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ABSTRACT

The genetic algorithm is a verified mechanism for optimization task solutions. Being a heuristic algorithm, it allows speeding up
the task solving by the biological evolution principle use. Recently, this algorithm was offered as a method of an individualized
treatment strategy search, where it was necessary to optimize the patient’s state in the distant period, going through various treatment
combinations. In that research as an optimization function, the additive convolution function of the patient’s state indicators in the
distant period was used, obtained with the help of Saaty analytic hierarchy process, which is one of the multi-criteria decision making
methods. Despite showing good results, the genetic algorithm was set with standard parameters. Taking into consideration a big
quantity of the parameters, the present study has the aim to find the optimum parameters for the algorithm. First of all, it is necessary
for those, who incorporate this algorithm in their work, namely doctors, when they need to prescribe a treatment for a patient. The
study describes the analysis of various genetic algorithm parameters and their use in algorithm test launches for individualized
treatment strategy search. Also, the optimal patient’s input parameter subsets were selected, using the correlation feature selection
criterion. The selected parameters were necessary for modeling indicators of the patient’s state after treatment. Modeling was
performed via random forest classifier with preliminary divided total sample into training (eighty percent) and testing (twenty
percent) ones. Two different databases of patients with congenital heart diseases were used for the study, allowing the optimal
parameters being more reliable for their future use. In the end, it all allows finding the parameters, which are first of all exclusively
recommendatory to the doctors before using the algorithm.
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INTRODUCTION

It was not so long time ago that the algorithm of
patient’s treatment individualized strategy search
was presented [1-2], which would allow the
patient’s state optimization in the distant period.
This algorithm is able to find a necessary solution
quickly via genetic algorithm principles [3]. The
additive convolution [4] of the patient’s state
indicators in the distant period is used as an
estimation criterion of treatment strategy.

Such an approach has the aim to give a doctor
the possibility to look at the problem from a
different perspective. When it is necessary to
prescribe a certain treatment for a patient to treat the
symptoms or eliminate complications after surgery,
the doctors usually try to follow the protocols.
However, there may be cases, when the majority of
symptoms or complications cannot be treated, even
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by following the protocols. The cases with the
patient’s state aggravation are also possible. The
algorithm goes through the maximum number of
available treatment options with their probable
outcomes. Treatment outcomes, in particular,
patient’s state indicators in the distant period, are
preliminary modeled on the basis of historical data.
Thus, the selection of treatment options is based on
the patient’s initial condition.

This method can theoretically suggest to the
doctor, which treatment suits the patient best without
deviation from the protocol, because the algorithm
goes through the options from the preliminary
prepared sample, determined by the very same
protocol.

Nevertheless, there is a problem of which
parameters are needed to provide the algorithm to
find the necessary variants quickly. Since the genetic
algorithm is the basis, there are a considerable
number of parameters [5], each of which has a
significant influence on the algorithm function
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process. Each parameter has its advantages and
disadvantages, so it is impossible to determine
which of them is necessary. Since the algorithm for
individualized treatment strategy search is
designated for the use by doctors in their job, which
means the immediate decision making of a treatment
strategy for the patient, it is necessary to determine
the optimal settings of the genetic algorithm first, so
that the doctors will not waste their time.

ANALYSIS OF THE LATEST RESEARCH
AND PUBLICATIONS

Genetic algorithm is an evolutional search
algorithm, which is used for optimization tasks
[6-9]. It uses the mechanisms that resemble
biological evolution, which allows finding the
necessary task solution quicker. The genetic
algorithm suits optimization tasks well when the
global extremum of the sought function is unknown.
The use of genetic operators allows approaching a
necessary point in N space with every new iteration.
An example os such a task is finding an
individualized treatment strategy. In Ukraine, the
first echo of the solution to this problem can be
found in [10], where linear programming was used
as a solution method. This method was finding the
extremum of a certain patient indicator after
treatment while driving the rest into restrictions
(which is essentially a conditional optimization).
The use of the genetic algorithm in a similar
problem is described in [1-2]. Unlike linear
programming, the genetic algorithm is not able to
solve conditional optimization problem tasks.
Therefore, to not using restrictions, all patient
indicators were reduced to one additive convolution
function obtained by the Saaty analytic hierarchy
process.

Even though the genetic algorithm is a powerful
tool for solving optimization problems, it is still
unclear which parameters are to be set for the
algorithm to find a necessary point quicker. There
are at least two types for each genetic operator, and
their combination with each other can give various
results. An attempt to pick better parameters was
made in the [11], where the authors created their
own program, but the result can differ depending on
the assigned task. The present study aims to
determine the optimal parameters of the genetic
algorithm for doctors in the task of an individualized
treatment strategy search. It is necessary to admit
that these determined parameters will become a
recommendation in the future and not a constant.

PARAMETERS OF THE GENETIC
ALGORITHM

The common flowchart of the genetic algorithm
is shown on Fig. 1.

Creation the first
population of
individuals

Calculation the
fitness function
for each individual

Condition of the
algorithm
end is complete?

Choosing "the
best" individual

Using genetic
operators

Fig. 1. Flowchart of genetic algorithm

If talking in more detail:

1. The first “population” of N “individuals” is
formed. Individuals are randomly generated number
arrays. Respectively, a population is an array, which
consists of these generated arrays.

2. The fitness function [12] is calculated for
every individual, which is a preliminarily
determined criterion. That allows an evaluation of
every individual.

3. After the fitness function calculation, the
algorithm stop condition fulfillment is checked. It
can be either finding a necessary fitness function, or
reaching the algorithm iteration limit, or reaching
the time limit. There are only 2 possible variants
after checking the fulfillment of the condition:

3.1. The condition is fulfilled and the algorithm
pulls the best individual out.

3.2. Condition is not fulfilled and the generation
of a new population starts. As opposed to the first
generation, it is generated not randomly, but via the
transformation of the current population. In this
case, genetic operators are used [13].
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3.2.1. Individual picking is done from the
current population, namely the selection of
individuals (one of the genetic operators). To get
new individuals, it is necessary to crossover the
existing ones as it is in a real life. In order to create a
better new individual generation, it is necessary to
select “strong” individuals for the crossover. The
strength is objectively determined via fitness
function: the bigger it is, the more chances there are
for an individual to take part in the crossover. There
are two most popular individual selection methods
[10]. The first one is a tournament selection when t
(usually equals 2) individuals are randomly chosen
from the population and the one with the biggest
fitness function is selected among them. The second
popular selection method is a roulette-wheel
selection when the individuals are chosen with the
help of N rotations of the roulette wheel. The
roulette wheel has one sector for each individual and
the sector size is directly proportional to the
selection probability, which is calculated with the
help of the fitness function. The selection and its
methods are schematically shown on Fig. 2.

3.2.2. After the selection of individuals, their
crossover is done, which means that the so-called
genes in each pair are being mixed. As a result, a
new individual is obtained, which contains
information about its ancestors. There are many
types of individual crossover [11].

The most popular of them are:

* single-point crossover, where a crossover
point (point of a discontinuity) is randomly chosen,
which allows to mix a pair of individuals. The genes
of the first parent are before the point of
discontinuity, and after it — the genes of the second
parent.

That creates a new individual:

* two-point crossover, which is the same as
above, but there are two crossover points;

« uniform crossover, where a random number
from 0 to 1 is set in order to define which gene to use —
from the first or the second parent. If the number is less
than 0.5, the gene of the first parent is used, if
otherwise, the gene from the second parent is used.

The working principle of each crossover type is
shown on Fig. 3 in more detail (gi — individual gene,
ri — random number).

Population Selected pairs
Individual | Fitness value
A fy A D
B fa B C
Pairin Creating the new population
D f4 B D
E f5 C E
F fe D F
a
Randomly
selected F
individuals
Fixed point ’ E
E . "D
Choosing best of them N Spin the
F roulette
wheel

b

Fig. 2. Selection operator:
a— principle of selection; b — tournament type of selection; ¢ — roulette-wheel type of selection
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However, as practice shows, the constant use of
the crossover leads to all individuals becoming the
same, and the further work of the algorithm becomes
meaningless. To maintain individual diversity until
the algorithm work stops, the “mutation” is
implemented [16]. This process replaces randomly
selected genes by completely new ones. There are 2
types of mutation use: either it happens with 5 %
chance instead of the crossover or as a result of an
“incest”, which means that new individual mutation
takes place if the parents with considerably similar
properties are used for crossover.

3.2.3. Getting a new population and going back
to point 2. In this way, the algorithm can work long
enough and ends only when the condition from point
3 is fulfilled.

It is important to underline some points:

* The roulette-wheel selection method can use
normed and ranged fitness functions as a selection

probability. The normed function is an individual
fitness function, which is divided on the fitness
function sum of all population individuals. The
ranged function [5] is calculated by the following
formula:

1 i—1
P :W(a—(za—z)m) )

where: 1 < a <2 and is generated randomly; N —
population size; i — individual’s number in the sorted
fitness function list.

* There is also a possibility to use so-called
“elitism” selection [3]. This means that a certain
number (by default it is 10 % of the entire
population) of the best individuals (“elite”) are
chosen after fitness function calculation, which is
guaranteed to get into the next generation without
any changes for sure, and genetic operators take
place with those individuals, which are left.

Crossover
point

91 92 | 935 94 95 96

Parents

Children

Crossover
point 2

Crossover
point 1

91 92 | 93 94 i 95 96

Parents

Children

Parents

Children .

r;=
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ro=

?’3 =
0.441

rg= rg = reg =
0.243 0.531 0.531

Fig. 3. Crossover operator types:
a — single-point crossover; b — two-point crossover; ¢ — uniform crossover
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Thus, the following parameters of the genetic
algorithm can be distinguished, which are shown on
Fig. 4 (all of them were used in the study; a total of
36 parameters’ different combinations came out).

Selection

e Tournament

« Roulette-wheel with normed
fittness function

+ Roulette-wheel with ranged
fittness function

Crossover

« Single-point
» Two-point
» Uniform

Mutation

» with a degree of probability
» "incest"

Additional

e elitism

Fig. 4. Parameters of genetic algorithm

CLINICAL DATA DESCRIPTION

For the research, two databases of patients with
congenital heart diseases provided by the Amosov
National Institute of Cardiovascular Surgery were
selected:

* The first database (“Base A”) consists of 128
patients of the age from 3 to 28, who were first
treated with the help of the surgery and afterward
were used medication to eliminate post-surgery
complications. For the study, only medication is
taken into consideration. In total, the database
contains 181 indicators. Each patient had from 4 to
18 complications (11 in average) from a maximum
of 38 possible ones after treatment.

* The second database (“Base B”) contains 144
patients of the age from 1 to 18. They were also
treated in two ways (the difference was only in the
methods). In total, the database contains 86 values.
Each patient had from 1 to 8 complications (4 in
averages) from a maximum of 9 possible ones after
treatment and only 15 patients didn’t have any
complications.

It is worth emphasizing that for the study, 3
types of features were identified from the above-

mentioned medical databases: patient indicators
before treatment (patient's input state), treatment
indicators, and patient indicators after treatment
(patient's output state). The features’ number of each
type is shown in Table.

Table. Distribution of features in databases

Input state | Treatment | Output state
Database | indicators indicators indicators
number number number
“Base
A 121 22 38
“Base
B” 67 10 9

Features, which describe the final output state
of patients after applying a specific treatment
strategy, are the indicators of certain complications
presence. This state must be modeled in order to be
optimized by use of the genetic algorithm. More
precisely, it is necessary to build predictive models
of patient indicators after treatment, using the
patient’s input state indicators and indicators of
treatment. Since the patient’s input state indicators
are set by default, the genetic algorithm only needs
to go through the indicators of treatment, thus
finding the optimal values of output state indicators.
That optimizes the final state of a patient, which is
the search of an individualized treatment strategy
since treatment indicators are gone through based on
the individual patient’s input state indicators.

RESEARCH OBJECTIVE

The aim of the study is to determine the
recommendatory parameters for the genetic
algorithm in the task of individualized patient’s
treatment strategy search.

In order to reach the aim, the following tasks
were assigned:

1. Finding the optimal subset of input
parameters according to the correlation feature
selection criterion [17-18].

2. Using the determined subset for modeling the
patient’s condition indicators after treatment.

The tasks will be performed separately for each
selected database. After that, the results will be
compared at the end. This will allow achieving the
main goal, namely, to obtain the optimal settings for
the genetic algorithm, which the doctor can use in
working with the algorithm.

RESEARCH RESULTS

1. Optimal subset of input parameters
Correlation features selection correlation [17—
18] is calculated according to the below formula:
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kr.,
S = ——— (1)

Jorkk-Dry

where: r, — mean of absolute values of correlations

between all independent features and dependent
variable; r; — mean of absolute values of correlations

of all independent features with each other; k — number
of independent features in the subset.

This criterion evaluates a subset of independent
features based on the following hypothesis: “Good
subsets of features have features that strongly
correlate with the dependent variable but do not
correlate with each other”. This hypothesis solves
the problem of multicollinearity.

Since a subset can have both quantitive and
gualitative features, Spearman correlation was used
to calculate criterion (1). As a dependent variable,
the additive convolution function of patient’s
condition after treatment was used, which is
obtained with the help of Best-Worst multi-criteria
decision making method [19] (it was used instead of
the Saaty analytic hierarchy process as it is easier to
interpret for doctors). This function was also used as
a fitness function in the genetic algorithm.

The consultation with the doctors has made it
clear that each treatment indicator is important and
all of them are used for the treatment of a bunch of
complications (38 complications total in “Base A”, 9
complications total in “Base B”). This is the reason
why the sought feature subset must contain all
treatment indicators. Consequently, k varied from 23
to 50 for “Base A” (since it has 22 treatment
indicators) and from 11 to 50 for “Base B” (it has 10
treatment indicators). On each k, the best feature

subset was found according to the S criterion. The
calculation results of S criterion are shown on Fig. 5.

Each found subset was used for modeling the
indicators of the patient’s condition after treatment.
Since these indicators, which are the indicators of
various complications’ presence, are binary
variables (1 — indicator is normal, 2 — indicator is
abnormal), the random forest classifier [20] (which
is one of the best machine learning algorithms), was
used as the modeling algorithm.

The final subsets for each base were chosen
according to the mean accuracy criterion of random
forest classifiers on test samples (which comprise
20 % of all).

This criterion were calculated by next formula:

_ n
Aclyp
nism;
where: A — mean accuracy of random forests, n —
number of random forests; p — number of true
predictions; m — total number of predictions.

Accuracy values for each k are shown on Fig. 6.

It is clear that there is no dependence between S
criterion and obtained random forest accuracy.

For “Base A”, the best mean accuracy of 38
random forest classifiers was obtained on the subset
of 29 values. Consequently, this so-called group was
used for further research.

It consists of 22 treatment indicators and 7
following chosen indicators of the patient’s
condition before treatment:

* thrombocytes quantity;

» aortic valve sinotabular junction size;

» aortic valve atresia presence (1 — no, 2 — yes);

* great vessel transposition presence (1 —no, 2 —

yes);
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Fig. 5. Criterion S values of various k:
a —for “Base A”; b — for “Base B”
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Fig. 6. Mean accuracy values of classification random forests:
a — for “Base A”; b — for “Base B”

* left system ventricle morphology presence (1
—no, 2 — yes);

* right system ventricle morphology presence (1
—no, 2 — yes);

« surgical fenestration was performed (1 — no, 2
—yes).

For “Base B”, the best mean accuracy of 9
classification random forests was obtained on the
subsets of 20 and 33 values. Since they gave the
same accuracy in the same conditions, it is more
profitable to choose the group of a smaller number
of values [21], which consists of 20.

It consists of 10 treatment indicators and 10
following indicators of the patient’s condition before
treatment:

* ventricle posterior wall diameter;

« calcinosis level;

* sternum stenosis presence (1 —no, 2 — yes);

« artificial blood circulation presence (1 — no,

2 —yes);
* intensive care unit (1 — no, 2 — yes);

* aortic compression duration;

* non-coronary cusp enhancement (1 —no, 2 —
yes);

« exudate volume;

« aortic valve annulus z-score before treatment;

« aortic valve sinus z-score before treatment.

2. Genetic algorithm optimal parameters

The algorithm with the same limit for all the
parameters was used several items for each
combination. The results are shown on Fig. 7.

As the result, the following was obtained:

1. The best five variants for “Base A” are:

* V24 — tournament selection type, two-point
crossover, mutation with a degree of probability, and
elitism principle presence.

* V33 — tournament selection type, uniform
crossover, incest, mutation, and elitism principle
absence.
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Fig. 7. Results of the genetic algorithm:
a—for “Base A”; b — for “Base B”
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* V35 — tournament selection type, uniform
crossover, mutation with a degree of probability, and
elitism principle absence.

* V36 — tournament selection type, uniform
crossover, mutation with a degree of probability, and
elitism principle presence.

» V11 — tournament selection type, single-point
crossover, mutation with a degree of probability, and
elitism principle absence.

2. The best five variants for “Base B” are:

* V33.

* V12 — tournament selection type, single-point
crossover, mutation with a degree of probability, and
elitism principle presence.

* V36.

* VI1I.

* V23 — tournament selection type, two-point
crossover, mutation with a degree of probability, and
elitism principle absence.

DISCUSSION OF THE OBTAINED
RESULT

The conducted study provides the following
results:

1. Comparison of the best value subsets,
according to the S criterion, obtained from various Kk,
showed that the accuracy of random forests, based
on these subsets, does not depend on S criterion.

2. Comparison of genetic algorithm parameter
results, obtained on various databases, gave the
following “recommendatory” parameters:

* selection type — tournament;

* crossover type — uniform;

* mutation type — with a degree of probability;

« elitism principle use — absent.

These parameters are not the ultimate truth, but
just give the possibility to a doctor to save time on
looking through various parameters of the genetic

algorithm, searching for the best-individualized
treatment strategy.

CONCLUSIONS AND FURTHER
RESEARCH PERSPECTIVE

As a result of the present study, the following
tasks were completed:

1. The optimal subsets of input parameters were
found for each of the databases according to the
correlation  feature  selection. The additive
convolution value of the patient’s parameters after
treatment was used as a dependent variable, obtained
with the help of the Best-Worst method.

2. According to the obtained subsets, the
random forest classifiers were built for each
parameter of the patients in the distant period. The
forests were built on the training samples (80 %),
which were then evaluated on test samples (20 %).
Referring to the random forest mean accuracy value,
the best input parameter subsets were chosen for
each base.

3. Obtained classification forests were used in
test launches of the genetic algorithm to find the
optimal individualized treatment strategy with
sorting through 36 combinations of various
algorithm setting parameters. As a result, the
parameters were found, which performed in the best
way for both first and second databases.
Consecutively, these parameters can be used as
recommendations for the algorithm usage by the
doctors.

The obtained results can help the future studies
significantly, connected to the individualized
treatment strategy search, in particular to the direct
use of the algorithm in practice. This is necessary in
order to determine the real advantage of such an
approach in practical task solutions.

REFERENCES

1. Babenko, V. “Sistema analizu

Ukrainian). DOI: 10.25313/2520-2057-2019-8.
2. Dydyk, A. “Sistema analizu rizikiv

rizikiv
pisliaoperatsiynomu periodi”. International Scientific Journal

pislia

pislia  hirurgichnogo likuvannia u ranniomu

“Internauka”. 2019; Vol.8:18-22 (in
likuvannia u

konservativnogo pizniomu

pisliaoperatsiynomu periodi”. International Scientific Journal “Internauka”. 2019; Vol.9: 29-35 (in

Ukrainian). DOI: 10.25313/2520-2057-2019-9.

3. Ghaheri, A., Shoar, S., Naderan, M. & Hoseini, S. S. “The Applications of Genetic Algorithms in
Medicine”. Oman Medical Journal. 2015; VVol.30 No.6: 406-416. DOI: 10.5001/0mj.2015.82.

4. Triantaphyllou, E. “Multi-criteria decision making methods”. Dordrecht: Kluwer Acad. Publ. 2000.

5. Goldberg, D. E. “Genetic Algorithms in Search, Optimization & Machine Learning”. Addison-Wesley

Publishing Company. Inc. 1989. 432 p.

6. McCall, J. “Genetic algorithms for modelling and optimization”. Journal of Computational and
Applied Mathematics. 2005; Vol.184 No.1: 205-222. DOI: 10.1016/j.cam.2004.07.034.

132

Theoretical aspects of computer science,
programming and data analysis

ISSN 2663-0176 (Print)
ISSN 2663-7731 (Online)



Herald of Advanced Information Technology 2020; VVol.3 No.3: 125-135

7. Holland, J. H. “Adaptation in Natural and Artificial Systems: An Introductory Analysis with
Applications to Biology, Control and Artificial Intelligence”. A Bradford Book. 1992. 232 p.

8. Garcia, J. M., Acosta, C. A. & Mesa, M. J. “Genetic algorithms for mathematical optimization”.
Journal of Physics: Conference Series. 2020; 1448. 012020. 5 p. DOI: 10.1088/1742-6596/1448/1/012020.

9. Maatouk, 1., Jarkass, 1., Chatelet, E. & Chebbo, N. “Preventive Maintenance Optimization and
Comparison of Genetic Algorithm Models in a Series—Parallel Multi-State System”. Journal of Intelligent
Systems. 2017. 12 p. DOI: 10.1515/jisys-2017-0096.

10. Nastenko, 1., Pavlov, V., Nosovets, O., Zelensky, K., Davidko, O. & Pavlov, O. “Solving the
Individual Control Strategy Tasks Using the Optimal Complexity Models Built on the Class of Similar
Objects”. In: Shakhovska, N., Medykovskyy, M. (Eds.). “Advances in Intelligent Systems and Computing
IV”. CCSIT 2019. Advances in Intelligent Systems and Computing, Springer. Cham. 2020; Vol.1080: 535-
546. DOI: 10.1007/978-3-030-33695-0_36.

11. Villa Acuna, Y. P. & Sun, Y. “An efficiency improved genetic algorithm and its application on
multimodal functions and a 2D common reflection surface stacking problem”. Geophysical Prospecting.
2020. 22 p. DOI: 10.1111/1365-2478.12920.

12. Jennings, P. C., Lysgaard, S., Hummelshgj, J. S., Vegge, T. & Bligaard, T. “Genetic algorithms for
computational materials discovery accelerated by machine learning”. NPJ Computational Materials. 2019;
Vol.5 No.1: 6 p. DOI: 10.1038/s41524-019-0181-4.

13. Whitley, D. “A genetic algorithm tutorial. Statistics and Computing”. 1994; Vol.4 No.2: 64-85.
DOI: 10.1007/BF00175354.

14. Saini, N. “Review of Selection Methods in Genetic Algorithms”. International Journal Of
Engineering And Computer Science. 2017; Vol.6 No.12: 22261-22263. DOI: 18535/ijecs/v6i12.04.

15. Kora, P. & Yadlapalli, P. “Crossover Operators in Genetic Algorithms: A Review”. International
Journal of Computer Applications. 2017; Vol.162 No.10: 34-36. DOI: 10.5120/ijca2017913370.

16. Chebbi, O. & Chaouachi, J. “Effective parameter tuning for genetic algorithm to solve a real world
transportation problem”. 20th International Conference on Methods and Models in Automation and
Robotics. 2015. p. 370-375. DOI: 10.1109/MMAR.2015.7283904.

17. Xuan, P., Guo, M. Z., Wang, J., Wang, C. Y., Liu, X. Y. & Y. Liu. “Genetic Algorithm-Based
Efficient Feature Selection for Classification of Pre-MiRNAs”. Genetics and Molecular Research. 2011;
Vol.10 No.2: 588-603. DOI: 10.4238/vol10-2gmr969.

18. Hall, M. A. “Correlation-Based Feature Selection for Machine Learning”. 1999. 109 p.

19. Dydyk, A., Nosovets, O. & Babenko, V. “Feature Selection for predicting the patient state in distant
postoperative period”. Herald of Advanced Information Technology. Publ. Nauka i Tekhnika. Odessa,
Ukraine: 2020; Vol.3 No.2: 34-41. DOI: 10.15276/hait.02.2020.3.

20. Belgiu, M. & Dragut, L. “Random forest in remote sensing: A review of applications and future
directions”. ISPRS Journal of Photogrammetry and Remote Sensing. 2016; Vol.114: 24-31. DOI:
10.1016/j.isprsjprs.2016.01.011.

21. Stanczyk, U., Zielosko, B. & Jain, L. C. “Advances in Feature Selection for Data and Pattern
Recognition”. Publ. Springer. 2017. 328 p.

DOI: 10.15276/hait.03.2020.2
UDC 004.67 : 616.1

HanamTyBaHHSI FeHETUYHOTO AJTOPUTMY /ISl MOIIYKY
IHIMBiTyai30BaHOI cTpaTerii JiKyBaHHS

A. I1. Juauk

HarionansHuii TexHiuHmii yHiBepcuteT Ykpainu «KuiBcbkuit nonitexHiunuid inctutyt imeHi Iropst Cikopeskoroy, Kui, Ykpaina
ORCID: https://orcid.org/0000-0003-2978-434X

O. K. HocoBenp

HarionansHuii Texniunumii yHiBepcuteT Ykpainu «KuiBcbkuit nonitexHiunuid inctutyt imeHi Iropst Cikopebkoroy», Kuis, Ykpaina
ORCID: https://orcid.org/0000-0003-1288-3528

ISSN 2663-0176 (Print) Theoretical aspects of computer science, 133
ISSN 2663-7731 (Online) programming and data analysis



Herald of Advanced Information Technology 2020; VVol.3 No.3: 125-135

B. O. Baodenko

Hauionanbhuii TexHiuHui yHiBepeuTeT Ykpainu «KuiBcpkuil mositexHiynuit incturyt imMei Iropst Cikopcebkoroy, Kuis, Ykpaina
ORCID: https://orcid.org/0000-0002-8433-3878

AHOTALIS

['eneTn4HUi1 aXTOPUTM € IEPEBIPEHUM MEXaHI3MOM Y BHPIILIEHHI 331a4i oNTUMi3awii. Byayun eBpuCTHYHIM aNropuT™, BiH J03BOJISE
NIPUCKOPUTH pINIEHHS 3a1adi 3aBASKM BHKOPHCTAHHIO IIPHHIOMMIIB Oioyorignoi esomomii. HemaBHo maHmii amroputM OyB
3allPOIIOHOBAHMH AK CIOCIO 3HAXOKEHHs 1HAMBIAYali30BaHOI CTpaTerii JIikyBaHH:, A¢ HEOOXiTHO ONTHUMI3yBaTH CTaH IMAIl€HTIB y
BifjaJIeHOMY Iiepiofi, nepeOupalodn pi3Hi KoMOiHAIl JikyBaHHSA. B mbOMy JNOCH/UKEHHI B SIKOCTI ONTHMIi3yrodoi QyHKIIl Oyno
BUKOPUCTAHO (YHKIIIO aJUTHBHOI 3rOPTKU MOKA3HHUKIB CTaHy HallieHTa Y BiIJJaJICHOMY IIepiofii, OTPHMaHy 3a JOTIOMOTOI0 MeToJa
aHami3y iepapxiii Caari, AKMi € OIHHM i3 METOXIB 0araTOKpUTEPiaJbHOTO HPUIHATTS pilleHb. XOodYa TCHETHUYHUH alrOpuUTM B
MOCTaBIICHIA 3aJadi MPOSBHB ce0C¢ HEMOTaHo, CJIiJl BIIMITUTH, IO OYJM BCTAHOBIICHI CTAHIAPTHI MapaMETPH aIrOPUTMY.
BpaxoByroun, 110 mapameTpiB HeMana KijgbKiCTh, B TeNepilHiii poOoTi Oyia mocTaBieHa 3aada 3HAUTH ONTUMAJIbHI TapaMeTpu IS
anroputMy. Lle B mepury gepry HeoOXigHO I THX, XTO B MalOyTHROMY OyJie BUKOPHUCTOBYBATH aJITOPUTM B Oe3nocepeHiit po6oTi,
a came Ui JIiKapiB, KOJMH iM MOTpiOHO OyAe NMpH3HAYMTH JIiKyBaHHA mNamieHTOBi. PoOoTa ommcye aHami3 pi3HUX MapaMeTpiB
TEHETHYHOTO AJITOPUTMY 1 X BUKOPHCTaHHS B eKCIICPIMEHTAIBHUX 3aITycKaxX alTOPUTMY JUI IOIIYKY iHIUBITyali30BaHOI cTpaTerii
nmikyBaHHs. Takox Oynu BimiOpaHi ONTHMaNbHI MIIMHOKMHHM BXIIHUX MapaMeTpiB MAaIllieHTa, BHUKOPUCTOBYIOUM KpHTEpii
KopersLiitHoro Bimbopy o3Hak. BimiOpani mapameTpi Oynu HEoOXimHI A7 MOAETIOBAHHS IOKa3HHUKIB MALlIEHTIB MIiCIS JIKyBaHHS.
MopemoBanHs Oyio BHKOHAHO 3a IOIIOMOTOIO BHUITaJKOBOTO JIicy KiacHikarlii, rmornepeqHb0 po30OHBIIN 3arajibHy BHOIPKY Ha
HaBUAIBHY (BiCIMAECAT BIiACOTKIB) i TECTOBY (ABaALATH BiACOTKIB). s mocmimkeHHs Oyau BUKOPUCTaHI IBi pi3HI 0a3u NaHUX
XBOPHX 3 BPODKCHUMH BaJaMH Ceplisi, TAKHM YHHOM IIe JI03BOJISIE ONTHUMAIBHHMM IapaMerpaM OyTH Ounbin HaxiitHUMu, mob ix
MoOkHa Oyno Hajganmi BukopucTaTH. lle Bce 3a MiACYMKOM JO3BOJMIO 3HAWTH MapaMeTpH, sKi Hacamrmepen OyAyTh BUKIIOYHO
PEKOMEHIOBAaHUMH JUTS JIIKapiB Nepe]] BHKOPUCTAHHSIM allTOPUTMY.

Ki11040Bi cj10Ba: TeHEeTHYHUI aNTOPUTM; IHAWBIAyali30BaHa CTpATEris JIKyBaHHS; KOPEIALIHHUN BiOip 03HAK; BUMAIKOBUI
nic knacugikamii
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AHHOTAIMA

I'enetnueckuil anroput™m sBISETCS NPOBEPEHHBIM MEXAHHU3MOM B DPEUICHUM 3aJadd ONTHUMU3ALMU. SIBIAACH IBPUCTUYECKUM
aITOPUTMOM, OH TIO3BOJIICT YCKOPHTH pENIeHHWEe 3afadd Ojarofapsi HCIOIb30BAHHUIO TNPHHIUIIOB OHOJIOTHYECKOH 3SBONIOIWN.
HenaBHO fmaHHBIA anropuTM OBUT NHPEUIONKEH KaK CIoco0 HaXOXISHUs WHIMBUAYaIH3UPOBAHHOW CTPATErWH JICUYEHHMs, I
HE0OXOMIMO ONITHMHU3HPOBATH COCTOSHHE TAI[eHTa B OTJAJICHHOM IIepHO/ie, epedupast pa3aniyHble KOMOMHAINY JiedeHus. B aTom
UCCIICIOBAaHUN B KadecTBE ONTHMH3MPYeMOil (GYHKIMH OBUIO HMCHONB30BaHO (GYHKIWIO aIAWTHBHOW CBEPTKU MOKa3aTenei
COCTOSIHUSI TTAIMEHTa B OTJAAJEHHOM IIepHOJie, NMOTyYeHHYIO C IIOMOIIBI0 MeToia aHanm3a mepapxuii CaaTH, KOTOPBHIA SBISETCS
OJIHUM W3 METOJ0B MHOTOKPUTEPHAIBHOIO MPHUHATHA pelieHud. XOTh FeHEeTUYECKUIl alrOpUTM B MOCTaBJICHHON 3ajaue IpPOSBUI
ce0st HeTI0X0, CTOMT OTMETUTb, YTO OBUTH YCTAHOBJICHBI CTAaHJAPTHBIC TAPAMETPBI AITOPUTMa. YUHUTHIBAsI, YTO MapaMETPOB HEMAJIOE
KOJIMYECTBO, B HBIHENIHEH paboTe ObUIa IOCTAaBIEHA 3a7ada HAWTH ONTHMAIBHBIE MapaMeTpPhl Uil alrOpHTMa. OTO B IEPBYIO
ouepeb He0OXOIMMO ISl TeX, KTO B OyayiieM OyJeT HCHOIb30BaTh AITOPUTM B HEIOCPEACTBEHHON paboTe, a IMEHHO JIsl Bpayeii,
KOTZa UM HYXHO Oy#eT Ha3HAYHThH JICUCHHE INalueHTy. PaboTa ommChIBaeT aHauM3 pa3MYHBIX I1apaMETPOB T'€HETHYECKOTO
IrOpUTMa U MX HMCHOJb30BaHME B 3KCIIEPUMEHTANBHBIX 3aIlyCKaX aJropuTMa Ajs IMOMCKAa MHIUBHIYalW3UPOBAHHOW CTpaTeruu
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nedeHus. Takxke OBUIM OTOOpaHBl ONTHMAJIbHBIE IOIAMHOXKECTBA BXOJHBIX IIapaMeTPOB IAIMCHTA, HWCIIONB3YS KPHUTEpHil
KOPPEISIIMOHHOTO 0TOOpa mpu3HakoB. OToOpaHHbIE MapaMeTpbl ObUTH HEOOXOANUMBI I MOJCIMPOBAHUS MTOKa3aTeNle MalueHToB
nociie JjedeHus. MopenupoBaHre OBUIO BBINOJHEHO C IIOMOILIBIO CIYYaifHOTO Jieca KiIacCH(HKAIlMH, MPeABapUTENIFHO pa30OHB
o0myro BBIOOPKY Ha 0Oydaromlyro (BOCEMBAECAT MPOLEHTOB) M TECTOBYIO (IBaaLaTh MPOIEHTOB). [lms wuccnenoBaHust ObLTH
HCTIOIb30BaHBI JIBE pa3HbIe 0a3bl TaHHBIX OOJBHBIX C BPOXIEHHBIMU ITIOPOKAMHU CEp/Na, TAKMM 00pa3oM MO3BOJSS ONTHMATBEHBIM
napaMeTpam OBITh OoJiee HaI&KHBIMHU, YTOOBI HX MOYKHO OBLIO MCIIOJB30BaTh B AalbHEHIIEeM. JTO BCE 110 UTOTY MO3BOJMIIO HAHTH
MapaMeTphl, KOTOpPBIE MPEXIE BCEro OyayT UCKIIOUHTEIPHO PEKOMEHIOBAHHBIMH JJIsl Bpaueil epe]| UCIOIb30BaHUEM aITOPUTMA.

KnroueBble ciIoBa: TCHETHUSCKHMI aNTOPUTM; HWHAWBHIYAJIH3HPOBAHHAS CTPATETHs JICUEHHS; KOPPEIIMOHHBIA 0TOOp
MPU3HAKOB; CIYYaiHBIi Jec KiIaccu)UKaimm
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