Obied-
kov et al. (2009) have shown that attribute ex-
ploration can be used to create lattice-based ac-
cess control models by considering one by one
dependencies between security labels. Revenko
and Kuznetsov (2010) have proposed an ap-
proach based on attribute exploration for study-
ing the relations between properties of func-
tions on ordered sets. Very recently Jaschke
and Rudolph (2013) have proposed an approach
for supporting attribute exploration process by
Web information retrieval. Their approach has
potential to speed up the attribute exploration
process. In another interesting work, Aswani
Kumar (2013) has performed attribute explo-
ration for designing role based access control.

4. Experimental Results and Discussion

We demonstrate here the attribute exploration
on two healthcare datasetswhich are part of con-
sumer healthcare informatics project of Medi-
cal Research Council of South Africa (Horner,
2007). The diseases which were studied in the
project are Tuberculosis (TB), Chronic Bron-
chitis (CBr) and Hypertension (HP). However,
in our analysis we consider only TB and CBr
diseases. We have conducted the experiments
in two ways. First, from the formal context
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corresponding concept lattice and its implica-
tion base are derived. Alternatively, with the
help of attribute exploration, all possible intents
are identified and by using them, suitable for-
mal context and its concept lattice structure are
obtained. For the purpose of exploration, we
have considered treating doctors’ diagnosis and
experts’ rules as domain knowledge. We have
tested quality of the rules by comparing them
with the rules originally given by the domain
experts and with a test dataset. Domain experts
team includes a chest specialist, a gastroen-
terologist who are both the faculty members
at Medunsa medical campus of the University
of Limpopo in South Africa and a nursing staff
member with 30 years of experience in primary
healthcare.

4.1. Chronic Bronchitis

Chronic Bronchitis (CBr) dataset contains the
data about 7 patients for various symptoms of
CBr and experts’ rules for determining the dis-
ease. Table 1 shows the list of various CBr
symptoms. Table 2 lists experts’ opinions in
the form of rules applied in determining the dis-
ease using the symptoms listed in Table 1. Ta-
ble 3 shows the formal context, also known as
object-attribute binary incidence matrix of CBr
data with details of 7 patients. The last column
of the matrix indicates treating doctor’s conclu-
sions on presence or absence of CBr. From the
context it is clear that there is only one positive
example in the dataset, namely Obj 4.

No Symptom Abbreviation

1 Persistent Cough PC
2 Sputum Production SP

3
Sputum produced is
Muco-Purulent MC

4 Chest Tightness CT
5 Shortness of Breath SB
6 Wheezing Chest WC
7 Smoking SM

Table 1. Chronic Bronchitis (CBr) symptoms.

Figure 1 shows the concept lattice obtained
by applying FCA on the CBr incidence matrix
given in Table 3. Concept lattice shown in Fig-
ure 1 is of height 6 and contains 10 conceptswith

12 edges. As discussed in Section 2, nodes in
the concept lattice structure indicated the object
and attribute concepts only. From the formal
context shown in Table 3, along with the con-
cept lattice, FCA has produced 9 implications
in the DG basis i.e. the implications with 100%
confidence. Implications which make positive
conclusions about the CBr are of interest in this
study. Table 4 lists all such implications derived
from FCA. If the antecedent of an implication
which has the target attribute in its consequent is
a subset of the antecedents of an expert’s rule,
then we can consider that the expert’s rule is
subsumed by the implication. From Table 4, we
can understand that antecedent of the implica-
tion 2 is subset of the antecedents of the expert’s
rules. Implication 1 is not part of the experts’
rules. However none of the implications in the
DG basis, shown in Table 4, is overlapped ex-
actly with any of the experts’ rules. Hence these
implications are considered as new knowledge
about the domain.

Sl. No Expert Rules for Tuberculosis

1 PC SM SP CT SB → CBr
2 PC SM SP WC → CBr
3 PC SM SP MC → CBr

Table 2. Expert’s rules for CBr.

Figure 1. Concept lattice of Bronchitis training context.
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PC SP MC CS CT SB WC SM CBr

Obj 1 X X X X
Obj 2 X X
Obj 3 X X X X X
Obj 4 X X X X X X X X
Obj 5 X X X X X X
Obj 6 X
Obj 7 X

Table 3. Incidence matrix from original Bronchitis
dataset.

Sl. No Implications
No. of objects
implication

holds

Implications NOT part of expert rules
1 PC SP MC CT SM → CBr 1

Implications part of expert rules
2 SB SM → CBr 1

Table 4. Implications obtained from CBr context.

Next we perform the exploration of CBr at-
tributes by considering all the symptoms of CBr
disease. We have also considered the experts’
rules and treating doctors’ diagnosis given in
Tables 2 and 3 as domain knowledge of the dis-
ease. We start with the object empty context
(∅, {PC, SP, MC, CS, CT, SB, WC, SM, Cbr}).
Exploration starts with the question whether all

patients (objects) have all the symptoms (at-
tributes). Domain expert provides a counterex-
ample of patient 4 having symptoms {PC, SP,
MC, CT, SB, WC, SM, CBr} and adds this ex-
ample as object 1 to the new context. Then
the second question will explore whether all
patients have at least all the symptoms of ob-
ject 1. Since this is not the case, the expert
provides a counterexample of patient 5 having
the symptoms {PC, SP, CS, CT, WC, SM} and
adds the example as object 2 to the new context.
Proceeding as above, we accept 9 more impli-
cations and provide 4 counterexamples before
the attribute exploration stops. Table 5 lists all
the explored questions and corresponding coun-
terexamples by the expert.

From the counterexamples and the experts’ rules
listed in Table 2 as domain knowledge, we get
the resultant formal context as shown in Table 6.
From Table 6 we can observe that object 1 to
object 6 are obtained from the counterexamples
provided by the domain expert. Objects 7, 8 and
9 are the domain expert rules of CBr disease as
mentioned in Table 2. Figure 2 shows the con-
cept lattice obtained from the resultant context.
The new lattice structure is of height 6 and con-
tains 15 concepts with 23 edges. Along with
the lattice the resultant context has produced 13
implications in the DG basis. Implications that
conclude CBr are listed in Table 7. We can ob-
serve that the support count of the implication

# Question Answer
Counter-
examples

1 Whether all objects (patients) have all attributes (symptoms) No Obj 4
2 Whether all objects have attributes PC, SP, MC, CT, SB, WC, SM, CBr No Obj 5
3 Whether all objects have attributes PC, SP, CT, WC, SM No Obj 3
4 Whether all objects have attributes PC, SP, CT, SM. No Obj 1
5 Whether all objects have attributes PC, SP, SM. No Obj 2
6 Whether all objects have attributes PC, SM. No Obj 6
7 Whether all objects have attributes SM. Yes –
8 Is it SM, CBr → PC, SP, MC, CT, SB, WC? Yes –
9 Is it WC, SM → PC, SP, CT? Yes –
10 Is it SB, SM → PC, SP, MC, CT, WC, CBr? Yes –
11 Is it CT, SM → PC, SP? Yes –
12 Is it CS, SM → PC, SP, CT? Yes –
13 Is it MC, SM → PC, SP? Yes –
14 Is it SP, SM → PC? Yes –
15 Is it PC, SP, MC, CT, SM → SB, WC, CBr? Yes –

Table 5. Exploring the attributes of CBr disease.
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{SB, SM → CBr} is increased due to the fact
that the experts’ rules are being considered as
domain knowledge. From Table 7 it is clear
that the context obtained after exploration has

PC SP MC CS CT SB WC SM CBr

Obj 1 X X X X X X X X
Obj 2 X X X X X X
Obj 3 X X X X X
Obj 4 X X X X
Obj 5 X X
Obj 6 X
Obj 7 X X X X X X
Obj 8 X X X X X
Obj 9 X X X X X

Table 6. Resultant context after exploration and
combining experts’ knowledge.

Figure 2. Concept lattice obtained after exploration.

Sl. No Implications
No. of objects
implication

holds

Implications NOT part of expert rules
1 PC SP MC CT SM → CBr 1

Implications part of expert rules
2 SB SM → CBr 1

Table 7. Implications obtained from CBr context after
attribute exploration.

derived more knowledge in the form of implica-
tions about the disease than the original context.
Another interesting point is that attribute explo-
ration has clarified objects 6 and 7 that have
equal sets of attributes in the original context as
single object in resultant context.

No Symptom Abbreviation

1 Persistent Cough PC
2 Sputum Production SP
3 Sputum produced is Muco-Purulent MC
4 Sputum Bloody BS
5 Clear Sputum CS
6 Weight Loss WL
7 Extreme Night Sweats NS
8 No Appetite NA
9 Chest Pain CP
10 Shortness of Breath SB
11 Tuberculosis Contact TC
12 Tiredness TN

Table 8. TB symptoms.

Sl. No Expert Rules for Tuberculosis

1 PC SP BS WL → TB
2 PC SP BS NS → TB
3 PC WL NS → TB
4 PC SP BS TC → TB
5 PC SP BS CP NA → TB
6 PC SP BS SB → TB
7 PC WL CP SB → TB
8 PC SP BS CP TN → TB

Table 9. Expert rules for TB.

4.2. Tuberculosis

We have conducted experiments on Tuberculo-
sis (TB) dataset which contains the details of 21
patients for various symptoms of TB as a train-
ing data, symptoms of 10 patients as testing data
and experts’ rules for determining the disease.
Table 8 shows the list of various TB symptoms.
Table 9 lists experts’ opinions, in determining
the disease using the symptoms listed in Ta-
ble 8. Table 10 shows the formal context, also
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known as object-attribute binary incidence ma-
trix of TB training data. The last column of
the matrix indicates presence or absence of TB
as diagnosed by the treating doctors. Figure 3
shows the concept lattice obtained by applying
FCA on the TB incidence matrix given in Ta-
ble 10. Each node of the lattice structure shown
in Figure 3 represents a concept. Concept lattice
shown in Figure 3 is of height 11 and contains
101 concepts with 253 edges. From the formal
context shown in Table 10, along with the con-
cept lattice, FCA has produced 33 implications
in DG basis. Implications which make posi-
tive conclusions about the TB are of interest in
this study. Table 11 lists all such implications
derived from FCA.

From Table 11 we can understand that an-
tecedents of the implications 4 to 9 are subsets
of the antecedents of the experts’ rules. Also,
we can observe that these implications subsume
all the experts’ rules. Implications from 1 to
3 are not part of the experts’ rules. However

Sl. No Implications Support
Count

Implications NOT part of expert rules
1 NS CP→ TB 8
2 WL TN → TB 11
3 PC SP MC CS CP TN → TB 0

Implications part of expert rules
4 NA CP → TB 9
5 BS → TB 1
6 PC SP NS → TB 6
7 WL NS → TB 10
8 WL CP → TB 10
9 TC → TB 3

Table 11. Implications obtained from TB training data
using FCA.

none of the implications in the DG basis shown
in Table 11 are overlapped exactly with any of
the experts’ rules. Hence we treat these impli-
cations as new knowledge about the domain.

PC SP MC BS CS WL NS NA CP SB TC TN TB

Obj 1 X X X X X X X
Obj 2 X X X X X X X X
Obj 3 X X X X X X X X X X
Obj 4 X X X X X X
Obj 5 X X X X X X X
Obj 6 X X X X X X X X X
Obj 7 X X X X X X X X X
Obj 8 X X X X
Obj 9 X X
Obj 10 X X X X X X X X X
Obj 11 X X X X X X
Obj 12 X X X X X
Obj 13 X X X X X
Obj 14 X X X X X X X X X
Obj 15 X
Obj 16 X X X X X X X X X X
Obj 17 X X X X X X X X
Obj 18 X X X X X X X
Obj 19 X X X X
Obj 20 X X X X X
Obj 21 X X

Table 10. Incidence matrix of TB training dataset.
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To perform the attribute exploration on the TB
dataset, we have considered all the symptoms of
TB. Also, we have considered the rules elicited
by the TB experts and treating doctors’ diag-
nosis as domain knowledge of the disease. We
start with the object empty context (∅, {PC,
SP, MC, BS, CS, WL, NS, NA, CP, SB, TC,
TN, TB}). Attribute exploration starts with the
question whether all the patients have all the
symptoms. The obvious answer to this ques-
tion is, “no”. The human expert provides a
counterexample by mentioning the first patient
from the formal context who is having the symp-
toms {PC, SP, MC, WL, CP, SB, TB} and adds
the example to the new context. Then the sec-
ond question will explore whether all patients

have at least all the same symptoms as patient 1.
Since this is not the case, the expert provides a
counter example of patient 2 having the symp-
toms {PC, SP, MC, WL, NS, NA, CP, TB} and
adds patient 2 to the new context as an object.
The common symptoms between patient 1 and
patient 2 are PC, SP, MC, WL, CP, and TB.
Hence the next question will explore whether
all objects have these symptoms. The human
expert provides patient 7 as a counterexample
having the symptoms {PC, SP, CS, WL, NA,
CP, SB, TN, TB} and adds the same to the new
context.

Figure 3. Concept lattice of the TB original context.
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# Question Reply Counter Examples

1 Whether all objects (patients) have all the attributes (symptoms)? No Obj 1
2 Whether all objects have attributes PC, SP, MC, WL, CP, SB, TB No Obj 2
3 Whether all objects have attributes PC, SP, MC, WL, CP, TB No Obj 7
4 Whether all objects have attributes PC, SP, WL, CP, TB No Obj 18
5 Whether all objects have attributes PC, SP, WL, TB. No Obj 4
6 Whether all objects have attributes PC, WL, TB. No Obj 8
7 Whether all objects have attributes WL, TB. No Obj 9
8 Whether all objects have attributes TB. No Obj 11
9 Is it TN → WL, TB? No Obj 20
10 Is it TN, TB → WL? Yes
11 Is it TC → PC, SP, MC, BS, CS, WL, NS, NA, CP, SB, TN, TB? No Obj 3
12 Is it TC → PC, SP, MC, WL, NS, NA, CP, TN, TB? No Obj 6
13 Is it TC → PC, WL, NS, NA, CP, TN, TB? Yes
14 Is it SB → PC, WL? No Obj 5
15 Is it SB → WL? Yes
16 Is it TN, TB → WL? Yes
17 Is it TC → PC WL NS NA CP TN TB? Yes
18 Is it SB → WL? Yes
19 Is it CP, TB → WL? Yes
20 Is it NA → WL? No Obj 19
21 Is it NA, TB → WL? Yes
22 Is it NA, CP → WL, TB? Yes
23 Is it NS, CP → WL. NA TB? Yes
24 Is it WL, TN → TB? Yes
25 Is it WL, SB, TN, TB → NA? Yes
26 Is it WL, CP → TB? Yes
27 Is it WL, CP, TN, TB → NA? Yes
28 Is it WL, NA, SB, TB → TN? Yes
29 Is it WL, NS → TB? Yes
30 Is it WL, NS, SB, TB → NA, CP, TN? Yes
31 Is it WL, NS, NA, TB → CP? Yes
32 Is it CS → PC, SP, WL, TN, TB? No Obj 13
33 Is it CS → PC, SP, TN? Yes
34 Is it BS → PC, SP, MC, CS, WL, NS, NA, CP, SB, TC, TN, TB? No Obj 14
35 Is it BS → PC, SP, WL, NS, NA, CP, TN, TB? Yes
36 Is it MC → PC, SP? Yes
37 Is it SP → PC? Yes
38 Is it PC, TB → WL? Yes
39 Is it PC, WL, NS, NA, CP, SB,TN, TB → TC? Yes
40 Is it PC, SP, NA → WL? Yes
41 Is it PC, SP, NS → WL, TB? Yes
42 Is it PC, SP, WL, SB, TB → CP? Yes
43 Is it PC, SP, WL, NA, TB → CP? Yes
44 Is it PC, SP, WL, NA, CP, SB, TN, TB → CS? Yes
45 Is it PC, SP, WL, NS, NA, CP, TC, TN, TB → MC? Yes
46 Is it PC, SP, CS, WL, NA, CP, TN, TB → SB? Yes
47 Is it PC, SP, MC, TN, → CP? Yes
48 Is it PC, SP, MC, WL, TB → CP? Yes
49 Is it PC, SP, MC, WL, NA, CP, TB, → NS? Yes
50 Is it PC, SP, MC, WL, NS, NA, CP, TN, TB, → TC? No Obj 10
51 Is it PC, SP, MC, CS, CP, TN → BS, WL, NS, NA, SB, TC, TB? Yes
52 Is it PC, SP, BS, WL, NS, NA, CP, TN, TB → CS, SB, TC? Yes

Table 12. Exploring the TB attributes.
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PC SP MC BS CS WL NS NA CP SB TC TN TB

Obj 1 X X X X X X X
Obj 2 X X X X X X X X
Obj 3 X X X X X X X X X
Obj 4 X X X X X X X
Obj 5 X X X X X X
Obj 6 X X X X
Obj 7 X X
Obj 8 X X X X X X
Obj 9 X X X X X
Obj 10 X X X X X X X X X X
Obj 11 X X X X X X X X X
Obj 12 X X X X X X X
Obj 13 X X X X
Obj 14 X X X X X
Obj 15 X X X X X X X X X
Obj 16 X X X X X X X X X
Obj 17 X X X X X
Obj 18 X X X X X
Obj 19 X X X X
Obj 20 X X X X X
Obj 21 X X X X X X
Obj 22 X X X X X
Obj 23 X X X X X
Obj 24 X X X X X X

Table 13. Formal context obtained after attribute exploration.

Proceeding as above, we accept 36 implications
and provide 13 more counterexamples before
attribute exploration stops. Table 12 lists all the
explored questions and corresponding expert
acceptance or counterexamples. From these
counterexamples and the experts’ rules listed
in Table 9, a new resultant formal context is ob-
tained as shown in Table 13. From the resultant
context we can understand that the new for-
mal context represents the original knowledge
(shown in Table 10 with 21 objects) with 16 ob-
jects. Also, from Table 13 we can understand
that the objects 1 to 16 are obtained through
exploration process and objects 17 to 24 are
obtained from the experts’ knowledge listed in
Table 9. Figure 4 shows the concept lattice
obtained from the resultant context, having a
concept count of 135 with 356 edges and height
of 11. Along with the lattice, FCA has produced
44 implications in the DG basis. From this list,
13 implications that are inferring TB are shown
in Table 14. We can observe that the implica-

Sl. No Rule Support

Rules NOT part of expert rule
1 NS CP→ TB 6
2 WL TN→ TB 9
3 PC SP MC CS CP TN → TB 0
4 NS SB→ TB 2
5 CP SB→ TB 5
6 PC SP NA TN → TB 4
7 SB TN→ TB 4

Rules part of expert rules
8 NA CP → TB 8
9 BS → TB 7
10 PC SP NS → TB 6
11 WL NS → TB 9
12 WL CP → TB 9
13 TC → TB 3

Table 14. Implications obtained from the resultant
context.
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tions 4 to 7 are newly obtained implications.
A point to recall here is that FCA on the orig-
inal context has produced only 9 implications
concluding TB. Since these 13 implications are
not exactly overlapped with any of the experts’
rules, we treat all these implications as new
knowledge acquired about the domain.

Table 15 summarizes the number of concepts,
edges, implications in DG basis, new rules,
height of the concept lattice and number of ex-
pert rules subsumed using FCA, resultant con-
text after attribute implications. From this sum-
mary, we can understand that the context ob-
tained after combining exploration process with
domain experts’ knowledge has produced more
concepts than the original context.

The next step of our analysis is to verify the ac-
curacy of the implications obtained in the analy-
sis. Classification accuracy of the implications
is measured by identifying the number of times
implications from FCA and implications after
attribute exploration have same conclusion as
of the treating doctor on a test dataset. Table 16
shows the test dataset which contains symptoms
of 10 patients and the treating doctor’s con-
clusion on the presence of TB for each of the
patient. Experts’ rules, implications produced
from FCA and FCA of the resultant context are
compared on the test dataset and their classifi-
cation accuracy details are summarized in Ta-
ble 17. From this analysis, we can understand

Concepts Edges
# implications
in DG basis

Height of
lattice

# new
rules

# rules
subsumed

FCA 101 253 33 11 9 8
Context after
exploration 135 356 44 11 13 8

Table 15. Summary of the results on TB data.

Figure 4. Concept lattice obtained with attribute exploration on TB attributes.
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PC SP MC BS CS WL NS NA CP SB TC TN TB

Obj 22 X X X
Obj 23 X X X X X X X X X
Obj 24 X X X X X X X X X X
Obj 25 X X X X X X X X X X
Obj 26 X X X X X X X X X
Obj 27 X X X X X X X X X X
Obj 28 X X X X X X X X
Obj 29 X X X X X X
Obj 30 X X
Obj 31 X X X X

Table 16. Incidence matrix of TB test dataset.

that the attribute implications obtained from the
resultant context are able to diagnose TB better
than experts’ rules and are similar to FCA. Pa-
tient 30 is having only one symptom – Weight
Loss (WL). However the doctor’s diagnosis has
confirmed the TB for this patient. Implications
from FCA and attribute exploration have failed
to confirm the disease for this patient due to the
reason that there is no knowledge available in
the domain to represent this dependency.

Patient
Doctor’s

Assessment

Original
expert’s
rules

FCA
on TB
training
context

FCA with
attribute

exploration

Obj 22 – – – –
Obj 23 TB TB TB TB
Obj 24 TB TB TB TB
Obj 25 TB TB TB TB
Obj 26 TB TB TB TB
Obj 27 TB TB TB TB
Obj 28 TB TB TB TB
Obj 29 TB TB TB TB
Obj 30 TB – – –
Obj 31 TB – TB TB

Classification
Accuracy 80% 90% 90%

Table 17. Classification accuracy on TB test data.

Further, we have performed specificity and sen-
sitivity analysis of the results shown in Ta-
ble 17. Specificity measures the proportion of
true negatives being correctly classified while
sensitivity measures the proportion of true pos-
itives being correctly classified. Table 18 sum-
marizes these results. Specificity analysis on

expert rules, implications from FCA and im-
plications obtained by combining attribute ex-
ploration with domain experts’ knowledge are
successful in diagnosing all healthy people as
healthy. Sensitivity analysis indicates that im-
plications from FCA and from exploration pro-
cess have identified more true positives than
experts’ rules.

expert
rules

Implications
from FCA

Attribute
exploration

Specificity 100% 100% 100%
Sensitivity 78% 89% 89%

Table 18. Specificity and Sensitivity analysis on TB
data.

We have used two real world healthcare datasets
for experimental analysis. All of these experi-
ments are conducted using ConExp (http://
conexp.sourceforge.net/) in which a general
purpose implementation of the attribute explo-
ration without background knowledge is avail-
able. Hence, to this process we have combined
domain experts’ knowledge as the background
knowledge (Belohlavek and Vychodil, 2009;
Ganter and Wille, 1999). The analysis has con-
centrated on the implications with 100% confi-
dence due to the fact that the formal context is of
medical domain. An implication in the DG ba-
sis can have a low support and can still be valid if
it does not contradict to any example of the con-
text. Identifying the dependencies existing in a
domain allows efficient data analysis. Attribute
exploration is a way to identify these dependen-
cies. From the analysis we can observe that the
attribute exploration process merges the objects
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having equal set of attributes. Such merging
of the objects can be performed as a data pre-
processing stage. Generally, the attribute ex-
ploration would be performed in the conditions
where objects are infinite or unknown. Hence
our analysis also started with an object empty
context in the exploration process. So thismerg-
ing can be regarded as a natural outcome of at-
tribute exploration process. The number of nec-
essary exploration steps depends on the coun-
terexamples provided by the expert. However,
the result of attribute exploration is not a min-
imal set of objects needed for determining the
structure of the concept lattice. From a formal
concept lattice, we can find a minimal concept
lattice so that it can avoid redundancy while
maintaining the structure consistency. Future
work can also focus upon extending the rela-
tion between conditional functional dependen-
cies and FCA (Medina and Nourine, 2010). Ex-
ploration of fuzzy attributes in FCA is also an
interesting research (Cynthia, 2012).

5. Conclusions

Attribute exploration process in FCA provides
a means to acquire knowledge and transform
it into a formal model. Through this process
we understand the dependencies between the
attributes of the model. However, the available
implementation of this process does not con-
sider the background knowledge of the domain.
In this paper we have combined the knowledge
obtained from the attribute exploration process
with the knowledge available with domain ex-
perts, so as to better understand the dependen-
cies between the attributes. Our analyses on two
real world healthcare datasets conclude that this
integration resulted in better classification accu-
racy than the experts’ knowledge.
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