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TL elval N TeEXVNTN vonuoouvn;

Artificial Intelligence

The theory and methods to build machines

Expert System Al that think and act like humans.
Programmers teach Al
exactly how to solve specific
problems by providing - H
precise instructions and M aCh ' ne l'ea rn ' ng
steps. The ability for computers to learn from

experience or data without human programming.

Deep Learnin 1 4
Mimics th? human brain ugng

artificial neural networks such as
transformers to allow computers to
perform complex tasks.

Generative Al

Generates new text,
audio, images, video or
code based on content it
has been pre-trained on.
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https://www.aiforeducation.io/ai-resources/generative-ai-explainer



TLewval n Mnyavikn Mabnon;

H Mnyavikn MaBnon amnoteAel evav topea tTn¢ TeEXVNTAC
Nonuoouvng Kol CUYKEKPLMEVA EVOL UTTOOCUVOAO TNG, TTOU
ETILKEVIPWVETAL OTNV EKTTALOELON TWV LNXOVWV WOTE VA
«poBaivouv» amo ta dedopeva.



H eceAen tnc Mnyaviknc Mabnonc

> 1940-1950: Ta BepeAia Tng TEXVNTNC VONUOOUVNG
> 1960-1970: Mpwiun avamtuén

> 1980: O Yelpwvac TNC rexvnrnq vonuoouvng Kol Ta
OUGCTNOTO EUTTELPOYVWHOVWV

> 1990: Avafilwon kot epdavion tTng LNXaAvVIKNG pabnong
> 2000: H avamtuén tnc Generative Al

> 2010: Avodo¢ TnNC TEXVNTNAC VONUOoUVNG KoL
ONUOVTLKEC oVOLKOAU W ELC

> 2020: H Generative Al ¢ptavel o€ veouc opl{oVTEC



lapadoolakoc MNpoypappotiopoc Vs
Mnyaviknc MaBnonc (Machine Learning)
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ErtiBAemovoa Mabnon- Supervised
Learning

Ta&wvopnon os: i Kapota
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Mn eruBAemovoa MaBnon- Unsupervised
Learning Algorithm

MOVTEAO UNXAVIKING
nadnong




Evioxutikn Mabnon - Reinforcement
Learning

Eva

. . -€
uses prior testing results to:
¢ optimize testing allocation Pseudonymized,
e produce risk estimates aggregated

PLF form

for grey-listing Central
. database
o
Laboratory logs
results in
24-48 h

Passenger tested
at port of entry.
Sample sent to laboratory

Submitted by
visitors 24 h
before entry

Bestani et al. (2021), https://doi.org/10.1038/s41586-021-04014-z
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‘Eva TUTIKO Ttapadetypo Mnyavikng
MaBnonc

Feature engineering
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Feedback loop



Ermtiloyn XapaktnploTtlkwy - Feature
Selection

A ... .... . .

Identify useful features ...><><.... ><><.><.
Selected feature set ....




Taélvopuntec - Classifiers

> Support Vector Machines




I Taéwvopntec - Classifiers

> k-nearest neighbor




Taéwvountec - Classifiers

> Random Forest

@ @ . O. .( )@ @
Tree- 1 Tree- 2 Tree l'\

Sahour et al. (2021),
https://doi.org/10.1007/s12665-021-10054-5
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Taéwvopntec - Classifiers

> Logistic Regression




Exmaldevon — Learning

Emtdoyn unepnapapétpwy - Hyperparameter selection
YAormoteitat yia tn BeAtiotonoinon tng anoddoonc Twv LOVTEAWV HAC Kal yla TV arnoduyn tng
UTTEPTIPOCAPHOYNG KAl TOU opAAMATOC HEpOANYPLOC

70%-30% random data split - tuxaia katavour dedopevwy edpappoletal ya tn dSnuiouvpyio Twv
UTIOOUVOAWV ekTtaiidevong Kot aéloAoynong

70% 30%

YUvoAo Ekmaidevong




Epunvetla/EéEnynopotnta
Interpretation/Explainability

e To SHAP ftaw:
SHapley Additive exPlanations (SHAP) Xpnotporotettat
> L0 TTPOGEYYLon BACLopEVN oTh Bewpia TwV * TaVOUNON TWV XOPAKTNPLOTIKWY avAaAoya UE TV
, , : EMIOpAOH TOUC OTO TEALKA QTTOTEAECHATO TNG
TLolLYViWV yLa tnv €€Nynon Twv amoTEAECUATWY AVKAC L&ONG
omotouSrmote povtéAou ML HNXAVIKNG HABnNonG

* dnuoupyla evog pkpou emeénynuatikol
LOVTEAOU TIOU €€nyel Mwe emteuXBNKE avTN N

nMPOoBAeYN

0 (-] 2 0J 4] oY « g’ « ‘ C 4 V.4 )3
MeAn| [SHAF valve|| {average mpact on madel Sutput mageitud SHAP value impact on moded output)

(a) (b)
https://doi.org/10.3390/app14188375



https://doi.org/10.3390/app14188375

I Mopdn Baonc Asdopevwy yla Emttnpoupevn pobnon

Database

Target (or Label) OR  Target (or Label)
0 1
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poPBAen ABANTIKNC Artodoonc

Ta&wvounon oe:

Nea AvEnuévn Amodoon
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poAnyn TpoUUATIOUWV

Ta&wvounon oe:
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NEog v
Suvapel
acBevng

Atayvwon kat AéloAoynon
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Kataypadpn dedopevwy Exrtatdevpévo

KATA TNV El0aywyn LOVTENO
© CLMRl HNXQaVIKAG
*  KAwvika dedopeva &0nG

« E&etaosig aiparog Havnong
* EEG

HAektpokapdioypadpnua

—

Tawvounon nepLotatikov
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Yylég Atopo
2oBapo MEPLOTATLKO

MoAU coBapd
TLEPLOTATLKO



NDOYVWON TN Alokataotoonc ATOUWY
e Pnén MpooBlou Xwaotou

Ekrtatdevpévo
MovTtéAo
MNXAVIKNG
Mabnong

E€atoplkevpEvn
MNapepBaon




Avoyvwplon HAlwpevwy Me YibnAo Kivouvo
TWOEWV

Explainable Siamese Neural Networks

- |i||=|i"=li\\ —

SVM Decision
@ — l.— ,i [[=[i||'—|__- \ Random Forest (Faller/ Non-
(b)

XGBoost Faller)

Kokkotis, C.; Apostolidis, K.; Menychtas, D.; Kansizoglou, I.; Karampina, E.; Karageorgopoulou, M.; Gkrekidis, A.; Moustakidis, S.; Karakasis, E.;
Giannakou, E.; et al. Explainable Siamese Neural Networks for Detection of High Fall Risk Older Adults in the Community Based on Gait Analysis.
J. Funct. Morphol. Kinesiol. 2025, 10, 73. https://doi.org/10.3390/jfmk10010073
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