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Abstract

We propose a generalization of decision jungles from a binary decision directed acyclic graph to a
generalized decision directed acyclic graph. We describe the classification method based on a generalized
decision directed acyclic graph. Moreover, we explore the properties of our proposed method and
illustrate it by example. We present our experiments on several datasets and provide the comparison of
our results with related studies. The comparison of the generalized decision directed acyclic graph with
the concept lattice of approval for a loan concludes our paper.
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1. Introduction

Decision jungles (Shotton et al. [30]) provide the compact ensemble method for classification
tasks which extend the popular classification methods of decision trees [27, 28, 29, 4] and
random forests [5, 6]. In particular, decision jungles represented by the ensemble of decision
directed acyclic graphs require less memory in comparison with binary decision trees.

Decision directed acyclic graphs for classification tasks were explored in several recent
studies [8, 17, 16, 21, 22, 23, 24, 26] including their connections with operation of convolution.
Laptev and Buhmann [21] proposed a novel classification method for images, which is based
on so-called transformation-invariant convolutional jungles. Ioannou et al. [17] explored the
connections between decision jungles and convolutional neural networks. They proposed the
hybrid conditional network which is based on trees and convolutional neural networks. Ignatov
and Ignatov [16] proposed an algorithm of decision streams given by tree structure which is
generated by merging nodes from various branches based on their two-sample test statistics
similarity.

Moreover, the connections between trees structures and Formal concept analysis were recently
investigated in [20, 15, 2, 12, 19]. Kuznetsov [20] described the model of learning from positive
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and negative examples in the terms of Formal concept analysis. Guillas et al. [15] presented
the first structural links between dichotomic lattices and decision trees. Bélohlavek et al. [2]
proposed a novel method of induction of decision trees. The concept lattice is seen as the
collection of overlapping decision trees in this approach. Links between random forests and
pattern structures in Formal Concept Analysis were investigated by Krause et al. [19], as well.
Dudyrev and Kuznetsov [12] proposed a combination of concept lattices and decision trees.

In this paper, we propose a generalization of decision jungles from the binary decision directed
acyclic graphs to the generalized decision directed acyclic graphs. In Section 2, we present
the basic notions of classifications tasks for categorical attributes. Our novel method for the
construction of a classifier for a generalized oriented acyclic graph is proposed in Section 3.
We present the experiments on our novel method and a comparison of our results with other
related studies in Section 4. Connections of our approach with Formal Concept Analysis are
illustrated in Section 5.

2. Classification tasks with nominal attributes

In this section, we will formally describe the basic notions of classification tasks with nominal
(categorical) input attributes.

Let A be a set and let b ¢ A. Consider a set L, for each a € A and a set L for b ¢ A. Then,
[1,c4 Lq denotes a set of all functions fwith a domain A such that f(a) € L, for alla € A.

Table 1
Example of training set for loan approval

Loan
No. | Income Savings  Self-Employed Married Approved
1 high high no no 1
2 high high yes no 1
3 high high yes yes 1
4 high high yes no 1
5 low high no yes 1
6 low high no yes 1
7 low high no yes 1
8 high low no yes 1
9 high low yes yes 1
10 high low yes no 0
11 low high no no 0
12 low low yes yes 0
13 low low yes no 0
14 low low yes yes 0
15 low high yes no 0
16 average low no no 0

For classification tasks with nominal input attributes, the set A represents the set of input
attributes and b is a target attribute. The system of sets (L, : a € A) represents the unordered



sets of values (or so-called classes, or categories) of input attributes. The set L, is an unordered
set of values (or so-called classes, or categories) of the target attribute. The number of values in
Ly, is usually low in classification tasks.

In Table 1, the example for A = {Income, Savings, Self-employed, Married} is shown. For
b ¢ A, the target attribute of loan approval is assigned, whereby the sets Lijcome
{low, average, high}, Lsavings = {low, high}, Lgelf-employed = {yes,no}, Lyarriea = {yes, no}, and
Ly oanApproved = {1, 0} are considered.

For k € N, a set S given by

S =4y, (Y € [ [ Lax Ly
acA
is called the training set with k objects (also called the labeled objects). In our example from
Table 1, we have k = 16. In some cases, it can hold that ¥ = ¥/ for some i,j € {1,2, ..., k},i # j,
but y' # /. It means that we have two people with the same values of input attributes. However,
both have different values of the target attribute. This is not the case in our example.
For m € IN such that k < m, a set T given by

T= ] L
acA

is called the testing set with m — k objects (also called the unlabeled objects). In Table 2, we
illustrate the possible testing set for our example of loan approval.

Table 2
Example of testing set for loan approval

Income Savings  Self-Employed  Married
high low no no
low high yes yes
A function
c: T— L,

is called a classifier. For its possible fuzzy modification, we can consider the function
. Ly
c: T—1J0,1]".

In the following sections, we will present the construction of a novel classifier based on
generalized decision acyclic graphs and describe the possible connections of this classifier with
concept lattice in Formal Concept Analysis.

3. Generalized decision directed acyclic graph
for classification tasks

Shotton at al. [30] and Pohlen [26] provide the ensemble of classifiers that is based on the rooted
binary decision directed acyclic graphs [24]. A rooted binary decision directed acyclic graph is



a directed graph with one root node (i.e., in-degree 0), multiple split nodes (in-degree at least 1,
out-degree 2), and multiple leaf nodes (in-degree at least 1, out-degree 0).

For constructing a classifier based on a decision directed acyclic graph, Shotton et al. [30]
optimize the parameters of the attribute for split node, the numerical threshold for split node,
left child of a split node, and right child node of a split node for root and each internal node of the
decision directed acyclic graph. They optimize these parameters by LSearch or ClusterSearch
algorithms regarding the numerical attributes. Pohlen [26] noted that an attribute map can be
used to process the categorical data in this environment, as well. However, it can lead to the
growing depth of a binary decision directed acyclic graph.

These approaches inspire us to propose the generalized version of decision directed acyclic
graph to process the categorical data without attribute transformation. Moreover, we aim to
eliminate the growing depth of a binary decision directed acyclic graph by a generalized decision
directed acyclic graph. Finally, we will compare the performance and memory efficiency of our
proposed solution with those from [30, 26].

Table 3
Comparison of two types of directed acyclic graphs

Rooted binary directed Rooted generalized directed
acyclic graph [30, 26] acyclic graph (in our approach)
Type of node in-degree out-degree in-degree out-degree
root 0 2 0 >2
internal node >1 2 >1 >2
leaf node >1 0 >1 0

First, the definition of a rooted generalized directed acyclic graph follows.

Definition 1. A rooted generalized directed acyclic graph is a directed graph G = (V, E) such
that:

(1) A unique root noder € V has zero incoming edges and at least two outgoing edges;

(2) There exist no directed cycles in G;

(3) There exists a directed path from a root noder € V to each other nodev € V;

(4) Each nodev € V \{r} has either zero outgoing edges (then it is called a leaf) or has at least
two outgoing edges (then it is called an internal node), and at least one incoming edge.

The comparison of a rooted generalized directed acyclic graph with a rooted binary directed
acyclic graph applied by [26, 30] is shown in Table 3.
In the following part, we will define a generalized decision directed acyclic graph.

Definition 2. Let A be a set of n categorical attributes and let b ¢ A is a target attribute. A
generalized decision directed acyclic graph is a rooted generalized directed acyclic graph G = (V, E)
such that

(1) All directed paths from the root node r to a node v have the same lengths;



(2) The triple (d,, b,,U,) is assigned for the root node and for each internal node v € V, whereby

(a) d, €{1,2,...,n} is an index of the attribute,

(b) b, €{1,2,...,|Ly|} is a class index of target attribute b,

(c) U, ={u €V : (v,u) € E} is a set of children nodes of v such that |U,| < |Ladv| and
g U, — Ladv is an injective mapping;

(3) A class indexb,, € {1,2,...,|Lp|} of the target attribute b is assigned for each leaf node w € V.

In the following subsection, we will describe the algorithm for the generation of the general-
ized decision directed acyclic graph from a given training set S described in Section 2.

3.1. Algorithm for learning a generalized decision directed acyclic graph

Suppose that we have a training set S and we aim to learn a generalized decision directed acyclic
graph from S. By Definition 2, we aim to find a triple (d,, b,, U,) for the root node and each
internal node v € V. Moreover, we aim to find a class index b,, for each leaf node w € V.

In Algorithm 1, we describe our proposed procedure for learning a generalized decision
directed acyclic graph from a training set S. Due to a limited number of pages, we will explain
only the substantial parts of our algorithm in this paper. Additional important notions, the
formal descriptions of mappings and their properties will be included in the extended version
of our paper.

Without loss of generality, we can suppose that A is a set of attributes, b is a target attribute,
and P; is a set of all parent nodes at some fixed level i € I (see Figure 1). Let U, be a set of all
child nodes for all p € P,.

Let S, denote the set of all labeled objects from a training set S that reaches a node u € U,
The procedure AttributeIndexOfNode assigns the attribute index d, to u (last but one line
of Figure 1). This assignment is based on the entropy function h with a discrete probability

distribution 5. Note that for u € Up andz € L, ,aset

adu’
Si=1xy) €Sy : x4, = 2}

is a subset of a training set S corresponding to a given child node u and an attribute value z
(see Algorithm 1). The procedure TargetClassIndexOfNode assigns the class index y;, of the
target attribute b to u (last line of Figure 1). The class index of the target attribute with the
maximal number of objects in S, is selected. If there exist two or more classes with the same
maximal number, we consider the class with the least index.

Finally, the parent nodes P;y; for level i + 1 are obtained from a system (U, : p € R;) by
procedure MergeChildNodes with the same attribute and class indices at a level i (Figure 2).

We present the full procedure for learning a generalized decision directed acyclic graph in
Algorithm 1. Note that the set of parents nodes that are internal at a level i is denoted R;.

4. Experiments

We conducted several experiments to provide the performance and memory efficiency of our
proposed method in comparison with other recent studies, mainly with binary decision directed



Figure 1: Procedures AttributelndexOfNode and TargetClassindexofNode at level i

acyclic graphs and decision forests [30, 26]. For comparison of memory consumption of our
method with other studies, we use the estimation of the model sizes which are described in
[30, 26]. The complete table of estimated memory consumption for nodes and leaves of various
structures and approaches (including our approach) is shown in Table 4.

We tested the performance of our method and its memory efficiency on four datasets (Con-
nect4, Letter Recognition, Shuttle, and USPS) from UCI Machine Learning Repository [10] to
compare our results with [30, 26].

The final results of random forest, the ensemble of 15 decision directed acyclic graphs, and
our ensemble of 15 generalized decision directed acyclic graphs on memory consumption



Algorithm 1: Procedure for learning a generalized decision directed acyclic graph
Data: Set of attributes A, target b, training set S
Result: Generalized decision directed acyclic graph G matching S
i< 1 /Level of graph/
P« {r} /Parent node at level 1/
d, < AttributeIndexOfNode(r);
b, < TargetClassIndexOfNode(r);
while P, # @ do

R; « @; /Internal nodes/
for p € P;do
if h(7%) # 0 then
s [{ze€ Ladp 2 S5 # o; /Number of child nodes/
Uy < {upj i j€ {1,...,3}}; /New child nodes/
foru e U, do

d, < AttributeIndexOfNode(u);
b, < TargetClassIndexOfNode(u);

end
if [{d, : u€eUp}| =sthen
| R < Ruiph
end
end
end
Pyy1 < MergeChildNodes({U,, : p € R});
i—i+1;
end

and test accuracy are shown in Table 5. For Accuracy, we present the arithmetic mean of
the test accuracies which were obtained by ensembles of 15 classifiers with a random 5-fold
cross-validation.

5. Connections with Formal Concept Analysis

The generalized decision directed acyclic graph for our loan approval example (see Table 1) is
illustrated in Figure 3. Note that the proportion of two numbers inside the nodes corresponds
to the proportion of the count of labeled objects by two classes of target attribute (categories 1
or 0). The sets described in the text on the left side of the nodes in Figure 3 correspond to the
indices of people (first column in Table 1) with category 1 of loan approval.

Regarding the interesting research results in the area of Formal Concept Analysis [14, 13],
the positive examples from a training set S (i.e., the labeled objects with L;, = 1 in Table 1) can
be considered as (binary) formal context (O, A* u {(b, 1)}, R) such that 1 € L;, R(o,(b, 1)) = 1,
and



Table 4
Estimation of memory consumption for each node

Size Total size
Type of node Variable in bytes  in bytes
d, 4
0, 8
Internal node v of tree [5] L, 4 16
d, 4
0, 8
Internal node v of decision L, 4
directed acyclic graph [30, 26] r, 4 20
d, 4
u, €U, 4
Internal node v of our generalized neighbor 4
decision directed acyclic graph &,(uy) 4 16
Leaf v (all structures) 4.|Ly|
Table 5
Comparison of methods on different datasets
Ensemble of Ensemble of
Random 15 decision 15 generalized decision
forest [26] directed acyclic directed acyclic
Dataset Indicator (15 trees) graphs [26, 30] graphs (our paper)
Connect4 Accuracy 81.5% 82.0% 82.1%
Memory size 4.75 MB 1.51 MB 0.22 MB
Letter Accuracy 95.6% 95.7% 96.3%
Recognition ~ Memory size 4.89 MB 1.50 MB 0.21 MB
Shuttle Accuracy 99.9% 99.9% 99.9%
Memory size 0.03 MB 0.11 MB 0.005 MB
USPS Accuracy 96.0% 96.0% 90.0%
Memory size 0.36 MB 0.30 MB 0.035 MB

A= ({a x L,).

acA

Note that a conceptual scale [14] or several fuzzy extensions in Formal Concept Analysis
[1,3,7,9, 11, 18, 25] can be also applied here.



Figure 3: Generalized decision directed acyclic graph of approval for loan
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In our example from Table 1, the set of objects O contains people with loan approval
equals 1 (rows 1 — 9), and the set of attributes includes pairs (income, high), (income, low),
(savings, high), (savings,low), (self-employed, yes), (self-employed,no), (married,yes),
(married, no), (loan approved, 1). The corresponding concept lattice of loan approval is shown
in Figure 4.

The circles of concept lattice filled with black color (Figure 4) correspond to the nodes of
generalized decision directed acyclic graph (Figure 3) with the most of node people who are
approved for a loan. For example, the extent of formal concept {1, 2, 3,4} (highlighted by a
black circle on the right part of concept lattice) corresponds to the path of high income and
high savings in the generalized decision directed acyclic graph. Moreover, the intent of the
mentioned formal concept is {(income, high), (savings, high)}, as well. However, the concept
lattice provides the possibility to explore other possible groups of people which are not obtained
by generalized directed acyclic graphs since the entropy function returns only the best splitting
attribute for each node.

The second concept lattice of Table 1 can be constructed by taking the formal context
(0, A* u {(b,0)}, R) such that O is a set of labeled objects with L, = 0. Then, we obtain the
formal concepts that can correspond to the paths of people who are not approved for a loan by
generalized decision directed acyclic graph.



Figure 4: Concept lattice of approval for loan (own figure)
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6. Conclusions and future work

In this paper, we proposed a classification method of generalized decision directed acyclic
graphs which is a generalization of decision jungles from the rooted binary directed acyclic
graph to rooted generalized directed acyclic graph. In the extended version of our paper, we will
present the properties of generalized decision directed acyclic graphs in general. Moreover, we
will emphasize the description of the functions used in our algorithm in more detail and their
importance for our experimental results. The more detailed connections between generalized
decision directed acyclic graphs and Formal Concept Analysis will be explored in the extended
version of the paper, as well.

Our future research aims to propose the algorithms for the generalized decision directed
acyclic graphs which can be applied for regression tasks with a numerical target attribute. More-
over, another possibility is to apply the genetic algorithms in the search of optimal parameters,
optimize the learning process, and improve the performance of algorithms for testing datasets.
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