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We present a novel method for the construction of decision trees. The method utilises
concept lattices in that certain formal concepts of the concept lattice associated to input
data are used as nodes of the decision tree constructed from the data. The concept
lattice provides global information about natural clusters in the input data, which we
use for selection of splitting attributes. The usage of such global information is the main
novelty of our approach. Experimental evaluation indicates good performance of our
method. We describe the method, experimental results, and a comparison with standard
methods on benchmark datasets.
Keywords: decision trees; classification; machine learning; concept lattice; formal
concept analysis

1.

Introduction

Decision trees represent the most commonly used method in data mining and machine
learning (Quinlan 1993, Dunham 2003, Tan et al. 2006). A decision tree is typically used
for a classification of objects into a given set of classes based on the objects’ attributes.
Many algorithms for the construction of decision trees are proposed in the literature, see
e.g. (Tan et al. 2006).
This paper presents a novel approach to decision tree construction, which is based on
formal concept analysis (FCA) of the input data. Our approach utilises concept lattices in
that certain formal concepts associated to input data are used as nodes of the decision tree
constructed from the input data. The concept lattice provides global information about
natural clusters, represented by formal concepts, in the input data. Using formal concepts
as nodes of decision trees is a straightforward idea because both formal concepts and
decision tree nodes represent collections of records (objects) in the input data defined by
having the same values for certain attributes. A challenge exists in how to select good
formal concepts for decision tree nodes. We attempt to consider a concept lattice (without
the least formal concept) as a collection of overlapping trees. The construction of a
decision tree is then reduced to the problem of selection of one of these trees.
FCA and concept lattices are utilised in several machine learning and decision tree
induction algorithms proposed in the literature. For instance, Carpineto and Romano
(1996) present GALOIS, a clustering method based on concept lattices, in which similarity
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between objects and clusters is defined as the number of common attributes shared by
objects. In (Mephu Nguifo and Njiwoua 2001), the authors use FCA in IGLUE, a method
which selects relevant categorical attributes and transforms them into continuous
numerical attributes which are then used to solve a decision problem by k-nearest
neighbour clustering. Another approach utilising FCA is described in Kuznetsov (2004)
which presents a model of learning from positive and negative examples. Fu et al. (2004)
provides a survey and theoretical and experimental comparison of several FCA-based
classification algorithms. Note that FCA-based approaches are commonly called latticebased or concept-based learning techniques in data mining (Fayyad et al. 1996, Pasquier
et al. 1999).
The paper is organised as follows. The next section contains preliminaries from
decision trees and formal concept analysis. In Section 3 we present our approach including
an algorithm for inducing decision trees. The algorithm is accompanied by an illustrative
example. An experimental evaluation of our method and a comparison to standard
methods on benchmark datasets is provided in Section 4. Section 5 presents conclusions
and outlines topics for future research.

2.
2.1

Preliminaries
Decision trees

A decision tree can be considered as a tree representation of a function over attributes which
takes a finite number of values. The goal is to construct a tree that approximates a given
function, partially described by a table containing records in its rows, with a desired accuracy.
Every record consists of particular values of the function input values (attribute values) and
the corresponding output value (class label). For an object described by its attribute values,
the value assigned by the decision tree to those attribute values is considered the label of a
class to which the object belongs. A good decision tree is supposed to classify well both the
data described by the table records as well as ‘unseen’ data.
Each non-leaf node of a decision tree is labelled by an attribute, called a splitting
attribute for this node. Such a node represents a test, according to which records are split
into n classes which correspond to n possible outcomes of the test. In the basic setting, the
outcomes are represented by values of the splitting attribute. Leaf nodes of the tree
represent collections of records all of which, or the majority of which, have the same
function value (class label). For example, the table in Figure 1 (top) describes a partial
function f : A £ B £ C ! D. The decision trees in Figure 1 (bottom) represent two
functions, both of which are extensions of f.
A strategy commonly used in the existing algorithms for inducing decision trees from
data consists of constructing a decision tree in a top-down fashion, from the root node to
the leaves, by successively splitting existing nodes and creating new ones. For every node,
a splitting attribute is chosen to split the collection of records covered by the node into
smaller collections, which correspond to values of the splitting attribute. For every such
value, a new node is attached as a child to the node for which the splitting attribute has
been chosen. The process continues recursively until all the records corresponding to any
leaf node, or a prescribed majority of them, belong to the same class. A critical point in this
strategy is the selection of splitting attributes, for which many approaches were proposed.
These include the well-known approaches based on entropy measures, Gini index,
classification error, or other measures defined in terms of class distribution of the records
before and after splitting (see Quinlan 1996, Murthy 1998, Tan et al. 2006 for overviews).
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Figure 1. Two decision trees (bottom) representing functions which extend the partial function f
(top).

2.2

Formal concept analysis

FCA is a method for analysis of object-attribute data (Ganter and Wille 1999, Carpineto
and Romano 2004). Such data is usually described by a table with rows and columns
representing objects and attributes, respectively, and with table entries containing attribute
values, which the objects have. In the basic setting, FCA deals with binary attributes, i.e.
every attribute applies or does not apply to a particular object. Many-valued attributes,
such as nominal and ordinal attributes, are transformed to binary ones using so-called
conceptual scaling. FCA produces two kinds of output from a given dataset. The first
output is called a concept lattice. A concept lattice is a partially ordered collection of
particular clusters called formal concepts. The second output consists of a non-redundant
base of particular attribute dependencies called attribute implications.
We now summarise basic notions of FCA. An object-attribute data table can be
identified with a triplet kX; Y; Il where X is a non-empty set of objects, Y is a non-empty set
of attributes, and I # X £ Y is an object-attribute relation. Objects and attributes
correspond to table rows and columns, respectively, and kx; yl [ I indicates that object x
has attribute y (table entry corresponding to row x and column y contains £ ; if kx; yl  I
the table entry contains blank symbol). In terms of FCA, kX; Y; Il is called a formal
context. For every A # X and B # Y denote by A " a subset of Y and by B # a subset of X
defined as
A " ¼ {y [ Y j for each x [ A : kx; yl [ I};

B # ¼ {x [ X j for each y [ B : kx; yl [ I}:

That is, A " is the set of all attributes from Y shared by all objects from A (and similarly
for B # ). A formal concept in kX; Y; Il is a pair kA; Bl of A # X and B # Y satisfying A " ¼ B
and B # ¼ A. That is, a formal concept consists of a set A (so-called extent) of objects which
are covered by the concept and a set B (so-called intent) of attributes which are covered by
the concept such that A is the set of all objects sharing all attributes from B and,
conversely, B is the collection of all attributes from Y shared by all objects from
A. Alternatively, formal concepts can be defined as maximal rectangles of kX; Y; Il which
are full of £ ’s: For A # X and B # Y, kA; Bl is a formal concept in kX; Y; Il iff A £ B # I
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and there is no A0 . A or B0 . B such that A0 £ B # I or A £ B0 # I. Formal concepts
represent clusters hidden in object-attribute data.
A set BðX; Y; IÞ ¼ {kA; Bl j A " ¼ B; B # ¼ A} of all formal concepts in kX; Y; Il can be
equipped with a partial order # . The partial order models a subconcept –superconcept
hierarchy, e.g. dog # mammal, and is defined by
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kA1 ; B1 l # kA2 ; B2 l iff A1 # A2 ðiff B2 # B1 Þ:

ð1Þ

Note that " and # form a Galois connection (Ganter and Wille 1999) and that BðX; Y; IÞ
is in fact a set of all fixpoints of " and # . BðX; Y; IÞ equipped with # happens to be a
complete lattice, called the concept lattice of kX; Y; Il. The basic structure of concept
lattices is described by the so-called basic theorem of concept lattices (Ganter and
Wille 1999).
Theorem 2.1. (1) The set BðX; Y; IÞ equipped with # forms a complete lattice in which
infima and suprema are given by
^
j[J

*
kAj ; Bj l ¼

\
j[J

Aj ;

[

!#" +
Bj

;

j[J

_
j[J

*
kAj ; Bj l ¼

[
j[J

!"#
Aj

;

\

+
Bj :

j[J

(2) Moreover, an arbitrary complete lattice V ¼ kV; # l is isomorphic to BðX; Y; IÞ
iff there are mappings g : X ! V, m : Y ! V such that
W
V
(i) g ðXÞ is  dense in V; mðYÞ is  dense in V;
(ii) gðxÞ # mðyÞ iff kx; yl [ I:
Recall that the cover relation on BðX; Y; IÞ is defined as follows. A formal concept
kA1 ; B1 l covers a formal concept kA2 ; B2 l if kA2 ; B2 l # kA1 ; B1 l and there is no kA3 ; B3 l
distinct from both kA1 ; B1 l and kA2 ; B2 l such that kA2 ; B2 l # kA3 ; B3 l # kA1 ; B1 l.
For detailed information on formal concept analysis we refer to Carpineto and Romano
(2004) and Ganter and Wille (1999) where the reader can find theoretical foundations,
methods and algorithms, and applications in various areas.
3.

Decision tree induction based on FCA

In this section, we describe our algorithm for the induction of decision trees. As mentioned
above, the algorithm utilises a concept lattice associated to input data, i.e. a partially
ordered set of formal concepts in the sense of FCA. In particular, we attempt to consider
the concept lattice (without the least formal concept) as a collection of overlapping trees
and to select one tree from this collection as the resulting decision tree.
Input data and its transformation. We consider input data with categorical attributes in
our paper. To derive a concept lattice from the input data, we need to transform the categorical
attributes to binary attributes because, in its basic setting, FCA works with binary attributes. A
transformation of input data, which consists in replacing non-binary attributes into binary ones
is called conceptual scaling in FCA (Ganter and Wille 1999). Note that in our case, we need
not transform the class label attribute, i.e. the attribute determining to which class the record
belongs, because we build the concept lattice over the input attributes only. Throughout this
section, we use the input data from Table 1 (top) to illustrate the main issues involved. The data
table contains sample animals described by attributes body temperature, gives birth,
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Table 1. Input data table (top) and corresponding data table for FCA (bottom).
Name

body temp.

gives birth

four-legged

hibernates

mammal

cat
bat
salamander
eagle
guppy

warm
warm
cold
warm
cold

yes
yes
no
no
yes

yes
no
yes
no
no

no
yes
yes
no
no

yes
yes
no
no
no
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Name
cat
bat
salamander
eagle
guppy

bt cold

bt warm

gb no

gb yes

fl no

fl yes

hb no

hb yes

0
0
1
0
1

1
1
0
1
0

0
0
1
1
0

1
1
0
0
1

0
1
0
1
1

1
0
1
0
0

1
0
0
1
1

0
1
1
0
0

mammal
yes
yes
no
no
no

four-legged, hibernates, and mammal, with the last attribute being the class label attribute.
After an obvious transformation (nominal scaling) of the input attributes, we obtain the data
depicted in Table 1 (bottom). A concept lattice which we use in our method is derived from
data which we obtain after such transformation.
Next, we describe our algorithm. Step 1 describes how we compute the (part of)
concept lattice of the input data. Step 2 describes the selection of a tree from the concept
lattice computed in Step 1. Step 3 describes how we build the decision tree from the tree
computed in Step 2.
Step 1. In this step, we compute a part of the concept lattice associated to the data
corresponding to input attributes. For this purpose, we use the well-known Lindig’s
algorithm (Lindig 2000), which we modify in two respects. The original Lindig’s
algorithm, in its top-down version, generates all formal concepts of a concept lattice
associated to input data and the cover relation. It starts with the largest formal concept and
recursively generates all formal concepts that are covered by largest formal concept, then
generates all formal concepts which are covered by those covered by the largest formal
concept, and so on until all formal concepts have been computed. Our modification of
Lindig’s algorithm consists of two steps.
First, we do not generate lower neighbors of formal concept whose extent contains
objects that have all the same class label. That is, if c is the class label attribute, we do not
generate lower neighbors of formal concepts kA; Bl such that for every x1 ; x2 [ A, the
value of c on x1 equals the value of c on x2 .
Second, contrary to Lindig’s algorithm which computes all formal concepts and the
cover relation, our modification computes a relation on the set of the computed formal
concepts which is in general larger than the cover relation. In the original Lindig’s algorithm,
procedure NEXT NEIGHBOR generates set ðNextÞNeighbors ofkA; Bl defined by
ðNextÞNeighbors of kA; Bl ¼ {kC; Dl j D ¼ ðB < {y}Þ#" ;
y [ Y 2 B such that ðB < {z}Þ#" ¼ D for all z [ D 2 B}:
It can be shown that ðNextÞNeighbors of kA; Bl is just the set of all formal concepts
covered by kA; Bl. In our modification, the procedure NEXT NEIGHBOR generates the set
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ðOurÞNeighbors of kA; Bl defined by
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ðOurÞNeighbors of kA; Bl ¼ {kC; Dl j D ¼ ðB < {y}Þ#" ; y [ Y 2 B}:
Clearly, ðOurÞNeighbors of kA; Bl is (in general) larger than ðNextÞNeighbors of kA; Bl
because it may contain formal concepts which result by adding a single attribute y [
Y 2 B but are not covered by kA; Bl.
The reason for our modification is the following. As mentioned above, formal concepts
correspond to the nodes of a decision tree in our approach. Let a formal concept kA; Bl
correspond to a node n in a decision tree. Let y [ Y 2 B be a binary attribute corresponding
to value vy of a categorical attribute ay . That is, ay has value vy for object x in the original
input data if and only if y has value 1 for x in the transformed data with binary attributes. If ay
is the splitting attribute for node n, then kðB < {y}Þ# ; ðB < {y}Þ#" l is the formal concept
corresponding to node ny which is connected to n via an edge representing the test ‘is the
value of ay equal to vy ?’ In order to keep the possibility of having nodes n and ny in
the resulting decision tree, we need to generate both kA; Bl and kðB < {y}Þ# ; ðB < {y}Þ#" l
even if kðB < {y}Þ# ; ðB < {y}Þ#" l is not covered by kA; Bl in the concept lattice. This is why
ðOurÞNeighbors of kA; Bl is in general different from ðNextÞNeighbors of kA; Bl.
Algorithm 1 contains pseudocode of the modified Lindig’s algorithm. NEXT NEIGHBOR
is the main procedure. Formal concepts computed by the algorithm are stored in the
variable F . Variable kA; Bl* stores the lower neighbours of kA; Bl. The procedure DECIDED
prevents computing lower neighbours of formal concepts whose objects have the same
class label. Procedure NEIGHBORS computes the set ðOurÞNeighbors of kA; Bl. The
algorithm also computes for every formal concept kA; Bl the number LkA;Bl explained and
utilised in Step 2 below. The part of the concept lattice built from the data table in Table 1
(bottom) computed by Algorithm 1 is shown in Figure 2. Note that the new lower
neighbour relationship is displayed by dashed lines. The solid lines indicate a tree to be
selected from the part of the concept lattice using a procedure described in Step 2.
Step 2. In this step, we select a tree of formal concepts from the part of a concept lattice
computed in Step 1. For this purpose, we compute for every formal concept kA; Bl computed
in Step 1 the number LkA;Bl of all formal concepts which can be reached from kA; Bl by
following certain labelled paths from kA; Bl downward. As mentioned in Step 1, the numbers
LkA;Bl are computed in Algorithm 1. The paths consist of labelled edges corresponding to
the lower neighbour relation described by ðOurÞNeighbors of . . . . In particular, an edge

Figure 2. Part of the concept lattice and tree of concepts (solid lines) of data table in Table 1.
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with label y goes from kC 1 ; D1 l to kC 2 ; D2 l if D2 ¼ ðD1 < {y}Þ#" , i.e. if kC 2 ; D2 l belongs
to ðOurÞNeighbors of kC1 ; D1 l due to attribute y. Therefore, LkA;Bl is the number of
formal concepts which can be reached from kA; Bl via the lower neighbour relation in a
way that counts a lower neighbour kC2 ; D2 l of kC 1 ; D1 l multiple times. Namely, kC2 ; D2 l
is counted k times where k is the number of attributes due to which kC 2 ; D2 l [
ðOurÞNeighbors of kC1 ; D1 l, i.e. k ¼ j{y; D2 ¼ ðD1 < {y}Þ#" }j. The multiple counting of
formal concepts is ensured by the labelling used in kkC; Dl; yl in Algorithm 1.
a
Furthermore, for every formal concept kA; Bl we define collections N kA;Bl of formal
concepts that are candidates to become the children of kA; Bl in the selected tree. a denotes
a categorical attribute from the original input data. Note that every binary attribute yv from
the data obtained by transformation from the original input data corresponds to some value
a
v of some categorical attribute a. N kA;Bl is the collection of lower neighbour concepts of
kA; Bl defined as follows:
(a) for every value v of the categorical attribute a and the corresponding binary
attribute yv , if the formal concept kC; Dl from ðOurÞNeighbors ofkA; Bl which results by
adding attribute yv belongs to the part of the concept lattice computed in Step 1, then
a
kC; Dl belongs to N kA;Bl ;
(b) if some formal concept kC; Dl from (a) does not belong to the part of the concept
a
lattice computed in Step 1, N kA;Bl contains the least formal concept kY # ; Yl (in this case,
a
the least formal concept ‘replaces’’kC; Dl in N kA;Bl ), and we put LkY # ;Yl ¼ 1.
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Next, we select a tree from the part of the concept lattice computed in Step 1 by
iteratively going from the largest formal concept to the minimal ones. The selection is
based on the numbers LkA;Bl defined above.
(1) The root node of the tree is the largest formal concept kX; X " l.
(2) This step corresponds to selection of the splitting attribute. For every formal
concept kA; Bl in the tree which we construct we select from among all the
categorical attributes a categorical attribute a for which
n
o
a
min LkC;Dl j kC; Dl [ N kA;Bl
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a

attains the minimum value, i.e. we select a for which N kA;Bl contains a formal
concept kC; Dl with the smallest number LkC;Dl . The idea behind this rule is that a
small value of LkC;Dl indicates, in the optimistic scenario, a small number of
decision steps necessary to classify objects from A provided we start with a
decision based on a, because there is a short classification path in the decision tree
going from the node corresponding to kA; Bl. In case of a tie, i.e. if LkC1 ;D1 l ¼
a1
a2
LkC2 ;D2 l for some a1 – a2 with kC 1 ; D1 l [ N kA;Bl
and kC2 ; D2 l [ N kA;Bl
, we select
ai for which the extent C i is the largest. If there is still a tie, we break it arbitrarily.
The resulting categorical attribute a is later used as the splitting attribute for the
node of the decision tree that corresponds to formal concept kA; Bl.
(3) For every formal concept kA; Bl in the tree and the categorical attribute a selected
a
for kA; Bl in (2) we connect kA; Bl to each formal concept kC; Dl from N kA;Bl by an
#"
edge labelled by a binary attribute y for which D ¼ ðB < {y}Þ .
Algorithm 2 contains a pseudocode of the algorithm that selects a tree from the part of
the concept lattice. SELECT TREE is the main procedure. Formal concepts of the selected
tree are stored in variable G. Edges between nodes are represented by variables kA; Blþ .
a
The procedure CHILDREN calculates N c .
To illustrate the previous description, consider the part of the concept lattice presented
in Figure 2. Formal concepts of this part are represented by circles, which contain the
numbers from 1 to 20 assigned to the formal concepts. For every formal concept kA; Bl, the
number LkA;Bl is attached to the right of the circle representing kA; Bl. Algorithm 2 selects a
tree of formal concepts as follows. The root node of the tree is the formal concept No. 1.
Formal concepts No. 2 and 3 are then selected as the children of the root since they are the
body temp:
elements of the set N 1
of lower nodes corresponding to the attribute body temp:
which satisfies the conditions described in (2) above. Note that in this case, we could have
gives birth
body temp:
chosen N 1
instead of N 1
, since both the formal concept No. 2 from
body temp:
gives birth
N1
and No. 4 from N 1
have the same minimal number L 2 and L 4 and both
contain the same number of objects in their extents. The edges of the selected tree are
labelled by binary attributes as described in (3) above. Similarly, the children of the formal
concept No. 3 are the formal concepts No. 11 and No. 19. This ends the tree selection
because the formal concepts No. 4, No. 11, and No. 19 have no lower neighbours.
The resulting tree is depicted in Figure 2 by the solid lines.
Step 3. In this step, the tree obtained in Step 2 is transformed into a decision tree. This
step is straightforward. We take the tree obtained in Step 2 and re-label its nodes and
edges. An inner node is labelled by the categorical attribute selected in (2) of Step 2 for this
node. For example, when constructing the decision tree from the tree selected in Figure 2,
the node corresponding to the formal concept No. 3 is labelled by gives birth. An edge
going from a node is labelled by the value of a categorical attribute corresponding to the
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binary attribute used as a label of this edge in (3) of Step 3. For example, the edge labelled
by gb no in Figure 2 is labelled by no in the resulting decision tree.
The last problem is the labelling of leaf nodes. Consider a leaf node of a tree obtained
in Step 2 corresponding to formal concept kA; Bl. If all objects from A have the same class
label c, or if c is the class label of a majority of objects from A, the corresponding node of
the decision tree is labelled by c. If a leaf node n of a tree obtained in Step 2 corresponds to
the least formal concept kY # ; Yl, cf. (b) of Step 2, the corresponding node of the decision
tree is labelled by the label which would have been assigned to a leaf node corresponding
to the formal concept of the parent node of n.
The resulting decision tree of the input data in Table 1 (top) which result by the
transformation of the tree of formal concepts displayed in Figure 2, as described in Step 3,
is depicted in Figure 3.
4.

Experimental evaluation

In this section, we describe experiments with our algorithm and its comparison to
reference algorithms for decision tree induction. Namely, we compared our algorithm with
decision tree algorithms ID3 and C4.5 (entropy and information gain based), an instance
based learning method (IB1), and a multilayer perceptron (MLP) neural network trained
by back propagation (Mitchell (1997)). We implemented our method in the C language.
The other algorithms were borrowed and run from Weka2 (Waikato Environment
for Knowledge Analysis; Witten and Frank 2005), a software package that contains
implementations of machine learning and data mining algorithms in Java. Default Weka’s
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Figure 3. The decision tree of the input data in Table 1.

parameters were used for the other algorithms and decision tree pruning was turned off
where available.
The experiments were done on selected public real-world datasets from UCI Machine
Learning Repository (Newman et al. 1998). The selected datasets are from different
areas (medicine, biology, zoology, politics, games). All the datasets contain only
categorical attributes with one class label attribute. Due to computational time demands,
the datasets were cleared of records containing missing values, of attributes with large
numbers of attribute values, and of randomly selected records, to allow for repeated
executions of the methods. Let us note in this context that our method is computationally
more demanding than the other methods, because of the need to compute a possibly large
number of formal concepts. Basic characteristics of the datasets are depicted in Table 2.
For datasets with already defined training and testing set (spect and monks-problems) the
upper numbers in the table cells relate to the training set and the lower numbers to the
testing set. For datasets without training and testing sets, the experiments were done
using the 10-fold stratified cross-validation test. The results of averaging 10 execution
runs on each dataset with randomly ordered records are depicted in Table 3. The table
shows the average percentage rates of correct classifications for both training (upper
number in the table cell) and testing (lower number) datasets for each algorithm and
Table 2. Characteristics of datasets used in experiments.
!
training
Dataset
testing
No. of attributes
No. of records
breast-cancer
kr-vs-kp
mushroom
tic-tac-toe
vote
zoo
spect

6
14
10
27
8
9
22

monks-problems-1

17

monks-problems-2

17

monks-problems-3

17

138
319
282
239
116
101
80
187
124
432
169
432
122
432

Class distribution
100/38
168/151
187/95
156/83
54/62
41/20/5/13/4/8/10
40/10
15/172
62/62
216/216
105/64
290/142
62/60
204/228
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Table 3. Classification accuracy for datasets from Table 2.
Training %
Testing %
breast-cancer
kr-vs-kp
mushroom
tic-tac-toe
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vote
zoo
spect
monks-problems-1
monks-problems-2
monks-problems-3
average

FCA based

ID3

C4.5

IB1

MLP

88.631
79.560
84.395
74.656
96.268
96.284
98.991
85.197
97.528
90.507
98.019
96.036
92.250
55.187
100.000
85.648
100.000
63.518
100.000
90.694

88.630
75.945
84.674
74.503
97.517
96.602
100.000
80.519
97.528
89.280
98.019
95.036
92.250
54.866
100.000
79.259
99.763
59.976
100.000
91.041

86.328
79.181
82.124
72.780
97.163
96.671
95.165
78.539
94.883
86.500
96.039
92.690
89.250
59.679
96.532
76.828
92.958
62.314
98.360
92.870

84.887
71.901
79.132
68.886
96.556
95.214
100.000
83.262
97.020
91.303
97.799
94.463
88.250
59.251
100.000
74.722
100.000
68.055
100.000
78.634

88.550
79.939
84.426
74.880
97.234
95.992
100.000
97.827
95.545
88.106
97.678
95.536
91.500
60.481
99.193
95.833
100.000
99.814
99.016
92.870

95.608
81.729

95.838
79.703

92.880
79.805

94.364
78.569

95.314
88.345

Best performance is in bold.

dataset being compared, plus the average over all datasets. Boldface numbers denote the
best results.
We can see that our method, which we call FCA based, outperforms C4.5 and IB1 and
gains almost identical results to ID3 and MLP on the training sets of all datasets. On the
testing sets this is also the case with the exception of tic-tac-toe, spect, and the monksproblems, on which MLP outperforms all other methods.
5. Conclusion and topics of future research
We presented a novel method of decision tree induction based on formal concept analysis.
In this method, the decision tree is constructed using a selection of nodes and edges from a
modified line diagram of a concept lattice associated to input data. A heuristic based on a
global information provided by the concept lattice, namely, the numbers of particularly
defined lower formal concepts, is used to select splitting attributes. An experimental
evaluation suggests good performance. Our method outperformed the instance-based
method IB1 and is comparable to entropy-based methods ID3 and C4.5 and neural network
method MLP.
Future research should focus on the following topics:
– The main novelty in our approach consists in using global information regarding
natural clusters in input data that are represented by the concept lattice extracted from
the data. Further research, both experimental and theoretical is necessary to better
utilise this global information with respect to the design of good decision trees.
– Explore the possibility to compute a smaller number of formal concepts from which
the nodes of a decision tree are constructed.

466

R. Belohlavek et al.

– Explore the problems of overfitting in data and incomplete data, i.e. data having
missing values for some attributes in some records. These problems were not
considered in this paper.
– Explore the possibility of incremental update of the induced decision trees via
incremental methods of constructing concept lattices.
– Explore computational efficiency of our method. Namely, the use of the global
information used for selecting the splitting attributes requires to compute a possibly
large number of formal concepts.
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Notes
1.
2.

The paper is an extended version of a conference paper presented at CLA 2007, Montpellier,
France, 24 – 26 October 2007.
Weka is a free software available at http://www.cs.waikato.ac.nz/ml/weka/
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