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(Abstract)
Accurate financial time series forecasting is critical for effective
decision—-making in areas such as risk management, portfolio

optimization, and trading. Given the complexity and volatility of financial
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markets, traditional forecasting methods often fail to capture the
underlying dynamics. Recent developments in financial crisis forecasting
research point to the exploration of modern standard models for financial
crisis forecasting, namely early warning systems (EWS), machine
learning, big data and textual analysis, and hybrid models. This research
attempts to analyze how each model works, its advantages, challenges,
and ability to effectively predict financial crises. By comparing these
models, we determine which model or combination of models is most
efficient and accurate in providing early warning signals of potential
crises, thus contributing to enhancing the stability of financial systems.

The research reached a set of conclusions, the most important of
which is that research shows that integrating non-traditional data
sources, such as text data (news, social media, company reports) and
big data, significantly enhances the accuracy of models. These sources
can provide insights into market sentiment, events, and anomalous
patterns that may not be apparent in traditional financial data.
Keywords: Early Warning Systems — EWS, Textual Analysis, Big Data,
Machine Learning, Hybrid Models
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(*) . Erindi Allaj and Simona Sanfelici, Early Warning Systems for identifying
financial instability, International Journal of Forecasting, 39(4), 1777-1803, 2024,
page 2.
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(® . Guangju Li, Financial Early Warning System Model Combining Hybrid
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Detection of Banks’ Risks, Hindawi Discrete Dynamics in Nature and Society,
Avrticle ID 8607667, 2021, page 2.
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smaller European, European Banking Authority, 2021, pagel4.
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- Simon NusinoviciYih Chung Tham, Logistic regression was as good as machine
learning for predicting major chronic diseases, Journal of Clinical Epidemiology,
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- G. ShobanaK. Umamaheswari, Forecasting by Machine Learning Techniques and
Econometrics: A Review, International Conference on Inventive Computation
Technologies (ICICT), January 2021, page 202.

() . F. O. Chernenkov, O. A. O. Mustafa, Benefits of Big Data in the Financial
Sector and Financial Stability Risks, Scientific and Educational Initiative,
September 2024, page 23.

244



pkia ¥ Bl bl Jlaudy dsbsaall ElaaVly Boul) Sligina Jia cJalsal)
Mg alaall Zoadal) = el

)bl Al Gyl Gle elhal) oIS 23l cupsi oS sdagaill 5080 .
iy L el Bla) e 3l dlanall cila)¥U gll sl oull Cagylag
dﬁw&bﬁg}m&@#g\ﬁ

bl e Lolall Lolaidy] 23l aded Loy dalil) 8 cblydl gad o
et bl et ¢ pdaill Y ey c Aleal Aadll Zsll) Jia) AUl
Jealsl) Bilas Shodie dlly b Ly Agal) e L) e deads degana
ceeliall Blall Leliall L) joa ag Anla¥) cVGAy e lany)
oo Sl bl e saaad) el oda dan el oASH Ll oS
e @lhlaal ol Lubugall @bl 5 Goull Clsied 35S @l
Al da)Y) o B ) )5l

Slo Aty il 0S8 L GWle Ladal) z3lall cddsally Agubial) ziladl .
elihaY) oS dalil (el 8 L eaba®y) ol Jen s lal il
e oSl Lgh casill s iy Baaal) libad) ae hainl jskaily alatly (daa
il U Aedll Bl Bandl Cliualiny Sy de po Bpaiiall Cag Ll

Gl Cayghil Ena (Adlall cfygally il 48y b 1S Bl daddal) cilibal) jglil
O U8 Ay Alal) 5 gal) clig€as Baiil) 48y Cpuny Ladlall dadidal) cilibd) an ¢
Ol dagf ) %30
Ll cla¥L 5l A pagaill Julas .5
L) Julasg (NLP) duapdal) dall) dallas )50 .5.1

oo Al Glsa) 3 e liall Jdail &g 84S (NLP) Lamadall dall) dalles <y

Ll Gl e dble Gl (e Goull Gligine Gl (e Callaally (il Koy
Al e

(®) . See: Marinko SKARE, Malgorzata PORADA-ROCHON, FORECASTING
FINANCIAL CYCLES: CAN BIG DATA HELP?, Technological and Economic
Development of Economy, April 2020, Page 18.

245



Glingie s Goudly 5u0ill Alugall poe dnail) liball e 5)0 z hAdul dolee (el

- s

:(IO)M.LD

Calanl 40591 solaall 4 :(Text Preprocessing) gagaill diuual) dalladll .1
alhly «(Tokenization) ClalSll 5ue Jeds . Jalaill Sl dpail) UL alac)g
Lemmatization and ) wailly ((Stop Words Removal) dx5Lal il
-(Stemming

sasaill J3ad diusa) dalledll 2, :(Feature Extraction) il z)aia) .2
Bag of ) claldll duds Jodi . cop)lsdl) diaill ulie JSiga a8y B2t )
QL'\:IAJ'AEJ c(TF_IDF) 2\.593}5\ AR UASC_@M‘ Qg c(WordS - BoW
-(Word Embeddings) <l

s2a 58 :(Sentiment Classification Methods) eliall ciiiai G,k .3
vl @l Zhatul o gaill (8 e el jeliddl didsty )Ll
Geead) alailly (z3d) 3l cAeelall Gilgatidl oNT i) ) alaall byl
(SNsnall cgaall Ak BSIA ¢5) el Appemal) S Jia)

A Jalailly GaaY) z)Asa) 5.2

ek e lial) ilan dpme el Le ddlal) cile)¥l 5l (L Gageaill st agad
Shas) 8 400 cbuldly LUK clulagY) dulls 8 se b Lpall bl of il )l
Glogleall alatinl sie el e sdle Ll ¥l L dald diel) )l 23l
S S zalall el ol ceDlaaeS LN k) chsnd) ge cuia ) s Ll
ook (B due o coDaad) e L I3aly g aadiad ) zilall 45l
Dbl Dl 8S A5 568 (9339 (SOAN Sil) eliasy ek e dpail] Slaslal
gl gl laud

Byoal Cp AR sl A335al) i) e Bpalall (FSRS) (i ) )l ansicd
L3Sl gl ilgine o i) el L sanll Y Lany) oda Lelen ) e Lisally dL)
Byilie dudyaddl Gl cay Ji jsaam

(*°) . Adetoyese Omoseebi and others, Natural language processing (NLP) for
sentiment analysis in financial Markets, University of Technology Department of
Ecotourism and Wildlife Management, November 2023, page 18.

246



(1D gl o el L) il 6 AT malia aatiud  olaall (st ) diLayl,

Gloslad) dalles e 555 :(Semantic-Based Approach) d¥all Judaill
Lomill WAl il agh e VY Sl duady Cipe CDLS ) Al
o= X» :(Event Extraction-Based Approach) ciasl) zlaiul .
Qi Qe IS8 B leliiaiy gaill (e daaluld) Glal) Glesles ool
Oy iy 8 dama gy 4l Gaaal) Capad ALl (63 e aill (e sliagaall

A 8 Bkt Cheang cLialidl ey (e
Jomad) il dlagl) 3L .6
(12) palstl) cilbagia 6.1

pend Gia Al Gl gl Vaely Bk (Hybrid Models) dusgl) z3laill e
ehy haiall (e - gaanll aleilly V) abeill bty Aol danlidl) Aol z3lall cpy
Al ghean Ll (e Caddl e Bamgie S 8 85l Bl (e BalinY) 8 JalSI) 138
Al s Lea (bl 3 uhadl) ye s daladll WL e JS Ll ) 3Ll 038 Cangs
adil] Sl Ggh e 1)

Gl & Lhal) jes Dbl Ll zlatal o 4l 58 diagl) zilal) el
Ay el (B s e L) bl opend b ailled adl Les o luls (<2
S ales Sl ylsd auls (gl Nl (ulia) Altman Z-score o aass (a7 s
e WY 13 (XGBoost «Logistic Regression SVM (Random Forest)
Uy el Altman Z-score ziah ¢ Yl 13 b . S (<8 Adld) ALl sl 48
Slo dandl (he¥) g3 Ll el 4l dsul Lkl 4wl Bl (%30)
sy peitl] iy zgal) 2 G Uil il Gl Lee () alatll Sl lsa
LA ganil)

(*') . Mary Chen and others, Identifying Financial Crises Using Machine Learning on
Textual Data, Journal of Risk and Financial Management, issue 16, 2023, page 33.

(**) . Dominik Stempie’, and Robert Slepaczuk, Hybrid Models for Financial
Forecasting: Combining Econometric, Machine Learning, and Deep Learning
Models, Cornellians university magazine, valium 1, Mon, 26 May 2025, page 5.

247



liagl zalall (gyal Akl Jads

23 ekl (LSTM i SVM (ubid (galaBil igal) ARIMA (o aaal)
laligSa o dBsiia cdasye Joht ladlial ool & 4llad ASY) L) LSl
0,3l

adiin 1 pagailly Al cydigall Julait LSTM g CNN Lo 216 cuas zisai o
Llaly ol 4l ae LSTMyy bl cihiisall o il zlaiuy CNN
il gans & o(sindl KA yli i) Tl agemil] b ZnalSH VYA
el Caeaill iy vadd) SIS (e dajaiodl)

DDAl chad G gailad Gu gead ((HUMC) diaa didas duajld o
Z3lall 298 ey Las ¢8painnally Lptdall lilad) daas o Lypanll AW 5)08

< 5aml) A8 (pe g Ayl
dasl) iliilly ddladl) 6.2

ol djlae Al SleVL gl G Gdie 2l haiul duagll zilall gl
Loyl

Galy Lpd Ay Ghs i V) aldll e (uagdl Altman Z-score giga
IS8 36 oY) 138 LD peadll Dl B s pae ISHa e Ll 8 %97.91
.0/0963 %91 O g8y Q;Jbﬁ ‘”;"J\ a:m)ﬂ\ GSLQ.'\S\ S

i Lol Caieatll 7 day 43 jlee %86.25 iy el 482 3is :HUMC zigai
.(Multilayer Perceptron (84.93% 5 (%85.50) _lall 8ai

e oyl d8y 8 Glaean Cyelal rduall) cipdigall Tt Al Lagl zikdll &
5 %1.75 Gasy asio Uead elaadl alaill zila copelil G ccila)Y
ail) Gyl Jlaa)

lolisSa o i Aol A8y (gaiad o 5al8 Liagl) zilail) of ) i) oda judd
LAaliEal) cilbiagiall dlalSiall 598l Jalds JMiud Ao Lgieb Juads clldg cduaall

Sl 7z 3gailly O lRall Julal) .7

248



il e ol &jlie 7.1

Gl € O Bglaie bl LWL gl Jlae 8 558 Laal) 23l ciaaf

ClEMNal) & 45 28
cdgdadll B
b siaall e
) "2l
() alal
| e | G B
Bsuall”
:\:‘S:’G) "y }m‘y\
gl o adil)
st i) B
A:\ﬁaﬂ\ cQU\T)._ﬁ\
al
3 ieall”
3:\19\3) "y J“‘y‘
Gldlata o« i)
alila dulos
Gy J skl
e dadia
33 gal)
¢llud) daas
laall sl
Agan I e
bl 28l
i) 4143

cswil) 30l )
bl aldlatia
)Li B
131) 230 311 el
el L
(A

canall Jalds paag
¢ i) L8
daal g &l e
Sl

e lEal) dalail)
Lﬁ).uj e ‘R_)le\
o Calall (ol
il i)

38 ¢Aa Alle 48y
dalle o 4wl
e g daaaal) il
L) (dlSeal)
Aga 3l el

GLilud) (e BalatwY)

CadSl) Algall e

(Bl Dy iz e
ey

RS

133 )ﬂ\ Llss O CA;S

o A5 (A 48

|5 JS.AJ‘ ca) Lina
Jalasd c(I\_JS:m)SS\
Ll pe Jab

« 33,370-80%
AUC 0.822
J\J:.'t‘)]\)
(sl

s Al sdiall culilad)
<AUC 0.870
¢0p 80 432
432X GBoost:
%094

‘RNN: 99.2%

LSTM: 98.5%

Transformer: ¢
89.2%

4830 s
zaill) 9%1.75
G e ae dpelaall
AUC ¢) dpai
sall0.91 (
)il
¢97.91%

% 86.25
%98 ¢(HUMC)

249

Al £l LaLaBY) 7 3l

L) 298l | i Ul [ AUCAEM Jaaigia | iyl i) o AL}

(i sl laasy) AN dakas)
G._a'\.'ﬂ\ ‘;“\ Olatiy) 5 gad Saal)
i ¢ Jaay) sl (EWS)

Cpal) daad

YT A gdial) L)
el Cilgaidll
naell IS

XGBoost

]
(ML)

«LSTM «RNN
«CNN
Transformer-based
(BERT)

Jalas
ua gaill

QEL

Analysis)

¢ e liall Julas
“:'_1\.:;{2('\ G\Jil.n\
S Jda

Altman Z-score +
ARIMA + ‘ML
CNN «SVM/LSTM
+ LSTM

el o clliada



gl e ple J<a ) Al zale o sAualil) @ iladl) Jilie YY) aladl) .
Soilly Al 2yl gl 3 (sl laaV) Sie) Bl Aaldl) Loobaiay|
Aaball je Gl sl s dals (bl L

sl L) Zilall (LSTM (RNN) (guell aleall zila el @ gaeal) aladl)
LSTM 98.5% RNN 99.2% (Jtdl Juw o) 13x ddle 28y (<¥saall
Aol ) Al 23l e (3s4mg (Transformer 89.2%

oAl Glily ae daed v Lald J8)) Gagalll (sl (s igagall) Julad o
el aa eleall ) alaill %1.75 dois Javigia et ¢JBall Jusw o)
AUC ) Lol bl e daeal ST Fea canli of duatl) sLall oy . (Laall
.(0.808 Jize 0.91

WJa die o) a8 ol haial duagl zilall eld :diagll zilal)
.(HUMC 1 %86.25 ¢Altman Z-score + ML 1 %98 %97.91

St} 7 dgail) Jlpu dallas 7.2

gisad) ¢f b Adlal) oL Gl Gle JSd "JB) s sy zigel 2ag Y

il sl Lasaal) Gl o adiny o clagiall e Buge 0 L WE SR

Aitaal) bl A 8ol Bl o gaall M e WilE BN e JSE0 Alagd)
gl Bl (e Ciadadil)y

tdalse sac o "l 2 hgaill Hlas) adiag

(Gaand) alaill =3lat Lops ¥ ol3@en ASY) zalall cllan :lgSagag clibal) Bl .
Lol Lol (ily Blie 138 6K Y 8 LBasall Adle bl e Al cilueS
853Ul ey ol !

OB A B (e aeall alailly V) Al Z3la o s B i edll) LG
Gleally lubudl glia L BWle 08 o oSa "asal) Goaiall lgieuh
z3lall 5s<i 38 clia L clgll elyg 2Kl QL) agh ) saling ) duslal)
Aasdle SIS puedill AL il gSe e S diagl) g 3laill of dpalal

lgiadat (e dny 38 Laa ¢8yuS dnguls 858 8yokiiall 7 alail) Callans tdylualdl 3jlgall o
) lasasgall 8 el

250



Sl (e dine gl Laedle STz 3laill Gans 006K 38 s5aaaal) byl plgdl o
(Aand) a3l Wi Glat¥) ol (Jiall e o)

B )Sie dace & (Al bl il (AN AdW) degtial) bl jalaas Gl ()
bl (e Baaxie gl (s peny 3 g Adlad AV mgll of ) udi l3a LCaall) 8
-liagiallg

(rhand) Gaiill chaatl) e i) 7.3

Glanall dalles g o lead) Gadall 3 Ladial)l z3lall 038 (e B2l aadl (gaail

Ayl

- -

sageall V) alaill 23l "agll1 Bsriall’ dagh e a2l o juedil) LG
(KAL) peitill ALG e lidaial) oISH) il aladial peeadil] LullE 550 oSay
s2a g .(ALE (Accumulated Local Effects wlaliss Shapley . (i
atd e Slubid) g lia aeley Les el pds ) i) Jss (555 il
LHLEY) el laiall Gl

ass JIB Y ecllad) ans AGe dedcal) clilal) mlls Loy clibad) 958 o

Maangis Ladany bl pan (3 cblail 138 bl ccbass Dliey Wajaats

z3l @le¥ly Al (35S Baiall dagalall Callits cilai Aualiall dadal)
Al Zalall cayw dale) g L haialy pkally aladll LgiSe caall AL
L5l laladly saal) dualaaidy) Cag Al cualinl Lehaats

S @il S8 je o ashll iy i e Uhay) oISy Gludy) o Ogladl
G b il ehall dae elilaaV) oSY oy of o ¥ ol ales!
Chldly e by dilas s DA oo bl 383 e agid e o

alatingg) .8

DY) dadail @y 8 Lo il eVl gl 8 daal) Luldl) zlall chaa] o

5 Aimgl) mailly (pasaill Jlaty dediall Ul ( V1 alailly cadiiall Sl
o ) Ll e saliie 5)08 o dlaill o3 el Al (YL A)lae 50S e g

251



Cagll g Ay ST g anly Bakrally dedall bl Clegane dalleay didadl)
.t_Au.\tLAj\

I labinay] it (Kar el Jdaall e 5l

SV o) heials dimgll Zilal) el :lages JalY) & dlagl) pilall .
Bl Ll mey o W el ey AW ol sl 8 e
Slo oyl 58 e Ladal)l Ll Genledd) e AL i cdabisd) Cilagidl
5 g pagail)l ilat e ULl oy ¢Gaaall alaally V) alail 8 eyl
Al Ll el olam L Wlle s (Alall A dugh gm

gl adin peall Gl zisa g Y or@ed) Ao i "JaBYN .
Alaall 3lsally ¢ peil) L cilalialy (blall S5 Jie dalse e "l
I el olatV) (8 (il s g ol ) saasall ALl Aa3Y) g3
8 Bamie Allat g degiie lily alas ey (S dagY) il il (o
Aallad <Y

Plas e of Glal) Helsd i) AL el dogiiadl clibud) o BalEAY) .
o0l ¢ e laa¥) dealgill Jilg ¢ Lal) daaill Cllall e alil) e bl
e jig of oSar zilall dBy S U< e ddedal) cllylly (IS
QoS Y N A sl Ll claa¥lg cBandl Ciligina Jon 555 aladl
Agaal) L) bl 8 Al

iabuagil) L9

Lsl¥) ellae) bl ¢ limy Ald) Gilasagall e cany :diagd) Y alie) .1
e Aol Adlad) Ganliall s AL (G pead Al disgl) zalaill 2ty gkl
Gl el e 8alinaly cdastiall (srenll aleilly V) alaall el G5 554l
cpasalll jilacg dedial
bl aas s e S (65 pall e rlibull Adasl Aad) b Ly 2
Al Ly degnall bl e il cdgll 8 allaay leddaniy Gl
Llle @bl aie e Lol Z3lall o el gacae Al je (agualll

JAadag Bagall

252



SASA gl e Gang (XA eadill JilEY o Ulaa) oIS Aglg¥) slhae) .
138 (a5 Bainall ) bl 2 3la Bdled udenl puedill ALG) e llaal)
el Gl agh (e agisSaiy cdadatil) Cilgally Gilubd) g lia g 481 ey
+Agasay By dauslus b Slasl b cclganll ¢l

AU b GlaeY) s el slSMg ludY) gm Ol el
Jory O o Lallasiad Gals c@pdall oSl 5pa)l il g8 sl e liana)
SIS (55, plaiuly ¢ e lilal) oIS dada] ae cuin ) s sl o)pdl)
Agalye b sl o gpally ClAY) yds ae a@hhil RS olihaY)
Gaigidl e GlaaY)

i eBplaiall Shladly Ll (3lpndl Al daglall Blai @ jalesall i)
Gy Bale) Jaa bl ety CaSall ALE AW YL gal 3l (6 ¢
saaal) dolaiy) @ileal) il Lghaats clginua o 3aailly o dlaill daliiig
gl g yan Allad LSl Cpacay Lae A8ELN aladll

: JJUA.AS\

1. Erindi Allaj and Simona Sanfelici, Early Warning Systems for identifying
financial instability, International Journal of Forecasting, 39(4), 1777-1803,

2024,

2. Guangju Li, Financial Early Warning System Model Combining Hybrid
Semantic Hierarchy with Group Method of Data Handling Neural Network for
Detection of Banks’ Risks, Hindawi Discrete Dynamics in Nature and Society,

Article ID 8607667, 2021.

3. Despo Malikkidou and others, A new approach to Early Warning Systems for

smaller European, European Banking Authority, 2021.

4. Mathias Drehmann and Mikael Juselius, Evaluating early warning indicators
of banking crises: Satisfying policy requirements, International Journal of

Forecasting Volume 30, Issue 3, July—September 2014.

5. Ifaki Aldasoro and others, Predicting financial market stress with machine

learning, BIS Working Papers No 1250, 2025.

6. Simon NusinoviciYih Chung Tham, Logistic regression was as good as
machine learning for predicting major chronic diseases, Journal of Clinical

Epidemiology, issue 122, March 2020.

7. G. ShobanaK. Umamaheswari, Forecasting by Machine Learning Techniques
and Econometrics: A Review, International Conference on Inventive

Computation Technologies (ICICT), January 2021.

8. F. O. Chernenkov, O. A. O. Mustafa, Benefits of Big Data in the Financial
Sector and Financial Stability Risks, Scientific and Educational Initiative,

September 2024.

253



10.

11.

12.

Marinko SKARE, Malgorzata PORADA-ROCHON, FORECASTING
FINANCIAL CYCLES: CAN BIG DATA HELP?, Technological and
Economic Development of Economy, April 2020.

Adetoyese Omoseebi and others, Natural language processing (NLP) for
sentiment analysis in financial Markets, University of Technology Department
of Ecotourism and Wildlife Management, November 2023,.

Mary Chen and others, Identifying Financial Crises Using Machine Learning
on Textual Data, Journal of Risk and Financial Management, issue 16, 2023.
Dominik Stempie”, and Robert Slepaczuk, Hybrid Models for Financial
Forecasting: Combining Econometric, Machine Learning, and Deep Learning
Models, Cornellians university magazine, valium 1, Mon, 26 May 2025.

254



