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SPOLECNOSTI (CSTS) V ROCE 2025

CZECH STATISTICAL SOCIETY IN 2025

Martina Litschmannova

E-mail: martina.litschmannova@vsb.cz

Clenska zakladna

K 31.12.2025 méla Ceska statisticka spole¢nost 215 ¢lenti. V pritbéhu roku
2025 pribylo 11 novych ¢lend, naopak 7 ¢lentim bylo ¢lenstvi ukonéeno. Cel-
kovy pocet ¢lenu se tak v prubéhu roku zvysil o 4.

Béhem roku zemfel doc. RNDr. Zdenék Karpisek, CSc.

K 6. 3.2026 uhradilo ¢lenské ptispévky za rok 2025 152 ¢lent (71 % ¢lenské
zékladny).

Akce poradané ¢&i spoluporadané CStS

1. Clenska schiize CStS se uskute¢nila dne 31. ledna 2025 v pro-
storach Ceského statistického tfadu v Praze. Zucastnilo se ji 25 ¢lenti
spolecnosti. Byla prednesena zprava o cinnosti za rok 2024 a zprava
o hospodareni za rok 2024. Soucasti programu byla diskuse o ¢innosti
spolec¢nosti a planovanych aktivitach.

2. Konference STAKAN (Statisti¢ti kantofi) se konala ve dnech 30.
kvétna — 1. ¢ervna 2025 v Pavlové. Akce byla zamérena na sdileni
zkuSenosti z vyuky statistiky a aplikaci statistickych metod. Zucastnilo
se ji 34 uicastnik1, z toho 4 ze Slovenska. Celkem bylo pfedneseno 14 od-
bornych prispévk.

3. Vednech 1.— 3. éervence 2025 v Ziliné probéhla konference OSSConf
2025, Otvoreny softvér vo vzdelavani, vyskume a IT rieseniach. Akce
§if1 povédomi o open-source software, datech i hardware. Konference je
rozdélend do sekci, ve kterych zaznélo nékolik pfispévki na analyzu dat
v R a Pythonu a také nékolik pfispévkit z oblasti optimalizace a naroc-
nych vypocta.

4. V roce 2025 se zastupci spolecnosti aktivné ucastnili mezinarodnich
aktivit. Clenové CStS se ztcastnili konference Austrian Statistical
Days 2025, ktera se konala ve dnech 2.—4. za¥i 2025 v Linci (Ra-
kousko). CStS reprezentoval mistopredseda spole¢nosti doc. Mgr. On-
dfej Vencalek, Ph.D., spolu s dalsimi ¢leny spole¢nosti.
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5. CStS se dale spolupodilela na organizaci seminitfe ENERGY DAYS
2025, ktery se konal ve dnech 6.— 8. listopadu 2025 v Praze. Semi-
nar byl zaméfen na problematiku modelovani a analyzy energetickych
systém.

6. Miku(k)lassky statisticky den se uskutec¢nil dne 4. prosince 2025
v Praze. Na akci bylo predneseno 5 odbornych prispévki a zacastnilo
se ji 40 Gcastnikt z akademické i aplikacni sféry.

Spoluprace s Ceskym statistickym tiadem

Cesky statisticky ufad je dlouhodobym partnerem Ceské statistické spolec-
nosti a podporuje jeji ¢innost zejména poskytnutim sidla spolec¢nosti, organi-
zafni podporou pfi poradéani akci a zajiSténim tisku Informac¢niho bulletinu
CStS. Prostory CSU jsou rovnéz pravidelné vyuzivany pro konani ¢lenskjch
schiizi a dalsich akci spole¢nosti.

Clenstvi v mezinirodnich organizacich

Ceska statistickd spole¢nost je ¢lenem federace evropskych narodnich statis-
tickych spoleénosti FENStatS (The Federation of European National Sta-
tistical Societies).

Clensky piispévek (200 eur) do organizace FENStatS byl opét uhrazen
s podporou Akademie véd CR prostfednictvim Rady védeckjch spolecnosti.

CStS pii jednanich FENStatS zastupuje doc. Ing. Tomas Hlavsa, Ph.D.

Clenstvi v Radé védeckych spole¢nosti CR

Cesk4 statisticka spoleénost je €lenem Rady védeckych spole¢nosti CR. (RVS)
pii Akademii véd CR.

Dalsi ¢innost
e V roce 2025 bylo vydano 5 &isel Informaéniho bulletinu Ceské

statistické spole¢nosti.

e Byla prubézné aktualizovina webova stranka spole¢nosti, na niz
byly zvefejniovany informace o akcich spole¢nosti, konferencich a dalsich
aktivitach statistické komunity. http://www.statspol.cz/

e Byla pribézné aktualizovana databaze ¢lent spolecnosti.
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STATISTICKE DNY 2026: POZVANKA
STATISTICAL DAYS 2026: AN INVITATION

Martina Litschmannova

E-mail: martina.litschmannova@vsb.cz

Ceska statisticka spole¢nost pofada i v roce 2026 tradi¢ni Statistické dny,
letos ve spolupraci s Katedrou matematické analyzy a aplikaci matematiky,
PiF UP Olomouc. Konference se vénuje aktudlnim tématim spojenym s te-
orii, aplikacemi a vyukou statistiky. Setkani odborniki, pedagogt i studentt
se tentokrat uskutecni v hanacké metropoli — Olomouci.

Olomoucké statistické dny 2026

Registrace | Abstrakt | Vlozné | Prispévek: do 10. ¢ervence 2026
Kde: PiF Univerzity Palackého v Olomouci & Penzion Tode (Pravda)
Kdy: 10. — 11. zari 2026

Pro letosni ro¢nik organizatofi zvolili t¥i hlavni tematické okruhy:

e Aplikace statistiky v mediciné.

e Aplikace statistiky v pramyslu.

e Inovace vyuky statistiky v éfe AL

V programu radi uvitdme i pfispévky ze sociologie, ekonomie, financi,
teorie pravdépodobnosti a matematické statistiky, dale prispévky k vyuce
statistiky a statistickému softwaru. Finalni podoba programu bude sestavena
na zakladé poctu a tematického zaméreni prihlaSenych prispévki.

Ucastniktim konference bude zajisténo ubytovani v Penzionu Téde, http
s://www.sestrynp.cz/cs/clanek-penzion, ktery se nachézi v klidné ulicce
na olomouckych hradbéch v historickém centru mésta. Z jedné strany penzion
nabizi vyhled do zahrady a prilehlého parku, z druhé do malebné historické
ulicky. Budova je tfipodlazni, zrekonstruovand, s kapacitou 25 lizek ve 13
pokojich.

Odborny program bude probihat v prostorach Prirodovédecké fakulty
Univerzity Palackého v Olomouci na t¥idé 17. listopadu.

svvr

Za organizacni vybor se na Vas moc tési Ondrej Vencélek, Kamila Facevi-
cova, Elizabeth Princova, Jaromir Antoch, Martina Litschmannova a Tomas
Loster.
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KONFERENCE USER! 2026 VE VARSAVE
USER! 2026 CONFERENCE WARSAW

Przemystaw Biecek
E-mail: useR2026Q@r-project.org

Join the useR! at Warsaw!

We’re excited to announce that useR! Conference in 2026 is being hosted in
Warsaw, bringing together data scientists, statisticians, and researchers from
across the world.

What makes this edition special is that it is jointly organized by three lea-
ding local universities, showcasing the strength of Warsaw’s academic com-
munity.

Expect inspiring talks, hands-on workshops, and plenty of chances to meet
fellow R enthusiasts. Whether you're into research, data science, or just cu-
rious about R, this is the place to be.

When: July, 6-9, 2026.
Where: SGH Warsaw School of Economics.

Keynote speakers:

Dariia Mykhailyshyna: R Under Sirens: Research, Students, and
Community in Wartime Ukraine.

Peter Dalgaard: Release management and governance structure of
the R project.

Dianne Cook: Interactive Graphics for Understanding and Interpre-
ting Nonlinear Model Behaviour in High Dimensions, using R.

Jakub Nowosad: A world still to be mapped: reflections on geocom-
putation in R.

Kari Jordan: The Work Behind the Work: Sustaining R Through
Community.

More information: https://user2026.r-project.org/.
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Akce chystané v roce 2026

ROBUST, 18.-23. ledna 2026, Srni.

Clenska schiize CStS, 6. bfezna 2026, Praha.

SIS-FENStatS 2026, 22. - 25. cervna 2026, Rim, Italie — sekce Statis-
tical Literacy SPE (Portugalsko) + SSS (Slovinsko) + CStS (Cesko) —
doc. Ing. Tomas Hlavsa, Ph.D.

OSSConf 2026, Otvoreny softvér vo vzdelavani, vyskume a IT rieSe-
niach, 1.—3. éervence 2026, Zilina, Slovensko — CStS je spoluorganizé-
torem konference. https://ossconf.fri.uniza.sk/

AMSE 2026, 25.—29. srpna 2026, Martin, Slovensko — CStS je part-
nerem konference. https://www.amse-conference.eu/

Olomoucké statistické dny 2026, 10.—11. zafi 2026, Olomouc.
https://www.statspol.cz/STATDNY2026/

Miku(k)lassky den 2026, ve ¢tvrtek 3.12.2026.

Dalsi aktivity podporujici spolupraci statistické komunity.

V Ostravé dne 6. 3. 2026

Martina Litschmannova
predsedkyné Ceské statistické spolecnosti
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METHODS FOR DISSIMILARITY ASSESSMENT
AND CLASSIFICATION OF
REALISATIONS OF RANDOM SETS

METODY ROZLISOVANI A KLASIFIKACE
REALIZACI NAHODNYCH MNOZIN

Bogdan Radovié

Address: Department of Mathematics, Faculty of Eletrical Engineering, Czech
Technical University in Prague, Technicka 2, 166 27 Prague 6

E-mail: radovbog@fel.cvut.cz

Abstract: The paper provides an overview of newly developed methods for
assessing dissimilarity and performing classification of random sets realisa-
tions. One of the methods for assessing dissimilarity focuses on the shape
of individual components, specifically on the perimeter-to-area ratios and
boundary curvature, and employs a permutation test based on N -distances.
The second method also examines boundary shape, but additionally incor-
porates selected topological features of the random sets it aims to compare.
In this case, inference is carried out using a permutation version of global
envelope test applied to the difference of statistical depths between two sam-
ples of random sets. Further, a summary of recently proposed framework for
classifying families of sets that arise as realisations of random set models,
which employs both supervised and unsupervised approaches, is presented.
Each method is briefly outlined, their strengths and limitations discussed,
and the conclusions supported by results from a simulation study.

Keywords: Classification, DD-plot, Global envelope test, N'-distance, Ran-
dom set, Realisation, Similarity, Statistical depth, Topological data analysis.

Abstrakt: Clanek poskytuje prehled nové vytvorenych metod pro rozlisovani
a klasifikaci realizaci ndhodnych mnozin. Jedna z metod rozliSovani se za-
méfuje na tvar jednotlivych komponent, konkrétné na pomér obvodu k plose
a zakfiveni hranice, a vyuZivd permutacni test zaloZeny na N -vzdélenostech.
Druhé metoda rovnéz zkouma tvar hranice, avsak navic zahrnuje vybrané to-
pologické charakteristiky porovnavanych nadhodnych mnozin. V tomto pii-
padé je inference provadéna pomoci permutacni verze globalniho obalkového
testu aplikovaného na rozdil statistickych hloubek mezi dvéma vybéry ndhod-
nych mnozin. Déle je pfedstavena metoda pro klasifikaci realizaci ndhodnych
mnozin, ktery vyuziva jak pristupy tzv. uceni s ucitelem, tak bez néj. Ka-
zda metoda je stru¢né popsana, jsou diskutovany jeji silné stranky i omezeni
a zavéry jsou ilustrovany na vysledcich simulac¢ni studie.
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SEMINAR HAJEK 100 LET OD NAROZENI
HAJEK STATISTICAL DAYS 2026

Jaromir Antoch

E-mail: antoch@karlin.mff.cuni.cz

Damy a panové,
letos uplyne 100 let od narozeni profesora Jaroslava Héjka, s jehoz jménem
se prevazna vétSina z Vas setkala.

Nase katedra se proto rozhodla usporadat pii této prilezitosti seminar,
ktery se uskuteéni ve dnech 4.—6. Cervna 2026 na KPMS MFF UK
v Praze. Seminaf bude zdarma. Podrobnosti o seminafi najdete na adrese

https://www.karlin.mff.cuni.cz/"hajek/

Na seminaf jsme pozvali nékolik zahrani¢nich kolegti, ktefi profesora Héjka
at jiz osobné pamatuji, nebo na jeho prace navazali. Vedle toho jsme vyhra-
dili prostor pro vystoupeni jednotlivych ucastniki. Budeme velmi radi, pokud
mezi nimi butede i vy, at jiz aktivné, ¢i pasivné.

Pozvani recnici:

e Rudy Beran (UC Davis),

e Marc Hallin (Université libre de Bruxelles),

o Zuzana Praskova (Charles University),

e Aad van der Vaart (TU Delft),

e Noel Veraverbeke (Hasselt University),

e Silvelyn Zwanzig (Uppsala University).

Budeme také velmi radi, pokud budete tuto informaci S$ifit mezi svymi
kolegy jak domacimi, tak zahrani¢nimi, a studenty.
Kontakt na organizatory: hajek@karlin.mff.cuni.cz.

Za organizatory se na Vas tési Marie Huskova, Jaromir Antoch, Daniel
Hlubinka, Milos Kopa a Michal Pesta.
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PLAN AKCII SSDS V ROKU 2026

PLANNED EVENTS OF SLOVAK STATISTICAL

AND DEMOGRAPHIC SOCIETY

Iveta Stankovic¢ova

E-mail: iveta.stankovicova@gmail.com

Akcie SSDS v roku 2026 — plan

18.3.2026 — 23.1.2026, podporené cudzie vedecké ¢i odborné
ROBUST 2026, Sumava (Srni), Ceska republika
Hlavny organizator: CMS JCMF, CStS

Marec 2026, populariza¢né pre studentov
Analytika ofami profesionalov, FHI EUBA, Bratislava

23. 4. 2026, vlastné vedecké ¢i odborné
Pohlady na ekonomiku Slovenska 2026
Online, 3 az 4 prednéasky prognostikov

April 2026, populariza¢né pre Studentov
Prehliadka prac mladych statistikov a demografov, Bratislava
Sutaz prac studentov vysokych $kol

24.5.2026 — 26.5. 2026, vlastné vedecké ¢i odborné
EKOMSTAT 2026, Trencianske Teplice
Zodpovedny organizator: Ivan Lichner

18.6.2026 — 20. 6. 2026, vlastné vedecké ¢i odborné
23. slovenska statisticka a demograficka konferencia, Stard Lesna

26. 8. 2026 — 29. 8. 2026, podporené cudzie vedecké ¢i odborné
AMSE 2026, Martin
Hlavny organizator: EF UMB v Banskej Bystrici

28.11. 2026, vlastné vedecké ¢i odborné
Vypoctova statistika 2026, Bratislava

Priebezne

Regionalne akcie: diskusné popoludnia, prednasky

Vypracovala: Iveta Stankovicova,
predsednicka SSDS
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Klid¢ova slova: Globalni obalkovy test, DD-plot, klasifikace, N-vzdalenost,
nahodna mnozina, podobnost, realizace, statisticka hloubka, topologicka ana-
lyza dat.

1. Introduction

In recent years, modeling and statistical analysis of random sets have be-
come increasingly popular, as they have been proven to be an effective tool
for studying the geometry of random objects from a statistical perspective.
Advances in computing technology further enabled extensive simulation stud-
ies on which these analyses are often based. From a theoretical perspective,
they have been investigated, for example, in [2], [19] and many others.

A realisation of a random set may be viewed as a geometric mapping of
an object whose shape arises from a random process. Examples of such ob-
jects include vegetation configuration in an ecosystem, the presence of specific
minerals or gaps within materials, clusters of cells in biological tissue, etc.
Statistical investigations of processes generating these objects can yield valu-
able insights into their behavior, the knowledge of which can yield numerous
practical benefits. Different authors studied their application in medicine [15],
ecology [21], material science [24] or biology [25].

Usually, for a realisation of a random set, we attempt to find a suitable
model. However, knowledge of a specific model is sometimes not necessary,
since our goal may be to compare two or more realisations in order to decide
whether they are similar (i.e., they originate from the same process) or not.

Classical tools for describing random sets, such as the covariance func-
tion, the contact distribution function [2], functions based on morphological
operations (dilation, erosion, opening, and closing of a set), the granulomet-
ric function [27], and others, may not be sufficient to distinguish between
two realisations due to the fact that for a single realisation we obtain only
one estimate of the given function, which makes it impossible to perform
a formal statistical test of equality of the probability distributions. To tackle
this problem, numerous methods for distinguishing between two realisations
of random sets have been developed over the past decade, which focused on
deriving a sample of functions from each realisation, followed by testing the
equality of their distributions (for more details, see [3], [10], [11], [12]). How-
ever, these functions differ across methods, which means that some methods
may consider two realisations similar, while others may distinguish between
them. This is in accordance with the practical setting, as different situations
involve different aspects of interest (e.g., when studying tissues, we are more
interested in the shape of cells, as it is known that cancerous cells are char-
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acterised by their irregular shape and size, while, when studying forests, the
shape of tree crowns is regular, but bigger trees affect the size of neighbouring
crowns, so we may be more interested in their position).

Continuing in the same fashion, one of the methods described in this
article and published originally in [13] develops another approach for distin-
guishing between realisations of random sets: a sample of functions is derived
from a realisation of a random set, which are then used to test the similar-
ity. Furthermore, a different approach for distinguishing between random sets,
originally published in [14], is offered based on non-parametric analysis of the
distribution of random sets via statistical depths. Finally, in a more general
setting, again coming from practical situations, the former method was used
in [26] to classify realisations of random sets based on their similarity. This
article presents an overview of the abovementioned, already published meth-
ods.

The article is organised as follows. Section 2 provides an overview of the
relevant definitions and established theoretical results on statistical depths,
nonparametric statistical testing using DD-plots (depth-depth plots), cur-
vatures of planar curves, and statistical testing using A/-distance theory.
Section 3 presents and compares recently developed methods for assessing
dissimilarity of two realisations of random sets. Finally, section 4 gives an
overview of the recently developed framework for classifying realisation of
random sets based on their similarity.

2. Theoretical background

Let (€2, %, P) be a probability space, F be the family of closed sets in R? and
T = o{FX : K is a compact set in R?}, where FX = {F € F: FNK # (}.
Then a random closed set X is a measurable mapping X : (2, %) — (F,F).
A set F' € F belongs to the support of random set X if X belongs to any
open neighbourhood of F' in the Fell topology [7] with positive probability.

Let X be a random closed set. Its depth function D(-, X) is a function of
a closed set F taking values in [0, 1]. If F' does not belong to the support of
X then D(F,X) = 0.

2.1. Statistical depth for random sets

In this section, several depths for general random sets are introduced together
with a way in which they can be estimated given a sample of random sets.
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e Nekonzistence v generovani kategoridlnich dat (nap¥. nespravné modely
prifazené znackam).
e Model ,zapomina“ na atributy pfi opakovanych promptech.

Nasleduje shrnuti moznych feseni popsanych problémt. Tato feSeni byla
implementovana pii dalSich testech.

e Pii vyuziti AI LLM se zamérit spiSe na generovani kédu misto na pfimé
generovani dat.

e Pouzit strukturované a detailni prompty ke sladéni vystupi modelu
s pozadovanou strukturou a vlastnostmi dat (za obvykly pocet slov
u ,dobrého*“ promptu se povazuje 500 slov).

6. Zavér

V prispévku byly popsany zakladni principy automatického generatoru para-
metrizovanych tloh doplnéné priklady procesu generovani tulohy. Jako jeden
z datovych typtu vstupnich informaci je mozné pouzit i datovy soubor. Byly
popsany ruzné moznosti uloZeni vygenerovanych dat zejména do banky tloh
v LMS Moodle nebo jako soubor do ulozi$té na cloudu. Jadrem pfispévku je
popis procesu generovani syntetickych statistickych dat s podporou AT LLM
a nasledna hlavni zjisténi z vysledkt provedenych testui.

e Jazykové modely zalozené na Al se jevi jako slibné pfi generovani syn-
tetickych dat, ale vyzaduji peclivy navrh promptu.
e Piechod na vystup generujiciho procesu v podobé programového kédu

poskytuje spolehlivéjsi metodu pro generovani strukturovanych dat nez
pfimé generovéani téchto dat s pomoci Al

Z uvedeného vyplyvaji nasledujici ndmeéty pro dalsi vyzkum. Prozkoumat
generovani konzistentnich numerickych dat na zékladé specifickych vlastnosti
nebo rozdéleni s pomoci AT LLM. Dalsi zdokonaleni technik promptu pro za-
jisténi konzistentnéjsich vystupt napfi¢ vice pokusy. Po zvyseni konzistence
vystupt Al je mozné se vratit k ptuvodnimu ndvrhu feSeni, tj. pfistoupit
k testovdni moznosti online vyuziti AI LLM pfi generovani syntetickych dat
v prubéhu vytvareni statistickych tloh zalozenych na analyze vicerozmérnych
statistickych dat.
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2.1.1. Depths based on representations of closed sets by functions
There are several ways to represent a closed set F' as a function, the most
obvious being its characteristic or indicator function

1, z€F,
lF(x):{ 0, ¢ F.

When using functional band depth [17] together with the indicator func-
tion representation of the set, a nice formulation of set depth in terms of
random set notation is obtained as

m

XZ-QFQUXZ->. (1)
1 =1

Dband(F7 X) =P (

where Xy, ...,X,, are i.i.d. random sets with the same distribution as X and
m € N. This depth was introduced in [29].

Let X = {X1,...,X,,} be a sample, i.e., a realisation of m i.i.d. random
sets X1,...,X,, with the same distribution as X. For chosen n € N, n < m,

the estimate of the depth (1) is given by following U-statistics

Dyandn(F, X) = % > 1 (ﬂ X, CFC Ulei> )

n/ 1<k < <kn<m i=1

For large m and n, (':) can become extremely large, making calculations of
(2) too slow. In these cases, we can choose s < (:’:), bootstrap s samples

ij), e ,X,Sj), j=1,...,s of length n from the sample X and obtain

Dband.,n,s(F7X) = éil <ﬁ Xz(]) CFC OXz(J)> )

j=1 \i=1 i=1

Another representation of a closed set, commonly used in image analysis,
is by the distance function or the signed distance function. Let W C R? be an
observation window. The signed distance function of a set F' C W is defined
by fr: W — R as

[ d(=z, F), x ¢ F,
fF(“’)*{ —d(z,W\F) z€F,

where d(z, F') stands for an arbitrary distance from a point x to the set F.
An arbitrary functional depth can be applied to compute its depth values.
These depths will be denoted by Dg;gy,.
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2.1.2. Simplicial depth A novel approach for defining depths for random
sets is introduced, which appears particularly natural in the models involving
Minkowski addition (see, e.g., [18]).

Let X be a random closed set, X, ..., X,, a sequence of i.i.d. random sets
with the same distribution as X, sample X = {Xy,..., X,,} its realisation,
and F' an arbitrary closed set.

Suppose that Fi,...,F,, are arbitrary closed sets. Given that
conv(Fy,....Fp)={p1Fi+...40mFm p1,- - sDm > 0,01 +...+pp = 1},
where + stands for Minkowski addition of the sets, simplicial depth can be
defined as

Dyim(F,X) = P{w € Q: 3L, U € conv(Xi(w),...,Xmn(w))
such that LC F CU }).

To estimate the depth Dy, (X;,X), ¢ = 1,...,m, a bootstrap approach
can be used. First, choose n < m and s € N. Then s times take a random
sub-sample of X of length n. In this way s sub-samples X{(j), e 7X,'l(j)7 j=
1,...,s are obtained. Then, the estimate of Dg;,,(X;, X) is

S

S T1(ELU € conv(XP .. X/D): LS X, CU).
j=1

1
Dyim (X;,X) := 5

Since conv(X {(j ), X 1 )) consists of an infinite number of points, in prac-

tice the above condition cannot be verified for all L, U € conv(X {(j ), o X ,/L(j )).

!/

However, it is enough to choose N € N and verify only for L,U € {p1 X 1(j ) 4+
...—i—an;L(j) =%, meN, Y n =N}
=1

2.2. Testing equality in distribution of two samples of
random sets using statistical depths

The concept of DD-plot was introduced in [5] to compare multivariate dis-
tributions of two samples using statistical depth measures.

Let X = {Xy,..., X, } and Y = {Y3,...,Y,,,} be the two samples of
random sets that we aim to compare. Given an arbitrary depth function D,
the DD-plot of the pooled sample is defined as a collection of ordered pairs
DD(X,Y) ={(D(F,X),D(F,Y)),F € X JUY}. Hence, the DD-plot consists
of my + msy ordered pairs of numbers between 0 and 1.

Since depths are designed to reflect distributional features of samples,
DD-plots constructed from equally distributed samples are expected to be

10
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e VylepSeni promptu (napf. zadani kardinalnich a faktorovych atributi)
zlepsila proces generovani dat.

Nasleduji detailni piiklady prompta v jednoduché studii generovani da-
tové sady automobili

e Prompt: Vytvoite atributy pro tabulku Automobily s datovym typem
a vytvorte kéd Matlab pro generovani 100 piikladt a ulozte jej do
souboru CSV.

e Vytvoreny kéd: Skript Matlab s ndhodnymi hodnotami pro atributy
jako ,Vyrobce“, [Rok“, ,Cena“ atd.

e VylepSeni: Rozsifeni promptu pro zpresnéni konkrétnich datovych
struktur zlepsilo realnost, soudrznost a konzistenci datové sady.

Nasleduje rozsifeni a zpfesnéni promptu.

e Prompt: Vytvorte datovou strukturu pro automobily s faktorem a kar-

dinalnimi atributy s minimalné 10 hodnotami pro znacky a minimalné
3 modely pro kazdou znacku, véetné nahodnych priklada v kédu Matlab.

e Vytvoreny kod: Pocateéni prompt generoval znacky a modely, které
spolu nesouvisely (napf. Toyota s Mustangem).

e VylepsSeni: Prepnuti do rezimu Exact problém opravilo.

Odpovéd na sestaveny prompt pouziva informace a znalosti ziskané z pied-
chéazejicich dotazti. Po novém piihlaseni se model resetuje na prompt s nulo-
vym poctem pokusi, coz zpusobuje, Ze ,zapomene“ na predchozi kontext
a vygeneruje nespravné vysledky. Z tohoto divodu je nutné pracovat na
rozsifeni promptu a pouziti tzv. Chain-of-thought promptu.

e Prompt: Vytvorte datovou strukturu pro auta se 3 faktory s nékolika
obménami a 5 kardindlnimi atributy. Kazdy faktor a kardinélni atri-
but pojmenujte skutecnym nazvem. Vygenerujte 10 skutecnych znacek
a 3 realné odpovidajici modely s jedineénymi nazvy pro kazdou znacku.
Vygenerujte 3 skutecné motorizace pro kazdy model. Vygenerujte cenu
pro kazdy model. Vygenerujte 100 prikladi v kédu Matlab.

e Vytvoreny kéd: Model spliioval vétsinu pozadavki, ale ¢asto selhé-
val pfi generovani hodnot pro nékteré atributy, jako je barva a cena,
s nekonzistentnimi vysledky pi¥i opakovaném spousténi.

5.4. Vyzvy a feSeni
S ohledem na provedené testy byly identifikovany nasledujici problémy:

e Variabilita vystupt modelu Al
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5.2. Metodologie Feseni
Klicové kroky pii generovani syntetickych dat jsou nasledujici:
1. Navrh datové struktury (napi. auta, zaméstnanci).
2. Generovani ndhodnych ¢iselnych a kategorialnich hodnot.
3. Vytvoreni kédu Matlab pro automatizaci generovani dat.
Pro kazdy z uvedenych krokid je mozné vyuzit Al LLM. Pfi testovani
vyuziti LLM byly identifikovidny néasledujici problémy.
e Obtiznost s vazbou hodnot proménnych tak, aby v ramci jedné statis-
tické jednotky co nejvice odpovidaly realité.
e Potfeba slozitych pokynt pro vedeni modelt a omezeni v dosazeni plné
realisticnosti dat.
Dalsi ¢ast ukazuje nékteré vysledky testovani vyuziti AT LLM. AI byla
vyuzita zejména pro generovani hodnot kategoridlnich statistickych znak.

Kardindlni statistické znaky je mozné generovat piimo v kédu Matlabu dle
zadanych parametrt jako je rozsah, distribuce apod.

5.3. Vysledky

Prvni névrh feSeni predpokladal pfimé vyuziti AI LLM pfi generovani tlohy
generatorem a ukladani datového souboru do generované ulohy. Problémy se
ukézaly zejména pii vyuziti poc¢ateénich promptl (zero-prompti).
e Generovani tabulkovych dat (napf. atributii automobilti) pomoci jed-
noduchych vyzev vedlo k nejednoznac¢nym vysledktim.

e Vazby mezi jednotlivymi atributy neodpovidaly realité, napft. se na vy-
stupu objevila znacka auta Skoda s modelem Mustang.

e Vystup Casto vyzadoval vstup uzivatele k opravé chyb (napf. nekonzis-
tentni kategoridlni hodnoty).

Na zakladé téchto vysledkt jsme pristoupili ke klicovym tpravam pii ge-

nerovani dat i pfi konstrukci promptu.

e Pfechod na vygenerovani kédu v Matlabu umoznil lepsi kontrolu a re-
produkovatelnost.
Timto FeSenim jsme ztratili vétsi flexibilitu pfi generovani syntetickych
datovych souborti. Na druhou stranu jsme tim umoznili kontrolu vyge-
nerovaného kédu, ktery muze byt vlozen do kédu generatoru vstupnich
dat a kontrolované generovat syntetickda data v pribéhu generovani
ulohy.
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similar to the identity. Thus, the scatter plot generated by the DD-plot should
concentrate around the diagonal line (0,0) — (1,1).

In contrast, when the underlying distributions differ, the DD-plot typi-
cally appears to be more dispersed, and it may exhibit irregular patterns.
The nature of its deviation from the diagonal can provide insights into the
nature of distributional differences (see [5]).

The authors of [6] further propose some statistics that quantify the degree
of concentration of the DD-plot around the (0,0) — (1, 1) diagonal. However,
the test has low power when comparing samples of a random particle model
(for more details see [14]) and fails to recognise differences between the dis-
tributions of the samples. Thus, it makes sense to develop a new statistical
test that would overcome these obstacles.

2.3. Characteristics of shape of a random planar set

Definition 2.1. Consider a smooth 2D curve C parametrised by a parameter
¢ €1[0,9] CR, ie, Cle) = (z(p),y(p)). The curvature k of C in a point
C(yp) is defined as

clon = L@ (9) = 2" ()Y (¢)
K(C(v)) (z72(p) + y/2(¢))3/2
if the right hand side is well defined.

Let us assume that the curve C is continuous, closed (i.e. C(0) = C(¢))
and it does not intersect itself (i.e. C(p1) = C(p2) = ¢1 = ¢2). Consider
a connected planar set X whose boundary is given by the curve C. It can be
shown [1] that for the curvature x(z) evaluated in a given point z € C and for
a disc b(z,r) with the center in z and a radius r small enough, it holds that

%_3_”_3_7’(%_1>

3
Ab(z,r) 2 ( )

w(z) ~ r3 2r r

where Ay (., is the area of the disc b(z, ) and AZ(z,r) is the area of b(z,7)NX.

Consider a connected random set X, i.e. the random set whose realisa-
tions are connected. Denote Bx the boundary of X and xx(z) the (random)
curvature at the point z € Bx. From (3), we can see that for a disc b(z,)
with suitably chosen radius r, it holds that (up to a constant that can be ne-
glected)

AZ(ZJ‘),X

K zZ) X
x(2) Apzr)

= Oxﬁb(zﬁr)’

11
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where Ay, ) is the area of b(z,r) and A4, ) x is the area of b(z,7) N X.
Finally, we define the function

Ex,r(u) = |Bx|71/ I(OX,b(z,r) < u) dz, we [0, 1],
Bx

which is an analogy of the distribution function of the curvature at points

on the boundary, but it is evaluated for all boundary points, so it describes

the distribution for strongly dependent values. The object of our interest is

the function, analogous to density function, describing the distribution of the

curvature along the boundary

tx.r(u) = Fx . (u). (4)

In the sequel, the function (4), which describes the curvature of the boundary
of the set X, is called the C-function, and it will be one of the characteristics
used for the inference below.

The second characteristic of the random set X is the random variable
describing the ratio of the perimeter and the area of X. It is denoted as Rx
and called the P/A-ratios in the sequel.

In practice, we observe realisations X of the random set X in the form
of binary images, so we need to adjust the definitions of the characteristics
defined above to the realisations consisting of black and white pixels. The
pixels play the role of units in the sequel. The P/A-ratio is simply given by
the number of boundary pixels divided by the number of all pixels of the
component. For evaluating the C-function, fix a radius r € N, denote Pix
the set of all pixels of the binary image, 21, ..., 2, all boundary pixels, and
for each boundary pixel z;, define

T(zi) = #H{pe Pix:peblzr)NnX}
Y tH{pePizipeb(z,r)})
Then, the approximation of the function ¢x ,(u) from (4) is

:ﬁ{ie{l,...,n}:T(zi)G[u—l/l,u)} 12
n 171

for u =

t(u)

where [ is the number of pixels that form the disc b(., 7).

vees 1y, (B)

2.4. Testing equality in distribution based on N -distance
of probability measures

In this paper, the procedure for testing equality in distribution of random
variables and random functions comes from the theory of A/-distances, which

12
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e Pokud je nutné datovy soubor uchovavat delsi dobu, je mozné takovy
soubor oznacit Stitkem pro trvaly datovy soubor (napiiklad odkaz na
cvicny test v interaktivnim formatu PDF lze vlozit do e-kurzu v LMS
na delsi dobu).

V nasledujicim seznamu jsou uvedené prinosy popsaného feseni:

e Moznost generovani datovych kolekci s ohledem na Feseny problém
a zejména integrace téchto dat do zadani ulohy ve formé piipojeného
datového souboru je velmi uzitecna.

e Pro jednotlivé implementace generatoru je nutné resit zejména spravu
soubori v cloudovém feSeni v pripadé generovanych PDF dokumenti
s vlozenymi URL odkazy na datové soubory.

e Reseni nasledné identifikace a stazeni souboru z cloudu je mozné po-
moci aplikace, ktera je volana z vygenerovaného URL odkazu s jednim
parametrem ve formé nazvu datového souboru.

5. Generovani syntetickych dat

5.1. Motivace

Vychozi predpoklady pro pouziti syntetickych dat a jejich generovani jsou
uvedeny v nasledujicim prehledu.

e Problémy s dostupnosti dat:

— Realna data jsou Casto omezena obavami o soukromi, bezpe¢nost
a dostupnost.

— Synteticka data mohou tyto problémy vyftesit, zejména v oblastech
jako jsou finance, zdravotnictvi a vzdélavani.

e Problémy s riznou strukturou a velikosti dat. Odlisné podminky testo-
vani znalosti studentti.
e Uméla inteligence a generovani syntetickych dat:
— Role umeélé inteligence pii generovani velkych a komplexnich da-
tovych sad pro vzdélavaci a vyzkumné ucely.

— Jazykové modely zaloZzené na umélé inteligenci (napf. ChatGPT,
Microsoft Copilot) pouzivané ke generovani fizenych tabulkovych
datovych sad.

37



Védecké a odborné ¢lanky

1. Generovana data se zobrazi na webové strance ve formé tabulky bez
jakychkoliv omezeni na konci zadani. Data lze oznacit v zadani a kopi-
rovat je do pozadované aplikace a dale je zpracovat.

2. Generovana data jsou ulozena do nezavisle vytvoreného souboru v poza-
dovaném forméatu (napfiklad txt, csv, xlsx) a tento soubor je nésledné
uloZen do repositaie LMS. Poté je vygenerovan hypertextovy odkaz na
tento zdroj a tento odkaz je vloZen do textu zadani.

Druha moznost je popsana v nasledujicim pfikladu. Mame vytvorenu sa-

blonu zadani statistické tlohy, viz obrazek 5.

Obrazek 6 ukazuje vygenerovanou tlohu v okné zobrazeni tlohy v LMS
Moodle a poté na obrazku 7 je ukdzan dialog pii stahovani souboru se sta-
tistickymi daty, kterd uzivatel pouzije k vyplnéni feseni tlohy.

Detailnéjsi popis uvedeného feseni lze nalézt v [3].

4. Ulohy s datovymi soubory v cloudu

Druhym nejcastéji pouzivanym vystupnim forméatem tloh je PDF soubor.
V tomto pripadé nelze datovy soubor pfilozit k zadani jako v LMS Moodle.
Resenim je ulozeni souboru na cloudu do slozky s vefejnym piistupem a vy-
generovat uzivatelsky Citelny URL odkaz na tento soubor na cloudu. Stejné
feseni volime i v pfipadé velkych datovych soubori, které mohou byt spolecné
pro vice tloh, viz [4].

S ohledem na Zivotnost vygenerovaného datového souboru je rozdélujeme
do dvou skupin.

1. Datové soubory jsou tzce propojeny s danym vygenerovanym ukolem.
V pripadé generovani ukolu do banky otazek v Moodlu jsou tyto sou-
bory soucasti souboru s popisem celého tkolu. Napriklad u statistickych
uloh se jedna o relativné mensi vybérové soubory s vybéry dat, které
jsou pro kazdy kol jedinecné.

2. Datové soubory jsou spole¢né pro vice tikoli. Takové soubory ¢asto ob-
sahuji velké mnozstvi dat a neni zadouci je ukladat do repozitafe spo-
le¢né s definici kazdého ukolu. Pfikladem mohou byt zdkladni soubory
s velkym objemem celé populace.

Uvedené rozd€leni ovliviiuje i spravu téchto soubori pfi jejich ukladani do
cloudu v ptipadé generovéani tloh do vystupnich formatt (napt. TeX, LTEX,
AcroTEX).

e Docasné soubory lze v cloudu po urcité dobé zrusit. Tyto soubory jsou

generovany pouze pro ucely jednorazovych pisemnych testi generova-
nych ve formatu PDF.
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is briefly recalled in the following paragraphs. More details concerning this
topic can be found in [16].
Let S be a nonempty set.

Definition 2.2. A map L : S xS — C is called negative definite kernel if
for any n € N, arbitrary c1, ...,c, € C such that Y, ¢; = 0 and arbitrary
T1y .y Ty € S it holds

i ic(xiva:j)CiEj <0.
i

Definition 2.3. The negative definite kernel L is called strongly negative
definite kernel if for an arbitrary probability measure p and an arbitrary f :
S — R such that [ f(x)du(z) = 0 and the double integral [ [ L(x,y)f(x)-
fy)du(z) du(y) exists and is finite, the relation

/ / £z, y) (@) (y) duz) du(y) = 0
SJS

implies that f(z) =0 p-a.e.

For a map L:8 xS — C, denote B the set of all measures p such that
Js Js £(x,y) du(z) du(y) exists.
Theorem 2.1 (Klebanov, 2006). Let L(z,y) = L(y,x). Then

N(p,v —2// (z,y)dp(z) dv(y // (z,y)dp(z) du(y)
- [ [ £ avta) avw) > 0 (6)

holds for all measures u,v € B with equality in the case p = v only, if and
only if L is a strongly negative definite kernel.

In the following text, the term N(u,v) from (6) is called the N -distance
of the measures p and v. Suppose that we have observations x1,...,Zm,
from the distribution g and yi,...,¥ym, from the distribution v, then the
N-distance of the measures p and v is estimated as

my me mi1 Mmi m2 Mm2

:m1m2zzﬁx“y] 2225%% 2225(%%

i=1 j=1 zl]l 'Ll]l
(7)
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Many examples of strongly negative definite kernels £ are introduced
in [16] for the case that the observations are real numbers, i.e., realisations
of real random variables. One of the examples, used in our paper, is the
Euclidean distance

L(z,y) = |z —yl. (8)

When the measures 4 and v correspond to distributions of random func-
tions, then we use the kernel introduced in [12], constructed especially for
such functions as follows. Consider two functions f; and fy evaluated in dis-
crete arguments uy, ..., up, n € N. Then the strongly negative definite kernel
is

m 1/2

D
L(fi,f2) = > Y (fluw) = folur))® | (9)

m=1{ky,....km }C{1,....,n} \I=1

where D is a chosen constant specifying the depth of dependence, see [12] for
more details.

Then, we use the Monte Carlo permutation test, i.e., we make S permu-
tations of all observed values x1,...,Zm,, Y1, ... Ym,, split each permutation
into two groups of lengths m; and ms, and, analogously to (7), we calculate
./Vi for the i-th permutation, i = 2,...,5 + 1. Then the p-value of the test is

Ct{ief2,.. ., S+1}:N; >N+ 1
P= S+1 '

3. Methods for assessing similarity of random sets and
their realisations

The primary aim of the methods introduced below is to decide whether two
realisations X and Y of random sets X and Y, respectively, can be regarded
as similar, with similarity defined specifically for each method. The first pro-
cedure, based on depths, uses a permutation version of the global envelope
test [23], where the test function is the difference between statistical depths.
The second procedure, referred to as two-step method, is based on deriv-
ing, for each realisation X and Y, a collection of functions that describe
specific features introduced above. The equality of the corresponding prob-
ability distributions of these functions is then tested using a test based on
the A -distance. Realisations are considered similar if the null hypothesis of
distributional equality is not rejected, and dissimilar (that is, distinguish-
able) otherwise.

14
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Uloha 1
Dosud
nezodpovézeno

Pocet bodi z9.00

V priloZzeném souboru je uloZen vybér hodnot. Pomoci jednostranného testu zjistéte, zda stiedni hodnota vybéru je

mensi nez 84.77.

Jaky test pouZijete ?

Jaky test normality pouzZijete ?

Urete hodnotu statistiky testu

Urete p-hodnotu testu

Jaké rozdéleni ma vybér ?

.

4

Jaky test shody stiednich hodnot pouZijete ? E'

Uréete hodnotu statistiky testu

Uréete p-hodnotu testu

Které z nasledujich tvrzeni je pravdivé ?

Testy provedte na hladiné vyznamnosti 0.05

Soubor s daty najdete zde .

Obrazek 6: Vygenerované zadani v okné zobrazeni ulohy v LMS Moodle

Uloha 1
Dosud

nezodpovézeno

Pocet bodu 9,00

V priloZzeném souboru je uloZen vybér hodnot. Pomoci jednostranného testu zjistéte, zda stfedni hodnota vybéru je

mensi nez 84.77.

Jaky test pouzZijete ?

Jaky test normality pouZijete ?

Urete hodnotu statistiky testu

Uréete p-hodnotu testu

Jakeé rozdéleni ma vybér ?

Jaky test shody stfednich hodnot pouj

Urcete hodnotu statistiky testu

Uréete p-hodnotu testu

Které z nasledujich tvrzeni je pravdive

.

4

Testy pi na hladiné vyznamno!
Soubor s daty najdete zde .

p
Otevirani tpd0758074_cd8f 4c79_bbcb_ 11232323478 xlsx =)
Otevirite soubor:
) tp _cdBf_479_bbet 78.xisx
coije List aplikace Microsoft Excel (9.2 KB)
= hitpsi/phixzcucz
|
Co mé aplikace Firefox udélat s timto souborem?
() Oteviit pomoci | Microsoft Excel (vychozi) -
© ! Uloit soubor
[C] Provadét od ted automaticky s podobnymi soubory.
!

Obrazek 7: Dialogové okno pfi stazeni datového souboru
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Obrazek 4: Princip generovani ulohy — krok 3 — XSL Transformace

V pfiloZeném souboru je uloZen vybér hodnot. Pomoci
##test_typ## testu zjistéte, zda stfedni hodnota vybéru je
##vetsi_mensi## nez ##hodnota##.

<br />

<subquestion type="multichoice" id="1" file=""><text>Jaky
test pouzijete~?</text></subquestion>

<subquestion type="multichoice" id="2" file=""><text>Jaky
test normality pouZijete”7</text></subquestion>
<subquestion type="numerical" id="3"><text>Urete hodnotu
statistiky testu</text></subquestion>

<subquestion type="numerical" id="4"><text>Ur&ete p-hodnotu
testu</text></subquestion>

<subquestion type="multichoice" id="5" file=""><text>Jaké
rozdéleni ma vybér~7</text></subquestion>

<subquestion type="multichoice" id="6" file=""><text>Jaky
test shody stfednich hodnot pouZijete~?</text></subquestion>
<subquestion type="numerical" id="7"><text>Ur&i hodnotu
statistiky testu</text></subquestion>

<subquestion type="numerical" id="8"><text>Ur&i p-hodnotu
testu</text></subquestion>

<subquestion type="multichoice" id="9" file=""><text>Které
z nasledujicich tvrzeni je pravdivé~7</text></subquestion>

<br />

Testy provedte na hladiné vjznamnosti ##alpha##.

Obréazek 5: Sablona zadani statistické tlohy
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Figure 1: Example of realisation of the Boolean, the repulsive, the cluster
and the ellipse model, respectively.

The described procedures are illustrated through a simulation study in-
volving four models. The first model is the Boolean disc model, that is,
a union of a random number of discs with random radii. The second model is
the Boolean ellipse model, that is, a union of a random number of ellipses of
random size. The third model is a cluster process, and the fourth is a repulsive
process, both instances of Quermass-interaction process with suitably chosen
parameters (for details on their simulation, see [20]; for details on the model
parameters see [14]). Realisations of these models are shown in Figure 1.

In the study, for each model 200 realisations of size 400 x 400 pixels are
considered. When we compare realisations coming from the same model, we
divide the set of 200 realisations from that model into two sets of 100 realisa-
tions, forming 100 pairs. In this way, we obtain 100 p-values for each pair of
models compared. Similarly, in the case where we compare different models,
we consider 100 realisations of each model. It gives us 100 pairs of compared
realisations, and corresponding p-values. p-values close to zero indicate re-
jection of the equality of the probability distributions of the corresponding
test functions, meaning that the realisations are considered to be dissimilar.
Therefore, we expect p-values to be concentrated near zero when compar-
ing realisations from different processes, whereas for realisations from the
same process, the p-values should be approximately uniformly distributed on
the interval (0,1). The percentage of p-values smaller than 0.05 is presented
tabularly for both methods.

3.1. Method based on statistical depths

For testing equality in the distribution of the two samples X = {X71,..., X, }
and Y = {Y1,..., Y, } of random sets, an approach based on the permutation
version of the global envelope test is proposed where the test function is
the difference between depths. Note that the difference between depth is
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proportional to the signed distance from the corresponding point in a DD-plot
to a (0,0)—(1,1) line. In more detail, the test function is

Tl(k)ID(Fk,X)—D(Fk,y), k=1,...,m1 +mao,

where Fj, is the k-th set in the joined sample X,..., X,,,,Y1,...,Y,,. The
depth D should be chosen in a way that reflects the nature of the problem.
Continuing the research from [4], the focus is on the shape of the components,
namely the shape of the boundary, and topological features such as connected
components and holes. The study in [14] shows that the depth based on the
signed distance function (Dg;gn) performs the best when focusing on the
shape of the boundary, while holes and connected components were best
detected by the band (Dpgna) and simplicial (Dyg;y,) depths.

For chosen number of permutations S, we permute the joined sample
X1,...,Xm,, Y1,...,Y,,, and obtain two samples X;* and )}, the first sam-
ple consisting of the first m; sets in the permuted sample and the sec-
ond consisting of the last mo sets in the permuted sample. We calculate
Ti(k) = D(F{,X;) — D(F},Y7), i = 2,...,5 4+ 1, where F}, is the k-th set
in the permuted sample. Under the assumption of exchangeability of the
joined sample, the distribution of T;(k), ¢ = 2,...,5 4+ 1 should remain
the same as the distribution of 73 (k). In this way, we obtain S + 1 objects
Tl(k), “ee 7TS+l(k)7 k= 1, ..., mp +mo.

For each k = 1,...,m; + my, let R! (k) and R} (k) denote the ranks of
the values T() (k) from the smallest value with rank 1 to the largest one with
rank S + 1 and from the largest value with rank 1 to the smallest one with
rank S + 1, respectively. For each k = 1,...,m; 4+ my, we define the k-wise
ranks of T;(k) as R;(k) = min (RI(k),Rf(k)) . The extreme ranks R; are
obtained by R; = miny R;(k).

In order to avoid the possibility of the ties, we use the area measure
refinement of the extreme rank R;. It is constructed as follows.

Let Tiyj(k) < Tig(r) < -+ < Tjg41)(k) denote the ordered set of values
Ti(k),i=1,...,8 + 1. The continuous rank of Tj; (k) is

Tiy (k) — Tji—1y (k)

, fori=2,...,5
Ty (k) — Ty (k)

c(k) =J+

and

Tigy (k) — Ty (k) >

Tisiny(k) — Tiy(k) )’

~ Tisy(k) — T[S](k)>
Tis) (k) — Tiyy (k)

ey (k) = exp <_

cis+1(k) =S+ 1 —exp (
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Vstupni text ulohy

Na trhu jsou k dispozici ##pocet_obligaci## obligace s nomindlni hodnotou ##nominalni_hodnota#$~K&, ro&nimi
kupony a nésledujicimi parametry.

##tabulka#$
Zkonstruujte ptipadné arbitréIni portfolio s vyulitim kritéria spotovych vynosdi. Pro zjednodugeni pEedpoklédejme:

&1t;ULsgt;

&1t;LIsgt;

molInost nakupu &i prodeje (emise) libovolnych nésobkii hodnot obligaci (napt. <math>1/2</math> obligace A)
&1t;/LIsgt;

&1t;LIsgt;

nulové transakéni ndklady.

&1t;/LIsgt;

&1t; /UL&gt;

Jaké transakce provedete~? <subquestion type="multichoice” id="1"><text>Moznosti3.xml</text></subquestion>
<subquestion type="table” id="2"><text></text></subquestion>

Zadejte ceny, za které zobchodujete jednotlivé obligace. Nékup zadejte se zdpornym znaménkem, prodej jako kladné &islo.
<subquestion type="table" id="3"><text></text></subquestion>

Obrazek 2: Princip generovani ulohy — krok 1 — Vstupni vzor

yvystup generatoru v XML

a trhu jsou k dispozici 9 obligace s nomin&lni hodnotou 2000 K&, ro&nimi

st="Moodle">

Obrazek 3: Princip generovani tlohy — krok 2 — XML soubor
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2. Priiklad pouziti generatoru

Na obrazcich 2—4 jsou ukazany 3 kroky generovani vybrané tlohy. Proménné
pro vstupni parametry jsou oznaceny symboly ## na obou stranach. V dané
uloze lze nalézt proménné ##pocet_obligaci##, ##nominalni_hodnota##
a dalsi, viz obrazek 2.

Vystupem z generujiciho procesu je zadani a feSeni ulohy ve formatu
XML, které je vstupem do XSL transformace, viz obrazek 3.

XSL transformace vygeneruje dle zadané XSL Sablony zadani a feSeni
tlohy v pozadovaném formatu. Nejvice pouzivané formaty jsou Moodle XML
nebo IATEX, ze kterého generator vytvori PDF soubor. Dalsimi implemento-
vanymi forméaty je AcroTEX pro vytvoreni interaktivnich PDF soubort, Aiken
popi. formét pro prevod tloh do struktury cviceni ve skriptech s vysledky na
konci skript, viz obrazek 4.

3. Princip generovani uloh s datovymi soubory

Jednim z vyse uvedenych datovych typt vstupnich parametri, se kterymi
generator pracuje, je datovy soubor. Pfi generovani dat ve vybraném cilovém
formatu Moodle XML mame dvé mozZnosti feSeni problému jako ptilozeného
datového souboru:

Seznam otazek Testy v PDF
PDF soubor Testy v
Interaktivni PDF interaktivnim PDF

Otazky v Parser Zdroj otazek 3
ruznych <:“I| "A;l[esr\,méa‘\ testd
forméatech

' - XML format formatech
Banka otazek II

Banka otazek Testy v kurzu IV?BSFQL
LMS Moodle A
LMS Moodle _MS saL

Obrazek 1: Proces generovani ulohy a nasledna transformace
do pozadovaného forméatu

Generator Generator

otédzek

TAX
IpOON
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Let Ci(r) = S+ 1 — ¢;(k). Then the area rank measure a; is defined as

1 1

mi + me k

Finally, the p-value of the test is the percentage of curves that have more
extreme ranks than the observed one, that is,

1 S+1
p= S_—|—1 (Z l(a, < a1)> .

i=1

3.2. Two-step method focusing on shape of connected
components

Consider connected random sets X and Y with the C-functions tx , and
ty, and the P/A-ratios Rx and Ry, respectively. The similarity of random
sets is defined so that two connected random sets X and Y are considered
to be similar if the distributions of lim,_,otx , and lim,_,oty , as well as
the distributions of Rx and Ry are equal. Since realisations usually consist
of more than one component, the definition needs to be extended. If we can
suppose that the components in each realisation are independent and come
from the same distribution, then we can define similarity of two random
sets so that they are considered to be similar, if the distribution of their
components is similar in the above mentioned meaning.

Consider two samples, namely X = (X1,..., X)) and Y = (Y1,..., Yi,),
of realisations of connected random sets X and Y, respectively. We want
to test the null hypothesis that X and Y are similar. First, we evaluate
the P/A-ratios Rx,,...,Rx,, s Ry,,..., Ry, of the perimeters and areas
of the corresponding realisations. Based on these values, we estimate the
N-distance of the ratios of X and Y by (7), using (8) where we set z; = Rx,,
t=1,...,m and y; = Rx,, j = 1,...,ma2. Let us denote it by ./VlR Then,
we evaluate the testing functions ¢(u) from (5), which describe the boundary
curvatures tx, (u), ..., tx,, (u), ty;(u),...,ty,, (u), calculate the N'-distance
of the functions corresponding to X and Y, respectively, using (9) and (7),
and denote this NV-distance as A'. The couple (NF, N?) is the test statistic.
Here, we use the Monte Carlo permutation test described above, i.e. we make
S permutations of all realisations Xi,...,X,,, and Yi,...,Y,,,, and split
them into two groups of sizes m; and mg, respectively, in order to obtain

17
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(J/\ZR,/\A/Z.‘), 1 =2,...,5+1, and evaluate the p-value as

~

p:u{ie{Q,...,S+1}:/\7ﬁzJ\7ﬁ/\/\7;z 41
S+1 '

3.3. Comparing the methods

RvsB|RvsBe | RvsC | BvsBe | BvsC | Bevs C
Dign 6 100 12 54 20 54
Dyand 42 100 44 98 54 94
Dgim 26 94 22 82 34 94
2S 100 100 57 100 90 98

Table 1: The percentages of the p-values smaller than 0.05 when compar-

ing different pairs of models, where B stands for Boolean disc model, Be

for Boolean ellipse model, C for cluster model, and R for repulsive model.

The first row corresponds to the percentages of p-values obtained when us-

ing depth based on the signed distance function, the second row when using

band depth, the third when using simplicial depth, and the fourth when using
two-step method.

From a statistical perspective, both methods perform very well when com-
paring realisations generated by the same model. This is evidenced by the
uniform distribution of the corresponding p-value histograms over the interval
(0, 1). More informative are the p-values obtained when comparing different
models. The percentage of p-values smaller than 0.05 when comparing pairs
of different models is shown in Table 1.

As mentioned in section 3.1, the three depth notions capture different
geometric aspects of random sets. The band depth and the simplicial depth
are primarily sensitive to size and topological structure. They perform well
in detecting holes, disconnected components, and global inclusion differences,
because both rely on set containment relations (intersection/union for band
depth and Minkowski convex combinations for simplicial depth). Among the
depth-based methods, the band depth showed the strongest empirical power
in simulation studies and worked particularly well in distinguishing distribu-
tions of connected components. Simplicial depth has a solid geometric inter-
pretation, but is computationally demanding and slightly less powerful than
band depth in practice. In contrast, depth based on the signed distance func-
tion focuses on boundary geometry rather than topological structure. It is
particularly sensitive to differences in convexity and local boundary irregu-
larities, making it more effective for detecting shape deformation rather than
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zuje datové typy parametriu ndhodné generovanych vstupu a vystupu: ¢islo
a znakovy Fetézec, tabulky, matice, popis, obrazky a datové sobory.

Data vygenerovand popsanym postupem se pouzivaji jako vstup do gene-
ratoru tloh spolu se Sablonou textu otdzky a se strukturou (Sablonou) uni-
verzalniho vystupniho formatu XML. Generator umoziuje zpracovani ulohy
vyzadujici ¢iselnou odpovéd (NUM), tlohy s kratkou odpovédi (SA), dlou-
hou odpovédi (Popis) a tlohy s vybérem odpovédi (MC). Velmi dulezité je
moznost zpracovani ulohy s vloZenou odpovédi (Cloze). Tento typ otazky
miuze sestavat ze vSech vySe uvedenych typu tloh. Vétsina vytvorenych ma-
tematickych/pfirodovédnych dloh vyzaduje uzavienou otdzku s ohledem na
strukturovand feSeni (odpovédi).

Generator otazek vlozi vygenerovana vstupni data do textu ulohy a poté
tento text spolu s pfipadnymi komentafi vlozi do Sablony pozadované tlohy
a také do vystupnich vysledkd, které Resitel vypocita jako odpoved (feseni
problému). V piipadé problému s NUM generator vlozi odpovédi pouze pro
jednu otazku; v pripadé Cloze tlohy vlozi odpovédi pro vice otazek. Pou-
zity pristup umoziuje urcit vice odpovédi pro otazku s NUM s danou trovni
validity. Vystupem generatoru otazek je soubor XML v univerzalnim navrho-
vaném formatu, ktery je mozné transformovat napf. do formatu vybraného
LMS pomoci konkrétni Sablony tlohy nebo do formatu ETEX verzi testu,
které se skladaji z ndhodné vybranych a ndhodné generovanych problémi.
Podle pouzitého slovniku 1ze otazku generovat v riznych jazycich. Aktudlni
proces je popsan na obrazku 1.

Aplikace generatoru pro generovani matematickych/pfirodovédnych tloh
muze byt vytvorena v libovolném programovém prostiedi. Aktualni funkéni
verze je implementovana v Matlabu, ktery nabizi svou funkcionalitu a né-
stroje pro efektivni feseni dalSich problémt s vySe zminénou numerickou
pfesnosti. V praxi byl generator pouzit pro tvorbu stfedoskolskych matema-
tickych tloh. Pomoci tohoto generatoru bylo vytvofeno 250 tloh z oblasti
kombinatoriky, analytické geometrie, rovnic, nerovnic a funkci, coz vedlo
k vygenerovani 13000 unikatnich tloh podle téchto vzort. Finanéni a in-
vesti¢ni matematika je dalsi oblasti pouziti automatického generatoru. Bylo
pfipraveno 100 vzoru tloh a vygenerovano 12000 unikatnich tloh. Stejnym
zpusobem byly vytvofeny tlohy pro predméty Zaklady statistiky, Statistické
zpracovani dat, popf. Vicerozmérnd analyza ekonomickych dat. VSechny tyto
tlohy tvofi banky tuloh implementovanych v jednotlivych e-kurzech v LMS
Moodle.
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Uvod

Studijni aktivity, které maji podobu cvi¢nych testti pro sebehodnoceni stu-
dentt, pfedstavuji dilezitou soucast uceni prostfednictvim e-learningovych
kurzti. U téchto testi bez Casového omezeni neni omezen pocet opakovani
a otazka je zaddvana v adaptivnim rezimu s podrobnym komentafem (zpét-
nou vazbou) ke kazdému problému. Elektronické testovani je uZite¢né pro
studenty, aby si byli védomi svych stylti uceni, silnych a slabych stranek,
a ze strany ucitele je k dispozici fada metod a pristupt k vybéru téch nej-
vhodnéjsich [6]. Systémy pro fizeni vyuky (LMS) ndm poméhaji nejen ve
vyukovém procesu, ale jsou také velmi uziteéné pii testovani kol v riznych
oblastech [1].

Existuje mnoho aplikaci pro automatizované generovani testi, véetné na-
priklad generatoru ndhodnych testii [5], testu Maestro II [7] nebo systému
spravy databéze otazek [8]. Tyto aplikace, stejné jako vétsina systémi pro Fi-
zeni vzdélavani (LMS), pouzivaji testy generované ndhodné ze souboru otézek
v bance otazek (databézi otazek). Pfiprava otdzek a budovani takové banky
otazek je obtizny a ¢asové narocny tkol. Automatizace a zjednoduseni této
prace nejsou ve vyse uvedenych systémech feSeny.

Pro vytvareni banky tloh vyuZivime univerzalni princip automatického
generovani parametrizovanych tloh a pro tyto tGcely jsme vyvinuli Automa-
ticky generator parametrizovanych tloh. Pouzité principy zjednodusuji a ze-
fektiviiuji budovani banky otézek, viz [2]. Pomoci tohoto generdtoru byly
vytvofeny pro ruzné predméty banky obsahujici tisice unikatnich problému
jako pomicka v riznych kurzech z rtiznych oblasti matematiky, mezi které
patii i kurzy statistickych pfedmétti. Takto rozsdhlé banky tloh umoznuji
generovani unikatnich test pro kazdého studenta ucastniciho se kurzu.

1. Princip automatického generatoru tuloh

Jadrem celého procesu je automatizovany generator uloh, viz [2]. Princi-
pem generujiciho systému je funkéni piedpis feSeného problému (ReSitel)
spolu s generatorem vstupnich dat (IDG). Resitel je funkce s proménnym
poc¢tem vstupnich parametri v zavislosti na konkrétnim problému. Genera-
tor umoznuje automatické generovani ,,vhodnych“ vstupnich dat na zakladé
urcenych pravidel. Tato pravidla popisuji vztahy ve vstupnich datech. Algo-
ritmus IDG se ¢asto implementuje jako procedura zpétného sledovani feSeni
problému od ocekavanych nahodné generovanych vysledki problému zpét
ke vstupnim datim. Vystupem IDG je kolekce vstupnich dat a vystupem
Resitele je kolekce pozadovanych vystupnich dat. Nésledujici seznam uka-
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Method | Advantages Disadvantages
Dgign excellent detection of high sensitivity to local
boundary curvature / boundary noise
convexity
low power for topological
differences
properties depend on chosen
distance metric
high computational
complexity (distance maps)
Diand very good detection of holes, | high computational
connected components and complexity (combinatorial,
size differences bootstrap)
low sensitivity to local low detection of boundary
boundary noise curvature / convexity
highest power among depth
methods
Dgim good detection of holes, high computational
connected components and complexity (convex
size differences approximations) low power
low sensitivity to local low detection of boundary
boundary noise curvature / convexity
2S flexibility (specific objects of | possible dependence of
interest can be considered) components
simple interpretation
high accuracy

Table 2: Advantages and disadvantages of the considered methods, namely

the method based on statistical depth when using signed distance function

(first row), band depth (second row), or simplicial depth (third row), and the
two-step method (fourth row).

structural changes such as holes. However, its properties depend on the cho-
sen distance metric. It may also be more sensitive to noise in image-based
representations. Overall, the band depth is most effective for topology-driven
differences, simplicial depth offers strong geometric justification with moder-
ate performance, and the signed distance depth excels in detecting boundary
shape differences.
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In the case of the two-step method (2S), the p-values presented in Table 1
suggest that this method has the greatest power among all the methods
presented here and in [4]. The only obstacle shown by the simulation study
is when comparing the cluster and repulsive models, which can be explained
by the fact that the cluster model contains only a small number of large
components, while the rest are repulsive-like, see Figure 1.

Table 2 summarises advantages and disadvantages of the presented meth-
ods. To conclude, the selection of a suitable method depends both on the
intended objective and on the visual characteristics of the realisations. If the
analysis requires accounting not only for component shapes but also for their
topology, it may be more comprehensive to employ the method based on sta-
tistical depths, while if the main interest is on the shape of the component,
the analysis should be based on two-step method.

4. Classification of realisations of random sets

The first step in classifying realisations of random sets is to construct the
distances between individual realisations. Since the two-step method showed
the greatest power among the existing methods, we decided to use the same
distance that was described in section 3.2. Following [13], we focused on two
characteristics described in section 2.3, namely P/A-ratio and C-function.

In the method presented below, we take a less restrictive view than in the
case of testing the equality of distributions, and simply regard two realisations
as more similar, the smaller their A/-distance is. Thus, when we refer to two
realisations as similar, we mean that the empirical N-distance between them
is small, but not necessarily equal to zero.

We consider both supervised and unsupervised classification methods
while drawing mainly from [8], [9], [22], and [28]. The common objective is
to partition given realisations Xj,..., X, of random closed sets Xy,...,X,
into k classes based on their similarity. This framework also enables us to
assign a class label to any newly observed realisation.

For this purpose, the N-distance between two realisations X; and X; is
computed using the estimator given by (7) with the negative definite kernels
(8) and (9). The former kernel is applied when only P/A-ratios are taken into
account, while the latter is used when considering only C-functions. If both
P/A-ratios and C-functions are considered together, we simply incorporate
the value of P/A-ratio as an additional point of the C-function and then
use (9).

Finally, let K = {1,2,...,k} denote the set of class labels to be assigned
to the realisations. Let (X;,G;), i = 1,...,n, be a sample of n independent
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GENEROVANI SYNTETICKYCH DAT
POMOCI GENERATIVNI AI

GENERATING SYNTHETIC DATA
USING GENERATIVE AI

Mikulas Gangur, Olga Martinc¢ikova-Sojkova

Adresa: Katedra ekonomie a kvantitativnich metod, Fakulta ekonomicka, Za-
padoceskd univerzita v Plzni, Plzen, Ceskéa republika

E-mail: gangur@fek.zcu.cz

Abstrakt: Piispévek demonstruje pouziti jazykovych modelt umélé inteli-
gence ke generovani syntetickych dat pro statistické zpracovani a tlohy ana-
Iyzy dat. Vystupem prace s velkym jazykovym modelem (LLM) je poZzado-
vany kéd ve vybraném programovém prostiedi (Matlabu), ktery generuje
pozadovana syntetickd data a je soucasti automatického generatoru parame-
trizovanych tloh. Vyvinuty kéd Matlab je zvlasté uzitecny pii generovani
skutecnych kategoridlnich datovych hodnot a je také schopen implemento-
vat realistické vztahy mezi hodnotami riznych kategoridlnich atributti. Na
ptikladech prompti, jejich postupnych tprav a jejich vystupi jsou ukazany
schopnosti LLM i jejich slabiny a mozna feSeni k prekonéni téchto nedostatk.

Klicova slova: automatické generovani statistickych tloh, XSL transfor-
mace, generovani syntetickych dat, AI LLM, Moodle, e-learning.

Abstract: The paper demonstrates the use of artificial intelligence language
models to generate synthetic data for statistical processing and data analysis
tasks. The output of work with a large language model (LLM) is the required
code in a selected programming environment (Matlab), which generates the
required synthetic data and is part of the automatic generator of parameter-
ized tasks. The developed Matlab code is particularly useful in generating real
categorical data values and is also able to implement realistic relationships
between the values of different categorical attributes. Examples of prompts,
their successive modifications, and their outputs demonstrate the capabilities
of LLM as well as their weaknesses and possible solutions to overcome these
shortcomings.

Keywords: automatic generation of statistical tasks, XSL transformations,
synthetic data generation, AT LLM, Moodle, e-learning.
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pairs, where the random variable G takes values in K. Note that we use
(X, gi) to denote the observation of the pair (X;,G;), i =1,...,n.

The presented procedures are illustrated through a simulation study in-
volving three models, namely the Boolean disc model, the cluster model, and
the repulsive model, described in section 3, and shown in Figure 1. In the
study, 200 realisations of size 400 x 400 pixels are considered. Since reali-
sations of the models significantly differ in the number of components, an
investigation of possible influence of the number of components on the cal-
culation of the N-distance between two realisations was done, similarly as
in [13]. Namely, we calculate the distances using samples of 10, 20 and ‘All’
components, where ‘All’ means the number of components in the realisation
with a smaller number of components. Further, we studied influnce of the
amount of data (i.e., the number of realisations at disposal) on the perfor-
mance of the classifier, considering samples of 20, 50 or 100 realisations. For
supervised classification, data are partitioned into training and test sets in
75:25 ratio, while for unsupervised clustering, we process the entire dataset
at once fixing k = 3.

4.1. Supervised classification of random sets

The idea of supervised classification is based on the Bayes rule. Given a re-
alisation X of the random set X, we estimate the posterior probabilities

pe(X)=P(G=cX=X), ceK.

The realisation X is then assigned to the class with the highest estimated
posterior probability.
We can use the kernel-type estimator

Yie1 1(gi = K (AN (X, X))
Y K(WIN(X, X3)

Pe(X) = (10)

where K is a kernel with the support [0,1] (i.e. K is positive and non-
increasing in [0, 1] and fol K = 1), and h is a bandwidth (a strictly posi-
tive smoothing parameter). It means that the closer X; is to X, the larger
is the value K(h7'N(X, X;)). Note that only X;’s with the distance less
than h from X are taken into account since for N'(X;, X) > h it holds that
N(X;,X)/h > 1 and therefore kernel K with the support [0, 1] assigns zero
value to such X;. Thus, among the realisations X;’s belonging to the c-th
class, the closer X; is to X, the larger is its effect on the c-th estimated
posterior probability, and X;’s that are farther than i have no effect at all.
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As stated in [8], it is efficient to set the bandwidth & so that only m nearest
neighbours of the realisation X are taken into account to calculate the kernel
estimator (10). In order to choose the optimal m for each realisation Xj,,
denote by A, (x, ) the bandwidth such that #{i: N (Xip, Xi) < hm(XiO)} =m.
Further, denote

k
2
Loss(m,ig) Z ( Gip =€) p‘(: nzf)(Xio)) )

c=1

where

Zi:i#io 1(g: = )K(h_(x )N(XZ(NX )
Zi:i#io K(h;L(X )N(Xlo’X ))

Then the optimal number of nearest neighbours mr,ss for X;, is

pg n%LO)(Xio) =

MLoss(Xip) = argmin Loss(m, ig)
m

and the corresponding bandwidth is the value hy,,,_ ( Xiy)- We refer to this
method as k-nn.
2. Unsupervised classification of random sets

4.2.1. Non-hierarchical clustering When studying unsupervised classifi-
cation, we start with the well-known k-medoid algorithm described e.g. in [9].

The aim is to divide the realisations X1,...,X,, to k classes.
The procedure begins by arbitrarily selecting & realisations X;, , ..., X;, to
serve as initial medoids. For each realisation X;, i = 1,...,n, the N-distance

from every current medoid is computed, and X; is assigned to the class repre-
sented by the medoid from which it has the smallest A/-distance. Within each
class, a new medoid is then determined as the realisation whose total sum
of N-distances to all other realisations in that class is minimal. Using these
updated medoids, the assignment step is repeated. The procedure continues
iteratively until the class memberships stabilise and no realisation changes
its assigned class. Although the problem of selecting the optimal number of
clusters k is widely discussed in the literature, we do not address it here,
since in practical applications the number of clusters is typically determined
by the specific context of the problem.

4.2.2. Hierarchical clustering Except for non-hierarchical clustering de-
scribed in the previous section, we take a different approach by applying an
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agglomerative hierarchical clustering approach, namely the Ward’s method
[28] which joins clusters sequentially using the Lance-Williams algorithm with
suitably chosen parameters [22].

At the initial step, each realisation forms its own singleton cluster. At
every subsequent step, the two clusters with the smallest mutual N-distance
are merged, and the distances between clusters are updated accordingly. For
a set of realisations X7,..., X,,, the procedure starts by identifying the pair
X, X; with the smallest N'(X;, X;) among all pairs. These two realisations
are then replaced by a new cluster X =X,U X;. The clustering process
continues in the same manner: whenever two clusters X 1 and X 2, containing
my and my realisations respectively, are merged, their distance to another
cluster X3 with mg realisations is updated according to

N(X1 U X2, X3) =

_ \/mm@h)@) LI %) - (R, K,
m m m

where m = mj+ms+mg. The procedure proceeds iteratively until all original
realisations are merged into a single cluster. An advantage of this hierarchical
approach is that the number of clusters does not need to be specified in
advance; for any desired number k, one can simply stop the algorithm at stage
in the hierarchical tree at which the original set of realisations is partitioned
into k clusters, which corresponds to k steps before the final merge.

4.3. Comparing the methods

Figure 2 presents boxplots of the misclassification rate (defined as a ratio of
misclassified realisations), when classifing a set consisting of 100 realisations
from each model for different number of components considered. It is clear
that the supervised case outperforms the non-supervised case in all settings,
regardless of whether N -distance was calculated based on only C-functions,
only P/A-ratios, or both characteristics together. When each characteristic is
used independently, the maximum misclassification rate is higher; however,
it decreases once both characteristics are taken into account simultaneously.
This confirms that integrating curvature with perimeter-area information
yields a more reliable classification of random set realisations. The simula-
tion study further shows that the proposed similarity-based classifiers are
robust across a range of random set models, with their accuracy improving
as the number of connected components grows. The reason behind it comes
from the fact that the components affect the shape of their neighbouring com-
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Figure 2: Boxplots of misclassification rate (AMR) for 50 runs of k-nn (top

row), k-medoids (middle row) and hierarchical clustering algorithm (bottom

row) when considering samples of 100 realisations from each model using

both P/A-ratio and C-function, only the C-function ‘Curvature’ and only

the P/A-ratio ‘Ratio’ for discrimination, respectively. For each setting, mis-

classification rates for different number of components considered (namely
10, 20 and ‘All’) are shown.
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ponents, meaning that with a higher number of components considered, we
will better catch the internal structure of a realisation, which leads to better
categorisation. Furthermore, it was shown that the accuracy of classification
improves with increasing number of realisations classified in the case of su-
pervised learning, while it was not affected by it in the case of unsupervised
learning.

In summary, a general framework for classifying random set realisations is
introduced based on functional characteristics combined with N -distances as
similarity measures. By integrating supervised and unsupervised strategies,
the approach remains applicable to both labelled and unlabelled data. Future
research could aim to extend the methodology to higher-dimensional random
sets, incorporate additional geometric or topological descriptors, study the
performance of classifiers in the unbalanced case, and examine the theoret-
ical properties of the proposed methods such as asymptotic behaviour and
computational optimisation for large-scale datasets.
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