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2Uvtoun totopia tou AIML ota olLKOVOMLKA

the history of

"2 Machine Learning

 H AIML ota olkovouLKA pUrmopel val evtorotel ndén amo to
1974 (Lee & Lee, 1974), av Kol LOVO w¢ atAn avadopa
otnv tepiAnyn.

* H mpwtn gpyacio mov epopOlEL TIPAYLLOTIKA Lo
neodoloyia ML amoKAELOTLKA O€ EVA OLKOVOLLKO
nPoBAnua eivat n peAetn twv Wang et al. to 1984.

* YioBetel tov 0po Al, av kot LAAAOV TIPOKELTOL YLa
Kataxpnon.



EEEEEEEEEERRRERERE

Texvnt Nonpoouvn n Mnxavikn Mabnon;

* OLopol Al kat ML ouyxva evaAAAooovVTOL KOTOYPNOTLKA YL
rntoAAoU¢ Aoyouc (noda, xpnuatodotnon N akopn Ko
ayvola), SnULoupywvtac cUyXuorn oToucg 1N eLOLKOUC.

» O yevIKOC Kavovac €lval OTL av To cuoTNUA:
= Evepyel xywpic mapgufaon, tote npokettat yia TN.

o Taéwvopel | MPOPBAENEL LEocW paBnonc, tote eivat ML.
* H Al akoUyeTaLl EVTUTIWOLOLKO, AAAQL aTtO MOV TNC UITOPEL

va eival oAU arAn '

« HTN mou tpododoteital amno
ocvotnuata MM KAveL TNV
ueyain diwadopa.
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R
Eivaw toco €€untvn n TN;

» Bpeite tnv mopta!




AIML otol OLKOVOULLKQAL KOlL XPNHOTOOLKOVOLKQL

» To ML xpnotuonou']’er] KE TIPWTA EVPEWC oTa
XPNHOTOOLKOVOULKAL.

e MANBwpa Sedopevwy AmaApOLTNTN VLA TOUC TIPWTOUC
aAyoplBuouc ML.

* [NpOoPATEC APXLITEKTOVLKEC ETILITPETIOUV TN XPNon
LLLKPWV CUVOAWV dedopevwv.

* Emti Tou mapovrtoc, veec uBpLOkeC pebodoloyiec:
5 JUYXWVEUVOUV Kol ouvoualouV TNV OLKOVOUETPLA LE TNV

ML (rt.x. GARCH-SVM).

o OLtexvikec ML kat ot epmelpikec Stadikaoiec (Cross
Validation) utoBetouvtal mMAEov oTLC TTAPASOCLAKEC
neBodoloyiec otkovopetpiac (Elastic Net, Lasso, Ridge
Regression).



RRRRRERRRRRRRRRRRR

AIML kaOnpuepvec epapUOYEC OTOL OLKOVOULKOL

* MpoBAePn kKatavalwonc evepyeloac (mapoxoc-neAatnc)

* Production Line optimization (mpoAnyn
EAATTWLLATIKWY TIPOLOVIWV)

» Chatbots for website + analytics (sentiment analysis)

* ATM - npoPAedn {nTnonc LETPNTWV

» Avixveuon amaTnC MLIOTWTLKWY KOPTWV

* MpoBAePn Mn E€umtnpetovpevwy Aaveiwv (KOKKLva
davelo)

* MpoAnyYn oLkovoLLLKOU EYKANOTOC

» EVTOTOMOC EEMTAULOTOC X P ULOTOC

» Tpamelec: Know Your Customer
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H Epeuvnukn Opada pHoG

EMEF  Machine Learning  Complex Networks  Publications

EIM|E|F

EmergingMethodologies in Economics and
Finance

THE TEAM. Our research team operates within the Department of Economics, Democritus University of
Thrace, Greece. Our research efforts were funded by a Research Grant from the European Union

(Research Funding Program THALES) under the title “Study and Forecasting of Economic Data Using
Machine Learning’, MIS 3802%2. Also, two PhD candidates are funded for their research from Hellenic

Foundation for Research & Innovation (H.F.R.L) and State Scholarship Foundation (IKY).

MEMBERS. The research team is led by associate professors Periklis Gogas an economist (B.A, MA.,
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* XpNOLLLOTIOLOULLE, npooapuo(ouue KoL avanruooouue
o TEXVIKEC Kol aAyopiBuouc ML kot Al o€ olKOVOULLKQL
= YBpLOka epmnelpika cuotnpata (pipelines) ML - Econometrics
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H Epguvntikn Opada pog

» Epeuvntikn opada oto Tunpa OLKOVOULKWY
Ermtiotnuwy tou AlNO, amo to 2010
* [epkAnc Nkoykog — Osodloc Mamadnuntplou
» 10 dibakTopLkol poLtnNTEC
= Yriotpodiec ano EAIAEK, IKY
» Artodoltol ALOOKTOPEC EVOELKTLKAL:
= Tpamela MNepawwe, Machine Learning Engineer

= AteBvec Maverotnuo, TuApo AacoAoyiog

= UBS Bank — Geneva, Senior Artificial Intelligence
Model Developer

s University of Derby, Al applications in Fintech
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MeOBodoAoyiec AAyoplOpot

* [Ipooappoyn €LOKA yLOL TA LOKPOOLKOVOLLKAL.

e AvtloTOOn QIO OLKOVOLKA ETILOTNLLOVLKA
nEPLOOLKAL.

» AAyoplBuot
= Support Vector Machines and Regression
= Decision Trees So0ee’, .°." o
= Random Forests

a XGBoost # b # # -
o ADABoOoOst

vV eee v eee v eee
o Neural Networks ooe ecoe | ... coe
= K Nearest Neighbors x eees||[x sees| | [Xx eees
O EIastic Net LOgit 'YX XX TYXX o000
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Edbappoyec ML — mponyoupuevec SNUOCLEVGCELG

» Finance  Macroeconomics

= Exchange rates = Macroeconomic
uncertainty

= GDP growth rate

o Inflation - CPI

= Recession forecasting
= Housing prices index

= Transportation demand
 Air, car, train

* Short-long term
Commodities: oil, gold

Extreme values:
* Spikes in S&P 500
* Spikes in electricity prices

Cryptocurrencies

o

a

O

= Bank failures US > Money neutrality and

= Credit/debit card fraud super-neutrality
detection * Simple-Sum

= Natural gas prices * Divisia monetary

aggregates
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E¢wotpedela — Zuvepyaoie¢ kot MPooKANGELC

European Central Bank
o External Developments Division
o MacroFinancial Linkages Division

BNY Mellon Bank, New York
Temple University, Department of Economics

Rennes School of Business, Artificial Intelligence f
Center, LvnUOVLO TIAPOXNC TEXVOYVWOLOLG RENNES

University of Strasbourg, Department of Economics
« Gnosis Data Analysis, etatpia Al gﬂ SIS

» Aev eidape evoladepov amo eAANVIKEC TpATElEC

* Ross School of Business, University of Michigan
= [pOUCLACELC TNG EPEVVAC LOC OE seminars
= Visiting Scholar in Finance




N |

E¢wotpederla — Zuvepyaoiec NMPookANCELC

- CLAIRE voting member Al
(Confederation of Laboratories for
Artificial Intelligence Research in Europe)

e To povadiko tunpa OwovouLlkwy Emotnuwy amno tnv
EAANGSQ.

* AnpooleVoaE MEpLooOoTEPA amo 60 epevvNTLKA papers
* [poypappoato OaANg, KA | " |
* Yriotpodlec SLIOAKTOPLKWV:
o EAIAEK
o |KY



N |

2NMUOVTLKOTEPEC ANHOOCLEVUGELC

« Comparison of simple sum and Divisia monetary
aggregates in GDP forecasting: a support vector machines
approach, Economics Bulletin (2012)
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2NMUOVTLKOTEPEC ANHOOCLEVUGELC

» Forecasting the U.S. real house price index, Economic
Modelling (2014) 1
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2NMUOVTLKOTEPEC ANHOOCLEVUGELC

* Yield curve and Recession Forecasting in a Machine
Learning Framework, International Finance (2014)

* [lpwTtn mpoyvwon vpeoewv otnv BiBAloypadia pe ML.

Table 2: Best Forecasting Results in Combinations of Three Interest

Rates
Accuracy of Accuracy of Growth Recession

Interest  in-sample out-of-sample accuracy accuracy F-score Precision Recall

rates data (%)  data (%) (%) (%) (%) (%) (%)
Linear 6M-5Y-10Y 62.50 70 50 100 73 57.14 100.00
Linear 2Y-3Y-5Y  62.50 70 50 100 73 57.14 100.00
Linear 2Y-5Y-7Y  62.50 70 50 100 73 57.14 100.00
RBF 3M-2Y-3Y 76.67 80 67 100 80 66.67 100.00
Polynomial 3M-3Y-7Y 76.67 75 83 63 67 71.43 62.50
Polynomial 2Y-5Y-7Y  76.67 75 83 63 67 71.43 62.50
Polynomial 6M-7Y-10Y 76.67 75 83 63 67 71.43 62.50

Probit 2Y-5Y-7Y 71 75 58 100 76 61.54 100.00
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2NMUOVTLKOTEPEC ANHOOCLEVUGELC

* Forecasting Bank Failures and Stress Testing: a Machine
Learning Approach, Int. Journal of Forecasting, 2018

Blue: healthy banks
08 0.6 / 0.4 0.2 Red: failed banks

Black: misclassified
Measure Value
Sensitivity 0.974
Specificity 0.994
Precision 0.941
MNegative Pred Value 0.997
False Positive Rate 0.006
False Discovery Rate 0.059
False Negative Rate 0.026
Accuracy 0.992
F1 Score 0.957
Matthews Cor Coef 0.953

-1-0
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2NMUOVTLKOTEPEC ANHOOCLEVUGELC

* The resilience of the U.S. banking system, International
Journal of Finance and Economics, 2020



2 NMOVTLKOTEPEC ANMOOLEVCELC

» Credit Rating Agencies: Evolution or Extinction? (2021)
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2NMUOVTLKOTEPEC ANHOOCLEVUGELC

» Forecasting Bitcoin Spikes: A GARCHSVM Approach,
Forecasting, 2022

+/-2 standard deviation bands
08
A. Non-spike higher than +2usd /
C. Spike lower than +2usd
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2 NMOVTLKOTEPEC ANMOOLEVCELC

* Forecasting Hospital Readmissions with Machine
Learning, Healthcare, 2022

Comparison Results
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Recall Accuracy Precision F1-Score AUC
B SVM-Linear 0.59 0.74 0.31 0.40 0.77
® SVM-RBF 0.60 0.74 0.31 0.41 0.76
® Random Forest -WRF 0.25 0.88 0.80 0.38 0.74

® Random Forest -BRF 0.70 0.73 0.32 0.44 0.78

Metrics
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2NMUOVTLKOTEPEC ANHOOCLEVUGELC

* Credit Card Fraud Detection with Automated Machine
Learning Systems, Applied Artificial Intelligence (2022)

Table 2. Accuracy metrics.

Metrics Train Test
Overall Accuracy 0.999 [0.999,1.000] 0.999 [0.999,1.000]
Area Under the ROC Curve 0.973 0.981

Balanced Accuracy for class 0
Balanced Accuracy for class 1
F-measure for class 0
F-measure for class 1
Precision for class 0
Precision for class 1

Recall for class 0

Recall for class 1

Sensitivity for class 0
Sensitivity for class 1
Specificity for class 0
Specificity for class 1

0.891 [0.872,0.910]
0.891 [0.872,0.910]
0.999 [0.999,1.000]
0.787 [0.757,0.815]
0.999 [0.999,1.000]
0.791 [0.752,0.828]
0.999 [0.999,1.000]
0.783 [0.744,0.815]
0.999 [0.999,1.000]
0.783 [0.744,0.820]
0.783 [0.744,0.820]
0.999 [0.999,1.000]

0.924 [0.867, 0.972]
0.924 [0.867,0.972]
0.999 [0.999, 1.000]
0.821 [0.727,0.898]
0.999 [0.999, 1.000]
0.796 [0.675,0.905]
0.999 [0.999, 1.000]
0.848 [0.735,0.944]
0.999 [0.999, 1.000]
0.848 [0.735, 0.944]
0.848 [0.735, 0.944]
0.999 [0.999, 0.999]

Note: Class 0 denotes legitimate transactions, while Class 1 denotes fraudulent ones. 95%
confidence intervals are reported in brackets.



TpExovoa Kat LEAAOVTLKA dpaoctnplotnta

Research
» Spikes in energy prices
= Gasoline, crude oil, propane, butane, natural gas
« Commodities
= Cotton, gold, steel, lithium, titanium, coffee, zinc, beef, etc.
* Investment readiness detection ce MME
» ESG (Environmental, Social and Governance) rating

Business and Education
» E€ amootaocewc eMpopdwTIKO TIPOoyp. e€eldikevonc oe AIML:
s “Texvntn Nonpoouvn kat Mnxavikry Mabnon Oswpia Ko
Edappoyeg”
e Business Forecasting
o [apoxn unnpeolwv oe e€eldilkevpevo business forecasting
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