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Nina Barcakova Ro6zne vypocty vah kritérii pre metodu Promethee pri vybere vhodnej dovolenkovej destinacie

Rézne vypocty vah Kritérii pre metédu Promethee pri vybere vhodnej
dovolenkovej destinacie

Different weight calculations for the Promethee method in selecting the
suitable holiday destination

Nina Bar¢akoval

Abstrakt

Tento ¢lanok sa zaobera problematikou viackriterialneho rozhodovania, ktoré je doélezitym
nastrojom pre rieSenie rozhodovacich problémov. V ¢lanku bude poskytnuty vSeobecny
prehl'ad metod na vypocty vah kritérii, vSeobecna formuldcia metody Promethee a jej vypoctu.
Konkrétne sa zameriame na vypocty vah v roznych metodach, ktoré neskér vo vypoctoch
pouzijeme prave v metdde Promethee, ktora nam zabezpeci vysledné odporucania. Tento
pristup bude potom aplikovany na rieSenie experimentalnych prikladov, kde je demonstrovana
jeho efektivnost’ a flexibilita. Tento komplexny pohlad na problematiku viackriteridlneho
rozhodovania v sebe nesie ciel’ poskytnat’ ucelené porozumenie r6znorodych metod a pristupov
k rieSeniu rozhodovacich problémov, pricom hlavnym cielom ¢lanku je ukazka aplikacii
viackriteridlneho rozhodovania a vypoctov vah v odvetvi hotelierstva alebo cestovného ruchu.

Klacové slova
Viackriterialne rozhodovanie, Promethee, metéda smerodajnej odchylky, metoda entropie,
metoda CRITIC

Abstract

This paper deals with issue of multi-criteria decision-making, which is an important tool for
solving decision-making problems. The paper provides a general overview of methods for
calculating criterion weights, a general formulation of the Promethee method, and its
calculations. Specifically, it focuses on the calculation of weights using various methods, which
are later employed in the Promethee method to generate final recommendations. This approach
is then applied to experimental examples to demonstrate its efficiency and flexibility. This
comprehensive perspective on multi-criteria decision-making aims to provide an integrated
understanding of diverse methods and approaches to solving decision-making problems, with
the main goal of the article being to demonstrate the applications of multi-criteria decision-
making and weight calculation in the hospitality or tourism.

Key words
Multi-criteria decision-making, Promethee, standard deviation method, entropy method,
CRITIC method
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1 Uvod

Viackriteridlne rozhodovanie je nastroj na vyber najvhodnejSej alternativy spomedzi
viacerych, Casto vyuzivany v kazdodennych situaciach aj pracovnej sfére. Takyto vyber
dostaneme na zaklade metdd viackriteridlneho rozhodovania (De Keyser, 1996).

Hodnotenie alternativ moézeme registrovat’ v kazdodennych situdciach, ¢i uz pri
nakupovani tovarov a sluZieb, zvolenim najlepSej dovolenky alebo investovanim svojich
penaznych prostriedkov do podielovych fondov. V spominanych pripadoch svoje rozhodnutia
vykonavame prave na zéklade nasej intuicie a prave na zaklade nej vykonavame porovnania
kritérii a prechadzame na vyber najvhodnejsej alternativy (Abdullah, 2018). V rozhodovani sa
pouziva intuicia, no v odbornych pripadoch mézu nespravne rozhodnutia sposobit’ negativne
dosledky, odporuca sa vyuzit metody ako Promethee, AHP a TOPSIS (Fiala, 1994).

Praca sa sustred’uje na metdédu Promethee a vypocet vah pomocou metod entropie,
smerodajnej odchylky a CRITIC - ,,Criteria importance through inter-criteria“. Tieto metddy
urcuju vahy kritérii na zédklade rovnomernosti rozlozenia udajov, rozptylu hodnét ¢i poradia a
rozpdtia hodndt kritérii. Vahy sa nasledne aplikuju v metéde Promethee na hodnotenie
alternativ. V zdvere sa hodnoti vplyv vypoctu vah na vysledky, porovnavaji sa metddy a
navrhuju sa moznosti ich vylepsenia. Ciel'om je zhodnotit’ presnost’ a efektivnost’ metdd pri
rieSeni rozhodovacich problémov.

2 Viackriterialny problém

Takmer vsetky problémy, s ktorymi sa kazdodenne stretavame, maju viackriterialny
charakter. Nie je rozumné rozhodovat’ sa iba na zaklade jediného kritéria, vhodnejsie je pozriet
sa na problém z viacerych uhlov pohladu (Brans, 1998). Ci uz je to kiipa auta, pri ktorej
zvazujeme nielen cenu, ale aj spotrebu, komfort, bezpecnost,, ¢i ekologické parametre, alebo sa
jedna o vyber lokality pre vystavbu, kedy je dolezita cena pozemku, rozloha, investi¢né naklady
spojené s vystavbou, vplyv na zivotné prostredic a mnohé d’alSie aspekty. Prirodzenym
ocakavanim je najdenie alternativy, ktora by bola optimalna vo vsetkych kritériach, to je ¢asto
nemozné, pretoze takato alternativa nemusi existovat’ (Brans, 2005). Uvazujme nasledujuci
viackriterialny problém:

max{gl(a)'QZ(a)t ""gk(a)/ a € A} (1)

Kde Aje konetnda mnozina moznych alternativ vyberu A = {aq,a,,..,a,} a
{91(.),g2(), ..., gx(.)} je mnozina hodnotiacich kritérii. Mézeme predpokladat’, ze niektoré
kritéria chceme maximalizovat, kym iné minimalizovat’ (Brans, 2005). Zakladné data
viackriterialneho problému sa zapisuji do hodnotiacej tabul’ky (Brans, 1998). Tab. 1 prezentuje
data a ich ulozenie v ramci tabul’ky. Riesenie vSak nezavisi iba od dat, ktoré sa v tejto tabulke
nachadzaju, ale taktiez aj od toho, kto sa rozhoduje. Neexistuje riesenie, ktoré by vyhovovalo
vsetkym rovnako. Najlepsie kompromisné riesenie viackriterialneho problému teda zavisi aj od
individualnych preferencii (Brans, 2005).

Tab. 1: Hodnotiaca tabulka
9:() [ 9() || G() |- ] 9()
ar | 0a(a1) | 92(a1) | - | Gi@1) | - | Ok(an)
a2 | 01(a2) | 92(a2) | .. | Gi(82) | - | Ok(a2)

a | gu(@) | g2(a) | ... | gi(@) | ... | Ow(@)

an | G1(an) | G2(@n) | - | Gi(@n) | - | Ok(an)
Zdroj: Vlastné spracovanie
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Alternativu oznacujeme za preferovant, pokial’ je ohodnotena aspon tak dobre ako ina
vo VSetkych kritériach. Nemoznost' porovnania dvoch alternativ pozorujeme, pokial' bez
dalsich informdcii nevieme rozhodnut’, ktord z nich je vyhodnejSia. Této situicia nastane v
pripade, ak je jedna z alternativ lep$ia v jednom kritériu, druha je lepsia v inom (Brans, 2005).

Vacsinou sa pri rieseni viackriterialneho problému stretavame s alternativami, ktoré sa
neporovnatelné, a preto st pre najdenie rieSenia potrebné dodato¢né informacie. Mozu byt
poskytnuté napr. nasledujucimi spésobmi: vahy pridel'ujuce relativnu délezitost’ kazdému
kritériu, preferencie naviazané na kazdy par alternativ v ramci kazdého kritéria, vytvorenie
jendnokriterialneho problému, pre ktory existuje rieSenie ¢i hranice urcujtice limity preferencie

Existuje mnozstvo metod viackriterialnej analyzy. VSetky vychadzaja z hodnotiacej
tabul’ky, ale lisia sa dodato¢nymi informaciami, ktoré st pre ich aplikaciu potrebné. Metody
triedy Promethee vyzaduju jasné a I'ahko ziskateI'né informacie (Brozova, 2003).

3 Metody triedy Promethee

Problémy vyhodnocovania viacerych variantov rieSia metody triedy Promethee
(Mlynarovi¢, 1998). Jej prvé prezentovanie bolo na konferencii na univerzite v Kanade.
V tomto obdobi obsahovala iba zakladné Promethee | — ¢iasto¢né usporiadanie alternativ,
Promethee Il — uplné usporiadanie alternativ. Existuji aj iné varianty triedy Promethee,
0 ktorych sa viac mozno dozvediet vo svetovej literatre v ramci viackriteridlneho
rozhodovania (Zapletal, 2023).

Pri vyuziti danej metdédy mozu byt stanovené rdzne ciele: identifikacia najlep$ieho
mozného rozhodnutia; usporiadanie moznosti od najlepsSej po najhorsiu; rozdelenie poloziek do
skupin, ktoré sme si stanovili, napr. nizka cena, strednd cena, vysoka cena; vizualizacia
hodnotiaceho alebo rozhodovacieho problému. Eurdpska skola viackriteridlnej analyzy navrhla
zaklad danych metod, ktory spociva v analyze viackriterialnej preferencie a zovSeobecnenych
kritérii. Dand analyza poskytuje dostato¢né informacie avSak ma i slabt stranku, ktorou je
vyrazny vplyv hodnotitel’, ktorého osobné preferencie ¢astokrat maji vyrazny vplyv pri vybere
najlepSieho z danych variantov.

Vahy kritérii, ktoré st dolezité pri vybere najlepSej alternativy st zadavané
hodnotitel'om. Z tohto dévodu okrem pouzitej metddy zohrava pri danej metode doleziti ulohu
Pudsky faktor, ktory urci dolezitost’ jednotlivym kritéridm, prostrednictvom coho nakoniec
vznikne konec¢né rieSenie (Dubecova, 2009). Tieto metédy vSak zabezpecuji vicsiu
transparentnost’, najmé pokial’ hodnotitel’ nevie o konkrétnej ponuke este pred stanovenim vah
jednotlivych kritérii (Brans, 1985). Na vyber alternativ zo vSetkych, je potrebné disponovat’
dostatoénym mnozstvom informacii. Prave to zohrava dolezita Glohu aj pri metode Promethee,
kde sa stretdvame s informaciami medzi kritériami a v rdmei kritérii.

Informacie medzi kritériami

Mnozina (Wj, j = 1, 2, ..., k) predstavuje vahy relativnej doleZitosti, ktoré st dopiiané do
hodnotiacej tabulky. Kazdému kritériu odpoveda nejaka vaha, kde vysSia hodnota znamena
vacsiu dolezitost kritéria, wj > 0 a plati (Brans, 2005)

Z; =1 @

Metody triedy Promethee sa zakladaji na postupnom parovom porovnavani variantov
z hl'adiska vSetkych kritérii. Vysledok je vyjadrenie intenzity preferencie medzi dvoma
variantami, (Brans, 2005)

Informacie v ramci Kritérii
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dj(a,b) = g;(a) — g;(b) ©)
kde
gj (@) —hodnota kritéria j pre alternativu a
gj (b) - hodnota toho istého kritéria pre alternativu b
dj (a,b) - o korl’ko je alternativa a lepsia (alebo horsia) nez b z pohl'adu kritéria |

Na zéklade rozdielu vieme urcit’ preferenciu alternativ. Ak je rozdiel zanedbatelny,
ziadna z alternativ nie je preferovana. Ak rozdiel ukazuje vyrazné rozdiely aj preferencia je
vyssia. Je potrebné pre kazdé kritérium urcit’ preferenéna funkciu P;j (a, b) a funkciu Fj, ktora
rozdiel d;(a, b) premeni na preferenéné skére v rozsahu typicky medzi 0 a 1 (Brans, 2005).

Pi(a,b) = F;[d;i(a,b)] preabeA (4)
Plati
0 < P(ab)<1 5)

3.1 Typy preferencnych funkecii

Pozname 6 typov preferencnych funkcii. Niektoré obsahuju parametre (Tzeng, 2011),
ktoré potrebujeme poznat’ pri vybranych funkciach pre vypocty, ako napr. parameter q (prah
indiferencie) - max hodnotu rozdielu medzi alternativami. Parameter p (prah preferencie) - min
hodnotu rozdielu medzi alternativami. Parameter S — inflexny bod.

1. Obycajna preferencna funkcia (jednoduchd PF) — nie je za potreby zaddvanie
parametrov. Je vhodna hlavne vtedy, ak akykol'vek rozdiel v hodnoteni alternativ
vedie k absolutnej preferencii (Zapletal, 2023).

_ (0 d<0
P ={] 93, (6)
Obr. 1 — Grafické znazornenie obycajnej preferencnej funkcie

Ph
; |

»
*>

o d

Zdroj: Brans, 2005

2. Kvazi preferenéna funkcia (U-jednoducha PF) — obsahuje indiferen¢nt oblast’. Tato

funkcia sa pouziva vtedy, ked’ sit ohodnotenia vyjadrené v nejakej ordinalne;j Skale
(napr. od 1-10) (Zapletal, 2023).

0 d<q
P@=1{; 454 ™)
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Obr. 2 — Grafické znazornenie kvazi preferencnej funkcie

P
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e —--
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Zdroj: Brans, 2005

3. Linearna preferen¢na funkcia (V-linedrna PF) — je nutné poznat’ prah preferencie
pre kritérium (Zapletal, 2023).

P(d) = 0<d<p (8)

R, g la O

Obr. 3 — Grafické zndzornenie linedrnej preferencnej funkcie
P

===

1
1
1
1
1
1

P

¥

0
Zdroj: Brans, 2005

4. Uroviiova preferenéna funkcia (Stupiovitd PF) — je modifikaciou kvézi preferenénej
funkcie, okrem indiferencie ma hodnotu preferencie vo vyske 0,5 (Zapletal, 2023).

P(d) = quS_p 9)

m N O

P
’ ——————— —
, !
5 ""‘t—‘l
E
I . &
0 q P d

Zdroj: Brans, 2005

5. Linearna preferencnd funkcia s indiferencnou oblastou — je modifikacia linearnej

preferencnej funkcie. Je potrebné poznat’ aj prah indiferencie a aj prah preferencie
(Zapletal, 2023).
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0 da<o
P(d) = ﬁ q<d<p (10)
1 d>p

Obr. 5- Grafické zndzornenie linedrnej preferencnej funkcie s indiferencnou oblastou
P

|
1
1
1
1
1
P

. 4

0 q
Zdroj: Brans, 2005

6. Gaussova preferen¢nd funkcia — obsahuje parameter s. Pri definovani sa vyuziva
smerodajna odchylka ohodnoteni alternativ v danom kritériu (Zapletal, 2023).

0 d<o
F(d)={ _d? (11)
1—e 252 d>0

Obr. 6 — Grafické znazornenie Gaussovej preferencnej funkcie

1
1
1
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]
Zdroj: Brans, 2005

3.2 Viackriteridlny preferen¢ny index

Viackriterialny preferenény index m(a, b) predstavuje stupeni uprednostiovania
alternativy a pred alternativou b s ohadom na vsetky kritéria. (b, @) vyjadruje ako je b
preferovana pred a (Brans, 2005).

m(a,b) = ?zle(a, b)w; (12)
w(b,a) = ;-‘zle(b, a)w; (13)
Nasledujuce vlastnosti platia pre V (a, b) €A
m(a,a) =0 (14)
0<m(ab)<1 (15)
0<m(ba)<1 (16)
0<m(ab) + mw(ba) <1 17)
7 (a, b) ~ 0 implikuje celkovu slabu preferenciu a pred b (18)
7 (a,b) ~ 1 implikuje celkov silnu preferenciu a pred b (19)

Kazda alternativa je porovnavand s ostatnymi (n-1) alternativami, preto uvadzame
vystupny a vstupny tok, ktorého vypocet je nizsie (Brans, 2005):

10
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8*(0) = Txeam (¢,%) (20)
07(0) = Txeam (x,0) (21)

Vystupny tok vyjadruje celkové uprednostiiovanie alternativy a pre ostatnymi
alternativami. Cim je @*(a) vicsie, tym je alternativa a hodnotena lepsie. Vstupny tok, naopak,
vyjadruje ako st ostatné alternativy preferované pred alternativou a. Cim je @~ (a) mensie, tym
je alternativa a ohodnotena lepsie (Brans, 2005). Promethee |zodpoveda za ciastoéné
usporiadanie alternativ, ktoré¢ ziskame z vystupného a vstupného toku. Oba toky vyjadruju iné
usporiadanie a Promethee | je ich prienikom. Metoda Promethee 11 poskytuje kompletné
usporiadanie alternativ. Uvazujeme tzv. Cisty tok, ktory je rozdielom vystupného toku
a vstupného toku. V tomto pripade mozno tvrdit, Ze ¢im je Cisty tok vyssi, tym je aj alternativa
lepsia (Fiala, 1994).

d(a) = 07 (a) — & (a) (22)

4 Vypoéty vah — objektivne metody

Pre vypocCty sme si zvolili do metody Promethee vlozit' vahy uréené na zaklade metdd
entropie, metdd smerodajnej odchylky a metody CRITIC. Preto v nasledujucom texte si blizSie
popiseme tieto metddy aby sme ich neskor vedeli vyuzit’ pri nasich vypoctoch a porovnaniach.

4.1 Metoda entropie

Prva z objektivnych metdd vahy kritérii urci na zadklade hodndt rozhodovacej matice na
zaklade miery, ktora sa nazyva entropia. V literatire sa mdze tdto miera oznacovat’ aj ako
,miera neusporiadanosti* hodnot. Ako priklad mozno uviest’, ak si dlhSie nebudeme upratovat’
miestnost’, tak miera jej entropie — neporiadku vzrastie. Problém je vtom, Ze termin
neusporiadanosti je vel'mi tazko definovatel'ny (Zapletal, 2023).

Entropia meria mnoZstvo informécii pri zisteni vysledku ndhodného pokusu. Cim je
vysSia entropia kritéria, tym viac klesa hodnota jeho véhy, pretoze sa varianty stavaji mene;j
citlivé s ohl'adom na toto kritérium (Zapletal, 2023). Vyhodou tejto metddy je, Ze sa aplikuje aj
na kvalitativne data, ¢o napr. pre smerodajnu odchylku neplati. Algoritmus pre vypocet vah na
zaklade danej metody pozostava z troch krokov (Zapletal, 2023).

V prvom kroku si najskor normalizujeme hodnoty rozhodovacej matice. RozliSujeme ¢i
ide o kritéria maximaliza¢né alebo minimaliza¢né. Kritérium j patri do mnoziny K, ktora
reprezentuje vSetky kritéria). Pre lepSiu prehladnost’ a vysvetlenie uvadzame oba vzorce
(Zapletal, 2023):

_ Xij . : vz -
Tij = g o Pre maximalizatné j € K (23)
1
Xij .. . N
1j = <, pre minimalizatné j € K (24)
i=1x;;

V druhom kroku prechddza na vypocet miery entropie kritéria j ¢j € [0, 1]:
e = — L YicaTijInr,prej €K (25)

Inn

V poslednom kroku je normalizacia hodndt entropie za kritéria tak, aby spliiiali
podmienky, ktoré sme si pre vahy skor stanovili a aby sa velkost’ vah nepriamotmerne
S rasticou entropiou znizovala:
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1_keje',prej EK (26)

w; = ———
T k=X e

4.2 Metoda smerodajnej odchylky

Smerodajna odchylka je dobre zndmou mierou variability ndhodnej premennej, ktoru
mozno vypocitat ako odmocninu z rozptylu. Toto vypoveda o tom ako st hodnoty nahodnej
premennej rozlozené okolo strednej hodnoty (Zapletal, 2023). Cim je niz§ia smerodajna
odchylka tym st hodnoty premennej viac podobné a naopak.

Hlavnou myslienkou metddy je, Ze ¢im smerodajna odchylka hodnotenia variantov X
pre zvolené kritérium j vyS$ia, tym ma toto kritérium potencialne vys$i vplyv na vysledné
hodnotenie. Napriklad kupa dovolenky - v mnozine variantov maju vsetky dovolenky rovnak
cenu adizka pobytu bude naopak velmi rozdielna. V tomto pripade ma vyznam uvaZovat
0 tom, ze cena dovolenky vd’aka mensej hodnote smerodajnej odchylky, by mala mat’ mensiu
vahu (Zapletal, 2023).

Prvy krok je rovnaky ako aj pri metdde entropie a to, ze si normalizujeme hodnoty X;
rozhodovacej matice na r v zavislosti od typu kritéria. Nasleduje vypocet smerodajnej
odchylky, ktory ndm ukazuje vzorec (27) kde rij S vinovkou predstavuje priemernti hodnotu
normalizovanych hodndt variant podla kritéria j. Vysledné vahy su potom vypocitané za
pomoci vzorca (28), normalizovanych smerodajnych odchylok vypocitanych z rij:

i (rij— 7))

(27)

w; = %,prej €K (28)

4.3 Metoda CRITIC

Poslednou metddou je metdda CRITIC. Rozdielnost’ je v tom, Ze vyslednd vaha kritéria
nezavisi iba na hodnoteni variant z pohl'adu tohto kritéria, ale aj na ich podobnosti hodnoteni
podl’a ostatnych kritérii. Predpoklada sa, ze ak st hodnoty variant z pohl'adu kritéria j vyznamne
korelované s hodnotami podl'a ostatnych kritérii, kritérium j je povazované za menej vyznamné
ajeho informacny prinos pre danu ulohu je oslabeny anaopak. Vplyv korelacie medzi
kritériami metdda naviac kombinuje tiez s pouzitim smerodajnej odchylky (Zapletal, 2023).
Zavislost medzi kritériami je merana pomocou Pearsonoveho korelaéného koeficientu pjj. Cim
viac je jeho hodnota vzdialend od nuly, tym je zavislost’ medzi hodnotenymi variantami podl'a
tychto kritérii silnejsia (Zapletal, 2023). Algoritmus metody CRITIC pozostava z troch krokov.

Prvy krok vyuZziva normalizaciu pomocou rozpdtia hodndt s rozliSenim max a min
kritérii. Z dovodu, Ze pri vypoctoch vyuzivame oba druhy vzorcov, pre lepSiu prehl'adnost’ ich
uvadzame nizsie:

xij— mini{xij}

T = mam] mi P maximalizainéj € K (29)

maxi{xl-j}— xl-]-

T = , pre minimaliza¢né j € K (30)

maxi{x;;} - min;{x;;}

V druhom kroku vypocitame hodnoty Pearsonového korelaéného koeficientu, ktory
reprezentuje vzorec (31) (Zapletal, 2023). Strednti hodnotu normovanych hodnoteni variant rijj
vyjadruje 7, za kritéria j @ o oznacuje smerodajnii odchylku hodnoteni. Pri vypocte vah najprv
vypocitame nenormalizované hodnotenia, ktoré st zalozené na korelaénych koeficientoch
a smerodajnych odchylok.
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e (=) Zie=a(Ti~1))
pij = n n (31)

O'L'O']'

¢ = 8 Xi(1— pp)prej €K (32)
Hodnota cj udava aka velka ¢ast’ informacie o variantoch je pokryta j-tym kritériom.
Treba si vSimnut, ze ¢im je kritérium v priemere menej pozitivne alebo viac negativne
korelované s ostatnymi, tym sa jeho informacny prinos a teda aj vaha zvySuje. V poslednom
kroku si vypocitame vahy kritérii vzorcom (33):
wj = ﬁ,prej eEK (33)
Metoda CRITIC reflektuje pri hodnoteni ako variabilitu hodnotenia, tak zavislosti
medzi kritériami, preto ju mozno povazovat’ V porovnani so spomenutymi za najdokonalejSiu,
ale zaroveinl aj za najviac naro¢nu. Je dodlezité si uvedomit, ze nie vzdy koeficient korelacie
zachytava skuto¢nt funkénu zavislost’ medzi porovnavanymi prvkami (Zapletal, 2023).

5 Porovnanie vypoctov metody Promethee Il s pouZitim réznych vah

Pri aplikovani Promethee metddy je dolezity vyber preferenénych funkcii kritérii a ich
parametrov, rovnako aj volba vah. Tieto dodato¢né informacie vyplyvaju z preferencii
investora a su subjektivne, preto sme sa rozhodli vyuzit’ analyzu citlivosti. Cielom analyzy je
pozorovat’ zmeny v kone¢nom poradi ziskanom pomocou Promethee Il vzhladom na zmeny
vah kritérii. Najdolezitejsim krokom je pridelenie vah kritériam. Autori metédy Promethee
neposkytuju navod na uréenie vah. Odvolavaju sa na schopnost’ toho, kto sa rozhoduje,
poskytnut’ tieto informacie. My sme v tejto praci vahy pridel'ovali tromi sposobmi.

5.1 Experimentalny priklad

Na vypocet vah aich pouzitie v Promethee metode potrebuje poznat' hodnotiacu
tabul’ku, v ktorej sa nachadzajii v riadkoch atribaty astipce sa vyplnené kritériami.
V nasledujticej Tab. 2 prave tieto dolezité udaje prezentujeme. Na§ experimentalny priklad je
prispdsobeny prave na hotely v ramci dovolenkovych destinacii a hl'adame najlepsiu z nich na
zakladne poziadaviek na kritéria. Kritéria, ktoré sme si zvolili ako ddlezité pre rozhodovanie su
nasledovné:

e CenavV eurach (C1) — v tomto priklade predstavuje cenu hotela vybranej destinacie

e Pocet hviezdifiek (C2) — hodnota hotela vzrasta podla poctu hviezdi¢iek. Dolezité
kritérium hviezdicky, a tym chceme zabezpecit’ hotel na najvysSej urovni.

e Vzdialenost’ (C3) — predstavuje vzdialenost’ hotela od letiska vyjadrent v km.

e Hodnotenie v bodoch (C4) — hodnotenia T'udi na strankach, toto hodnotenie je
vyjadrené na bodovej Skale od 0 do 110 bodov.

e Druh stravy (C5) — vyjadruje typ stravovania, ktoré si v hoteli zaplatime. Medzi tieto
druhy stravy mozno zaradit’: 1 — ranajky, 2 — plna penzia a 3 — all inclusive

Tab. 2: Hodnotiaca tabulka pre experimentalny priklad

c1 C2 C3 c4 C5

(H1) Hotel A | 290000 3 5,6 60 2

(H2) Hotel B | 480000 5 6,2 80 1

(H3) Hotel C | 510000 4 7.1 110 3

(H4) Hotel D | 560000 3 57 90 2

(H5) Hotel E | 610000 4 55 110 3
MIN MAX MIN MAX MAX

Zdroj: Vlastné spracovanie

13



Nina Barcakova Ro6zne vypocty vah kritérii pre metodu Promethee pri vybere vhodnej dovolenkovej destinacie

5.2 Vypoclty vah

Na otestovanie metddy Promethee potrebuje v prvom rade pristapit’ k vypoétu vah
kritérii, ktoré neskor vyuzijeme priamo pri vypoctoch a usporiadani alternativ. Ako prvé si
vypocitame vahy metdédou entropie, neskér svoju pozornost budeme venovat metdde
smerodajnej odchylky a ako posledné otestujeme metodu CRITIC.

1. Metoda entropie

Prejdeme na vypocet, ktory sa skladd zviacerych krokov. Normalizacia hodnot
v hodnotiacej matici. V tomto kroku si najskor normalizujeme kritéria hotelov a nasledne
vytvorime celkovy stucet normalizovanych udajov v Tab. 3. Vypocty potrebujeme do vzorcov,
kde treba spravne zvolit’ ¢i uz péjde o minimalizaciu alebo maximalizaciu hodnot.

Tab. 3: Normalizacia hodnaét v hodnotiacej matici — ciastocné vypocty

Cl C2 C3 C4 C5
(H1) Hotel A 3,44828E-06 3| 0,178571429 60 2
(H2) Hotel B 2,08333E-06 5] 0,161290323 80 1
(H3) Hotel C 1,96078E-06 4| 0,14084507 110 3
(H4) Hotel D 1,78571E-06 3| 0,175438596 90 2
(H5) Hotel E 1,63934E-06 4| 0,181818182 110 3
SPOLU 1,09175E-05 19|  0,8379636 450 11
Zdroj: Vlastné spracovanie
Tab. 4: Normalizdcia hodnét v hodnotiacej matici — celkova normalizacia
Cl C2 C3 C4 C5
(H1) Hotel A 0,315849874 | 0,157894737 0,213101653| 0,133333333| 0,181818182
(H2) Hotel B 0,190825966 | 0,263157895 0,192478913| 0,177777778| 0,090909091
(H3) Hotel C 0,179600909 | 0,210526316 0,168080177 | 0,244444444 | 0,272727273
(H4) Hotel D 0,163565114 | 0,157894737 0,209363028 0,2] 0,181818182
(H5) Hotel E 0,150158137| 0,210526316 0,216976229 | 0,244444444 | 0,272727273

Zdroj: Vlastné spracovanie

Vypocet entropie si rozdelime na viac Casti. V tab. 5 vidime ¢iastocné vypocty atributov
, x ;o , y: , r ; N 1 ,
r;jIn7;; a sactovy riadok tychto Ciastkovych vypoctov. Zostdva vypocitat —i Nasledne
dostaneme sumarne vysledky vzorcu 25. Prejdeme na vypocet véah kritérii. Vypocty vykoname
podla vzorca 26 v Tab. 6.

Tab. 5: Ciastocné vypocty a celkovd hodnota entropie

C1 C2 C3 C4 C5
(H1) Hotel A -0,36401327 -0,29144632 | -0,329452169 | -0,268653736 | -0,309954199
(H2) Hotel B -0,31608288 -0,35131607 | -0,317160723 | -0,307061502 | -0,217990479
(H3) Hotel C -0,308378 | -0,328030446 | -0,299739761 | -0,34436532 | -0,354349905
(H4) Hotel D -0,29614185 -0,29144632 | -0,327377943 | -0,321887582 | -0,309954199
(H5) Hotel E -0,28470978 | -0,328030446 | -0,331532621| -0,34436532 | -0,354349905
SPOLU -1,56932579 | -1,590269601| -1,605263217 | -1,58633346 | -1,546598686
ej 0,975076938 | 0,988090059 0,997406116 | 0,985644396 | 0,960955793

Zdroj: Vlastné spracovanie
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Tab. 6: Vysledné hodnoty vah kritérii pre metodu entropie

C1 C2 C3 C4 C5
1- ¢ 0,024923062 | 0,011909941 0,002593884 | 0,014355604 | 0,039044207
w; 0,268490236 | 0,128302975 0,027943298 | 0,154649512 | 0,420613978

Zdroj: Vlastné spracovanie

2. Metoda smerodajnej odchylky
Pre vypocet si zoberieme udaje prvého kroku z metdédy entropie z predchadzajuce;j
podkapitoly, ktoré st totozné. Vykoname vypocet smerodajnej odchylky vo viacerych Castiach.
Za potreby je vypocitat’ priemer z rij, co mézeme vidiet’ v Tab. 7. Tab. 8 disponuje vypoctami
rozdielov, ich agregaciou a vypoétom rozptylu a smerodajnej odchylky (27). Nasleduje
posledny krok vypocet vah kritérii podl'a vzorca (28), ako je v Tab. 9.

Tab. 7: Ciastocné vypocty metédy smerodajnej odchylky

Cl C2 C3 C4 C5
(H1) Hotel A 0,315849874 | 0,157894737 | 0,213101653 | 0,133333333]0,181818182
(H2) Hotel B 0,190825966 | 0,263157895 | 0,192478913 | 0,177777778 | 0,090909091
(H3) Hotel C 0,179600909 | 0,210526316 | 0,168080177 | 0,244444444 | 0,272727273
(H4) Hotel D 0,163565114 | 0,157894737 | 0,209363028 0,2]0,181818182
(H5) Hotel E 0,150158137 | 0,210526316 | 0,216976229 | 0,244444444 | 0,272727273
Priemer 0,2 0,2 0,2 0,2 0,2

Zdroj: Vlastné spracovanie

Tab. 8: Vypocet smerodajnej odchylky pre vypocet vah kritérii

C1 Cc2 C3 C4 C5
(H1) Hotel A 0,013421193| 0,001772853| 0,000171653| 0,004444444 10,000330579
(H2) Hotel B 8,41629E-05| 0,00398892 5,65668E-05| 0,000493827|0,011900826
(H3) Hotel C 0,000416123| 0,000110803| 0,001018875| 0,001975309 | 0,005289256
(H4) Hotel D 0,001327501 | 0,001772853 8,76663E-05 0/0,000330579
(H5) Hotel E 0,002484211| 0,000110803| 0,000288192| 0,001975309 | 0,005289256
Spolu 0,017733191| 0,007756233| 0,001622954| 0,008888889 | 0,023140496
Rozptyl 0,003546638 | 0,001551247| 0,000324591| 0,001777778|0,004628099
(] 0,059553659 | 0,039385867| 0,018016402| 0,042163702|0,068030134

Zdroj: Vlastné spracovanie

Tab. 9: Vysledné hodnoty vih kritérii pre metodu smerodajnej odchylky

C1 Cc2 C3 C4 C5
w; 0,262177947 0,173391626 0,079315083 0,185620716 0,299494628
Zdroj: Vlastné spracovanie
3. Metéda CRITIC
Vykonanie normalizacie pomocou rozpdtia hodnét s ddlezitym rozliSenim

maximaliza¢nych a minimaliza¢nych kritérii, podl'a vzorcov (29) a (30) v Tab. 10.
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Tab. 10: Normalizacia hodnot za pomoci metody CRITIC

C1 C2 C3 C4 C5
MIN 290000 3 5,5 60 1
MAX 610000 5 7,1 110 3
(H1) Hotel A 1 0 0,9375 0 0,5
(H2) Hotel B 0,40625 1 0,5625 0,4 0
(H3) Hotel C 0,3125 0,5 0 1 1
(H4) Hotel D 0,15625 0 0,875 0,6 0,5
(H5) Hotel E 0 0,5 1 1 1
g 0,382094352 | 0,418330013| 0,413162347 0,424264069 | 0,418330013

Zdroj: Vlastné spracovanie

V druhom kroku vypocitame hodnoty Pearsonovho korelaéného koeficientu, podl'a
vzorca (31). Stredni hodnotu normovanych hodnoteni variantov rij vyjadruje 7, za kritéria j a
o oznacuje smerodajni odchylku hodnoteni.

Tab. 11: Hodnoty Pearsonového korelacného koeficientu

C1 C2 C3 C4 C5
(C1) Cena v € 1| -0,293259195 0,058766834 -0,857833816 | -0,366573994
(C2) Pocet hviezdiciek -0,293259195 1| -0,415851333 0,281718085| -0,285714286
(C3) vzdialenost’ 0,058766834 | -0,415851333 1 -0,392207337| -0,171764681
(C4) Hodnotenie v bodoch | -0,857833816 | 0,281718085| -0,392207337 1 0,704295212
(C5) Druh stravy -0,366573994 | -0,285714286| -0,171764681 0,704295212 1

Zdroj: Vlastné spracovanie

Pri vypocte véh najprv vypocitame nenormované hodnotenia, ktoré su zalozené na
korelaénych koeficientoch a smerodajnych odchylok za pomoci vzorca (32). V poslednom
kroku si cez vzorec 33 vypocitame vahy kritérii Tab. 13.

Tab. 12: Nenormované hodnotenia

Cl Cc2 C3 C4 C5
(C1)Cenav € 0| 1,293259195 0,941233166 1,857833816 | 1,366573994
(C2) Pocet hviezdiciek 1,293259195 0 1,415851333 0,718281915| 1,285714286
(C3) vzdialenost’ 0,941233166 | 1,415851333 0 1,392207337 | 1,171764681
(C4) Hodnotenie v bodoch | 1,857833816 | 0,718281915 1,392207337 0| 0,295704788
(C5) Druh stravy 1,366573994 | 1,285714286 1,171764681 0,295704788 0
k(1 - py) 5458900171 | 4,713106729| 4,921056517 4,264027856 | 4,119757748
cj 2,085814923 1,971634 2,033195 1,809074 1,723418
Zdroj: Vlastné spracovanie
Tab. 13: Vysledné hodnoty vah kritérii pre metodu CRITIC
C1 Cc2 C3 C4 C5
w; 0,216750013 0,204885 0,211282 0,187992 0,179091

5.3

Zdroj: Vlastné spracovanie

Vypocet metédy Promethee

Na zaciatok si musime stanovit’ aké typy funkcii priradime ku kritériam, ktoré mame
stanovené. Preto sme si zvolili nasledujuce typy funkecii
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Tab. 14: Typy funkcii priradené ku kritériam

Typ funkcie q r
(C1)Cenav € Linearna 10 000 320 000
(C2) Pocet hviezdiciek U-jednoducha 1 -
(C3) vzdialenost’ V-linearna - 1,6
R v Lineérna 10 50
(C5) Druh stravy U-linearna 1 0
Zdroj: Vlastné spracovanie
Tab. 15: Experimentalny priklad
C1 Cc2 C3 C4 C5
(H1) Hotel A 290000 3 5,6 60 2
(H2) Hotel B 480000 5 6,2 80 1
(H3) Hotel C 510000 4 7,1 110 3
(H4) Hotel D 560000 3 5,7 90 2
(H5) Hotel E 610000 4 55 110 3
MIN MAX MIN MAX MAX
MIN 290000 3 55 60
MAX 610000 5 7,1 110

Zdroj: Vlastné spracovanie

Zaneme postupnym parovym porovnavanim variantov z hladiska vSetkych kritérii
podl'a vzorca (3). Vysledok je vyjadrenie intenzity preferencie medzi dvoma variantami.

Tab. 16: Postupné parové porovndavanie variantov

C1 C2 C3 C4 C5
1,2| 190000 -2 0,6 -20 1
1,3| 220000 -1 15 -50 -1
1,4| 270000 0 0,1 -30 0
1,5 320000 -1 -0,1 -50 -1
2,1 -190000 2 -0,6 20 -1
2,3 30000 1 0,9 -30 -2
2,4 80000 2 -0,5 -10 -1
2,5| 130000 1 -0,7 -30 -2
3,1| -220000 1 -15 50 1
3,2 -30000 -1 -0,9 30 2
34 50000 1 -1,4 20 1
3,5 100000 -1,6 0 0
4,1 -270000 0 -0,1 30 0
4,2 -80000 -2 0,5 10 1
4,3 -50000 -1 1,4 -20 -1
4,5 50000 -1 -0,2 -20 -1
51| -320000 1 0,1 50 1
52| -130000 -1 0,7 30 2
5,3| -100000 1,6 0 0
54 -50000 1 0,2 20 1

Zdroj: Vlastné spracovanie
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Viackriterialny preferenény index n(a, b), vzorec (12) a (13), predstavuje stupen
uprednostiovania alternativy a pred alternativou b s ohladom na vsetky kritéria.

Tab. 17: Vypocet hodnot podla typu funkcii

C1 Cc2 C3 C4 C5
0,268490236 0,12830297| 0,027943298 0,154649512 | 0,420613978 1
0,580645161 0 0,375 0 0 0,166376293
0,677419355 0 0,9375 0 0 0,208077325
0,838709677 0 0,0625 0 0 0,226931816
1 0 0 0 0 0,268490236
0 1 0 0,25 0 0,166965353
0,064516129 0 0,5625 0 0 0,033040056
0,225806452 1 0 0 0 0,188929802
0,387096774 0 0 0 0 0,103931704
0 0 0 1 0 0,154649512
0 0 0 05 1 0,497938734
0,129032258 0 0 0,25 0 0,07330628
0,290322581 0 0 0 0 0,077948778
0 0 0 05 0 0,077324756
0 0 0,3125 0 0 0,008732281
0 0 0,875 0 0 0,024450386
0,129032258 0 0 0 0 0,034643901
0 0 0,0625 1 0 0,156395968
0 0 0,4375 0,5 1 0,510163927
0 0 1 0 0 0,027943298
0 0 0,125 0,25 0 0,04215529

Zdroj: Vlastné spracovanie

Kazda alternativa je porovnavana s ostatnymi (n-1) alternativami, preto uvadzame
vystupny (20) a vstupny tok (21) v Tab. 18. Na dosiahnutie vysledku Promethee |1, potrebujeme
tzv. Cisty tok cez vzorec (22).

Tab. 18: Vypocet hodnét metodou entropie

METODA ENTROPIE
(H1) Hotel A | (H2) Hotel B | (H3) Hotel C | (H4) Hotel D | (H5) Hotel E | SPOLU M
(H1) Hotel A 0] 0,166376293 | 0,208077325 | 0,226931816 | 0,268490236 0,8699 | 0,217475
(H2) Hotel B | 0,16696535 0| 0,033040056 | 0,188929802 | 0,103931704 0,4929| 0,123225
(H3) Hotel C | 0,15464951 | 0,497938734 0| 0,07330628 | 0,077948778 0,8038| 0,20095
(H4) Hotel D | 0,07732476 | 0,008732281 | 0,024450386 0| 0,034643901 0,1452 0,0363
(H5) Hotel E | 0,15639597 | 0,510163927 | 0,027943298 | 0,04215529 0 0,7367| 0,184175
SPOLU 0,5553 1,1832 0,2935 0,5313 0,485
Q- 0,138825 0,2958 0,073375 0,132825 0,12125

Zdroj: Vlastné spracovanie
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Tab. 19: Vypocet hodnot metodou smerodajnej odchylky

METODA SMERODAJNEJ ODCHYLKY

(H1) Hotel A | (H2) Hotel B | (H3) Hotel C | (H4) Hotel D | (H5) Hotel E | SPOLU o+

(H1) Hotel A 0] 0,181975512 | 0,251962306 | 0,224848374 | 0,262177947 0,921| 0,23025

(H2) Hotel B| 0,21979681 0| 0,06152944 | 0,232593098 | 0,101488237 0,6154| 0,15385

(H3) Hotel C| 0,18562072 | 0,392304986 0| 0,080234592 | 0,076116178 0,7343| 0,183575

(H4) Hotel D | 0,09281036 | 0,024785963 | 0,069400698 0 0,033829412 0,2208 0,0552

(H5) Hotel E| 0,19057791 | 0,427005335| 0,079315083 | 0,056319564 0 0,7532 0,1883
SPOLU 0,6888 1,0261 0,4622 0,594 0,4736
@~ 0,1722 0,256525 0,11555 0,1485 0,1184

Zdroj: Vlastné spracovanie

Tab. 20: Vypocet hodnot metodou CRITIC

METODA CRITIC
(H1) Hotel A | (H2) Hotel B | (H3) Hotel C | (H4) Hotel D | (H5) Hotel E | SPOLU ot
(H1) Hotel A 0] 0,205085588 | 0,344907507 | 0,194995457 | 0,216750013 0,9617 | 0,240425
(H2) Hotel B | 0,25188279 0 0,132829984 | 0,253828314 | 0,083903231 0,7224 0,1806
(H3) Hotel C| 0,18799212 | 0,273087186 0| 0,074965774 | 0,062927423 0,599| 0,14975
(H4) Hotel D | 0,09399606 | 0,066025618 | 0,18487173 0 0,027967744 0,3729| 0,093225
(H5) Hotel E | 0,20119724 | 0,365523051 | 0,211281977 | 0,073408277 0 0,8514| 0,21285
SPOLU 0,7351 0,9097 0,8739 0,5972 0,3915
0 0,183775 0,227425 0,218475 0,1493 0,097875

Zdroj: Vlastné spracovanie

Cisté toky Promethee II sa v Tab. 21. Cisté toky st usporiadané a tym prezentuju
vysledné poradie alternativ od tej najviac vyhovujucej po ti najmene;.

Tab. 21: Vysledné hodnoty danych metod a urcenie poradia cistych tokov

METODA ENTROPIE | METODA SMERODAJNEJ | METODA CRITIC

) zoradenie 0] zoradenie ) zoradenie

(H1) Hotel A 0,07865 2 0,05805 3| 0,05665 2
(H2) Hotel B | -0,17258 5 -0,10268 5| -0,04683 3
(H3) Hotel C | 0,127575 1 0,068025 2| -0,06873 5
(H4) Hotel D | -0,09653 4 -0,0933 4| -0,05608 4
(H5) Hotel E | 0,062925 3 0,0699 1]0,114975 1

Zdroj: Vlastné spracovanie

6 Diskusia

Po vykonani vypoctov sme sa dopracovali k zaujimavym vysledkom. Na zaklade vah,
ktoré sme si stanovili prostrednictvom 3 r6znych metdd na ich vypocet, sme ziskali tri rozne
usporiadania v metéde Promethee Il. Ako prvé sa pozrieme na vysledky v ramci vah metodou
entropie. V tomto pripade sme dostali nasledovné usporiadanie hotelov. Na prvom mieste sa
umiestnil Hotel C, ktory ziskal najvy$siu hodnotu. Hned’ za nim vidime Hotel A, potom Hotel
E, Hotel D a posledny hotel B. Vahy metody smerodajnej odchylky neukazuji az také vyrazné
zmeny V usporiadani hotelov. Vysledky st pomerne rovnaké ako pri metéde entropie. To
z dévodu, ze smerodajna odchylka priamo meria rozptyl hodnot, teda ako su data rozlozené
okolo priemeru a metdéda entropie meria mieru rovnomernosti rozdelenia hodnot — ak su
hodnoty podobne rozlozené, vysledky budu podobné ako pri smerodajnej odchylke. Prvé tri
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hotely st Hotel E, Hotel C a Hotel A. Hotel D je rovnako ako aj v prvom pripade na pozicii 4
a ako posledny sa umiestnil Hotel B totozne s prikladom jedna.

Ako posledné svoju pozornost’ venujeme prave metéde CRITIC, ktord ako sme sa uz
dozvedeli v teoretickej Casti pracuje na inom principe, ako ostatné dve metody, a prave preto
sme vd’aka nej dostali odliSné hodnoty. Berie do ivahy nielen variabilitu hodnot kritérii, ale aj
ich korelaciu s ostatnymi kritériami, ¢o znamena, Ze kritéria s vysokou korelaciou budii mat
nizsie vahy. Ako d’alSie zvyhodiiuje kritéria, ktoré maja velku variabilitu a zaroven poskytuju
nezavislé informécie. Na rozdiel od entropie alebo smerodajnej odchylky nevyhodnocuje len
rozptyl hodnot, ale aj ich vzajomné vzt'ahy, ¢o moze viest’ k rozdielnym vaham oproti ostatnym
metddam, ako to bolo ukdzané aj v naSom pripade. Preto tieto faktory mohli vplyvat' na
rozdielne vysledky v pouzitych metodach. V tejto metodde je usporiadanie hotelov nasledovné:
na prvom mieste sa umiestnil prave Hotel E, na druhom Hotel A. Necakane Hotel B, ktory
v predoslych dvoch prikladoch zostal na poslednom mieste tuto je na mieste trefom. A ako
posledné sa umiestnili Hotel D a Hotel C. Mozno konstatovat’, ze pri vybere metod na vypocet
vah je dolezité vybrat’ spravne. Kazda metdda sa zameriava na iny princip a postup vypoctu
a preto z nej vyplyvaju aj iné vysledky a tym padom aj iné usporiadania alternativ.

7 Zaver

Na zaklade analyzy a hodnotenia pouzitia metédy Promethee II v tejto praci sme dospeli
k nasledujicim zaverom. Metoda Promethee II je uzitoénym nastrojom pri rozhodovacom
procese vo viacerych oblastiach, ako je napriklad vyber optimalnej alternativy medzi viacerymi
moznostami. V nasej praci sme sa zaoberali vypoctom vah kritérii pomocou troch réznych
metod - metddy entropie, metdody smerodajnej odchylky a metody CRITIC.

Prvym krokom vypoctu véah kritérii bol vyber vhodnej metddy, ktord ndm umozni urcit’
dolezitost’ jednotlivych kritérii. Nésledne sme pouzili metédu entropie na vypocet vah na
zaklade rozptylu hodnét v jednotlivych kritériach. Tato metdéda ndm poskytla informacie o
mnozstve informéacie, ktora prinasa kazdé kritérium v rozhodovacom procese. Ako d’alSiu
metddu sme zvolili metédu smerodajnej odchylky, ktord ndm umoznila zohl'adnit’ aj variabilitu
hodnét kritérii. Pomocou tejto metddy sme urcili vahy kritérii na zdklade rozptylu hodnot v
porovnani s celkovym rozptylom. Na zaver sme pouzili metddu CRITIC, ktord vyuZiva
porovnanie medzi kritériami a ich vztahom s vysledkom rozhodovacieho procesu. Tato metoda
nam poskytla kone¢né vahy kritérii na zaklade ich vyznamu pre kone¢né rozhodnutie.

Po vypocte vah kritérii sme mohli prejst’ k vypoctu Cistych tokov medzi jednotlivymi
alternativami. Tieto Cisté toky ndm poskytli kvantitativne hodnoty o relativnej vyhodnosti
jednotlivych alternativ vzhl'adom na zvolené kritéria. Na zéklade vypocitanych ¢istych tokov
sme urcili poradie alternativ, priCom alternativa s najvysSim cistym tokom bola vyhodnotena
ako najlepsia. Tym sme dosiahli kone¢né rieSenie v ramci rozhodovacieho procesu. Celkovo
mozno povedat’, ze metdda Promethee II a vypocet vah kritérii pomocou metody entropie,
metddy smerodajnej odchylky a metody CRITIC predstavuju uZito¢né nastroje pri rozhodovani
vo viacerych oblastiach a mézu pomdct’ pri zdokonalovani rozhodovacieho procesu a
presnejSom urcovani preferencii medzi alternativami.
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Fuzzy logika v predspracovanitudajov a jej vplyv na vykonnost’ modelu strojového
ucenia XGBOOST

Fuzzy logic in data preprocessing and its impact on the performance of
the XGBoost machine learning model

Andrej Bednatik?

Abstrakt

Fuzzy logika poskytuje efektivny pristup k predspracovaniu ¢iselnych tidajov v strojovom ucent,
najmi v regresii. Tento ¢lanok skima vplyv fuzzyfikacie premennych, ako vek a BMI na presnost’
predikcie ndkladov na zdravotnu starostlivost’. Pouzitim fuzzy transformacie sme testovali vykon
XGBoost regresora pri roznych variantoch predspracovania datasetu. Vysledky naznacujt, Ze
fuzzy logika méze v niektorych pripadoch zlepsit’ presnost’ predikcie (nizSie RMSE), najmai pri
premennych s nejasnymi hranicami. Diskutujeme tiez o situdciach, kde jej aplikacia neprinasa
zlepsenie, a identifikujeme scenare, v ktorych je najvhodnejsia.

Kruacové slova
Fuzzy, Regresia, XGBoost, Data

Abstract

Fuzzy logic provides an effective approach to preprocessing numerical data in machine learning,
particularly in regression tasks. This paper explores the impact of fuzzification of variables such
as age and BMI on the accuracy of healthcare cost prediction. By applying fuzzy transformation,
we evaluated the performance of the XGBoost regressor across different dataset preprocessing
variants. The results suggest that fuzzy logic can, in some cases, improve prediction accuracy
(lower RMSE), especially for variables with unclear boundaries. We also discuss situations where
its application does not lead to improvement and identify scenarios where it is most suitable.

Key words
Fuzzy, Regression, XGBoost, Data

JEL classification
C61, C89

1 Uvod

Fuzzy logika predstavuje pristup k spracovaniu neurcitych a nepresnych informacii, ktory
je inSpirovany sposobom, akym l'udia uvazuju. Na rozdiel od klasickej binarnej logiky, kde
hodnoty nadobudaju len dve moZznosti (pravda alebo nepravda, 0 alebo 1), fuzzy logika
umoziuje hodnotdm existovat’ v rozmedzi medzi tymito dvoma extrémami. Tento koncept bol
prvykrat predstaveny Lotfi Zadehom v roku 1965 ako spdsob modelovania neurcitosti v
realnom svete (Zadeh, 1965). Zakladnym principom fuzzy logiky je, Ze premenné nie st striktne
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klasifikované do pevne danych kategorii, ale mézu patrit’ do viacerych kategorii s réznou
mierou prislusnosti. Napriklad teplota moze byt "nizka", "strednd" alebo "vysoka", pricom
jedna konkrétna hodnota moze sicasne patrit’ do viacerych tychto skupin s réznou intenzitou
(Klir & Yuan, 1995). Tato flexibilita umoziuje efektivnejSie modelovanie systémov,
ktoré pracuju s neurcitostou, a nachadza Siroké uplatnenie v oblastiach ako riadiace systémy,
rozpoznavanie vzorov, umela inteligencia a spracovanie prirodzené¢ho jazyka (Ross, 2010). V
praxi sa fuzzy logika vyuziva na reprezentaciu neurcitych konceptov prostrednictvom tzv.
funkcii ¢lenstva. Tieto funkcie uruji mieru prislusnosti konkrétnej hodnoty k danej fuzzy
mnozine. Medzi najCastejSie pouzivané patria trojuholnikové, lichobeznikové a gaussovské
funkcie Clenstva. Napriklad, ak chceme definovat’ fuzzy mnoziny pre vek ¢loveka, mozeme
zaviest kategorie "mlady", "stredny vek" a "stary" s plynulymi prechodmi medzi nimi (Mendel,
2001). Fuzzy logika je tiez uzko spojena s fuzzy inferenciou, ¢o je proces odvodenia zaverov
na zaklade fuzzy pravidiel. Tieto pravidla su ¢asto formulované v podobe "Ak — Potom" (napr.
"Ak je teplota vysokd, potom ventilator bezi na plny vykon"). Na spracovanie tychto pravidiel
sa vyuzivaji metédy ako Mamdaniho a Sugenov model inferencie, ktoré sa aplikuju v réznych
inzinierskych a vedeckych disciplinach (Ross, 2010). V oblasti strojového u¢enia moze fuzzy
logika zlepsit' interpretovatelnost’” a robustnost modelov tym, ze umoznuje efektivnejSie
spracovanie ¢iselnych premennych s neurc¢itymi hranicami. Napriklad, v predikénych modeloch
moze byt vek alebo krvny tlak transformovany do fuzzy premennych, ¢im sa lepSie zachytia
ich skutocné vplyvy na cielovl premenna (Mendel, 2001). Tento pristup sa osved¢il najma v
pripadoch, kde tradi¢né metddy spracovania udajov narazaju na problémy so striktnym
kategorizovanim premennych. Celkovo fuzzy logika predstavuje silny nastroj na modelovanie
neurCitosti v réznych oblastiach. V kombinécii so strojovym ucenim moédze pomoOct pri
efektivnejSom spracovani udajov a zlepSeni vykonnosti modelov, ¢o ju robi atraktivnou vo
vyskume aj priemyselnej praxi.

2 Fuzzy logika v predspracovani dat

Predspracovanie dat je kIicovym krokom v strojovom uceni, ktory ovplyviiuje presnost’ a
robustnost’ modelov. Fuzzy logika ponuka alternativu k tradiénym metédam, najméa pri praci
S kontinudlnymi premennymi, ktoré nemaju presne definované hranice medzi kategoriami.
Pouzitim fuzzyfikacie moézeme ziskat flexibilnejSiu reprezentaciu udajov a eliminovat’ skreslenia
sposobené ostrymi prahmi kategorizacie. Dovody preco data fuzzyfikovat’

e Zachovanie kontinuity informacii: Tradi¢na kategorizacia (napr. vek rozdeleny do skupin
20-30, 30-40) moze sposobit’ stratu informdcii. Fuzzy reprezentacia umoznuje plynuly
prechod medzi kategoriami.

e Redukcia sumu: Pri premennych, ako je krvny tlak alebo BMI, moze byt’ meranie ovplyvnené
roznymi faktormi. Fuzzy logika pomaha zmiernit’ vplyv nahodnych odchylok.

Zlepsenie interpretovatelnosti modelov: Fuzzy premenné mézu byt lepsie pochopitel'né pre
analytikov a doménovych expertov, najma v medicine alebo poistovnictve. Priklady fuzzyfikacie
premennych:

> Vek:
o Klasicky pristup: vek = 35 (jedna ¢iselna hodnota)
o Fuzzy pristup: vek moze byt sucasne "mlady" (0.2) a "stredny vek" (0.8), o lepsie
vystihuje realitu prechodu medzi skupinami.
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> BMI:
o Klasicky pristup: BMI = 28 — kategoéria "nadvaha".
o Fuzzy pristup: BMI =28 — prislusnost’ k "normalna vaha" (0.3) a "nadvaha" (0.7), ¢im sa
zachyti plynuly prechod medzi stavmi.

» Krvny tlak:
o Kilasicky pristup: hodnota 139 mmHg sa méze povazovat’ za normalnu, ale 140
mmHg uz ako vysoky tlak.
o Fuzzy pristup: Hodnota 139 mmHg mdéze mat’ ¢lenstvo 0.8 v "normalny" a 0.2
Vv "vysoky tlak", ¢im sa predide ostrym hraniciam.

Fuzzyfikacia premennych sa realizuje pomocou funkcii ¢lenstva, ktoré definuji mieru
prislusnosti danej hodnoty k jednotlivym fuzzy mnozinam. BeZne sa pouzivaju:
e Trojuholnikové funkcie —jednoducha reprezentacia pre plynulé prechody.
e Lichobeznikové funkcie — vhodné pre premenné s rozsiahlymi strednymi hodnotami.
e Gaussovské funkcie — pouzivaju sa v pripadoch, kde je potrebné modelovat’ postupné
zmeny bez ostrych hranic.

V dalsich castiach ¢lanku sa zameriame na prakticki implementaciu fuzzyfikacie
pri analyze dat a hodnotenie jej vplyvu na vykonnost’ predikénych modelov.

3 Metodika a experimentalny dizajn

V tejto Casti skimame vplyv fuzzy logiky na vykonnost’ modelov strojového ucenia pri
predikcii ndkladov na zdravotnt starostlivost. Cielom je overit, ¢i fuzzyfikacia niektorych
numerickych premennych moézZe viest k zlepSeniu presnosti predikcie. Zameriavame sa
predovsetkym na premenné, ktoré maji neostré alebo subjektivne definovate'né hranice — ako
napriklad BMI ¢i vek.

Obr. 1: Nahlad datasetu

age SEx bmi children |[smoker |region charges
18 |male |3377 |1 no southeast | 1725.5523
19 male 24.6 1 no southwest|1837.237
18 male 34.1 0 no southeast |1137.011
18 female |26.315 |0 no northeast | 2198.18985
19 female |[28.6 5 no southwest|1728.897
19 male 20,425 (0 no northwest|1625.43375
18 female |38.6865 |2 no northeast |1728.897
18 female |35.625 |0 no northeast |2211.13075
19 female |[28.9 0 no southwest|1743.214
18 female |30.115 |0 no northeast |1728.897

Zdroj: Vlastné spracovanie
Metodika pozostava z nasledujucich krokov:

1. Fuzzyfikacia vybranych numerickych premennych — pomocou preddefinovanych fuzzy
mnozin transformujeme povodné hodnoty (napr. BMI) na fuzzy reprezentacie.
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2. Tréning modelov pomocou algoritmu XGBoost — tento vykonny boostingovy algoritmus
aplikujeme na rdézne verzie datasetu, aby sme mohli porovnat vplyv fuzzy

predspracovania.

3. Porovnanie vysledkov — hodnotime vykonnost' modelov pomocou metriky RMSE (root
mean squared error), pricom analyzujeme, v ktorych pripadoch fuzzy logika prispela k

zlepSeniu a kedy nie.

Testujeme tri varianty modelov:

1. Model bez fuzzyfikacie — Standardny model pracujuci s poévodnymi numerickymi

hodnotami bez akéhokol'vek rozmazania hranic medzi kategoriami.

2. Model s fuzzyfikaciou BMI — v tomto pripade je premennd BMI transformovana do fuzzy
priestoru pomocou jazykovych hodnot ako ,nizky“, ,normdalny®, ,,vysoky* a ,,vel'mi

vysoky“.

Obr. 2: Fuzzyfikdacia premennej Bmi

T fuzzify bmi(row):
bmi = row[ ‘bmi ‘]
underweight, normal, overweight, obesity = @, 0, 0, @

f bmi < 18.5:

underweight = 1

1if 18.5 <= bmi < 24.9:

normal = (bmi - 18.5) / (24.9 - 18.5)
underweight = 1 - normal # D

if 24.9 <= bmi < 29.9:
overweight = (bmi - 24.9) / (29.9 - 24.9) # I

normal = 1 - overweight #0

f bmi >= 30:

obesity = 1

Zdroj: Vlastné spracovanie

3. Model s fuzzyfikaciou veku — kde vek bude transformovany do fuzzy premennych

Obr. 3: Fuzzyfikacia premennej vek

f fuzzify age(row):
age = row[ ‘age’]
young, middle, old = @, @, @

f age <= 25:
young = 1
T 25 < age <= 30:
young = 1 - (age - 25) / 5 # De
middle = (age - 25) / 5 # 1
if 3@ < age <= 50:
middle = 1
1if 50 < age <= 55:
middle = 1 - (age - 58) / 5 # Dec
old = (age - 5@) / 5 # Inc

elif age > 55:
old = 1

Zdroj: Vlastné spracovanie

Pouzity dataset obsahuje premenné ako vek, pohlavie, BMI, pocet deti, fajenie, region
acielova premennu charges (naklady na zdravotnt starostlivost’). Modely budii vyhodnotené
pomocou metriky RMSE na testovacej mnozine. Na vytvorenie a trénovanie modelu pouzijeme
XGBoost pre regresiu, ktory umoziuje efektivne pracovat’ s nelinedrnymi vztahmi v datach.
Modely budt vyhodnotené pomocou metriky RMSE na testovacej mnozine. Okrem toho budeme
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vyuzivat’ K- Fold cross-validaciu s nahodnym premiesavanim dat (shuffle), aby sme zabezpedili
robustnejSie vyhodnotenie vykonu modelov a minimalizovali vplyv konkrétneho rozdelenia
datasetu. Vysledky experimentov nam umoznia zhodnotit, v ktorych situaciach fuzzy logika
prispieva k lepSiemu modelovaniu realnych, Casto neostro definovanych javov, ako su zdravotné
rizika spojené s nadvahou alebo vekom.

Nastavenie hyperparametrov XGBoost modelu:

e n_estimators: [5, 10, 20, 30, 40, 60, 70, 100] — Pocet stromov v modeli, experimentalne
testujeme viacero hodnot.

e max_depth: 3 — Maximalna hibka stromov, zabrafiuje nadmernému prispdsobeniu
(overfittingu).

e learning_rate: 0.1 - Rychlost wucenia, nizSia hodnota umoziuje
postupnejsie optimalizovanie vah.

e subsample: 0.9 — Podiel ndhodne vybranych vzoriek pri trénovani kazdého stromu,
zlepsuje generalizaciu.

e random_state: 42—Zabezpecuje reprodukovatelnost vysledkov.

e colsample_bytree: 1—Pouzitie vSetkych premennych pri konstrukcii jednotlivych stromov.

3 Experimentalne vysledky a hodnotenie modelov

Ako prvy sme natrénovali model bez fuzzyfikacie, ktory pracoval s pévodnymi numerickymi
hodnotami vsetkych premennych. Tento model slazil ako referen¢na zakladia na porovnanie s
d’alsimi verziami, kde sme aplikovali fuzzy upravy vybranych premennych. Nasledne sme vytvorili
modely s fuzzyfikaciou veku a BMI, aby sme analyzovali ich vplyv na vykonnost' modelu a presnost’
predikcii.

Obr. 4: Vysledky modelu bez fuzzyfikdicie

Best number of estimators: 7@

Best RMSE (cross-validated): 1986.38

Zdroj: Vlastné spracovanie

Vysledky na obrazku 4 ukazuju, Ze optimdlny pocet stromov (n_estimators) je 70, ¢o
znamena, ze model dosiahol najlepsiu vykonnost’ pri trénovani S tymto po¢tom stromov. Menej
stromov by mohlo viest’ k underfittingu, zatial’ co viac stromov by nemuselo priniest’ vyrazné
zlepsenie a mohlo by viest’ k miernemu overfittingu.Hodnota Root Mean Squared Error (RMSE) =
1906.30 vyjadruje priemernu chybu predikcie v jednotkach cielovej premennej, teda v tomto
pripade v eurach. To znamend, ze priemernd odchylka medzi skuto¢nymi a predikovanymi
nakladmi na zdravotnl starostlivost’ je priblizne 1906 eur. NizSia hodnota RMSE znamena
presnejs$i model, preto je ddlezité porovnat’ tento vysledok s modelom bez fuzzy logiky a s
fuzzyfikaciou inych premennych, aby sme vyhodnotili prinos tohto pristupu.
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Obr. 5: Ndahlad datasetu s fuzzyfikdaciou (BMI)

age sex bmi children |smoker | region charges underweight normal overweight obesity
fis  |[male (3377 1 no southeast |1725.5523 0.0 0.0 0.0 1.0
119 male 24.6 1 no southwest|1837.237  [0.046874995959999556|0.9531250000000004 (0.0 0.0
3|18 male 34.1 0 no southeast |1137.011 0.0 0.0 0.0 1.0
118 female |26.315 |0 no northeast |2198.18985(0.0 0.7169999999993934 |0.28300000000000053 |0.0
319 female |28.6 3 no southwest|1728.897 (0.0 0.259999999559599945  0.7400000000000005 0.0
319 male 20.425 |0 no northwest|1625.43375(0.69921874595959998 | 0.30078125000000017 0.0 0.0
7|18 female |38.665 |2 no northeast |1728.897 0.0 0.0 0.0 1.0
318 female |35.625 |0 no northeast |2211.13075(0.0 0.0 0.0 1.0
319 female | 28.9 0 no southwest|1743.214 (0.0 0.19999999999939996 | 0.8 0.0
3|18 female |30.115 |0 no northeast |1728.897 |0.0 0.0 0.0 1.0
1|19 female |28.4 1 no southwest|2331.519 (0.0 0.30000000000000004|0.7 0.0
118 male 23.75 0 no northeast |1705.6245 (0.17968749999999978 |0.8203125000000002 (0.0 0.0

Zdroj: Vlastné spracovanie

Po fuzzyfikacii datasetu otestujeme, ¢i v modeli XGBoost fuzzyfikdcia BMI zlepsi
presnost predikcii. Skimame dva pristupy: (1) uplné nahradenie povodnej premennej BMI fuzzy
prislusnost'ami alebo (2) zachovanie pévodnej hodnoty BMI spolu s fuzzy reprezentaciou. Cielom
je zistit, ktora z tychto stratégii vedie K presnejSiemu modelu.

Best number of estimators: 7@

Best RMSE (cross-validated):

Zdroj: Vlastné spracovanie

Obr. 6: Vysledky experiment BMI pristup 1

Na zaklade uvedenych vysledkov na obrazku 6 mézeme pozorovat’, Ze pocet optimalnych
stromov (n_estimators) ostal rovnaky na hodnote 70, ¢o znamena, Ze zmena v predspracovani
udajov (fuzzyfikacia) neovplyvnila potrebu vyssej ani nizsej modelovej kapacity. Hodnota RMSE
(cross- validated) sa vsak zvysila 0 195.74 bodov na 2102.04, ¢o predstavuje zhorSenie oproti
povodnému modelu bez fuzzyfikacie, ktory dosiahol RMSE 1906.30.

Obr. 7: Vysledky experiment BMI pristup 2

Best number of estimators: 7@

Best RMSE (cross-validated): 19

Zdroj: Vlastné spracovanie

Na zaklade vysledkov na obrazku 7 mdézeme povedat’, Ze pocet optimalnych stromov
(n_estimators) ostal rovnaky na hodnote 70. Hodnota RMSE (cross-validated) sa vsak v tomto
pristupe znizila 0 4.39 bodov na 1901.91, ¢o predstavuje zlepsenie predikcii oproti p6vodnému
modelu bez fuzzyfikacie, ktory dosiahol RMSE 1906.30.

Vysledky —experimentu naznaduju, e pritomnost pdvodného stipca spolu s jeho

,fuzzy* verziou modelu neskodi a zaroven jeho vynechanie nijako model vyrazne nezlepsuje no
naopak zhorSuje. Na zaklade tohto zistenia pre premenni vek vykondme len experiment
S pristupom 2 .
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Obr. 8: Vysledky experiment Vek

Best number of estimators:

Best RMSE (cross-validated): 1988.81

Zdroj: Vlastné spracovanie

Na zaklade vysledkov na obrazku 8 mdzeme povedat, ze pocet optimalnych stromov
(n_estimators) ostal rovnaky na hodnote 70. Hodnota RMSE (cross-validated) sa vSak v tomto
pristupe zvysila 0 1.71 bodu na 1908.01, ¢o predstavuje zhorSenie predikcii oproti pévodnému
modelu bez fuzzyfikacie, ktory dosiahol RMSE 1906.30.

Na zaklade obrazku 9 moézeme povedat, Ze premenna “smoker yes" ma najvysSiu
dolezitost — to znamend, Ze najvacSiu Cast’ variability v predikcii ndkladov na zdravotnu
starostlivost’ vysvetl'uje prave informacia 0 tom, ¢i je osoba faj¢iar alebo nie. V tomto pripade
fuzzyfikacia inych premennych nemusi mat zasadny dopad, pretoze hlavny prediktor je uz
jednozna¢ny a binarny (0/1). Premenna "BMI" je druha najvyznamnejsia — ked’ze BMI ma stale
relativne vel’ky vplyv na predikované hodnoty, fuzzyfikacia mohla poméct’ modelu lepsie zachytit
jeho vzt'ah k ciel'ovej premennej, ¢o viedlo K zlepseniu RMSE. Premenna "age" ma relativne nizku
dolezitost’ — ked’ze vek je menej vyznamny v porovnani s BMI a faj¢enim, fuzzyfikacia veku by mohla
priniest’ len minimalne zlepSenie alebo zhorSenie ako aj vyplynulo z nasich experimentov, pretoze
samotna premenna nie je kI'aicovym faktorom v predikcii. Ostatné premenné (children, region,
podkategorie BMI) maji vel'mi nizku doélezitost, ¢o naznacuje, Ze ich fuzzyfikacia by
pravdepodobne nemala vyznamny vplyv na zlepSenie modelu.

Feature Importance in XGBoost Model

age
bmi

children
underweight
normal

overweight

Features

obesity

sex_male
smoker_yes
region_northwest
region_southeast

region_southwest

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8
Feature Importance

Zdroj: Vlastné spracovanie

Obr. 9: Feature importance
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4 Zaver

Vysledky experimentov ukazali, ze fuzzyfikacia premennych méze v niektorych pripadoch
prispiet’ k zlepSeniu presnosti modelu, avsak jej efektivita zavisi od viacerych faktorov. V nasej
analyze sa ukéazalo, ze fuzzyfikacia veku nepriniesla zlepSenie no naopak zhorSenie, zatial' o
fuzzyfikacia BMI v kombinécii s ponechanim pdvodnej hodnoty mierne znizila RMSE, ¢im sa
zvysila presnost’ predikcii. Naopak, uplné odstranenie povodnych hodndt pri fuzzyfikacii
sposobilo vyrazné zhorSenie vykonu modelu vytvoreného pomocou XGBOOST.Jednym z
kI"ai€ovych poznatkov je, Ze vyznamnost’ premennych hra zadsadnt tlohu v tom, ¢i fuzzyfikacia
prinesie zlepSenie. V nasom datasete bola najvyznamnejSou premennou binarna kategoria
»smoker yes“, ktora rozhodujicim spésobom ovplyviiovala predikované naklady na zdravotnu
starostlivost. To naznacuje, ze v datasetoch, kde dominuju diskrétne alebo bindrne kategorie,
nemusi fuzzyfikacia ¢iselnych premennych vyrazne pomdct. Okrem presnosti modelu je dolezité
zohladnit’ aj jeho komplexnost’ a vypoctovll naroc¢nost. Pridanie novych fuzzy premennych
zvacSuje dimenzionalitu datasetu, ¢o modze viest k vysSSej vypocltovej zatazi a potencidlnym
problémom s interpreticiou modelu. Preto je nutné vzdy zvazit, ¢i mierne zvySenie presnosti
modelu kompenzuje tuto dodato¢nu zlozitost'. Z uvedenych zisteni vyplyva, ze fuzzyfikacia moze
byt uzito¢na pri vhodnych premennych, ale nie vzdy je prinosna. V pripade datasetov, kde st
hlavné prediktory binarne alebo kategorické, moze byt jej efekt minimalny. Preto by sa mala
fuzzyfikacia aplikovat’ selektivne, s ohl'adom na vyznamnost' premennych a celkovy dopad na
model. V d’alSich vyskumoch by bolo vhodné preskimat’, ako fuzzyfikacia ovplyviiuje modely pri
inych typoch datasetov, kde by mohla mat’ vacsi prinos — napriklad v pripadoch, kde st vsetky
hlavné prediktory kontinualne a maju nejednoznaéné hranice medzi kategoriami. NajdolezitejSim
aspektom je spravne rozdelenie fuzzy intervalov, pretoZe nespravne zvolena fuzzy reprezentacia
modze skreslit’ vztahy medzi premennymi a viest’ k strate relevantnych informacii. Optimalne
nastavenie fuzzy intervalov je preto klI'icové pre dosiahnutie maximalneho prinosu tejto metody.

Tento prispevok vznikol v ramci vyskumného projektu

VEGA 1/0497/25, Implementdcia inovativnych pristupov v oblasti riadenia a modelovania
rizik v ramci internych modelov poist’ovni.

VEGA ¢ 1/0377/25 Inovativne metody Enterprise risk managementu a ich vyuZitie v riadeni
a modelovani rizik.
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Dynamic financial withdrawal planning from interest-bearing assets

Dynamické planovanie vyberu financii z urocenych aktiv
Daniel Dudek*

Abstract

Dynamic programming offers tools to mathematically describe the effects of continuously
executed processes. Policymakers or Process owners in companies could use dynamic
programming to find the optimal use of such processes. This article aims to show the use of
dynamic programming to develop a plan for the dynamic withdrawal of funds from interest-
bearing assets.

Key words
Dynamic Programming, Plan Creation, Reproduction Model, Policy Making

Abstrakt

Dynamické programovanie ponuka nastroje na matematicky opis ucinkov nepretrzite
vykonavanych procesov. Tvorcovia politik alebo vlastnici procesov v podnikoch by mohli
dynamické programovanie vyuzivat' na hladanie optimalneho vyuzitia takychto procesov.
Cielom tohto ¢lanku je ukazat’ vyuZzitie dynamického programovania za el vytvoreniu planu
pre dynamicky vyber financii z uroc€iacich aktiv.

KPucové slova
dynamické programovanie, tvorba planu, reprodukény model, tvorba politik

JEL classification
C61

1 Introduction

In this article, we will show the utilisation of Bellman Dynamic Programming on simple
problems. The basic idea of Dynamic Programming is to solve a problem using a divide-and-
conquer approach wherein the solutions of overlapping subproblems are reused to avoid
recalculating solutions. Toth Horowitz and Sahni presented an improved dynamic programming
algorithm for solving the knapsack problem (Chebil & Khemakhem, 2015). Generally, dynamic
programming-based algorithms are efficient and easy to implement, particularly for small and
medium-sized instances. We will show some applications of such matter in various problems
across the world. In the end, we developed mathematical model inspired by reproduction model
that create plan that will maximise the profit with highest liquidity form.

2 Literature review

The main idea of Dynamic Programming (DP) is to decompose the problem into more
manageable subproblems. Computations are then carried out recursively, where the optimum
solution of one subproblem is used as an input to the next subproblem. The optimum solution
for the entire problem is at hand when the last subproblem is solved. How the recursive
computations are carried out depends on how the original problem is decomposed. In particular,

1 Bratislava University of Economics and Business, Faculty of Economic Informatics, Department of Operations
Research and Econometrics, Dolnozemska cesta 1, 852 35 Bratislava, daniel.dudek@euba.sk.
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the subproblems are usually linked by typical constraints. The feasibility of these common
constraints is maintained at all iterations (Taha et al., 2017).

The central recursive equation expresses the shortest distance f;(x;) at stage i as a

function of the next node x;,. Here, i ranges over the finite set of stage indices 1={0,1,...,N},
so each value of i labels a specific decision stage in the process. In dynamic programming
terminology x; is the state at stage i. The state links successive stages in a way that allows
optimal decisions at a future stage to be made independently of all choices at preceding stages.
Defining the state in this manner leads to the following unifying framework for dynamic
programming (Sieniutycz & Jezowski, 2013).
Future decisions for all future stages constitute an optimal policy regardless of the policy
adopted in all preceding stages. The principle of optimality does not address how a subproblem
is optimised. The reason is the generic nature of the subproblem. It can be linear or nonlinear,
and the number of alternatives can be finite or infinite. All the principle of optimality does is
“break down” the original problem into more computationally tractable subproblems (Taha et
al., 2017).Table 1 crystallises the standard finite-horizon dynamic-programming framework by
cataloguing the temporal index, state and control manifolds, admissible boundary sets, cost
functionals, and deterministic state-transition operator that underpin the subsequent analytical
developments.

Tab. 1: Description of the elements of dynamic programming definition
Symbol Meaning

The finite planning horizon, i.e., the number of stages (time-steps) in the decision
T process. Stages are indexed t=0,1,...,T. In a finite-horizon problem T is fixed; in an
open (indefinite) horizon it may vary or be chosen optimally.

t Continuous time variable or in other words stage, t€[0,T] .
Q The action (control) set — all decisions q(t)that are admissible at any stage t.
X The state space — all system states x(t)that are allowed during the horizon.

PcX ||The set of admissible initial states. At t=0 the process must start in one of these states.

The set of admissible terminal (goal) states. At the final stage t=T the state must lie

Cc . .
cex in this set.
X(t) The state variable at stage t, taking values in X.
q(t) The control (decision) variable at stage t, taking values in Q.
The stage-cost (or reward) function incurred when the state is x and the action q is
fix.a) applied.
f(t.x,q) Instantaneous cost (or reward) density incurred at time t when the state is x and the

control is g.

g(t,x,q) State-transition (dynamics) function giving (time derivative) x(t)=g(t,x(t),q(t))

Source: Processed from (Las¢iak et al., 1983)

There are two types of optimisation methods based on dynamic programming that are
Discrete dynamic optimisation and continuous dynamic optimisation.

o Discrete dynamic optimisation, which tries to find such policy from all the possible
policies (Lasciak et al., 1983).
The goal is to find a sequence of controls {g(t)}/=¢ such that
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Controls are noted as:

q(t) € Q, fort=0,1,..,T—1 (D
States are noted as:

x(t) € X, fort=0,1,..,T (2)
Initial state is noted as:

x(0) eP 3)
Terminal state is noted as:

x(T)e C (4)
and the cumulative cost:

T—-1
> Fx®.a®) ©)
t=0

is minimised (or maximised, depending on the formulation).

o Continuous dynamic optimisation problem, which tries to find such policy from all
the possible policies, that finds a control trajectory {q(t)}¢e[o,r) Where (LasCiak et al., 1983):
Controls are noted as:

q(t) € Q, t€[0,T] (6)
States are noted as:

x(t) € X, t €[0,T] @)
Initial state is noted as:

x(0) e P (8)
Terminal state is noted as:

x(T)e C 9
subject to the system dynamics

X1 =9(t x(®), q(t)), t€[0,T] (10)

and cumulative COST, that represents cost regarding the optimisation

COST=] f(t,x(6), q(®))dt (11)
0
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iIs minimised (or maximised, depending on the formulation).

There exists two horizon types (Carlson et. al., 1991):

e Finite-time horizon: T is prescribed and constant; optimisation is performed over the
fixed interval [0, T].

e Open (indefinite) horizon: T is not predetermined; it may depend on the policy or be
itself a decision variable, leading to problems where the optimal stopping time is part
of the solution.

Another characteristic of the dynamic programming approach is developing a recursive
optimisation procedure, which builds to a solution of the overall N-stage problem by first
solving a one-stage problem, sequentially including one stage at a time, and solving one-stage
problems until the overall optimum has been found. This procedure can be based on a backward
induction process, where the first stage to be analysed is the final stage of the problem, and
problems are solved, moving back one stage at a time until all stages are included. Alternatively,
the recursive procedure can be based on a forward induction process, where the first stage to be
solved is the initial stage of the problem, and problems are solved moving forward one stage at
a time until all stages are included. In specific problem settings, only one of these induction
processes can be applied (e.g., only backward induction is allowed in most problems involving
uncertainties). The basis of the recursive optimisation procedure is the so-called principle of
optimality, which has already been stated: an optimal policy has the property that, whatever the
current state and decision, the remaining decisions must constitute an optimal policy about the
state resulting from the current decision (Massachusetts Institute of Technology, 2015). Those
methods are:

1.  Top-down method

2.  Bottom-up method

The top-down method solves the overall problem before breaking it into subproblems.
This process solves more significant problems by recursively finding the solution to
subproblems, caching each result. This memorisation process helps avoid solving the problem
repeatedly if it is called more than once. The top-down method, can return the result saved as it
was solved in the context of the overall problem, thus storing the results of already solved
problems. The most common related process is called forward induction (Jaffar et al., 2008).

The bottom-up—or tabulation—method works in the opposite direction. It evaluates all
sub-problems in an order that guarantees every dependency is already known when needed,
then stores those answers in a table. Because there may be many indices (stage, capacity,
remaining time, etc), the table is typically n-dimensional, where n represents
the number of independent indices that characterise a sub-problem, while (n > 1). Earlier we
used the capital N for “the number of stages” in a discrete model. Here the lower-case n simply
counts how many indices are required to label sub-problems; it is unrelated to N. Once every
entry of the table is filled, the value of the original problem is read directly from the appropriate
cell. Computing the table from the “end” of the decision process toward the “start” is known as
backward induction (Wimmer et al., 2018).

Forward and backward induction always return the same optimal value. Nevertheless,
most dynamic-programming textbooks and software libraries default to backward induction
because, in many practical models, it stores fewer intermediate states and therefore runs faster
(Tahaetal.,2017).

Backward induction is determining a sequence of optimal choices of action by employing
reasoning backwards in sequence, from the end of a problem or situation to its beginning, choice
by choice. It proceeds by examining the last point at which a decision is to be made and then
identifying the most optimal choice of action. Using this information, one can determine what
to do at the second-to-last point of the decision. This process continues backwards until one has
determined the best action for every possible point along the sequence (Matias et al., 2023).
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However, the Bellman optimality Principle is the method that made dynamic
programming a respected part of mathematics. Bellman's optimality principles are suitable for
optimal conditions for inherently discrete processes. Nevertheless, under the differentiability
assumption, the method only enables an easy passage to its limiting form for continuous
systems. The application of the method is straightforward when it is applied in the optimisation
of control systems without feedback. Dynamic programming (DP) is crucial for the optimal
performance potentials discussed in this book and for deriving pertinent equations that describe
these potentials. The DP method is based on Bellman’s principle of optimality. It makes it
possible to replace the simultaneous evaluation of all optimal controls with sequences of local
evaluations at sequentially included stages for evolving subprocesses (Matias et al., 2023).

Description of the elements in Tab. 2 and in formulas below are completely separated
from previous notations of elements and formulas.

Tab. 2: Description of the elements of Bellman's Expectation Equation in deterministic cases

\ Symbol H Definition \
\ S H A state the agent can occupy. \
| a | An action chosen in state s. |
| s' | The next state reached after taking action a. |
| V(s) [ The value (expected return) associated with state s. |
| R(s,2) || The immediate reward received when action a is executed in state s. |
\ y€[0,1) H The discount factor that down-weights future rewards. \

r={rma ... m} A finite collection of candidate policies (instruction sets) among

L2 Tl which we search for the optimal one.
The number of policies in that set. We enumerate the options as
| o
m,m2,...,m to keep track of each distinct strategy.

Source: Processed from (Bellman, 1954)

The most basic Bellman's Expectation Equation for optimising value can be stated as
(Bellman, 1954):

V(s) = mfx(R(s, a) + yV(s')) (12)

During backward (bottom-up) induction the agent starts at the goal, assigns terminal
values, and then works backward through the state space, filling in V(s) by applying the Bellman
equation. At each step it picks the action a that maximises the bracketed expression, thereby
choosing the policy z; that ultimately delivers the highest cumulative reward. In Tab.3, is
depicted the exemplar solution where y = 0.9:
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Tab. 3: Example of space sweeping by agent

V=0.81 V=0.9 V=1 R=+1
(0+0.9%(0.9)) (0+0.9*%(2)) (1+0.9*(0)) (Goal)

a*=— a* =— a* =—

V=0.73 R=-M V=0.9 R=-1
(0+0.9*%(0.81)) (0+0.9*(2))

a*r =1 a* =1

V=0.66 V=0.73 V=0.81 V=0.73
(0+0.9*%(0.73)) (0+0.9*(0.81)) (0+0.9%(0.9)) (0+0.9*%(0.81))
a* =tor— a*r =— a* =1 a* =«

(Start)

Source: Own Elaboration

When the agent calculates all the known V(s) values, it can use a greedy algorithm to find
the policy, leading him from the start to the goal. After the application of the greedy algorithm,
the resulting optimal policy will be: zi= 11 or >—11—

In dynamic programming, while we use the bellman method with the top-down method,
we select a policy based on its reward. The agent always chooses the optimal action. Hence, it
generates the maximum reward possible for the given state. In our problem, we will use this
greedy algorithm, named the economic strategy (Baeldung, 2023).

If we used the tree diagram to calculate all the possibilities of the problem for the given
number of iterations, we could use backward induction to find the optimal solution where we
are exercising the reward (or payoffs) without the need for exploration. This effect is obtained
because backward induction has the final values of all previous policies, so it can more easily
determine the optimal action from all possibilities.

Fig. 1: Diagram depicting decisions between methods in DP of the agent

Exploration Exploitation

Select Select Best
Random Actior Known Action

Source:(Baeldung, 2023)

In epsilon-greedy action selection, the agent uses both pathways, exploitation, to take
advantage of prior knowledge and exploration to look for new options. Converging policy
evaluation could achieve a similar effect.

We can use both Bellman equations to find a solution that will converge to the optimal
solution by the policy and the value. This converging solution principle is called Generalized
Policy Iteration (GPI), defined as any interaction of policy evaluation and policy improvement,
independent of their granularity. In Fig 2, the GPI works as depicted in the conceptual model,
that means the GPI is constantly switching between finding the optimal policy z* (a decision
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rule that maximises expected return from every state,) and the optimal state-value
function v". Fig 3 depicts those two improving evaluations' convergence to the optimal solution.

Fig. 2: Depicment of Generalized Policy Iteration Mechanism
evaluation

m

Tt Vv
E—)greedy( l’)

improvement

—
T & — V.

Source: (Sutton et al., 2018)

Fig. 3: Convergence to most effective solution possible

A geometric metaphor for
convergence of GPI:
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Source: (Sutton et. al., 2018)

Dynamic programming is an excellent tool with wide application in various management
optimisation problems. The first reason is that dynamic programming is centred around the
effects of time. As we said before, ecological activities require some time to take effect, while
this effect can be halted or boosted through additional activities in the time window. The second
parameter, which could modify Bellman's optimisation equations, is stochastic values. In
environment management, it is impossible to perfectly predict all outcomes and all the effects
that could show up through the optimising process.

There are many models regarding dynamic programming. The most famous methods are:

o Workforce size model, where there could be a construction project that runs week by

week. For every week the site manager knows the minimum number of workers that
must be on the job to meet schedule targets. The company can raise the crew above
that minimum by hiring extra people and can reduce it by letting workers go (So &
Kek, 2020).
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o Holding extra workers. Keeping more workers than the minimum costs money
(overtime, idle time, salaries, benefits, and so on). The larger the surplus, the
higher the weekly “holding” expense.

o Hiring new workers. Bringing additional people onto the crew from one week
to the next triggers a separate “hiring” cost that covers recruiting, onboarding,
and training.

o Firing workers. In this simplified version of the model, letting employees go
is assumed to be free; no severance or rehiring penalty is counted.

The planner’s task is to decide, for each week of the project, how large the crew
should be so that the total cost—holding extra staff plus any hiring charges—is as
small as possible while never dropping below the required minimum.
Dynamic-programming techniques can then be applied to find the cost-minimising
schedule (Tahaetal., 2017).

e Equipment- replacement model, that addresses that machines become more expensive
to own the longer they remain in service: breakdowns grow more frequent,
maintenance bills rise, and they earn less income. At some point it is cheaper to scrap
an aging unit and buy a new one. The equipment-replacement model helps a manager
decide exactly when that should happen over a planning horizon of several years. The
life cycle of machines could be described in this model as (Lu & Wang, 2013) :

o Operating year by year. At the start of every year, decision-maker must choose
one of two actions:

= Keep the current machine for another year, accepting its expected revenue
and its operating and maintenance cost for that age

= Replace it immediately with a brand-new unit, paying the purchase price
and then earning the revenue and paying the costs associated with a
first-year machine.

o Age-dependent figures. For any given age of the machine the model tabulates
three numbers:

= the income the machine is expected to generate during that year,

= the expense of running and maintaining it,

= the amount that could be recover by selling or scrapping it at that moment
(its salvage value).

o Purchase cost. Buying a new machine always requires the same upfront
investment, regardless of the calendar year in which it was done.

By comparing the stream of cash flows that results from “keep” versus “replace”
decisions in every possible year, the model reveals the most economical schedule:
how long to hold on to each machine before swapping it for a new one so that total
profit over the entire planning period is maximised (or total cost is minimised). This
approach  follows the dynamic-programming treatment described by
Taha et al. (2017).

¢ Investment-allocation model, that models situation where an investor plans to inject
predetermined sums of cash at the beginning of each of the next several years. For
every new deposit the investor can choose between banks, that offer different
outcomes. To attract business, each bank also pays a bonus on fresh deposits. The
bonus is calculated as a fixed percentage of that year’s new money, and the percentage
can vary from year to year and from one bank to the other. Possible key rules of the
scheme could be (Yu & Kuang, 2015):

o Timing of bonuses. The bonus for a given deposit is credited at the end of the
same year in which the deposit was made.
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o Reinvestment options. At the start of the following year the investor may
allocate that bonus—together with the next year’s scheduled cash
contribution—to either bank, again earning interest and (if it counts as “new”
money) another bonus.

o Lock-in period for principal. Once a deposit is placed in a bank, the principal
must stay there until the final year of the multi-year horizon; it cannot be
moved between banks or withdrawn early.

The decision problem is to work out, year by year, which bank should receive each
scheduled deposit and each newly earned bonus so that the total wealth at the end of
the planning horizon is maximised. This dynamic-programming formulation is
adapted from the treatment in Taha et al. (2017).

e Inventory Models: DP has essential applications in inventory control.

e Reproduction Model

e Several algorithms emerged from the definition of dynamic programming, for
example:

e Djikstra algorithm: for the shortest path. Dijkstra’s algorithm, published in 1959 and
named after its creator, Dutch computer scientist Edsger W. Dijkstra, can be applied
to a weighted graph. The graph can be either directed or undirected. One stipulation
to using the algorithm is that the graph needs to have a nonnegative weight on every
edge (Abiy et al., 2017).

Dynamic programming is an excellent tool, even for more pressing problems that are now
even more prominent than ever, such as environmental management. The first reason is that
dynamic programming is centred around the effects of time (Munch & Brias, 2024). As we
said before, ecological activities require some time to take effect, while this effect can be halted
or boosted through additional activities in the time window. The second parameter, which could
modify Bellman's optimisation equations, is stochastic values (Davidsen et al., 2015). In
environment management, it is impossible to perfectly predict all outcomes and all the effects
that could show up through the optimising process.

Several decision-support tools in environmental management exist to deal with different
degrees of uncertainty. Cost-benefit analysis is a relatively common decision tool to inform
adaptation employed for deterministic analysis, where variables such as costs and benefits of
projects/programs are known and can be compared to justify interventions based on an efficient
allocation of resources. At the other end of the spectrum, tools support decision-making under
deep uncertainties (DMDU), where many plausible futures are possible, and a broad range of
solutions or outcomes exist. DMDU tools such as robust decision-making, dynamic adaptive
policy pathways and accurate options analysis can be handy in these cases (Muccione et al.,
2023).

Uncertainties might not be profound but instead arise from a lack of information. In these
cases, uncertainties can be dealt with by using iterative risk management approaches, which
allow the integration of learning processes into decision-making cycles. Likewise, stochasticity
or randomness can be appropriate representations for uncertainties in systems whose input
parameters can be described probabilistically. Recent advances in computational economics
have developed and applied methods of numerical dynamic programming that integrate
stochastic or random uncertainties into the decision-making Natural Hazards processes at
relatively low computational costs. Dynamic programming has been successfully employed in
environmental decision-making to solve stochastic problems. It is a well-established approach
in environmental management and the context of water resource management. Dynamic
programming has been used to address stochasticity in water and food management and include
ecological quality in the decision-maker's utility function. Besides the direct integration of
uncertainties into the decision-making process, dynamic programming has several other
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advantages over alternative methods. One advantage is handling a long-time horizon (e.g.,
several decades with monthly intervals). A second advantage is that stochastic dynamic
programming can use approximation methods to account for continuous decisions and state
variables. In addition, stochastic dynamic programming is a flexible framework able to capture
the optimal trade-offs and synergies in adaptation decision-making by modelling the risk
preferences of a decision agent under uncertainties (Muccione et al., 2023).

For example, Muccione et al. (2023) used dynamic programming to present a stylised
application of stochastic dynamic programming for local adaptation decision-making for a
small alpine community exposed to debris flows and foods. Fig 4 depicts a schematic
representation of a single period in the dynamic decision framework. Note that at the beginning
of each period, the decision maker observes a unique state of the world, i.e. time, riverbed height
historically maximum vulnerable height of house asset and the realisations of the two shocks
related to foods, and debris flow. Given that unique state of the world, the decision maker
considers the possible future stochastic occurrence of foods and debris flow and chooses the
optimal level of excavation and if the options of dam building or relocation and the building of
an alternative road should be executed.

Fig 4: Time axis of decisions of example problem

Decision-maker observes:
+ current riverbed height Decision-maker realizes:
+ historically maximum vulnerable height

+ flood level in period t + loss due to road closure
+ debris flow in period t + (cost of building a road and tunnel)
+ (cost of building a dam)
+ (cost of relocation) Economy transits to
+ cost of excavation next period
;
t

1
T
Decision-maker decides: : time t
+ excavation of river bed (extent) Nature determines t+1 in years
+ flood level Y
+ relocate (yes—no) + debris flow level
+ build dam (yes—no)

+ buid road and tunnel (yes—no)

Source:(Muccione et al., 2023)

This variable was transferred into the simulation, which simulated 10,000 randomised
values. Then, calculations were conducted based on SDP (stochastic dynamic programming),
and the results were statistics for the expected value of housing assets from 100,000 simulated
paths and sensitivity regarding the cost of the dam. In addition, the expected value of the house
assets is lower costs of building and maintaining the dam. All is shown in Fig.5 (Muccione et
al., 2023), that is just for illustration of possible solution depiction.

Fig 5: Predicted development of the problem in future with the impact of decision maker
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3 Results and discussion

We wanted to apply the methodology of dynamic programming in some sort of simple
problem in financial management. This problem can be defined as the decision maker wants to
maximise his profit from investing. The decision maker will make decisions is k years (total
number of years), and he can make two decisions, he can withdraw some fraction of money or
will let the stock money grow in value. There are however two main complications.

First is that the decision maker cannot withdraw all his money in the one go but he can
withdraw just fraction of it. The second complication is that the investment project is risky and
there is no guarantee that it is possible to withdraw money after all stages. We have chosen,
substandard approach for financial management on how to calculate such problem, that is
reproduction model (RM) that is widely used in environmental management.

In the RM literature, there are two models in which agents harvest a resource
simultaneously. The first model focuses on situations where the resource users diminish the
relative value per resource unit in the current period as their harvest level increases. However,
the future value of the resource is undiminished. In contrast, in the dynamic RM, the resource's
current users reduce the resource's level, thereby harming future users. Uncertainty of resource
levels tends to promote over-harvesting, while resource scarcity induces greed. Thus, a more
complete picture can be established by explicitly considering resource dynamics on the one
hand and macroeconomic and social dynamics on the other.

There are many modifications to the RM. We even modified the RM for a specific
problem unrelated to ecology, and the problem is an investment problem where the investor
tries to make the most money possible from stocks. However, the investor can have three
different approaches to strategies based on whether the investor prefers the money in cash or
stock or does not mind, as long as the yield is at the maximum. To formulate such a problem,
we must first declare sets and variables.

Description of the elements in Tab 4, 5, 6 and in formulas below are completely separated
from previous notations of elements and formulas. Sets are described in Tab.4.

Tab. 4: Definition of sets
| Symbol || Definition |
T={1,2,...k}|| Stages (years of the investment horizon), where k is total number of years. |

Admissible actions at each stage; Z is the number of distinct withdrawal
policies that could be considered.
Source: Own Elaboration

={1,2,....Z}

A strategy over the whole horizon is an ordered k-tuple (is,iz,...,ik) with i€l for every t.
The cartesian product 1¥ is simply the set of all such k-step strategies. Decision variables and
auxiliary quantities are described in Tab.5.

Tab. 5: Definition of variables and auxiliary quantities

‘ Symbol H Meaning (all evaluated at stage t unless stated otherwise) ‘

‘ Nt H Monetary value of the stock at the start of stage t. ‘
T, Cash withdrawn in stage t when action i is chosen.

\ CASH H Total cash withdrawn over the entire horizon (objective). \

\ STOCK H Final value of the remaining stock (secondary objective, if needed). \

Source: Own Elaboration
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Parameters are described in Tab.6.

Tab. 6: Definition of parameters
\SymboIH Meaning \
\ C H Growth (or depreciation) factor that multiplies the stock from one stage to the next. \

Ay, Percentage of stock withdrawn if action itis taken at stage t.

Regulatory or self-imposed upper bound on the withdrawal percentage in any single
stage.
Source: Own Elaboration

A

There are two objective functions, primary and secondary. Primary goal — maximise total
cash withdrawals:
k

CASH = Z - 13
(iLTii))(EIk o Tric (13)

Optional secondary goal — maximise residual stock at the horizon
STOCK = Nj41 (14)

where Nk+1 is obtained from the recursion below.
Constraints :
1. Withdrawal-percentage limit

ag;, <A t €T, €1 (15)
2.Cash actually withdrawn in stage t

T, = Qi (NC)  t €T,ip €1 (16)
3.Evolution of the stock

Nepr = (N€) — e, t=1,..,.k—1 teTi €1l 17)

We used this model on the illustrative example of problem. The data is made up, however
it reflects possible data from reality. We have calculated four different scenarios of this
problem. The common values of variables were:

N1=100

k=3

Z=2

For all illustrative scenarios, there are two possible actions Z: (amt; at.zc) = (0; A).

The changing parameters in each of these problems were C and A In the Tab.7 are marked
these four various combinations:

Tab. 7: Four different illustrative scenarios.
1. Combination: C=1,25; A=50% 2. Combination: ¢=1,2; 4=50%
3. Combination: C=1,5; A=33% 4. Combination: ¢=1,35; A=80%
Source: Own Elaboration
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We could use Excel and the add-on Solver to find the optimal solution for this model.
This model is nonlinear, and for that matter we cannot use the simplex LP algorithm in the
Solver, so we used the Generalized Reduced Gradient algorithm instead. The calculations of a
problem with different input parameters, noted in Tab. 7, can be found in Tab. 8.

Decision-makers could have three approaches to this problem. First, he does not trust the
investment project and only cares about cash, which he has at the end of the investment period,
which has the most liquid form, approach CASH. The second approach is that the decisionmaker
fully trusts the investment project and believes that the offered stock will have total value even
after time k, and he wants to have as much money bound to those stocks as possible, that is
approach STOCK. The third approach is that the decisionmaker believes in the investment
project but not fully and wants to have as much money as possible at the end of time k; that
approach is called CASH+STOCK.

Tab. 8: Results of Solver calculation of various combinations of problems parameters

€¢=1,25;A=50% €¢=1,2;A=50% €=1,5;A=33% €¢=1,35;A=80%

(a1,i;' Qaz,is, as,i;) (al,i;» az,iz as,i;) (al,i;: az,iz» a3,i§) (al,i’{' az,is as,i;)
CASH = (0,50,50) = (50,50,50) = (33,33,33) = (0,0,80)
CASH=126.96 CASH=117.6 CASH=149.25 CASH=196.83

(al,i{' az,i%» a3,i§) (a1,i;' az,is, a3,i§) (a1,i;: Qz,is» a3,i;) (al,i’{' az,is, a3,i§)
STOCK  EEN(KiXi)) = (0,0,0) = (0,0,0) = (0,0,0)
STOCK=195.31 STOCK=172.8 STOCK=337.5 STOCK=245.04

(a1,i{» az,is, as,ig) (a1,i1' az,is, as,ig) (a1,i{: Qz,is» a3,i;) (al,ii' az,is, as,ig)
O-Nlahe = (0,0,0 or 50) = (0,0,0 or 50) = (0,0,0 or 33) = (0,0,0 or 80)
STOCK CASH+ CASH+ CASH+ CASH+
STOCK=195.31 STOCK=172.8 STOCK=337.5 STOCK=245.04

Source: Own Elaboration

4 Conclusion

This article aimed to show how dynamic programming could be used to find the optimal
use of processes in a simple problem. We believe that this feat was accomplished. We showed
sample problems and the means of solving them. We even created a custom model that could
be further extended to solve various economic or ecology-based problems. We used this method
on a test problem, using manual calculation and even calculation based on the non-linear
programming algorithm called Generalized Reduced Gradient.

The following research will focus on further developing our custom model. It will be
developed to calculate various management optimisation problems using replication model
inspired mathematical model, as we believe it could bring different views on optimising
problems in dynamic and deterministic settings, leading to more accurate, faster results. It can
also be used to merge or synchronise different management optimisation problems, such as
environmental and financial management problems, leading to a more sustainable and
profitable future.

42



Daniel Dudek Dynamic financial withdrawal planning from interest-bearing assets

The paper was elaborated in the scope of the grant assignment ESG 1-24-111-00

Exploring the use of artificial intelligence to support the creation of scientific research
papers and the data mining within them

References

1.

2.

10.

11.

12.

13.

14.

15.
16.

Abiy, T., Pang, H., & Williams, C. (2017). Dijkstra’s Shortest Path Algorithm: Brilliant
math & science wiki. Brilliant. https://brilliant.org/wiki/dijkstras-short-path-finder
Baeldung, W. (2023, March 24). Epsilon-Greedy Q-Learning. Baeldung on Computer
Science. https://www.baeldung.com/cs/epsilon-greedy-g-learning

Bellman, R. (1954). The theory of dynamic programming. Bulletin of the American
Mathematical Society, 60(6), 503-515. https://doi.org/10.1090/S0002-9904-1954-09848-8
Carlson, D. A., Haurie, A., & Leizarowitz, A. (1991). Infinite-horizon optimal control:
Deterministic & stochastic systems. Springer. https://doi.org/10.1007/978-3-642-76755-5
Chebil, K., & Khemakhem, M. (2015). A dynamic programming algorithm for the
Knapsack problem with setup. Computers &amp; Operations Research, 64, 40-50.
https://doi.org/10.1016/j.cor.2015.05.005

Davidsen, C., Pereira-Cardenal, S. J., Liu, S., Mo, X., Rosbjerg, D., & Bauer-Gottwein, P.
(2015). Using stochastic dynamic programming to support water resources management
in the Ziya River Basin, China. Journal of Water Resources Planning and
Management, 141(7), 04014086. https://doi.org/10.1061/(ASCE)WR.1943-5452.0000482
Jaffar,J., Santosa, A.E., & Voicu,R. (2008). Efficient memoisation for dynamic
programming with ad-hoc constraints. In Proceedings of AAAI-08 (pp.297-302).
https://doi.org/10.1609/aaai.v22i2.2190

Las¢iak, A., Sojka, J., Simkovic, J., Mafas, M., Hozlar, E., Undovsky, L., Chobot, M.,
Husek, R., & Ulasin, V. (1983). Optimdlne programovanie. Alfa.

Lu,Q., & Wang,Z. (2013). A stochastic dynamic-programming approach for the
equipment-replacement optimisation problem under utilisation uncertainty. Transportation
Research Procedia, 7, 400-409. https://doi.org/10.1016/j.trpro.2013.06.013

Muccione, V., Lontzek, T., Huggel, C., Ott, P., & Salzmann, N. (2023). An application of
dynamic programming to local adaptation decision-making. Natural Hazards, 119(1), 523—
544. https://doi.org/10.1007/s11069-023-06135-2

Munch, S. B., & Brias, A. (2024). Empirical dynamic programming for model-free
ecosystem-based management. Methods in Ecology and Evolution, 15(4), 769—778.
https://doi.org/10.1111/2041-210X.14302

Sieniutycz, S., & Jezowskif, J. (2013). Dynamic Optimization Problems. Energy
Optimization in Process Systems and Fuel Cells, 45-84. https://doi.org/10.1016/b978-0-
08-098221-2.00002-3

So,M.K., & Kek,S.L. (2020). Workforce-size problem in manufacturing with a
dynamic-programming approach. AIP Conference Proceedings, 2266, 090005.
https://doi.org/10.1063/5.0018444

Sutton, R. S., & Barto, A. G. (2018). Bellman equations and dynamic programming -
university of Texas at Austin. Introduction to Reinforcement Learning.
https://login.cs.utexas.edu/sites/default/files/legacy_files/research/documents/6%20Bellm
an%20EQqs%20and%20DP.pdf

Taha, H. A. (2017). Operations research: An introduction. Pearson.

Wimmer, S., Hu,S., & Nipkow, T. (2018). Verified memoisation and dynamic
programming. In Interactive Theorem Proving 2018 (LNCS 10895, pp. 579-596).
https://doi.org/10.1007/978-3-319-94821-8 34

43


https://doi.org/10.1090/S000299041954098488
https://doi.org/10.1007/s11069-023-06135-2
https://doi.org/10.1007/9783319948218_34

Daniel Dudek Dynamic financial withdrawal planning from interest-bearing assets

17. Yu, F., & Kuang, H. (2015). Port multi-period investment-optimisation model based on
supply-demand matching using dynamic programming. Journal of Shipping &
Trade, 2(4), 75-89. https://doi.org/10.1515/JSSI-2015-0077

44



Jan Gogola Optimalne zaistenie poistovatel'a z pohl'adu tedrie rizika

Optimalne zaistenie poist'ovatel’a z pohPadu teorie rizika

Optimal insurance coverage for an insurer
from the perspective of risk theory

Jan Gogola®

Abstrakt

V aktuarstve v tedrili krachu sa uplatiuji matematické modely na opis zranitelnosti
poistovatela voci krachu. Teoreticky zéklad tedrie krachu opisuje prebytok poistovatela v
akomkol'vek budicom case ako nahodnu premennu, ktorej hodnota zavisi od prijatého
poistného a vyplatenych poistnych plneni. Poistoviia chce udrzat’ pravdepodobnost’ krachu na
¢o najmensej urovni, alebo aspont pod vopred stanovenu hranicu. Lundbergova nerovnost’
poskytuje hornti hranicu pravdepodobnosti krachu v nekonetnom c¢ase a je jednym z
najznamejsich vysledkov v tedrii krachu. Jednou z moznosti pre poist'ovatel’a, ktory chce znizit
pravdepodobnost’ krachu, je uzavriet' zaistenie. Budeme uvazovat’ o dvoch typoch zaistenia:
proporcionalnom zaisteni a zaisteni skodovej nadmierky. Zaistenie (z pohl'adu poist'ovatel'a)
povazujeme za optimalne, ak minimalizuje pravdepodobnost’ krachu. Ciel'om tohto ¢lanku je
ilustrovat,, ako zmeny v parametri rizikovej prirazky poistného (pouzivaného poistovatel'om i
zaistovatel'om) ovplyviluju pravdepodobnost’ krachu pri oboch druhoch zaistenia. Ndjdeme aj
optimdalny typ zaistenia za uréitych podmienok.

KPucové slova
Zaistenie, Teoria krachu, proporcionalne =zaistenie, zaistenie Skodovej nadmierky (XL
zaistenie), koeficient korekcie, vlastny vrub, zlozeny Poissonov proces.

Abstract

In actuarial science ruin theory uses mathematical models to describe an insurer’s vulnerability
to ruin. Theoretical foundation of ruin theory describes an insurance company who experiences
two opposing cash flows: incoming cash premiums and outgoing claims. The insurer’s surplus
at any future time is a random variable since its value depends on premiums and claims. The
insurer want to keep the probability of ruin as small as possible, or at least below a
predetermined bound. Lundberg’s inequality provides an upper bound for the probability of
ruin in infinite time and is one of the most famous results in ruin theory. One of the options for
an insurer who wishes to reduce the probability of ruin is to effect reinsurance. We shall
consider two kinds of reinsurance arrangement: proportional and excess of loss reinsurance.
We could consider a reinsurance arrangement (from an insurer point of view) to be optimal if
it minimizes the probability of ruin. The goal of this paper is to illustrate how changes in the
premium loading factor (used by insurer and reinsurer) affect the probability of ruin in both
kind of reinsurance. We find also the optimal type of reinsurance under certain conditions.

Key words
Reinsurance, Ruin theory, Proportional and Excess of Loss Reinsurance, Adjustment
coefficient, Retention level, Compound Poisson process
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1 Uvod

Teoria krachu sa zaobera modelmi kolektivneho rizika v dlhSom ¢asovom obdobi a sluzi
k postdeniu nahodného vykyvu hodnoty prebytku poistovne v ¢asovom intervale niekol'kych
rokov. Pod krachom poistovne rozumieme skuto¢nost’, ked’ v ur¢itom ¢ase prebytok poistovne
U po prvykrat klesne do zapornych hodnot. (Hordkova, Mucha, 2006)

Zaistenie je opatovné poistenie ¢asti rizika. Priamy poist'ovatel’ (alebo prvopoistovatel’)
postupuje ¢ast’ svojho rizika zaistovni. T Cast’ rizika, ktoru si ponechéava, sa nazyva vlastny
vrub. Poist'ovatel’ za presun c¢asti rizika plati zaistné. Zaistenim sa poistovatel’ zbavuje ¢asti
rizika, ktoré je vyssie nez moze poistit’ alebo si ponechat’ na vlastny vrub. Zaistenim
poistovatel’ dosahuje va¢siu homogenitu poistného kmena.

Z hladiska sposobu delenia si poistného plnenia medzi poistovatelom a zaistoviou
delime zaistenie na proporcionalne a neproporcionalne.

Ciel'om nasho prispevku je preskimat’ aky vplyv maji vybrané formy zaistenia a ich
rozsah na pravdepodobnost’ krachu.

2 Formulacia problému

Nech nahodna premenna X predstavuje hodnotu poistného plnenia individualneho rizika.
Predpokladajme, Ze existuju jej momenty m, (X) = E(X) am,(X) = E(X?), ktoré su kone¢né.

Pri proporcionalnom zaisteni sa poistné plnenie deli medzi poistovatel’a a zaistoviiu vo
vopred zjednanom pomere a, zvaného podiel na vlastny vrub priameho poistovatera.
Zaistovatel’ plati fixny podiel 1— a z kazdého poistného plnenia, bez ohl'adu na ich vysku.
Potom ta ¢ast’, ktorti hradi poist'ovatel’, ma hodnotu

Y=a-X. 1)
Zaist'ovna hradi zostavajucu ¢ast’ 1— a z kazdého poistného plnenie t.j. jej plnenie je
Z=(1-a)-X. 2)

Neproporcionalne zaistenie skodovej nadmierky (ang. excess of loss XL) je zaloZzené na
dohode medzi poistovatelom a zaistoviou, podla ktorej zaistoviia vyplati poistovatelovi
plnenie presahujuce vopred zjednanti sumu. Tato suma sa nazyva maximalna aroven M na
vlastny vrub poistovatel'a alebo priorita. Pravdepodobnost, ze vyska plnenia je vyssia, nez
priorita je vo vSeobecnosti mala.

Priebeh niektorych ¢iselnych charakteristik v zavislosti od priority mézeme najst’ v
(Fecenko, 2006).

Pri neproporcionalnom zaisteni poist'ovatel’ hradi poistné plnenie v celej vyske, pokial’ hodnota
plnenia X nepresiahne vlastny vrub M. Pri poistnom plneni va¢som nez M, poistovatel’ hradi
sumu M a zostatok zaplati zaist'ovna.

Potom pre plnenie poistovatel'a plati:

Y = min{X; M}. (3)
a pre plnenie zaist'ovne:
Z = max{0; X — M}. 4)

Vo vSeobecnosti plati X =Y + Z.

3 Pouzité metody
Prebytok poistovatel'a U(t) v ¢ase t mozno vyjadrit v tvare
Ui)=Uy+c-t—S(t), (5)
kde Uo je pociato¢na hodnota rezervného fondu alebo pociato¢ny kapital poistovatela,

¢ je konstantna miera intenzity prijmu poistného. Predpokladame spojity prijem poistného
V Case,
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S(t) je vyska celkového poistného plnenia v case t.

Prebytok poist'ovatel'a je ndhodna premenna, ktorej hodnota zavisi od vysky plnenia. V naSom
¢lanku predpokladame, ze proces celkovych poistnych plneni za jednotku casu je zloZeny
Poissonov proces s parametrom A.

Pravdepodobnost’ krachu W(U) v nekoneénom ¢asovom horizonte definujeme ako
Y(U) = P[U(t) < 0] prenejaké 0 <t < +oo.

Jednym z najdolezitejsich vysledkov tedrie krachu je Lundbergova nerovnost’ (Dickson,
Waters, 1993), (Horakova, Mucha, 2006), (Pacakova, 2004), umoznujica zhora ohrani¢it
pravdepodobnost’ krachu poistovne v nekone¢nom ¢asovom horizonte.

Podra tejto nerovnosti pre kazda hodnotu U pociato¢ného rezervného fondu poistovne plati

Y(U) < e RY, (6)

Pricom R je parameter, znamy ako koeficient Gpravy, resp. koeficient korekcie (ang. adjustment
coefficient (Dickson, Waters, 1993)). Jeho hodnota zavisi od rozdelenia individualnych
poistnych plneni a na intenzite prijimania poistného. R moézeme povazovat za mieru rizika.

V poistovnictve sa prava strana Lundbergovej nerovnosti pouziva ako aproximacia pri
stanoveni pravdepodobnosti krach poistovne, ktora sa znizuje s rastacou hodnotou koeficientu
upravy R.

Preto v nasom prispevku budeme maximalizovat koeficient Upravy R, pretoze tym
minimalizujeme Lundbergovu horna hranicu pre pravdepodobnost’ krachu.

Koeficient ipravy pre zlozeny Poissonov proces definujeme ako jediny kladny koren rovnice
A+c-R =21 -Mx(R), (7
kde My (R) je momentova vytvarajuca funkcia v bode R.

Rovnica (7) je implicitna rovnica pre vyjadrenie koeficientu R. Pre niektoré typy
rozdeleni F(x) individualnych poistnych plneni je mozné najst’ explicitné vyjadrenie, pre
niektoré (bohuzial’ va¢s$inu) iba numerické (priblizné) rieSenie.

V pripade, ked” individualne poistné plnenie ma exponencialne rozdelenie s parametrom

0, koeficient upravy R ma jednoduché vyjadrenie R = %,

z ktorého vyplyva, ze hodnota R zavisi iba na rizikovej prirazke @ poist'ovatel’a a na parametre
o exponencialneho rozdelenia.
Pokial’ individualne poistné plnenie ma exponencialne rozdelenie Exp(o), je mozné odvodit’

aj jednoduchy a uzito¢ny vztah pre pravdepodobnost’ krach W (U) v tvare
5-0

1 —_— .
IP(U) =m'€ 1+9U. (8)
Odvodenie tohoto vzt'ahu je mozné najst’ v (Gerber, 1979).

4 Rozbor problematiky

Zaistenie je jednou z moznosti, ako moze poistovita minimalizovat’ pravdepodobnost’
krachu, a to maximalizaciou koeficientu upravy R.
Predpokladajme, Ze znizenie variability poistnych plneni zvysi istotu poistovatela, a tim sa
znizi aj pravdepodobnost’ krachu. Z tohoto pohladu sa bude zaistovacia zmluva, resp. rozsah
zaistenia povazovat’ za optimalny, pokial’ povedie k minimalizacii pravdepodobnosti krachu
W(U). Pretoze je vSeobecne t'azké najst’ jej presné riesenie, pokial’ pozname vzt'ah medzi ¥(U)
a R, budeme maximalizovat’ hodnotu R.
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Uvazujme dva druhy zaistenia:

e proporcionalne zaistenie (proportional reinsurance),
e  zaistenie Skodovej nadmierky (excess of loss reinsurance)

4.1 Maximalizacia koeficientu tipravy R pri proporcionalnom zaisteni
Predpokladajme, Zze poistoviia uzavrela proporcionalne zaistenie poistnych plneni
s podielom « na vlastny vrub.
Dalej predpokladajme prijem poistného Cp za jednotku Easu (napr. rok) pred zaistenim v tvare
¢, =010+86)-1-my, 9)
¢o predstavuje priemerné celkové poistné plnenie za jednotku ¢asu pre zlozeny Poissonov
proces s parametrom A a s rizikovou prirazkou 6.
Predpokladame, ze zaistné sa pocita podla vztahu
=0+8 - 1—-a) A-my, (10)
kde ¢& je rizikova prirazka zaistovatela.

Pretoze zaistovna plati podiel 1—« z kazdého poistného plnenia, vyraz E(Z)=(1-a)-4-m,
predstavuje ocakavané plnenie zaistovne za jednotku ¢asu. Z toho pre ¢isty prijem poistného
priameho poistovatela po zaisteni za jednotku ¢asu dostavame vzt'ah
c=[1+0)-A+8 -A—a)]-1-m,. (12)
Dalej budeme predpokladat, ze¢ &£>6. V opa¢nom pripade by bolo mozné pre
poistovatel’a presuntt’ celé riziko na zaistoviiu a mat’ isty zisk. Napriklad keby bolo 8 =0,2 a
& =0,1, tak by poistovatel’ prijal poistné vo vyske 1,2 - A - m,. Potom by zaistil celé riziko za
zaistné 1,1 - A - m, a ponechal si isty zisk 0,1 - 1 - m,.
Aby bol ¢isty prijem poistného pre priameho poistovatel'a po zaisteni kladny, musi platit
nerovnost’

(14+0)>1+8)-(1—a) resp. a>j‘T§. (12)

Existuje v8ak znacny tlak na poistovatel’a, lebo jeho ¢isty prijem za jednotku ¢asu po zaisteni
a - A - my; musi byt’ vys§i nez celkové ocakavané plnenie za jednotku ¢asu. Preto pozadujeme,
aby platila nerovnost’ (1 +60) — (1 +¢) - (1 — a) > a, alebo po uprave

a>1—§zo. (13)

Posledna nerovnost stanovuje minimalnu hodnotu rizikovej prirazky poistovatela,

pretoze 1 — g > i_T? pre 6 < &.Pokial surizikové prirazky rovnaké, tak o > 0 av tom pripade
moze vlastny vrub a nadobudnt’ akukol'vek hodnotu z intervalu (0, 1). Pokial je vSak 8 < &,
tak poistovatel’ si musi ponechat’ ¢ast’ rizika.

Ur¢me koeficient upravy R ako funkciu podielu na vlastny vrub «, pokial’ poistné plnenie
maé exponencialne rozdelenie s distribu¢nou funkciou F(x) = 1 —e~%1* x > 0, a poistoviia
aj zaistovina pouzivaji rovnaku rizikova prirazku t.j. 8 = ¢.

Rozdelenie individualneho plnenia poistovatela po zaisteni je opat exponencialne,
S parametrom %. Vyplyva to z toho, ze pokial’ poistné plnenie poistovatela je Y = a - X,
potom

0,1y

F)=P¥<y)=P(X<)=1-e"a.
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Preto rovnica uréujuca R ma tvar A+c-R=21-My(R)

o _o1y
A+(1+6)-2-10-a-R=2" eRy-%-e a dy
1
1-10-a'R

6
R—m, pre 0<ac<sl. (14)

1+4(1+6)-10-a-R =

Vidime, Ze R je Klesajucou funkciou vlastného vrubu a. To znamena, Ze pokial’ « klesa,
rastie hodnota R, a teda klesa i pravdepodobnost’ krachu poistovne ¥(U) v nekone¢nom
¢asovom horizonte. Obratene, pokial « rastie, klesa hodnota R, a teda rastie hodnota
pravdepodobnosti krachu #(U) v nekone¢nom ¢asovom horizonte. To je prirodzené, lebo ¢im
mensi vlastny rub, tim mensie je riziko krachu pre poist'ovatela.

Prakticka ukazka 1. Uvazujme pripad, ked rizikova prirazka poistovatel'a a zaistovne sa liSi.
Nech je distribu¢na funkcia poistného plnenia opit’ F(x) =1 —e %1% x > 0, a rizikova
prirazka poistovatela a zaistovne su

a) 0=0,1a¢=0,15,

b) 6=0,1a&=0,30.

a) Cisty prijem poistovatel’a po zaisteni podl'a vztahu (11) je ¢* = (11,5 a — 0,5) - A.
Nerovnost’ (13) nam hovori, ze % < a <1, t. poistovatel' si musi ponechat’ aspon tretinu
z kazdého plnenia.

Rovnica, ktora definuje R, ma tvar A + (11,5 @ = 05) - 1-R = ——,
covediek R = L a03 alebo R = L, pre l<ac<l.
10-(11,5-22-0,5-a) 230-a%2-10-a 3

Vidime, Ze koeficient upravy R opat’ zavisi na hodnote vlastného vrubu a.

Obr. 1. ukazuje koeficient upravy R ako funkciu podielu « na vlastny vrub priameho
poistovatel'a pre hodnoty « z intervalu 0,4 az 1.
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Obr. 1: Koeficient R ako funkcia podielu o na vlastny vrub
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Zdroj: vlastné spracovanie

Z grafu vidime, ze existuje urcité rozpatie hodnét «, ay < a < 1, také, Ze pokial je podiel
a na vlastny vrub z tohoto intervalu, potom koeficient R prekro¢i hodnotu, ktora dosiahneme
pri o =1, teda pre pripad poistenia bez zaistenia.
V nasom pripade je a, = 0,4783.
Najdime este taka hodnotu ¢, ktora maximalizuje hodnotu R.
-690-a%+460-a—10
(230-a2-10-a)2 °

R , drR
Derivaciou R podl'a o dostaneme e

Maximalna hodnotu R potom dostaneme, ak 3—2 =0.
Korene rovnice st: o, =0,0225 a «a, =0,6442 . Potom maximalnu troven ma koeficient
upravy R pre hodnotu, ktora je z intervalu G 1), tj. «=0,6442.

Teda, pokial’ je nasim cielom minimalizovat’ pravdepodobnost’ krachu, tak optimalny podiel
na vlastny vrub poistovatela ma hodnotu 0,6442.

Poznamenajme este, ze optimalne rieSenie vV jednom zmysle nemusi byt optimalnym
v inom zmysle.

Napriklad, ak sa poistovatel’ rozhodne nevyuzit’ zaistenie (ponecha si vsetko riziko), tak jeho
ocakavany zisk za jednotku Casu je 8 - A - m;. Konkrétne v nasom priklade 0,1 -1 - 10 = A.
Pokial’ sa poistovatel’ rozhodne uskutocnit’ zaistenie s podielom « = 0,6442 na vlastny vrub,
tak jeho ocakavany zisk za jednotku ¢asu je ,,iba*“ 0,4663- 1, t.j. rozdiel prijmu
c=[1+)-1+H -A-a)]-2-m

c*=[1+4+01)—-(1+0,15)-(1—0,6442)] - 2-10 = 6,9079 - A

a ocakavaného plnenia

a-A-my =6,442 - A
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b) Cisty prijem poistovatel'a po zaisteni podla vztahu (11) je c¢* = (13 - a — 2) - A.
Nerovnost’ (13) nam hovori, ze % < a < 1, tj. poistovatel’ si musi ponechat’ aspon dve tretiny
z kazdého plnenia.

Rovnica, ktora definuje R, mé tvar 1 + (13- a@ —2) - 1+ R = —=

1-10-a-R’
3-a-2

éovediek R = m

2
, pre 5<a£1.

Z Obr. 1. vidime, ze R je rasticou funkciou e, poistovatel’ by si musel ponechat’ celé riziko,
aby maximalizoval koeficient upravy R. V tomto pripade naklady na zaistenie prevazia nad
znizenim vo variabilite poistného plnenia.

4.2  Maximalizacia koeficientu Gpravy R pri zaisteni §kodovej nadmierky

Pri zaisteni skodovej nadmierky (XL - excess of loss) s maximalnou tGroviiou M na
vlastny vrub poist'ovatel'a sa zaistné poistovne za jednotku ¢asu rovna
c,=1+8-1-E2), (15)
kde ¢ je rizikova prirazka zaistovatela a Z = max {0, X — M}.
Pre poistné plnenie Y poistovatel'a plati ¥ = min {X, M}.
Cisty prijem poistného priameho poistovatel'a za jednotku asu po zaisteni je
c"=04+80)- A m —-A+¢&)-1-E2). (16)
Z tychto predpokladov ziskame rovnicu definujacu R v tvare
A+c*-R=21-My(R)
At R=2-[f"eR fO)dx+ R - (1 —FM) | (17)

Prakticka ukazka 2. Nech individualne poistné plnenie X ma rovnomerné rozdelenie na
intervale (0; 20), teda f(x) =0,05 pre 0 < x < 20. Uré¢ime koeficient tpravy R, ked’ poist'oviia
aj zaistovia pouzivaju rovnaku rizikova prirazku, tj. 6 = £=0,1.

Zo zadania vyplyva:
E(Z)= [ (x=M)-f(x)dx= [ (x—M)0,05dx =10 — M + 0,025 - M?,
a My(R) = [," e®* 0,05 dx + e®¥(1 — 0,05 - M)

0,05
My (R) = - (eRM — 1)+ eRM. (1-10,05- M).

Potom dostaneme rovnicu, ktora definuje R v tvare

0,05
A+(1,1-2-M-11-0,025-1-M?)-R=21" [

eRM _ 1) + eRM(1— 0,05 - M)]
1+(1,1-M—1,1-0,025- M?) - R_OT?S( RM—1)+eRM(1—0,05 M). (18)

Rovnicu (18) mozeme spocitat’ numericky pomocou nastroja ,,Solver programu MS Excel
(Broz, 2006). Obr. 2. nam ukazuje koeficient tpravy R ako funkciu M.
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Obr. 2: R ako funkcia M, pre 6 =& =0,1.
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Zdroj: vlastné spracovanie

Vidime, Ze kazda uroven M na vlastny vrub je mozna, ked’ sa rizikové prirazky rovnaju. R je
klesajicou funkciou M, a A}inng R(M) = 400,
-

Prakticka ukazka 3. Nech platia rovnaké predpoklady ako v predchadzajucom priklade, iba
6 < & . Uréme koeficient Gpravy R, ak

a) #=01a¢=0,15,
b) #=0,1a&=0,30.

a) Pokial'je #=0,1a £=0,15,tak ¢c*=1,1-1-10—1,15-1- (10 — M + 0,025 - M?)

resp. po Uprave
c*=-05-2+115-2-M —M —1,15-0,025 - 1 - M?,

Tato hodnota musi prevysit’ o¢akavané plnenie poistovatela ocistené o zaistenie.
Ocakavané plnenie poistovatel'a potom je:

A EX)—A-E(Z)=21-10—21-(10 — M + 0,025 - M?) = A- (M — 0,025 - M?).
Dostavame nerovnicu  —0,5 + 1,15- M — 1,15 - 0,025 - M?> > M — 0,025 - M?
alebo po uprave

3.M? — 120 - M + 400 < 0. (19)

Riesenim nerovnice (19) je interval (3,67; 36,33).
To znamena, Ze minimalna Groveni M na vlastny vrub je 3,67.

Teda rovnako ako pri proporcionalnom zaisteni s réznymi hodnotami 6 a & existuje ista
minimalna troven, ktora si poistovatel’ musi ponechat’.

b) Pokial’ je #=0,1a £=0,30,

dostdvame nerovnicu —2 + 1,3 - M — 1,3 - 0,025 - M> > M — 0,025 - M?
alebo po tprave

3.-M2—120-M + 800 < 0. (20)

Riesenim nerovnice (20) je interval (8,45; 31,55).
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Teda minimalna uroven M na vlastny vrub je 8,45.
Na Obr. 3. vidime koeficient upravy R ako funkciu arovne M na vlastny vrub poistovatel’a.

Obr. 3: Koeficient R ako funkcia M.
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Zdroj: vlastné spracovanie

V pripade bez zaistenia, teda pre M = 20, ma koeficient upravy hodnotu 0,1397 (bez ohl'adu na
rizikovu prirazku zaistovne).

Na Obr. 3 mézeme vidiet, Ze pre &= 0,15 plati R(M) > R(20), ak 4,87 <M <20 a
R(M) < R(20), ak 3,67 < M < 4,87.

Pre £= 0,3 plati R(M) < R(20) pre vsetky pripustné hodnoty M.

Preto, ak &= 0,15 a € = 0,1, priamy poistovatel moze zvysit hodnotu koeficientu tipravy R
efektivnym zaistenim tak, Ze tirovenn M na vlastny vrub zvoli vyssi nez 4,87.

V pripade, ze £= 0,30 a € = 0,1, poistovatel’ by si musel ponechat’ celé riziko, aby
maximalizoval koeficient Gpravy R.

Zamyslime sa este nad tym, ¢o ak budeme predpokladat’ rovnaké podmienky pre oba typy
zaistenia, aké su pravdepodobnosti krachu poistovatel'a?

Aby bolo porovnanie mozné, predpokladajme, Ze ocakavané poistné plnenie poistovatel'a pri
oboch typoch zaistenia sa rovnaju, t.j.

E[min {X; M}] = E[a - X]. (21)
Uvazujme poistné plnenie s distribu¢nou funkciou F(x) =1 —e %%, x > 0 a rizikova
prirazku poistovatel'a 6 = 0,1 a rizikovua prirazku zaistovne &= 0,15 (rovnako ako v Priklade

1.). Dalej predpokladajme, Ze poistovatel’ uzavrel proporcionalne zaistenie s podielom o = 0,6
na vlastny vrub.
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Potom E(Y) = E(a-X) = a-E(X) = 0,6-10 = 6,
ac=[1+)-1+5H - 1-a)] 2 m=(11-115-04)-1-10=6,4- A
Rovnica pre vypo¢et R ma tvar: A+ c*- R =1 My(R),
A+64-1-R =A-m
R =0,01042.
Uvazujme teraz zaistenie skodovej nadmierky s maximalnou troviiou M na vlastny vrub

poistovatel'a. Hodnota vlastného vrubu M musi byt taka, aby ocakavana hodnota poistného
plnenia poist'ovatel’a po zaisteni bola 6 (rovnaka hodnota ako pri proporcionalnom zaisteni).

Potom  E(Y) =[x f(x)dx+M-(1-F(M)) =6,

10-(1—e 01M) = ¢
e oMM = 0,4
M=9,163.

Ak teraz predpokladame, ze #=0,1 a £= 0,15, tak pre rovnicu na vypocet R dostavame:

M
A+c* R=21- f eRx.0,1-e %1% dx + eRM.-01M

0

1 — ¢~ (0.1-R)M

0,1-R

A+64-1-R=21- <0,1 : + e‘(O'l‘R)'M>

Za M dosadime hodnotu 9,163 a rovnicu riesime numericky.
Vysledkom je hodnota R = 0,01635.

Koeficient upravy pri zaisteni skodovej nadmierky je Vva¢si nez pri proporcionalnom zaisteni.
Teda za inak nemennych podmienok je zaistenie Skodovej nadmierky (XL zaistenie)
vyhodnejsie pre poist'ovatel'a, pretoze dava mensiu pravdepodobnost’ krachu.

5 Zaver

V naSom prispevku sa zaoberame vplyvom rizikovej prirazky poistovatela a zaistovne
na pravdepodobnost’ krachu poistovatel’a. Z vysledkov nam vyplyva, ze pri uréitych hodnotach
rizikovych prirazok dokaZzeme maximalizovat' koeficient upravy a tym minimalizovat
pravdepodobnost’ krachu, pri niektorych, ak je cena zaistenia prilis vysoka, je lepsie si ponechat’
celé riziko.

Pokial' porovname proporcionalne zaistenie a zaistenie Skodovej nadmierky z pohladu
poistovatel'a je vyhodnejsie zaistenie skodovej nadmierky. Do praxe sa tento vysledok moze
premietnut’ tak, Ze zaistovia stanovi vyssiu rizikovi prirazku pre zaistenie skodovej nadmierky
nez pre proporcionalne zaistenie (za inak nemennych podmienok).

Pri zaisteni sa poistovatel musi rozhodntt, ¢i chce maximalizovat’ zisk, pricom sucasne
zvysuje riziko krachu, alebo minimalizovat riziko.

Poistoviia musi najst’ kompromis medzi mierou zisku a pravdepodobnosti krachu.
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Analyza kvapockovych zavlazovacich systémov na principe fuzzy
inferenéného mechanizmu

Analysis of Drip Irrigation Systems Based on the Principle of a Fuzzy
Inference Mechanism

Slavka Jaldoval, Jozef Koys!, Miroslav Hudec*

Abstrakt

V dnesnej dobe evidujeme narastajiicu potrebu efektivneho vyuzivania prirodnych zdrojov,
vratane vody. Tato praca skima Studie, ktoré vyuzivaji inovativne rieSenia pre optimalizaciu
zavlazovania v pol'nohospodarstve zalozené na fuzzy odvodzovani a IoT pre kvapockovu
zavlahu. Vysledky skiimania ukazuju, ze fuzzy zavlazovacie systémy mozu vyrazne zlepSit
pol'nohospodarsku produktivitu a Setrenie vody. Fuzzy inferenény mechanizmus je
vysvetlitelny, transparentny a adaptovatelny pre pouzivatela. V praci sme nésledne navrhli
systém, ktory je prispdsobitelny Specifickym potrebam konkrétnych pestovatelov. Tento
systém predstavuje cenovo dostupny néavrh zavlazovacieho systému vyuzivajiceho
mikrokontrolérovi dosku Arduino Nano, rozne typy senzorov a fuzzy pravidla. Na zaklade
vstupnych hodnoét, vysledku odvodzovania a defuzzifikacie sa vypocita impulz pre intenzitu
zavlazovania.
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Fuzzy logika, zavlazovanie, optimalizacia, baza fuzzy pravidiel

Abstract

Nowadays, we observe an increasing need for the efficient use of natural resources, including
water. This work examines studies that use innovative solutions for optimizing irrigation in
agriculture based on fuzzy inference and 10T for drip irrigation. The results of the research show
that fuzzy irrigation systems can significantly improve agricultural productivity and water
conservation. The fuzzy inference mechanism is explainable, transparent, and adaptable for the
user. In the work, we subsequently designed a system that is adaptable to the specific needs of
individual growers. This system represents a cost-effective design of an irrigation system using
the Arduino Nano microcontroller board, various types of sensors, and fuzzy rules. On the basis
of the input values, the result of inference, and defuzzification, an impulse for irrigation
intensity is calculated.
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1 Uvod

V stcasnosti sa bezne stretdvame s nedostatkom prirodnych zdrojov. Je potrebné, aby
sme sa naucili vyuzivat' zdroje, ktoré mame k dispozicii a zbytocne nimi neplytvat’.
Demograficky rast, hospodarska ¢innost a zmena klimy zvySuji sezonny aj pretrvavajici
nedostatok vody na celom svete. Velka cast odberu vSetkej vody sa pouziva v
pol'nohospodarstve a to najméd na zavlazovanie (Salayova, 2023).

Voda je podstatnou zlozkou biosféry a popri pdde ma prvorady vyznam pre zabezpecenie
vyzivy ludstva. Pre rastliny je dolezité nielen jej mnozstvo za rok, ale aj jej vyskyt vo
vegetatnom obdobi. Nedostatok vody ohrozuje globalnu stabilitu a potravinovu bezpecnost’
(consilium.europa.eu, n. d.).

Pol'nohospodarstvo znacnym sposobom zabezpecuje ekonomicku prosperitu a socialnu
stabilitu krajiny. Striedanie hustych dazd’ov a obdobi sucha méze vyrazne prispievat’ k rozvoju
alebo tipadku polnohospodarskej produkcie $tatu (Mohammed et al., 2021). Uéelna a spravna
distribtcia zavlazovacej vody vedie k vyraznému zlepSeniu v pol'nohospodarskej produktivite
a spotrebe vody z hl'adiska jej Setrenia (Grow Market, 2022; Salayova, 2023).

Aby sme prehodnotili postavenie vody v jednotlivych ekonomikach, je potrebna ucast’
vSetkych zainteresovanych stran od miestnej az po globalnu tiroven, na dosiahnutie misii, ktoré
rieSia najdolezitejSie vyzvy globalnej vodnej krizy (Knotekova, 2024). Medzi kritické misie
na rieSenie mnohostrannych vyziev vodnej krizy patri:

e Revoluéne zmenit potravinové systémy zlepSenim zavlazovania a zniZzenim
zavislosti od Skodlivych hnojiv.

e Zachovat a obnovit’ prirodné biotopy na ochranu kl'aicovych zdrojov vody.

e Vytvorit cirkularnu vodnu ekonomiku na maximalizaciu obnovy zdrojov a zniZenie
odpadu.

e Zabezpecit pristup k bezpecnej vode na prevenciu detskej umrtnosti sposobenej
chorobami suvisiacimi s vodou do roku 2030 (ECA EUROPA, 2021; Opatrenia EU,
2017).

V naSej praci sa zameriame na prvy bod, zlepSenie zavlaZovania, ¢im sa poskytne podpora
rastlindm vo vyvoji a tym Sa moZe redukovat’ pridavanie umelych hnojiv.

K Slovensku, krajine s obmedzenymi nerastnymi zdrojmi, patri najvacsie bohatstvo v
podobe vody a pody. Nedostatok, ale aj nadbytok vody negativne vplyva na pérovitost’ a
Struktiru Grodnej ornej zeme (Bloomling, n.d.). Optimalne mnozstvo vody v pode je definované
pol'nou vodnou kapacitou PVK, ktorou sa rozumie schopnost’ pody udrzat’ v sebe urcité
mnozstvo vody (ECA EUROPA, 2021).

Pri zavlazovani sa zohl'adiiuju r6zne meratel'né faktory, ako st intenzita slne¢ného svitu,
vlhkost’ a d’alSie. ZavlaZovanie by malo byt’ vykonavané v spravnom case (rano alebo vecer),
aby sa minimalizovalo odparovanie vody. Rovnomerné zavlazovanie je klufové, aby sa
predislo suchym alebo premogenym miestam. Pravidla zavlazovania zahffiaji aj spraviu hibku
zavlaZovania, aby sa podporoval silny korenovy systém. Merania nie su vzdy presné a preto su
vhodnejSie flexibilne pravidla. Ak st merania intervalové, potom pravidld zavlazovania by
klasickym pristupom museli byt reprezentované pomocou pomerne komplikovanej redlnej
funkcie. Ak st merania diskretizdciou vyrazne redukované na presné¢ hodnoty, potom je
regulacia zavlazovania skokovitd. Fuzzy pravidlové systémy poskytuja flexibilitu a
adaptovatelnost’ na podmienky pri menSom pocte pravidiel. Tieto systémy vyuzivaju fuzzy
logiku, ktora umoznuje pracovat’ s neurcitostou a nepresnostou v udajoch, ¢im zvySuje
efektivitu a presnost’ zavlazovania (Karakuzu, 2000).

V naSej praci sme preto najprv analyzovali §tidie zaoberajuce sa 10T zariadeniami pre
kvapockovl zavlahu, ktoré vyuzivaju fuzzy inferenény mechanizmus. Na zaklade tejto analyzy
sme navrhli model a presktimali jeho adaptovatel'nost’ a nakladovost'.
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2 Uvodné informacie o zavlaZovani a fuzzy logike

V nasledujicej Casti sa zameriame na konkrétne metody optimalneho zavlazovania, ktoré
prispievaju k Setreniu vodnych zdrojov a vysvetlime zdkladné principy fuzzy logiky.

2.1 Optimalne zavlaZovanie ako sposob Setrenia vodnych zdrojov

Zavlazovanie je nahradenie alebo doplnenie dazd’ovych zrdzok vodou z iného zdroja za
ucelom pestovania plodin alebo rastlin. Zakladnym ¢initelom pri stanoveni spravneho vyberu
zavlahy je znalost’ jej ucelu. Zdroj (Wexbo.com, n.d.) uvadza, ze zavlahy delime podrla toho,
aky ciel’ chceme zavlahou dosiahnut’ (doplnenie vody, prihnojenie, ochrana proti mrazu, atd’.)
do nasledujtcich skupin:

- doplnkové zavlaha,

- hnojiva zévlaha,

- Specialna zavlaha.

Zavlazovanie je kl'icovym aspektom pol'nohospodarskej vyroby. Moderné technolégie
umoznili prechod od tradiénych metod, ako st zéplavy a zavlazovanie brazd, k uspornejSim
rezimom, ako je kvapkova, postrekovacia a priesakova zavlaha. Tieto metoédy teraz mozno
riadit’ aj prostrednictvom mobilnych zariadeni so syst¢émom Android/iOS, ¢o zniZuje potrebu
manualnych zasahov.

Inteligentné zavlazovacie systémy v pol'nohospodarstve vyuzivaju senzory, automatické
riadenie, vypoctovu techniku a bezdrotové siete na zber a spracovanie tidajov o stave prostredia
(Wexbo.com, n.d.; Bloomling, n.d.; Grow Market, 2022; Bwambale et al., 2022; Mendes et al.,
2019). Tieto systémy vykondvaju aj riadenie zavlazovania, spravu udajov a generovanie
automatickych vystrah. Prave stbor tychto funkcii umoznuje efektivnejSie rozhodovanie a
zvySuje mieru automatizacie, ¢im sa podporuje prechod k technologicky naroc¢nejSiemu a
presnejSiemu pol'nohospodarstvu (Wexbo.com, n.d.).

Zaujimalo nés, na Co sa prace zaoberajuce sa témou inteligentného kvapdckového
zavlazovania zameriavali, aké principy merani zvolili, aké zistenia prace priniesli a aké je
ponaucenie.

2.2 Zakladné principy fuzzy logiky a odvodzovania

Fuzzy logika pracuje snepresnymi a nejednoznaénymi informaciami. Moze byt
napomocnd najméd ak nemame presne namerané hodnoty, alebo expert nevie stanovit’ presné
hranice. Pri fuzzy logike operujeme s lingvistickymi vyrazmi.

V modus ponens odvodzovacom systéme na zaklade premis, vieme odovodnit’ zaver: ,,Ak
st P a Q vyroky a pritom je P pravdou, tak je pravdou aj Q.* (Enderton, 2001) Na tomto principe
funguje generalizovany modus ponens, kde je rozdiel v intenzitach prislusnosti do pozorovania
a flexibilita pravidiel (Gorzalczany, 2002). Odvodzovanie je komplexnejsie, ale lepsie zachyti
realitu pri menSom pocte pravidiel.

Vseobecne, fuzzy logicky kontrolny systém je vytvoreny zo Styroch blokov (Obrazok 1).
Prvy je fuzzifikacny, ktory konvertuje vstupné premenné na fuzzy premenné a prirad’uje im
stupne prislusnosti nameranych hodndt. Potom, druhy blok je inferenény mechanizmus, ktory
vyvodzuje fuzzy vysledok z fuzzifikovaného vstupu a baze if-then pravidiel (Gorzalczany,
2002). Stvrty blok je defuziffikacia, ktory konvertuje vysledok na presnii hodnotu potrebnii na
reakciu na dané vstupy.

Tento princip vieme aplikovat’ aj na princip zavlaZzovania. Ak nemame presné

vree

pozorovania, len vyjadrenia ako ,,pr$i“, ,,poda je vlhkd*“ a vtedy moézeme pouzit fuzzy
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inferenény mechanizmus: ,,Ak trochu prsi, poda bude jemne vlhka.” Z toho vieme vyvodit’
vety: ,,PrSi,“ a ,,Poda je vlhka, pretoze prsi®.

V nami analyzovanych pracach (Singh et al., 2022; Neugebauer et al., 2023; Hoque et al.,
2023) vidime rdzne pristupy k tvorbe fuzzy bazy pravidiel, pretoze kazda $tadia obsahuje rézne
vstupné a vystupné premenné. Vo vSeobecnosti v§ak vieme povedat, Ze su vstupné premenné,
ktoré st v nepriamej umere S vystupnou premennou a potom také, ktoré st v priamej imere
S vystupnou premennou. Naplnenie fuzzy bazy pravidlami zabezpeci d’al§ie pokraovanie
vV modelovani réznych stavov pddy. Tento systém je univerzalny, pretoze kazdy majitel
zavlazovacieho systému si moze podmienky pre vlhkost’ a zavlazovanie pody nastavit’ podla
konkrétnej pestovanej plodiny, rastliny. Regulacia je zalozend na defuzzifikacii, ktora je
vhodné realizovat’ taziskovou metodou pre vyssiu presnost’ a odolnost’ (Klir & Yuan, 1995).

Na dalSiu funkcionalitu st potrebné funkcie prislusnosti vstupnych a vystupnych
premennych. Fuzzy mnoziny podporuji neostré hranice a umoziuju intenzity prislusnosti. Vo
vSeobecnosti sa pouzivaju trojuholnikové, lichobeznikové a singleton fuzzy mnoziny, pretoze
umoznuji zachytit' lingvisticky vyraz Nizka, Priblizne..., Strednd, Vysoka a podobne. Ako
priklad uvddzame lichobeznikovl fuzzy mnozinu, pretoZe trojuholnikové je v podstate to isté
ako lichobeznikova, iba ma koncentrované jadro do jedného prvku s intenzitou prislusnosti
rovnou jednej.

Obrazok 1: Diagram kontrolného systéemu vyuzivajuceho fuzzy logiku

Presné hodnoty vstupov

Fuzzifikacia

Clenské funkcie

Inferencny If-Then pravidla
mechanizmus

Vv

Deffuzifikacia

\/

Presné hodnoty vystupov

Zdroj: Vlastné spracovanie podl'a (Singh et al., 2022).

Lichobeznikova fuzzy mnozina (Obrazok 2) sa vyuziva na modelovanie neurcitosti. Na
vystupe je mozné pouzit’ aj nelinearnu funkciu, pri¢om fuzzy mnoziny by mali priblizne spiiiat’
poziadavku Ruspini particie, t. j. aby sucet hodnot prislusnosti pre kazdy bod bol priblizne
rovny 1. Lichobeznikova fuzzy mnozina je definovana dolnym (a) a hornym (d) ohrani¢enim
nosica a dolnou (b) a hornou (c) hranicou jadra takto:
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Obrazok 2: Lichobeznikova fuzzy mnoZina
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Zdroj: Spracovanie upravené podla (Klir & Yuan, 1995)

3 Analyza existujucich rieSeni pre zavlaZovanie

Vyskumnici z Indie (Singh et al., 2022) sa v navrhnutom rieSeni zamerali na tvorbu
kontrolného systému s fuzzy logikou. V praci pouzili autori fuzzy inferencny systém vyvinuty
Vv prostredi Matlab, ktory vyuziva Mamdani pristup fuzzy inferencie (Gorzatczany, 2002;
Hudec, 2016). Vo vysledku je AND operator realizovany vypocitanim minima, pricom OR
operator vypoditanim maxima. Styri vstupné premenné su Vihkost Pédy (Soil Moisture),
Sinecné Ziarenie (Solar Irradiance), Teplota Vzduchu (Air Temperature) a Vihkost Vzduchu
(Air Humidity). Vystupnou premennou, Napitie Cerpadla (Pump Voltage), je kontrolovana
béza fuzzy pravidiel definovana v Matlab-e. Autori prace zvolili premennti Napdtie Cerpadla,
pretoZze mnozstvo vody potrebnej v pode sa mdze regulovat’ elektrickym napétim cerpadla.
Otéazka je ako regulovat’ napitie tak, aby zavlazovanie bolo efektivne.

Pri Mamdaniho inferencnom systéme pre jednoduchy pripad dvoch vstupov su
premennymi Vihkost Pody (Soil Moisture) a Teplota Vzduchu (Air Temperature), vystupom je
intenzita zavlaZzovania. Takyto fyzzy systém nasledne na zéklade pravidiel vyhodnocuje
aktualny stav prostredia a urcuje, akéd intenzita zavlaZovania je v danom momente vhodna.
Typické fuzzy pravidlo moze mat’ tvar — ,,ak je vlhkost’ pody nizka a teplota vzduchu vysoka,
potom intenzita zavlazovania je vysoka“. Pravdivost’ takéhoto pravidla sa vyhodnoti ako
minimum prislusnosti aktudlnych vstupov k danym jazykovym hodnotdm. Vysledkom je
uroven, ktorou sa uplatni vystupnd hodnota v ramci fuzzy mnoZiny ,,vysokd intenzita
zavlazovania®.

Zavlazovaci systém (Singh et al., 2022) nechali v prostredi pracovat’ na fuzzy baze
pravidiel v r6znych ¢asoch pocas diia, od vychodu slnka az po zapad slnka, v r6znych ditoch,
aby ziskali vstupné hodnoty z réznych senzorov na sledovanie zmien vystupného napdtia a
prietoku vody z ¢erpadla. Cielom tohto merania bolo overit, ¢i navrhnuty fuzzy systém reaguje
na meniace sa environmentalne podmienky v stilade s ocakédvanym spravanim, teda ¢i vystupné
napitie Cerpadla (ako vysledok odvodzovania) odraza logiku nastavenych pravidiel. Overenie
funkcnosti systému prebehlo najmi na urovni reakcie vystupu na vstupy. Skuto¢ny prinos pre
pol'nohospodarsku prax vSak mdze vyzadovat’ samostatné hodnotenie od odbornikov z terénu
alebo koncovych pouzivatel'ov.
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Podl'a nameranych hodnét sa dé interpretovat, Ze vstupné napétie Cerpadla vody sa meni
v zavislosti od environmentalnych hodnot meranych réznymi senzormi. Vysledky overili
spravnost ich predpokladov, napriklad: ,,Ak je vlhkost pody vysoka a zaroven slne¢né ziarenie
je timené, zatial’ Co teplota vzduchu je studené a vlhkost’ zas vysoka, vtedy je nutnost’ zavedenia
vody do pddy minimalna“. Permutaciou vsetkych vstupnych premennych v tomto poradi by sa
potreba vody mala zvySovat, ked’ze potreba vody pre tento konkrétny prvy priklad je ten
najnizsi (Singh et al., 2022).

Prikladom formulacie pravidla touto logikou by mohlo byt’: ,,Ak vlhkost’ pody je vysoka
a zaroven teplota vzduchu je nizka, tak potom je napétie ¢erpadla vel'mi nizke.*

Vysledky uvedenej prace ukazali, Ze Indii by navrhovany fuzzy zavlazovaci kvapockovy
systém umoznil efektivne korigovat’ mieru napétia Cerpadla a nasledne ovplyvitovat’ mnozstvo
vody vyuzitej na zavlazovanie. Tento model je vysvetlitelny pre farmara. Ked'ze India je
krajina s velkym mnozstvom obyvatelov a pestuji sa v nej rézne plodiny (ryza, bavina,
cukrova trstina, idnigo, atd’.) (Bloomling, n.d.).

Autori prace (Hoque et al., 2023) sa nezamerali na konkrétnu krajinu, ¢i podnebné pasmo.
Ich vstupné premenné boli Faktor prahovej hodnoty vihkosti pédy, Faktor prahovej hodnoty
slnecného Ziarenia, Faktor prahovej hodnoty vlhkosti, Faktor prahovej hodnoty teploty
a vystupnou premennou bol Faktor prahovej hodnoty dizky zaviazovania. V praci bol vyuzity
rovnaky sposob fuzzy odvodzovania a realizovany elektricky obvod zavlazovacieho systému.
Vysledky potvrdzuju, Ze ovplyvnenim Casu zavlazovania na zéklade vstupov nameranych
senzormi a fuzzy odvodzovania sa optimalizoval proces zavlazovania.

Praca (Neugebauer et al., 2023) vznikla spolupracou vedcov z Pol'ského Olsztyna a
Tureckého Izmiru. Tato praca mala premenné Cas dita, Vihkost pédy, Teplota a vystupni
premenn /ntenzita zavlaZovania. Boli pouzité takisto trojuholnikové a lichobeznikové tvary
fuzzy mnozin, len pri vystupnej premennej sa objavil tvar singleton (bol pouzity pri vyjadreni
minimélnej a maximalnej intenzity zavlazovania, teda 0 a 100).

Praca (Mohammed et al., 2021) je zamerana na oblast Maroka. Zavlazovaci systém je
podobny ostatnym analyzovanym pracam. Vstupné premenné st Vihkost' pody, Teplota a
Slnecné Ziarenie. Merania pomocou navrhovaného zavlazovacieho systému boli vykonané v
lete a na jesenl. Praca je charakterom a postupom podobné ostatnym analyzovanym pracam s
rozdielom, Ze zber Gdajov z testovacieho systému prebieha v 60 minatovych intervaloch.

Prestudovali sme aj pracu (Sujono & Nainggolan, 2024), aby sme zistili, ¢i mézeme
navrhnat’ elektricky obvod kvapockového zavlazovacieho systému, ktory by vyuzival fuzzy
logiku a zaroven bol kompatibilny so zariadeniami Internetu veci. Z prace mézeme konstatovat’
nasledujtci zaver: Z celkového testu vyplyva, ze automaticky systém kvapkovej zavlahy méze
byt’ zalozeny na urovni vlhkosti pody a teploty rastlin. Systém moze byt zalozeny na fuzzy
Mamdaniho metode, kde touto metédou mozno monitorovat’ parametre snimacov a nasledne
regulovat’ ventily.

Vsetky nami skimané prace vyuzili Mamdani pristup fuzzy inferencie a vsetky dokazali,
Ze je mozn¢ nastavit’ intenzitu zavlazovania konkrétnych plodin/rastlin na zaklade vstupnych
udajov ziskanych z externych zariadeni a vytvorenych fuzzy pravidiel.

4 Nas navrh cenovo dostupného rieSenia

Na zéklade skimania prac v predosSlej Casti sme zhotovovali navrh technického
zariadenia. Na nastavenie zariadenia je potrebné urcit’ logiku a pravidla zavlazovania plodiny.
Zvolili sme kapustu obycajnu, ktord je univerzalna plodina pre pestovanie na celom uzemi
Slovenska.
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Zvolili sme vstupné premenné Pdda: Vihkost, Ovzdusie: Vihkost, Ovzdusie: Teplota
a Cast dia. Premennt Cast diia uvazujeme pre zvyky a tradicie slovenskych pestovatelov,
ktori sa riadia pravidlom, Ze cez obed sa nikdy nezavlazuje. Zavlaha na pravé poludnie
a Vv nasledujucich hodinach spali kvety, listy a najmé korene rastliny.

Vystupnou premennou je Napdtie cerpadla. Najprv sme vyslovili zakladné pravidlo, kedy
sa ma zavlazovat’ najvyssSou intenzitou:

»Ak je Cast’ diia rdno, alebo vecer a noc a zaroven je vlhkost pody nizka, a zaroven je
teplota vzduchu nizka, pricom je vlhkost' vzduchu nizka, nech je napitie Cerpadla vel'mi
vysoké.*
premennd ma najvysSiu hodnotu, vieme opaénym spdsobom definovat, kedy sa kapusta
zavlazovat’ nema, a to: ,,Ak je Cast’ dila obed a zaroven je vlhkost pody vysoka, a zaroven je
teplota vzduchu vysoka, pricom je vlhkost' vzduchu vysoka, nech je napitie ¢erpadla vel'mi
nizke.*
permutaciou hodndt vstupnych tdajov.

Na modelovanie sme pouzili lichobeznikové fuzzy mnoziny audaje o hodnotach
premennych fuzzy pravidiel su v Tabulka 1: Parametre modelu. V grafickej Casti tabul'ky
uvadzame fuzzy rozklady pravidiel, priCom parametre premennych si oznafené pismenami.
Tieto rozklady boli vytvorené tak, aby splnili poziadavky na fuzzy particie (Ruspini, 1969, pp.
22-32) a indikatory kvality jazykovej premennej (Alonso et al, 2021).

V praktickom priklade kapusty obycajnej, by to mohlo napriklad byt: Vstupna premenna
Pdda: Vlhkost, je jednoznaéne nizka v hodnotach od 0 do avp = 25 %, jednoznacne priemerna
v hodnotach byp = 37,5 % az cvp = 62,5 % a jednoznacne vysoka v hodnotach dvp = 75 % a viac,
v tomto priklade 100 %. Medzi hodnotami avp = 25 % a bvp = 37,5 % je plynuly prechod medzi
nizkou a strednou vlhkost'ou. Podobne, medzi hodnotami cvp = 62,5 % a dvp = 75 % je plynuly
prechod medzi strednou a vysokou vlhkostou. Postup by bol obdobny aj pri ostatnych
premennych. Parametre si moZe vhodne nastavit farmar pre kazdi pestovanii plodinu
individudlne, podl’a odporti¢ania, skusenosti ¢i vlastného uvazenia.

Usudili sme, Ze potrebujeme zostavit’ spolahlivy, ale jednoducho ovladatelny systém,
ktory by vykonaval logiku podl’a nami stanovenych pravidiel. Zvolili sme zariadenie Arduino.

Mikrokontrolérova doska Arduino Nano je napéjana cez zbernicu s USB portom napétim
5V, ktorej tllohou je aj odosielanie prikazov z Modelu do zariadenia Arduino Nano na zdklade
externych vstupov. Zbernica okrem napdjania sluzi pre komunikéciu s vyhodnocovacou
aplikdciou (napr. Simulink). Na Arduino Nano su taktieZ pripojené potrebné senzory, ktoré
merajli okolité podmienky. Potrebnymi senzormi pre meranie okolitych podmienok su senzor
teploty a vlhkosti ovzdusia (DHT11), senzor vlhkosti pody a senzor slne¢ného Ziarenia. Na
zaklade udajov zachytenych pomocou senzorov dokdze mikrokontrolér zopnut’ magnetické
relé, ktoré¢ nésledne spusti pumpu s jednosmernym pradom (d’alej len DC) potrebnu pre
zavlaZzovanie. DC pumpa sa sklada z DC motor¢eka napdjaného 3 az 7 V napétim a vodnej
pumpy. Napdjanie DC motorceka je realizované zo striedavej siete cez adaptér na znizenie a
usmernenie napédt'ovej urovne z 220 V striedavého prudu (d’alej len AC) na 12 V DC. Model je
zobrazeny na Obrazku 3.

Nasledne je hodnota napétia zniZzena cez step-down meni¢ na hodnotu napitia, ktora je
pozadovana pre chod DC pumpy. LED pripojeny na zariadenie sluZzi ako ad hoc kontrola pre
rychle zobrazenie potrebnych udajov, ktoré mozu byt pre pestovatel’a uzitocné (napr. vonkajsia
teplota).
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Tabulka 1: Parametre modelu

. Merna Jazykova
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Zdroj: Vlastné spracovanie
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Na vytvorenie fuzzy regulatora a navrh pravidiel bol pouzity Matlab a jeho nadstavba
Simulink, pricom pocas vyvoja bol mikrokontrolér Arduino Nano pripojeny k pocitacu. V tejto
faze sluzil pocita¢ nielen na napdjanie dosky, ale aj ako rozhranie pre odosielanie prikazov
a zber tdajov.

V aktudlnej konfiguracii je Arduino zdvislé od pocitaca pocas zavlaZzovania, Co je
Z hl'adiska terénneho nasadenia menej praktické. Preto do budicnosti planujeme systém
vylepsit’ tak, aby fuzzy inferenény mechanizmus bezal priamo na zariadeni bez potreby trvalého
pripojenia Kk pocitaéu. KedZe klasické Arduino Nano ma velmi obmedzené vypoctové
moznosti, spustenie kompletného fuzzy regulatora priamo na tejto doske nie je realistické.
Jednou z vhodnych alternativ by mohlo byt nasadenie platformy Raspberry Pi, ktora umoziiuje
bezat’ fuzzy logiku v jazyku Python priamo na zariadeni, spolu s riadenim vstupno-vystupnych
signalov. Tato moznost’ by v buducnosti mohla vyrazne znizit’ zavislost’ od externé¢ho pocitaca
a zjednodusit’ pouzitelnost’ systému v teréne.

Obrazok 3: Schéma modelu

Model
vyhodnocujuci Senzor vihkosti
okolité " pody
podmienky L _—
. /
Arduino Nano — »| LED Disolei
mikrokontrolér |" - - piel
~—
\\‘\.
| DHT11 Senzor
AC Napajanie ™ teploty a
vlhkosti
¢ \ 4
220AC/12DC Relé
Adaptér

i 7 !

, Step-down
Solarny panel > meni& » DC Pumpa

Zdroj: Vlastné spracovanie

A

Zasobnik vody

Priblizny navrh ceny zariadenia pre vybrané komponenty je v Tabulke 2. V navrhu ceny
nie je zahrnutd cena za pracu, kabelaz, cin a naradie potrebné pri konsStruovani zariadenia.
Komponenty m6zu byt’ od roznych vyrobcov s odliSnymi parametrami.

Tymto modelom a pribliznymi cenami jednotlivych komponentov, by sme chceli
poukdzat’ na to, ze zostavenie zariadenia nie je az tak finan¢ne naro¢né, aké je v kone€nom
dosledku uzitocné ako pre spolo¢nost’, tak pre malého farmara, ¢i samostatni domécnost’.
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Tabulka 2: Komponenty pre nami navrhovany zavlazovact systém.

Nazov komponentu Cena (€ s DPH)

Arduino Nano 13,53

DC pumpa RS-360SH 3-12V 4,80
Senzor teploty a vlhkosti 751

DHT11 ’

Senzor vlhkosti pody 6,18
AC Adaptér 32,31
Step-down meni¢ LM2596 1,60
Relé 4,09

Solarny panel 37,80

LED displej 3,80
Spolu 111,62

Zdroje elektronickych obchodov: Mouser a Techfun.sk.

5 Diskusia

Sice sa Slovensko nachadza v miernom podnebnom pasme, ale v zavlazovani na principe
fuzzy logiky vidime buducnost’ i na naSom tuzemi. V roku 2023 tvorilo pol'nohospodarstvo 2 %
podiel na Slovenskom HDP, 11,06 % na HDP Maroka, 16 % na HDP Indie a 2,75 % na HDP
Pol'ska, preto sme skumali, ako sa v tychto §tatoch skima problém zavlazovania. (Our World
in Data, n.d.)

Vyskumnici z tychto krajin v pracach (Singh et al., 2022; Neugebauer et al., 2023; Hoque
et al., 2023) zdoraziovali vyrazny vplyv pol'nohospodarstva na buduci vyvoj ich ekonomiky a
preto sa i my domnievame, Ze so zvySujucimi sa teplotami v poslednych rokoch, sa ani
Slovensko nevyhne rozhodnutiam ohl'adne zavadzania inteligentného zavlazovania do praxe.

V nasej praci sme sa snazili prist' s ndvrhom modelu fuzzy zavlazovacieho kvapockového
systému. Uznavame, Ze navrh by sa dal zdokonalit’. Jedno zo zlepSeni by predstavovalo vyuzitie
solarneho panelu nielen na zaznamendvanie intenzity slnecného ziarenia, ale aj na napéjanie
zavlazovacieho systému. Pridanie Wi-Fi modulu do zariadenia pre umoznenie bezdrétovej
komunikacie by sme takisto povazovali za uzitocnu funkcionalitu.

Uvazujeme, Ze kvapdckovy zavlazovaci systém sa mdze vyuzit nielen na distribuciu
vody, ale aj na distribuciu hnojiva a pesticidov, za predpokladu, Ze nami navrhovany model by
majitel’ upravil podla svojich konkrétnych potrieb a potrieb vegetacie. Samozrejme, bolo by
potrebné oSetrit’ aj nebezpecenstvo, ze v pripade vypadku pradu by sa na§ model automaticky
sam nespustil a preto pestovatel, ktory by sa na na§ model chcel spoliehat’ pocas jeho
nepritomnosti, by mal zvazit modifikaciu obvodu zaloZznym zdrojom.

6 Zaver

Slovensko nepatri medzi krajiny, ktorych pol'nohospodarstvo tvori va¢sinu HDP, ale
efektivne vyuzitie vody aj vdaka fuzzy zavlazovacim systémom by mohlo napomdct
K zvySeniu potravinovej sebestacnosti.

V praci sme na zéklade analyz existujicich rieSeni navrhli model, ktory pracuje na
principe Mamdani modelu fuzzy odvodzovania. Této flexibilita umoziiuje nastavenie pravidiel
vyrazmi prirodzeného jazyka a prispdsobenie parametrov fuzzy mnozin ciel'ovej plodiny.

Zariadenie na regulaciu zavlahy predstavuje atraktivne rieSenie pre pol'nohospodarov,
ktori pestuju rastliny komercne. Vd’aka svojej cenovej dostupnosti vSak mdze najst’ uplatnenie
aj medzi drobnymi pestovatel'mi.
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Detailné porovnanie vybranych aplikacii na podporu timovej komunikacie
vyuzitePnych v pracovhom prostredi

A detailed comparison of selected applications to support team
communication usable in work environment

Pavol Jurik!, Natalia Babjakova?

Abstrakt

V dnesnom globalizovanom svete sa firmy snazia o vécSie zjednoduSenie komunikacie za
ucelom zvysenia efektivity a konkurencieschopnosti. VzhI'adom na to sa aplikacie na podporu
timovej komunikécie stali vykonnymi néstrojmi na transformaciu spoluprace na pracovisku.
Komunikécia je jednym z najdolezitejSich faktorov v kazdom podniku a schopnost’ zlepSovat’
tieto faktory je vyznamna pre rozvoj podniku. Aplikacie na podporu timovej komunikacie
umoznuju komunikaciu v redlnom case prostrednictvom okamzitych sprav, ¢o umoznuje
pracovnikom rychlo zdielat’ informdacie. Tato schopnost’ je uzito€nd najmi pri prijimani
operativnych rozhodnuti arychlom rieSeni problémov. Aplikacie na podporu timovej
komunikacie umoziiuju zamestnancom efektivnejSie spolupracovat’, timy pracovnikov mézu
zdielat’ napady a riesit’ problémy spolo¢nosti ,,jednym kliknutim*. Pouzivanie Aplikacie na
podporu timovej komunikacie moze viest' k lepSej vykonnosti a produktivite zamestnancov,
pretoze ide o efektivnejsi sposob komunikacie V porovnani so zasielanim a prijimanim emailov.

V tomto ¢lanku sa zameriavame na porovnanie aplikacii Microsoft Teams, Slack a Google
Chat.

Krucové slova
Aplikacie na podporu timovej komunikacie, firemnd komunikacia, Microsoft Teams, Slack,
Google Chat

Abstract

In today's globalized world, companies strive for greater simplification of communication in
order to increase efficiency and competitiveness. With this in mind, team communication
applications have become powerful tools for transforming workplace collaboration.
Communication is one of the most important factors in any business, and the ability to improve
these factors is significant for business development. Team communication applications enable
real-time communication through instant messaging, allowing workers to quickly share
information. This ability is especially useful when making operational decisions and quickly
solving problems. Team communication applications allow employees to collaborate more
effectively, teams of workers can share ideas and solve company problems "with one click".
Using an team communication application can lead to better performance and productivity of
employees, because it is a more effective way of communication compared to sending and
receiving emails. In this article, we focus on comparing Microsoft Teams, Slack and Google
Chat.
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1 Uvod

Aplikacia na podporu timovej komunikacie je softvérovy program, ktory umoziiuje
timom pouzivatel'ov komunikovat’ v realnom ¢ase prostrednictvom internetu. Takéto aplikécie
je mozné pouzivat’ na roznych zariadeniach vratane smartfonov, tabletov a poc¢ita¢ov. Pontkaja
mnozstvo funkcii ako napriklad posielanie textovych a hlasovych sprav, hlasové a video
hovory, zdielanie suborov a skupinové Gety. Dal§imi funkciami moZe byt posielanie
emotikonov, nalepiek a inych interaktivnych prvkov medzi pouzivatelmi. K dispozicii je
viacero typov takychto aplikacii vratane aplikacii uréenych na osobné pouzitie, ako je napriklad
WhatsApp a Messenger alebo aplikacii uréenych na firemné pouzitie, ako st Slack a Microsoft
Teams. Aplikacie na podporu timovej komunikacie sa mozu pouzivat za i¢elom spoluprace na
pracovnych projektoch, komunikacie s kolegami alebo s cielom udrziavania kontaktu s
priate'mi a rodinou, respektive pri udrziavani spolo¢enskych kontaktov.

Aplikacie na podporu timovej komunikacie st zabezpefené v zaujme ochrany sukromia,
chrénia informdcie pouzivatelov a udrziavaju ich konverzéacie v sukromi. Mnoh¢ aplikécie na
podporu timovej komunikacie su zabezpecené Sifrovanim medzi koncovymi zariadeniami
(E2EE — end-to-end sifrovanie). Ide 0 bezpe¢ny komunikacny proces, ktory zabranuje tretim
stranam V pristupe k idajom prenasanym z jedného koncového bodu do druhého (Kim, 2024).
Sifrovanie udajov je proces pouzivania algoritmu, ktory transformuje §tandardné textové znaky
do necitatelného formatu. Tento proces pouziva Sifrovacie kl'i¢e na zakédovanie tidajov tak,
aby boli udaje dostupné len autorizovanim pouZivatelom. Sifrovanie medzi koncovymi
zariadeniami je proces Sifrovania, ktory zabezpe€uje komunikéciu z jedného koncového bodu
do druhého (IBM, 2024).

2 Struéna charakteristika vybranych aplikacii na podporu timovej komunikacie

V tejto kapitole sa zameriame na struénu charakteristiku nami vybranych aplikécii na
podporu timovej komunikécie, ktoré budeme d’alej porovnavat.

2.1 Microsoft Teams

Spolo¢nost’ Microsoft ma vel’a skiisenosti s nastrojmi na spolupracu a komunikaciu a
Microsoft Teams je vyvojom jej predchadzajucich rieSeni. Teams zdedil vSetky sklisenosti a
know-how ziskané z inych podnikovych rieSeni a za poslednych 20 rokov je prirodzenym
nastupcom Microsoft Lync a Skype for Business. Microsoft Teams prepaja ostatné sluzby a
aplikacie spolo¢nosti Microsoft pouzivané v podnikovom prostredi, vd’aka comu zniZuje
stvisiace naklady (Ferreira, 2020).

Microsoft Teams je k dispozicii ako webova aplikacia a je mozné k nej pristupovat
priamo z prehliadaca na adrese https://teams.microsoft.com. Webova verzia umoziuje
vyuzivat hlavné funkcie aplikdcie Microsoft Teams, ale v zavislosti od pouzivaného
prehliadaca je mozné sa stretnit’ s uritymi obmedzeniami. PInohodnotné sktsenosti zo sluzby
Microsoft Teams mozno dosiahnut’ len pomocou desktopovych klientov dostupnych pre
systémy Windows, mocOS a Linux. Microsoft Teams v systtme Windows poskytuje na
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stiahnutie instalaéné subory MSI v 32-bitovej, 64-bitovej a ARM64 architekture. Architektara
x86 (32-bitova vs. 64-bitova) aplikacie Teams je nezavisla od architektiry systému Windows
a balika Office, ktory je nainStalovany. Pouzivatelia pocitacov Mac moézu nainStalovat
aplikdciu Teams pomocou instalaéného stiboru PKG pre pocitace so systémom macOS.
Mobilné aplikacie Teams su k dispozicii pre systémy Android a i0S, st urCené pre
pouzivatel'ov, Ktorym umoznuji vzajomné zvukové hovory a konverzacie pomocou cetov.
Mobilné aplikacie st dostupné v mobilnych obchodoch Google Play a Apple App Store.

Microsoft Teams pontika viacero réznych verzii Microsoft Teams bezplatnu verziu,
Microsoft Teams Essentials, Microsoft 365 Business Basic a Microsoft 365 Business Standard.
V tab. 1 uvadzame vybrané rozdiely medzi pontikanymi verziami z hl'adiska ich funkcionality
na podporu komunikacie.

Tab. 1: Verzie Microsoft Teams

Charakteristika | Microsoft Microsoft Microsoft 365 | Microsoft 365
Teams - Teams Business Basic | Business
bezplatna Essentials Standard
verzia

Cena zadarmo 4,70€ pre 1 5,60€ pre 1 11,70€ pre 1

pouzivatelana | pouzivatelana | pouzivatela na
1 mesiac 1 mesiac 1 mesiac

Maximalny 100 300 300 300

pocet

pouZivatelov

Neobmedzeny Ano Ano Ano Ano

pocet sprav

a vyhladavanie

v timoch

Pristup pre Nie Ano Ano Ano

hosti

Prilohy 2GB/pouzivatel' | 2GB/pouzivatel’ | 1TB/pouzivatel’ | 1TB/pouzivatel

suborov v Cete

Ukladanie 5GB 10GB 1TB 1TB

suborov

Spolupraca v Ano Ano Ano Ano

realnom case v

mobil. aplikacii

Microsoft 365

(Word, Excel,

Power Point,...)

Viac ako 250 Nie Ano Ano Ano

integrovanych

aplikacii a

sluzieb pre

Teams

Cet medzi Ano Ano Ano Ano

pracovnymi

a osobnymi

kontami

Zdroj: spracované podl'a: (Microsoft.com, 2024)
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2.2 Slack

Slack je nastroj na spolupracu, ktory je mozné pouzivat' ako aj pomocou webového
prehliadaca, tak aj ako aplikaciu v pocitaci alebo mobilnom zariadeni. Bez potreby instalacie
aplikacie funguju aj iné sluzby, ako napriklad Zoom, Teams alebo Discord. Slack pouziva
takzvané pracovné priestory nazyvané aj kanaly na udrziavanie organizacie projektov a na
ulahéenie komunikacie medzi ¢lenmi timu (Bernstein, 2020). Takisto podporuje aj
asynchronnu pracu, ked’ je praca organizovana v kanaloch, pristup k potrebnym informaciam
je umozZneny bez ohl’adu na polohu pouZivatela, Casové pasmo alebo funkciu. Co sa tyka Slacku
vSetci v organizacii maju pristup k rovnakym zdiel'anym informéciam, v ktorych sa da
vyhl'adavat’. Pri spolupraci timov v kanaloch je mozné informacie zdiel'at’ so vSetkymi naraz,
¢o pomaha timom zostat’ v sulade a rychlejSie prijimat’ rozhodnutia (Slack.com, 2024c).

Existujt viaceré verzie Slacku, pricom zéakladné rozdiely medzi nimi uvadzame v tab. 2.

Tab. 2: Verzie Slacku

strate dat, offline
zaloha

Charakteristika Slack - Slack Pro Slack Slack
bezplatna Business+ Enterprise
verzia Grid

Cena zadarmo 8,25€ pre 1 14,10€ pre 1 Cena je znama

pouzivatelana | pouzivatelana | azna zéklade
1 mesiac 1 mesiac dopytu

Historia sprav 90-diovy Neobmedzend | Neobmedzend | Neobmedzena
pristup historia historia historia

Moznost integracie | Max. 10 Neobmedzeny | Neobmedzeny | Neobmedzeny

S inymi aplikdaciami | aplikacii pocet aplikacii | poCet aplikacii | pocet aplikacii

Skupinové verzus Audio Skupinové Skupinové Skupinové

individudlne avideo audio a video audio a video audio a video

konverzacie konverzacie | konverzacie konverzacie konverzacie
len 1:1

Protokoly auditu Nie Nie Nie Ano

Pocet ,,workspace” | 1 1 1 Neobmedzeny

(virtualny pracovny

priestor)

Zdielanie Nie Ano Ano Ano, vratane

dokumentov vlastnych

Sablon

Export udajov Nie Nie Ano Ano

Z kanalov a

konverzacii

Zabudovany Nie Nie Nie Ano

Z0zZznam

Zamestnancov

Prevencia voci Nie Nie Nie Ano

Zdroj: spracované podl'a: (Slack.com, 2024a)
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2.3 Google Chat

Google Chat, predtym znamy ako Hangouts Chat, je komunika¢ny softvér vyvinuty
spolo¢nostou Google ako stcast Google Workspace. Je urCeny na ulahCenie priameho
posielania sprav a timovej spoluprace. Vdaka integracii s ostatnymi néstrojmi Google
Workspace, ako su Gmail, Disk a Dokumenty, ponuka Google Chat bezproblémové prostredie
pre pouzivatelov Google. Jeho rozhranie je jednoduché a zameriava sa na zefektivnenie
komunikacie a spoluprace v ramci timov a organizacii. Pomocou Google Chatu je mozné
posielat’ spravy komukol'vek, kto ma adresu Gmail alebo Google ucet, takisto poskytuje aj
moznost’ nastavenia skupinovych Cetov s viacerymi ucastnikmi alebo posielanie sprav jeden na
jedného. Google Chat je dostupny pre webové prehliadace, mobilné zariadenia a ako
samostatna aplikécia. Existuju viaceré verzie Google Workspace, ktoré¢ sa vSak od seba prili$
nelisia, ¢o sa tyka podpory komunikacie a ¢etu (tab. 3).

Tab. 3: Verzie Google Workspace

Charakteristika Google Google Google Google
Workspace | Workspace Workspace Workspace
Business Business Business Plus | Enterprise
Starter Standard

Cena 5,75€ pre 1 11,50€ pre 1 17,25€ pre 1 Cena je znama
pouzivatela | pouzivatelana | pouzivatelana | azna zaklade
nalmesiac | 1 mesiac 1 mesiac dopytu

Videokonferencie 100 150 acastnikov | 500 téastnikov | 1000 Géastnikov

a hlasove konferen. | ucastnikov

Zaznamy stretnuti | Nie Ano Ano Ano

ulozené na Google

Disk

Google Disk 30GBnal 2TBnal 5TBnal 5TBnal

(cloudové ulozZisko) | pouZivatela | pouZivatel'a pouZivatel'a pouzivatel'a

S moZnost’ou
poziadat’ o viac

Timové zasielanie | Ano Ano Ano Ano

sprav v Cete

Zapnutie alebo Ano Ano Ano Ano

vypnutie historie

Individualny Ano Ano Ano Ano

externy cet

Pokrocilé cetovacie | Nie Ano Ano Ano

priestory

Zdroj: spracované podl'a: (Google.com, 2024b)

Google Chat poskytuje funkciu nazyvanu ,,priestory* alebo anglicky ,,spaces®. Tato
funkcia umoziuje trvaly timovy et a spolupracu s moznost'ou zdiel'ania stiborov, pridelovania
uloh a prezerania historie sprav. Priestory su idedlne pre skupiny akéhokol'vek druhu, ktoré
cheu pracovat na projektoch alebo komunikovat’ na zéklade spolo¢nych zdujmov (Google.com,
2024a).

Spominané priestory umoziuju:

e zameranie konverzacie na spolo¢né oblasti zaujmu, projekty a organiza¢né
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oznamenia;
e zdiel'anie suborov a pridelovanie jednotlivych uloh ¢lenom ;
e pridanie aplikécii na vytvaranie pracovnych postupov;
e vytvaranie vldkna pre veci, ktoré vyzaduji podrobnu diskusiu.

V cete je mozné komunikovat’ so skupinou pouzivatel'ov prostrednictvom priestorov
alebo pomocou priamych sprav. Tieto dve formy komunikacie funguju r6znymi spdsobmi a
sltizia na rozne Gcely. Priestory st centralnym miestom, kde mézu pouzivatelia zdiel’at’ subory,
pridel'ovat’ ulohy a byt’ v spojeni. Priame spravy slizia na ¢etovanie priamo so skupinou.

3 Metodika vyskumu

Za ucelom objektivnejSicho vyhodnotenia vybranych aplikacii na podporu timovej
komunikacie sme vykonali dotaznikovy prieskum, v ktorom sme sa pouzivatelov tychto
aplikacii pytali na ich spokojnost’, pripadne zistené nedostatky. Na interpretaciu ziskanych dat
bola pouzita deskriptivna $tatistika, ktora posluzila na vizualnu prezentaciu dat pomocou grafov
a tabuliek. Vsetky otazky boli vyhodnocované v Exceli. Dotaznik pozostaval zo Styroch
zakladnych otazok, kde bol zistovany vek, pohlavie respondentov a oblast’, v ktorej respondenti
pracuju. Stvrta otdzka bola zamerana na to, aku aplikaciu respondenti primarne pouZivaju na
komunikaciu v pracovnom prostredi, kde si respondenti mohli vybrat’ z troch porovnavanych
aplikacii, a to Microsoft Teams, Slack alebo Google Chat, alebo mohli uviest’ int aplikaciu,
ktoru pouzivaju. V pripade, ak si respondenti vybrali Microsoft Teams, Slack alebo Google
Chat, tak sa im zobrazila sekcia, ktord sa zaoberala otazkami na nimi zvolenu aplikaciu a
pozostavala z 10 otdzok. Ak respondenti zvolili ako odpoved’ v 4 otdzke int aplikdciu ako
Microsoft Teams, Slack alebo Google Chat, tak sa im automaticky dotaznik ukongil.

Prieskumu sa aktivne zacastnilo celkovo 303 respondentov zo Slovenskej republiky. Prva
otazka zistovala vek respondentov. Najviac respondentov bolo vo veku 21 az 30 rokov (246
respondentov), nasledovala skupina respondentov vo veku 41 a viac rokov (24 respondentov),
d’alej skupina respondentov vo veku 31 az 40 rokov (21 respondentov) a najmensie zastupenie
mala skupina respondentov do 20 rokov (12 respondentov). Pri konkrétnom veku bol najviac
zastapeny vek 22 rokov (51 respondentov) a nasledne 21 rokov (38 respondentov). Pomer
muzov a zien zapojenych do vyskumu bol priblizne rovnaky. Vyskumu sa zucastnilo 154
muzov a 149 Zien.

V tretej otazke bolo predmetom z4ujmu to, v akej oblasti respondenti pracuji. Najvacsi
podiel respondentov pracuje v oblasti informacnych technolégii, kde bolo zaznamenanych 89
respondentov. Nasledovalo $kolstvo a vzdelavanie s 53 respondentmi, administrativa (33),
zdravotnictvo (29), §tatna sprava (25) a financie a bankovnictvo (22). Dalej cestovny ruch a
marketing a reklama zhodne s 15 respondentami. Naopak, najmensi pocet respondentov bol
zaznamenany v energetike (1), architekture a dizajne (1), namornictve (1), strojarstve (3),
obchode a sluzbach (4), automobilovom priemysle (6), stavebnictve (6), vyskume (9) a prave
a pravnych sluzbach (10). Kazda z tychto oblasti mala iba niekol’ko respondentov.

Po vyhodnoteni dotaznika sme néasledne vykonali SWOT analyzu vybranych aplikacii na
podporu timovej komunikacie, aby sme poukazali na ich silné a slabsie stranky, prilezitosti
a pripadné hrozby.

4 Vysledky

Z prieskumu vyplyva, ze najviac pouzivanou aplikaciou na podporu timovej komunikacie
vyuzivanou na komunikéciu v pracovnom prostredi je Microsoft Teams, ktoru preferovalo 116
respondentov. Nasleduje Slack s 66 respondentmi a Google Chat s 65 respondentmi. Okrem
tychto troch hlavnych aplikacii na podporu timovej komunikacie uviedli respondenti aj iné
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aplikacie: Messenger (15), WhatsApp (14), Outlook (10), Skype (7), Gmail (5 respondentov).
A Viber, Cisco Jabber, Discord, Signal a Thunderbird zhodne s 1 respondentom. Tymto inym
aplikaciam sme sa vSak d’alej uz nevenovali.

Dotaznikovy prieskum bol vykonany za ucelom toho, aby sme po jeho vyhodnoteni mohli
zostavit SWOT analyzu, ktora identifikuje silné stranky, slabé stranky, prileZitosti a hrozby tej-
ktorej aplikacie. Na zéklade sumarizacie odpovedi z dotaznika bola teda pre kazdu aplikaciu
zvlast vykonana SWOT analyza. Dotaznik bol zamerany na jednotlivé funkcie vybranych
aplikacii, kde pouzivatelia hodnotili spokojnost’ s vybranou funkciou na stupnici od 1 do 5,
pricom 1 — Vel'mi spokojny/a, 2 — Skor spokojny/a, 3 — Neutralne, 4 — Skor nespokojny/a a5 —
Vel'mi nespokojny/a. V dotazniku sa zistovalo aj to, aké nedostatky alebo obmedzenia maju
dané aplikacie. V pripade ak je sucet odpovedi: neutrdlne, skor nespokojny/a a vel'mi
nespokojny/a vacsi ako jedna tretina z celkového poctu odpovedi, tak dand funkcia bola
povazovana za slabu stranku aplikacie. Silné stranky aplikacii su zoradené v tabul’kach SWOT
analyzy od najlepsej po najhorsiu, podla suctu odpovedi: vel'mi spokojny/a a skor spokojny/a.
Slabé stranky st taktiez zoradené zostupne podl'a su¢tu odpovedi, takze ich zoznam sa zacina
slabou strankou, ktort mézeme povazovat’ za najviac intenzivnu, pretoze je najviac pocetna
v odpovediach.

4.1 SWOT analyza aplikacie Microsoft Teams z hPadiska komunika¢nych funkcii

Ako mdzeme vidiet’ v tab. 4, najviac spokojni st pouZzivatelia aplikécie Microsoft Teams
s funkciou posielania sprav. Viac ako jedna tretina pouZzivatel'ov aplikacie uviedla ako jej slabé
stranky kalendar a planovac a integraciu Microsoft Teamsu s Microsoft Office. Ako prilezitost’
vidime zlepSovanie niektorych funkcii aplikacie a takisto aj ipravu vzhladu aplikéacie na mo-
dernej$i. Za hrozbu moézeme povazovat stratu pouzivatel'ov z dovodu nespokojnosti s niekto-
rymi funkciami, Unik citlivych informdcii a konkurenciu zo strany inych podobnych aplikacii.

Tab. 4: SWOT analyza Microsoft Teamsu
Silné stranky Slabé stranky
e Funkcia posielania sprav e Kalendar a planovac
e Pracovanie v aplikacii Integracia s Microsoft Office
e Funkcia hlasovych hovorov Zamfzanie aplikacie poc¢as videohovorov
a videohovorov Slabé notifikacie
e Pouzivatel'ské rozhranie Nemoderny vzhl'ad
e Funkcia zdiel'ania stiborov Vypadavanie zvuku pri audiohovoroch
e Praca v kandloch Neustale upozornenia na aktualizacie
Prepinanie medzi kontami pocas hovoru
nie je mozné
e Problémy s otvaranim suborov
e Neintuitivne vytvaranie kanalov

Prilezitosti Hrozby
e ZlepSovanie funkcii: kalendar e Strata pouzivatel'ov Z dovodu
a planovac, integracia nespokojnosti s niektorymi funkciami
s Microsoft Office, vyladenie aplikécie
notifikacii, zvysenie intuitivnosti e Konkurencia zo strany inych podobnych
vytvarania kanalov aplikacii
e Modernizécia vzhl'adu aplik4cie e Unik citlivych informécii

Zdroj: (vlastna tvorba)
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4.2 SWOT analyza aplikacie Slack z hPadiska komunikaénych funkcii

Ako mozeme vidiet’ v tab. 5 najviac pouzivatelov aplikacie Slack povazuje za jej silné
stranky pracu v kanéloch a nasledne funkciu posielania sprav. Za slabé stranky povazuju
pouzivatelia neprehladnost’ aplikacie, 90-diiova historiu sprav v bezplatnej verzii Slacku a
vSetky ostatné aspekty spomenuté v tab. 5. Ako prilezitost’ na zlepSenie aplikacie vidime
pridanie integrované¢ho kalendara, upravenie vzhl'adu aplikacie a zjednodusenie prihlasovania
do aplikécie. Rovnako ako pri aplikécii Microsoft Teams aj pri Slacku mézeme povazovat’ za
hrozbu stratu pouzivatel'ov z dovodu nespokojnosti s niektorymi funkciami a konkurenciu zo
strany inych podobnych aplikécii.

Tab. 5: SWOT analyza Slacku

Silné stranky Slabé stranky
e Préca v kandloch e Neprehladnost’ aplikécie
e Funkcia posielania sprav e Len 90-dinova historia sprav v bez-
e Pouzivatel'ské rozhranie platnej verzii
e Pracovanie v aplikacii e Chyba integrovany kalendar
e Funkcia hlasovych hovorov a video- e Zlozité prihlasovanie
hovorov e Automatické odhlasovanie po urci-
¢ Funkcia zdiel'ania suborov tom Case
e Integracia s Microsoft Office e Problémy so zvukovym prenosom
v hovoroch
PrileZitosti Hrozby
e Tvorba integrovaného kalendara e Strata pouzivatel'ov Z dovodu
e Uprava vzhl'adu aplikacie nespokojnosti s niektorymi
e ZjednoduSenie prihlasovania do funkciami aplikacie
aplikacie e Konkurencia zo strany inych
e PrediZenie, resp. rozsirenie historie podobn}'ICh aplikécii
v bezplatnej verzii e Unik citlivych informacii
e VyrieSenie problému s automatickym
a prili§ skorym odhlasovanim pouzi-
vatel'ov

Zdroj: (vlastna tvorba)

4.3 SWOT analyza aplikacie Google Chat z h’adiska komunika¢nych funkeii

Ako moZeme vidiet’ v tab. 6, najviac spokojni su pouZzivatelia aplikdcie Google Chat s
pouzivatel'skym rozhranim aplikacie. Ako slabé stranky uviedli pouzivatelia pomalost’
aplikacie, Casté aktualizacie a aktualizacie bez schvalenia pouzivatel’a, slabu kvalitu hovorov a
neprehl’adnost’ aplikacie. Ako prileZitosti, ktoré by pomohli aplikacii vidime Gpravu vzhl'adu
aplikacie a pridanie upozorneni pred aktualizaciami aplikacie. Hrozby pri aplikacii Google Chat
st rovnaké ako pri aplikacii Microsoft Teams a Slack (tab. 6).
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Tab. 6: SWOT analyza Google Chatu

Silné stranky Slabé stranky
e Pouzivatel'ské rozhranie e Pomala aplikacia
e Funkcia zdiel'ania suborov e Casté aktualizacie, aktualizicie bez
e Kalendar a planovac schvalenia pouZivatel'a
e Praca v kanaloch e Slaba kvalita hovorov
e Pracovanie v aplikacii e Neprehladna aplikacia

e Funkcia posielania sprav
e Integracia s Microsoft Office

PrileZitosti Hrozby
e Zrychlenie aplikacie e Strata pouzivatel'ov Z dovodu
e ZlepSenie kvality hovorov nespokojnosti s niektorymi
e Uprava vzhl'adu aplikacie funkciami aplikécie
e Pridanie upozorneni pred e Konkurencia zo strany inych
aktualizaciami aplikacie podobnych aplikacii

e Unik citlivych informacii
Zdroj: (vlastna tvorba)

4.4 Porovnanie vykonovych narokov jednotlivych aplikacii na pracovnu stanicu

Pre porovnanie jednotlivych vykonov na stanicu danych aplikacii sme vytvorili
porovnavaciu tabul’ku (tab. 7), ktora poskytuje prehl'ad o tom, aké hardvérové a softvérové
poziadavky kladu tieto aplikacie na pracovné stanice pouzivatel'ov.

Tab. 7: Porovnanie vykonovych narokov jednotlivych aplikacii na pracovnu stanicu

Microsoft Teams Slack Google Chat
Procesor (CPU) 1,1 GHz arychlejsi, | Neuvadza sa Intel alebo AMD,
dvojjadrovy dvojjadrovy
Pamit RAM 4GB Neuvadza sa 4 GB
Siet’ Stabilné internetové | Stabilné internetové | Stabilné internetové
pripojenie pripojenie pripojenie
Operacny systém Windows 11, 10, Windows 10 verzia | Windows 7, 8, 10
Windows 10 na 21H2 a vyssia, (64-bit)
ARM, Windows 8.1, | Windows Server
Windows Server 2016
2019, 2016 2012 R2

Zdroj: (vlastna tvorba)

4.5 Porovnanie jednotlivych aplikacii z hPadiska bezpe¢nosti

V aplikécii Microsoft Teams je zabudovanych viacero bezpe¢nostnych Opatreni na
ochranu udajov:

e End-to-end Sifrovanie (E2EE) — zabezpecuje Sifrovanie video hovorov, hlasovych
hovorov a zdiel'ania obrazovky, ¢im zabranuje pristupu tretich stran k udajom;

e Azure Activ Directory (Azure aktivny adresar) — umoznuje jednotné
prihlasovanie, multifaktorovu autentifikdciu a podmieneny pristup;

e Transport Layer Security (Prenosova vrstva) — TLS Sifruje udaje vratane sprav,
suborov a stretnuti v pokoji aj pri prenose a zabranuje odpoc¢ivaniu;
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e Normy suladu — Microsoft Teams je v stilade s normami: HIPAA, ISO 27001, ISO
27018, SSAE16 SOC 1 a SOC 2, GDPR;

e Monitorovanie komunikacie — MS Teams je vybaveny funkciou monitorovania, ktora
spravcom umoziuje sledovat’ prebiechajuce konverzacie. Monitorovanie sa musi
vykonavat’ manualne a obe strany s nim musia sthlasit’. Spravcovia mézu zaregistrovat’
kl'ucové slova, ktoré spustia upozornenie vzdy, ked’ sa o nich hovori. Vd’aka tomu staci
aby pouzivatelia pouzivali klIicové slova, aby upozornili spravcov na bezpecnostné
problémy ;

e Spravy o ¢innosti — poskytuju prehl'ad o aktivite pouzivatel'ov v aplikacii vratane Cetov
a stretnuti;

e Cety pod dohPadom — Microsoft Teams je vybaveny bezpe¢nostnym opatrenim, ktoré
obmedzuje sukromné spravy medzi pouzivatel'mi, pokial’ nie su do ¢etu pridani urciti
pouzivatelia. Tato funkcia mdze byt uzitocna pri pomoci vzdelavacim institicidm pri
obmedzovani sukromnych interakcii medzi Studentmi, takze ety mozu prebiehat’ len
pod dohl'adom ucitel’a;

e Microsoft Defender (Microsoft obranca) — tato funkcia je zamerana na zabranenie
Sirenia Skodlivych aktivit spojenych so zdiel'anim suborov. Stibory, ktoré su bezpecné,
s oznacené ako ,bezpecné odkazy“, takze pouzivatelia sa moézu rozhodnut, ktoré
stibory stiahnu a ktorym sa vyhna (Houssier, 2023).

Zabudované bezpecnostné opatrenia aplikacie Slack:

e Certifikacie - SOC 2, SOC 3, ISO/IEC 27001, ISO/IEC 27017, ISO/IEC 27018,
ISO/IEC 27701, GovSlack SOC 3, tieto certifikacie potvrdzujii, ze Slack spina
bezpecnostné Standardy;

e GDPR-Slack je v sulade s GDPR - v§eobecné nariadenie na ochranu osobnych udajov;

e Normy HIPAA a FINRA — Slack je mozné nakonfigurovat’ na dodrZiavanie predpisov
HIPPA (Zakon o prenosnosti a zodpovednosti za zdravotné poistenic) a FINRA
(Regulac¢ny orgén pre finan¢ny priemysel);

o FedRAMP (Federalny program riadenia rizik a autorizacie) — Slack ma opravnenie, aby
spifal potreby organizécii vo verejnom sektore v oblasti dodrziavania predpisov;

e Enterprise Key Management (Sprava podnikovych kli¢ov) — umoziuje administra-
torom ¢iasto¢nu kontrolu nad Sifrovanim tdajov;

e Integracia s externymi zabezpecovacimi nastrojmi — aplikicia Slack pontka aj
integraciu s externymi zabezpecovacimi nastrojmi (Slack.com, 2024b).

Zabudované bezpecnostné opatrenia aplikacie Google Chat:

o Sifrovanie idajov — Google Chat zabezpetuje Sifrovanie tidajov pri prenose aj v pokoji,
tieto data su chrdnené viacuroviiovym zabezpecenim vratane poprednych Sifrovacich
technologii — HTTPS (ZabezpeCeny hypertextovy prenosovy protokol) a Transport
Layer Security (Prenosova vrstva);

e Bezpefnostné upozornenia — sluZzia na ochranu osobnych udajov a hlasenie
podozrivych prihlaseni, Skodlivého webu, suboru alebo aplikacie;

e Blokovanie skodlivych reklam — Google Chat zabezpecuje blokovanie Skodlivych
reklam, ktoré moézu obsahovat’ malvér, prekryvaju obsah alebo propaguju falosné
vyrobky;

e Cloudova ochrana dat;

e Norma ISO/IEC 27001 — jedna z najuznavanejSich a medzinarodne prijimanych
nezavislych noriem zabezpecenia (Google.com, 2024c).
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5 Zaver

V ¢lanku sme zanalyzovali silné a slabé stranky vybranych aplikacii uréenych na podporu
timovej komunikacie. Konkrétne sme sa zamerali na Microsoft Teams, Slack a Google Chat.
Nasim ciel'om nebolo urcit, ktora z tychto aplikacii je najlepsia, pretoze kazda z nich ma svoje
vyhody, nevyhody a urcité Specifikd. SWOT analyzu pre jednotlivé aplikacie sme zostavili na
zaklade vysledkov prieskumu, ktory sme realizovali na vzorke 303 respondentov zo Slovenskej
republiky. Respondenti uvadzali v dotazniku svoje osobné skusenosti s danymi aplikaciami
prevadzkovanymi na svojich vlastnych pocitacoch. Ide teda o sumarizaciu ich subjektivnych
nazorov. Zaroven je potrebné podotknit’, Ze tieto aplikacie sa neustdle vyvijaju, a preto su
vysledky tohto prieskumu skor orientacné.

Zéaverom moézeme vyjadrit presvedcenie, ze pouzitie vhodnej aplikacie na podporu
timovej komunikacie méze nepochybne zvysit’ efektivitu komunikécie medzi zamestnancami
v pracovnom prostredi, ¢o sa mdze pozitivne prejavit’ pri vykonavani procesov V danej
organizacii. Komunikacia je dolezita na vSetkych urovniach manazmentu organizacie — ¢i uz je
to operativna, takticka alebo strategicka uroven a implementacia l'ubovol'ného nastroja na jej
zefektivnenie méze byt prinosom. Pritom je vSak z hl'adiska bezpecnosti dobré siahnut’ po
overenych a profesionalnych rieSeniach, aby sa predislo tniku citlivych informacii. Uvedené
tri aplikacie spinajii obvyklé bezpetnostné standardy a st po tejto stranke vhodné.
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Regionalne disparity v spotrebnych vydavkoch domacnosti na Slovensku

Regional Disparities in Household Consumption Expenditure in Slovakia
Livia Krajéikova®

Abstrakt

Porozumenie regiondlnym rozdielom vo vydavkoch domécnosti je nevyhnutné pre efektivne
formovanie socidlnej a regiondlnej politiky. Cielom tohto ¢lanku je analyzovat’ regionalne
rozdiely vo vydavkoch slovenskych domacnosti na zédklade dat zo zistovania Rodinné ucty.
Analyza sa zameriava na 12 kategorii vydavkov podrla klasifikacie COICOP a porovnava ich
medzi Osmimi krajmi Slovenska s vyuzitim viacrozmernych Statistickych metod —
viacrozmerna analyza rozptylu a permutatnd viacrozmerna analyza rozptylu. Vysledky
ukazuju, ze hoci Bratislavsky kraj vykazuje najvyssie celkové vydavky, Struktura vydavkov v
relativnom vyjadreni je medzi krajmi pomerne podobnd, s dominanciou zakladnych potrieb
(byvanie a potraviny). Vysledky boli doplnené Bonferroniho post-hoc testom, ktory
identifikoval Statisticky vyznamné rozdiely medzi jednotlivymi krajmi. Bratislavsky kraj
vykazuje signifikantne vyssie vydavky oproti vSetkym ostatnym krajom v kategdriach byvanie;
reStaurécie a hotely; poSty a telekomunikacie; odevy a obuv.

Klacové slova
rodinné G¢ty, domacnosti, vydavky, spotreba, viacrozmerna analyza rozptylu, permuta¢na
viacrozmerna analyza rozptylu

Abstract

Understanding regional differences in household expenditure is essential for the effective
formulation of social and regional policy. The aim of this paper is to analyse regional
differences in the expenditure of Slovak households based on data from the Household Budget
Survey. The analysis focuses on 12 categories of expenditures according to the COICOP
classification and compares them across the eight regions of Slovakia using multivariate
statistical methods — Multivariate Analysis of Variance and Permutational Multivariate
Analysis of Variance. The results show that although the Bratislava region reports the highest
total expenditures, the relative structure of expenditures is similar across regions, dominated by
basic needs (housing and food). The results were supplemented by the Bonferroni post-hoc test,
which identified statistically significant differences between individual regions. The Bratislava
region shows significantly higher expenditures compared to all other regions in the categories
of housing; restaurants and hotels; postal services and telecommunications; and clothing and
footwear.

Key words
household budget survey, households, expenditure, consumption, Multivariate Analysis of
Variance, Permutational Multivariate Analysis of Variance
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1 Introduction

Analysis of regional disparities in household consumption expenditure is an important
part of examining socio-economic disparities in Europe. Piekut and Knapkova (2025) focus on
differences in consumption expenditure between households in Western and Eastern Europe
from 2000 to 2021. Using cluster analysis and regression analysis, they identify two distinct
consumption patterns: while households in Eastern Europe allocate a higher share of their
expenditures to basic needs (e.g., food and non-alcoholic beverages), households in Western
Europe invest more in recreation, culture, and housing. The results suggest partial convergence
in the consumption of certain categories, such as food and miscellaneous goods and services,
indicating an improvement in the standard of living in Eastern Europe. However, significant
differences persist in areas such as education, telecommunications, and clothing.

These findings are also relevant in the context of regional differences in consumption
expenditure in Slovakia, where economic and historical factors similarly influence household
spending patterns. This paper analyses these differences using data from the Household Budget
Survey and applies the one-way Multivariate Analysis of Variance (MANOVA) method to
identify statistically significant differences in consumption expenditure across Slovak regions
in 2022. The aim is to identify structural differences between regions and assess their statistical
significance, thus contributing to the broader discussion on socio-economic inequalities at the
regional level.

According to Eurostat (2025), the Household Budget Survey (HBS) is a national
statistical survey conducted in EU countries and coordinated by Eurostat, which collects data
on household consumption expenditure on goods and services. These data are supplemented by
information on household size and composition, income, and the characteristics of individuals
living in private households. Household Budget Survey began to be implemented in most EU
Member States in the early 1960s, and since 1988, Eurostat has collected and published data
from this survey every five years. The survey focuses on consumption expenditure, i.e., what
people spend on goods and services to satisfy their needs. Data from the survey also serve as
an important input—especially at the national level—for determining weights in the consumer
basket used to calculate the Consumer Price Index (CPI).

Figure 1 Structure of average household consumption expenditures in Slovakia in 2022
Miscellaneous goods
and services
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Restaurants and hotels
(24.10¢€)
6%
Education
(1.70€)
0%
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beverages
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Recreationand culture
(16.30€)
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Source: Database of the Statistical Office of the Slovak Republic
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To classify consumption expenditure, the international Classification of Individual
Consumption According to Purpose (COICOP) is used, as recommended by Eurostat for
Household Budget Statistics. According to this classification, consumption expenditure is
divided into 12 main divisions, as outlined in the publication Classification of Individual
Consumption According to Purpose 2018 (United Nations, 2023): Food and non-alcoholic
beverages; Alcoholic beverages, tobacco and narcotics; Clothing and footwear; Housing, water,
electricity, gas and other fuels; Furnishings, household equipment and routine household
maintenance; Health; Transport; Communication; Recreation and culture; Education;
Restaurants and hotels; Miscellaneous goods and services.

To begin with, we present the overall structure of the average consumption expenditure
of Slovak households in 2022 (Figure 1). The data are based on the database of the Statistical
Office of the Slovak Republic (SOSR) and include 12 categories of expenditure according to
the COICOP classification. Figure 1 clearly shows that almost half of total household
expenditures are allocated to basic necessities such as food and non-alcoholic beverages and
housing, including energy. In 2022, the highest monthly per capita expenditure in Slovakia was
on food and non-alcoholic beverages, amounting to 94.40€, which represented approximately
24% of total household consumption expenditures. The second highest category was housing,
water, electricity, gas, and other fuels, with an average monthly cost of 86.50€, which
represented approximately 22% of total household consumption expenditures (Figure 1). A
significant portion of the household budget is also allocated to transport; restaurants and hotels;
and miscellaneous goods and services. However, the share of each category can vary
significantly depending on the socio-economic status of the household and the region in which
its members live.

2 Literature review

Household expenditure reflects the economic behaviour and living standards of
households, making them the subject of numerous academic studies. The following section
provides an overview of relevant research focused on the regional analysis of household
consumption expenditures.

Piekut and Piekut (2022) analysed the expenditure patterns of European households
between 2004 and 2020 and identified groups of countries with similar consumption structures
using cluster analysis. They found that household expenditure increased in most countries, with
key categories being food, housing, and services. The COVID-19 pandemic caused a temporary
decrease in consumption across all areas except food and non-alcoholic beverages. The results
showed that similarities in countries’ consumption patterns change over time, although some
countries maintained stable positions within the created clusters. This study provides a valuable
methodological framework for examining regional differences in household expenditures and
their evolution over time.

Lazikova (2017) analysed the development of household income and expenditure in
Slovakia between 2000 and 2015, with an emphasis on regional differences. She pointed out
that despite the increase in net income and expenditure of households in recent years, significant
disparities between regions persist—particularly between the Bratislava and PreSov regions.
She identified key factors influencing this development, such as Slovakia's accession to the EU,
the adoption of the euro, and the economic crisis, emphasizing that these events did not
contribute to reducing regional disparities.

Hupkova et al. (2018) focused on economic and social disparities in Slovak regions
during 2005-2015, examining household expenditure and the factors influencing them. The
results of regression and correlation analyses confirmed a strong dependence of expenditures
on nominal gross monthly wages and the at-risk-of-poverty rate in all Slovak regions. The
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strongest dependency was observed in the Trnava and KoSice regions. In Nitra and KoSice, a
negative correlation was identified between the risk of poverty and household expenditure.

In the context of analysing regional differences in household financial situations, the
study by Kozak et al. (2022) is also relevant. It focused on evaluating the financial situation of
Polish households and its regional differentiation in 2018. The authors used both one-
dimensional comparisons of indicators and multidimensional assessment using the TOPSIS
method. The results showed significant regional differences. The main factors behind the
differences included economic and demographic characteristics such as employment rates, the
education level of the household head, and the ability to repay debts.

Regional differences in the expenditures and incomes of Polish households over a longer
period (2000-2019) were analysed in the study by Kasprzyk and Leszczynska (2021). Based
on data from the Household Budget Survey, the research identified increasing household
income and expenditure over time. The study also confirmed the existence of regional
disparities in household spending and income. Despite a decreasing trend in regional inequality
over time, eastern regions remained economically the weakest, with their financial situation
mainly influenced by socio-economic and demographic factors.

3 Methodology

To analyse regional differences in household expenditure, we used the MANOVA and
Permutational Multivariate Analysis of Variance (PERMANOVA) methods. The assumptions
for applying MANOVA— multivariate normality and homogeneity of covariance matrices
across groups—were not met; therefore, we decided to supplement the analysis with
PERMANOVA. Unlike MANOVA, PERMANOVA does not require strict fulfilment of the
assumptions, and thus represents a suitable alternative for verifying regional differences in
expenditure structure. For a more detailed comparison between individual regions, the
Bonferroni post-hoc test was subsequently applied.

Multivariate Analysis of Variance is a statistical method that extends the univariate
analysis of variance (ANOVA) to the case when there is more than one dependent variable.
While ANOVA tests for differences in the means of a single dependent variable across multiple
groups, MANOVA allows us to examine differences in the mean vectors of multiple dependent
variables between groups. Typical applications of MANOVA include, for example,
investigating differences in sets of psychological test scores, where each person completes
multiple tests and we want to determine whether the result vectors differ among various groups
(Hebak, Hustopecky, 1987).

MANOVA focuses on testing whether the mean vectors of the dependent variables are
the same across different groups. It is used to test the null hypothesis

Ho:pry = pp = - =l

which states that the mean vectors of the dependent variables are equal across all groups.
The vector u; denotes the mean vector of the variables for group i. The alternative hypothesis
states that at least one of the mean vectors is different:

Hy:p; # p; foratleastone i # j.

If the null hypothesis is rejected, it means that there is a statistically significant difference
between the groups in some (or all) of the dependent variables.

PERMANOVA is a non-parametric statistical permutation test used to compare groups
across multiple dependent variables. This test is especially useful when analysing data that are
not normally distributed or when the assumption of homoscedasticity (equal variances) is not
met. PERMANOVA uses a permutation-based approach, which involves randomly permuting
the data to obtain empirical distributions of test statistics. In PERMANOVA, various distance
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metrics can be selected (e.g., Euclidean distance, Manhattan distance), increasing the flexibility
of the analysis (Anderson, 2017).

3.1 Fundamental Concepts of MANOVA

The main idea of analysis of variance is the decomposition of the total variability (T) into
a between-group component (B) and a within-group component (W). Individual multivariate
observations are denoted as x;, where the index h = 1,2, --- k indicates the group, and the index
i = 1,2,---ny, identifies the object. The sample size for group h = 1,2, ... k is n, and the total
number of observations is n = YX_, n,. To decompose the variability, we first compute the
following statistics within each group: the vector of group means x; (1) and the group
covariance matrices Sy, (2) (Hebak, Hustopecky, 1987):

1\
Xp = n_h 1 Xh, (1)

1

Sn = np—1 221(’%1' — %) (xp; — Xp)" (2)

Additionally, we compute the overall mean vector x (3) and the pooled estimate of the
covariance matrix S (4).

_ 1 _

X = ;Z§=1 XpNp (3)
_ k _

S = Zh=175+k%1> (4)

The calculations of MANOVA test statistics are based on matrices of between-group and
within-group variability.
e Between-group variability matrix (B):

B= Y (& %)@ —%7 5)
e Within-group variability matrix (W):
W =351( — DSy (6)

e Total variability matrix (T):
T=B+W 7)

3.2 Assumptions of the MANOVA Model

For MANOVA to yield reliable results, the following assumptions must be met:
randomness of the sample,
independence between the defined groups (absence of multicollinearity),
existence of multivariate normal distribution within groups,
equality of covariance matrices between groups,
homogeneity of variances between groups (homoscedasticity).
To test the equality of covariance matrices, Box’s M test is used (Hebak, Hustopecky,

1987). The null hypothesis of equal covariance matrices, Hy: X4 = X, = -+ = X, is rejected if
the value of the test statistic
K = (n =) In|S| = Tf_y (v, = 1) InlSy| ®

exceeds the critical value of the chi-square distribution y?_,[(k — Dp(» + 1) /2]. In
this formula, C,, is a constant that improves the approximation:

k
_ 2p%+3p-1 11
Cp=1+ 6(k—1)(p+1) (thlnh—l n—k> ’ )
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where p is the number of dependent variables (i. e., the number of expenditure categories
analysed simultaneously).

To verify the assumption of multivariate normality, several tests can be applied, such as
Mardia’s test (based on multivariate skewness and kurtosis), Royston’s test (a multivariate
version of the Shapiro-Wilk test), or the Henze-Zirkler test, which is based on a non-negative
functional distance that measures the deviation between two distribution functions. Details of
these computations can be found in Korkmaz et al. (2014). The null hypothesis tested is that
the empirical and theoretical (normal) probability distributions do not significantly differ,
versus the alternative hypothesis that they do differ.

To diagnose multicollinearity, several approaches may be used, including sample
pairwise correlation coefficients, the determinant of the correlation matrix, the smallest
eigenvalue of the correlation matrix, the condition index, the Variance Inflation Factor (VIF),
the M statistic, or the Farrar-Glauber test for variable independence, which is discussed in more
detail by Soltés (2019).

To assess homoscedasticity, several tests can be used. These test the null hypothesis that
the random component has constant variance (homoscedastic), against the alternative
hypothesis that the variance is not constant (heteroscedastic). Bartlett’s test for
homoscedasticity is a universal test suitable for both balanced and unbalanced samples (a
balanced sample has equal numbers of observations in each group, while an unbalanced sample
has varying numbers). Cochran’s test and Hartley’s test are suitable for balanced samples. In
our case, we applied Levene’s test, which can be used even when the assumption of normality

is violated in one or more subgroups. Details of these tests can be found in Pacakova et al.
(2012).

3.3 Test Statistics for MANOVA

In MANOVA, several test statistics are used to decide whether to reject or accept the null
hypothesis. The values of these statistics are calculated based on the between-group variability
matrix B and the within-group variability matrix W or based on the eigenvalues 4, of the matrix
BW~1 where g = 1,2, ...,s, where s is the number of nonzero eigenvalues of the matrix
BW™1 and it holds that s = min(p, k — 1), with p being the number of dependent variables
and k being the number of groups (Carey, 1998).

Wilk’s Lambda — ratio of within-group variability to total variability

_wi_ w T[T s
A= T — |w+B| 1_[g=1 1+4g (10)
Hotelling-Lawley’s Trace
S
T2 =st(BW™1) = Ag (11)
g=1
Roy’s Largest Root
V = max 4, (12)
Pillai’s Trace — considered the most powerful and robust of the mentioned statistics
S
Pillai’'s trace = st[B(B + W)™ 1] = Z *g (13)
g=11%g

Each of these test statistics can be approximated by the F-distribution, which allows us
to draw conclusions about the hypotheses.
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If the calculated F-statistic is greater than the critical value of F (based on the chosen
significance level and degrees of freedom), we reject the null hypothesis and conclude that
statistically significant differences exist between the studied groups.

3.4 Multiple Comparison Methods

If the null hypothesis is rejected in favour of the alternative hypothesis about the
inequality of group means, we obtain only a vague statement indicating that there exists at least
one pair (or more) of means that differ. In such cases, the analysis is extended with multiple
comparison methods, which help identify specific pairs of group means that differ significantly
(Pacdkova et al., 2012). The null hypothesis for each of these methods takes the form:

Hoipy = pupr(Q,i' =1,2, k;i #1i")

Various multiple comparison methods can be applied, such as Scheffé’s method, Tukey’s
method, Bonferroni method, Duncan’s method, or Kramer’s method. In our case, we applied
the Bonferroni method, which is suitable for unbalanced samples. Formulas for calculating the
critical values of selected multiple comparison methods are presented in Pacakova et al. (2012).

The analysis is based on anonymized microdata from the Household Budget Survey for
2022, provided by the Statistical Office of the Slovak Republic for scientific purposes. All
analyses (MANOVA, PERMANOVA, Bonferroni post-hoc tests) were conducted using the
Python programming language in the Jupyter Lab environment.

4 Results and Discussion

We began by looking at the average consumption expenditures of Slovak households and
the average net income of households across different Slovak regions.

Piekut and Knapkova (2025) reveal two distinct consumer patterns among European
households. According to their study, households in Eastern European countries tend to
prioritize basic needs, such as food and non-alcoholic beverages, while households in Western
Europe allocate more spending to other needs and services, including recreation, culture, and
housing. Slovakia, which is usually classified as an Eastern European country based on
household consumer behaviour, shows a trend towards the Western European consumption
model, according to the findings of Piekut and Knapkova (2025). Figure 2 shows that across
Slovak regions, the share of spending on basic needs (housing and food) remains high—around
50%. Although households do spend on recreation, culture, and other goods and services, the
share of these categories is not significant enough to confirm a clear shift toward the Western
consumption pattern. However, this shift may not be most visible at the regional level, but rather
in the structure of household expenditures by household type. It is likely that differences in
consumer behaviour are more pronounced between households with varying income levels,
sizes, or compositions, rather than between regions. A more detailed analysis by household type
could therefore better reveal any tendencies of convergence toward the Western European
model.

Spending category abbreviations used in the graphs and tables are based on the
classification presented in the introduction: FAB — Food and non-alcoholic beverages, ABT —
Alcoholic beverages, tobacco and narcotics, CLT — Clothing and footwear, HSG — Housing,
water, electricity, gas, and other fuels, FUR — Furnishings, household equipment, and routine
household maintenance, HLT — Health, TRA — Transport, COM — Communication, CUL —
Recreation and culture, EDU — Education, RES — Restaurants and hotels, MGS — Miscellaneous
goods and services.
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Figure 2 Share of individual expenditure categories in the total household expenditures in the

given region
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Source: Own processing based on data from the Household Budget Survey (SOSR).

According to Figure 3, households in the Bratislava region have the highest total
expenditures, while those in the KoSice region show the lowest. The difference between these
two regions amounts to approximately €100 per person per month, highlighting significant
regional disparities in consumption expenditures. Despite these differences in absolute
spending levels, the structure of consumption across regions is very similar.

Figure 3 Average monthly household expenditures in Slovak regions according to 12
COICORP categories (in €/month/person)
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Source: Own processing based on data from the Household Budget Survey (SOSR).

In our analysis, the average net household incomes were aggregated at the regional level.
The results show substantial regional differences in average net income (Figure 4), with the
Bratislava region reaching the highest average income (1240.71€/person/month), while the
lowest values were recorded in the PreSov region (885.49€/person/month).
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Figure 4 Average net income in Slovak regions (in €/month/person)
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Source: Own processing based on data from the Household Budget Survey (SOSR) in PowerBI.

In Figure 4, these income differences are illustrated on a map using a colour scale from
white (lowest income) to black (highest income). The contrast between the Bratislava region
and the other regions is clearly visible, which may be related to the concentration of economic
opportunities and higher wage levels in this area. The remaining regions range between
approximately 885€ and 930€/person/month, showing relatively minor differences between
them.

Similarly to the findings of Lazikova (2017), who revealed significant income and
expenditure differences among Slovak regions for the period 2005-2015, our 2022 analysis
also shows that the Bratislava region records the highest average net income per person.
Lazikova noted that the Bratislava region had the highest income levels and the lowest share of
spending on basic needs, in line with Engel’s law. However, in our analysis, we observe that
the relative structure of household expenditures in the Bratislava region is similar to other
regions—around 50% of spending goes to basic needs (housing and food). Nevertheless, in
absolute terms, the Bratislava region spends significantly more on less essential categories, such
as miscellaneous goods and services or restaurants and hotels. This difference is therefore more
visible in absolute expenditure amounts rather than in their relative structure.

Before proceeding with the multivariate analysis, we tested the assumptions necessary
for the valid application of MANOVA. Multivariate normality was assessed using the Henze-
Zirkler’s test, where the p-value was <0.001, leading to the rejection of the null hypothesis that
the data originate from a multivariate normal distribution. Homogeneity of covariance matrices
was tested using Box’s M test, which also resulted in the p-value <0.001, thus rejecting the null
hypothesis of equality of covariance matrices across groups. Homoskedasticity was evaluated
by Levene’s test for each of the 12 consumption categories separately; for all variables, the
p-value was <0.001, indicating heteroskedasticity.

Since none of the assumptions for MANOVA were satisfied, caution is necessary when
interpreting its results. Nevertheless, MANOVA was performed, and the results showed a
statistically significant difference in household expenditures across Slovak regions for all four
test statistics (Wilk’s lambda, Pillai’s trace, Hotelling-Lawley trace, Roy’s largest root) at the
0.05 significance level (Figure 5).
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Figure 5 Results of the MANOVA test

Multivariate linear model

Intercept Value Num DF Den DF F Value Pr > F
Wilks' lambda ©.3249 12.0000 4972.0000 860.9382 ©.0000

Pillai's trace 8.6751 12.6000 4972.0000 860.9382 ©.0000
Hotelling-Lawley trace 2.8779 12.0000 4972.0000 860.9382 ©.0000
Roy's greatest root 2.8779 12.0000 4972.0000 860.9382 ©.0000

Kraj value Num DF Den DF F value Pr > F

Wilks' lambda ©.7943 84.0000 30459.4727 13.8981 ©.0000

Pillai's trace ©.2153 84.0000 34846.0000 13.1642 ©.0000
Hotelling-Lawley trace ©.2472 84.0000 21352.2280 14.6285 9.0000
Roy's greatest root ©.1918 12.0000 4978.0000 79.5839 0.0000

Source: Own processing in Jupyter Lab (Python).

Due to the violation of key assumptions, permutational multivariate analysis of variance
(PERMANOVA) was subsequently applied as a robust alternative, and it confirmed the
existence of statistically significant regional differences in the expenditure structure of Slovak
households.

Figure 6 Results of the PERMANOVA test

method name PERMANOVA
test statistic name pseudo-F
sample size 4991
number of groups 8
test statistic 11.069869
p-value 0.001
number of permutations 999
Mame: PERMANOVA results, dtype: object

Source: Own processing in Jupyter Lab (Python).

The results of the PERMANOVA test (Figure 6) confirm statistically significant
differences in household expenditures across Slovak regions (pseudo-F = 11.07, p-value =
0.001). The analysis included 4991 households divided into eight groups based on their region.
999 permutations were used, ensuring robustness of the results.

After confirming statistically significant regional differences, we conducted additional
pairwise comparisons between regions for each expenditure category individually. Table 1
presents the results of the Bonferroni post-hoc test for all pairs of Slovak regions. The test
examines whether there are statistically significant differences in average expenditures between
regions within each COICOP category. For each regional pair, the p-value and the difference
in average expenditures are shown. Statistically significant values at the a = 0.05 significance
level are highlighted in blue.

The results show that average spending on food and non-alcoholic beverages in the
Bratislava region is significantly lower (at the 0.05 level) compared to all other Slovak regions.
This trend may be linked to differences in income levels, availability of stores, and dietary
habits. Residents of the Bratislava region generally have higher incomes, allowing them to eat
out more often, which in turn is reflected in higher average spending on restaurants and hotels
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compared to other regions. The largest difference in average spending on restaurants and hotels
is between the Bratislava and KoSice regions, amounting to 41.48€.

Table 1 Results of the Bonferroni post-hoc test for regional differences in household

expenditures
Region

1 2 FAB ABT CLT HSG FUR HLT TRA COM CUL EDU RES MGS
BA s diff -36.56 -8.24 8.61 33.08 -22.98 -1.93 -14.87 13.43 4.65 0.01 33.44 17.53
p-value 0.000 0.000 0.000 0.000 0.000 0.213 0.106 0.000 0.077 0.978 0.000 0.000

BA ™ diff -22.42 -5.88 6.07 36.99 -10.53 -5.13 -25.59 16.28 2.25 -0.98 37.07 22.14
p-value 0.000 0.000 0.001 0.000 0.000 0.002 0.006 0.000 0.352 0.107 0.000 0.000

BA NR diff -27.86 -6.82 8.08 28.70 -11.14 -1.77 -9.56 13.19 2.45 -0.26 40.19 23.83
p-value 0.000 0.000 0.000 0.000 0.000 0.216 0.150 0.000 0.310 0.428 0.000 0.000

BA ZA diff -25.82 -4.49 5.83 48.91 -6.07 -3.13 -23.82 17.58 5.09 -0.20 26.66 21.80
p-value 0.000 0.001 0.001 0.000 0.004 0.032 0.002 0.000 0.030 0.553 0.000 0.000

BA BB diff -12.08 -4.61 5.90 54.19 -8.19 -4.66 -7.13 17.26 3.19 -1.56 34.77 19.83
p-value 0.002 0.001 0.001 0.000 0.001 0.011 0.321 0.000 0.207 0.014 0.000 0.000

BA PO diff -12.98 -4.98 5.20 39.23 -11.91 -5.39 -22.44 17.02 5.13 -2.19 31.83 17.38
p-value 0.001 0.000 0.004 0.000 0.000 0.001 0.008 0.000 0.033 0.002 0.000 0.000

BA KE diff -12.31 -3.40 8.17 31.92 -5.70 -3.81 -0.98 15.19 7.26 -0.86 41.48 24.59
p-value 0.001 0.014 0.000 0.000 0.023 0.010 0.902 0.000 0.002 0.094 0.000 0.000

o ™ diff 14.14 2.36 -2.54 3.90 12.45 -3.20 -10.72 2.85 -2.40 -1.00 3.63 4.60
p-value 0.001 0.197 0.093 0.332 0.035 0.041 0.374 0.011 0.284 0.151 0.218 0.144

s NR diff 8.70 1.42 -0.54 -4.39 11.84 0.16 5.31 -0.23 -2.20 -0.28 6.74 6.30
p-value 0.045 0.434 0.754 0.342 0.041 0.899 0.563 0.848 0.340 0.442 0.014 0.031

s 7A diff 10.75 3.75 -2.79 15.83 16.91 -1.20 -8.95 4.16 0.44 -0.21 -6.78 4.27
p-value 0.015 0.024 0.053 0.000 0.003 0.362 0.392 0.000 0.839 0.560 0.037 0.151

s BB diff 24.48 3.63 -2.71 21.10 14.79 -2.73 7.74 3.83 -1.46 -1.57 1.33 2.30
p-value 0.000 0.029 0.048 0.000 0.011 0.133 0.433 0.001 0.542 0.030 0.657 0.495

s PO diff 23.58 3.27 -3.41 6.15 11.07 -3.46 -7.57 3.60 0.47 -2.20 -1.61 -0.15
p-value 0.000 0.056 0.019 0.126 0.055 0.028 0.496 0.001 0.833 0.006 0.571 0.962

s KE diff 24.26 4.84 -0.44 -1.16 17.28 -1.88 13.89 1.76 2.61 -0.88 8.04 7.06
p-value 0.000 0.003 0.760 0.750 0.002 0.168 0.186 0.107 0.230 0.131 0.002 0.034

™ NR diff -5.44 -0.93 2.00 -8.29 -0.61 3.36 16.03 -3.08 0.20 0.72 3.12 1.69
p-value 0.177 0.603 0.240 0.074 0.857 0.020 0.089 0.009 0.922 0.236 0.222 0.551

™ ZA diff -3.39 1.39 -0.25 11.93 4.46 2.00 1.77 1.31 2.84 0.78 -10.41 -0.34
p-value 0.406 0.397 0.866 0.002 0.113 0.174 0.867 0.200 0.136 0.214 0.001 0.907

™ BB diff 10.34 1.27 -0.18 17.20 2.34 0.47 18.46 0.98 0.94 -0.58 -2.30 -2.30
p-value 0.011 0.443 0.901 0.000 0.444 0.805 0.068 0.357 0.663 0.509 0.409 0.481

™ PO diff 9.44 0.91 -0.87 2.25 -1.38 -0.27 3.15 0.75 2.88 -1.20 -5.24 -4.76
p-value 0.015 0.592 0.554 0.584 0.655 0.875 0.779 0.477 0.150 0.198 0.048 0.129

™ KE diff 10.12 2.49 2.10 -5.06 4.84 1.32 24.61 -1.08 5.01 0.12 441 2.45
p-value 0.008 0.130 0.150 0.178 0.129 0.381 0.021 0.307 0.010 0.874 0.069 0.446

NR 7A diff 2.05 2.33 -2.25 20.22 5.07 -1.36 -14.26 4.39 2.64 0.06 -13.52 -2.03
p-value 0.613 0.157 0.170 0.000 0.088 0.265 0.064 0.000 0.185 0.833 0.000 0.448

NR BB diff 15.78 2.20 -2.18 25.49 2.95 -2.89 2.43 4.06 0.74 -1.30 -5.42 -4.00
p-value 0.000 0.183 0.175 0.000 0.355 0.084 0.727 0.000 0.739 0.042 0.037 0.189

NR PO diff 14.88 1.84 -2.88 10.53 -0.77 -3.63 -12.88 3.83 2.67 -1.92 -8.36 -6.45
p-value 0.000 0.276 0.082 0.023 0.810 0.013 0.127 0.001 0.197 0.007 0.001 0.027

NR KE diff 15.56 3.42 0.10 3.23 5.44 -2.04 8.58 2.00 4.81 -0.60 1.29 0.76
p-value 0.000 0.037 0.953 0.452 0.096 0.106 0.275 0.080 0.017 0.231 0.565 0.800

ZA BB diff 13.73 -0.12 0.07 5.27 -2.12 -1.53 16.69 -0.32 -1.90 -1.36 8.11 -1.97
p-value 0.001 0.933 0.957 0.155 0.413 0.372 0.045 0.746 0.357 0.039 0.009 0.526

ZA PO diff 12.84 -0.48 -0.63 -9.68 -5.84 -2.27 1.38 -0.56 0.04 -1.98 5.17 -4.42
p-value 0.001 0.751 0.656 0.013 0.026 0.127 0.887 0.568 0.985 0.007 0.081 0.136

7A KE diff 13.51 1.09 2.35 -16.99 0.37 -0.68 22.84 -2.39 2.17 -0.66 14.82 2.79
p-value 0.000 0.459 0.092 0.000 0.892 0.595 0.012 0.016 0.240 0.202 0.000 0.363

BB PO diff -0.90 -0.36 -0.70 -14.95 -3.72 -0.74 -15.31 -0.24 1.94 -0.63 -2.94 -2.46
p-value 0.818 0.814 0.604 0.000 0.195 0.699 0.092 0.818 0.368 0.513 0.275 0.462

BB KE diff -0.22 1.22 2.27 -22.26 2.49 0.85 6.15 -2.07 4.07 0.70 6.71 4.76
p-value 0.954 0.411 0.089 0.000 0.405 0.625 0.467 0.047 0.051 0.370 0.007 0.163

PO KE diff 0.68 1.58 2.97 -7.31 6.21 1.59 21.46 -1.83 2.13 1.32 9.65 7.21
p-value 0.853 0.302 0.034 0.051 0.039 0.296 0.027 0.074 0.270 0.116 0.000 0.028

Source: Own processing in Jupyter Lab (Python).
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Average spending on housing, water, electricity, gas, and other fuels is significantly
higher in the Bratislava region compared to all other Slovak regions, which is an expected result
given the high property and rental prices in the capital. Specifically, households in Bratislava
spend on average 54.19€ more than those in the Banska Bystrica region, 48.91€ more than in
the Zilina region, and 39.23€ more than in the Pre$ov region.

The Bratislava region also shows statistically significantly higher average expenditures
than other regions in the following categories: clothing and footwear; communication;
miscellaneous goods and services (e.g., hairdressing, jewellery, insurance, consultancy,
financial services, funeral services, etc.) This may be attributed to the higher standard of living
in Bratislava, a wider selection of shopping opportunities, or a specific urban lifestyle. On the
other hand, average spending on alcoholic beverages, tobacco, and narcotics, as well as
furniture and household equipment, is significantly lower in the Bratislava region compared to
other regions.

At the 0.05 significance level, significantly higher average expenditures on housing,
water, electricity, gas, and other fuels were also observed in the Trencin, Trnava, Nitra, PreSov,
and Kogice regions, compared to the Zilina and Banska Bystrica regions.

Average spending on food and non-alcoholic beverages was significantly higher in the
Trnava region compared to all other regions at the 0.05 level. This spending was also
significantly higher in the Tren&in, Zilina, and Nitra regions compared to Banska Bystrica,
Presov, and KoSice.

Beyond the Bratislava region, average expenditures on restaurants and hotels were also
significantly higher (at the 0.05 level) in the PreSov, Banska Bystrica, Zilina, and Trnava
regions compared to the Nitra and KoSice regions. On the contrary, significantly lower
expenditures on restaurants and hotels were recorded in Trnava, Tren¢in, and Banska Bystrica
compared to the Zilina region.

In the Trnava region, significantly higher expenditures (at the 0.05 level) were observed
on furniture, household equipment, and routine household maintenance compared to Trenéin,
Bratislava, Nitra, Zilina, Banska Bystrica, and KosSice. Likewise, higher average expenditures
on communication were recorded in Trnava compared to Trencin, Zilina, Banska Bystrica, and
PresSov.

Significant differences at the 0.05 level also emerged in the transport category.
Significantly higher average transport expenditures were found in the Trenéin, Zilina, and
PresSov regions compared to Bratislava and KoSice. This may be linked to high commuting rates
to the capital city for work.

Overall, these results confirm the existence of regional differences in household
consumption behaviour, influenced by a combination of factors such as income level, cost of
living, availability of services, and cultural habits of the population.

Piekut and Knapkova (2025) used cluster analysis to analyse data from Household Budget
Survey to logically group EU countries with similar consumer behaviour. Kozak et al. (2022)
evaluated the consumer behaviour of Polish households at the regional level using the TOPSIS
method. This method allows for the ranking of regions based on socio-economic indicators and
ordering them by expenditure levels. We decided to test whether statistically significant
differences in household expenditure structure exist among Slovak regions, and therefore
applied the MANOVA method.

5 Conclusion

The results of the analysis confirm the existence of statistically significant regional
differences in the structure of consumer expenditures of Slovak households. Despite a similar
expenditure structure across regions in relative terms, multivariate analysis using
PERMANOVA and post-hoc tests identified significant differences between specific regions.
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The Bratislava Region stands out from the rest — not only in the total level of expenditures
but also in the nature of consumption. Significantly higher spending on housing, restaurants
and hotels, clothing and footwear, as well as postal and telecommunications services, point to
a higher standard of living, a different lifestyle, and likely a higher level of technological
advancement and service availability.

However, apart from the Bratislava Region, notable differences were also observed
between other regions in certain expenditure categories. For example, in the Trnava Region,
expenditures on food and non-alcoholic beverages were significantly higher than in all other
regions, which may indicate a different household structure or price level in the region.
Similarly, higher housing expenditures, besides Bratislava, were also observed in the Trencin,
Trnava, Nitra, Presov, and Kosice Regions compared to the Zilina and Banska Bystrica regions.

Increased expenditure on restaurants and hotels in the PreSov, Zilina, Banska Bystrica,
and Trnava Regions compared to the Nitra and Kosice Regions may indicate the development
of tourism or a greater focus on experience-based consumption. The Trnava Region also
reported significantly higher expenditures on furniture and household equipment, as well as on
postal and telecommunications services.

Significant differences also appeared in the area of transport — higher expenditures were
recorded in the Trenéin, Zilina, and Pre$ov Regions compared to Bratislava and KoSice. This
could be related to higher commuting rates or limited availability of public transport in these
regions.

These findings highlight not only the specific characteristics of each region but also
broader disparities between western and eastern Slovakia, where western regions — especially
Bratislava and Trnava — show higher levels of spending and consumption in many areas. These
differences reflect the economic performance of regions, availability of services, household
income levels, and their consumer preferences.

These results can be useful for shaping regional policies aimed at reducing inequalities
and supporting the balanced development of Slovak regions.

This paper is an output of the science project VEGA no. 1/0285/24: The Impact of
Inflation on Poverty and Social Exclusion in Slovakia and the EU; and Early Stage Grant
number A-25-103/3020-11: Macroeconomic forecasting using advanced machine
learning.
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Urcenie rizikovej skupiny investora fuzzy logikou pri vyuziti eurépskej
regulacie UCITS

Determining investor's risk group using fuzzy logic under the UCITS

Richard Martinus®

Abstrakt

Existuje mnoho pristupov, ktoré skimaji clenenie rizika investora. NajcastejSie
pouzivanym pristupom spravcovskych spolo¢nosti a brokerov je investiény dotaznik, ktory
uréuje rizikova skupinu, do ktorej investor patri. Castym problémom tohto pristupu je, ze
potencidlny investor je plne zaradeny do jednej kategorie, aj ked’ moze byt blizko hranice s
druhou kategoriou. Tento nedostatok je mozné zlepsit pomocou vyuzitia europskej smernice 0
podnikoch kolektivneho investovania do prevoditelnych cennych papierov (z angl. UCITS),
ktora stanovuje 7 rizikovych skupin podla syntetického ukazovatela rizika a strat SRRI.
Vyuzitim fuzzy logiky, uréujeme s akou prislu§nostou investor spiiia kazdd jednu otazku. Je
tak moZné presnejSie definovat’ profil investora cez SRRI vySSou granularitou rizikovych
skupin. Na analyzu pouzivame programovaci jazyk Python v prostredi Jupyter Notebook. Tento
¢lanok ma za ciel priniest’ presnejSiu klasifikaciu investorov do rizikovych skupin, nakol’ko
tvorba investicného dotaznika fuzzy logikou s vyuzitim eurdpskej smernice este doposial
nebola implementovana.

Krucové slova
UCITS, Fuzzy, Manazment rizika, SRRI

Abstract

There are many approaches that examine the classification of investor risk. The most used
approach offered by asset management companies and brokers is an investment questionnaire,
which determines the risk group to which the investor belongs. A common problem with this
approach is that a potential investor is fully classified into one category, even though he may
be close to the border with the second category. This deficiency can be improved by using the
European Collective Investment in Transferable Securities directive (UCITS), which sets out 7
risk groups according to the synthetic risk and loss indicator SRRI. Using fuzzy logic, we
determine with what affiliation the investor meets each question. This makes it possible to more
accurately define the investor profile through SRRI with a higher granularity of risk groups.
The Python programming language in the Jupyter Notebook environment is used for the
analysis. This article aims to bring a more accurate classification of investors into risk groups,
since the creation of an investment questionnaire with fuzzy logic using the European directive
has not yet been implemented.

Key words
UCITS, Fuzzy, Risk management, SRRI

JEL classification
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1 Introduction

Allocating an investor's assets and assigning them to an adequate risk group is a difficult
task in modern investing. Investors often demand the highest returns, the risk of which they are
unable to manage. It is the failure to manage risk (market fluctuations) that leads to the sale of
assets in a period of unfavorable development of financial markets and subsequent high losses.
In order to set up a suitable investment product for a potential investor, it is necessary to classify
investor according to the risk profile and assign investor to a risk group, as defined in the
Securities Act 566/2001 Coll (Narodna rada Slovenskej republiky, 2001). Investment
questionnaires in banks, asset management companies and other asset providers in Slovakia are
carried out based on so-called exclusionary conditions (hereinafter K.O. conditions), which
integrate the investor into one of the three risk groups. If the questions in the questionnaire are
answered in favor of high-risk aversion, the investor is rightly limited in his choice and is
subject to a restriction on the allocation of his assets to more risky funds. The disadvantage of
questionnaires using this approach is that they assign investors to only 3 risk groups, which is
often not enough. As mentioned, investors are sorted into group of dynamic investors, balanced
investors and conservative investors. The first group to represent investors with the greatest risk
aversion is the group of conservative investors. These investors are allowed to buy bonds and
bond funds due to their low risk. Bonds provide a fixed income in the form of interest rates,
which can help protect investors from inflation. In the event of bankruptcy, bondholders are
paid before shareholders (Johnson, 2018).

For investors who are willing to take on a greater degree of risk, there is a set for balanced
investors, which represents a mixed approach, consisting of bond, real estate, and equity parts.
The last set stands for dynamic investors, these investors have a high level of risk acceptance
and can thus achieve the highest returns. This set allows investors to create a portfolio from all
available assets and the allocation is usually fully focused on stocks. Companies and financial
advisors use terms such as conservative, balanced and dynamic investors to describe investment
strategies and portfolios that correspond to clients' different levels of risk tolerance and
investment objectives. These terms are not defined in the law but are commonly accepted in the
investment community and their meaning is derived from related EU legislation and rules, such
as MIFID - Markets in Financial Instruments Directive (European Parliament and Council,
2004). They often appear in investment literature and educational materials (Omololu, E, 2023).

The current deficiency of investment questionnaires results is assigning different
investors to the same set, while they may be investors who have significantly different levels
of risk acceptance or risk aversion. It is possible to have an investor that is on the border of two
groups and therefore his portfolio composition should overlap between these groups. However,
since the currently used questionnaires strictly categorize investors only into 3 groups, the
investor that falls in between will end up with a sub-optimal recommendation of portfolio
composition since the range of risk aversion in specific group is too big. An option is to create
more risk classes as defines UCITS, which stands for Undertakings for collective investments
in transferable securities (European Parliament and Council, 2014). To solve this problem, this
article applies fuzzy logic and fuzzy sets to assign the exact allocation of assets, specifically
adjusted to the investor's responses. The next problem is uncertainty in answers, when
respondents are not sure which answer to choose, so they can pick random answers from
provided answers which influence the results. This problem will be solved with more specific
answer options represented with fill-in answer options, instead of multiple predefined options.
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2 Methodology

This chapter examines the current state of questionnaires and analyzes the assignment of
investors to risk groups. At the same time, we will describe why the current setup is insufficient.
The second subchapter describes the fuzzy set approach that will be used to refine the allocation
to be specific and fitting to each investor. Final subchapter takes into consideration UCITS
regulation for European Union funds and used formulas for computing each risk class.

2.1 Usage of the Investment Questionnaires

The first chapter discusses the reason for using the investment questionnaire. This
questionnaire is a necessity for starting the investment and its creation must comply with the
Securities Act 566/2001 Coll. From the results of the questionnaires, it is possible to purchase
only those underlying assets whose risk corresponds to the risk profile of the investor. By
buying riskier assets beyond their level of risk acceptance, the investor exposes themselves to
the danger of not managing emotions and fluctuations in the markets, due to which the portfolio
may be sold at a loss (Financial Conduct Authority, 2021).

The current solution for these questionnaires is to use classical sets, where restrictive K.O
conditions determine the result of the questionnaire and each of the investors can belong to only
one set. In general, if an investor is unable to take risks when investing, he belongs to a
conservative investor. If an investor is willing to take the highest risk, he is classified as a
dynamic investor. If the investment questionnaire consisted of only one question in the wording:
indicate your risk aversion when investing, it would be possible to distinguish between the two
investors and assign them to appropriate groups. Let us denote by the letter X a universal set of
elements (in our case all potential investors) and the set C (in our case a subgroup of investors)
as a subset of the set X. Based on set theory, one can say whether each element x of the universal
set X belongs to the set C. The belonging of the element x to the set C, which is a subset of the
universe X, (which is a basic mathematic concept developed in (Cantor, 1874) is expressed by
a characteristic function ¢ as follows:

(pK :X - {O' 1},

ox x) =1if x €C, (1)
g (x)=0,ifx ¢ C

In this case, set C could represent a group of conservative investors with maximum risk
aversion, and element x is the representative of the investor who filled out the investment
guestionnaire. Based on the answers, investors are assigned a percentage of risk, based on which
it is possible to include the investor in a risk group. In general, percentages in a portfolio can
be used to determine an investor's risk profile. A conservative investor might have a higher
share of conservative investments, such as bonds or money markets, while a dynamic investor
might have a higher share of stocks or other riskier assets. These ratios can be adapted to the
individual goals and needs of the investor (Nukala, V.B., Prasada Rao, S.S, 2021). When
identifying, for instance, conservative investors, the characteristic function could be determined
as follows:

@c (x) =1,ifx < 35%,

2
@c (x) =0,ifx > 36% )
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Investment questionnaires set out three sets to which investors can be assigned. The
boundaries of each set are shown in Figure 1, where:

» Conservative investor achieves a result from 0% to no more than 35%
« A balanced investor achieves a result of at least 36% to no more than 74%
« A dynamic investor achieves a result of at least 75% to 100%

Figure 1: Types of investors

Conservative Balanced / Dynamic

0% 50% 75% 100%

Source: Own processing (2025)

Based on the questionnaire, individual investors are assigned to classes and therefore can
buy securities, the composition of which varies depending on their risk group. Investors in the
higher risk group have the opportunity to buy products from their own risk group and as well
the products available to the lower risk groups. If the product were only available to the riskiest
group, conservative investors would not have access to it. At first glance, these three groups
may seem sufficient. However, there is a difference that would be best shown by an example
of two investors. Let both investors be in the set of dynamic investors, but investor A has a
significantly lower risk acceptance (75%) - on the border with a balanced investor. Investor B
is fully dynamic and has a maximum risk acceptance rate (100%). According to the investment
questionnaire, both would be offered the same products in identical proportions as they both
belong to the dynamic investor group. This article tends to disagree with this approach, as each
of the investors is specific and their portfolios should be more personalized, based on their risk
profile. The inaccuracy of this approach can be easily read from Figure 1. For this reason, this
article will explore the application of fuzzy logic in order to improve the categorization of
investors based on the results of their investment questionnaire.

2.2 Fuzzy logic

Fuzzy logic was introduced as an extension of classical sets (Zadeh, 1965). The difference
from the classical sets lies in determining belonging to the set on the interval between 0 and 1.
In the example above, the allocation of investors in a given set using classical sets could not be
clearly distinguished, resulting in different investors being recommended the same portfolio
composition. Using intensities (affiliations) of belonging to a set, it is possible to determine the
exact values of affiliations of belonging and thus better optimize the asset allocation for a given
investor. If fuzzy logic was used, the investor could have specific portfolio type with higher
granularity and so it would be much more precise than using only three risk groups. We can
distinguish between conservative and ultra conservative investors and their risk aversion.

A high variety of fuzzy sets exist. In this work, we applied: R-fuzzy, L-fuzzy, triangular,
trapezoidal, and singleton. Each of the sets has a specific and suitable applicability for
calculating affiliations.
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R fuzzy is defined with two parameters. Parameter a represents, where support of fuzzy
set starts and parameter b represents where core of fuzzy set starts (3).

0, x<a
xX—a
ﬂR(X)Z b_a) a<x<b (3)
1, x=b

L fuzzy is defined with two parameters. Parameter a represents, where core of fuzzy set
ends and parameter b represents where support of fuzzy set ends (4).

1, x<a
b—x
u(x) = , a<x<b (4)
b—a
0, x=b

Singleton (S) fuzzy is defined with one parameter. Parameter m represents an element,
from all elements that assumes the value of one — the core of fuzzy set is defined in only one
point (5).

pe={y I 5

, xX=m

Trapezoidal (Trap) fuzzy is defined with four parameters. Parameter a represents start of
support, d represents end of support, b represents start of the core, ¢ represents end of the core.

0, x<aVx=>d

xX—a (a,b)
xe(a
b_a’ )
ra(x) = 1, xe < b,c> (6)
d—x p
i—c’ xe(c,d)

More about fuzzy sets theory is in Fuzzy set theory and its applications can be found in
multiple articles such as (Zimmermann, 2001).

2.3 UCITS

UCITS represent a European Union regulatory framework governing collective
investment funds. It was introduced to ensure a level of investor protection and to ensure the
free distribution of these funds within the EU. UCITS funds are popular with both retail and
professional investors, who must comply with strict rules on diversification, transparency and
risk management.

UCITS regulations require a key investor information document (KIID), which contains
important information about the fund, including the investment strategy and risk profile. It is in
this document that the Synthetic Risk and Reward Indicator is found. This indicator is mostly
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used with funds that are offered to retail investors. The SRRI was introduced, to simplify the
information for investors in matter of potential riskiness and return of the specific fund.

SRRI as an indicator was introduced as part of EU legislation on the key documents that
must be shared with investors, and they contain important information about the fund. This
indicator is a mandatory part of the KIID for all Undertakings for Collective Investment in
Transferable Securities (UCITS) funds. As shown, the intention of SRRI is to provide simple,
visually accessible information, which makes it easier for investors to compare different
investment products. Another benefit of SRRI is its transparency of the fund score, which is
widely used with brokerage companies which intention is to provide funds for their clients,
which matches clients’ risk profile. The higher the score of SRRI is, the higher risk and return
can investors expect. SRRI is expressed through a single number that ranges from 1 to 7. This
level reflects different levels of risk, with a lower number meaning lower risk and lower return,
while a higher number means higher returns. The indicator is calculated based on the historical
volatility of the fund, which is a measure of the fluctuations in the value of investments in the
past. Volatility is used as the main indicator of risk, which is measured with standard deviation
for last 5 years. It reflects how significantly an investment can change over time.

Score from 1 to 2 (marginally 3) belongs to the funds with lower risk. Typically, they
invest in low-risk assets like government bonds, term deposits, short-term bonds, or other cash
equivalents. Such funds are often referred to as conservative or suitable for conservative
investors.

The score from 3 to 5 belongs to the funds with higher risk. These funds are likely to have
structure based on combination of bonds, stocks and other financial instruments. Bond do not
have to be just issued by government. Higher risk bonds with higher yields are corporate bonds,
which might be contained in these compositions. These funds are suitable for balanced
investors, which cannot manage high risk funds.

Score from (marginally 5) 6 to 7 are two of the highest possible scores from SRRI range.
High risk funds mostly allocate their financial means into stocks or other riskier assets. These
funds have the tendency for the long period of time to have higher returns than funds with
conservative assets like government bonds or funds that generate income from real estate’s
rents.

The volatility on which the SRRI is calculated is measured using the historical standard
deviation of the fund's returns. Standard deviation measures how much a fund's returns deviate
from the average return over a period. A period of 5 years of historical data is usually used to
calculate the SRRI, if available. General methodology is shown in Methodology for the
calculation of the synthetic risk and reward indicator (Committee of European Securities
Regulators, 2009). According to the Committee the volatility of the fund shall be computed,
and then rescaled to a yearly basis, using the following standard method:

T
;2
volatility = O = %Z(Tﬁt -1 f) (7)
t=1

Where the returns of the fund (r¢.) are measured over T non overlapping periods of

duration of 1/m. This means m=52 and T = 260 for weekly returns, and m=12 and T=60 for
monthly returns; and where r'¢ is arithmetic mean of the returns of the fund over the T periods:

(8)

98



Richard Martinus  Determining investor's risk group using fuzzy logic under the UCITS

T
, 1
=g Qe
t=1

Committee states that the synthetic risk and reward indicator will correspond to an integer
number designed to rank the fund over a scale from 1 to 7, according to its increasing level of
volatility. Each score from 1 to 7 represents the final value behind the volatility intervals:

Figure 2: Types of investors

. Volatility Intervals
Risk Class
equal or above less than

1 0% 0.5%

2 | 0.5% 2%
3 2% 5%

4 5% 10%

5 10% 15%

6 15% 25%

7 25%

Source: own processing (2025)

3 Results

We can divide questions in an investment questionnaire into three groups. First group
A represents questions focused on investor’s experience and knowledge with securities. The
second group represents the financial situation of the investor. The last third group focuses on
the risk and time horizons of investors.

Here are the questions asked in the questionnaire, where all answers have been filled by
option “fill in blank™ and not with using predefined options:

Q1A-Right: How many years of experience do you have in investing?
e Where a stands for zero experience, b stands for 3-year experience (3).

Q2A-Trapezoidal: What is the percentual annual return of S&P500 index in the last 10
years?

e \Where a stands for 7% return, b stands for 8% return, ¢ stands for 12% return, d stands
for 13% return (6).

Q3A-Singleton: What is my portfolio value when I invested 1 000 units, the first year
dropped by 10% and second year rose 10%?

e Where m stands for 990 units (5).
Q1B-Right: What is your average monthly net income?

e Where a stands for 615 representing minimum net wage for Slovak citizen, b stands
1130 representing average net wage of Slovak citizen (3).

Q2B-Right: What amount can you save monthly?
e Where a stands for 0 units, b stands for 10% of net wage from Q1B (3).
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Q3B-Right: What is your total amount of savings reserve?
e Where a stands for 0 units, b stands for value of 6 times of net wage from Q1B (3).
Q4B-Left: How much do your loans cost monthly?

e Where a stands for value of 36% of net wage, b stands for value of 43% of net wage
from Q1B (4).
Q1C-Right: How many years do you plan to invest?
e Where a stands for 3 years, b stands for 5 years (3).

Q2C-Left: If the value of your portfolio dropped 20% in a year, how many percent of
total portfolio would you sell.

e Where a stands for 0%, b stands for 5% of portfolio value (4).
Q3C-Left: What is your age?
e Where a stands for 54 years, b stands for 64 years of age (3).

As the input we provide randomly generated data that simulates real answers. This input
data from the investment questionnaire is shown in figure 3 below, where we represent 481
records:

Figure 3: Investment questionnaire records

(4 A 8 ' Cc | 0 | £t _F | G | _H | I | J |

QlA—R—exp Q2A-TRAP-spb00 Q3A-S-drop Q1B-R-income Q2B-R-save Q3B-R-savings Q4B-L-loan Q1C-R-horizon Q2C-L-drop Q3C-L-age

6 7 957 2243 236 10467 40 16 0 49

16 10 1058 2022 509 1348 45 12 13 37

16 14 1088 2076 247 14532 31 3 g 68

9 14 990 1503 520 10020 22 26 0 24

B3 o 12 961 2235 62 15645 32 15 10 25

18 6 990 1302 279 13888 21 2 0 50

8 6 4 999 1160 343 18947 0 18 0 22

9 15 7 1075 844 59 7877 34 20 14 18

10 6 10 1092 1250 108 12500 0 17 11 18

3 4 1028 1814 217 22373 0 5 0 37

m Q Q aan 1171 n7e 14022 20 10 n AA

Source: own processing (2025)

After obtaining answers we use the fuzzy logic which sets the affiliation to each fuzzy
set. Used formulas in Python are represented at figure 4, which is equal to formulas defined in
subchapter 2.2. In the whole process we used the programming language Python.

Figure 4: Fuzzy sets
def L_fuzzy(a,x,z): def R_fuzzy(a,x,z): def S_fuzzy{x,m): def Trap_fuzzy{a,l,x,r,z):
if (x¢=a): if(x<=a): if(xl=m): if(x<=a or x»=z):
return 1 return @ return @ return a;
elif (@<x and x<z): elif(a<x and x<z): elif(x==m): elif(x»>a and x<1):
return (z-x)/(z-a) return (x-a)/(z-a) return 1 return R_fuzzy(a,x,1)
elif (x3=2): elif(x»=z): elif(x»=1 and x<=r):
return @ return 1 return 1

elif(x»r and x<z):

return L_fuzzy(r,x,z)

Source: own processing (2025)

After the computation is done, we proceed to averaging the responses of individual groups
to new three groups QA, QB, QC. These values we substitute with the use of linguistic variables
as shown at Figure 4, which are used in our built matrix which determines the final SRI score.
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Figure 5: Linguistic variables

" Investment experience
1 & N F Y i H
x_“ l,.-"; ‘.\ JI_.-' x\ _,.-"' :
\/ NS V4 :
verylow i Low X Medium X High 5
o / \ 1 N 2 PR 3 :
¢ ', ¢/ Y .-'"r "‘x i
/ / % i W Ly
0] 0.2 0.3 0.5 0.6 0.8 0.9 1
" Financial situation
1 F, F Y ri
\\\ y x\x / N/ |
" .-'"r \ Jl_.-" E
Insufficient ¥ sufficient f}g‘ Solid A Great
o J_.-" l‘"\.\‘ 1 __,-"f 1"-;\‘ : iy 1"-. 3 E
f kY i Y i \‘x HE
a 0.2 0.3 0.5 0.6 0.8 0.9 1
" Risk and horizon
1 — -~
/ / \ /
‘-K / ‘x\ f,f oo :
/! ! i
Low \‘,{ Short-term by Midterm Y Longterm !
’ / N ] ;II \‘\‘1 ’ / ' " ’ i
":Ir 1"\. I ."“-_ .-"r 'x_‘ [
0] 0.2 0.3 0.5 0.6 0.8 0.9 1

Source: own processing (2025)

The matrix is filled with 64 possible options and 7 outputs. The matrix used does not have
a specific general notation. Since this is a new approach, we have proposed the notation in the
following figure 6.

Figure 6: Defined SRRI matrix

INPUT | SRRI__| INPUT | SRR | INPUT | _SRRI__| INPUT | SRRl _

0,0,0 1 1,0,0 1 20,0 2 3.0,0 3
0,0,1 1 1,0,1 2 20,1 2 30,1 3
0,0,2 2 1,0,2 2 20,2 3 3.0,2 4
0,0,3 3 1,03 3 2.0,3 4 3,0,3 4
0,1,0 1 1,10 2 21,0 2 3,1,0 3
011 2 111 3 21,1 3 31,1 4
01,2 2 11,2 3 21,2 4 31,2 5
01,3 3 11,3 4 21,3 5 31,3 6
0,2,0 2 1,2,0 2 2,2,0 3 3,2,0 4
02,1 2 1,2,1 3 22,1 4 3.2,1 5
0,2,2 3 1,2,2 4 2,2,2 5 3,2,2 6
0,2,3 4 1,23 5 2.2,3 6 3,2,3 7
0,3,0 3 1,30 3 2.3,0 4 3,3,0 4
031 3 131 4 23,1 5 33,1 6
03,2 4 1,3,2 5 2.3,2 6 33,2 7
03,3 4 1,33 6 23,3 7 3,3,3 7

Source: own processing (2025)
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The last step was to show the SRRI score from 1 to 7 range and compare it with three risk
groups used until now. This is shown at figure 7.

Figure 7: Output of investment questionnaire
QiA- Q2A- Q3A- Q1B- Q2B- Q3B- Q4B- Q1C- Q2C- Q3C-

R TRAP 5 R R R R 'S L L QA QB QC JP-A JP-B JP-C SRRI SRRI_profile

0 1 0 0 1 0.03 1 a 1 a 1 033 051 067 Low  Sufficient Midterm 3 Balanced

1 1 1 0 1 0.03 1 Q 1 Q 1 067 051 0467 Medium  Suffident Midterm 4 Balanced

2 1 0 0 1 0.07 1 a 1 a 1 033 052 067 Low  Sufficient Midterm 3 Balanced
393 1 0 0 1 0.1 1 a 1 a 1 033 052 0,67 Low Sufficient Midterm 3 Balanced
304 1 1 1 1 0.04 1 0 1 1 1 10 051 10 High  Sufficient Longterm 3] Dynamic
395 1 1 0 0.33 013 1 a 1 a 1 067 036 067 Medium Sufficient  Midterm 4 Balanced
396 067 1 1 1 0.08 1 a 1 a 1 059 052 067 High  Sufficient Midterm 5 Balanced
397 1 1 1 1 0.04 1 a 1 a 1 10 051 067 High  Sufficient Midterm 5 Balanced
398 033 0 0 0 007 o o 1 o 1 011 002 067 V'E': Insufficient  Midterm 2 Conservative
399 1 0 1 1 0.02 1 a 1 a 1 067 05 067 Medium Sufficient  Midterm 4 Balanced
400 1 0 0 0 0.22 a a 1 a 1 033 006 067 Low Insufficient Midterm 2 Conservative
401 1 0 1 071 0.08 1 o] 1 1 1 067 044 1.0 Medium Sufficient  Longterm 5 Balanced

Source: own processing (2025)

With this approach, we can precisely define how risky a fund is ideal for an investor and
more precisely determine the risk profile using SRRI.

4 Further research

There are many ways to build a portfolio based on set value of risk. If we were to try to
adhere to the European regulation for collective investment UCITS, we should continue in our
research to use the standard deviation as a representative of risk while building portfolios. In
this case, it is possible to use the theory of modern portfolio, where it is possible to create an
effective border of portfolios with standard deviation on horizontal axis and estimated return
on vertical axis. We can subsequently divide these portfolios, which would be made up of equity
securities, into SRRI risk groups according to the interval of the lower and upper volatility
limits. This allows us to build groups of effective portfolios, which can then be optimized and
the best portfolio for each group can be selected. Portfolios with lower SRRI classes must be
combined with bonds or other low-risk assets. Here, it is possible to start, for example, from
the possibility of using the capital market line and allocating the bond component, which
represents a risk-free asset, in aliquots according to the degree of risk, while the capital market
line will pass through the risk-free asset and the optimal portfolio, made up of purely equity
assets. This approach shown at figure below is one of many that we are considering in the future
as a complement to this work.
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Figure 8: Effective border portfolios
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5 Conclusion

Risk management, portfolio selection and weight allocation is a challenging discipline
and there is no clear answer to how to build an optimal portfolio that will perform best from all
available options in future. A certain level of optimality can be reached by building a portfolio
that is more individualized for the investor. The original format of the investment questionnaire
assigned investors to one from three categories only. Here existed edge cases and not
specifically defined sets of who and when is going to be assigned in specific risk set. An
alternative proposed in this article is the applicability of fuzzy sets, where affiliations to
individual sets based on answers from questionnaires can be assigned more accurately under
the regulation UCITS. All restrictive conditions from answers in questionnaire are considered,
using fuzzy sets and linguistic variables. We build the SRRI matrix with 64 specific options,
that leads to 7 risk groups. The offered approach is more flexible, and the greatest advantage is
the dynamism of questions, which are self-adaptable on each investor. The extension of this
contribution could in the future involve applying a new approach that replaced the use of SRRI
in 2014 with the current SRI approach found in Packaged Retail Investment and Insurance
Products. The SRI approach is based on calculating a score from 1 to 7, taking into account
market risk measure (MRM) and credit risk measure (CRM). In this approach, the calculation
of volatility is applied using Value at Risk. The resulting portfolios would therefore not only
depend on returns and standard deviation but also on the expanded model applied in the SRI
methodology.We believe our new approach for evaluation of investors’ risk is more accurate
and transparent.

Funding: This article was supported by the Grant Agency of Slovak Republic: VEGA
grant no. 1/0120/23 “Environmental models as a tool for ecological and economic decisions
making”.
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Metody strojového ucenia aplikované pre investi¢né stratégie

Machine learning methods applied for investment strategies

Richard Martinus®

Abstrakt

Strojové ucenie sa Coraz cCastejSie stava kl'icovym a preferovanym ndastrojom pri tvoreni
a optimalizacii investiénych portfolii. Jeho vyuzitie spociva v presnejSich predikciach,
adaptivnom rozhodovani a vlastnosti naucit’ sa podl'a vzorov ako reagovat’ na trhové udalosti.
V oblasti financii je strojové ucenie uplatiiované pomocou regresnych modelov, neurénovych
sieti alebo aj u¢enim formou odmenovania, kde cielom je predpovedat’ cenové pohyby aktiv.
Vyuzitim neurénovych sieti je mozna identifikécia komplexnych vzorov v historickych datach,
zatial' Co ucenie na zdklade odmenovania optimalizuje stratégie obchodovania podl'a spétnej
vazby. V ¢lanku poukazujeme aj na vyhody a vyzvy spojené s pouzivanim strojového ucenia
V investovani ako je interpretovatel'nost’ modelov alebo kvalita dat.
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Abstract

Machine learning is increasingly becoming a key and preferred tool in the creation and
optimization of investment portfolios. Its use lies in more accurate predictions, adaptive
decision-making and the ability to learn from patterns how to respond to market events. In the
field of finance, machine learning is applied using regression models, neural networks or even
reinforcement learning, where the goal is to predict asset price movements. Using neural
networks, it is possible to identify complex patterns in historical data, while reinforcement
learning optimizes trading strategies based on feedback. We also discuss the advantages and
challenges associated with the use of machine learning in investing, such as model
interpretability or data quality.
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1 Introduction

Learning is the foundation of every human being from birth, starting with learning to eat,
taking the first steps, and continuing through school. Learning can be used not only in humans,
but also in technology. In the world of information technology, machine learning (ML) can be
defined as the science of computers' ability to learn without being explicitly programmed.
Machine learning is a subset of artificial intelligence (Al) and is an impressive way to approach
solving complex problems. This revolutionary approach to analyzing, processing, and
interpreting data allows computer systems to learn and subsequently improve in the area they
are used for. Improvement in machine learning is the ability to improve the results of an
algorithm with minimal human intervention. Unlike traditional programming, where a
programmer manually defines rules, machine learning allows a system to adapt to new
situations based on existing data. There are many algorithms and different machine learning
techniques, the most common of which are supervised learning, unsupervised learning, and
reward-based learning. In supervised learning, a model is trained on labeled data, where the
outputs are labeled. The goal here is to teach the model to predict outputs based on new inputs.
Unsupervised learning, as the name suggests, is based on learning from unlabeled input data.
The goal is to discover patterns and groups or structures in the data that are related to each
other. Reinforcement learning is based on learning from interaction with the environment. The
goal is to maximize reward or minimize loss, and this type can be imagined by awarding points
for good decisions and deducting points for bad decisions. Various techniques can also be used
in predicting financial markets, which is generally a difficult, if not impossible, discipline. It is
never possible to accurately predict events such as inflation, natural disasters, pandemics or
other macroeconomic events that can change the market trend. Analyses can only approximate
the future market direction and the analyses created should only form guidelines for predicting
asset prices. We chose the topic of machine learning because it is an increasingly attractive
approach to solving complex problems not only in finance and allows for continuous
improvement of the algorithm. This article is focused on a deeper understanding of machine
learning, its methods and techniques in the field of finance, where we will illustrate the
application of machine learning in predicting the prices of financial assets. The goal is to
examine how machine learning can determine the future value of an asset or at least approach
the value that may occur in the future.

2 Literature review

Machine learning and artificial intelligence are rapidly becoming mainstream approaches
to solving various investment strategies. Its history dates back to the 1950s, where the most
famous article that is considered the foundation of machine learning is “Computing Machinery
and Intelligence” (Turing, 1950). Turing was concerned with the question of whether machines
can think and introduced the Turing test, which evaluates a machine’s intelligence according to
its ability to communicate like a human. Here he outlined the idea that machines could learn
from data and experience, just like humans. The first program that learned from experience was
created for the game of checkers, where learning was used in the form of rewards and heuristic
search. The program improved here, so that it played against itself (Samuel, 1959).
Subsequently, new approaches and contributions were developed and discovered that addressed
the topic of machine learning. When it comes to investing, there are several approaches that can
be used, such as active trading, where the investor buys and sells assets over a short period of
time (days or weeks), but it can also be a long-term investment strategy. In this chapter, we will
present several articles studied abroad, in which we will describe the solution procedure that
the authors chose to solve this problem. One of the first articles focused on investing using
machine learning is a article from the 1980s that applied neural networks to price prediction
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and was constructed when predicting IBM stocks. The author focused on the solution using
MLP multilayer perceptrons, which he used to predict stock prices (White, 1988). Among the
first articles is the valuation and hedging of derivative securities using machine learning
methods. The article focused on non-parametric methods such as neural networks. The authors'
approach enabled a more accurate approach to modeling nonlinear patterns in markets, while a
new tool was created for optimizing hedging strategies (Lo & Poggio, 1994). The article
"Application of machine learning in algorithmic investment strategies on global stock markets"
focuses on the use of machine learning in algorithmic investment strategies. Several models are
analyzed here, such as neural networks, naive Bayesian models or regression trees for
generating trading signals on the Warsaw WIG20 index, the German DAX index and the
American S&P500 index and selected Central and Eastern European indices in the period from
January 2002 to the end of March 2023. Individual strategies and the benchmark buy-and-hold
strategy were compared with each other, where risk and return were compared. The results
showed that machine learning models outperformed passive strategies, with the best performing
models being the polynomial support vector machine for the WI1G20 and S&P500 indices. The
best performing model for the DAX index was the linear support vector machine (Grudniewicz
& Slepaczuk, 2023). Another study presents financial market indicators that can be used for
investment strategies when investing in the global stock market. The authors propose to create
a design of unmanaged and managed global stock market volatility using pairwise correlation
and vector autoregressive models. The effectiveness of these indicators was analyzed using
logistic regression, SVM, and the random forest algorithm. Strategies for global stock market
prediction and regional allocation for emerging markets were proposed. The results showed that
these indicators are useful in times of crisis. The study is one of the first attempts to apply
financial indicators in investment strategies (Lee & Cho & Kwon & Sohn, 2018). Focusing on
the development of a sustainable quantitative investment model is also possible using machine
learning. The model that the authors investigated includes stock selection and algorithmic
trading, using principal component analysis and EVA (Economic Value Added) indicators for
stock selection. Testing the model on the US stock market showed that the LSTM networks can
predict stock prices more accurately from the used techniques. The strategy generated higher
returns than the market in all market conditions. (Li & Wang & Ahmad & Huang & Khan,
2023). We will also practically apply the LSTM technique in this article. Studies are often
focused on long-term investment strategies within Value Investing. This approach is based on
estimating the intrinsic value of an individual company and investing in undervalued stocks,
which represents a safety margin. The goal of this study was to automate stock selection by
combining the principles of Value Investing and historical financial data. The classification
models used classify stocks based on investment activity. The model's success rate reached
more than 80%, identifying stocks with a potential for 15% annualized returns over a three-year
horizon from the recommended purchase date. (Priel & Rokach, 2024). The overall benefit and
increasing use of machine learning is also illustrated in a survey by the CFA Institute conducted
in 2022, where 71% of respondents stated that new analytical methods created by artificial
intelligence and machine learning will significantly affect job positions in the next 5 to 10 years.
An overall overview can be seen in Figure 1.
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Figure 1: CFA survey
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3 Methodology and research methods

Machine learning is based on the idea that a computer should be able to learn
independently without human assistance and then be able to apply what it has learned in
practice. This chapter will introduce three categories of learning methods (supervised learning,
unsupervised learning, and reinforcement learning), and will also introduce the algorithms that
are often used in these types, the principle of testing and training data, which form the basic
building blocks of machine learning, and measures of forecast accuracy.

3.1 Data selection

Testing and training data are the basis for machine learning, in achieving the correctness
of algorithms and can be divided into two sets. Training data set represents the first series of
data that is used in the system. This data is used to improve or train the model and usually
represents between 70% and 80% of the total data set. It is therefore used to train machine
learning algorithms so that they can make predictions, which can be for example classifications
based on relationships and patterns found in this data set. When improving the model, we
recognize inputs that represent characteristics or attributes that the model analyzes. An example
could be predicting house prices, where the inputs can be location, plot size or number of rooms.
The inputs are followed by outputs that represent target values or categories that we want the
model to predict. If we were to stick to the example above, then for house prices the output
would be the price of the house. The quality and size of the training data set strongly affects the
performance of a machine learning model. In general, the training process consists of data
collection and preparation, data partitioning, model training, model evaluation, and model
optimization. Without training data, models would not be able to learn and generate predictions
of results such as classification. Testing data set is the second data set, which usually represents
20% to 30% of the data from the total set. This data is just as important as the training data,
although its use in the time sequence is after the training data. It is used to evaluate the
performance of the model after it has been trained. Evaluation consists of verifying whether the
model can correctly predict or classify new data and thus assess its ability to generalize. Test
data also consists of inputs and outputs. Inputs represent characteristics or attributes that the
model analyzes. These inputs can be, for example, measurements, parameters, or other relevant
information. Outputs are target values or categories that the model predicts. They are used to
compare with model predictions to evaluate the accuracy of the model. When testing data, the
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usual first step is to divide the data into a set, evaluate the model, followed by evaluation
methods and generalization with validation. We distinguish several evaluation methods, for
example, accuracy, precision, recall, F1-score, measures of forecast accuracy such as mean
square error (MSE), root mean square error (RMSE) or mean absolute error (MAE). We will
discuss quality assessment at the end of this chapter. Testing data allows us to assess whether a
trained model is overfitted or underfitted and is crucial for objective model evaluation
(Chatzilygeroudis & Hatzilygeroudis & Perikos, 2021). Important issues in model evaluation,
optimization, and selection are the overfitting and underfitting. Each of these issues represents
an extreme in the model’s ability to learn from training data and generalize correctly to new,
unknown data. Undertraining occurs when a model is unable to capture patterns and
relationships in the training data well. The model is too simple, and its prediction capabilities
are weak. This leads to low accuracy on both training and test data. The first cause may be that
the model is too simple, whereas if the model is not complex enough, it cannot capture patterns
in the data. Other causes include a lack of features (input variables), too much regularization,
which penalizes large weights and leads to a model that is too simple, or a lack of training data.
An undertrained model is unable to properly capture the essence of the data and has low learning
from the training data. Undertraining can be avoided by using a more complex model that better
captures patterns in the data, adding relevant features, reducing the degree of regularization, or
increasing the amount and quality of training data. Overtraining occurs when a model learns
training data too well, even with the noise of this data and anomalies, which leads to high
accuracy on training data, but poor generalization to new unknown data. Common causes of
overtraining are an overly complex model with many parameters that adapt too well to the
training data. To avoid overtraining, measures can be taken such as using regularization
techniques that penalize large weights such as L1 and L2, using cross-validation to evaluate the
model, reducing the complexity of the model, e.g. by reducing the number of parameters or
layers in the neural netarticle, increasing the amount and quality of training data (Demyanov,
2015).

3.2 Types of learning in ML

Supervised learning is one of the main approaches in machine learning, where models
learn from data that contains input and output pairs. The model is trained on training data that
contains inputs and their corresponding outputs. The goal of the model is to learn the mapping
between inputs and outputs so that it can make predictions about unknown and future data
(target or explanatory variable). A prerequisite for its use is the existence of a sufficiently large
training dataset that contains correctly labeled input—output pairs. It is therefore strongly
dependent on a sufficient amount of quality data. In supervised learning, we distinguish two
types of supervised learning: classification and regression. The difference in unsupervised
learning is that the data is not labeled, and the algorithms try to discover, model, and describe
patterns in the data in order to learn new information. The most used algorithm is clustering. In
the case of reinforcement learning, no labeled or unlabeled training examples are used to train
the model. Reinforcement learning occurs by creating a system (agent), which we deploy into
the environment and let it learn through interaction with the environment. The only thing we
need to determine about it are the rules for how it can behave in a given environment and the
so-called reward function. With its help, the agent can evaluate whether the decision it has just
made was beneficial for it or not. Then, using the trial-and-error method, like a human, it tries
out individual options and learns how to ideally behave in individual situations. A model
example for reinforcement learning is the game of chess - Deep blue defeated Kasparov, 1997.
Detailed information can be found in the article Reinforcement Learning: an Overview
(Glorennec, 2000).
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3.3 Forecast accuracy rates

The accuracy measures are based on a measure of the forecast error — the difference
between the actual and estimated values e; = y; — ¥; (where e; is called the residual). The goal
is to minimize forecast errors, that is, the better model is the one with the lower value of the
calculated forecast accuracy measure. We do this with the following two formulas:

The mean square error (MSE) is used to measure the average size of the errors in the
forecasts, where more emphasis is placed on larger errors. Lower MSE values predict better
model quality. MSE is sensitive to extreme values, since larger errors have a quadratic effect
on the result.

1 A
MSE = 23, (y; = §1)? 1)

The root mean square error (RMSE) is a metric derived from the MSE. Lower RMSE
values (as with MSE) indicate a better model. RMSE places greater weight on large errors.
RMSE is used to determine how far predictions are, on average, from the true values.

RMSE = VMSE )

4 Long Short-Term Memory

Long Short-Term Memory (LSTM) is a type of recurrent neural netarticle (RNN)
specifically designed to solve problems in sequential data processing, where the outputs of
previous steps are used as inputs for subsequent steps. This approach allows RNNs to retain
information about previous states and process data with time dependencies. RNNs are useful
for tasks such as time series, natural language processing, and speech recognition. LSTM is
used in similar areas such as natural language processing, speech recognition, and time series.
In natural language processing, LSTMs are used for tasks such as text translation, text
generation, and sentiment analysis. In speech recognition, LSTMs are used to convert speech
to text. Time series prediction is the prediction of future values based on historical data, and for
example, music generation is based on learning musical sequences and creating new
compositions. With LSTM, the goal is to provide a neural netarticle with a short-term memory
spanning thousands of gradient steps, which represents a long short-term memory. This
netarticle can be used in tasks that use memories of events that happened many (thousands and
millions) steps earlier. LSTM solves problems with long-term dependencies that recurrent
neural networks cannot handle due to the problem of vanishing gradients. LSTM allows for
efficient identification and retention of relevant information over long periods of time, which
is crucial for successful processing of sequential data. With LSTM, we recognize basic
properties such as cells and gates (Sherstinsky, 2020).

A cell remembers values at any given time interval, and three gates regulate the flow of
information into and out of the cell. An LSTM is made up of cells, which are the basic building
blocks of the netarticle. A cell has an internal state that can be transmitted over many time steps,
allowing the LSTM to “remember” information over long sequences.

Three main gates are used in an LSTM to control information:

The input gate decides which pieces of new information are stored in the current state,
using the same system as the forget gates, in other words, it determines which new information
is added to the cell.
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The forget gate decides which information from the previous state to discard, by
assigning a value between 0 and 1 to the previous state. A value of 1 means to keep the
information, and a value of 0 means to discard the information. It therefore decides which
information from the previous state is to be forgotten.

The output gate controls which information in the current state is to be output by
assigning a value from 0 to 1 to the information with respect to the previous and current state.
It thus determines which part of the cell state will be used as output.

The most common type of learning for LSTM is supervised learning, where the model is
trained on labeled data. The application here is for time series prediction, where predicting
future values is based on historical data, for example, predicting stock prices. Natural language
processing is represented by tasks such as machine translation, text generation, sentiment
analysis, or speech-to-text recognition. Sequence classification can be, for example, sequence
classification (spam filter) or audio signal categorization.

5 Machine learning application with LSTM approach

Predicting the exact development of securities prices is an impossible discipline. The
factors that affect a company's price on the market are mainly economic indicators, and only
then can price predictions be considered. In this example, the price is determined without
considering macroeconomic factors - without adapting fundamental analysis. The result is a
price determination for the next day, based on the data provided. This data is drawn from Yahoo
Finance. We articleed with a ten-year period from May 15, 2014, to May 15, 2024, and the
analyzed company was the French company LVMH Moét Hennessy - Louis Vuitton S.A. The
first step was to import libraries and create an empty data frame, into which we downloaded the
price for the given period using the Yahoo Finance API (application programming interface)
and found out what shape or size our data is. The data matrix represents 2561 rows and 6
columns and is shown in Figure 2.
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Figure 2: Filling data into a data frame
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import numpy as np #& For numerical computations
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from sklearn.preprocessing import MinMaxsScaler # For normolizing dato
from keras.models import Ssequential # For building the neural network
from keras.layers import Dense, LSTM # For adding Layvers to the neurol network
import matplotlib.pyplot as plt # For plotting graphs
plt.style.use( ' fivethirtyeight') # For setting the plot style

import yfimance as yf # For accessing Finonciol daota from Yaohoo Finance
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df = pd.pataFrame()
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# Display the fetched data
df

[Feereerreesreesreerer)poiesreseestressenteereesr] 1 of 1 completed

Open High Low Close Adj Close Volume
Date

2014-05-15 00:00:00+02:00 142250000 144.540004 141800004 143550002 120781311 1157770
2014-05-16 0D:00:00+02:00 143250006 144140004 142650003 143.750000 120040530 B12583
2014-05-19 0D:00:00+02:00 143750000 143848097 141.500006 142350008 119.771628 TETOET
2014-05-20 0D:00:00+02:00 142620207 142.000000 141250000 142750000 120108182 525324
2014-05-21 0D:00:00+02:00 142600006 1432.848087 141.500007 143.240007 121117336 BO7472
2024-05-02 00:00:00+02:00 7TOO0O0000 TO5700012 T25.000000 7ET7T.O00024 T27.000024 204110
2024-05-09 00:00:00+02:00 TE5000000 TE2.000000 772000076 7TEO.000000 TE20.000000 1501E0
2024-05-10 0D:00:00+02:00 705000076 TOG.400024 TIT.000000 7TES 400024 TEE400024 303024
2024-05-13 0D:00:00+02:00 792595876 TE2.008DTE TIZ2.090976 7S82.500070 TaZ.0809675 167048

2024-05-14 0D:00:00+02:00 7S53.508876 T81.800024 T30.090976 791.200024 T7T01.0900024 1856008

2561 rows x 6 columns

# Get the number of rows and columns in the datoset
rows, columns = df.shape

W

# Print the number of rows and columns
print(f"The dataset contains {rows} rows and {columns} columns."}

1]

The dataset contains 2561 rows and 6 columns.

Source: own processing

We then filtered out the closing price and displayed it on the chart using the plt.show()
function. We labeled both axes and named the chart, which we show in Figure 3.
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Figure 3: Plotting 10 years closing price of LVMH
1 # set the figure size for the plot
plt.figure(figsize=(16,8))
4 # set the title of the plot
plt.title('Close Price LWMH (MC.PA)")
7 # Plot the closing price history
g2 plt.plot(df[ close'])

12 # Set the label for the x-axis
11 plt.xlabel{'Date’, fontsire-18)

13 # Set the Llabel for the y-axis
4 plt.ylabel('Close Price EUR', fontsize=18)

16 # Display the plot
7 plt.show(}

Close Price LWMH (MC.PA)
900

Close Price EUR
3
o

2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024
Date

Source: own processing

Then, we create a new dataframe in Figure 4, which will contain only the closing price,
and convert the dataframe to an array. After the conversion, we set the training data range to
80% and print out their number (2049). Using the MinMaxScaler function, we scale the data so
that all values lie within the specified range, and then we train the scaling model on the dataset,
which is where the data transformation occurs.

Figure 4: Creating training data sets

1 # Cregte g new DataFrame with only the "Close’ column
2 data = df.filter(['cClose"])

4 # Convert the patoFrame to a numpy array
5 dataset = data.wvalues

# Get the number of rows to train the model on (88% of the datoset)
2 training_data_len = math.ceil(len{dataset) * @.8)

12 # Print the number of training rows
11 trainimg_data_len

2849

1 # Initialize the MinMoxScaler with the feature range (@, 1)
2 scaler = MinMaxScaler(feature_range=(2, 1)}

2 # Fit the scaler to the dotaset and transform the data
5 scaled_data = scaler.fit_transform{dataset)

# Display the scaled data
% scaled_data

array{[[8.8254417 ],
[@.e2569868],
[@.22389978],
.
[@.85483151],

[8.84657883],
[©.85852878]1)

Source: own processing

After the MinMaxScaler function, we create a training dataset, assigning the previous 60
days to the x_train dataset and assigning the current day to the y_train variable.
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Figure 5: Creating a training dataset and converting it to numpy arrays

1 # Cregte the training dotaset
2 & Cregte the scaled training dotao set

train_dasta = scaled_data[@:training_data_len, :]

# Initialize the troining dota sets

& x_train = []

y_train = []

# S5plit the dota into x_train and y train dotasets

i2 for i in range(e®, len&r‘ain_data}}:

# Append the past 68 days of data to x_troin
x_train.append(train_data[i-se:1, @])
# Append the current day (i-th day) to y_train
y_train.append(train_data[i, @])
# Print the first few sets for verification
if 1 <= B1:

print("x_train:")

print(x_train)

print("y_train:")

print(y_train)

print()

23 & Comvert x_train and y train to numpy arrays
24 x_train, y_train = np.array(x_train), np.array(y_train)

Source: own processing

At the figure 6 we show output of the created arrays.

Figure 6: Creating a training dataset and converting it to numpy arrays

x_train:
[array([©.0254417 , ©.02569868, ©.02389978, 0.02441375, ©.02595567,

9.9254417 , 9.02492771, ©.92634115, ©.92685512,
©0.02666238, ©.02852553, ©.92691937, @.8273691 ,
©0.092826855, 0.02505622, ©.9253132 , ©.02679088,
9.92698362, 9.092653388, ©.92646965, ©.82781882,
9.9282043 , 9.0282043 , ©.92794732, ©.92839705,
9.92248635, 9.02132991, ©.92190813, ©.82216511,
9.92325732, 9.92197238, ©.02043045, ©,01888853,
0.92004498, ©.02004498, ©.92132991, ©.81928978,
9.91991703, 9.091882428, ©.91888853, ©.81991648,
9.92248635, 9.01015097, ©.91002249, ©.81021522,
©9.00623194, 9.0057822 , ©.98475425, ©.00770%6 ,

_train:
[©.884111785349492053]

x_train:
[array([0.0254417 , ©.82569868, ©.82389978, ©.02441375, ©.82595567,

254417

9.0254417 , 0.02492771, 8.92634115, ©.82685512,
9.02666238, 0.02852553, 8.82691937, 8.8273691 ,
0.02826855, 9.92505622, ©.8253132 , ©.82679088,
0.02698362, 0.02653388, 0.02646965, ©.82781882,
9.0282043 , 0.0282043 , 0.92794732, ©.82839705,
9.02248635, 0.02132001, 0.82190813, ©.82216511,
0.02325732, 0.02107238, 0.92043845, ©.01888853,
©.02004498, 0.02084498, 8.82132091, 8.81920076,
9.01901703, 0.01882428, 0.81888853, ©.81991648,
9.02248635, 9.091015097, 8.81002249, 8.81021522,
0.00623104, 0.8057822 , 8.80475425, ©.8077096 ,
A

9.02492771, 0.02634115, 0.82685512, ©.8262769 ,
9.02852553, 0.82601937, 8.8273691 , ©.82762608,
9.02505622, 0.8253132 , 0.82679888, 8.82717635,
9.02653388, 0.02646965, 0.92781882, 8.82711212,
9.0282043 , 0.02794732, @.92839705, ©.82563443,
9.02132991, 0.82190813, 0.92216511, ©.82081593,
9.02197238, 0.02043045, 0.81888853, ©.82023771,
9.02004498, 0.92132991, 8.91920976, ©.82088018,
9.01882428, 0.01888853, 0.01991648, ©.8206232 ,
9.01015097, 0.01002249, 8.81021522, ©.80835207,
9.0057822 , 0.08475425, 0.8077096 , ©.00732412,

_train:
[0.084111785349492053, 0.0937263109873162947]

Source: own processing

0.0262769 ,
9.927626@8,
0.02717635,
0.82711212,
0.02563443,
0.02081593,
0.92023771,
0.02088018,
0.8206232 ,
0.90835207,
0.80732412])]

0.0262769 ,
0.02762688,
8.92717635,
0.62711212,
0.92563443,
0.02081593,
0.02023771,
0.02088018,
0.0206232 ,
0.00835207,
0.00732412]), array([8.82569868, 8.82389978, 0.82441375, 8.02598567, 8.8

0.02666238,
0.02826855,
0.02698362,
0.0282043 ,
0.02248635,
0.02325732,
0.02004498,
0.91901703,
0.02248635,
0.90623194,
0.00411179])]
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We then convert the training data to numpy arrays and display the shapes of the training

sets. We need to create a three-dimensional shape in order to use the LSTM model, the creation
of which is shown in Figure 7.

1

11

x_

pr
pr

Figure 7: Use of LSTM

Convert the x_troin and ) troin Llists to numpy orrays
train, y_train = np.array(x_train), np.array(y_train}

Display the shopes of the resultimg numpy orroys
int{f"x_train shape: {x_train.shapel}"}

int{f"y_train shape: {y_train.shape}"}

Reshaope the x_troin doto to be I-dimensionol fFfor the L5TH model

¥_train = np.reshape(x_train, (x_train.shape[®], x_train.shape[1], 1))

# Display the shope of the reshaped x_troin dato
¥_train.shape

x_train shape: (19849, &@)
y_train shape: (1989,)

{1989, &8, 1)

[

Ini

jel

1 add
5 del

7 Add

1

2 del

3 Add

del

3 Sdd
1 del

tialize o Sequentiol model
= Sequential()

the first LSTM layer with 58 wnits, return sequences=True since we are odding mare LSTM Layers ofter this one, and input_
.add(LSTHM{52, return_segquences=True, input_shape=(x_train.shape[1], 1))}

the second L5TM Lagyer with 58 umits and retwrn_sequences=False since this is the Last LSTM Loper
.add(LSTHM{52, return_sequences=False))

o Dense Layer with 25 wnits
.add(Dense(25))
g Dense Llayer with 1 wnit (output Layer)

.add(Denze(1))

4 G [ g

T
mo

w7

M

ompile the model
del.compile(optimizer="adam", loss='mean_squared_error’)

rain the model
del.fit(x_train, y_train, batch_size=1, epochs=1}

1989/198% [==============================] - 37s 18ms/step - loss: 2.3962e-84

<keras.callbacks . History at @xlfadsiasdfa:

1

te

Select the scaled doto from troining dotg len - 68 to the end to crecte the testing dotoset
st_data = scaled data[training data len - 68:, :]

Cregte empty Lists to store the features (x_test) and target volwes (y_test) for testing

x_test =
y_test = dataset[training data len:, :] # Torget volues for testing doto (wnscaled)

fo

T

# Populaote x test with sequences of 68 days for testing

r i in range(&®, len{test_data)}):
# Append sequences of past 68 days for eoch testing datg point to x_test
x_test.append{test_data[i - e#:i, &])

onvert the doto into o nuwpy array

¥_test = np.array{x_test)

il

eshgpe the doto to 30 shape

¥_test = np.reshape{x_test, (x_test.shape[@], x_test.shape[1], 1)}

Source: own processing

We run the model prediction and calculate the RMSE (2), which currently gives a value

of 3.9358. In Figure 7, we see the data split into training and validation and plot the output
along with the real data. We see that the prediction was successful, and the price was set with
a high probability at the real value.
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Figure 8: Visualization of model outputs

1 & Get the model 's predicted price values
2 predictions = model.predict{x_test)

# Inverse transform the scoaled predictions to the originol scole
5 predictions = scaler.inverse_transform{predictions)

16/16 [===== ==] - Bs 1Zms/step

1 #bet the root meon squared error (RMSE)
2 rmse = mp.sqrt{ np.mean(predictions - y_test)}**1 )
i rmse

L

SH35B4B593T711853

1 # Split the dota into troin ond vaolid sets
2 twrain = data[:training_data_len]
3 walid = data[training_data_len:].copy() & I.capy-_“} to gvoid Settingkithlopykarning

5 # Add the predictions to the valid set
& walid[ Predictions"] = predictions

& # Visuglise the daota
9 plt.figure(figsize=(16,8))
12 plt.title( "®Model”)
11 plt.xlabel{ Date", fontsize=18)
12 plt.ylabel( Close Price UsD', fontsize=1E)
13 plt.plot{train[’'Close’]) # Plotting the troining doto
1. plt.plot{valid[[ Close", "Predictions"]]) # Plotting the octwal ond predicted volwes for the validotion doto
15 plt.legend([ " Train", "wal", "Predictions’'], loc="lower right’') & Adding Legend

& plt.show()
Model
300 I
) 1
800 ¥ L
d by
rlale) Y
WL ™
.
(=] L
w ' v
= [<laln] §
@
=
& 500
a
w
=]
O 400
300
200 = Train
— \al
Fredictions
100
2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024
Date

Source: own processing

The results shown in Figure 9 show the price prediction versus the actual closing prices

of the asset.

Figure 9: Example of predicted values versus actual closing prices

1 #show the volid ond predicted prices
2 walid

Cloee Predictions

Date

2022-05-16 00200-00+02:00 ST5.000000 545800293
20220517 0000-00+02:00 S0 099876 SER ZFI2117F
2022-05-18 0000200-02:00 S7E 500000 BO03. 457947
2022-05-19 0000-00-02:00 568 500000 530.343207
2022-05-20 0000-00+02:00 556599578 579 9BA008
2024-05-D3 0000-00-02:00 TET SO0024 794 5B4830
2024-05-09 0000-00-02:00 TFEIOQOOODOD 791.004456
2024-05-10 0000-00+02:00 TEI 400024 T2 4546517
2024-05-13 0000-00+-02:00 TE2 599576 TO1.Z54711

2024-05-14 00200200+-02:00 7o 200024 TA4 652223

512 rows = 2 columns

Source: own processing
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The final step is to run the algorithm to predict the next value that the model has not yet
been trained on internally. The results differ but remain close to real value with a partial

deviation. The procedure is shown in Figure 10.

Figure 10: Running the prediction algorithm

# Fill in company details inte a table

lvah_quote = pd.DataFrame()

# Dowrnlogd historical stock price data for Che "MC.PA" ticker (LWMH] Ffrom Vahoo Finance

lvah_gquote = yf.download( MC.PA", start="2814-85-15", emnd="2824-85-15')

# Filter the DataFrawe o include only the “"Close” colums
lvah_guote = lvmh_guote . filter([ " Close"]}

# Print the datae for verification
printi{lvmh_guote)

# Get the Lost 68 days of closing prices and scale the dolo
last_&8_days = lwvmh_quote[ -68:].values
last_68 days_scaled = scaler.transfora(last_66_days)

§ Create an emply List and append the past 68 daoys
¥_test = []
¥_test.append(last_&2 days_scaled)

# Convert X _test fo g numpy array and reshope the dota
N _test = np.array(X_test)
¥_test = mp.reshape(¥_test, (X_test.shape[d], ¥_test.shape[1], 1))

# Get the predicted scoled price
pred_price = model_predict (X test)

# Unde the scaling to gelt the predicted price in the original scale
pred_price = scaler.inverse_transform{pred_price)
# Print the predicted price for next day

print{pred price)

[#sesrnsssssrnnssnsann gapeassssassssssnassssnsss] 1 pf 1 completed

Close
Date
2@14-85-15 S0:92:223+02:88 143.558883
I814-85-16 SE-02:83+02:88 143, 7560868
2814-85-19 SE-02:S3+02:88 142, 158886
2@14-85-20 20:02:22+02:88 142.750868
2914-85-21 SP:92:23+02:88 143.549097
2924-p5-28 2P P2:33+02:88 TE7.SEPB24
2924-p5-29 2P P2 33+02:82 TE9.2pPRES
2@24-85-19 20:02:23+02:88 TEE.480824
1824-85-13 SE-0e:SB+02:88 THEZ.S599976
2824-85-14 SE-0e:8B+02:88 791.5%086824

[2561 rows x 1 Columns ]
1/1 [========zz===zz==z=z=z=zz==z=zz====z==z=] - B85 IIlmsSstep
[[726.38885] ]

# FLILL in company details inte a table
lvah_gquotel = pd.DataFrame(}

# Downlood doto for “ASML" ticker For o specific dote
lvah_quote? = yf.download( 'MC.PA", start='2824-85-15", emnd="2824-85-16")

# Check if data was retrieved Successfully

if mot lvmh_guoteZ.empty:
& Filter the DataFrame to include only the "Clofe’ coluem
lvmh_guote? = lvmh_guotel.filter([ Close”])

& Display the 'Close' price for the specified date
print(lvmh_guotel] 'Close’ )
else:

print{“No data found for The specified date range. The symbol may be delisted or unavailable.™)

[#*ssssssssnsssssssssn ] gEessssbssnssssrsssssissss] 1 of 1 completed

Date

2824-85-15 2008 :22+02:88 785 .8
Name: Close, diype: fFloatbd

This completes the code that predicts the future value of an asset based on data from the
past ten years. The algorithm can be further improved using regularization techniques and
validation, which may be considered in the future when optimizing this example.

Source: own processing
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Conclusion

At the end of the article, we would like to evaluate the results, the main findings and the
progress of the article. At the beginning of the article, we set ourselves the goal of examining
how it is possible to determine the future value of an asset using machine learning or at least
get closer to the value that may occur in the future. In order to be able to work on these findings,
we gradually introduced the types of learning we recognize in the methodology. We introduced
the basic algorithms for these types of learning and determined the occasions when they are
appropriate to be used. Subsequently, we introduced LSTM, which is key in the calculations
performed by our algorithms. After defining and explaining these terms, we proceeded to
examine the prediction of stock price development using machine learning. Machine learning
uses testing, training data and LSTM. The work was carried out with the company LVMH Moét
Hennessy. In this article, we focused on the European market, since the company is French. In
the model, we used a ten-year history, where the indicative data were the closing daily values
of LVMH. Based on these values, we created a model using an algorithm that tries to predict
the future value of the asset and plots the predicted values against the actual values from the
past. The created model consists of machine learning and is focused on predicting stock price.
Asset prices can never be fully predicted and thus serve only as an aid in predicting price
development. The model does not include other elements of either technical or fundamental
analysis. The principle on which the model articles is LSTM. The results show that the predicted
price is close to real prices and the resulting code presents that the predicted price is also close
to real values. An improvement of this model in the future could be the application of multiple
epochs, the application of regularization techniques or a change in the algorithm, which could
then be compared with the results of other models. Improvement could also lie in the application
of quarterly or annual reports of the company. If these reports are positive, they can greatly
influence the price upwards, and in the case of negative results on economic growth and the
company's intended expansion, the price can drop sharply by many percent. These aspects are
not included in the model. Another possible improvement is the inclusion of a reaction to
resistance and support zones, which are mostly reflection zones if they are reached (the price
reflects from them in the reverse direction). The last significant improvement could also be the
reaction to lowering or increasing interest rates together with inflation reports, which are
superior to the technical analysis of the company. When incorporating and creating such a
complicated model, it would be possible to get closer to the real price of assets, but it is still
true that the model cannot be created in such a way that it accurately creates future asset prices.
In conclusion, we can say that machine learning is becoming an integral part of our everyday
life and its importance is constantly growing. Uses and applications can be found from
healthcare to finance. Machine learning is revolutionizing the way we approach problems and
make decisions. This method is still under development and the longer it is studied, the more
accurate results we will be able to achieve using various algorithms. From the perspective of
the future of machine learning, it is clear that development will not stop. Progress in this area
can be seen especially in recent years from companies such as Nvidia, Alphabet, Meta or Tesla.
These companies are gradually becoming major players in the world of machine learning and
are thus able to use their resources and improve processes better. Machine learning has the
potential to improve the quality of our daily lives, but it can also solve global problems. The
work is fully applicable to other assets as well, not just one selected stock. The same principle
is used for other assets or funds that are composed of multiple assets. In cases where multiple
assets are analyzed in parallel, the program can be modified to add various securities. If we later
attempt to model a portfolio from these stocks, it is necessary to combine them into a portfolio
before the calculation, the price of which will then be predicted.
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We believe that with further development and innovation, machine learning will continue

to advance and will play a key role in shaping a better and more sustainable world.

Funding: This article was supported by the Grant Agency of Slovak Republic: VEGA

grant no. 1/0120/23 “Environmental models as a tool for ecological and economic decisions
making”.
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Pokrocilé modelovanie rizika v povinnom zmluvnom poisteni:
Vyuzitie Statistickych metod a strojového ucenia

Advanced risk modeling in motor third party liability insurance:
Using statistical methods and machine learning

Peter Schmidt?, Silvia Zelinova?, Eva Rakovska®

Abstrakt

Ciel'om ¢lanku je analyzovat’ moznosti kombindcie tradi¢nych Statistickych metod a modelov
strojového ucenia (ML) pri spracovani dajov v oblasti povinného zmluvného poistenia (PZP).
Vychodiskom je pouZitie generalizovanych linedrnych modelov a kontrastnej analyzy na
Statisticku segmentaciu poistencov podl'a rizikovych faktorov, ako st vek vodica, znacka a
vykon vozidla ¢i lokalita. V d’alSej fdze boli implementované ML algoritmy, najmid Random
Forest, na imputaciu chybajucich udajov a predikciu zévaznosti poistnych udalosti (claim
severity). Vysledky ukazujt, Ze strojové ucenie dosahuje vysSiu predikéna presnost’ nez
tradi¢né modely, pricom zaroven identifikuju kl'acové faktory rizika. Kombinovany analyticky
pristup spaja vyhody oboch metodik — vysvetlitelnost’ a regulaéntl transparentnost’ Statistiky so
SkalovateI'nost'ou a vypoctovym vykonom ML. Zaverom §tudia odporiaca hybridny modelovaci
ramec ako optimdlny néstroj pre segmentéaciu poistencov, dynamicku cenotvorbu a efektivne
riadenie rizika v PZP.
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Abstract

This article aims to analyze the potential of combining traditional statistical methods with
machine learning (ML) models in the context of compulsory motor third party liability
insurance (MTPL). The study begins with the application of generalized linear models and
contrast analysis to statistically segment policyholders based on risk factors such as driver age,
vehicle brand and engine power, or location. In the next phase, ML algorithms - particularly
Random Forest - are used for imputing missing data and predicting claim severity. The results
show that machine learning achieves higher predictive accuracy (R* = 0.76) than traditional
models (R? = 0.71), identifying key risk drivers. The combined analytical approach leverages
the strengths of both methodologies—interpretability and regulatory transparency of statistics,
alongside the scalability and computational power of ML. The study concludes by
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recommending a hybrid modeling framework as an optimal tool for policyholder segmentation,
dynamic pricing, and effective risk management in MTPL.

Key words

motor third party liability insurance, insurance risk, machine learning, claim prediction,
Random Forest
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1 Uvod

Motorové vozidlo je dolezitym prvkom mobility v modernych spolo¢nostiach, no jeho
prevadzka so sebou prinasa riziko dopravnych nehod a néslednych finanénych §kéd. Povinné
zmluvné poistenie (PZP) je preto kI'i¢ovym pilierom poistné¢ho systému v mnohych krajinach
vratane Slovenska. Tento produkt zabezpeCuje krytie $kod sposobenych prevadzkou
motorového vozidla tretim strandm, ¢im chréni nielen vodiCov, ale aj ostatnych ucastnikov
cestnej premavky. Vzhl'adom na jeho povinny charakter je efektivne a presné spracovanie
vel'kého mnozstva poistnych udajov nevyhnutnostou pre poistovne pri riadeni rizik,
segmentacii poistencov a optimalizacii poistnych produktov.

Tradicne sa v oblasti PZP vyuzivaja aktuarske a $tatistické metddy na vypocet poistného,
pricom zovseobecnené linearne modely (GLM) st jednym z hlavnych néstrojov na stanovenie
rizikovych profilov poistencov (Soltés et al., 2019). V poslednych rokoch viak v poistovnictve
ziskavaju Coraz vAacSiu popularitu modely strojového ucenia (ML), ktoré umoziuju
efektivnejSie spracovanie a analyzu rozsiahlych datasetov, predikciu poistnych udalosti, ¢i
dokonca imputaciu chybajacich tdajov (Richman, 2018). Spojenie tradi¢nych Statistickych
metdéd s ML modelmi preto predstavuje inovativny pristup k segmentécii poistencov,
cenotvorbe a zlepseniu kvality spracovania poistnych dat (Hanafy et al., 2021).

Hlavnym cielom tohto ¢lanku je analyzovat moZnosti kombinécie Statistickych a ML
metod pri spracovani dat v oblasti PZP. V prvej Casti sa zameriame na vyuzitie kontrastnej
analyzy pri segmentacii poistencov a odhade zdvaznosti poistnych udalosti. Néasledne
predstavime postupy implementacie ML modelov na spracovanie poistnych udajov,
predovsetkym metodu Random Forest na imputaciu chybajicich hodnét a predikciu poistného
rizika (Rawat et al., 2021). Vysledkom bude porovnanie efektivnosti tychto pristupov a diskusia
o moznostiach ich kombinécie v poistnej praxi.

2 Teoreticky ramec

Spracovanie dat v povinnom zmluvnom poisteni (PZP) je komplexny proces, ktory si
vyzaduje kombinaciu aktudrskych a Statistickych metdod spolu s modernymi pristupmi
zalozenymi na strojovom uceni (ML). Cielom tohto rdmca je vysvetlit' zdkladné teoretické
vychodiska oboch pristupov a ukéazat ich potencialne prepojenie pri analyze rizika, segmentécii
poistencov a ur¢ovani vysky poistného.

2.1  Aktuarske a Statistické metédy v segmentacii poistencov

V tradi¢nych pristupoch k vypoctu poistného sa vyuzivaju modely z oblasti aktuarskych
vied a Statistiky. ZovSeobecnené linearne modely (GLM) patria medzi najcastejSie pouzivané
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metody v nezivotnom poisteni, pretoze umoznuju efektivne modelovanie pravdepodobnosti
poistnych udalosti a ich zavaznosti (Reiff et al., 2022). Pri vypocte poistného sa zohl'adiiuju
viaceré premenné, ako napriklad:

e Technické parametre vozidla (vykon, hmotnost’, znacka, rok vyroby),

o Charakteristiky vodica (vek, lokalita, historia Skodovosti),

« Ugel vyuzitia vozidla (osobné, firemné, taxisluzba).

Kontrastna analyza v segmentdcii poistencov

Jednou z menej vyuzivanych, no vel'mi efektivnych Statistickych metdd v poist'ovnictve
je kontrastna analyza. T4 umoznuje podrobnejsie skiimat’ rozdiely medzi skupinami poistencov
a identifikovat’ relevantné faktory, ktoré najviac ovplyviuju vySku $kod. Na rozdiel od
tradicnych priemernych hodndt, ktoré moézu byt skreslené v dosledku nerovnomerného
rozdelenia udajov, kontrastnd analyza vyuziva marginalizované priemery (Least Squares
Means — LS-means) na eliminaciu vplyvu ostatnych faktorov.

V oblasti PZP umozZiuje kontrastna analyza:

e PresnejSie rozdelenie poistencov do homogénnych skupin, kde v rdmci segmentu
neexistuju vyznamné rozdiely v Skodovosti;

e Odhalenie interakénych efektov medzi premennymi, napriklad vplyv veku vodi¢a na
zavaznost’ §kod v zavislosti od znac¢ky vozidla;

e LepSie modelovanie cenotvorby poistného, kedZe poistovne modzu stanovit
spravodlivejSie sadzby na zadklade Statisticky vyznamnych rozdielov medzi
skupinami vodiCov.

V tradiénych aktuarskych modeloch sa vSak Casto zanedbava komplexnost vztahov
medzi jednotlivymi faktormi, ¢o méze viest' k suboptimalnym vysledkom. Strojové ucenie
zohrava kl'aicovu ulohu prave v tejto faze analytického procesu, ked’ze umoziuje identifikaciu
latentnych vzorov v datach a zaroven poskytuje nastroje na efektivne spracovanie rozsiahlych
datovych suborov (Baudry & Robert, 2019).

2.2  Strojové ucenie a jeho vyuzitie v analyze PZP

Modely strojového ucenia (ML) umoziuju poistovniam nielen presnejSie predikovat’
rizikd, ale aj efektivnejSie spracovavat’ velké objemy dat. V oblasti PZP sa ML vyuZiva
predovsetkym na:

e Imputéciu chybajucich hodnét — pomocou metdd ako Random Forest Imputation je

mozn¢é doplnit’ chybajlice udaje v databazach bez skreslenia vysledkov;

e Predikciu pravdepodobnosti poistnych udalosti — ML algoritmy dokézu identifikovat

vodiCov s vy$§im rizikom nehody na zéklade historickych udajov;

o Predikcia poistného na zdklade parametrov a Skodovosti klienta;

e Odhalenie anomalii a podvodov — pokrocilé algoritmy ako neurénoveé siete alebo

autoenkodery dokdzu detegovat’ podozrivé poistné udalosti.

Random Forest a jeho vyuZitie pri spracovani PZP dat

Jeden z najpouzivanejSich algoritmov v poistovnictve je Random Forest, ktory patri
medzi metddy suborového ucenia (ensemble learning). Tento algoritmus vyuZiva viacero
rozhodovacich stromov na vytvorenie robustného prediktivneho modelu. Jeho hlavné vyhody
zahfnaju:

e Odolnost’ voci pretrénovaniu — vd’aka bootstrap agregacii (bagging) je model mene;j

nachylny na chyby spdsobené Sumom v détach,;
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e Flexibilitu pri spracovani ré6znych typov udajov — dokéze pracovat’ s Ciselnymi aj
kategorizovanymi premennymi,

e Moznost identifikdcie kI'aCovych faktorov — pomocou metody feature importance je
mozné urcit’, ktoré premenné najviac ovplyviiuju skodovost'.

V poistovnictve sa Random Forest vyuziva na imputaciu chybajicich hodnét, kde
predikuje chybajice tidaje na zdklade podobnosti s existujicimi poistnymi zmluvami. Tento
pristup umoznuje poistovniam zachovat Uplnost” databdz a minimalizovat’ chyby sposobené
nekompletnymi udajmi.

2.3  Synergia tradi¢nych aktuarskych metdd a strojového ucenia

Aj ked ML modely ponukajii mnoho vyhod, nie st dokonalym rieSenim (Grize et al.,
2020). Statistické metody, ako GLM a kontrastna analyza, poskytuju interpretovatelnost’
vysledkov a overite'nost’ modelov, o je dblezité v regulaénom prostredi poistovnictva. Na
druhej strane, ML modely dokazu efektivne spracovat’ nelinearne vztahy a pracovat
s rozsiahlymi datasetmi. Preto kombinacia oboch pristupov:

o Statistické modely (GLM + kontrastna analyza) — Zabezpetujii teoretickii

spravnost’, vysvetlitelnost’ a konzistentnost’ vysledkov;

e ML modely (Random Forest, neurénové siete) — Pomdhaji odhalit’ skryté vzory a

optimalizovat’ procesy spracovania dat;
predstavuje optimalne riesSenie.

Téato kombinacia umoziuje poistovniam efektivne predikovat’ rizikd, minimalizovat’
chyby v udajoch a zabezpecit’ spravodlivejSie oceniovanie poistného.

3 Metodika

Tato Cast’ nacrtava metodicky pristup pouzity na analyzu tdajov v kontexte povinného
zmluvného poistenia zodpovednosti za Skodu spdsobenu prevadzkou motorového vozidla.
Doraz sa kladie na subor udajov, techniky predbezného spracovania udajov, stratégie
Statistického modelovania a implementéciu algoritmov strojového ucenia. Cielom je poskytnut’
transparentny a replikovateny ramec na analyzu rozsiahlych poistnych tdajov pomocou
tradicnych aj modernych analytickych nastrojov.

3.1 Opis datasetu

Empiricka analyza je zaloZena na vlastnom stibore tidajov poskytnutom nemenovanou
poistoviou, ktory pokryva poistné zmluvy a zaznamy o $kodach pocas deviatich rokov (2016—
2024). Subor udajov obsahuje viac ako 540 000 poistnych zmluv a priblizne 33 500 poistnych
udalosti stvisiacich s PZP, ¢o ponuka bohaty zaklad pre Statistické modelovanie a aplikacie
strojového ucenia. VSetky udaje v datovom subore boli anonymizované.

Z Uplnej databazy bol extrahovany vyber relevantnych premennych a kategorizovany do
troch hlavnych skupin:

e Technické parametre vozidla:

Vykon motora (kW),
Hmotnost’ vozidla (kg),
Rok vyroby,

Znacka vozidla,

o Charakteristiky poistnika:

o Vek vodica,
o Lokalita (okres trvalého bydliska),

O O O O
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o Histéria Skodovosti (bonus/malus),

e Poistné a poistné udalosti:
o Vyska ro¢ného poistného (€),
o Pocet poistnych udalosti,
o Vyska §kod (claim severity — CS).

Pred analyzou presiel stibor tdajov komplexnym procesom cistenia. VSetky zadznamy S
neuplnymi alebo neobnoviteI'nymi informéciami boli vyla¢ené. Okrem toho sa vykonala séria
kontrol konzistencie, aby sa zabezpecila spol'ahlivost’ udajov. To zahtiialo overenie Ciselnych
formatov, odstranenie duplicitnych zdznamov a identifikaciu odl'ahlych hodnot alebo anomalii,
ktoré by mohli naznacovat’ chyby pri zadavani tdajov alebo Strukturdlne nezrovnalosti. Takato
priprava udajov je nevyhnutnd pre Statisticki integritu aj robustnost modelov strojového
ucenia. Zabezpecuje, ze nasledné analyzy nie st ovplyvnené chybnymi zaznamami a Ze modely
su trénované na kvalitnych reprezentativnych udajoch.

3.2  Predspracovanie dat

Efektivne predspracovanie udajov je kritickym krokom pri vytvdrani robustnych
Statistickych modelov a modelov strojového ucenia (James et al., 2023). Zabezpecuje kvalitu
udajov, riesi nezrovnalosti a pripravuje subor udajov na spolahlivii a nezaujatii analyzu.
Pracovny postup predbezného spracovania pre tuto $tadiu zahfnal niekolko kl'icovych faz
(Provost, 2023).

Cistenie a kontrola kvality dit

Pociatocna faza zahfnala komplexnu kontrolu suboru udajov s cielom identifikovat’ a
opravit’ problémy s kvalitou udajov. Riesilo sa niekol’ko beznych problémov:

Identifikécia chybajucich hodnot — Najcastejsie medzery boli pozorované pri premennych
ako vykon motora, hmotnost’ vozidla, bydlisko a rok narodenia.

Odstranenie extrémnych alebo nepravdepodobnych hodnét — Boli vylucené zaznamy s
nerealnymi tidajmi, ako s uvedené vozidla s vykonom motora 0 kW alebo vek vodi¢a pod 18
alebo nad 100 rokov.

Korekcia datovych formatov — bola vykonana Standardizacia pre ¢iselné polia (napr.
oddel'ovace desatinnych miest) a kodovanie znakov, aby sa zabezpecila konzistentnost’ v ramci
celého suboru udajov.

Imputdcia chybajucich hodnot
Na ucely rieSenia chybajucich hodnot sme testovali viaceré stratégie imputécie (Li et al.,
2023), pricom sme kladli doraz na vyber takej metddy, ktora minimalizuje riziko naruSenia
povodnej Struktury a logiky segmentéacie datového suboru:
e Priemernd imputécia bola vylicend z dévodu jej tendencie skresl'ovat’ rozptyl a
potencialne skreslenie modelov zaloZenych na segmentoch;
e Multiple Imputation by Chained Equations (MICE) vykazovala mierny vykon pre
niektoré premenné a bola zvazovana v predbeznych skuskach;
o Nahodna imputicia lesa bola nakoniec vybrana ako najefektivnejSia metdda, ktord
vyvazuje presnost’ so zachovanim premennych vztahov.
Algoritmus Random Forest bol aplikovany Specidlne na doplnenie chybajicich hodnot
pre technické vlastnosti vozidla, menovite vykon motora, hmotnost’ a rok vyroby, ucenim sa
vzorov z podobnych Uplnych zdznamov.
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3.3  Statistické metédy a modely strojového ucenia

Tato faza analyzy bola zamerand na ziskanie poznatkov z vycisteného suboru udajov
prostrednictvom Statistického modelovania a technik strojového ucenia. Pouzil sa dvojcestny
pristup: Statistickd segmentdcia zalozena na kontraste, po ktorej nasledovalo prediktivne
modelovanie.

Segmentdcia poistencov pomocou kontrastnej analyzy

Na segmentovanie poistencov do Statisticky vyznamnych skupin sme pouzili
zovseobecnené linearne modely (GLM) v spojeni s kontrastnou analyzou. Tento proces sa
opieral o vypocet priemerov najmensich Stvorcov (LS-means) na neutralizaciu vplyvu miticich
premennych a na izolaciu uc¢inkov klIicovych segmentacnych faktorov.

3.4  Postup segmenticie

Postup segmentécie poistencov prebiehal v niekol’kych analytickych krokoch, ktorych
cielom bolo vytvorit' Statisticky homogénne skupiny na zaklade relevantnych rizikovych
faktorov.

o Identifikacia faktorov segmentacie — vratane veku vodica, znaCky vozidla,

geografickej polohy a vykonu motora;

e Aplikacia GLM — na modelovanie zavaznosti reklamacie (CS) ako funkcie tychto
prediktorov;

o Kontrastnd analyza — na testovanie Statisticky vyznamnych rozdielov medzi
identifikovanymi segmentmi;

e Spresnenie segmentov — zlucenie alebo rozdelenie skupin na zaklade Statisticke;j
vyznamnosti, aby sa zabezpecila homogenita v rdmci segmentov a heterogenita
medzi nimi.

Kone¢na segmentécia priniesla znizeny pocet Statisticky odliSnych zhlukov poistencov a

profilov vozidiel, z ktorych kazdy sa vyznacuje vyznamnymi rozdielmi v priemernej zavaznosti
poistnych udalosti.

Modelovanie claim severity pomocou Random Forest

Po segmentacii sme vyuzili Random Forest (Breiman, 2001) model na predikciu claim
severity. Tento model bol trénovany na predikciu vysky poistnych §kod na zaklade:
o veku vodica,
e vykonu a hmotnosti vozidla,
o znacky vozidla,
e histdrie Skodovosti.
Parametre modelu:
e pocet stromov: 500,
« hibka stromov: Neobmedzena,
bootstrap vzorkovanie: Ano,
kritérium rozdelenia: MSE (Mean Squared Error).

Model bol trénovany na 80 % tdajov daného suboru a testovany na zostavajtcich 20 %,
¢im sa zabezpecilo, Ze metriky vykonu odzrkadl'uju zov§eobecnenie na neviditeI'né tidaje.

Vyhody pouzitia Random Forest:

o DokaZze pracovat’ s vel'kymi datasetmi a heterogénnymi datami,
e Minimalizuje multikolinearitu medzi premennymi,
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e Ma vysoku predikénti presnost’ a je odolny voci pretrénovaniu.

Validacia modeloy

Na vyhodnotenie vykonnosti Statistickych modelov a modelov strojového ucenia sa
pouzili viaceré overovacie metriky:
e Pre Statisticky model (GLM + kontrastna analyza):
o P-hodnota faktorov (<0,05),
o R?a AIC kritérium.

e Pre Random Forest model:
o Mean Absolute Error (MAE),
o Root Mean Squared Error (RMSE),
o Feature Importance Analysis.

Vysledky oboch modelovacich ciest boli porovnané s cielom identifikovat
najefektivnejSiu metodiku pre segmentaciu poistencov a predikciu zdvaznosti poistnych
udalosti v kontexte PZP.

4 Vysledky a diskusia

Tato cast’ prezentuje vysledky segmentacie poistencov, predikciu zavaznosti poistnej
udalosti a porovnavacie vyhodnotenie Statistickych modelov a modelov strojového ucenia.
Diskusia poukazuje na silné stranky a obmedzenia kazdého pristupu a identifikuje
najvplyvnejsie faktory ovplyviiujice zavaznost' poistnych udalosti v kontexte poistenia
zodpovednosti za Skodu sposobenu prevadzkou motorového vozidla (PZP).

4.1  Vysledky segmentacie poistencov pomocou kontrastnej analyzy

Segmentacia poistencov bola vykonana pomocou v§eobecnych linearnych modelov GLM
v kombindcii s kontrastnou analyzou. Tento pristup umoznil vytvorenie Statisticky
homogénnych podskupin na zdklade vybranych rizikovych faktorov.

Hlavné zistenia st nasledovné:

e Vekvodica:

* Najvyssia priemerna zavaznost’ poistnej udalosti bola pozorovana u vodi¢ov vo
veku 25 rokov alebo mladSich. Rozdiel v zavaZznosti reklamécie v porovnani s
vodi¢mi vo veku 25-55 rokov bol Statisticky vyznamny (p < 0,01).

* Vodici nad 55 rokov vykazovali mierne niz8iu priemerntl zdvaznost' narokov
ako vodici v strednom veku, ale tento rozdiel nebol Statisticky vyznamny (p =
0,12).

* Na zaklade tychto vysledkov boli vodi¢i zoskupeni do troch segmentov:

= Skupina A (< 25 rokov) — Vysokeé riziko; zvySené poistné
= Skupina B (26-55 rokov) — Stredné riziko
o Skupina C (56+ rokov) — Nizke riziko

e Znacka vozidla:

o Vodi¢i prémiovych/luxusnych vozidiel znac¢iek ako BMW, Mercedes a Audi
vykazovali vy$S§iu zavaznost' narokov v porovnani s vodi¢mi Standardnych
znaciek ako Skoda, Ford alebo Opel.

o Rozdiel medzi prémiovymi a neprémiovymi znackami bol Statisticky vyznamny
(p <0,05).
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o Lokalita:
o Vodi¢i z velkych miest (Bratislava, KoSice) mali o 25 % vyS$Siu zdvaznost’
poistnych udalosti oproti vodicom z menSich miest a vidieka.
o Rozdiel bol statisticky vyznamny (p < 0,01).

e Vykon a hmotnost’ vozidla:

o Vyssi vykon motora bol silne pozitivne korelovany so zavaznostou poistnych
udalosti (r = 0,68).
o Hmotnost mala mierny negativny vplyv (r = 0,21), ¢o naznacduje, ze tazSie
vozidla spdsobuju zavaznejsie skody.
Celkovo sa segmentacny pristup zalozeny na kontrastnej analyze ukazal ako u¢innejsi pri
rozliSovani rizikovych skupin ako tradicné metody, ktoré sa Casto spoliehajui len na zakladné
kategorizacie veku alebo vykonu vozidla.

4.2 Vysledky predikcie zavaznosti poistnych udalosti pomocou Random Forest modelu

Na predikciu vysky §kod bol aplikovany Random Forest model, ktory bol trénovany na
80 % datasetu a testovany na zvysnych 20 %.
Vysledky modelu:
e MAE (Mean Absolute Error): 312,54 €
e« RMSE (Root Mean Squared Error): 528,87 €
e R?(koeficient determinacie): 0,76

Tab. 1: Dolezitost faktorov v modeli Random Forest

Faktor Relativna dolezitost’ (%)
Vykon motora (kW) | 29,3 %

Vek vodica 23,7 %

Znacka vozidla 18,2 %

Lokalita vodica 145 %

Hmotnost’ vozidla | 7,9 %

Histoéria Skodovosti | 6,4 %

Zdroj: vlastné spracovanie

Model potvrdil, ze vykon motora a vek vodica si najvyznamnejsie faktory ovplyvitujice
vySku §kod. Zaroven ukazal mierne lepSiu prediként presnost’ v porovnani s GLM modelom
(R2=0,76 vs. R2=10,71 pri GLM).

4.3  Porovnanie Statistickych a ML pristupov

Hlavné zistenia z porovnania Statistickych pristupov a strojového uéenia st zobrazené
Vv tabul’ke 2.

Tab. 2: Porovnanie GLM a ML

Kritérium GLM + kontrastna analyza Random Forest

Segmentacia poistencov Ano, manualne definované Automaticka
skupiny segmentacia

Interpretovatel’nost’ Vysoké (jasné vztahy medzi Nizka (black-box
premennymi) model)
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Presnost’ predikcie (R?) 0,71 0,76
Praca s vel’kymi datami Mierne obmedzena Vyborna
Schopnost’ zachytit’ nelinearne | Obmedzena Vysoka
vztahy

Zdroj: vlastné spracovani

Mozeme ich zhrnut’ do nasledujucich bodov:

e GLM v kombinacii s analyzou kontrastu poskytuje vysokli mieru
interpretovatel'nosti, ¢o je klucové najmi v regulovanych prostrediach, kde sa
vyzaduje transparentnost’ a moznost’ spétnej validacie modelu;

e Model Random Forest poskytuje vysSiu presnost predikcie, zachytava zlozité
nelinearne vzory a je vhodnejsi pre prostredia s vel’kym objemom tdajov;

e Hybridny pristup — integracia Statistického modelovania so strojovym ucenim —
prinasa najefektivnejsie rieSenie, ktoré vyvazuje transparentnost’ s presnostou.

Statistické modely zabezpeluju teoreticka konzistentnost a stlad s predpismi, zatial’ &o
modely ML prispievaju k zlepSenej predikcii rizik a prevadzkovej efektivnosti

4.4  Diskusia a implikacie pre prax

Vysledky tejto Stadie naznauju, Ze poistovne moZu vyrazne zlepSit segmenticiu
poistencov aj predikciu rizik kombinaciou Statistickych metodik a metodik strojového ucenia.
Z tohto vyskumu vyplyva niekol’ko praktickych dosledkov:

e Optimalizacia cien: Modely vylepSené ML umoznuju poistovniam nastavit’ presnejSie
a individualizované sadzby poistného na zaklade jemne vyladenych parametrov rizika.

e Dynamické modelovanie rizik: Vyuzitie strojového ucenia umoziuje priebeznu
aktualizaciu rizikovych profilov na ziklade aktualnych udajov, ¢im sa zvySuje
flexibilita a operativnost’ procesov poistného upisovania.

e Regulaéné vyzvy: Pouzivanie zlozitych modelov ML vyvolava problémy s
vysvetlitelnostou modelov, ktoré moézu predstavovat’ problémy v ramci regula¢nych
ramcov, ako je Solventnost’ II ((Trombetti, 2017). KIt¢ovym hladiskom zostava
zabezpecenie zrozumitel'nosti a opodstatnenosti vystupov modelu.

Zistenia podporuju zmieSany analyticky pristup, v ktorom sa modely ML primarne
pouzivaju na spracovanie Udajov, predik¢ént analytiku a detekciu vzorov, zatial’ ¢o Statistické
techniky st zachované na validaciu, interpretaciu a regulacné vykazovanie. Tato synergia
nielen zvySuje vykonnost’ modelu, ale pomdha aj udrziavat’ doveru regula¢nych organov aj
poistencov.

5 Zaver

Této Stadia sa zamerala na skiimanie integracie Statistickych metod a modelov strojového
ucenia (ML) na analyzu udajov v oblasti poistenia zodpovednosti za Skodu spdsobenu
prevadzkou motorového vozidla (PZP). Cielom bolo posudit, ako modze synergia tychto
pristupov zlepsit’ segmentéaciu poistencov, zlepsit’ predikciu rizika a podporit’ efektivnejSie
stratégie oceflovania poistného. KI'i€ové zistenia Stiidie st zhrnuté niZsie.

Po prvé, pouzitie kontrastnej analyzy v kombinécii so vSeobecnymi linearnymi modelmi
(GLM) umoznilo presnejSiu segmentaciu poistencov do homogénnych rizikovych skupin.
Zaclenenim premennych, ako je vek vodi¢a, znacka vozidla a geograficka poloha, sa poskytol
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hlbsi pohlad na rizikové profily a podporil sa vyvoj spravodlivejSich modelov ocefiovania
zalozenych na dokazoch.

Po druhé, algoritmus Random Forest preukazal vyssiu presnost’ predikcie (R? = 0,76) pri
modelovani zédvaznosti naroku, ¢im prekonal tradicné Statistické pristupy (R? = 0,71). Model
efektivne zachytil nelinearne vzt'ahy a identifikoval kl'i¢ové rizikové faktory, najméd vykon
motora a vek vodica, ktoré vyznamne ovplyviiuju vysledky poistnych udalosti.

Porovnanie pristupov ukéazalo, ze kombindcia Statistickych modelov a modelov
strojového ucenia prinasa optimdlne vysledky. Zatial' ¢o Statistické modely poskytujua
interpretovatel'nost’, teoreticku konzistentnost’ a transparentnost’, ktoré st nevyhnutné pre stlad
s predpismi, techniky strojového ucenia prinasaju vynikajicu predikcna silu, skalovatelnost’ a
schopnost’ spracovavat’ vel'ké a zlozité subory udajov. Tento hybridny rdmec podporuje
informovanejsie rozhodnutia pri upisovani poistného a vyssiu efektivitu pri spracovani adajov.
Z praktického hladiska zistenia naznacuju, ze poistovne mozu vyrazne zlepsit riadenie rizik a
cenové procesy prijatim kombinovaného pristupu. Integracia Statistickych a ML metodologii
umoziuje presnejSiu segmentaciu, dynamické modelovanie rizik a Skalovatenu analyzu
udajov, ¢o v konecnom ddsledku vedie k presnejSim a spravodlivej$im prémiovym Struktiram.
Prijatie modelov ML vsak prinasa urcité regulacné a etické vyzvy. Najmid povaha ,,Ciernej
skrinky* mnohych algoritmov ML mdzZe brdnit’ transparentnosti a stazit regulacné
schval’ovanie, najmi v ramcoch, ako je Solventnost’ II alebo IFRS 17. Preto je nevyhnutné
zabezpecCit’ preukazatel'nost’ a spravodlivost’ vo vystupoch modelu.

Pri pohl'ade do budtcnosti mozno identifikovat’ niekol’ko smerov budiceho vyskumu.
Rozsirenie o d’alsie techniky ML: Dalie §tidie by mali preskamat’ pouZitie alternativnych
algoritmov, ako st neur6nové siete alebo stroje na zvysenie gradientu, na vyhodnotenie ich
vykonnosti pri predikcii rizika PZP. Analyza tidajov v redlnom case: Implementédcia modelov
ML schopnych spracovavat’ streamingové tidaje by mohla umoznit’ poistovniam dynamicky
reagovat’ na zmeny v individudlnych rizikovych profiloch. Etické a regulacné hl'adiska: Na
zosuladenie aplikacii ML s vyvijajucimi sa regulaénymi poziadavkami a spoloCenskymi
ocakavaniami je nevyhnutné neustile skimanie ochrany udajov, algoritmickej spravodlivosti
a preukazatel'nosti modelov.

Na zaver, kombinécia Statistickej analyzy a strojového uc¢enia predstavuje ucinny pristup
k modelovaniu rizik a optimalizacii produktov v poistovnictve. Ked'Zze priemysel celi
rasticemu tlaku na presnost, efektivnost’ a dodrziavanie predpisov, tato integrovand stratégia
ponuka cestu ku konkuren¢nej vyhode a lepSiemu rozhodovaniu. Vysledky tejto Stadie
potvrdzujl, ze spojenie kontrastnej analyzy s modelmi ML umoziuje robustni segmentaciu
poistencov a presnu predikciu zdvaznosti poistnych udalosti v oblasti PZP. Buduci vyskum by
mal uprednostiiovat’ pokroc€ilé prediktivne modelovanie, integraciu telematickych tdajov a
vyvoj transparentnych ramcov strojového ucenia kompatibilnych s regulaciou.

Prispevok bol spracovany v ramci rieSenia grantovej ulohy VEGA 1/0096/23 Vybrané
metody riadenia rizik pri implementacii ¢iastkovych internych modelov na stanovenie
kapitalovej poZiadavky na solventnost’.
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Porovnanie exekucnej efektivnosti programovacich jazykov Python a Java
pri spracovani dat

Comparison of the code execution efficiency of programming languages
Python and Java used in data processing

Pavol Sojkal

Abstrakt

Clanok sa zameriava na efektivnost’ vykondvania operacii v programovacich jazykoch Python a Java z
hl'adiska ¢asovej narocnosti. Oba jazyky sa pouzivaju vV beznom programovani aj v datovej vede. Datova
veda sa v sti€asnosti rozréstla do velkého rozsahu a tento ¢lanok by mal poskytnut’ lepsi prehl’ad o tom,
ktory z vybranych jazykov ma vyssi vykon pri beznych ¢innostiach v zdkladnom spracovani datovych
setov. Pripravili sme experiment a v praxi bezne pouzivany scenar v oboch jazykoch, ktory zahina
pripravu dat, ich spracovanie a vypocet a naslednu interpretaciu vratenych vysledkov.

Kruacové slova
Python, Java, mnoziny tdajov, spracovanie udajov

Abstract

The article focuses on the efficiency of execution of the programming languages computations in Python
and Java in terms of time consumption. Both languages are used in common programming and also in
data science. Data science has grown to a large scale nowadays and this article should provide a better
overview of which of the selected languages has better performance in terms of basic data handling. We
have prepared an experiment and a scenario commonly used in practice in both languages, which
includes data preparation, data processing and calculation, and subsequent interpretation of the returned
results.

Key words
Python, Java, datasets, data processing

JEL classification
C8

1 Uvod

V sucasnosti je vel’ky dopyt po datovych analytikoch a programéatoroch, pretoZe datova
veda a priemysel v poslednych rokoch vyrazne narastli. S tymto trendom sa objavuju otazky,
ako napriklad, ktory programovaci jazyk by sme mali pouzit na splnenie poZziadaviek na
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spracovanie dat. Mnohé odpovede mozno néjst’ na internete alebo v literatire. Mo6zeme zvazit
tieto odporucania na zaklade rozsirenosti jazyka, krivky uc¢enia, dostupnosti zdrojov poznatkov
a podobne. V nasom clanku sme si vybrali jedno kritérium na porovnanie a toto kritérium je
zalozené striktne na merani efektivnosti na zdklade hardvérovych parametrov s
prednastavenym softvérovym scenarom.

2  Priprava prostredia

Ako primarny operacny systém, na ktorom budi vykonavané experimenty, sme si vybrali
Linux Ubuntu 22.04. Nase prostredie bolo umiestnené¢ na platforme Google Cloud na
virtudlnom stroji s hardvérovymi parametrami zacinajucimi na 6smich CPU (centralna
procesorova jednotka, Intel Xeon @ 2,20 GHz, family 6, model 79) a Sestnastich gigabajtoch
RAM (operacna pamit’). Po¢et CPU sa postupne menil a merali sme dopad na efektivnost’
vykonavania kédu z hl'adiska Casu. Moze sa zdat, ze vysledky st I'ahko predvidatel'né, ale
nasim cielom nebolo len dokazat’, Ze znizenie po¢tu CPU ma negativny vplyv na vykon, ale
tieZ presne merat’ hodnoty vo zvolenom prostredi a skumat’, ¢i tento vplyv je rovnaky alebo
podobny u oboch programovacich jazykov.

Po tspesnom nasadeni operaéného systému sme nainStalovali jazyk Python (verzia
Python 3.10.12) a jazyk Java (verzia OpenJDK 21.0.6) z repozitarov opera¢ného systému.
Spolu s Pythonom sme nainstalovali aj kniznicu Pandas. Tato kniZznica je navrhnutd na
efektivnu pracu s ddtovymi mnozinami uloZzenymi vo formatoch CSV, XLSX a d’al§ich. Na
uspesnu instalaciu kompilatora Java je potrebné nainstalovat’ Java framework a jeho vyvojové
nastroje.

Nasim ciel'om bolo otestovat’ rychlost’ ndsho naprogramovaného kodu v tychto krokoch:

e Otvorit’ subor CSV

e Nagitat stipce datovej sady do pamiite

e Vypocitat' sucet celého stipca »11Zby* a ,,Zisk*

e Vytladit nazov suboru a vysledok na obrazovku

e Vytlacit vysledny Cas vykonavania a ukoncit” aplikaciu

Rozhodli sme sa generovat’ syntetické datoveé sady vo formate CSV (hodnoty oddelené
¢iarkami). Na tento ucel sme pouzili aplikdciu naprogramovant v jazyku Java povodne pre iné
experimenty vykonané v minulosti. Vygenerovali sme 500 testovacich siiborov s idajmi o 20
riadkoch a 15 stipcoch. N43 program méze generovat’ datové sady so stovkami tisic riadkov,
ale pre nase experimenty by malo byt 500 suborov x 20 riadkov dostato¢nych. Vygenerované
stbory boli skopirované do adresarov Python a Java.

3 Vysledky

Kazdé meranie sme vykonali trikrat za sebou v oboch jazykoch a zaznamenané ¢asy sme
ulozili do tabulky. Po troch cykloch sme vypli server a postupne menili po€et pouzivanych
CPU z 6smich na dve. Pozorovali sme malé zmeny v ¢asoch vykonavania kodu, ale vyskytli sa
len mensie rozdiely, az pri dvoch CPU bola zmena ¢asu vyznamna. Ako vidno z tabuliek nizsie,
modzeme povedat’, ze program Vv Jave bol efektivnejsi ako v jazyku Python, pretoze Java je
kompilovana do bajtkodu spusteného na Java Virtual Machine, ktory je vzdy rychlejsi ako
interpretovany jazyk — Python. Oba programy beZali v konzolovom okne Linux bash. Prvy
merany cyklus v oboch jazykoch bol vzdy pomalsi ako d’alSie dva. Tento efekt mozno vysvetlit
prednacitanim systémovych kniznic do paméti po prvom behu a preto sme merali Casy az po
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prvom spusteni, aby sme tento efekt eliminovali. Casy v tabulkach st uz matematicky
zaokruhlené kvoli prehl’adnosti, povodne boli pocitané rozdiely pri vyssej presnosti.

Tab. 1: Casy vykondvania (8 CPU)
CPU: 8, Pamat: 16 GB

Python (s) Java (s) Rozdiel (python/Java)
1. meranie 0,65 0,15 4,28
2. meranie 0,63 0,17 3,66
3. meranie 0,62 0,16 3,91
priemer 0,63 0,16 3,94

Zdroj: vlastné spracovanie

Tab. 2: Casy vykondvania (6 CPU)
CPU: 6, Pamat: 16 GB

Python (s) Java (s) Rozdiel
1. meranie 0,63 0,16 3,97
2. meranie 0,68 0,15 4,50
3. meranie 0,63 0,16 3,91
priemer 0,65 0,16 4,12

Zdroj: vlastné spracovanie

Tab. 3: Casy vykondvania (4 CPU)
CPU: 4, Pamat: 16 GB

Python (s) Java (s) Rozdiel
1. meranie 0,68 0,18 3,72
2. meranie 0,68 0,21 3,28
3. meranie 0,67 0,17 3,88
priemer 0,68 0,19 3,61

Zdroj: vlastné spracovanie

Tab. 4: Casy vykondavania (2 CPU)
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CPU: 2, Pamat: 16 GB

Python (s) Java (s) Rozdiel
1. meranie 0,70 0,33 2,09
2. meranie 0,71 0,28 2,56
3. meranie 0,72 0,30 2,43
priemer 0,71 0,30 2,34

Zdroj: vlastné spracovanie

Ako moézeme vidiet' z udajov v tabul'kéch, jazyk Java je vzdy efektivnejsi ako jazyk
Python. Efektivnost' oboch jazykov mierne klesa vzdy, ked’ sa znizi pocet jadier (CPU).
Tabul’ky 1-3 ukazuju, ze efektivnost Pythonu je podobna a v jazyku Java rychlo klesa v
poslednom scenéri iba s dvoma CPU. Ako bolo spomenuté vyssie, prvé meranie je pomalSie
ako d’alSie a tento efekt ovplyvituju interné procesy riadené operaénym systémom. Rozdiely v
jazykoch Python a Java st na prvy pohlad zrejmé. V porovnani s Pythonom a kniznicou Pandas
bude Java vzdy efektivnejSia, pretoze Java je staticky typovany programovaci jazyk a
kompilator pozna kazdu premennt a vyraz pri behu (Adhikari, 2024). Na druhej strane Python
je dynamicky typovany programovaci jazyk a preto sa typ premennej odvodzuje na zéklade jej
pouzitia (Kohli, 2021). Dalsi rozdiel je, e Java je kompilovana do bajtkodu, ktory sa nasledne
vykonava na Java Virtual Machine (Adhikari, 2024). Python s jeho najbeznej$im pouZitim je
interpretovany vzdy z0 zdrojového kddu (interpreter ndsledne uz vola skompilované kniznice),
pri ostatnych nezmenenych podmienkach). Na optimalizaciu procesov nasho konceptu by sme
mali zahrnut’ Specifické algoritmy vhodné pre dany typ ulohy, hlbsi vhl'ad do konkrétneho
programovacieho jazyka, vyber vhodnejsich programovacich jazykov pre strojové ucenie alebo
vyber vykonnejsich kniznic jazyka Python pouzitych pri strojovom uceni (Esposito & Esposito,
2020). Nas ¢lanok ma za ciel’ zakladné predstavenie casto pouzivanych jazykov strojového
ucenia, ktoré zahffiajii jazyky ako Java, Python a R (Kumar, 2024). Casto pouZzivanym
nastrojom v praxi je tieZ ramec Spark (Mehrotra & Grade, 2019), ktory vyuziva efektivnost’
Java a kniznice Spark pouzivanych na manipuléciu s obrovskym mnozstvom dat, ako aj
platformy Hadoop (Nordeen, 2020) pouZivané na udrZiavanie takychto vel'kych datovych sad.
Nasleduju ¢asti kodu, ktoré sme pouzili v naSom testovacom prostredi.

Obr. 1: Ukdzka kédu v jazyku Python
for fincsv_files:

df = pd.read_csv
(f, sep=")
print(‘Location:’, f)
print('File Name:', f.split("\\")[-1])
print(f)
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print(‘Total profit:', df['profit'].sum())
print(‘Total sales:', df['sale'].sum())

print(" ")

Zdroj: vlastné spracovanie

Obr. 2: Ukdzka kodu v jazyku Java
public static void compute(String filename) {

try (BufferedReader bufferedSource = new BufferedReader(new FileReader(filename))) {
intstart =1;
double hodnota = 0.0;
double hodnota2 = 0.0;
double sum = 0;
double sum2 = 0;

String line;

while ((line = bufferedSource.readLine()) != null) {
String[] cols = line.split(";");
for (inti = 0; i < cols.length; i++) {

cols[i] = cols[i].trim();

if (start 1=1) {
hodnota = Double.parseDouble(cols[4]);
sum += hodnota;
hodnota2 = Double.parseDouble(cols[5]);
sum2 += hodnota2;

}

start = 0;

}

System.out.printin(filename);
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System.out.printin("Celkove trzby:" + sum);
System.out.printin("Celkovy zisk:" + sum2);

System.out.printin(" ");

Zdroj: vlastné spracovanie

4 Diskusia

Nas pristup by mohol byt’ optimalizovany pre lepSiu vykonnost’ pomocou mnohych néstrojov a
kniznic, ako s Hadoop, Spark a Specializované ramce pouzivané oboma jazykmi. Mo6zu sa objavit’
d’alSie otazky, aky jazyk pouzit, ked’Ze mnohé iné jazyky (napr. Mojo, Julia a iné) zaznamenali v
poslednych rokoch velky rozvoj. Python sa moze pouzivat’ aj s ramcom Apache Spark. V tomto ramci
je Python optimalizovany pre $pecializované kniZnice, ktoré su ovela efektivnejSie ako samotny Python
(Aven, 2018). Ako ukazuje nasledujuci graf, ¢as behu niekol’kych dopytov v PySpark (jazyk Python
beziaci spolu s Apache Spark) v porovnani s rovnakymi dotazmi v kniznici Pandas. Je zrejmé, ze
(Py)Spark skuto¢ne umoziuje pracovat’ s va¢simi idajmi efektivnej$im spdsobom (Element 61, 2020).
V grafe je zndzornena (rovnako ako v naSom ¢lanku) celkova efektivnost’ funkcie ,,sum® v kniznici
Python Pandas v porovnani s kniznicou PySpark.

Obr. 3: Agregacny dopyt Pandas vs PySpark
Pandas VS PySpark: aggregation query 2

. m= Pandas qreqation 2
25 Out of memory Pandas Aggregatior
== PySpark Aggregation 2
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Zdroj: Element (Element 61, 2020)
5 Zaver

V nasom clanku sme sa zamerali na porovnanie dvoch jazykov aplikovanych na
jednoduchu vypoctovu ulohu, aby sme ukazali efektivnost’ pouzitych jazykov. Na zaklade
naSich vysledkov sme preukazali, ktory z vybranych jazykov je z hl'adiska vykonnosti lepsi.
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Existujti aj d’alSie aspekty, ktoré by sa mohli zohladnit, a to je napriklad rozSirenost
konkrétneho jazyka a krivka u€enia. Vzhl'adom na tieto moznosti je Python vitazom z dévodu
jeho rozsireného pouzivania a znamosti. Jazyk Java je pre novacikov trochu komplikovany na
rychle pochopenie. Na druhej strane Python je celosvetovo uzndvany jazyk s velkou
pouzivatel'skou zakladiiou a rozsiahlou znalostnou bazou na rieSenie problémov. Naucit' sa
tento jazyk nie je pre novacikov také narocné ako jazyk Java. Z naSich tryvkov kédu mozno
pozorovat,, ze jazyk Python je 'ahko Citatel'ny a jednoduchy. Tieto vyhody a nevyhody mozno
podporit’ alebo vyvratit kombinaciou nastrojov, ako je Apache Spark, ktory implementuje
podporu pre Javu aj Python. Specialne pripravené kniznice by mohli zvysit efektivitu jazyka
Python, ale stile nebude taky vykonny ako ¢isto kompilované jazyky. Na zaver priddvame
obrazok najpouzivanejSich jazykov v datovej vede do roku 2024. Index popularity
programovacieho jazyka bol vytvoreny na zaklade analyzy frekvencie vyhl'adavania priruciek
a tutorialov pre jednotlivé jazyky vo vyhladavacej sluzbe Google (PYPL, 2024).

Obr. 4: Programovacie jazyky pouzivané v datovej vede
Worldwide, Jul 2024 :

Rank Change Language Share 1-year trend
1 Python 2935 % +15%
2 Java 156 % 0.2 %
3 JavaScript 8.49 % -0.8 %
4 C# 6.9 % +0.1 %
5 C/C++ 6.37 % -0.1 %
6 N R 4.73 % +0.3 %
7 v PHP 449 % -0.5 %
8 TypeScript 2.96 % -0.1%
9 Swift 278 % +0.2 %
10 ™ Rust 2.55 % +0.4 %

Zdroj: PYPL (PYPL, 2024)
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