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The work is dedicated to software implementation of the direct method of optimal control and demonstrate it for
solving tasks of preventive medicine. Software implementation is available graphical interpretation, which allows its use in
practice.
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MPOI'PAMHA PEAJIIBALISI YUCEJIBHOI'O METOAY OITUMAJIBHOI'O KEPYBAHHSI B
SAJAYAX TIPOPITTAKTUYHOI MEJUILIUHU

B pobomi posenadacmuca npozpamua peanizayia npAMO20 Memooy 3HAXO0O0NHCEHHA ONMUMANLHOZO KEePY6AHHA i
0eMOHCIMPYBAHHA 11020 ONA OMPUMAHHA DPO36°A3KYy 3a0ay npoginakmuunoi meduyunu. Ilpozpamma peanizauia mae
docmynHhy 2pagiuny inmepnpemauiro, uio pooums MOHCIUEUM iT 6UKOPUCIMAHHA HA NPAKM UL,

KorodoBi ciioBa: uncensHHH METOJ ONTUMAIBHOTO KEpyBaHHS, MOJENb CIIIBICHYBAaHHS JIBOX INTAaMiB Bipycy, METOX
DCA, Java, SQL.
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MNPOTPAMMHASA PEAJIN3ALIUA YUCJITEHHOI'O METOJA OIITUMAJIBHOI'O
YIPABJIEHMSI B 3AJJAUYAX IPUHATHUA PEIIEHUAM

B pabome paccmampueaemcs RpoOPAMMHAA PeAlU3AUUA NPAMOZ0 MEMOOA HAXONCOCHUS ORMUMATIBHO20
YRPAGICHUA U OEMOHCIMPAYUU €20 /i1 RONYUEeHUA PeuleHus 3a0ay nputnamus pewenuii. Ipozpammnan peanuzayus umeem
00CHYnHYI0 ZpaguuecKyio uRmepnRpPemayuio, Ymo 0eaaem 603MONCHLIM ee UCNOIb308AHUEe HA NPAKMUKE.

Knrouesvle cnosa: uuciennwlii Memoo ONMUMAIbHO20 YNPAGIEHUs, MOOEIb COCYUWEeCMEO8AHUsL 08YX WMAMMOS 8UpYCd,
memoo DCA, Java, SQL.

Introduction. In medicine, the term "differential diagnosis" means a systematic approach based on
evidence, to determine the causes of the symptoms observed in the case when there are several alternative
explanations, and to reduce the list of possible diagnoses.

Today, medical diagnostics can be performed automatically using computer systems and
algorithms. Such systems are usually referred to diagnostic decision support system or medical diagnostic
systems. They belong to a more general class of clinical decision support systems [Martsenyuk, 2004-
2012]. The purpose of these systems is the systematic support of the doctor in the differential diagnosis.
Many of these systems can provide results even when not enough data, ie under uncertainty, and most
importantly — they are limited as to the amount of information that can store and process.

One approach that reflects the natural process of thinking in the differential diagnosis is a method
of induction of decision trees. During the late 1970s, early 1980s J.R.Quinlan [Quinlan, 1986] developed
an algorithm for constructing decision tree 1D3 (lterative dyhotomayzer). Later J.R.Quinlan presented
algorithm C4.5 (successor ID3), which has become a benchmark, which is often compared to the latest
algorithms in the field of computer knowledge. In 1984, a group of statisticians (L.Breiman, J.Friedman,
R.Olshen, C.Stone) published work onClassification and Regression Trees (CART) [Breiman, 1984],
which described the construction of binary decision trees. The algorithms ID3 and CART, despite the fact
that developed independently and at about the same time, implementing this approach to learning decision
trees based on the training data. This decision trees are built as a result of the recursive procedure of the
"top-down". Most algorithms for induction of decision trees also fit this general approach. This study set
recursively divided into smaller subsets as far as how the tree is constructed.

Mathematically, the problem is the induction of decision trees is formulated as follows. We set D,

that contains N sets of training data. In addition, each | -it set(All, Aé,...,A:O,C')consists of input
data — attributes Ai,...,Ap and output data - an attribute classC . Attributes Ai,...,Ap can take as

numerical and categorical values. Attribute class C take one of K discrete values: C e{l,...,K}. The

aim is to predict the decision tree class attribute value C based on attribute values A_L,...,Ap. This

© |.E. Andrushchak, Yu.V. Silchuk, I.O. Prubush, O.S. Umsha, J.R. Semeniuk



Miocsysiecoruii 30ipnux "HAYKOBI HOTATKH". Jlyyok, 2016. Bunyck Ne 56 15

should maximize the accuracy of the prediction attribute class, namely P{C = C}at the terminal nodes
for anyC E{l,...,K}. Algorithms induction of decision trees automatically divided into units of

numerical values of attributes A;two intervals: Aj <X ta Aj > X;, and categorical attributes A ~two

subsets: Aj €S i Aj &S j - Breakdown based numerical attributes tend to Mirach based on entropy

or Gini index [Han, 2001]. The process is repeated recursively partitioning as long as there will not
improve the accuracy of forecasting. The last step involves removal of nodes to avoid overfitinhu model.
As a result we get a set of rules that go from the root to each terminal node containing inequality for
numerical attributes and conditions for the inclusion of categorical attributes.

The aim is to develop a method of induction of decision trees with the ability to program
implementation as a clinical expert system.

The method of induction of decision trees. The basis is taken of this recursive procedure [Han,
2001].

Generating a decision tree

Incoming data: D —set of training data sets (Ai', Aé,...,AI ,C").

Output: decision tree.

Method:

1. Create node N .

2. If all the sets in D belong to a common class C , then return node N a sheet with the name of
the classC .

3. If the list of attributes (and therefore D) is empty, then return node N a sheet with the name of
the most common class D .

4. Apply algorithm attribute selection from the list of attributes for the set D with the aim of
finding the "best" attribute division.
5. Remove attribute division from the list of attributes.

6. For each subject division jattribute to consider separation D j—a plurality of sets D,
satisfying separation | .
7.If Dj -empty, then connect to the site N leaf under the most common class D , otherwise —

attached to N node returned recursive method call Generation of the decision tree input DJ- and a list of

attributes.
8. End cycle step 6.

9. Return unit N .

Based on attribute selection algorithm j —step of recursion put such information indicator:

Gain(A) = Info(D;) — Info,, (Dj). (1)
Here
K . .
Info(D,-)=—kZ pi log,(py) )
=1
- Information needed for classification set (A , A, ,...,Ap) in Dj ,
Info, (D) E#(D})I fo(Dy)
NTO, i) = n 3
AR R(D)) | &

- Information needed for classification (A , A, ,...,Ap) in Dj after separation Dj into subsets

Dlj according to the attribute values A .
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In the formula (2) the probability that a random set oijbeIongs to the setCk,Dj rated as

#(Cyxp;)
#(D;)

of items in the set.

pkJ = , Where Ck’Dj —plural sets of Dj , which attribute classC = K .Here #(0) —number

#(D')
#(D,;

D;,ne DIj—Set sets with D ;, which attribute A = ai' This attribute A e{al,a?,....a<}.

In the formula (3) —estimate the probability that a random set of D i belongs to the set

So, Gain(Ai)evaIuates reduce the information required to classify a random data set D j by

known attribute value A;. Thus the available attributes for each node of the decision tree for separation
conditions should be selected attribute AI* with the largest value Gain(AI*). As a result of the

selection process to finalize the classification of the data set in D jtry the least information.

Software implementation. The method is implemented in Netbeans development environment in
the programming language Java. Base training data deployed on the server MySQL. On fig.1 presents a
conceptual model of information system. In class DecisionTree directly implemented method of induction
of decision trees. In class DataManager received calls from DecisionTree to query the mysql database to
obtain training data.

Mysql database consists of two tables — Table attribute, designed to store information about the
attributes and tables categorized_data — for sets of training data. The structure of the tables in the SQL
language for the examples below:

CREATE TABLE mysql.attribute (

id integer not null unique,
attribute_name varchar(25),
attribute_field_name varchar(25),
primary key (id)
) ENGINE=InnoDB,;
CREATE TABLE mysql.categorised_data (
id integer not null unique,
Al varchar(12),
A2 varchar(8),
A3 varchar(7),
A4 varchar(7),
A5 varchar(7),
class varchar(8),
primary key (id)
) ENGINE=InnoDB,;

Software Project classes are included in the package decision_tree.model. This includes beans-class
Attribute, Attribute_for_list and CategorisedData to work with relevant data tables. SQL-queries to obtain
relevant data, including calculations of the information provided in the class realized AttributeListPeer.

Conclusions. The paper considered the program implementation of decision trees induction based
on the information provided.

In the example shown, this approach allows to develop a system to support clinical decisions.

It is shown that it has sufficient SQL syntax features that allow information to calculate
performance-based database tables.

Through the use of Java-class implementing this method of decision tree induction is a web-
integrated.

Prospects of research is to analyze the performance of the software depending on the number and
volume attributes sets of training data.
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