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Abstract. In this paper, we consider decision trees that use both con-
ventional queries based on one attribute each and queries based on hy-
potheses about values of all attributes. Such decision trees are similar
to ones studied in exact learning, where membership and equivalence
queries are allowed. We present dynamic programming algorithms for
minimization of the depth of above decision trees and discuss results
of computer experiments on various data sets and randomly generated
Boolean functions.
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1 Introduction

Decision trees are widely used in many areas of computer science and related
fields, for example, test theory (initiated by Chegis and Yablonskii [6]), rough
set theory (initiated by Pawlak [8–10]), and exact learning (initiated by Angluin
[4, 5]). These theories are closely related. In particular, attributes from rough
set theory and test theory correspond to membership queries from exact learn-
ing. Exact learning considers additionally the so-called equivalence queries. The
notion of “minimally adequate teacher” that allows both membership and equiv-
alence queries was discussed by Angluin in [3]. Relations between exact learning
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and PAC learning proposed by Valiant [11] were discussed in [4]. In this paper,
we add the notion of a hypothesis to the model that has been considered in
rough set theory as well in test theory. This model allows us to use an analog of
equivalence queries.

Let T be a decision table with n conditional attributes f1, . . . , fn having
values from the set ω = {0, 1, 2, . . .} in which rows are pairwise different and
each row is labeled with a decision from ω. For a given row of T , we should
recognize the decision attached to this row. To this end, we can use decision
trees based on two types of queries. We can ask about the value of an attribute
fi ∈ {f1, . . . , fn} on the given row. We will obtain an answer of the kind fi = δ,
where δ is the number in the intersection of the given row and the column fi.
We can also ask if a hypothesis f1 = δ1, . . . , fn = δn is true, where δ1, . . . , δn
are numbers from the columns f1, . . . , fn, respectively. Either this hypothesis
will be confirmed or we obtain a counterexample in the form fi = σ, where
fi ∈ {f1, . . . , fn} and σ is a number from the column fi different from δi. The
considered hypothesis is called proper if (δ1, . . . , δn) is a row of the table T . We
consider the depth of a decision tree as its time complexity, which is equal to
the maximum number of queries in a path from the root to a terminal node of
the tree.

Decision trees using hypotheses can be essentially more efficient than the
decision trees using only attributes. Let us consider an example, the problem of
computation of the conjunction x1 ∧ · · · ∧ xn. The minimum depth of a decision
tree solving this problem using the attributes x1, . . . , xn is equal to n. However,
the minimum depth of a decision tree solving this problem using proper hypothe-
ses is equal to 1: it is enough to ask only about the hypothesis x1 = 1, . . . , xn = 1.
If it is true, then the considered conjunction is equal to 1. Otherwise, it is equal
to 0.

We consider the following five types of decision trees:

1. Decision trees that use only attributes.
2. Decision trees that use only hypotheses.
3. Decision trees that use both attributes and hypotheses.
4. Decision trees that use only proper hypotheses.
5. Decision trees that use both attributes and proper hypotheses.

For each type of decision trees, we design a dynamic programming algorithm
that, for a given decision table, finds the minimum depth of a decision tree of the
considered type for this table. Note that algorithms for the minimization of the
depth for decision trees of type 1 were considered in [1] for decision tables with
one-valued decisions and in [2] for decision tables with many-valued decisions.

For the conjunction of n variables, the considered algorithms construct a
decision tree of type 1 with the depth equal to n and the decision trees of types
2, 3, 4, and 5 with the depth equal to 1.

It is interesting to study not only specially chosen examples as the conjunc-
tion of n variables. We compute the minimum depth of a decision tree for each of
the considered five types for eight decision tables from the UCI ML Repository
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[7]. We do the same for randomly generated Boolean functions with n variables,
where n = 3, . . . , 6.

In particular, from the results obtained for Boolean functions it follows that,
in general case, the decision trees of types 2 and 4 are better than the decision
trees of type 1, and the decision trees of types 3 and 5 are better than the
decision trees of types 2 and 4.

The rest of the paper is organized as follows. In Sects. 2 and 3, we consider
main notions. In Sects. 4 and 5 – dynamic programming algorithms for the depth
minimization. Section 6 contains results of computer experiments and Sect. 7 –
short conclusions.

2 Decision Tables

A decision table is a rectangular table T with n ≥ 1 columns filled with numbers
from the set ω = {0, 1, 2, . . .} of nonnegative integers. Columns of this table are
labeled with the conditional attributes f1, . . . , fn. Rows of the table are pairwise
different. Each row is labeled with a number from ω that is interpreted as a
decision. Rows of the table are interpreted as tuples of values of the conditional
attributes.

A decision table can be represented by a word over the alphabet {0, 1, ; , |}
in which numbers from ω are in binary representation (are represented by words
over the alphabet {0, 1}), the symbol “;” is used to separate two numbers from ω,
and the symbol “|” is used to separate two rows (we add to each row correspond-
ing decision as the last number in the row). The length of this word will be called
the size of the decision table.

A decision table T is called empty if it has no rows. The table T is called
degenerate if it is empty or all rows of T are labeled with the same decision.

We denote F (T ) = {f1, . . . , fn} and denote by D(T ) the set of decisions
attached to the rows of T . For any conditional attribute fi ∈ F (T ), we denote
by E(T, fi) the set of values of the attribute fi in the table T . We denote by
E(T ) the set of conditional attributes of T for which |E(T, fi)| ≥ 2.

A system of equations over T is an arbitrary equation system of the kind

{fi1 = δ1, . . . , fim = δm},

where m ∈ ω, fi1 , . . . , fim ∈ F (T ), and δ1 ∈ E(T, fi1), . . . , δm ∈ E(T, fim) (if
m = 0, then the considered equation system is empty).

Let T be a nonempty table. A subtable of T is a table obtained from T
by removal of some rows. We correspond to each equation system S over T a
subtable TS of the table T . If the system S is empty, then TS = T . Let S be
nonempty and S = {fi1 = δ1, . . . , fim = δm}. Then TS is the subtable of the
table T containing the rows from T , which in the intersection with the columns
fi1 , . . . , fim have numbers δ1, . . . , δm, respectively. Such nonempty subtables,
including the table T , are called separable subtables of T . We denote by SEP (T )
the set of separable subtables of the table T .
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3 Decision Trees

Let T be a nonempty decision table with n conditional attributes f1, . . . , fn.
We consider the decision trees with two types of queries. We can choose an
attribute fi ∈ F (T ) = {f1, . . . , fn} and ask about its value. This query has
the following possible answers: {fi = δ}, where δ ∈ E(T, fi). We can formulate
a hypothesis over T in the form of H = {f1 = δ1, . . . , fn = δn}, where δ1 ∈
E(T, f1), . . . , δn ∈ E(T, fn), and ask about this hypothesis. This query has the
following possible answers:H, {f1 = σ1}, σ1 ∈ E(T, f1)\{δ1}, ..., {fn = σn}, σn ∈
E(T, fn)\{δn}. The first answer means that the hypothesis is true. Other answers
are counterexamples. The hypothesis H is called proper for T if (δ1, . . . , δn) is a
row of the table T .

A decision tree over T is a marked finite directed tree with the root in which

– Each terminal node is labeled with a number from the set D(T ) ∪ {0}.
– Each node, which is not terminal (such nodes are called working), is labeled

with an attribute from the set F (T ) or with a hypothesis over T .
– If a working node is labeled with an attribute fi from F (T ), then, for each

possible answer {fi(x) = δ}, δ ∈ E(T, fi), there is exactly one edge labeled
with this answer, which leave this node and there are no any other edges
leaving this node.

– If a working node is labeled with a hypothesis H = {f1 = δ1, . . . , fn =
δn} over T , then, for each possible answer H, {f1 = σ1}, σ1 ∈ E(T, f1) \
{δ1}, ..., {fn = σn}, σn ∈ E(T, fn) \ {δn}, there is exactly one edge labeled
with this answer, which leaves this node and there are no any other edges
leaving this node.

Let Γ be a decision tree over T and v be a node of Γ . We now define an
equation system S(Γ, v) over T associated with the node v. We denote by ξ the
directed path from the root of Γ to the node v. If there are no working nodes in
ξ, then S(Γ, v) is the empty system. Otherwise, S(Γ, v) is the union of equation
systems attached to the edges of the path ξ.

A decision tree Γ over T is called a decision tree for T if, for any node v of Γ ,

– The node v is terminal if and only if the subtable TS(Γ, v) is degenerate.
– If v is a terminal node and the subtable TS(Γ, v) is empty, then the node v

is labeled with the decision 0.
– If v is a terminal node and the subtable TS(Γ, v) is nonempty, then the node
v is labeled with the decision attached to all rows of TS(Γ, v).

A complete path in Γ is an arbitrary directed path from the root to a terminal
node in Γ . As the time complexity of a decision tree, we consider its depth that is
the maximum number of working nodes in a complete path in the tree or, which
is the same, the maximum length of a complete path in the tree. We denote by
h(Γ ) the depth of a decision tree Γ .

We will use the following notation:
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– h(1)(T ) is the minimum depth of a decision tree for T , which uses only
attributes from F (T ).

– h(2)(T ) is the minimum depth of a decision tree for T , which uses only
hypotheses over T .

– h(3)(T ) is the minimum depth of a decision tree for T , which uses both
attributes from F (T ) and hypotheses over T .

– h(4)(T ) is the minimum depth of a decision tree for T , which uses only proper
hypotheses over T .

– h(5)(T ) is the minimum depth of a decision tree for T , which uses both
attributes from F (T ) and proper hypotheses over T .

4 Construction of Directed Acyclic Graph ∆(T )

Let T be a nonempty decision table with n conditional attributes f1, . . . , fn. We
now consider an algorithm A0 for the construction of a directed acyclic graph
(DAG) ∆(T ), which will be used for the study of decision trees. Nodes of this
graph are some separable subtables of the table T . During each iteration we
process one node. We start with the graph that consists of one node T , which is
not processed and finish when all nodes of the graph are processed.

Algorithm A0 (construction of DAG ∆(T )).

Input : A nonempty decision table T with n conditional attributes f1, . . . , fn.
Output : Directed acyclic graph ∆(T ).

1. Construct the graph that consists of one node T , which is not marked as
processed.

2. If all nodes of the graph are processed, then the algorithm halts and returns
the resulting graph as ∆(T ). Otherwise, choose a node (table) Θ that has
not been processed yet.

3. If Θ is degenerate, then mark the node Θ as processed and proceed to step
2.

4. If Θ is not degenerate, then, for each fi ∈ E(Θ), draw a bundle of edges
from the node Θ. Let E(Θ, fi) = {a1, . . . , ak}. Then draw k edges from Θ
and label these edges with systems of equations {fi = a1}, . . . , {fi = ak}.
These edges enter nodes Θ{fi = a1}, . . . , Θ{fi = ak}, respectively. If some
of the nodes Θ{fi = a1}, . . . , Θ{fi = ak} are not present in the graph, then
add these nodes to the graph. Mark the node Θ as processed and return to
step 2.

The following statement about time complexity of the algorithm A0 follows
immediately from Proposition 3.3 [1].

Proposition 1. The time complexity of the algorithm A0 is bounded from above
by a polynomial on the size of the input table T and the number |SEP (T )| of
different separable subtables of T .
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In general case, the time complexity of the algorithm A0 is exponential de-
pending on the size of the input decision tables. Note that, in Sect. 3.4 of the
book [1], classes of decision tables are described for each of which the number of
separable subtables of decision tables from the class is bounded from above by
a polynomial on the number of columns in the tables. For each of these classes,
the time complexity of the algorithm A0 is polynomial depending on the size of
the input decision tables.

5 Minimizing the Depth of Decision Trees

Let T be a nonempty decision table with n conditional attributes f1, . . . , fn.
We can use the DAG ∆(T ) to compute values h(1)(T ) , . . . , h(5)(T ). Let t ∈
{1, . . . , 5}. To find the value h(t)(T ), for each node Θ of the DAG ∆(T ), we
compute the value h(t)(Θ). It will be convenient for us to consider not only
subtables that are nodes of ∆(T ) but also empty subtable Λ of T and subtables
Tr that contain only one row r of T and are not nodes of ∆(T ). We begin
with these special subtables and terminal nodes of ∆(T ) (nodes without leaving
edges) that are degenerate separable subtables of T and step-by-step move to
the table T .

Let Θ be a terminal node of ∆(T ) or Θ = Tr for some row r of T . Then
h(t)(Θ) = 0: the decision tree that contains only one node labeled with the
decision attached to all rows of Θ is a decision tree for Θ. If Θ = Λ, then
h(t)(Θ) = 0: the decision tree that contains only one node labeled with 0 will be
considered as a decision tree for Λ.

Let Θ be a nonterminal node of ∆(T ) such that, for each child Θ′ of Θ, we
already know the value h(t)(Θ′). Based on this information, we can find the min-
imum depth of a decision tree for Θ, which uses for the subtables corresponding
to children of the root decision trees of the type t and in which the root is labeled

– With an attribute from F (T ) (we denote by h
(t)
a (Θ) the minimum depth of

such a decision tree).

– With a hypothesis over T (we denote by h
(t)
h (Θ) the minimum depth of such

a decision tree).

– With a proper hypothesis over T (we denote by h
(t)
p (Θ) the minimum depth

of such a decision tree).

Since Θ is nondegenerate, the set E(Θ) is nonempty. We now describe three

procedures for computing the values h
(t)
a (Θ), h

(t)
h (Θ), and h

(t)
p (Θ), respectively.

Let us consider a decision tree Γ (fi) for Θ in which the root is labeled with an
attribute fi ∈ E(Θ). For each δ ∈ E(T, fi), there is an edge that leaves the root
and enters a node v(δ). This edge is labeled with the equation system {fi = δ}.
The node v(δ) is the root of a decision tree of the type t for Θ{fi = δ} for which
the depth is equal to h(t)(Θ{fi = δ}). It is clear that

h(Γ (fi)) = 1 + max{h(t)(Θ{fi = δ}) : δ ∈ E(T, fi)}.
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Since h(t)(Θ{fi = δ}) = h(t)(Λ) = 0 for any δ ∈ E(T, fi) \ E(Θ, fi),

h(Γ (fi)) = 1 + max{h(t)(Θ{fi = δ}) : δ ∈ E(Θ, fi)}. (1)

It is clear that, for any δ ∈ E(Θ, fi), the subtable Θ{fi = δ} is a child of Θ in
the DAG ∆(T ), i.e., we know the value h(t)(Θ{fi = δ}).

One can show that h(Γ (fi)) is the minimum depth of a decision tree for Θ in
which the root is labeled with the attribute fi and which uses for the subtables
corresponding to children of the root decision trees of the type t.

We should not consider attributes fi ∈ F (T ) \ E(Θ) since, for each such
attribute, there is δ ∈ E(T, fi) with Θ{fi = δ} = Θ, i.e., based on this attribute
we cannot construct an optimal decision tree for Θ. As a result, we have

h(t)a (Θ) = min{h(Γ (fi)) : fi ∈ E(Θ)}. (2)

Computation of h
(t)
a (Θ). Construct the set of attributes E(Θ). For each at-

tribute fi ∈ E(Θ), compute the value h(Γ (fi)) using (1). Compute the value

h
(t)
a (Θ) using (2).

Remark 1. Let Θ be a nonterminal node of the DAG ∆(T ) such that, for each
child Θ′ of Θ, we already know the value h(t)(Θ′). Then the procedure of com-

putation of the value h
(t)
a (Θ) has polynomial time complexity depending on the

size of decision table T .

A hypothesis H = {f1 = δ1, . . . , fn = δn} over T is called admissible for
Θ and an attribute fi ∈ F (T ) = {f1, . . . , fn} if, for any σ ∈ E(T, fi) \ {δi},
Θ{fi = σ} 6= Θ. The hypothesis H is not admissible for Θ and an attribute
fi ∈ F (T ) if and only if |E(Θ, fi)| = 1 and δi /∈ E(Θ, fi). The hypothesis H is
called admissible for Θ if it is admissible for Θ and any attribute fi ∈ F (T ).

Let us consider a decision tree Γ (H) for Θ in which the root is labeled with
an admissible for Θ hypothesis H = {f1 = δ1, . . . , fn = δn}. The set of answers
for the query corresponding to the hypothesis H is equal to A(H) = {H, {f1 =
σ1}, . . . , {fn = σn} : σ1 ∈ E(T, f1) \ {δ1}, ..., σn ∈ E(T, fn) \ {δn}}. For each
S ∈ A(H), there is an edge that leaves the root of Γ (H) and enters a node v(S).
This edge is labeled with the equation system S. The node v(S) is the root of a
decision tree of the type t for ΘS, which depth is equal to h(t)(ΘS). It is clear
that

h(Γ (H)) = 1 + max{h(t)(ΘS) : S ∈ A(H)}.
We have ΘH = Λ or ΘH = Tr for some row r of T . Therefore h(t)(ΘH) = 0.

Since H is admissible for Θ, E(Θ, fi)\{δi} = ∅ for any attribute f ∈ F (T )\E(Θ).
It is clear that Θ{fi = σ} = Λ and h(t)(Θ{fi = σ}) = 0 for any attribute
fi ∈ E(Θ) and any σ ∈ E(T, fi) \ {δi} such that σ /∈ E(Θ, fi). Therefore

h(Γ (H)) = 1 + max{h(t)(Θ{fi = σ}) : fi ∈ E(Θ), σ ∈ E(Θ, fi) \ {δi}}. (3)

It is clear that, for any fi ∈ E(Θ) and any σ ∈ E(Θ, fi) \ {δi}, the subtable
Θ{fi = σ} is a child of Θ in the DAG ∆(T ), i.e., we know the value h(t)(Θ{fi =
σ}).
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One can show that h(Γ (H)) is the minimum depth of a decision tree for Θ in
which the root is labeled with the hypothesis H and which uses for the subtables
corresponding to children of the root decision trees of the type t.

We should not consider hypotheses that are not admissible for Θ since, for
each such hypothesis H for corresponding query, there is an answer S ∈ A(H)
with ΘS = Θ, i.e., based on this hypothesis we cannot construct an optimal
decision tree for Θ.

Computation of h
(t)
h (Θ). First, we construct a hypothesis

HΘ = {f1 = δ1, . . . , fn = δn}

for Θ. Let fi ∈ F (T ) \ E(Θ). Then δi is equal to the only number in the set
E(Θ, fi). Let fi ∈ E(Θ). Then δi is the minimum number from E(Θ, fi) for
which h(t)(Θ{fi = δi}) = max{h(t)(Θ{fi = σ}) : σ ∈ E(Θ, fi)}. It is clear that
HΘ is admissible for Θ. Compute the value h(Γ (HΘ)) using (3). Simple analysis

of (3) shows that h(Γ (HΘ)) = h
(t)
h (Θ).

Remark 2. Let Θ be a nonterminal node of the DAG ∆(T ) such that, for each
child Θ′ of Θ, we already know the value h(t)(Θ′). Then the procedure of com-

putation of the value h
(t)
h (Θ) has polynomial time complexity depending on the

size of decision table T .

Computation of h
(t)
p (Θ). For each row r = (δ1, . . . , δn) of the decision table

T , we check if the corresponding proper hypothesis Hr = {f1 = δ1, . . . , fn = δn}
is admissible for Θ. For each admissible for Θ proper hypothesis Hr = {f1 =
δ1, . . . , fn = δn}, we compute the value h(Γ (Hr)) using (3). One can show that

the minimum among the obtained numbers is equal to h
(t)
p (Θ).

Remark 3. Let Θ be a nonterminal node of the DAG ∆(T ) such that, for each
child Θ′ of Θ, we already know the value h(t)(Θ′). Then the procedure of com-

putation of the value h
(t)
p (Θ) has polynomial time complexity depending on the

size of decision table T .

For t = 1, . . . , 5, we describe an algorithm At that, for a given decision table
T , calculates the value h(t)(T ), which is the minimum depth of a decision tree
of the type t for the table T . During the work of this algorithm, we find for each
node Θ of the DAG ∆(T ) the value h(t)(Θ).

Algorithm At (computation of h(t)(T )).

Input : A nonempty decision table T and the directed acyclic graph ∆(T ).
Output : The value h(t)(T ).

1. If a number is attached to each node of the DAG ∆(T ), then return the
number attached to the node T as h(t)(T ) and halt the algorithm. Otherwise,
choose a node Θ of the graph ∆(T ) without attached number, which is either
a terminal node of ∆(T ) or a nonterminal node of ∆(T ) for which all children
have attached numbers.
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2. If Θ is a terminal node, then attach to it the number h(t)(Θ) = 0 and proceed
to step 1.

3. If Θ is not a terminal node, then depending on the value t do the following:

– In the case t = 1, compute the value h
(1)
a (Θ) and attach to Θ the value

h(1)(Θ) = h
(1)
a (Θ).

– In the case t = 2, compute the value h
(2)
h (Θ) and attach to Θ the value

h(2)(Θ) = h
(2)
h (Θ).

– In the case t = 3, compute the values h
(3)
a (Θ) and h

(3)
h (Θ), and attach

to Θ the value h(3)(Θ) = min{h(3)a (Θ), h
(3)
h (Θ)}.

– In the case t = 4, compute the value h
(4)
p (Θ) and attach to Θ the value

h(4)(Θ) = h
(4)
p (Θ).

– In the case t = 5, compute the values h
(5)
a (Θ) and h

(5)
p (Θ), and attach

to Θ the value h(5)(Θ) = min{h(5)a (Θ), h
(5)
p (Θ)}.

Proceed to step 1.

Using Remarks 1–3 one can prove the following statement.

Proposition 2. For t = 1, . . . , 5, the time complexity of the algorithm At is
bounded from above by a polynomial on the size of the input table T and the
number |SEP (T )| of different separable subtables of T .

6 Results of Experiments

We make experiments with eight decision tables from the UCI ML Repository
[7]. Results are represented in Table 1. The first three columns contain the in-
formation about the considered decision table T : its name, the number of rows,
and the number of conditional attributes. The last five columns contain values
h(1)(T ), . . . , h(5)(T ) (minimum values for each decision table are in bold).

Table 1. Experimental results for decision tables from [7]

Decision Number of Number of h(1)(T ) h(2)(T ) h(3)(T ) h(4)(T ) h(5)(T )
table T rows attributes

balance-scale 625 5 4 4 4 4 4
breast-cancer 266 10 6 6 5 6 5
cars 1728 7 6 6 6 6 6
hayes-roth-data 69 5 4 4 4 4 4
nursery 12960 9 8 8 7 8 7
soybean-small 47 36 2 4 2 6 2
tic-tac-toe 958 10 6 6 5 8 6
zoo-data 59 17 4 4 4 5 4

Average 5.00 5.25 4.63 5.88 4.75
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Decision trees with the minimum depth using attributes (type 1) are opti-
mal for 5 decision tables, using hypotheses (type 2) are optimal for 4 tables,
using attributes and hypotheses (type 3) are optimal for 8 tables, using proper
hypotheses (type 4) are optimal for 3 tables, using attributes and proper hy-
potheses (type 5) are optimal for 7 tables.

For the decision table soybean-small, we must use attributes to construct
an optimal decision tree. For this table, it is enough to use only attributes. For
the decision tables breast-cancer and nursery, we must use both attributes
and hypotheses to construct optimal decision trees. For these tables, it is enough
to use attributes and proper hypotheses. For the decision table tic-tac-toe,
we must use both attributes and hypotheses to construct optimal decision trees.
For this table, it is not enough to use attributes and proper hypotheses.

For n = 3, . . . , 6, we generate randomly 100 Boolean functions with n vari-
ables. We represent each Boolean function with n variables as a decision table
with n columns labeled with these variables and with 2n rows that are all possible
n-tuples of values of the variables. Each row is labeled with the decision that is
the value of the function on the corresponding n-tuple. For each function, using
its decision table representation, we find the minimum depth of a decision tree
of the type t computing this function, t = 1, . . . , 5. For each Boolean function,
each hypothesis over the decision table representing it is proper. Therefore, for
each Boolean function, h(2) = h(4) and h(3) = h(5).

Results of experiments are represented in Table 2. The first column con-
tains the number of variables in the considered Boolean functions. The last five
columns contain information about values h(1), . . . , h(5) in the format minAvgmax .

Table 2. Experimental results for Boolean functions

Number of h(1) h(2) h(3) h(4) h(5)

variables n

3 22.81633 12.06123 11.88782 12.06123 11.88782

4 33.94004 23.05004 22.97003 23.05004 22.97003

5 44.95005 44.08005 33.99004 44.08005 33.99004

6 55.99006 55.01006 55.00005 55.01006 55.00005

From the obtained results it follows that, in general case, the decision trees
of types 2 and 4 are better than the decision trees of type 1, and the decision
trees of types 3 and 5 are better than the decision trees of types 2 and 4.

7 Conclusions

In this paper, we studied modified decision trees that use both queries based on
one attribute each and queries based on hypotheses about values of all attributes.
We designed dynamic programming algorithms for minimization of the depth of
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such decision trees and considered results of computer experiments. In the future,
we are planning to study the number of nodes in the modified decision trees.
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