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To TuARua Ztatiotikig tou OlkovoplkoL Mavemniotnpuiov ABnvwy dlopyavwoe, otig 7 Kot 8

louviou 2023, pe peyaAn emutuyia, to International HERMES Ph.D. Workshop 2023: “Data Science
in Business”, mou €\afe xwpa OTLE EYKATOOTACELG Tou OLKovopLkou Mavemiotnuiov ABnvwy.

OL ouppetéxovteg tou Workshop mpoépyoviav amd mAnBwpa Eupwnaikwv

MaVETLOTNULWV KL, TILO CUYKEKPLUEVA, QIO TA:

Academia de Studii Economice din Bucuresti (Pouuavica)

Department of Statistics, Athens University of Economics and Business (EAAada)

International Hellenic University (EAAada)

Leopold-Franzens Universitat Innsbruck (Avotpia)

Maynooth University (lpAavéia)

Technische Universitat Dresden (Fepuavia)

Universita Ca' Foscari Venezia (ltalia)

Universidad de Alcala (lormavia)

Universita di Pavia (ltaAia)

University of Economics in Bratislava (JAoBakia) ka

University of Lausanne (EABetia).

To Workshop nepthappave 12 Napouoiaocels (“Oral Presentations”) kot 10 0vaKOLVWOELG

Poster (“Poster Presentations”), oL omolieg cuvodelovtayv amno Atunn oultnon Kot avtaAlayn
LOEWV HETAEYU TWV CUUHETEXOVTWY, KABLOTWVTAC QUTHV TNV KSAAWON TNV LOAVIKI guKaLpia yla
€UOTOXN, TOAUTIOALTIOMLKY) €PEUVNTLKN avtaAlayn yvwoswv, OAA Kal SKtowon, MeTaty
YrioPridlwyv ASaktopwv dL1adOpwV YWWOTIKWY OVTLKELUEVWV.

Tnv npwtn nuépa (7 louviou 2023), oL CUMUETEXOVTEC CUYKEVTPWONKav oto ApudLBéatpo

(Emimedo -1), tou Néou Ktiplou tou ONA (Troias 2 and Spetson), ekel OTOU TOUG UTIOSEXTNKAV, O
Avtutputavng tou ONA, Kabnyntng BaoiAng Namaddkng, o Npdedpog Tou TUNUOTOG ITATIOTLKNAG
tou OMNA, KaBnyntng lwavvng Ntloldpag, aAld kat n Npoedpog Tou HERMES, Elke Kitzelmann
(Associate Dean of Studies, International Economic & Business Studies, University of Innsbruck):



https://www.linkedin.com/company/academia-de-studii-economice-din-bucure%C8%99ti/
https://www.linkedin.com/company/aueb-stats/
https://www.linkedin.com/school/international-hellenic-university/
https://www.linkedin.com/company/uniinnsbruck/
https://www.linkedin.com/school/maynooth-university/
https://www.linkedin.com/company/tu-dresden/
https://www.linkedin.com/company/cafoscari/
https://www.linkedin.com/company/uahes/
https://www.linkedin.com/company/university-of-pavia/
https://www.linkedin.com/company/university-of-economics-in-bratislava/
https://www.linkedin.com/school/university-of-lausanne/
https://goo.gl/maps/2CEjCZsf8HKAWvbL8?coh=178573&entry=tt

AkoloUBnoe n Kevtpikr) Ophia (“Keynote Speech”) tou Ayyehou Als€dmoudou (OMMA),
pe Oua: "A Machine Learning and Network approach to Value Added Tax Fraud Detection”:

eal pu\hh?”’

(Part of) the *

lack nodes legitimate bu
uffrs brokers resse

MEeTA To EPAG TNG OULALAG, OL CUHETEXOVTEG OMOAQUCAV EVA ULKPO SLAAAELUA, TIOU
TouG £6woe TNV eukalpia v apxioouv va yvwpilovtal KaAutepa petafl TouG:

H mpwtn uvedpia tou Workshop, pe mpoedpewv tov Bernhard Schipp (T.U. Dresden),
amoteAouvTayv amno TL¢ KATWOL OpALEC:

1. Juan Felipe Santos Marquez (Technische Universitat of Dresden): Tri-border Areas and the
Location of Economic Activity in Open Economies:

3


https://drive.google.com/file/d/1JInGfy60OMr5duK9U6-IqJ_GPjOQ_2GK/view?usp=drive_link
https://drive.google.com/file/d/1JInGfy60OMr5duK9U6-IqJ_GPjOQ_2GK/view?usp=drive_link

Light changes
20062009

2. Miruna Proscanu and Cosmin Proscanu (Bucharest University of Economic Studies): Electricity
consumption forecasts for Romania. Deep Learning versus Time Series models kat

3. Xenophon Kitsios (AUEB): A Time Series Compression Technique:

g eonresson fhor?

Tic Mpodopikég Mapouoidoelc (“Oral Presentations”) S1086€xBnKav oL AVOKOLVWOELG
Poster (“Poster Presentations”), ouvoSgulOueveg KL amo €va SLAAslypa yla yelpa, oTo
AudBeatpo Avtwviadou, tou KevtpikoU Ktipiou tou ONA ( Patission 76):



https://drive.google.com/file/d/1pCseOdnVu6EOkksdRXZindu216WrXYBG/view?usp=drive_link
https://drive.google.com/file/d/1pCseOdnVu6EOkksdRXZindu216WrXYBG/view?usp=drive_link
https://drive.google.com/file/d/1QplQw5DjPCGG1XNXG2oS9OKvojleo0Yc/view?usp=drive_link
https://goo.gl/maps/pE9wCcYinNhCKYYL6?coh=178573&entry=tt

H Bepatoloyia Twv avakowwoewv Poster NTav euputatn:

1.

Maynooth University):

CHERMES Pho Workshop Maynooth
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EU Green and Red securities behavior with crisis sentiment

Ferdinantos Kottast

+1.Phd student, Maynooth University, National University of Ireland and 2. Risk data Scientist, Creditinfo, celand

EU Green and Red securities behavior with crisis sentiment (Ferdinantos Kottas,

FEARS Factor:
2 1. Equal Weight FEARS Index and
' Study alternative factors in the asset 2. PCAFEARS INDEX

Research Objectives

» Create crisis sentimental indexes forthe  Google Search Volume Index (GSVI).
EU financial markets and study the relative GSvj js calculated as:

General CS| Factor:
The method use the first principal
component for 2004 using the first 12

pricing models that influence performance Google Search Key words (table 2) which give us the months GSVI values from each of the

four-time series. For the remaining
nma period, we run the analysis

desirability with the Green & Red GSVI = Rumber of quertes f or each keyword
1 total Google search queries
Definitions

And the aggregated European word volume:

‘Green (eco- fnendly) securmes are those gal o
i i GSVIR+ 4GSV
GSVIEY = =~ AL

Transform monthly changes for each search term:
AGSVIi,t = In (GSVIi,t) — In(GSVIit-1)

to of and star monthly change for each search
Green, and Red securities heterogeneity).yord at the period t (AGSVIi, 0
pricing models are extension of Fama- L i
ch model. Transform the returns using £ TSR b= "‘an
sorization, aim to limit the extreme values 2, FEARS (PCA) |“g“‘=_.2.iﬂﬁ“f2.‘)ﬁv."_,.
to rednce the effect of spurious outliers. max(Bic, Wi-d4GVIe)
d

General Crisis Sentiment Index (CSI)—(Baker,
2006) which is a direct measure of crisis mood to
quantify the gloomy market-wid i of
retail investors during the financial crisis.
Financial and Economic Attitudes Revealed by
‘Search (FEARS) index-(Da, 2015) which reflects &3
the attention and sentiment of public investors.
Sl and FEARS Index is adjusted by the

hing key words and the aggregation method

of the EU countries as one for every word. The _::_
ied FEARS Index adjusted by using Da

for each month by

increasing the considered time span by |r.

one month after each estimation. The
results are scaled by maximize
method. This is the development of the
crisis mood using crisis-related search
keywords.

CSl Index, = +100

~asw‘)

s
S [ EE an aw an
P

v wd,

el G115 5

« Crisis indexes explains the liquidation triggered by the

crisis shoc]
snoise mging mvssmrs are buying/selling financial
assets based on g.rumours,
emotions) that causes inefficiencies & mi:

Investigate the underlying reasons behind internet

searching and new sentimental signals. The market is
driven not only by fundamentals and technical sxgnsls
and that can be ly

but also by social
valuable in shaping trading tactics

1110.Z et al, 2015, The Sum of All FEARS Investor Sentiment & Asset Prices
[2]Baker, M, et al, 2006.




2. Parametric Survival Modeling of Soccer Data (llias Leriou, AUEB):

PARAMETRIC SURVIVAL MODELING OF SOCCER DATA.

liias Leriou*, loannis Ntzoufras™ and Dimitris Karlis *
“Athens University of Economics and Business

Our goal (figuratively!)

+Find a plausible parametric distribution for
Bayesian survival modeling.

“Explore bivariate goal arrival time model
ing.

- Predictive league reconstruction.

What we know so far

1.Del Corral (2008)
+Analysis of first substitution tima and
their determinants in Spanish loagua for

season 2004-5.

Let ti and .., be the event gap times.
for team L and team 2 respectively with
i~ 1,2 nandm 1%, 4 the game
indicator.

Goal Artval Timas Cansoring Timos.
Home Away Fome Amay

Game .y to, &
! 2 Na
1% NA
1 NA 9
I NA NA

whare

(T, T(111/7)

How do we do?

2.Nevo (2013)
+Gox model for 1st & 2nd goal. 760 Pre-

mier League games (2 seasons, 2008-
2010).

3, Egidi (2018)

«Use of dynamic time depandent param
aters used to capture the performance
of the teams.

4.Tsokos (2019)
+Machine learning toois for modeling soc-
cer events.
5.Narayanan (2021)
~Model football association: avent times
using Hawkes processes.

DENSITY ESTIMATES FOR THE S-LAPLACIAN AND APPLICATIONS

u:wma my\orm Log-Logiste MOBW Waitu!

Bayesian Model Discrimination

Our Suggestion

The model's structure is presented
below:

fAthens University of

Seriae

DC vew ol wio i v

o @ 4800
v 17

M. Nikolouzos'* A. N. Yannacopoulos'*

Mean Median sd 2.5% 97.5%

807 0.058 4,655 4.892
16 0.027 1.086 1.173
home -0.258 -0.262 0.058 -0.365 -0.134

Wl — 1,2y 42 —TcmnlEPLza:s& 2018 Prodicied (ot i
Weakly informative priors to parameters as. (e
follows: Totterham
4 ch
g s o homne v Normal{0, 10 %) et
whilo the following weakly informative Warchester Uritad
Gamma prior was assigned to the positive Everion
rameter % e
i i o Wotvorhamplon Wanderer
=~ Camsnaf107% 107 Crystal Palace
Viest Ham
STZ constrains for attacking and defensive W:.:,“S,- o
parameters to allow for comparisans of the Boumemouth
abilities of each team with the overail level Soutrampton
of the fixed effects Burriey
Brlgrton
Cars®

918}
d i
Acknowledgements

The rosearch work was supported by
the Hallonic Foundaton for Research
and Inncvation (HFRI) and the Genoral
Secretariat for Resoarch and Technology
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and i “Stochastic ling and

tuition

What is the connection between Levy processes and mini
mal solutions of a fractional Poisson system of equations?
Let .Y, a (2s-stable) Levy process and « a minimal solution
of the system (— A)"u-+ ¥, (u) = 0, for u - R* — R,

0< s < 1and W the potential, The fractional Laplacian is

delined as
(=) () = Hity . Ml clm PV fo By (1)

Following the work of [1] and (2], we are proving a density
theorem for the above system, which will provide a lower
bound for the energy functional (defined below). The impor-
tance of tha theorem is that provides a pointwise estimation
for the vector function u.

Main Theorem

We consider mlrurmzars of the nonlocal energy
functional J(u, ©2) v SR gy 4
J'_,H u(x)dr, s € (0,1), amonn all functions u . @ C
R* — R™, such that u € W*2(Q.R™), with u 9 (given)
on R |\ ©, for a given open bounded set 2 © &”, where

| - | denotes the Eucidean distance (in " or R") and

R is a C* class (Fig.1), positive potontial,
", salisfying the hy-
&l = 1 (0,ra) 2 r
is non decreasing with 1'(a + r,€) > 0

Wia+r€)

N ALY

Furthermore the term minimizer means that for any « In the.
same class as u with u = g in {2, the inequality .J¢
/(0. 2) holds.

Theorem: Let » ¢ (0,1) and assuma that the potential
s the above assumptions, © is open and u - O C
R is minimal. Then, for any u, > 0, and any A €

(0, do) where dy = win,{la — 2| - = #a, W(z) = 0} > 0,
the condition
1B, (o) O {Ju = a] > A} 2 pp
implies that
18, () 0 {Ju = a > A}| = Cr*, forr > 1,
as long as B, () < © where C' = C{W, iy, A, ro, M)
Progress

So far, we have managed 1o prove the main theorem for
the cases :

e0<s<landa =2

sl<s<landl<a<2

We, also, have proven an upper bound for the energy of
the minimizer:

Ccr! itse1/2,1)
JuBp)<{ CR™'mRUE s=1/2
CR™™ ifs€(0,1/2)

for an appropriate constant (" independent of it

In addition, a first application of the main theorem is the
derivation of a pointwise estimate for the minimal solutions
of the system for the case o = 2and s € (0,1):

Under the assumptions of the main theorem and for a given
1, there exists /¢(/) (depending only on W and M) such that:
By (ao) < O implies Ju(xy) —a < 1

Cu"anlly. we are working on the rest cases of the main
theor

el<s<landl<a<l

The above case it has been proven (o be difficult and cur-
rently, we are redesigning the entire proof using a new fam-
ily of test functions. The functions of the family /i(x) —
—{1+ lzf*) !, for suitable /4, are s-subharmonic for x & R"
nnd Lonkosaimay TRlp opectes that are suitable for our

Mo«smr the pointwise estimate above will conclude on a

Liouvilie type theorem for minimizers.

We are investigating more aspects of the theorem and, in

general, of the system:

«connections (minimal solutions that connect the minima
of the potential).

estratification-hierarchical structure of the system under
symmetry hypotheses.

References

1IN, D. Alikakos, G, Fusco, and P. Smyrnelis. Elliptic systems of phase
transition type. PNLDE 91, Birkhauser (Green Series). 2018

1210, Savin and € Vakiinoci. n-nw ostimatos for lvm-uonll nw
driven by the gai . Journal de Mathématiques P
Apoludes, 10101)1-26,5014.




4. Deep Learning Models for Probability of Default (Kyriakos Georgiou, AUEB):

DEEP LEARNING MODELS FOR PROBABILITY OF DEFAULT
Kyriakos Georgiou' and Athanasios N. Giannakopoulos!

TAUEB - Departmen!

t of Statistics

The International Financial Re-
porting Standards (IFRS) 9 have
amplified the need for rigorous
mathematical methods, able to
quantify, assess and optimize credit
risk. We consider the problem of es-
timating Probabilities of Default (PD)
of asset stochastic processes by us-
ing Deep Neural Networks to train
models that predict these values,
motivated by recent developments
in Deep Learning as tools for solv-
ing PDEs.

The asset process models

We consider a "generalized" Lévy-
driven stochastic process, under
which the asset value process is
defined by the triple (G, Ry. Yzlisq,
capturing both the switching and
volatility processes, and is given by:
dGy = K(Ry)(0(Ru) — Gu)dt
L o{Ra)/YidBy + / 2N(du, dz),
3

dYy = Kl — Ya)dt + €/Yod Wy,
with Gy =z, Iy
PIDEs for the PD function

pand Yy =y.

We define the PD as a function of

the initial values and the time until
maturity:

V{x, p,y, u)

= P gn;(i. <0lGy==z,Ro=p,Yo=v).
and survival probability (z, u, p. y).

We have shown that the @ is the so-
lution of the PIDE:

L, &%

tooy—s +=Ey—s
7o T 3> Vg

+3 a4y (rlun,:j wou) — Doy, u))
i#e
1 / (¥ +2p.0.0) Bl ) ()
R
with initial and boundary conditions:
Dz, p,y,0) = 1,50,
D(0, p, yu) = 0.
Pz, p.y,u; > 1, asz - o,
a0, 5
Fyo =0 asy so
Standard numerical solutions suffer
from the "curse of dimensionality".
Tr:

ing a Neural Network

We can use the Feynman-Kac
formula to create a loss function
using an appropriate payoff func-

tion. Consider the random vari-
able Y\*4l) = NT,GIVy —
P91 < 0). Then:

Dt py) - E[RT,GFV) R
[h(1, X7)| X = ],

where the equality is a result of the
Markov property, and therefore we
can write:

(., p,y) = E[YEPY)| 5,
Hence, ¢ is the solution to the min-
imization problem:

min E()Y 20— oz, p, )]

To train a DNN model we can use
the estimator of the expectation
above as the loss function:

Model-Based Clustering for

Kekempanos, AUEB):

MODEL-BASED CLUSTERING FOR DYNAMIC COUNT-VALUED SOCIA

Kekempanos

M
(BN 2
Ly(z) 312, (¥ _ Uy, p,y:0))°

=
We extend this by simulating as-
Set processes with various maturity
times and therefore obtain the Neu-
ral Network model [/, . p. y).

Neural Netwrok PD models

The resulting survival functions un-
der the generalized, regime switch-
ing and stochastic volatility models
are displayed (from left to right) be-
low. These closely match solutions
obtained using standard Finited Dif-
ference schemes.

a family of asset models

Using the DNNs we can therefore
solve the "curse of dimensionality”
and extend their usage. In prac-
tice it may be useful to consider an
asset value process with parame-
ter vector © = (0, ....0,), which

stochastic coefficients © = (k.6.4)
are each randomly sampled from
Unif(0.0,5.0). We can train a DNN
model that has a four-dimensional
input layer (zp,k.6,0). Below we
display the resulting PD functions
predicted by the DNN for four pa-
rameter sets:

(0.5,0.5,0.5),
2.0,2.0),
(3.0,3.0,3.0),
{4.0,4.0,4.0)

ik,8.0) =

This displays the important bene-
fit these Machine Learning models
can offer, as we can generalize the
input layer to account for multiple
parameters of the models.

Future work
Research pertaining to DNNs still
has many open questions:

=Large errors can oceur near initial
and boundary conditions.

follows an
sional distribution function © ~ [
Let the one dimensional asset value
model (i.e., (G, with a single regime
and constant volatility) where the

Dynamic Count-Valued Social

Angelos

Athens University of Economics and Business

L NETWORKS

that use sim-
plified versions of the models.

+Comparison with "Physics In-
formed Neural Networks".

Networks

Enc

introduction

The Dynamic Count-Valued Social Networks
(DCVSN) are social networks that:
Consist of N nodes.
Measure the pairwise relationships
between the nodes using counts (e.g.
mails, calls, number of events etc.).
The number of events between the nodes.
change over time (dynamic evolution).
Here, | introduce two model-based algorithms
that detect communities-clusters in a DCVSN.

Suppose that a DCVSN can be described by
a count-valued adjacency cube Vl(“) for i,j =
1,..Nandt=1,.,T.

Dynamic Latent Space GLM

Assume that:
¥{P~paisson ()

« 5®  represents the total stable-
decreasing tendency of the count-
Interactions in the network over time.
Poisson Autoregressive LSM
The functional form of this model is:

YO = ayor + )
where:

ayo¥S ) ~inomial (v~ a,;) counts

the number of “survivals™ from ¢t — 1 to t.

c,(]"~Paisson(A.,—) describes the number

of new “arrivals™ from t — 1 to t.

The rate parameter 4;; is modelled as:

log(Ayy) = BXy = ||We — WjlI

In both models, X;; describe the pairwise
covariates and # their coefficients. Also,
|1W; — Wl shows the Euclidean distance
between the nodes’ latent positions.

Latent Space Positions

The introduction of the clustering notion
into the above-mentioned models is

Bayesian Inference

The edges describe the total number of
shared bikes among the 137 busiest stations
for each month from 01-2020 to 10-2021.
Both models revealed 4 quite reasonable
We estimate the parameters of the models clusters-communities.

using a B; pp
« The posterior distributions

prior distribution.
Hasti

were
calculated after assuming the proper

07\ of fasti

parameters.
Label Switching

We solve the label switching problem
Classes

using the Equivalence
Representatives (ECR) algorithm.

Number of Clusters

We choose the models with the maximum

values of BIC approximations.
For the Dynamic Latent Space GLM

BlCpuseim = BICoGuu + BICem
For the Poisson Autoregressive LSM

i g
and Gibbs samplers were used for the
computational estimation of the models’

References

- Mark'S, Handcock, Adrian E. Raftery, Jeremy M
Tantrum (2007). "Model-Based Clustering for Social

2 Networks™

Nial Friel, Riccardo Rastel, Jason Wyse and Adrian

E. Rafiry (2016). “Interlocking directorates in Irish

companles using a latent space model for bipartte

networks

Papastamoulis, P. (2014). Handling the labe! swilching

proble in latent class models via the ECR aigorithm

coming via the assumption that W are
drawn from a finite mixture of G
multivariate normal distributions (FMG) :

G

Wi~ z 7MY N (g, 51a)

o=t
where, m, = 0 and 5., m, = 1

The rate parameter (] is modelled as:

BIC, = BIC, + BlCeye
10g (37) = BXy + YOl y-sq) + pALK W

Implementa

+6“‘1{,m_,u-nﬂ) =W =wjl|
e The Toronto bikeshare network was used
for the application of the models to real
world data.

« y® represents the total increasing
tendency of the count-interactions in the
network over time.



6. Bayesian analysis of diffusion-driven multi-type epidemic models with application to
COVID-19 (Lampros Bouranis, AUEB):

Bayesian analysis of diffusion-driven multi-type
epidemic models with application to COVID-19

Lampros Bouranis*!, Nikolaos Demiris’, Konstantinos Kalogeropoulos?
1qurtrm'm of Statistics, AUEB, Athens, Greece *'l)('pm'lumn.‘ of Statistics,
'bouranis@aueb.gr

and Ioannis Ntzoufras!
SE, London, United kingdom

E;ACMNI

I Wo consider a flexible Bayesian evidence synthesis approach to model the age-specific transmission dynamics of COVID-19 based on d,
ity counts. The temporal evolution of transmission rates in populations contair z

) : ning multiple types of individual is reconstructed via an
dimension-reduction formulation driven by independent diffusion processes,
counts of infection,

aily mortal-
! : appropriate
. by in¢ it diffu A suitably tailored compartmental model is used to learn the latent
, accounting for fluctuations in transmission influenced by public health interventions and changes in human behaviour.

Bayesian evidence synthesis

» Estimation of hidden characteristics of the

: > : 0 a, [ Population stratified into & & s
disease like the latent number of infections. "32 — ® IJ.-|<-munrxa~n. % ml.‘;facucmgarlmunfx)l :?:di:oups

» Separate modeling process into a latent epi- ’\11‘ —_— -
demic process and an observation proc

e M

Transmission between

a)e(l,... A
Mo () = Ba o (t) - Fy o
= Biological x Social component

Stochastic extension - Brownian motion
Zaa!(t) | Zaw(t = 1),
log (

‘ Force of infection

Estimated infections

Solve ODE
‘ 2o) = 5 [ i8] fmmnSBlee OB g} T
l FrisHy Over-dispersed count model Expected deaths
[ g

b =] 4. ~ NegBin(ds.. 6.,) = 4, =R, x T b, Al

S —— = Key notes:

Parameter estimation » Let 4, , be the number of observed deaths on dayt =1,..., T in age group a € {1,..., / A}. A

given infection may lead to observation events (i.e deaths) in the future.
» The model is viewed as a hypo-elliptic diffu- . The Jatent epidemic process is expressed by ordinary differential equations (ODESs).
sion — Intractable! Solution of non-linear sys- » We target the transmission rate matrix Process g q(t) whose dimension increases quadratically
tem of ODEs approximated with the Trape- with A.
zoidal rule (forward simulation). > Facilitates model determination at a latent level, performed by appropriate model expansion.

Application
1. The COVID-19 pandemic 2. Model expansion
» Allow for age-specific time-varying transmissibilities, such that
» Greece: August 2020 — March 2021. Maa(t) = B - Fy s = B2 Fyur, a
» Model mg a/(t) = f « Fy o not flexible enough to accommodate for g

age-specific trends in SARS-CoV-2 transmission.

under the assumption 4" = 32, a # o, for reasons of parsimony.
» Gain essential identifiability from model expansion .

» Model (1) with independent BMs enables reconstruction of the age-
specific drivers of transmission.

c iy ma s

= U U
T

b L

=y
my

ot 22 ey

0

A S A
" cpaumioiageatome

"y

Trassmission rate

» Model (1) was validated using the estimated age-specific numbers of cumulative infecliox)s in England from the REACT-2 seroprevalence survey.
» Future work: Age-specific forecasting of deaths; Model expansion - Exchangeable Brownian Motions.

» arXiv preprint: https:/ /arxiv.org/abs/2211.15229

» R package: https://CRAN.R-project.org/package=Bernadette
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7. Bayesian Spatio-Temporal Epidemic Models (Petros Barmpounakis, AUEB):

BAYESIAN SPATIO-TEMPORAL EPIDEMIC MODELS 91@
P. Barmpounakis and N. Demiris ;

Study Objectives Ornstein-Uhlenbeck model for the log-rate Application
The main contribution of this work is the introduc- 1, We apply our models in a sheeppox epidemic that
tion of different stochastic differential models em- Ai= / expirs)ds, 1=1,...T happened in N. Evros Prefecture between De-
bedded in zero-inflated epidemic models and their Hos ” cember 1994 and December 1998, infecting 249
evaluation on livestock epidemic data from Evros, e = 9{A = ) + cdW farms.

Greece. Mty Nl gk Qo fige=, a

Zero-inflation model
5 5 We select the best model based on WAIC.
We use a zero-inflation model to account for CL WL SHitets KAl - WAIC
Gaussian OU 339

the excess zeros and to examine the parame- % y } y i) L
ters/covariates that contribute to a disease-free Arv. X~ T(v,i,6) with X =73+ ¢ Wriare. Student-t OU 346
TR € ~ N{0,1) and a? ~ RI'(5v,56%) follows the CIR| 377

Student's t-distribution. i The most important covariates using Gibbs vari-
yi ~ g(yil A p;) able selection: the number of farms infected the
At 1l ~ T, i, 8) previous week, temperature and humidity.

9yl A3 i) = il gy, oy + (1= p) flyil i)
n

i By = Bgp) +
A =/ exp(As)ds, i=1,..,T
1,

—20\

2 ¢
i = XiB + K(di, ;) «Perform Prequential Analysis and select the
i =X » Ok

—e %)
e best-performing model based on scoring rules.
pi = Xif¥* + K*(d;, ©p) Cox-Ingersoll-Ross model U ; . ?M 16 Caro Al ng‘o
where f(-) is the probability mass function of the 26 mequenialifente Sara digoninms forions

Poisson distribution and A, is the rate. X; is the 5 line learning. | ;
design matrix containing information about previ- Ai = / ; Asds;, i=1,..T *Model the data using Random graph continuous
3 e : £ i ls.
ously infected villages and meteorological data. 7 . time model
= alf - VA

The terms K'(d;, ©) and K*(d;. Oy) are infection ae=glpe=hls ‘;’ Wy e, zg%

. i romderetirai
kernels, where d; = {dy; : k € S;.l € I;_j},isthe A= )_’ — v Lsoes,

% o

set of all Euclidean distances between previously
infected (7; ;) and uninfected (S;) farms at time
within the tvpical infectious time of the disease.

where Y; follows a non-central X with 124 d.f,
and non-centrality parameter 2c\e 7.

8. Stochastic Epidemic Modeling of COVID-19 (Anastasios Apsemidis, AUEB):

STOCHASTIC EPIDEMIC MODELLING OF COVID-19 QIG@

Apsemidis and Demiris
Athens University of Economics and Business

The grand finale 8 “ Infection rate predictions
Py ~ N, 1078

Ry~ Greace Use of 1 or 2 PC's of daily mobil-

Day No.1197. The virus seems to e " -
have been settled. ‘ ~ (0} Ctk ,(\ ity my, either smoothed by the serial
+New wrong model A Z z"i St A interval or not.

*Dual account for endemicity atitel st ! Post-processing of A

+New information is added Ay) ~ LogNormal(0, 1) Eflog(Ae)lrne] = g(my)

* Vector field results 5

+Save the world (Season 3) Forms of g(-)

« Linear regression
= Thin-plate smoothing
+ Extreme-gradient boosted trees

Final Remarks

«Data from Greece, UK and USA
+Only publicly available data
+Computationally intensive training
«Different behaviour after 2021
~The end (?)

The basic model After t* days,

dy ~ NB(0y, v Te=(1=p¢

=1
recovered individuals return to sus-

7 kCl
e ceptibility.

O =pt

k=1
Ct = Mp-1St-t-1dg-n-1/N

Thus, the S-state is updated via

8t = §1_1~Ci=VitA-(1=S1/N)+r1—p0

The complete model accounts for

$40.5
Ty / w(t)dt endemicity through
505
< +demography
pe=p) -1t € lp,lps1 = 1)) *return to susceptibility
A=Ay 1t € gz — 1))



9. Model-based Indicators for in-play Basketball Data (Argyro Damoulaki, AUEB):

Model-based Indicators for in-play Basketball Data

Argyro Damoulaki', loannis Ntzoufras', Konstantinos Pelechrinis?
1Athens University Economics Business, *University of Pittsburg

Objectives for today:

= Aim of the work

= Explanatory analysis

= Metrics with Regression
= Multinomial-based Metric

Aim of the work

Measure the  contribution  of
basketball players:
= Use plus/minus performance

indicators based on models.

= Investigate and compare different
evaluation models .

Explanatory analysis

717 offenders
717 defenders

TPR > 1: 93 Offenders + 86 Defenders
(O-TPR): # team scoring possessions

with player on-court vs. off-court

(D-TPR): # zero-score possessions for opponent
team with player on-court vs. off-court

10. The Macro Determinants of Global Tax Avoidance: a Systematic literature review

RAPM: No good fit

R

Literature Proposal:

Regularized Adjusted Plus/Minus (RAPM),
Ridge with A=2000

Ridge (with A=A,,)=> Problem:

Resuilts are influenced by LTPs since they
appear high rated

Lasso Regression:

= Better automatic cutoff players

= Players kept: 184 offenders & 143 defenders
» Considerably better than ridge

Ridge Binomial vs. Normal

Binomial; = 0.02 x Normalj + €, £ ~ M0, 0.008%)
for j player

Multinomi ased Met:

= Indirect implementation via 3 binomial
models
= Screening Lasso: remain 362 off

Low-time players (LTP): < 200 minutes played
* Rosenbaum (2004): LTP threshold 250

| Extornat Validstion Criteria - [ Normal [ wattinomiat |
Top-3 NBA lineups % | o
Fositivo TPR a | o
Miost-played lineups por team | 475

6%

Offenders top 10 Normal vs. Multinomial

minutes for 2 seasons

7« llardi and Barzilai (2008): LTP threshold 300
minutes for 1 season

= Better results: Considering LTP as a single
player or remove them

and 316 defenders
= 1index: expected points in / possession
Eptsi=Pa+2xP2+3.01xPa

B re——

e ——
e ar SRR R AR AP
wetssegme

(Athanasios Vasilakis, International Hellenic University):

The Macro Determinants of Global Tax Avoidance:
a Systematic literature review

Athanasios VASILAKIS®

L.L_I]. A
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Plus-Minus: An Idea Whose Time Has Come”,
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Objective Dbt N |t o Somes Firstly, the selected journals was triple listed that
Determinaat | mb | ™" proved the construction of the selected high-
#To find the determinants of Base Erosion and “ qua:lg ynumais(sand meA ;:exnog) z:n l:e "'v"-l
Profit Shifting (BEPS) that has affected all : 8 T quality papers (Scopus, ABS, Wo! loes nof
countries by a number of  macroeconomic I; Taid 1% lf""‘ - include oporiait books, Dissertations, policy
parameters. et ehansde, papets €%,
»RQ1: To identify behaviors of macroeconomic VA B a W2 Hetes ¢ 0, 20 (SSOCC;'::I! ;;es ﬁc'&:gs :lr:: ":‘emmt:;:: u:::
on the " "
various economies. o as the rankings are not
»RQ2. To provide a review of the omogeneous. )
macroeconomics of BEPS using the high-quality P"""y'l "“: review does not e‘“"‘""gegs
Iiterature published between 2003 til 2022 inancial an impacts o .
e though it is very much related to the economic
T performance of a country.
CONTRIBUTION
| 5 « The BEPS lteratwre  relatng to
- have been placed in a new
o s sbarimabed clear and understandable context.
S0 e 06 ~ ® « This study has identified various determinants
U Investmen of BEPS by tabulating the relationships,
B Answering RQ 1, in this study it is more than  demonstrating their respective influences.
M * clear that BEPS has significantly affected all - Explore further the relationships to the extent
3 CR Beckrcral- 3020 Aederaral, | Couniries around the world. There are several  countries of Origin or Host countries can
st A St Corrupnon 4. Dischinger & Riedel, | determinants that influence BEPS but the recover their macroeconomic loss.
a4 = R Dependent variables that reflect BEPS also
w17 ik & R 1 esmesdeodbo affect the overall economic performance of the Acknowledgements
Devereu, 2008 states involved.
1 19 Red [§ |17% | Drificld et al. ‘. Wis, 2020, DeMow £1iw 2035 | Answering RQ 2, this paper provides a review | would like to thank libraries and librarians of
Ewhacnt. O 6t 2097 Chomiog. 20 of the macroeconomics of BEPS using the high-  International Hellenic University (Serres), Bank
Socons e sty P — g 3037 Cobhn & Ty, 3075 G| quality literature published between 2003 till  of Greece and Economic University of Athens
o Macoscmome ok, Oremes L2090 Do atal, 08— 2022. It takes into account mainly macro- for their support. Moreover, | would like to
a1 a® e s o e 2o =% | economic Tax impacts on BEPS. The changes  thank  Assistant Professor  Vassileios
- ke in and i VLACHOS and the anonymous reviewers of
: Peauye e o ts and Rinert policies have 544 Annual Conference on Finance and
M s ®  Accounting Prague 1-2 June 2023 for their
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ey fruitful comments.

H mpwtn nuépa tou Workshop ohokAnpwBnke oto AudiBéatpo (Opodog -1), tou Néou
Ktipiou tou ONA (Troias 2 and Spetson), pe tig katwbL 3 Mpodopiké¢ Mapouoldoelg, Ue

npoedpeviovoa tnv Chiara Saccon (Universita Ca Foscari, Venezia):
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https://goo.gl/maps/2CEjCZsf8HKAWvbL8?coh=178573&entry=tt

1. Irina Rodriguez De La Flor Demarcos (University Of Alcala): Inner Knowledge, A New Tool
For Businesses

2. Stoumpou Dimitra (AUEB) : Exploring the Interplay of Individual Experience, Perceived
Power, and Political Will: Insights into Voice Behavior among Managers and Leaders:

THEORETICAL MODEL

3. Rizwan Ahmad (Universita Ca Foscari, Venezia): Big Data and Hospital Sustainable
Performance: Unpacking the Role of Green Suppliers Collaboration, Resilience and Commitment:

MeTtd To mépag Twv MapoucLACEWY, OL GUHIETEXOVTEG ATIOXALPETIOTNKOV KL AVOVEWCOV
TO pavteBoU TOUG, yLa TNV EMOWEVN NUEPQ:

H Seltepn nuépa (8 louviou 2023) &ekivnoe Suvapikd, He TPOESPElWY TWV TPLWV
npwtwv Mpodopikwv Mapouactdoewv, tov lwavvn Ntloldpa (Athens University of Economics and

Business):
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https://drive.google.com/file/d/1NInscYxTmvctUs5JzUvJ_kh1jN7ueXCK/view?usp=drive_link
https://drive.google.com/file/d/1NInscYxTmvctUs5JzUvJ_kh1jN7ueXCK/view?usp=drive_link
https://drive.google.com/file/d/1wIaGo4meUpQGCh7UY4zgr2eqeH2z5du2/view?usp=drive_link
https://drive.google.com/file/d/1wIaGo4meUpQGCh7UY4zgr2eqeH2z5du2/view?usp=drive_link
https://drive.google.com/file/d/1nTuqhzDfjNtnDac0TT9jwTQghf3gDT6s/view?usp=drive_link
https://drive.google.com/file/d/1nTuqhzDfjNtnDac0TT9jwTQghf3gDT6s/view?usp=drive_link

1. Glynos Dimitrios (Technische Universitat of Dresden) : Effects of temperature on gas and
electricity consumption in European countries: A high-resolution data analysis

2. Yao Zhixiao (Technische Universitat of Dresden): Speaking a Common Technical Language: ISO
Membership and Non-tariff Trade Barriers

AkoloUBnoe éva GUVTOUO SLAAELULLA, KOTA T SLApKELA TOU omtolou, €yve kKot n Andn Twy
OVAUVNOTIKWY GWToYPAPLWV TWV CUUUETEXOVTWY Tou Workshop:
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https://drive.google.com/file/d/1TdwirUxnhoHatwLr-c4PpE0EAWP7mx7E/view?usp=drive_link
https://drive.google.com/file/d/1TdwirUxnhoHatwLr-c4PpE0EAWP7mx7E/view?usp=drive_link
https://drive.google.com/file/d/1n9xyDayw3gzas6lEDOrlr6dh5SEj2Ixt/view?usp=drive_link
https://drive.google.com/file/d/1n9xyDayw3gzas6lEDOrlr6dh5SEj2Ixt/view?usp=drive_link
https://drive.google.com/file/d/1hJ0hrg0nUA8K8aolg-6lp4cHlkIZOVpx/view?usp=drive_link

H teleutaia Zuvebpia Ttou Workshop, pe mpoebpetouca tnv Claudia
Tarantola (Universita di Pavia), meptAapupave T €€ng Mpodopikég MapouoLldoeLs:

1. Kalamen Kristian (University of Bratislava) : Pandemic economic crises

2. Lampis Tzai (AUEB and UNIL): Statistical Examination Handwriting Evidence in Forensic
Science:

FFECTED
ANDEMICS A
Hov{r:lﬁ INDEX S&P 500

e

3. Lambros Bouranis (AUEB) Bayesian analysis of diffusion-driven multi-type epidemic models
with application to COVID-19:
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https://drive.google.com/file/d/1gkfYVxPqlsxzwncTBqcvasrQoNzamYFM/view?usp=drive_link
https://drive.google.com/file/d/1d9Zy0a3KYbkRDfC7KuRnyPpYl_wynycA/view?usp=drive_link
https://drive.google.com/file/d/1d9Zy0a3KYbkRDfC7KuRnyPpYl_wynycA/view?usp=drive_link
https://drive.google.com/file/d/1iUSrIPLOClCmirFf-eVIGSdjqzMRRPwU/view?usp=drive_link
https://drive.google.com/file/d/1iUSrIPLOClCmirFf-eVIGSdjqzMRRPwU/view?usp=drive_link

Tn Ané€n tou Workshop onuatodoétnos to peonpeplovd yebpa, oto Eotiatoplo tou
Kevtpwkol Krtipiou tou OfA, to omoio kal yopoktnpilovtov and moAAd XopOyeAa Kol UYLELVA
Slatpodn:

To pavteBol avavewBnke yla to Bpddu tng idlag nuépac, oto deimvo mou 566nke oTtoug
CUMUETEXOVTEC TIOU €kavav Mpodopikn MNapouciaon. Anohavoape To nAtoBacilepa, BydAlapue
TIOAAEG dwTOoYpadLe KAl SNULOUPYNCAE VAUV OELG, TIou Ba pog ouvodelouy yia pia {wn:
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KaBwg to Workshop £dtace oto téAog Tou, cuvaloBnuata Xapdg Hog KOTtéKAuoav.
JuvaloBnuota mou GUVEKALVAV oTov apolBalo osfacpd MPOC TNV €PEUVNTIK SOUAELA TwV
ocuvadEAdwWV pag, TV epmadn avatpododotnaon, TG EMOIKOSOUNTLKEG CUVOLLALEC, TNV eKTipNoN
Tpog TN SikTUWON, AAAG Kol TNV amoAuth tkavormoinon!

EuxoplotoUpe 6Aoug 6ooug cuppeteixav oto Workshop, yU autr thv agéxaotn suneipia,
kaBwg kot to Higher Education and Research in Management of European Universities (HERMES),
TIOU €KAVE TIPOYHUATIKOTNTA T CUYKeKPLUEVN Slopyavwaon! Euxouaote, and kapdldg, outh va
elval povo n amopyn MoPOUOLWY TIOAUTIOATIOUIKWY SpWHUEVWY, OTO MAVEMLOTAULO oG KoL TO
Tunua Ztatotikic!

MNa meplocodtepec mAnpodopieg, yla to International HERMES Ph.D. Workshop 2023:
“Data Science in Business”, mapakaloUpe Onwce avatpéfete otnv emionpn lotoosAida tou
Workshop:

https://sites.google.com/view/aueb-phd-hermes-workshop-2023/home
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https://www.linkedin.com/company/hermes-universities-network/
https://sites.google.com/view/aueb-phd-hermes-workshop-2023/home

