2024 Jodl ueils (4) sa=ll

ddidnil doloid¥l bl

il g ool ol § G5 il ol i i il




”
il doolaidyl elulyoll

dyaalg dyllallg dyslamdyl wladl § G5Spall clil Gabgal digiw dyimy dloe

Eloudl 5,51

Sloull 8,51 8 (FPAS) wleolyendl Jaloxip uiidl dizd Ji8 (0 sl 85zl <Blyattl @i

2024 Jo¥l ugils 4 sasll

J-ins ¥g lls / Lmils yhai dm>g dlaall 0im b 6)lg)l J—aall §lygig SLadl Jias
A 559 Lo Gguno Sl Jasiy B9 i ls] gulao g sy ¥ $ 56 pall il plai im>g




R A S e, A S
S SR S
%*%#%*%*%&v%*%

-)-VQA-)- -)-VQA-)- -)-VQA-)#)-V@A-)- -)-VQA-) -----
%#%ﬂ%#%#%#%@%
RS K R | S SEAR e
N S S S s A



323550 sy
Aol JLai jgisall

S8l 8510 Gl ypall

cl_acil
s5-all a=l) jesl

Sl 8510 Gl yyaall aclins

ol wlBie)l eund Gus)

dololl ddlall pud Lus)

asdall o)l 5,555l
dolaidil dsdaill guud Gud)

deldally aracdl
33,81 G3Spall Lyl dsyns

) s L Blrifly lonll sl oyl 0 Ji
\. J




R A S e, A S
S SR S
%*%#%*%*%&v%*%

-)-VQA-)- -)-VQA-)- -)-VQA-)#)-V@A-)- -)-VQA-) -----
%#%ﬂ%#%#%#%@%
RS K R | S SEAR e
N S S S s A



Alaa A 52024 plad dkitl) LoleaB) il jall Al (go ol Hl) aad) oSS LT o iaeasy
gil) g Ll g Lalai®Y) cYlaall (8 aind 3 )Y) (5 S pall il ilh sl &y gins Ay
D e i) Lol 8 a3 gendl ) o S pal il B a8 s Lo s
Aol la)y il ) 8 8 agasi A yro i Alsnall o2 355 alall Canill 5 jpse
il ¢ stanall o Lol aBY) Clea 5l agdll Brext s ) ) Claal Bac Lise Cangs cdolal)
el

Ol ag5 (U Bl el sl (e e gana J55 Slad o)l 20l 138 5 iy
AR 5 Ay el &g el Al 2 ) Y geay o o oSall BV 3l Julat e lo cpuaidall
13kais \gilannay Uiyl jualial 400 LaliiY) 085 dlaall 5 WS Aia Y1 <l jlal
el,_dl S pl i Jon Al pa dlaal) Ciesd 8 (Balle elilaal) olSA) Jlae A jusl) ) glaill
u\ | ML' L\Lu\ €3 gdaa uhLu d\.Lu d.k ‘; ud))d L.?““AY‘ ‘;\a.d\ C_zuh }.\.uﬂ ‘_;N\
.M.J\AJ\ ‘gdhaﬁ\}“ ul.p;.d\ 4.@;\}4] );uaa.d\ by pay cgsdha.ﬂ\}“ JM\

Osiald) el 5 Sl 3 geal) & g Alaall (o 23ell 138 8 Tl GlaY) s
o pel Lo Alilall g Lmgrial) L) Caonl Aol 38 8 ga s Ado dpale 35 ) J g sl
Cinlll ol 50 geall o3 (€ LS 5 ool Aol LLall Graal pgil) 5 alall il
galall Conall M) 5 giasal) 0 Lag ¢gilaie ulaty dis Clily () Batiase Clua 65 iy
LALAEY\ :B‘):.AU ;\)3\ ée@.ﬂ)}

Aol o2a A datiall g.\l;.a‘)!\ b ¢ inll Jeall ool Lot B guia sl 5 sl (Y 1503
o) 3 0 e e s 3 8 alall indl pulae ey ol Y (a4 Axa) ol gucads
u).uud\(fdﬂ\uﬂ\whgu_ﬂ\wﬁhﬂdﬁﬂ\dd\@u&&\a}\aéuw
Olaal el aladinl 8 48 6 gall 5 o gum gall Jalaill g Aol Angiall elld 8 Loy (Lialle
AQSU\CA M.mLAJSY\M)zAS\ })h@fh@jd\.cmwuhajw\ &_I\AAY\ u)&u‘
c‘GJ\J‘\uJ.;A}\gJSJA\J.\,J\)LJ&@JUASMY‘_}E.NH&&od‘)\ﬁ\@\.\.\n};fb\ﬂ\u\és
elall Qi AN K5 Cad¥) Aflaaa ) Lea chih (fialll i clea 5 Jias Ll
lnill @) (et Galaa g Lo n gy iy Claliiind i e i) (a5 o )
sy el gl e aciad

(indl Jenlly paiudl) agalaial s agails o i) 5 0l il Sl sy L
LS 4l (0 ) jra g (palall Canall Jlase i Loy Alaall o3 o) i ol JIV) o aga ja
Rsgl e a S 5 82315 Apale ol (a0 3038 Lo g Al] pgilanbisa o pdialill il 4
S 8 Al (5 ghia Axd )5 g sinall B s (B Aal giall pasgen (o Alaall
bl ol e o ol Lo Lyl a1 JLAR1 (6 5 )32 o gl il
b b o JS Y Sl an gl g 8 pmall i) ) 53] Al RS 3 505 8 Ly Lo il
uh@\wmﬁ\@ﬂ’w\a}@\wmﬂ\g\uﬂha ¢ naall Jaadl 138 4 ) el
i) & e iyl

bdl=all
owSidl Jole o

g S




R A S e, A S
S SR S
%*%#%*%*%&v%*%

-)-VQA-)- -)-VQA-)- -)-VQA-)#)-V@A-)- -)-VQA-) -----
%#%ﬂ%#%#%#%@%
RS K R | S SEAR e
N S S S s A



ddubil olaiddl wlulyl ddse

2024 Jo¥l oygils

wbgiseall

) 08l b oKl LRl Belis
37 a8l whoball dlsallg iyl digyrall
ole, 8l Lgo

Leiloamag 2Ll polie) LSl duliodl juads o
61 Alioll Joiy « oleydll lga « Uae Gu sasi

A Machine Learning Approach to Nowcasting GDP with

Limited Data Span: The Case of Jordan
Dr. Amany Al-Rawashdeh

113






ddubil olaiddl wlulyl dlse

2024 Jo¥l oygils

O3l L,S ool §laidl selas
slac|

2024 Jolll ogils

AJJ‘JJL,ml“‘s‘@JJ‘Y‘g}ﬂ\@‘ﬁ%;dﬁy;@ﬁﬁl«a}mh‘Jﬂ\bM
_h\‘)ﬁ\a;\ﬁ‘gd‘)"u@j‘}mmﬂ‘MYJ

ga—idlall

il Al 5 amall s eadeil) e Uil o sSall By 50U Lkl ) Al o3 Cangs
Non-Parametric) dualae & dungia aladi ul a1 (2023-2003) 5l A Ga,Y) G )
il (Data Envelopment Analysis (DEA)) <iball Calae Jalail) ¢ sbud aladinly (Approch
daialls (%96) aadxill glad olal 3ol o ) A all a5 003 )01 (8 e sSall SLEY) B LS
ki 4 ¥ A Sl o 1 e (31 e (%70) Al s «(%87) Aiadll il 5 ¢(%91)
o5 e Uil 80liS (uld ays Leilan s3I Aalall o p0 e Uadll Cilide 8 gl e
Jald dise a8 (Principle Component Analysis (PCA)) Ayl U sSall Julas aassu)
e colall LY 8 LS 8 Lale uuat il el s 53,31 3 o) BasY)  Maa) 80liS Sy
Gl ) il Sy s €2020-2019 5 2007-2006 Jie ¢higea ol sel 44k sale il

ALY claSayl

Al il gSal) Julat il itk Julas ¢ gL SolES Al cilall)

JEL Classification: C67, H75, H76.

9



il dyolaiddl bl dloe

Sy aalus 3 ¢l g (ol 8 Zalai8Y) dpaiill 5 gaill acal 4 o lal Ailall Aulpudl 25
ALl Al dpaal Aoy oelaia¥) an@ill 3y et s galbaBY) ) jELY) 3ada8 8 il
Y s lae Allae 5 daln) ST jlue s gabaBy) Lalial) s ¢ e s )08 IS (g

el a5 830 ) 5 Adimall Sl glasa (aeas

Gl @l 52l 028 andiud (il aall 5 e sSal) LY Adlal) dulpd) ol sl Jadii
VA (e e sSall YTy sad a5 Adbiaal) CileUadll (& saill Juiay ala®y) () ) 5l
Glagall 3 J2 e (il puall Jadi 3l gy peall Gl ¥ Jie de gie jilas
i) Al oliaall o3a aad s A gl 5 Adaall (31 uY) (g (ial Y ) dln) ol jlaall
.(Fatas and Mihov, 2012) 4z sSall a jLiall 5 el jull 2pdiil 4 5301 4llal) o sl

A laaill o3a andiiy (aliaBiyl saill 3o3e3 A Gses 1550 desSall culaail) Cals
Sl cadlsal 4 el culaal) Jadi s Agllend 1) culaail) s & lal) claail) s opua ) Gue 5
Ll s Al sall ila gal a1y il 5 1) Jie b paitosall daladl Culondl) apail da Sl Lelaas
Claszal 3y 55 pm culidil) oda 5 andedll s AanallS dpdud) claaall yd i cigall da)
Jadid cdllansd 1) laiil) Wl dpagall Gpidal gall cilaliial duliy e sSall Jaall 41 jainl
Cangd s laall 5 ciliinall gy suall g 3kl ey Jia cs U o liiall 3 ol L)
cJashll saall o alai@dU dpaliy) col jaall 5 3t g dgiadil) Al s ) colsal) ol
Gupta et al., ) (bl sall dimall (5 sinse 28 )5 aldins (solail sai il b aguw L
Lo gSall 5,38 (e ms Jlady () sie JSE a8 (e Cpe sl (pda (g aeall O 3) (1998
ALY 5 4y gaiil) Lgdlaal 58ai e

sy A 2 5 553 Jall Maa) Al zlil) & 5a€ J<5 Ge Sl culaiil) aalos
a8 oAl A g e alian calladl J s %40 A %20 On e dle il ) e sSall
%31 5 yan 3 %24 5 Legia JSI 9628 Aired La LS yi g 403 graal) Ay jall ASLadl) & il
Jsall dauslly Wi (International Monetay Fund, 2024) 2022 ale J3a cral i
PR Gaall 89433 5 saaiall SV ) 8 9%638.5 5 %45 Wilday p A il 288 deadial)

10




03,81 o8 oSl GLasdl selis

International ) 2022 ale & %33 4w Lo caaly 38 0 00 daily Wl 2022 ale
Aalall et st g Al ) 8 HLiiud sl jlise 98 5 (Monetay Fund, 2024
33135 (2025-2023) B jpiaiill ddad 3 Lg8laal (paa (e din )Y A sSall Caraa g 3
Attusn 1 laxall g Jall pghai 5 Agiatll Al e GUY) 3305 JIA (e oY) Al
(ol gail) g 50 ;) Al acy b aalag ) Ol (e W e

2 ) gall aladinl Glasal e Sal) Bl 3 iy J gall (e aal) gl eelld e ol
Aaliosall e Laia W) 5 bV Apaiill gias A Ll 1 el ey 138 5 (Alad 44y ylay dalal)
Lline (5 shne @d )5 ¢ oo sSall BEY) 3 jogll A mdd b aald o sSall (3LATY) 5o LS8
Lagill il el jall 5 jliall 8 daladl ) 5 laiins) JIA (e SLaBBY) 3y a5 5 ¢ il sl
Syl sl 55 ol ) AlwmYL (Gupta and Verhoeven, 2001) dallall ddladl)
(s Lgtloss e g A gSad) (8 AT ) Jr Lae el 5 e DU 58 ol 5 48811 0 S
waniy Juadl IS0 daladl Gluld) aaa s cle Sall (K ¢Glay) sl i DA
Al Jil Ao laia¥) g alaB@V) Calaal) Gaias A acly lee iy ST 0S8 il sl V)
Al xiusall dgasill 3y 35 Ul 5 (AiSas

aladiul 48 sl (3 V) 8 e sSall GBlasY) 3ol bl Al jall Al caela cadle
AalaiBY) sl Jha 88 Bl 13 (e s s yall il (3ias (gae ol 5 cdaladl 3 ) sall
6 siase gl )l 5 Aalall A3 ) sall (A Adle il gae 3aiaS ) et Jie a3l Lggal 55 )
a3 5 )9l e gy Aalall Cleadll ) 5a8 5 Adiadll Al pead Ciliaad s Ay el
A galall el gia g Agida gll <y o1 DU T8 g 4k o8 A Sl gl cuilS 13 L

alaaiuly (Non-Parametric Approch) delae je dagia o Al jall oda aaiad
3WY 3. Ll (Data Envelopment Analysis (DEA)) <bball Calea Judaill (o sl
Aia ) 5yl (Al s Agadll Al daal) cadadll) clelad saad oY) 8 e sSall
DA A clas gl sl ooV el Al aadid WS lud 585 (2023-2003)
Baaaie Ala jaa ) Badatie DA Jysas 0 085 Al (Decision Making Unit (DEA))
O Juad) oo Jiad Sl 5o s8I 3 gaad) apaail Adadd) A ) e sl 138 aiag
& Al il elia 635 (Afonso and Fernandes, 2008) 4w s el Chlas ol (10 de gana
Al danall cadedll g Uad ;) il e el ASLadl) 8 cleUadl) glal 3elS ()
Al sl

11




il dyolaiddl bl dloe

Jala aladt s 5o 01 (8 e sSal) B Jlan) 30188 Sy S5 a3
3.(2023-2003) 33l (Principle Component Analysis (PCA)) st )}l < oSl
2019 iy 2 il (mny 3 Ak sale Dl 00 2023 (1) 2003 (e L 5 3al) 26
Gl ) il e Las 63 et al) Al ¢ Al culaday) Joaty (padl) et
Aalaiay)

Sl il e 5ol all il aladi a5y jall Jsall we 45 )lEd) e aa e g
O easSall Gy GaseliS el jlaYl a3 Ay yall Jsall plall (3l 30 LS bl
3eliS Ui yelald cp aall s lae Ll A ge gyl Leili (2017 ole & A sall sl
ma Sela a5 51 Gl Cu Sy 2,15 el Ui Laiy (o sia
B Y A pall 8 ol il g Al il e G eisi

Ll il iy SN sl g Aadiall 59 sl 1 U0 a3l Afinl 48 ) 1) i
Camyy Y e sSall Gy U< e ¢ saall Callil) ansdl) Jaluy 5 Adilad) il all
g lia g Ay jatl) il el ) ol pom ey s Al Amgia s ULl ol Sl ol
a5l bl andll G pay s
Aalad) cilalyal 2

Gupta ) dee I ¢ o Sall BV e LS & gaia o ALl il jall (he el il gl
3l JBA 4.4 8) A 50 37 (B e oSl BLSY) 36 US anii e (and Verhoeven, 2001
e Jsall o3 3l o ) Al all coald s b e duagie pladiuli «1995-1984
caladl (BLY) 5 3 LiSI il 5o (G Al A0l Al all € yeal 5 3588 5 daiall g aylail
O aS) S8 3Ll (s allay sl gl 5 ) cadedll Jianill o Jixg Las
Al lacadia saly

e (o sSall Bl 3 S Jsa 50 (Jafarov and Gunnarsson, 2008) ¢ als
Slo Gy 84 iadlia 3 5 gm g ol Chiy g )5 S b aidaill g sl ke )
i g A pall il 1) g gl LT Can i ) Gl 3 gay  alail 5 dmall Al )
el y dmall Ale ) e o sSall acall dgn 65 Cana g cciladdl) 02w A dliall
099 4aaid Sy anladll y daal) o e sSall Gy of ) dadaia) 3o i) oda i
S IS claadl) o3a 33 sa dyaial)

12




03,81 o8 oSl GLasdl selis

Lras Cua cdga Sl 3Ll Cilaass 4l yo e (Hauner and Kyobe, 2010) Jes
114 Gllall calae 3 ¢alall g Ul 30 S ool Gulill J5all (5 sisn e 3508 Clily de gane
3l 1800 Vo> e <2004 Y 1980 (o 5l JMA Jaall iy sise moes (0 A 50
W85 ol pdigall 028 olay (aal) Hli s daall g ladl 33alie 900 5 caalaill ¢ Ukl 4 giss
O ) Aol il gis Alainal) 48 jaall 5 41 e sanll 5 dpons sall 5 L3l Jal gall
glhdll 8 5el€ll ety Lag 5 Jleal) Asall il L)) G e sSall sy sl )
Ol s calall glladll & Juadl 30 US 5 2100 jedai 31 55 JSYI Jgall of Al yall iy il
(bl 138 3 Wl 1750 Canl 48 56 sanall Sl sl g e oSl Al Ll

b sl Ll 5L g ol 345246 3 awall BWSY) A (Hsu Yi-Chang, 2013) ol
o die %21 saky Claaall (e ST A4S Z ) LeiSay Jsall o f i) < jekal
5281 A (e sSal) BlasY) 3¢ WS (Prasetyo and Zuhdi, 2013) 0s3y A (5 giua
o esSall BEY) e 2 Al Gueai B Cileli 5 2010 () 2006 (e Asia N 8 i
il el Hdise P e Gl il (Wl a3 (s (8 aeall Clile ) 5 daall 5 aglall
6 e ie Culy Al Gany of 3l vy (Human Development Index (HDI))
(ullly chnysa s o e g e iandain g Ll il 5 cliiaa l (a5 sl all 35 J) gha 36 LS
el g e g il g ¢ yaill 5 ¢ jade da g A Sl Aol jRanall BV A ) geen g L) S A ) sean g
L Lual 5 3 st () JSAL oaall (gas Lisal 5 5 Basial) Y sl 55 ) siliian (sl jaan g
AV Jsally 45l Aalaiuse dylag) it U jelal

e Y o) aladl (glasy) BelsS a8s e (Brini and Jemmali, 2015) Jee s
32011 &) 1996 o 358l JA (MENA) bty 8 Jladi 5 Jass 51 (5,8l dilaia 84 5
aall oY) salal) B dliate 4 ) Cllua day )Y Al 3.l Gl j0 a3
BaY) 3 5eliS FSYI a1 o ety JS ilinl) @ yedal Agiacl) Al 5 calail
Of Coa (8 Al Al 8 5.lS Y a8 Ly canall g addedll 5 50Y1 e aled)
oo 3e Aaiall g5yl e alall By 3 Gas 3S JAY) o el s il 3adl
) Ll Ll (galeai®V) gaill 55 ol 4 ja 5 ¢ uipnd) 1R O ) eilidl) i el
el Byl sl e

13




il dyolaiddl bl dloe

IR G,V (8 43S yall A sSall aladl (3l 36 (2017 elipae 5 Llaall) (uya
ARl (alaBY) saill 3y jail e sSall B JieY) anall 2aa5 5 (2014-1985) 5 il
(Dynamic Ordinary Least Square (DOLS)) 4Sualiall (5 jyall il pall :piy Hla
4l Al iw | (Fully modified least squares (FM-OLS)) Hazall (5 jrall cilay yall 4
Slaa¥) Aaall il (40 %38-36 ) Jead BEEY) 3L ) LdlSaly IS A )Y A Sall
Ot s Adle < sae iiad ane 5 45 ) sie Al ae Ll 585 O Ja iy o el gad (gia]
o ) s Lo o abaBY) saill a3 aalis a3l V) e Ll dpull Joay ol el 3lasy)
Al bl Gy o ) sbat (Sar 52 5 ¢ GlY) sliS a

IR 4 gl Ay jall ASLaal) 8 aladl (3l 361N (Ouertani et al., 2018) =5
O i e (Jlad e chan il b caladl GBSy of il < yelal 5 2013-1988 5yl
O3 Al Al 5 adedll g dnall Ve (8 Lol (s LgiSay 43 gad) iy pal) dSLadll
%350.7 s> Aiaill Ll 5 daall g alaill 8 3L Jans Jass sially caly 3 Slasy) aaly )
s e 9484.05%97.9 5

205 Lillay (8 e gSal) BlaiY) 3. LS b8 e (Afonso and Fraga, 2022) Jee
Aladl ) Jlaa aladind &5 31 2019 Y 2000 ¢ Bl JOA &) 1S yal 8450
Lelda¥) @ipbsdl o aall aadiuly MRS el Jad) @l e 4w
ISy i) 38 Al all B 3 A aladl Sy o il @ yedal s il AS daliaiy)
5 s ie olaY) iy gioia G Giad (S 3 58S (S5 ol le JS8) e sSall (K1 epraal
2 %18 Ay Lagelal ad i ) ile sSal) s s IS es Al daals a5 9427 A JBI Gl
Labry Yiailse 5 Lot oo 3elS SV Jall Sy Y (5 sime adi e Jalial)
)l ol s aliy ) g s 152 S5 Dy 3385 Ll 50 4 3o lS JBY) sl cilS 5 cglsal )b
Jal gl 5 e sSall LY 3.LS it e (Adegboye and Akinyele, 2022) Jee
AENa) a5 ¢ ga sSall Y1 3 ES apii IS (e 3 iy 1Y) J sl b ale 3 il
312000 (e 5yl 438 8 A 93 40 sl jall akat 5 Lgale 5 5isall Jal all 5 SL3Y) 30 S (4

14




03,81 o8 oSl GLasdl selis

Of il ekl s Jsall aaen 8 i e sSall GV 3 US G gl iy g 2020
Ol S dgmaall 3 ) sl () 5 cs yaT ol so 5 SlaBBY) aaa o aaind o gSall BlasY) 5o liS
85y Al Al Caagl 35 Allady Lgaladin) ie e gSall GLAY) 3ol 3y el anding
SR (o pa Ul Aald) 5 3 ) sall (e Alladl) S2EEY) SR (a0 sSal) (BLEY) B LES (pruans
L ) 8 dgaill 3y 50

dpaiill g oladll dadate Jsal (e sSall LY 5WS (Afonso et al., 2024) waos
e 8l YN Jsall of 1san 952019 ) 2007 (e 3558 J3A (OECD) 4slaiy)
Dmagas cdngiall LS dailyan dailpl L () iud b asSall GlaY) Cua
Oaidal sall 485 30l 33 Uia) Jagi 3 oY) e sSadl (SUEY1 3 lS of Ayl il ¢ jeal
e S IS AL ae ) gl 3 g 55 Aulpaal) Aol el S5 Al ccile sSall &
el o Undll S el Aaliaia il aladiindy A3 ailial) calls o8 5 38 ulie

o oo sSall BLY) 3elS a5 )5 i o i) Ll AgLull il )l (e Laadl
3ol Camaza sl ) alef @ jedal s i) g ediall 4l 5 cdanall g candeill Lo
8oy 5y 5 el ey W 3o LSl (ppant (o iy S5 Jsall (e aall & e Uil o2a 8
i) a2Vl ae 5 Apusns sall syl skt g3 ) sall dga 3 50ke ) by o e 3la3Y)
Slo 3l e sl s A gall g AalaBy) Jal sall il ) Wadl colad jall & jLal g o) sall
e sgmmnsal) JURY Gpeanis ¢ oaipnal) )Y i dpaals Caa gl 5 ((3lAY 3eliS
4 el Calaal) aiaty Sy 8ol el Anild @l shad€ A &all Ale Ll 5 dudledl)
Aalaiol)
AN A e gsal) GAY) 3

Y o ading g ia gl SLaBBY) e 150 12 3 00,1 e sSall LY JSy
Ol 6,272.3 (Al Ao puall Slal Y Al Cialy Ay g 8l 5 dan HAN miall g 4y yuall
Dl (sale 7117 s JAl i) aly 5 2023 ale IR Ul (10 9%17.3 4w Ll
Sle oosSall 3yl dedy 5 (2024 AWl 350 55) 2023 ale A AU (e %2 4l

15




ddiulail slaidil wlwlywl dlsw

Lo JSi 3l g el )35l Janal 4y jlal) i) 5 cpdls gl il 5y Jia ciplianal) claall
Al Al 4 o lainy) Jie ddgiland BN claiill Wl glay)  Jlea) (e 9487 4
G Mea) (10 %12.5 aissi e gl Jlan O ale 1,377.6 Caaly 288 (g saiill a Ll 5

(2024 Al 3 ) )

Ostle 41,181.7 &l (2l calall (all (5 e g1 51 Ly b Addle ciluan (53 )Y 4 s
(ol siall (galaBy) saill g (2024 Al 51 5 5) 2023 alad (@l (10 %113.8) b
e DA 911 sai Jame ol (S50,Y) SLaBY) (2aSil 3 clig oS dadla axy Aala
il g Y ad 8 il ¢ BLAY) 3 o) sl dlle laSla) e Sl dd3 285 2020
sl el (bl Cuaadll A5 ) Al Al WY aady | laiiuY)
e )Rl Glaebual) e alaie V) Juli g e sSal) 3LEY) 361 30l ) g alaiual) (gabaidy)
(Sl el & T 5 (alall g aladl GaeUndll ¢y 481530 3y a3 JDIA

sl 8 Y (A JlaaY) sl il e e sSall Bl dawi (1) JSEN a s
Ao s pale il 3 V) (B U (e e sSal) BLY) A Ciagd (2023 - 2003)
Zanil) il dglal 8 Aol a5 dpaliY) g Lpallall LpalaBV) Gl e Lele
Al e 3y 3l de e <2005 5 2003 O 353 53 %39 (es sl 3 dadi ye
A satill g Jliall 5 d5al)

N e LS e gSall AN Alaal 1(1) JSa

%
41 39
393 395 391

39

37

35

33

31

29

27

25
[ [ [ [ N3 N3 153 153 N3 [ [ [ [ [ [ [ [ [ [ [ [
=3 (=3 (=3 (=3 (=3 (=3 = = = = = = = = = = > > 15 > >
> <> > > =) > =3 [ [ (s [ o o — p— — — 3 %3 1353 N
w - n =) | o o =} - N~ w - wn =) ~3 L o =] - [ “w

Aaladl cilplant) 5003 g Adlall 555 o8 8 aball i) ) Taliiad Gald) dlas) - ¢ jaaal)

16




08l B ag Sl GLail Belis
A 8 Gy Wl gy Y1) T2y 2008 (o3 Aaadladl ALl 2 31 24l ey
aiul 5 2009 2 %34.8 ) 2007 (o %39.1 (e Aandll Cucaddil 3 ¢ o Sall GlasY)
loval e oSa 12 gea gl 3 yiall o2 DA 2012 & %31.3 G deay S paleasy)

) g calal Y S O @i Al Aallad) alai@y) o]l dgal sa 3 laY)
K} 2 3 A () A 3 2 Al e (A W
s Lai8y)

Cxal 33 ¢(2017-2013) 5l NS (alediV1 8 e sSall BLAY) daust & paias) LS
gy A ) e sSall Lging ) il il Lo o palasiV) 1 elas 927.8 )
aladl mny e aeall @by luladl sda il alall pall sy Ml aall Jii
Aakaiall 8 dnlis geal) <l 5l 1) ) AL gall I sl (il (il yuall 50 3
(5l Jadl g Uail g ¢ ) sadl J g0 an 3 sanll (B3] (e 4l Loy oyl a )l Calaa] i
Aslaall 8 4l 55 538 o L) 1 sl Laa

Lea cdalle dabaidl iyl jlaal ) 19-28 58 dadla Ll 531 €2020 ple Jsla g
Y A Camii 5l Aalall Aaall g SLa®Y) acal Gyl sl ) dba )Y deSall ad
o iy ia gl Y 8 el 452020 8 %29.7 S daall Al B e e Sl
b i@V jadad ) Agel )l Ape sSall bl (aSay i Y 128 2023 & %30.4
Aailal) cilie )i dga) se

Clulnd A Wl 0585 38 5 5281 <l gindl JDA By L sab 3l o) Jsall (S
Omend ) ALY il Al 8l HleiinY) A (e galaB) saill a4 Sal)
LlaBY] ) i el ¢ L5 V1138 (uSay L Aanall 5 adail) Jie L Laia ) cilardl)

(oY) gail) 3kl s Alagd) Y ana gl ) Jie ¢a,Y1 4al 55

17




ddiulail slaidil wlwlywl dlsw

Byl & b o)) Capatl) a3 )Y 8 dae Sl ) a5 55 (3) JSA a sy
OSay Lan ¢ onsSall BY1 A U sale i) cileUaill auea Ciagl 3 (2023 - 2003)
2,442.2 (e S BEY) @iyl 3 ApsblaBB¥) sl 5 Lan U oDl A Sall dlaiad
Sy Las (2024 Adlall ) 35) 2023 (& Dl Osale 11,003.9 ) 2003 (B Dl (sl
ALYl 3 el de sSall 3 ggall

dalal) CBEN A3 ol i) £(3) JSAl)

i

. 1, . .
AL m Al Al magdall mdaual)

S Jla
14

1.2

—

0.

-

0.
0.
0.

i

=} N N =)
POT —
S007  ——
LO0T e

£002
9002

8007 ——
4114

€102

¥102

s10z

910z

L102

8102

6102

0702

1202

(4414

€207

Adlida 3130 - Aalal Lo gSall Alla 5 i /Adall 35135 - 1 sducaall

JDbs (sale 1,157 12003 ple Jlind & ke 249.5 (e Anal) g Uad 8 culsdal) Cuad )

e gy Apsaall Gleddl) 33 g et Gl HlaBLY) (& asill (S Las <2023 ale

Akl Glaeall sy dpall 58I el Clddiuall dgadl) )l ek ) leiiuY)

s il LS syl il Al (paidal sall clalial i) dpaall ) &Iy iy Aol

S ol Y1 e Slad dgaall Ale 1) e allall sl )5 ¢ SIS gaill Alatia ¢ s )

el (231 anall alail) Aelie ey Lea e Jall ial 3aY) (e 34 1 5 dalall daall
Al claal)

35805 VL) 5 Jaal) U e B (e ()5S 3 cqainall (381 3a 5 NSV o FEY1 5 AalaBY) (3l e 3V Jodi |
Agindl) Al 8 Ala il (oAl i g slyall Canlel 5 painall 5 S a5 AUl 5

18




03,81 o8 oSl GLasdl selis

Lee ol Osale 1,363.1 A Dl (sale 406.1 (0 8_aiane 33l ) aalill g lad aglig
alyJh ‘-gzu.ab ‘(:'..\SJ:\S‘ 33 (i laual Lg}\;j\ &Uaﬂ\ 18 shaty eb&‘z{\ Sy
Al N8 adeil) b i) sl A lpaatl s daadetll ClalinY)

2009 & S O sle 844.2 45550 &y ) eda gale JSIy Aial Al e Slasy) L
Agiadl) Al 353 e A Sall 385 3 2008 (o Auallall Adlall e Y1 2y La s A
o Las e i (5 5ake 954.7 ) B! Jeas 2023 ple (B LB jaéa] Al S
il eall [ shaill 5 S gail) A1) gal Al Aial) Cpat o 58 ) ) et

2023 ale 8 s O sale 21,9 &y s LA agd a8 (L Ja ) e sy oS Ly
Sty allall aall Llaind dgde Asilaall g il (a5 ia) 3 gall (Say Laa
Al Gl e ) il

A al) duagia g i)l 4

(= (Data Envelopment Analysis (DEA)) <ULull calae Julaill dpngia el
zasaill saaa Mo S5 a5 Y 43l 6l ((Non-Parametric Approch) dxalzall e (3 ykll
Woodbury et al., ) <llull sxsa 3558 25 ¥ 4l LS ¢(Functional Form) il
AT a9 3ol i g pasil elld g cAdlisg dgale GYlaw A DEA pladiul o5 (2003
el g el il g ecla Sall diaiall ¢(Decision Making Units (DMUs)) L)l
Cleadl) ol alall Ly (3l sall g eJlall gl 5 cdandl Jie) LeiDane aadind il el
Gla jaall g GOAA (e 2 g3na e 3o plAS) (e DEA disgie (Saiy (Sla il
G AY bl e e

A echlaaliiiall ares calay JSGI Caana 3eliH 3 o it 3 ga 9 A8y Hlall 238 (ya jidd
Aladl) 3o LSl A5 jlie IS (e Apal i) i i san s /plad Y agll ke apass gy
DA sas f el 3ol 385 e (38N il (s ¢ JiaY) aa sl e Ul /clas
YA e Aaiall 1 e Jgamall (Sary s yilall 3l 3 gas Jaia (g @Y
e s pe i el e Jand ) Dl @Y cileUadll fclan gl 50 lS yaas
e sl iy (50 Bl 3 an il ) TGl s ) 638 S Jiai ) ccnadlanall
JiY)

19




il dyolaiddl bl dloe

3 A5y sall A ) Ay sall il Al A Ll e DEA 3 56l Cafd g
Blanall oA ae il Al e () aa) i o 3380 DMUS Cilas 5 ()5S
353n Ll DEA s Gl il O (pre (5 siual SR e (Y1 aal) aadiad
Ali g 5588 5 gaall o 2 Al Gl yoiad Cua (DMUS Slas 5 Jiad 3 Aild) Lalas o
.(Afonso et al., 2007) 35S & Lgi g 283 Al

(Charnes, Cooper, and Rhodes zas<i lld & Loy (DEA & 4dliae z3lai clla
4l =i 5 (constant returns to scale CRS) axall e i gall cild (i sty sY(CCRY))
5ol 1) iy Lae odansil] by Cie Liafias Gl j3all (8 cipne Annsdy COAAR psen Chie Ll 1)
Jax3 (DMUs) )l Glas 5 JS o yins «CRS Gl sl g DEA g25a3 s A3 aaa
Ao 45 )i IR (e Bas 6l 3elES aaaT g4 Caagdl g canall Al 3ol (5 glue udi A
3 (Banker, Charnes, and Cooper (BCC)) )l 73 saill Ll Lgidlane ) il j3e
b sl A () 3 ¢(Variable Returns to Scale VRS) aaall e ) gall < sldlhy zeany
Ta5ah gy 5 yia aan BliS (uSay Lae ccMANAll b pual) Ao e AT 36 s jal
Lon clgana o 5l Aaline uleliS Leal 585 ol a5l many VRS il ) as DEA
el Luall ClalaBy) ol anall cilala®y dldsall ol il lae Y 8 sl

tla i)y COlA) A83ey ddleiall by jdll e 2l VRS 5 CRS o ksl alys
il 13 Ll CRS aladiiud iy il ana 3o iS aiati A 8 Jaad Glas gl) o aiad (1S 138
JLia)l DEA ddee Gaiali VRS pladind ol as gll aaa o 2l i 8 aaall 301
GUL pas g cdblall Gld cila Haall g O3RN B3 g A Hlaall ALE DMUSs Gilas
Al eyl alasiuly 3l Cila 53 Gl s (DEAS anliall #3 saill A1 5 A8l
35S0 ye 93581 DMUS las g paail G_a\_ul\ el g

pxl) Q8L 5 ol giall 5 calatll 5 daiall GV (8 aul 5 @Uai e DEA adigs
A g Jaladl) e 55080 5 ¢S 5 yall dgunsi 1 43 e Jal il 3lalie 3paa 5 6 10Y)
L) 33 g (uls DEA (1 ¢@lld aa 5 b jlaall Jucadl ae 45 jlaall 5 c320ne il j3a g
3lal DEA Jhy 2 5ll o3 a2 ) i) 8 48 ki) adilly iy of oSy s sl 30U
Ae griall Vel e Ay bl 5l 5 oY) a4 @

20




03,81 o8 oSl GLasdl selis

iUl saill e DEA e aladl (ol )l el Sy

() = F(x:(®)

Yi= Glajiall oS e jhisa
Xi= COaaall oS je yise
t= el
i= (DMUs) _l_all Aa3) Cilas
A e ST (Y) e Al culS 13 555 (1) Aidiall DMUS 0 5Siu cale S
AUl YAl YA (e DEA g3 sal A 3ol dad Gl (S5 (X))

min 6
6,1

Subject to
-y +Y1>0
Ox; —XA=>0

11'A=1

A=0

0: (1-0) 0w L z ) s 3eleSl dadle
Yer () il b Sla il 4idl
Yl JS1 s Al 4l

X OOl 48 giins

X OOl 48 giinas

Xt DIAA 4nta

A il ool

21




il dyolaiddl bl dloe

Afonso and ) s (Ouertani et al., 2018) 4 )2 Ao alaie V) alps Al jall o8 84
4.3.1.:” Gda__all ce;ﬂxﬂ\) Sile Waal uAJY\ ‘;A GA)S;J‘ slaay) seles ua\.a:ﬂ (Fraga, 2022
-2003) 4xie 3l 3l 4y g3 ULy e slaie W) &3 3 VRS il il caas (Al g cdiadl)
il Skl sacld g S gall g A gall il e 3 jaliall LpabaBY) &l juaiall areal (2023
Adladl 2330 gall 5305 53 Y g 38l
O iy I ail) e el e Uil 5eliS Wl AU Y aladl) Creddi ol ad
Ala Al Yo aMaadl X
aalail) pllad ]
X = Education
Y = [HDI, GPI, Univ, PISA, NOS, STR]
ol s (Aol Jll5 solall) mleill e o &al) @EYL @A) Gl
¢(HDI) 43 ol dpaiill e aladiind a3 a8 <ol jacall dpally Lol dalad) colaall gl o))
((Gender Parity Index (GPI) Giall G 58S i5e ol Gauiadl G 31 slasal) 55a
(Y15 oS bl s ) ol J e sl Gl ) g gl e Laia) i3 b
V) 5i5as (Univ) laslall 8 Giailal s oS sall 3 (e pidsall 138 laa) ol
Al ASlaall 8 A Sl g jlaall dae aladiul &5 38 9 ¢(PISA) (salladl laaly i 33la A
(STR) 4xa sSall L ylaall 3 alaa O U 222 5 (NOS) OS] 2as]
daal) &l.h’é 2
X = Health
Y = [Life Expectancy, Death rate, Hospital Beds, Number of Hospitals]
Gy cMar S daall e (Sl 5 s )ball) o o Sall BLEYT aladd Wl a5
c‘fmjﬁ“ Lf‘H\ uaJ;.qS\} c&\_d\ @—*4” u—nJ.AAS\} da_all By ) aladi pa 0y oS00
Tonn LG 65 3 an paaY) b S ) ABL) el a g o) all A alal) A sall
Life) a8 siall anll o s jdige aladiul oo s o jaall 4 il Ll 5 5l
233wY) are s¢(Death Rate) ob) s 1000/J- <l & i 5 (Expectancy
Gl Sstual) Ao g c(Hospl‘[a] Beds) uls_u]\ N e H‘\ ;\_}A}Sﬂ\ Gl Sdtiall
.(Number of Hospitals) (MSwll 2ae ) da sSall dpsiall 3S) all

22




0381 9 oo Kol GLasdl selas
dfadl) 40l plb 3
X = Infrastructure
Y = [PCI, QOR, QOP, QOT, Mobile]
Ol e BLa) aladt ) ot dogasll Al e o e Sall Blasy) sl ol
LYY (e (S 3 DAL LS qainall (381 a5 QY] e S5 Ay

a2 ccloa yaall Al Ll Al Al 84l a3 (g Al il g oLl

(Productive Capacities Index (PCI)) i—aliyl &l a8l 5 Syealaai o
Al 8355 ((QOP) () s—all Aiadll Aiill 38505 ¢((QOR) So-kall 835> »d%a g
-OL‘}“ 100/ J Lﬁ;m\ ailell ‘;AA';;LM e g ‘(QOT) d)ﬂ\ Jaall dgia)

L) plad 4

X = Environmental
= [Carbon, Greenhouse, Hydroelectricity, Solar, Wind]
Ll Ll odlan oS4l djlen e ddlaud 5 A laldl colsail) aladi ul o
Gl 5 «(Carbon) 2l G s S 2 o1 S5 ULl aladd ul 2% 28 clla Al
gl alaas WA 8all o ¢35 ¢(Greenhouse) () —al) ul—sia¥l <l e
O— .(Wind) zb— 5 «(Solar) 4—uweill 5 «(Hydroelectricity) d—ile 5 eSl)
Aalaiy) cileladll s ha g DA Gadla (1) Jsas

5l Al e all s JA G allall slail an 3 LB 8 dpalisY) &l 4l ) PCT _i3e UNCTAD wie 212
Jal e dasi g dpallail) Mlkmjame@@axumﬂd}ﬂ\ @Lul_.a.'lPCI )_M}Aam} (4\;):.4).\:: 25111 1005 0 O
Ay PCI e ai o el s ian) (il j2 Y 5 Apalladl s A ) el Cilanl s w2l @l b Loy eodlaBY1 el ()8
(il 5 Ul 5 ¢ il JLall el 5 ¢ pmaatall JLal Ul 5 ¢ ASsed) il 5 «iVUmi¥ 15 o shaall L ) 535 A0 el cidl )
um}d\j uaL;.\\ &Lks]\j

23




ddiulail slaidil wlwlywl dlsw

4Ly cleUadl) cily i g DAL (adla 3(1) Js

(HDI) 4ol dpaiill yli9e

(Gender Parity Index (GPI)) ceial) G 58Sl yhi5a

Glaaall & piailall sxe

(PISA) (salladl cibualy e elaY) e

Ol 23a] Apually ASLeall A A Sl jlaal) 22

goall) (e sSall By glld
el e ((Mand 5 el

(Life Expectancy) a8 siall jaell Jas gia ydige

(Death Rate) ¢l se 1000/JS) <l ) A

Ol il e Sl iy sl 855wl e

(Hospital Beds)
Ol il A Sl Al ) )y ) sae
(Number of Hospitals)

daall e (e i iaal

Productive Capacities Index ) 4aalisy) <l jall 5 G

(PCI) | Hpla®¥l 5530 e Gy »
T - d
okl Baga dse )
) sall Al Al 55 . N ol
s sall Jall dgiadl) Al y35e Gl ey QWY e sy
=7 - Cary ... ’
Ol e 100/ IS (5 sl Cailedl  cardiins dae ¢
(Carbon) 2l ¢ s3SI sl 6 e
(Greenhouse) s lall (uliia¥) &l jle il ) el v
i o e ams| 005 N
(Solar) el 2Ll a3 L 3 5 * .
(Wind) gl 3la ool 2 3l 5
il 5

4 ﬂ\"\“ 4 ;'«:‘\‘3 ¢da ‘,.\\‘9 ‘(.\:\_‘J_ﬂ\ Sl eUaal 3oL &<y C._‘v\_"u (2) JJJA.J\ )_4_1:3

T—=a 519 (DEA dagia aladi s (2023-2003) 38l JSa Sy Al
Allad o Koy Lo ccilelaill oda 8 il ) dse Sall oyl gl Sy gaiatca

3Ly gLk JS) e Jla b Lat Lgie JS 8 Aaiall cilail i) s cilaspnd)

Aalial el e

24




03,81 o8 oSl GLasdl selis

patall U 1
oy oLl Lellas a3 ) CleUadl) aas G 36l 5 151 il SISV aglail) ¢ Uad ae)
o glladll Jadla 33 o] (e Jiliy JAl 30N CulS Y 020155 20115 2010 Jie <l i)
LasSall 5a0 elaY) 138 ey Aaalail) ) sall Jld alasiind 1 e Lea o] o)l 3eUS
Laiil) e adY) sk Ll 4l (6 o Sa @l el LY 8 3 LY
aine o) Wbl anladll 8 Jlaiiud) ring 5 s _pdall Jlall (l ) Cpraend A (g0 dpalaid)
a3 ) et de Sall e ang allall SLaBiV) 8 bl e 5ald Ja e s alaie

) aalaill () J e sl (Sl qoans 53 5 asbeill B3 53 3y 3 e 38 5l ae gl

daal) plhd 2
Lead oy ) ) gl il LR jlany e Ve ) 5se 2101 daial) g llad yela)
2005 Jie &l gi & ) ga WS ¢ aall glasll 8 Jlad e Sa Hlaiiuly ] (e 86l
2015 Jie 3 liS L Camal 55 ) <l il Glans @llia celld aas 2022520205 20125
Usan iing daal) g U o) 3 Apsall ) 5all 510 A Cpuenil Aalall ) ad Les <2016 5
gUadll 13 85l 3 jaida Sall e camyy Aalall Ll 3y a0y Sl daald ) lancal
Claad ) 1) Jotall J e sl (lania g ¢ gadall a5l 3 a0 eclbiiionall 5 5la) auend JOA (1

Agaall

dianl) 40) plad 3

2003 Jie Ol giall 88 ) gl e 3elaSl) 85 5nS LS Aanl) Ayl tUnﬂ)g.Lu
dasad (A cbasi o ga s (A ndy Laa oo gale JS dundaie 3. LSl il 0201552013 5
Bl 8 L sale Guend Laa o) 3 5a ) il sandl ety ey A gale il ) ) sl
Lpatill G 15l dgiadl) &) Gaead a5 20215 20205 2019 Sl sindl b dala
s ol anall AUl 5 ecYUai¥) (il Gl s Ll 3 e aa) 5 dpalaiay)
Lo Sall o camy e 5 ALl 53 gl ey Agiaill Al 6 aliie Ll (3a
ol Gty agl) Jaliil 5iSH 80 LS Aiatl Al) i i g Jasladill (st e S il
Aaliad) 2 ) gall (pe Balai

25




il dyolaiddl bl dloe

Ul pUd 4

Jie ) sl (amy i 5 AN Cle Ul &5 jlia Gt Aunidie 50U L) g Uad yla,
LY gt (83 S laat Sy Lae (dilall Aasdia oW il <2013 5 2003
2005 Jie liuad Cagd Al &l il Gans 353 e p ll ey A sale il ) Al
O] Al Zalad) 138l Acaddie (i g Uadll dala) 306N (51 Y1) €2012.52009 5
Aol iasall dpaiill A puda jeaic 2alld Dmgadall 3 ) sall 5l ibadl il 5 Aind) il
B I A5 A (e (Sl BLY) Aad S a5 e ) B 91 e Sl e ans
daattll qminéﬂsﬂ Z\_AJJ\"@L&.&A\ oo sl s el oo ol 3wy o) sall Bl A
Aalxindl

Allad Jsa Aalgdl i) e gl (il WiSay cpUad JS 56l o g e 2l
Al All 5 (0491 dnall 5 <9496 adaill g Ul Jaws gia &l 31 ¢ Y1 (A oa sSall LAY
(Brini and Jemmali, 2015) s 8255 L A du 8 il cul€ 9470 4l 5 %87
138 3 gn3 5 9685 Aiaill Ayl 5 <9697 Axall 5 %692 (Y (A alail g Ul Jans i &Ly 3
Aol ) daddiaall ol jpaiall 5 ¢ a8l 55 Caa Cagdlall CaSUAY)

Ao, clesSall o ()13 pady s o Ll 3eliS (e a8 agledill g Ul yiiad
A ey S IS dpalad @5 ) o)) sall dysad 4y ) canladll 8 Jlad (S5 et
Y 8oLy G ARl (53 04 duis Letla yaa 33l D oadail )2 (it da Sl (K
3l sall (5 sie (pudiy dpaileil)l Cila Al g adleil) 53 ga Cpaa) dia b cllia o) e 12
A

Ol Qe lia 13 Y OS5 haum 2ol daall g Und jelal (9491 o 508 361 oy giay
BEY) (5 siun iy %69.0 Apnsiy Apnaal) a3l (5 siuna @by A )Y AaSall (Say 3
30m Ob Sy dadl S 0 ) sall 3 535 Al cilaaad) 5 1) Gaeat Gf ing 138 )
el 33k ) (A Aalal) g0 aall o Uasll 30 LS g

1S Yo @llia of ) ey Laa <987 o538 5li€ Lo i Asinl) G} Uyl g
3ol ) G52 %13 Ay Atiatl) Al @il saly ) ALY dagSall (S 3 el
i<l dllia G 3 edllad SIS (S5 O San Ul 1aa A LY O ) ey 138 5 Asilial
el T bl jind gulai g 3 ) gall 3510) cppaa 3yl ce e 1A el 550

26




03,81 o8 oSl GLasdl selis

%70 3Ll o gia cl\:v 3 e Uaal) e O TN dé‘y\ aayl) &Uaﬁ ) ‘\3:\535
Y 3305 ) Aalall 0 53 9430 A Al i) saly 3] A 8 @llia o ) 13 ada
Al o) 25 5 Al 3 5) gl 5510) 8 5 juS ans 5eliH b Galil) 138 uSay s
503 il gy l) Y cilalind 8 il sale Y dule dala ol dllad,
sl 1Y) a5 A gala il (Gaia] Jucal

assall (LN BelS mili 1(2) Jeia

4y pUad dianl) 4ay) pUad daal) pllab palail) lad
0.10 0.54 0.90 1.00 2003
0.91 0.76 0.94 1.00 2004
1.00 0.92 0.99 1.00 2005
0.39 1.00 0.83 1.00 2006
0.39 1.00 0.93 1.00 2007
0.46 1.00 0.95 1.00 2008
1.00 1.00 0.79 1.00 2009
1.00 0.80 0.84 0.94 2010
0.24 1.00 0.92 0.95 2011
1.00 1.00 0.95 1.00 2012
0.11 0.59 0.90 1.00 2013
1.00 0.69 0.83 1.00 2014
0.30 0.70 0.81 0.78 2015
1.00 0.75 0.80 1.00 2016
1.00 0.73 0.94 0.97 2017
1.00 0.86 0.78 1.00 2018
1.00 0.98 1.00 0.84 2019
1.00 1.00 1.00 0.84 2020
0.41 0.98 1.00 1.00 2021
1.00 0.96 1.00 0.96 2022
0.29 1.00 1.00 0.94 2023

Gallll alae) ; Huadll

27




il dyolaiddl bl dloe

O A aladl AN laal BoUS pdise (uld 5.1

Ly dgadl) 4l 5 danall g caledl) cile Ul o sSall By 30U Gl any g

el uSay pdige a8 e 2 Y S (DEA diagie phaiuls (2023-2003) i

Principle Component ) 4l U oSl Jalas aladiind 233 0251 8 aladl 3lasy)
(e PCA iad 3 (2023-2003) 5_ll aladl (3las¥) 316S bl (Analysis (PCA)
LY ae dgilad) sl ld Ul Tl axiind Al dagall Aglanyl <l 5o
Jasaty Julaill 138 Jerys (2018 ccmny () bl 8 o) e (Sae a8 ,Sh
Gl Sl andt ddati yall e Gl usidl (e 3 Ao ganae ) AlaY) @l uid)
Ll (e 0 paai (Al (bl lae s L 55 oy (A 5 e )l

Gl PCA daubal 1515 bl s i Yl ol (PCA Joe 4 maiasil
ol e dandl) 5 daws siall &k f) bl aa 55 Juadh ) cdplal) ol i)
.(Greenacre., et al. 2022) Jalaill (8 (g sbudlly &l yaaiall JS aalid s (gl
Ly 40320l L 8l puiall Lol 51 48 gl il 48 ghma il o5y clld aa,y
il Sl oy &5 el paatiall ez 50 IS G Gl (aa Ay e A shias a5 (an)
il Sall claladl Al Clgaiall Jidh 3 o plal) 48 hiaed A5IAN Cilgatiall 5 A
aill i 3 Dy iy il oSl o3 ) e AN asl) Jiad Lady sy )
ST a8 55 A g slall A1) clgaiall LA 5 ¢ 5l S5 A1) Lileaia s 4513
DS Al A 1) U Sl dae Jiay (K) A1 Cilgaiall o il 2aall 5 AgIA Al
A1l Clgaiall (8 Lgy pmy 4lal) UL Ao sene Jysad aly ()5l 5 Le Llaiay)
sl U Sl aiaaa (o3 aaal) pladl) e clll) Jadesy Les 65 jlisall

Jalad 8 Lgalasind 5 i) ila 3l &l e ges g calall BUEY) aladiiud o5 38

ladl L 3Ll e i Tyl 5L

28



08l B ag Sl GLail Belis

Gagd 302023 G 2003 ple (e oo sSall BV BUS SEi5a (4) JSE s
e 2931 12003 ple (A 78.0 (e pshisall i)l Cua s gala Baly ) (Blasy) 3elS
s Al ) gl 5510} Cpuan B A0 5Y) e sSall 3 gen (Sl 33 038 2023
3 ¢ giadl e o el adgd (5 siudl saill Jama (i s alall (SLSY) plasind S
Al 83 € it ) i Les ¢942.71 4 2006 ale 3305 A e cila
S 2010 ale Jie dipl 5 diadiie sai C¥are O sindl (any Cilas Loy 63 yidl)
Cnill el 5 ,960.18 038 il (Rlddil 2015 ale 5 <%0.63 Ay a5 2
Las ¢9%00.7 5 %0.4 (o A st oy ) Jass gy 353l 4lei i 2016 ple (e il
A bl 3 ) gl 510 3 Vg i Vnd s BLEY) 3lS 8 Ui 151l (e
zlial o sSall Gyl o 32l ST Gaad g Adlall dalaiul) 3 jedl ad O sha
(i sl SLay|

o sSall GUNY LS ydisa 1(4) J

INDEX B G BelS L
95.0

90.0
85.0
80.0
75.0

70.0

0'8L
8
108
978
T8
098
0°L8
598
7’88
1'88

L'68

568

868
LT0T | T
ST07 Y T

806
€16
026
926
1°€6

€00T
¥00T
00T
9007
L00T
8007
600T
010t
184114
10T
€107
y10T
S10T
9107
6107
0z07
120T
(44114
€707

Caaldl alac) ; Haadl

29




ddiulail slaidil wlwlywl dlsw

A o) Jsall Cpa 238 (i agSad) GUY) B S A5 Jl8a 5,2

A all Jsadl Gann T il il () o s Sl LAY Ay Ja s e (3) s (e
2017 pbad A all Jsall o Sall BLEY) 368 Lyl (a5 ¢(2023-2003) 5l
pallall S sl il jlise g 5 e (e o S (sadl el o ol (21 odisall s
G—aiyl ol by 5 Wiy 3(Worldwide Governance Indicators  (WGI))
A e Sa 3) Ao liS 5 LAY (5 gine (8 Ll gale Ll G pall Jsall (8 ca g S
LBy ilae ainl o s Sall Jpaill o slaie V) (sae il ) o s Sall GLisy)
bl 3iat] A lady L ) a3 13 o o Sall 5 50 8 Blasy) sele€ o 55 L e
Aiae Tue Laial 5 dpaloai) ) e

2017 abad Al Jgal (e dand e gSal) GLY) BoES 1(3) Jan

allad) ot AN BeliS gl ) e gSad) S dopad Jas g
(7-1) (2023-2003)

1 6.24 26 @) Y

4 5.76 31 kb

7 5.30 33 L3 gradl
10 5.09 35 Ols
22 4.35 30 Croall
52 3.57 29 i al)
56 3.43 33 o
59 3.38 44 ey o<y
63 3.30 30 raa
7 3.18 28 g
130 1.83 29 QL

sl 1 3 s : saaall
sl il

1 00 oo o 5850l 138 oy g Balpad) Ja grall (oo LDl 5 iinal) Aenal) 53 g 5 clalal) landl) 53 g oo oSl GLEY) B US 5550 iy 3
Saiy Ala% 5 3l Aalal) ilandl gy adud) 5 55 Jia o8 sa el il (gl e sSall o) pall pladinl 8 5T 8elS ) e da i 3 7 )
Cladla) araail s dalall 3 51aY) 8 pent ) zUa3 ) YLl dandl andtin 3 bl gica g Hleiial) @) B o il e pasall 13 duaal

Aplisall 5 36l 3y 38 ) Cangs

30



03,81 o8 oSl GLasdl selis

International) %33 s> Ul A as&all GaY) s clas (2 )¥) b
138 ey g dw el Jsall (g Jow sie (5 sl die Lgaiay Lae ¢(Monetay Fund, 2024
LoVl acal e Sall @Y Je Jsiee alaic) 25ay o 15850 WY1 e (s sl
7 0 3.43 318 dx 50 (53 )Y Jas 3 G Adas e 203 (BLY) 138 36 US of V) (il gl
G A o aaiad Al ¢ e gl jlaY) Jie Vg anis Galle 56 4 pall (A dniiay Las
3G G Adle 3eliS s Lt V) (s e %315 %26) GV 0e JE e S
8ol dal 1) Ayl a5 07 (0 6.24 aki (3L5) 30 S5 Lalle 681 A pall il jlaY) Jin
daial g Ay gaid Calon sadail Adlal) 3 ) gall dua o3 Ao J gall o385 a8 o101 138 uSay5.5.76
Gk o Allal) 3 HlaY) 3o S 3 el IMA (e Jo Bl daa 33 ) Aaladl (90 3 fisas
Galle Aol 25 pall im0 30 gradl 8 Gl an i) 138 jeliys B ) Aglle cilualys
ALl 3 ) sall Yiid 5 UaSna | el (ns La €933 ks (3143] Banss e 5,30 ks (3] 30 iy
e Golia®l gal 3aaT 8 agad C¥las 3 dalal)

138 5ol 8 Hlaat Aa) 65 LS s Alle e sSa (LA canad ld J g0 llia ¢ Jilially
G AV e s @l e %044 B A Cla (JEA) dae o e &) lasy)
) oadi 138 Ualle 59 A sall A Lpaa Lo ¢7 (10 3.38 BUY) A LehieliS () ) cdilaidl)
38y Jaadl Lalad) gl of Aol 30 S 1) 5 5 jally a5 Y SUY) ana 8 320 5
A 5 eday s B JUrall dpa il ] il 8 (el ol 4y jlal cibaad e J
%030 (Y sn Al ) ) o sSall LAY Cansi 1l 3 el 5 jame Jie 5 AT 50
sl e 3.5753.30 LgieliS () )

Al 4 1 5(S e sSal) (31431 B0l (ppan e Jaal) 3 )5 juimn () llanall oda i
O Aalaind ST Y 3LS a3 2ad s Aaliall ) gall (ga dgabiail il Juadl iacd
el 8 aeay g caliaiidl] ST dilian dagd (3iad & Slld agun ) Al 334 ) 3y
Gl s 3eliSy 4 saiill el ) Jysal Ao Cila sSall 3,08 e ey cJashll gadl e
ilbaall g e 3Y) Agal o Ao SLamiV 5 508 e ) e LS ecallsall Jib 4 gaiill Calaal)
FIBA(

31




il dolaiddl byl dlxs

laagdll L6

Al all gld By cileladll 85 j0 8al) e LaSl iy 5iiie (e p& -l (e
ey alall g LLadll elal and g g (Sl g ¢ a5 Sl LAY (ay 885 > 5 585 Y
=5 Al aBY) Cladl ) iy ) e A o asSall BLEN) 3LS
Al Al 8 i) 5ol piige e dnlag Y Leadlis < yela

2_1..3\.: 3;145@\.1“)@&45;@\ dj.l_“ u)b:\u_nﬁdur\_u\)!u:‘\_u‘).ﬂ\ Lr“"’}’.)
e iy Ly Lyl 5 Lgia 5aldiwuall (pu g pad) (il g ddbisa) el el 8
sy Aabindl) e Uadl) 5 yla) -8 A pallall s laall Joaadl i g ¢ daal) Gl
3ol 5 )oY a1 Cangt dalaa cilulas

32



03,81 o8 oSl GLasdl selis

CBJ Working Paper
Efficiency of Government Spending in Jordan

Prepared by:
Ahmad Shalein

December 2024

The Views in this working paper are solely the responsibility of the author(s) and do not reflect
the views of the Central Bank of Jordan, its board of director, or CBJ management.

Abstract

This study aims to measure the efficiency of government spending in the
education, health, infrastructure, and environment sectors in Jordan during the period
(2003-2023). A non-parametric approach was used using the Data Envelopment
Analysis (DEA) method to measure the efficiency of government spending in Jordan.
The study found that the efficiency of the performance of the sectors in the Kingdom
is the education sector (96%), health (91%), infrastructure (87%), and environment
(70%). This indicates that the Jordanian government can improve its performance in
various sectors without the need to increase its expenditures. After measuring the
efficiency of these sectors, Principal Component Analysis (PCA) was used to
estimate a comprehensive index that reflects the efficiency of total public spending
in Jordan. The results showed a steady improvement in the efficiency of public
spending, with noticeable improvment in specific periods such as 2006-2007 and

2019-2020, reflecting the impact of economic policies and reforms.
Keywords: Government Efficiency, Data Envelopment Analysis (DEA), Principle Component Analysis

(PCA)

JEL Classification: C67, H75, H76
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Abstract

The study aimed to estimate the price and income elasticities of demand for
Jordanian exports using quarterly data for the period 2001-2023. Elasticities were
estimated at several levels: the aggregate level for national exports, the level of the
top four countries by geographic distribution, and the level of the top four exported
goods by commodity composition. To estimate the elasticities, the Imperfect
Substitute Model was employed, while the Seemingly Unrelated Regression (SUR)
model was used to calculate elasticities at the geographic and commodity levels. For
the aggregate level, the Ordinary Least Squares (OLS) model was used. The findings
revealed that at the aggregate level, the income elasticity was positive and elastic,
whereas the price elasticity was elastic and negative. At the geographic distribution
level, income elasticity was positive and elastic for sample countries, except for Iraq,
where it was unitary elastic. The price elasticity, on the other hand, was negative,
elastic, and statistically significant for sample countries. Regarding the commodity
composition level, the income elasticity was positive and elastic for sample
commodities, while the price elasticity was negative and elastic. The study
recommends adopting policies exploring new markets for Jordanian exports,
supporting industries in which Jordan has a comparative advantage, and
implementing strategies to enhance the efficiency of Jordanian industries. This would

enable them to access new markets.

Keywords: Price elasticity, Income elasticity, REER, SUR, Imperfect substitute model, Ordinary Least
Squares
JEL Classification :C2, C3, C23, F14
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Abstract

The study aimed to estimate the growth rate of Total Factor Productivity (TFP)
in Jordan for the period 2010-2023 and its contribution to real GDP growth, in
addition to examining the macro-determinants that affect TFP growth. The study also
estimated the contribution of factors of production, represented by workers’
compensation and capital stock, to real GDP growth. The results showed that the
income shares of labor and capital were 0.67 and 0.32, respectively. On average,
throughout the sample period, the contributions of labor, capital, and TFP to real GDP
growth were 1.7, 0.3, and 0.3 percentage points, respectively. In the long run, TFP
growth is positively influenced by trade openness, the Human Development Index
(HDI), and the ratio of net foreign direct investment to output. Conversely, it is
negatively affected by imports of "raw materials and intermediate goods" and "capital

goods," while the real interbank interest rate is muted.
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5. Conclusion

The comparison of models for Q4 indicates that the XGBoost model, with a
prediction of 2.4%, was the closest to the actual data provided, followed by DFM
model recorded a prediction of 2.18% and the LSTM model with a prediction of
2.5%, and the ARIMA model with a prediction of 2.53%.

Based on these results, it is recommended to prioritize the use of the XGBoost
model for nowcasting GDP due to its highest accuracy in predictions. However, the
DFM model, which recorded a prediction of 2.18%, should also be considered for
inclusion in the forecasting insemble, as it demonstrates potential for capturing
economic trends effectively. Utilizing a combination of these models could enhance

the robustness and reliability of GDP prediction.
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Table (1): Comparison of GDP Forecast Predictions for Q4

ARIMA 2.53%
LSTM 2.5%
2.4 2.9 2.4 2.0 2.8 2.6 2.7 2.3
XGBoost 2.4%
DFM 2.18%

Source: Created by the Author.

The results demonstrate that the XGBoost method yields the lowest Mean Squared Error
(MSE), with an error of 0.00083, followed closely by the Dynamic Factor Model (DFM) with
an MSE of 0.007. The LSTM model and ARIMA model show higher errors at 0.081 and 0.098,
respectively. This suggests that XGBoost is highly accurate, particularly when using a smaller
dataset range. As illustrated in the following table, the precision of XGBoost makes it a

preferable choice for forecasting in scenarios with limited data availability.

Table (2): Comparison of MSE Across Forecasting Models

ARIMA 0.098

LSTM 0.081

XGBoost 0.000833

DFM 0.007

Source: Created by the Author

2 The historical RGDP data utilized for generating nowcasts in all models before to the final revised data from

the Department of Statistics (DoS) on March 30, 2024.
3 The calculation of this figher was achived through the multiplication of the individual sector whights by the

MSE obtained from the sector’s projected data.
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4.3 Results of the Dynamic Factor Model (DFM)

The estimation results using the Dynamic Factor Model for the fourth quarter of 2023
showed a growth rate of 2.18%. When conducting an insample Forecast, the Mean Squared

Error (MSE) over the entire period was calculated to be 0.007.

Figure (9): Insample Forecast for DFM

Actual and Forecasted RGDP

9000
—— Actual RGDP

—— Forecasted RGDP

8500

8000

7500 1

7000 1

6500 4

6000

5500 1

5000

v’ov,u, 1

Source: Created by the Author

4.4 Results of the ARIMA Model

The estimation results using the for the fourth quarter of 2023 showed a growth rate of
2.53%. When conducting an insemble Forecast, the Mean Squared Error (MSE) over the

entire period was calculated to be 0.098.

The comparison of models for Q4 indicates that the XGBoost model, with a prediction of
2.4%, was the closest to the actual data provided, followed by the DFM model, which recorded
a prediction of 2.18%. The LSTM model predicted a growth rate of 2.5%, while the ARIMA
model forecasted 2.53%. These results, summary zed in the table number (1) , highlight the
effectiveness of the XGBoost model in providing accurate GDP forecasts for this period,

demonstrating its superiority over the other models evaluated.
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Based on Figure (8), the model was trained 50 times, and yielded a lowest Mean Squared

Error of 0.081

Figure (8) : The MSE for Long Short Term Memory Model (LSTM)
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Conducting the validation of the model's accuracy using the Mean Squared
Error (MSE) metric, as follows: Agriculture, Hunting, Forestry, and Fishing have an
MSE of 0.005, Mining and Quarrying 0.01, Manufacturing 0.004, Electricity and
Water 0.07, Construction 0.004, Wholesale & Retail Trade, Restaurants & Hotels
0.05, Transport, Storage & Communications 0.009, and Finance, Insurance, Real

Estate, and Business Services 0.007.

Figure (6) : The MSE for XGBoost model
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4-2 Results of the Long Short Term Memory Model (LSTM)

The forecast for the fourth quarter of 2023 yielded a result of 2.53%, achieved through the

application of Long Short-Term Memory (LSTM) networks.
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Figure (4): The results of the XGBoost & ARIMA
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When comparing these results with the actual data released by the Department
of Statistics (DOS), it was found that the growth rate reached 2.3% in the fourth

quarter.

At the sectoral level, leading indicators for the constituent sectors of output were
used as a guide. For sectors that lack valid leading indicators (such as Community,
Social, and Personal Services; Producers of Government Services; Producers of
Private Non-Profit Services to Households; the Domestic Services of Households
sector; the Imputed Bank Service Charge; and Net Taxes on Products), forecasts
were compiled separately using the ARIMA model. Based on this approach, the
following data provides an overview of the expected growth across various

economic sectors.

The Agriculture, Hunting, Forestry, and Fishing sector is anticipated to grow by
42%, while the Mining and Quarrying sector is expected to see a significant
increase of 6.6%. The Manufacturing sector is projected to grow by 2.8%. In
contrast, the Electricity and Water sector is expected to decline by 0.5%. The
Construction sector is forecasted to grow by 2.0%, and the Wholesale and Retail
Trade, Restaurants, and Hotels sector is expected to grow by 2.2%. The Transport,
Storage, and Communications sector is projected to grow by 1.9%. Additionally, the
Finance, Insurance, Real Estate, and Business Services sector is expected to grow by

2.8%.

Other sectors, such as Community, Social, and Personal Services, are expected
to grow by 1.0%, while the Producers of Government Services and Producers of
Private Non-Profit Services to Households sectors are expected to grow by 1.1% and
2.1% respectively. The Domestic Services of Households sector is projected to grow
by 7.4%. The Imputed Bank Service Charge is expected to grow by 1.2%, and Net
Taxes on Products are forecasted to grow by 2.4%. Overall, (GDP) at Market Prices

is anticipated to grow by 2.4%.
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e 0, isaconstant.

* ¢y, Py ,..... P, are the coefficients of the lagged error terms.

4.5 Models Evaluation and Validation

Mean Squared Error (MSE) is commonly used to evaluate the performance
among different models. MSE measures the average squared difference between
the actual and predicted values, providing a clear indication of the model's
accuracy. By penalizing larger errors more significantlyy, MSE helps in
identifying how well the underlying model is capturing the underlying patterns
in the data. Lower MSE values indicate better model performance, as they
signify that the predicted values are closer to the actual values. In the context of
nowcasting GDP, utilizing MSE as an evaluation metric ensures that the model
delivers precise and reliable predictions, essential for informed decision-making
and economic analysis.

In this paper, MSE will be used not only to evaluate the performance of each
model individually but also to conduct a comprehensive comparison among all
the models used. This approach will help identify which of the multiple models
is the most effective and reliable. By utilizing MSE as a benchmark, the study
aims to capture the strengths and weaknesses of each model, ensuring a
thorough analysis of their predictive capabilities in the context of nowcasting
GDP.

5- Empirical Results

5-1 Results of the XGBoost Model Estimation

The estimation results using quarterly data indicated that the output would grow
by 2.4% on an annual basis in the fourth quarter of 2023. Accordingly, the growth

rate for the entire year would be 2.6%.
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The latent factors F; can be modeled using a state-space representation, which allows for
capturing dynamic relationships and time-varying behavior. The DFM can be estimated using
various techniques, including Kalman filter, Principal Component Analysis, or Bayesian
Methods, depending on the complexity and the specifics of the data.

DFM has gained popularity in macroeconomic forecasting, as it effectively aggregates
information from numerous economic indicators, improving predictive accuracy and providing
insights into the underlying economic dynamics. By isolating the common factors that influence
multiple series, policymakers and researchers can make more informed decisions based on a
clearer understanding of the economic environment.

In summary, the Dynamic Factor Model serves as a powerful tool in econometrics and time
series analysis, offering a structured approach to deciphering complex relationships among
multiple economic indicators while enhancing forecasting capabilities

4.4 ARIMA

ARIMA, or Autoregressive Integrated Moving Average, is a widely used statistical method
for analyzing and forecasting time series data. It combines three essential components:
Autoregressive (AR), Integrated (I), and Moving Average (MA) (Nelson, 1998).
Autoregressive (AR): This component captures the relationship between an observation and a

number of lagged observations (previous values). It is expressed as:
AR(p) Yt = ¢1 Yt'—l + ¢2 Yt—2+' . .+¢p Yt—p+ [ (1 1)

e Y, is the current value.
® 1, ¢z ,..... oy, are the coefficients of the lagged values.

e ¢, isthe error term.

- Integrated (I): This component represents the differencing of raw observations to make
the time series stationary. The degree of differencing is denoted by d :

Differenced Series: 42 Y=Y~ Yi_gq ...... (12)
- Moving Average (MA): This component models the relationship between an observation
and a residual error from a moving average model applied to lagged observations. It is

expressed as:

MA(q) Yt:60+91€t—1_626t—2+‘~+9q€q—2 ...... (13)
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Where:

o O :is the output gate activation.
o hy_q :is the new hidden state.
o W, :is the weight for the output gate.

o by : is the bias term for the output gate.

In conclusion, the LSTM equations are fundamental for understanding how deep learning
models process temporal information. By defining how cell states and various gates are
updated, LSTM networks enable precise and efficient predictions across various applications,
enhancing the capabilities of artificial intelligence in handling complex and sequential data.
(Madondo & Gibbons, 2018)

4.3 Dynamic Factor Model (DFM)

Dynamic Factor Models (DFM) are a class of statistical models used to analyze and
forecast multivariate time series data by capturing the underlying latent factors that drive
observed variables. The primary advantage of DFM lies in its ability to reduce dimensionality
while retaining essential information about the relationships among multiple time series.

In a DFM, the observed variables are assumed to be influenced by a smaller number of
unobserved factors that evolve over time. These factors represent the common movements
among the observed series, making DFM particularly useful for economic data, where various
indicators often exhibit interdependencies. Mathematically, a typical DFM can be expressed as

follows: (Andreini & Ricco, 2020)

Yt:A Ft+ [T (10)

Where:

e Y, :isavector of observed time series variables at time t.

e A :Lambda is a matrix of factor loadings that link the latent factors to the observed
variables.

e F; :is a vector of unobserved common factors at time ¢.

¢ ¢ :avector of idiosyncratic errors that are assumed to be uncorrelated across the

series.
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o f; +1s the forget gate activation.

o o :is the sigmoid function.

o wy :are the weights for the forget gate.
o hy_q:1s the previous hidden state.

o Xg: is the current input.

o by:is the bias term for the forget gate.

2. Input Gate: determines which parts of the new information should be added to the cell
state.

it = O-(WL . [h’t—l' xt] + bl) ...... (6)
C, = Tanh(w,. [Re—1, %] + bo)......(7)
Where:

o 1 is the input gate activation.
o C,:1is the candidate cell state.
o Tanh :is the hyperbolic tangent function.
o w; and w, :are the weights for the input gate and candidate cell state,
respectively.
o b; and b, are the bias terms for the input gate and candidate cell state,
respectively.
3. Cell State Update: The cell state is updated by combining the forget gate and the
input gate.
Co=fr. Comq+ip.Cpo ... (8)
Where:

o Cp:is the new cell state.
o Cy_q:1s the previous cell state.

4. Output Gate: The output gate determines the next hidden state.

Ot :G(Wo . [ht—l' xt]) + bo ...... (9)
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4.2 Long Short Term Memory Model (LSTM)

The Long Short-Term Memory (LSTM) model can be utilized without the need for
explanatory variables or indicator functions by simply using the time series of the variable itself.
This model, which is a type of Recurrent Neural Networks (RNNs)!, is designed to handle
sequential data and overcome the vanishing and exploding gradient problems that traditional
RNNs face. (Staudemeyer & Morris, 2019). The LSTM model was first proposed by Hochreiter
and Schmidhuber in 1997.

An LSTM network consists of a series of cells, each of which contains three primary

components:

1. Cell State (C;): indicates the memory of the network. It runs through the entire chain,
with only some minor linear interactions.
2. Hidden State (h;): indicates the output of the LSTM at each time step.
Gates: are ways to optionally let information through. They are composed of a
sigmoid neural net layer and a pointwise multiplication operation. The three gates are:
o Forget Gate (f;): Decides what information to drop from the cell state.
o Input Gate (i;): Decides which values from the input will be updated to the cell state.
o Output Gate (0;): Decides what the next hidden state should be.

The following equations detail the operations of these gates and the overall functioning of the
LSTM unit, which collectively enable the network to learn and remember information across

long sequences effectively (Staudemeyer & Morris, 2019).

1. Forget Gate: The forget gate determines which parts of the cell state should be

forgotten based on the previous hidden state and the current input.

fe = O'(Wf- (A1, xe] + bf) ...... ®))

! Recurrent Neural Networks (RNNs) are a type of artificial neural network specifically designed to handle
sequential or time-series data. What sets RNNs apart is their use of feedback loops that allow information to be
passed from one time step to another. This feature enables RNNs to retain temporary memory of previous inputs,
making them well-suited for tasks involving sequential data, such as text, speech, and time series .
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The loss function reduces bias and measures how well the model fits the training data. The
regularization term, Q(f;,) controls the complexity of the model and prevents overfitting by

penalizing the complex tree.

Parameter A controls the degree of the regularization of each norm of leaf scores. The
parameter y penalizes increased tree-complexity, Chen and Guestrin (2016) indicate, the loss
function L(Q) is a tree-insemble model which has functions as parameters. Hence, it cannot be
optimized with usual methods in Euclidean space. Therefore, we need to train the model

additively in a sequential manner (Boosting ) to minimize the loss function.

Radient Boosting is considered a type of Gradient Descent algorithm. Gradient Descent is
a very general optimization algorithm capable of finding optimal solutions to a wide range of
problems. The general idea of Gradient Descent is to iteratively adjust the parameters to
minimize a cost function. Gradient Descent measures the local gradient of the loss (cost)
function for a given set of parameters (0) and takes steps in the direction of the descending
gradient. As illustrated in Figure (3), once the gradient reaches zero, the value arrived the

minimum (Boehmke& Greenwell, 2019).

Figure (3): Loos Function

Learning step

Loss function

Initial value | Minimium

B

Source: (Boehmke & Greenwell, 2019).

106




A Machine Learning Approach to Nowcasting

GDP with Limited Data Span: The Case of Jordan

Figure (2): Decision tree
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The study adhere to the approach outlined by Chen and Guestrin (2016). Assuming uniform

Source: Brownlee (2016)

weighting, the ultimate prediction entails a linear aggregation of each tree's score, denoted as

fx, according to the following formula:

A tree is described by two parameters: q¢ and w: The parameter q determines the structure
of the tree, it maps the sample instances to leaves, and the parameter w determines the weight

attached to the leaves.

F denotes the space of regression trees, K the number of trees, T is the number of leaves in
a tree, and N represents the number of features. Let L(y;,y";) be a continuous twice-

differentiable convex function. The learning objective consist of a loss function L(®):
L(®) = X1 Lyey') + Ziei Q) - (3)

Q(fi) = yT +5 Alwl2.....(4)
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As for the LSTM and ARIMA models, only the GDP series was used, as these models rely
on the historical data of the same variable to make forecasts.
4. Methodology

This section provides a brief description of the different methods used to select the best
predictors for GDP forecasting. It includes a detailed explanation of the methodology used for
sectoral GDP forecasting, specifically XGBoost, as well as detailed descriptions of the LSTM,
DFM, and ARIMA methods as benchmark models.
4.1. XGBoost Algorithm in Economic Forecasting

XGBoost is a powerful algorithm widely used in economic prediction due to its
effectiveness in handling large sets of predictors. It excels in forecasting GDP growth,
particularly in scenarios with varying predictor strengths, outperforming sparse methods in
long-term forecasts by capturing intricate data relationships. Integrating a diverse range of
predictors enhances XGBoost's accuracy and performance in predicting GDP trends
compared to other machine learning approaches. Its adaptability to different data types and
patterns in economic indicators, coupled with advanced methodologies like variable
importance scoring and insemble modeling, enables reliable real-time GDP estimation. In
summary, XGBoost offers promising capabilities for economic forecasting tasks,
combining accuracy, scalability, and versatility, and its strategic integration with

techniques like LSTM can further enhance real-time GDP predictions (Brownlee, 2016).

This algorithm constructs a series of decision trees, where each tree is adjusted to
correct the residual errors of the preceding tree. Consequently, each iteration produces a
new tree aimed at minimizing the residual error. These predictive models are trained by
leveraging errors accumulated from a set of weak predictions. Brownlee (2016) suggests
that weak models may not outperform accurate models but have the advantage of
addressing overfitting issues, thereby leading to gradual enhancement in regression

performance compared to the initial model.
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Categories

In more detail, for the XGBoost method, the same data were used to forecast trends in
various categorized sectors comprising the Jordanian economy. The data were classified
according to these sectors, including the agriculture, hunting, and forestry sector, the
mining sector, the manufacturing sector, the wholesale and retail trade, restaurants, and
hotels sector, the construction sector, the transportation, storage, and communications
sector, as well as the financial services, insurance, real estate, and business services sector.

High-frequency data for each sector were collected on a monthly basis, according to the
map depicted below, where a value of one indicates that the data are used for sectoral

forecasting, and a value of zero indicates that the data are not used for sectoral forecasting.

Figure (1): Economic Indicators by Sector
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(Dauphin et al., 2022) described efforts to enhance nowcasting capacity at the IMF’s
European department by employing dynamic factor models (DFMs) and various machine
learning algorithms across European economies. Their study showed significant
outperformance of ML methods over the AR(1) benchmark model, with DFMs excelling during
normal times and ML methods effectively identifying turning points. Similarly, (Németh and
Hadhazi, 2023) Applied Artificial Neural networks (ANNs) to nowcast quarterly GDP growth
for the U.S. economy, revealing that longer input sequences do not necessarily lead to more
accurate nowcasts, especially during economic turbulence. The one-dimensional convolutional
neural network (1D CNN) emerged as a suitable model for GDP nowcasting, demonstrating

good performance across different evaluation periods, including the pandemic.

In a recent and intriguing study (Tenorio & Perez, 2024), authors employed artificial
intelligence to predict monthly GDP growth in Peru. The study utilized machine learning
algorithms such as Gradient Boosting Machine, LASSO, and Elastic Net to analyze structured
economic data alongside high-frequency unstructured data from January 2007 to May 2023.
The results showed a reduction in prediction errors by 20% to 25% compared to traditional
methods, highlighting higher accuracy in forecasting during economic disruptions. This study
sheds light on how modern technology can enhance economic forecasting capabilities, thereby
deepening our understanding of economic dynamics and facilitating informed decision-making

in both public and private sectors.

These studies collectively highlight the importance of leveraging machine learning
techniques for forecasting GDP, owing to their ability to efficiently integrate diverse data
sources. The results indicate that advanced AI approaches can significantly enhance the
precision and timeliness of economic forecasts within unique economic landscapes, such as that

of Jordan.

3. Data and Data sources

To implement the XGBoost and DFM methods, quarterly data spanning from the first
quarter of 2008 to the third quarter of 2023 were collected from the Central Bank of Jordan
database. These data encompass seasonal observations of various economic variables, capturing

economic patterns and fluctuations over the specified period.
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Leveraging ML for nowcasting GDP in Jordan is vital in the field of economic
forecasting. Existing literature shows the effectiveness of ML tools, especially in dealing with
datasets and nowcasting tasks. By using ML algorithms like XGBoost, researchers can provide
accurate forecasts of GDP growth, which is essential for informed decision-making. It has been
proven that adopting ML models contributes to providing accurate forecasts through
multivariate predictive analysis (Richardson et al., 2021). The findings suggest that XGBoost
is a reliable tool that should be added to the nowcasting toolkit, leading to higher accuracy and
the ability to effectively capture economic fluctuations, particularly in an economy continually

facing external shocks and challenges, such as Jordan’s economy.

2. Literature review

Previous research has consistently demonstrated the effectiveness of ML models in GDP
prediction, particularly when confronted with large datasets. Studies by (Richardson and
Mulder, 2018), (Varian, 2014), and (Zhang et al., 2023) have underscored the superiority of
machine learning algorithms over traditional methods for real-time GDP predictions. (Zhang et
al., 2022) employed a combination of a neuronal recurrent network and a dynamic factor model
to forecast quarterly GDP in the US, showcasing enhanced accuracy and the ability to capture
economic fluctuations such as those witnessed during the COVID-19 recession. Similarly, (
Barrios et al., 2021) utilized diverse machine learning techniques to predict GDP growth in El

Salvador and Belize, affirming their reliability as an alternative forecasting tool.

Furthermore, (Ghosh and Ranjan ,2023) demonstrated the superior performance of ML
models compared to conventional time series methods for forecasting Indian GDP, utilizing
Random Forest and Prophet models within a dynamic factor model framework. (Muchisha et
al., 2021) evaluated six ML algorithms for predicting Indonesian GDP, with Random Forest
emerging as highly effective.

In addition, (Qureshi et al., 2021) aimed to predict the monthly and quarterly real GDP
growth of Canada using Extreme Gradient Boosting (XGBoost) ML algorithms. By
incorporating Google Trends (GT) and Official data, they applied a novel feature selection
approach with XGBoost and Principal Component Analysis (PCA) to enhance forecasting
accuracy, especially in cases where official data are delayed. (Kant & Winter, 2022) compared
various econometric and machine learning methods for nowcasting Dutch GDP, with the

random forest forecast proving most accurate, particularly since the Financial Crisis.
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1. Introduction

Economic forecasting is crucial for effective policy-making and strategic planning,
especially in a country characterized by diverse sectors and facing ongoing external shocks,
such as Jordan. Machine Learning (ML) algorithms offer a promising tool by integrating data
and enhancing predictive capabilities. Research indicates that ML models like Gradient
Boosting Machine, Least Absolute Shrinkage and Selection Operator (LASSO), and Elastic Net
outperform traditional models like Autoregressive (AR) and Dynamic Factor Model (DFM) in
predicting GDP growth rates, reducing errors by 20% to 25% (Tenorio & Perez, 2024). ML-
based forecasting models rely on combining structured economic indicators with high-
frequency unstructured variables, providing a flexible and data-driven approach to GDP growth

forecasting (Qureshi et al., 2020).

This paper presents a new approach to nowcasting GDP in Jordan using ML, specifically
the XGBoost algorithm, which effectively handles limited datasets and complex interactions to
improve predictive accuracy and capture sectoral dynamics. By generating individual forecasts
based on each sector's leading indicators and aggregating them according to their weight in
GDP, this method enhances understanding of how each sector contributes to the overall
economic picture. Additionally, the paper will present other Al and ML methods for nowcasting
GDP, such as the Long Short-Term Memory (LSTM) model, which relies on the historical
behavior of the time series data itself, applying nowcasting based on past values. For
comparison purposes, the AutoRegressive Integrated Moving Average (ARIMA) model, which
also relies on the historical behavior of GDP data without considering the indicative indicators,
will be used. The DFM model, which will use all indicators used in XGBoost to nowcast GDP
but not on a sectoral basis, will also be applied. What sets XGBoost apart is its consideration
of sectoral dynamics when conducting nowcasts, which is crucial in an economy facing constant

external challenges.

The main objective of this paper is to harness the power of ML algorithms for nowcasting
GDP in Jordan, aiming to improve the accuracy and speed of GDP growth forecasts. By
integrating high-frequency economic indicators, the paper evaluates the effectiveness of various
ML algorithms, such as Gradient Boosting Machine, in identifying the most efficient predictors

of GDP growth rates (Tenorio & Perez, 2024).
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The paper applies a new nowcasting approach for Real Gross Domestic Product
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nowcasting toolbox, emphasizing their superior accuracy.
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