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This study examines textual data's ability to nowcast Iran's gross domestic product (GDP).
To this end, 301,498 economic news articles from March 2005 to December 2023 were
extracted from the Fars news agency website using a web crawling technique. Following
initial preprocessing, the news texts were sorted into various categories via the Dirichlet
Latent Allocation (LDA) model, wherein each category corresponds to a distinct news
topic. Subsequently, to ascertain whether an article conveys a positive or negative
sentiment, we executed lexicon-based sentiment analysis utilizing SentiStrength.
Ultimately, by aggregating the news sentiment scores seasonally under each topic, we
constructed a seasonal sentiment time series. These time series were then assessed for their
efficacy in nowcasting Iran's quarterly GDP, employing ridge regression, lasso regression,
elastic net, and gradient boosting methods. The findings reveal that incorporating textual
data can reduce prediction errors by 12 to 18 percent relative to a univariate time series
model. Moreover, our results suggest that sentiment extracted from textual content,
particularly news articles, is a viable approach. This strategy could potentially enable the
provision of immediate GDP estimates following the end of each reference quarter.
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Introduction

When monitoring and assessing the state of the economy in real-time, policymakers face the problem that Gross
Domestic Product (GDP), the most comprehensive measure of the economy, is released with a lag. For instance,
in Iran, the first (flash) GDP estimate for a reference quarter is released 60-90 days after the quarter's close. To
address this lag, various forecasting and nowcasting methods have been developed. The toolkit for nowcasting and
forecasting generally employs various models consisting of quantitative and qualitative data or so-called hard and
soft data. The former refers to direct measures of economic activity such as industrial production, retail sales, and
the unemployment rate. Soft data such as surveys provide qualitative assessments reflecting sentiment and
expectations. Examples of such surveys include the Purchasing Managers Index (PMI)

In recent years, the rise of big data and technological advancements has led to an increasing interest in
incorporating alternative data sources to enhance the performance of forecasting and nowcasting models.
Alternative data refers to non-traditional or unconventional data sources used in analysis, decision-making, or
research alongside or instead of traditional data sources such as official statistics or surveys. Alternative data can
come from a wide range of sources, including but not limited to satellite imagery, social media posts, online search
trends, credit card transactions, Transportation data, Energy consumption data, and more. These data sources offer
unique and often real-time insights into various aspects of human behavior, economic activity, market trends, and
other phenomena. The use of alternative data has gained prominence with the increasing availability of big data
and advancements in data processing and analytic techniques, allowing for new and innovative approaches to
gaining insights and making predictions in different fields.

News texts, as one of the alternative data sources and one of the largest types of big data, are a key source of
information and a way to assess the sentiments and opinions of journalists, analysts, and experts regarding
economic conditions. Recent advancements in statistical and computational methods have enabled economic
researchers to access and process large volumes of this textual data. This research aims to expand the growing
body of economic studies demonstrating how big data and unconventional methods can improve economic
predictions, particularly in the short term. This goal has been achieved through the use of news texts in Persian
and the application of new text mining and sentiment analysis methods.

Methodology

The corpus utilized in this study comprises 301,498 economic news articles from the Fars News Agency, covering
the period from March 2005 to November 2023. This corpus was compiled using web crawling techniques to
systematically extract data from the Fars News Agency's website. The news data are decomposed into time series
representing newspaper topics using a Latent Dirichlet Allocation (LDA) model. This model is an unsupervised
machine-learning algorithm that learns the underlying topics of a set of documents. It is based on a generative
probabilistic approach to inferring the distribution of words that defines a topic while simultaneously annotating
articles with a distribution of topics. To automatically detect whether the news article is conveying a positive or
negative tone, we perform a lexicon-based sentiment analysis. SentisStrength is the lexicon used in this research.
This tool utilizes a lexicon of emotion words and their weights, which linguistics experts have manually selected.
Ultimately, by aggregating the news sentiment scores seasonally under each topic, we constructed a seasonal
sentiment time series. These time series were then assessed for their efficacy in nowcasting Iran's quarterly GDP,
employing ridge regression, lasso regression, elastic net, and gradient boosting methods.

Results and Discussion

The findings of this study demonstrate that incorporating textual data into Gross Domestic Product (GDP)
nowcasting models can significantly reduce prediction errors by 12 to 18 percent compared to traditional univariate
time series models. Using sentiment analysis in this way makes it possible to provide GDP estimates promptly
after the end of each reference quarter. Unlike official statistics, news articles are published daily and do not
experience publication delays. Furthermore, the online availability of news from various agencies greatly
minimizes the challenges of accessing this type of textual data, unlike other potential big data sources for
evaluating economic conditions, such as transactions from electronic payment systems. This approach allows
policymakers and economic analysts to use real-time data from news articles to gain immediate insights into
economic performance, facilitating more informed decision-making and timely policy interventions.



Slazs| ,__go).g)lf ,__gl.bd.g‘).b'.;

1 bt s 31 08liiasl b Of ol 518 (A6 aof pICAY _ow et
' solasl

T 203 g dosmo ¢ (FTOLIIECho drar s ¢ gl g T 50
beiranvand.mo@gmail.com :asbL 1, .0l ! lgis cdgtn o p3 5 olKtils alasil o5 & g 575 (g gmtils )

msadati@um.ac.ir :4sbL 1, .0l 1 cdgun cdgun gun 335 o8t e3Labl 03,5 5Lkl ¢ s okis 55 .Y
mjrazmi@um.ac.ir :asbly .0l 1 cdgdo clgdin w5 olStils 3Ll oy 5 cslewl ¥

oS>

ey d

Wi OleMb!

S 3 6,5 S 4 (6l salasl Lt st le Oy SleMbl (g 5le oS Sl g e o)
S 31 4335 Dy g 4 3Ll st s late a4y s n Mgty 1y (53l Lusl 5 o Bnay
Osin Lol o ol tl o lo (518 o 5l oL 51 FrY Il ol )3T slgsl U \YAF L
Glazas 3 (LDA) 4SS s Olgs Lamads Jde 3l eslinal b cadgl (3515 5 i 5l e ¢85
N 03Mital b s 3 g0 DL 1) (6555 § 5830 S5 cins o &5 (5 o oy okl (Sl il
oS el ok atetia 3 e 0 g b Ll aaliofly p e oluom! Lo 5 S5
Slei Slacs o nl (U155 3l i SoS SUas o e D50 a3 S e S nal b
a8 5 oSt gl gy Sl sy Sl ealinal L0l (b (s (allsb a5 e s
Ly b @last Wil g o gmom bo3ls (g, 580 457 Wlosls OLis @ letd LS oLsl §
Sleslizal beopl posdhe das 2als o,duecSS Sloj 6w o 4 Cand Ao )3 WA BY
ol Ll Sl ealial by o o b o plasl 51k bl O 5 oo 203 00l S0lgdey 2,500

.;;m,\&aGuuuajuu.\,Jjjtrti-.w@)ﬂﬂ‘p;,u)“u,w

ngy Al e £

AR AN BV B
AR SR T EWCP )

JEL: E17 C53.C55.
1Sl slaosly
csslas) Ll
¢Srs
(s Ll W g
(F b 50 S3lede

b s

Joows 31 eslizal b 01yl s Gallsb a5 p8ae i VFT) 3l e i (g3 5 o s ¢ FILIESU ¢ 35 o (i 2O k!
A=V A N oleassl (63,505 (slo 4 L7 g3\l Hlstl b

DOI: 10.22034/ec0j.2024.62340.3325

©Noe

BY NC

O u 5 © g

s o&asls 18k

.¢~.~|J}le.\;ﬁjglj“f:du)jc}&ud&»dl‘


mailto:beiranvand.mo@gmail.com
mailto:mjrazmi@um.ac.ir
https://doi.org/10.22034/ecoj.2024.62340.3325

A\ S | ol Judoni 1 08iasl b Of 1 518 (b M o7 pISRL s

doNao—)
ol OT Oy Bl 40 5 (g3leasBl (gla e Dbl g bty ) OIS Canliw 5 OUlsslasl gladbdes o sage 51 SO
o5 54 ¢ s3basl OIS Cnliw cpimman (VP Y Q0L 5 L) cul L0l (g3laml SLL glad s golasbl Lk,
wils oolasl Caliue Sla o lwba cpl (5108 510 sou 5 Ol jods 51 ds bbb o Jp o) OIS ol
SOlLSer 5 LBT) dab awsls slasl Calibes gla 23w 55 G515l 5 Sslize HUT Ll 5 o lalow ol dlest &7 1 5 sl
Slast s e bl ol Sle o7 5,05 aste (e KOl s il 51 U551 s gobasl Sl g olulis L(OF)
2548 olamdl Sl o 487 NS sl )3 (GAMST pas i Ol sie o s el b S 5 4 b e ST 5 SleM! L Laosls
S8 0T (oo pas 5 (A3 Sadle sl Calinn g1l 5 OIS e OE WS W 5 O1F Jlons de 5 A7 oo oS |
rr DMl & OIS b 5 (3Ll ol o pinay oz Bl b pl s o ime g 5 BB b L b e
Ol SLT 5 50 o it 5 Syl o 55 b Gillae 5 ol o3 28 01l 53 Al ol sl o 81l (555, 5
3l 5 S Ol 4 e g (Al l Wl 35 on pizie B 50,40 B8 b b s el b A5 adsl 5T
W5 adsh 35T byl ST o1l a8 Wles S o sl 55 G 53 (T+YF) T0LSen 5 UEL,L ke Olse 4 2,05 Sler
Shadsl 58T 5 05,87 G a4 5 JSCie o] Cé) Sl S o jixe e a OLL 1 e Say Y1y hed s Il
LYY FOLSn 5 ) diyls Loyl Codn ie oS5 45 n o3litl 6 sy (slaesls 51 el eslasdl (sST (sla st Lo
23 okl Sl mhaw L5015 Ao ke 4 |y it e3ls mlbe S S 4 Ol 5518 Zd iy st sadle b
Ly o GBI (e er 031 s Sl (slaosls dilods Cag me ® o Sl (slaesls 4 45T ol 03 7 b il Ol
Cgalnie) L pd oo 03litul Laasl s 5 5 oy HleT ASle  B)lae 5 2w 030> e (Gl 4 L) LS 55 galasl Slalllas > &
Glaosls O gomar SIS ey Cab (g3l Cun r‘imf il sl oslimal 3y5e o Rl glaesls (Yo YF
slaosls (Y IA QIS5 5 &y JE) (S S Cstls  slaosts Y VY & g 5 1513) (5501 (S smr sla) 5550
(VoYY 5L 5 o) (sloslpale s gbad (VoYY Moy 5 oy sh) (65,51 o pan slnosls oY+ VY O, 80n 5 LSLL) Jiis for
LT (slaosts o o OT (s 5o 51 Al 55 ol Sl oslizal 4 51,8 8 (o 03 15 (VY0 My ) (e glaosls
285 WYL slael 5 b5 g 5 Vb )T paz S o (DEMBT (VL om0l 5 oo Ll ol oo 513 5 n (G50 p s o
A S iz Sl SIS pte 6 g5 4 031309 ¢l 0 S 550515 0 S slmesls 51 (S Ol 4 s O
3Ll g wlBy Ll o 5 SLaBl Ll b 555 5 Olalid 8 5 015 Jdows 010655y Lolie 5 Slaleo! ob 351 &1

! Afshar et al. (2023)
2 Aghania et al. (2023)
3 Barbaglia et al.

4 Keeney et al.

3 Alternative Data

¢ Manchado

7 Ferrara & Simoni

8 Galbraith & Tkacz
% Lourenco & Rua

0 Hy & Yao

I Thorsrud



TP oo 0 plods (a3 b 0590 il (63 )7 (Slaay JLii ar

LI () 63 18 o131 08 Otn 3 S 03 0 51 63L5 Slaes B 53 bt S o s 5 ) Y gene
55 Sk HLasl Ul Lty e 5 2ty Slsmee el (bl Sl ) ST ale 5 dieas alie JIGH ol 5 28
Vs asT s Ol oo s Ol ) Slalasl 55 i o A8l 5 o ool ol sl 1 abadl 2 2 Jl ) glacals,
e o ol 53N 3311 53 (551555 ST a3l (3o 31 (305 slaes S e 53 i S Ol e 4 OT 1Y YY)
5 DMl 2l gy LT sl o) drm s 5 caltben (sladin] 55 Oliies o sl ol s ¢ 20 DI S
S| s b oS ol Tl o g c0t0 o 9 40 25 53 5 ke Sla ) dle SLAiB g o 5 4 e
Sems (.,th;fduu\;ﬁswqxb SN B 35l o 3B |y Ol (s3de (slaosls 4 O st 53 393 g0 gum
YRR

5" b 05 B3l sl B 5l esnlasl (g s O g 53 35 g0 Slalaa| S35 gy sl (Jobo (A1 Lt o
oo p e ) S sl OIS slasl Loyl 5 oy e 5 s Sl LT (515 B 58 e o orile 650l
4 b S o ol B (oolal OVl 5 OIS Conliw (11 ooy slrosls HLast 1 S 15 (solassl Lol 5 (.KM b
53 el 0 sl B g5 nl 53 (s3basl L 3 e 0 S S Il 53 alasl sl o5 53 gy T e 0 Sy 5 gaS
31 eslial b (s3lasl Calten ke b gn 53 Sl (6 cpobior L] ol 513 it e s G St (sl 4 sy o6
0 poi b Calad s (gl 5 Ol gie 51 g5 oS liie (sl 2 g5 51 (Solms O 1 5358 0 w5 le® 2 9 50 (S3ladile s
caods Ol o) S OT 6l caled loslizal b 57 5 somnaaliofly ulaom| Judoed 595 s 8 gm0 0 cbiles S ol puom
ooy Wl el 1> (alib Al 5 ity 812 8 Ot Sl ealitel  hagsy ol e 513 5 o0 dpmlons (G
sl 1 (s3laml Calie (sl et Ui oy g i 55 03litd CblB ¢ gme (slaoslsiST (6 85574 3 o 4l
Egogo Slal =Y

S (ST

Sl 33 e OIS0 5 Silslize! claaanl g5 odin3lis &S Sl DLl 283 Sles gz 51 SS  alidly ) 5 5 Olulus!
35 Gl cpd 5 KaaT (e Olgie 4 (Y VP 0L 5 555 90) ol &S5 LB (5 3l b 5 s 0 LS, 3o b Sl s
S o gl Sl en el 35 sens Slalea] 0iyls 55 (S 0 ESa 1S e e S Glej Soe 5 Slais b
S5 g g 3s E 933 sn SAES ) men 5 (e A S 53 0k a2 5 SIS (0 OL) Ok 5 ) s

o bl S s Lilanals a5 sl 31 gl Ls,:f(.,w; g Slalas! 36 4 Oblsslasl (VAF9) 4 587 487 olej 51 Jsli

3 oo ol ls, 5 oV ol I (3Ll (slaa 5 53 Olomes OMS 55 5 sk 53 (6,8 ranal 5 Sl

! Shiller

2 Sentiment Analysis

3 Natural Language Processing (NLP)
4 Text Corpus

5> Topic Modeling

¢ Lexicon-based

7 Munezero et al.

8 Keynes



Af S | ol Judoni 1 08iasl b Of 1 518 (b M o7 pISRL s

slasl aey 55 (V884) 758 O Slaises JUT 4 015 o olea! oo Sl elizul ST (gladi 53 51 L(YOIA Q0lSKen
! el Sl ¥ 51 SOV T ile 5 3 5 ST 0 lal b shasil e 53 (VAPY) T 55158 5 ey 5 5 G i
s ST s (Jle (51 S o $SUS PoutiiS Gimens g5 (gla o 58 L (ST 4 300 Sl (5 sks 53 & Sl ol 3Ll o
Loy Al 4 it ) sbay L3157 o Sl il oot 3 (3Ll by 4 i I 5 Ol b b OB S s e
Sl Cands ools gads G O es s ST Sloj ol (Sb Slles (5 atie e Lisd e (g3l
b or Rl (SL 1S p s Jles el axsls (SSb 3 5 018 03

N3 a5 355m S gs 4y slazel 5 ool e Ol 1 ME 5T s 5Ll ol 5 (6 iy R G b sl s
e bslasl a5 T o 5 e glaosls 1 estimal L&y 31 (S Olsie 4 ks Sty (Yo) e gt conl i 8
Wl sty (630l Jal g Syl g Slabas 53 e Butes laikuls 5 aalsy i Cuenl 4ol s slasih 5 K s
vu;f@ui\@L@;sl6u,u,,L;Jgs;?‘&;A,a@ﬂ@ap,sé!,mmgﬁuqb«f;,ug‘uai;;,ﬂmt
~Calay ey p b ks a2l 0T (gl (g 5lmesleT 5 galasil (glaslt sy oo i 55 1y b oUly Ll 5 oo LOT andllas
Cladely 5 ol slaylsy 5 aials, opl om bl w,ﬁ@?wuﬁm&&sw@w&m,p wle gla
Odd LS5 oS Sl eals Ol s (e (gl Sl sy K o 5 g3kl glaols oS 05 e I 0T
(et A e DU 28l (gl a3 0 s Sl 4 e B b slalkls Kos 5 Y e Ao glasls,
35 ESGS LA @ g (Slomrl Sz ke 4 oss 0dd 5SS 5 SUL T L L e slaals Gl
(b Blod 5w S sl amiwslaml 55 an p3 medd Gyl bkt Ol e 4y Sllas] 3l oslinal A o )Ll &8 5 sbOles
el ol Gladle 3 bl el 03 LI g (sla e S o 61 ot les (gla it b Waaal s 3l 03liul
ol Oliioms 42 o 55,55 95 () ol 0 (Rl sy Ol 4 5 5 s (e Slaesl3 53 3 g ge Sl
58T sty oolal glali sy Slulus! 3T 5550 55 Gl Slaiin b das

SN (g5l oS Lnosls 31 gackee o clatilly 31 5 )8 5 (5luo 53 o a1l 5 (Bl (sladiloy 0SSl
3l Slidios 3 (gl atd ) slowl Eael Ll een ol 0305 515 o s 53 |y dies (g3laml Lo (gl (guied |
25 T Sl eslizul e 5 (oS (1o itn 4 (&S cwloom! (Slaosls o3 5 LaoslsiWS 31 ool ol il 4 47 ol 0k
eslaml g Olulua| LS 54 a8 Hggb ganiy plsjls oo b ite ple g Slales! oy Lalyy (iS5 aeiwsliadl fdow

(Y MO 5 LT 5 g e sl VS e gz o6 4 63313

! Angeletos et al.

2 Coase

3 Friedman & Schwartz
4 Ash & Hansen

5 Self-Fulfilling Prophecy
¢ Eshbaugh

7 Narrative Economics
8 Epidemiology

9 Proxies

10 Sentometrics

11 Algaba et al.



TP oo 0 plods (a3 b 0590 il (63 )7 (Slaay JLii A

(o oolasl gas ;s suiwslasl jloslel 4 by e Plas 51l &S 5ol o a8 550515 oUls ol o wlas] flows
5 Glidol Sl e I3 Wil (S Slaesls p S pem Slagatls AT ESWS 0 5 bk sl
6 aS gme ol el Olgn e &G (ol il SIHst b Oliebl dsle _pewtlis (gl (glodnlas b (golamil glacS 4a
Lol 5,05 (Ko axdllan 3,508 5 Coks ) g Slaosls o 5 4 o oo gy bl an ST .G otalin 6 o,
Slosl 53 38 6,80 5Iul 1y alal b Tl 487 ol | e w3 4y )" @ miwslasdl (gl S i e &
s Sl ol Sl oslinul b Slubasl ol 3 K55 53 2358 oo 03litnl Slule!| (g5l o5 61 S 3,50 55 a3l g5l
S 0315 e 6 Sl e ) sb e Sl l (6580303 gla 2y Sl eolisal bep s 3,50 55 53 s g0 3557 1 (i 5
ooy Sllona L 5 o5l5 odtasann 5 6 Lo NS o1y o sla sl 8 a5 poe 35050 93 3 s on ) s
S (Y O 5 WIT) S o oslizal 1y (1m0 Ogmel L gt litilyy sla o ls Je gl ) ol damlons
AT s a0l 53 Ses o b o U 58 oo oolimel ot gladde 53w DD ol uleo! (5,8 05101
e 5 S iyl Sl Glas sazme 4l 5 S eslitul ade 55 (el 5 slasite Ol 4 Qe 4 015 (0 1) (oo Sl ie
Sladde 3 g 31 5155t b i a3 ot s (i > Shee plesl (pI LT 4875 ST oy 2 015 (o0 ¢ s 33 31 3511
oo e 3l .:)\:}f‘éﬁ: bl Cloles| G\J.;;M\é;uéhjle{w&aﬁ sl o gla 5gy ) eslazal ¢ s i
ourw@\s‘;;ugvblJ:x,;u:,u;@ujjmjmssaﬁﬁswaw.@t;vgdﬁ;\pm‘@f
;);),Tg;mwétﬁ@w;a;;,\,,.,Jw@;g‘wﬁ&,uucyﬁatséu);o,u\,;}?}ﬂéuuup&a_uﬂ}
LI el iy Y gens ¢ olua! o T e o3l Sl odeT s 4y DUl 3 B3 b 51l bk il
305k o s Ol 3 g Slade s Shas 35 6l JTesb] ol it 40 o (Sloosl3 3530 sl (S35 0!
5 Sgo dr S gobal Sllls 3 ks Jlesl Sowlio Obo) )3 gwbw gla 2S5 & 545 23 Ol e )
Wl 0 plol e bl (55 p iy el o Lol Wl gy | (2287 (1 y gl 35 g s

93 disky Y-

S W5 e 51 ONS slaml gla ite o e 4 (g Oste wlea| o 3l eslizel b (YY) 0,80 5 LISL L
el 5l ods ws b (,K;M. Sl astls o aas o 0L T gy mls Llastls Lol &5 slasil my 6l s
bug S K5 g o s oslasl Sl o bl Sl oo Sl i (salasl Ll
s Sl s @3l sl e bl Jelos 0355 aalllan 53 OB i 5 ool 0 plonil (Y+Y9) 01,808 5 U )
Uatols 5y 51 51015 oo T oS Il ol 0 gy (612 O i 3 ¢ i o3 S sl (63Ul L) 3 ool 557 Y o
635 0T 6,5 by dssle Ul 05 (s g3l asbiols oSG st b 5 87 eslinl (golabl Clab o o iy (51
a.\.uudigzw;Asu:t,wt,;LgLaJi,,ﬂ\,,s.u;;;wgqxjﬂétj\,wwtj@wsmﬁam\/agj.b

Syls Callas ol

! Data Developer
2 Thomson Reuters MarketPsych Indices
3 Aprigliano et al.



7 S | ol Judoni 1 08iasl b Of 1 518 (b M o7 pISRL s

D ) o 31 oslizl b 1y g Slaj Slags o casbofly 2 (e 38055 5 alizal L oY+ YY) "0, K0s 5 508
U S opl & Llesls Ol uble S 3L o i, 3 eslizul b 5 Jles S sloul Y+ 10-14A: Sb) o) 5 (sl
Jos b YY) Y0, 5 HLYIS s gy 5o diph 43S IS 4 (oolasil (sla it pBlnay s 1 15 o0
OWS” (sl e sl s i coolal HLl ulas| Jdoed 1 oslinal 457 Wilesls OLaS Ly 5 4ol jg ) 4w golaBl HLa) ulas]
e bt o U (T AN 0L 5 I35 idu o 50 gz 5 JB ssba ) s L2l b w5 akes 51 (golaiil
S Wlosls Olas ¢ gwim Ll &K Sl s YOWV=YRRe Slojoysn 55 Lse ) anljsy oo ol Sazie (g e dlie O sabos S5
s o EalS 1y Al p sy Jallil g o i sllas ool Cand g 350 53 aile )3 wig Slulas]

S sbd s Sas Sad o dxlgn Glodil s i SBLEI L slatbl 57 adlge )5 a5 Wlesls Ol L51§i’ Slalllas
3 ST e Gl ol g e sladibe I (5ol sl S (.Li;w ais 55 LS e oslitl e Sla e ls
@olasl Ll 6,8 g & Wlos S sl ulas] e o5l &S5 (518 e gla Sy 3l eslimal L (Y2 YY) Fol,8en
Gl a5 o 53565 5 5 5oy bk e sulS SIS (g5l (6 SVe sl oS S ¢ el | LGS a sl 4
38 kee by S (S aen Oloj s ikl s el b A5 plSia i 55 e Sl el 4 Sl Sl Wil
a5 oSl dle o goo 4 45T ¢ oyl 4nl 5,00 (o5bal HLl Sl eslizal b 55 (YY) 01,80 5 o 53T 5,05 (s g0
P C Pl EA W PN - 1 (a\i:.wu. S s i 5 BB 5 sba il 5 0 a5 Wles S slowl e sla et Li (Lleds
A s e |y (5,9 atkte) Lyl aslost 6l

¢ 3 g 1y Hlatl e oS Slallle o sNe ST s eslital (6,0 O st el o 51487 (gobaml s i Oladllas s
S35 e sl g, Slealial b 5 5Lt g b 50 Sle 1) guom (Slej Glac o 55 (Flllle cliles ST oDl 5 e e a5t Lo
Sleo5 6l dbyss o muldly 4 bog e i Av v r ol e (glgmmee (YY) PO 5 b (Jle (gl bilast L
)stjﬁéyjagﬂﬁ-&&ﬁwszjuwﬁkﬁ-MMJ;.Lé6‘:—\)4{569}42);wLAJQI}p@\)YWV—HA?
Ikl gla e la b awslie 3 (6,5 Dle 4o 40 L;}:f)\fq &S Wlesls olas LOT .Lles S Ls)'l..»d:f Iy b Chiaja
Pbb;g;@.@b@:’-lf(b&).s,ﬂ),;".QMI.sl..a;slL;T;,fué,;)y);@ﬁuiﬁgj.\jjwjlsjwcbW|6,l>
a.s;q;,qﬁu.c«},;ly@bjduéﬂq\)&ﬁdunba\LDAuijJLJG\J:Sm\Lg:L,a:i\uUjjJdﬁ‘)'\\“\?—\‘\/\/\a)j:
sl 4135, ol 45z et ls &G Ol 4 im0 405 03353 5 Slo3 S ol bl o b st o8 s

.A;fu.eo.;:gui:;&Yl{g;é:l{ojjaﬁ)s\)g&tbd)l?dﬁﬁdiﬁJ»\.:«J.udgi).aoT)'la:L&:a\S@\am

! Shapiro et al.

2 Kalamara et al.

3 Bortoli et al.

4 Aguilar et al.

5> Ashwin et al.

¢ Bybee et al.

7 The Wall Street Journal (WSJ)



TP oo 0 plods (a3 b 0590 il (63 )7 (Slaay JLii Ay

ST TE
(LDA) ' 90 Olgy yewads 995 b (L9090 (SHlw S —1-Y

Pt e Sl 5 (slade pame 53 (2 se Sl le 5 Olgy (elan (a5ST st 4 2 b sm (ledile Sl
DAl A g 53 45 Ao S gl ggie 1 Lo gy ol il ol b ol 5 slaa 5 58U S eslizal L (e (slao SC)
SIS L5l o5l (Siladie 5 ol a2igh (sad 5 Couda 0 53 4lS OT (6,8 513 e 5 (OB 315 0,53 Ol 1) 40dS7 5
,y&,).u;..g,&ﬂ@h&P56;,,T@ﬁ\;|,@pﬁjwuﬁguu,;ﬂrguﬁé;u,&ﬂom‘y&m
Wl a2l (5302l Slalan 53 e (glae Sy Sl eslizal 5 (g5ludie 3 o35 ,5h uv;wis\ ol S (YA oL s
(..\ﬁuw\f(m«)"o\)m)b_;,h(hh)*‘@fju(nn);;,.UJ,:‘(VMQ\)&,.MG,J_\{&M)
.xﬁ?@,m,muuuw)ﬂ)u;i;,w,w,,dﬂswlo.u>t?=i|_,o}.,:,ﬂ65w4w1x@mduu:})
3 E533) ol a5 O3 P e ezl a5 G CLDA Ll ba s ol o Sy (LDA) A 53 0l saras s
il b g 58 50 6315 OT 4adS 8 4 U150 8 sl aalS” (g3l Jold o 0 S 2 ¢ sy ol 53 (Y04 SOl
im0 JS5 15 0T § g g0 5 0 S5 GRS L 0s S 5 G b S5 LST l Culgs 03 o7 (55 sbay 313 S abntie
4{‘_;.,\}\5(4».&)»\)}&cc.,w\djajaa)}.p@jg’&eégiQWLAOT)>4§&;A;€¢&}S-®)KL§LAJ}JJ)&>'J3
Sslie SYlaz b sbal plad 4 o B 5 ¢ 90 50 2 calin jsbas 5351 Glai Calitee SVl L (Dl 5o 50) Ladd 5 4an
VN5, 5 A 510) Sl hae

g5 s o OLES |y Calibes  23Uas (gl pite o bl 0 g0 45 das oo 05 1) LDA (S8 e 51 (6505505 ) i3 55
wils (S sl e JMhe 4 35 ite am STl 03,55 ) sbla (ol i 0T de) 555 oo sdalin & (5 e
3 S8 Jats domis 7 ol b5 4 Y et ol 0 2SO 4 Ko (Balar e oS 1 2 oS sy

g )SS Hb ki a8 gazes pl S Casline (ol 4 b ie I (glas gazee 31 b

O+OFO-@—H{O—+0

k 1'?,-[ Z.rj'_u 4! Yd_n \- ' )‘L' ”
D K

LDA C381 5 Joaw:()) sloges

! Latent Dirichlet Allocation (LDA)
2 Valdez et al.

3 Azqueta

4 Ardia et al.

5 Generative Probabilistic

® Wang et al.

7 Reisenbichler & Reutterer



W S | ol Judoni 1 08iasl b Of 1 518 (b M o7 pISRL s

D steal S slas
N L p SlalS slaes
k Sl b sa IS sl
« Lew o (61514 Dl 5 g0 (61 S 25 iy w55 ey
1 o5 p bl o DLIS Gl S s ety w55 AL
B oK g so5m lp LIS w55
04 (-l—d.\;.ﬂ‘_;lﬁobyyc)'):
Zan ol =d 3 ol N S g e
Wan i 4SS

(YYe ‘&.} el Ol JiB (V) byl b Gillas cok otalin 5 Olgty sl ke &5 s 5 5 LLDA (sl 5 gl 5 0T 3
PBrik> O1:p> Z1.p, Wip) = TTi<1 p(B) T15-1 P(Gd)(nﬁﬂ p(zd,nlgd)p(wd,n|B1:k'Zd,n)) ()
35 e g Jlazm L 6K p oS ol (Sle g g0 m) LS (slaes 5 51 (glas sams LDA )3 4l (iledts s &
s 1y sl o iYL &7 Lo g g0 5 DS 1 (g25ums DIl & (s & ol e same sk 4 Lsh e gLulid i

.:;@Q)y@mb}: @;Q)yqabyytgjf%jmﬁt@;):.;ﬁ@:}.\m

2950400319 835G 95 b pwlua! fudoi Y-V

o) als esean s s cwlidily ) wlBOU) b OLG 5515 55 ads s oS Sl (glazi 0k 0 g G (el oS
?Jﬂ,ufoﬁpgﬂ,;a@wu‘,\sﬁ,qu,u,m)ﬁnuﬁdwa:}a,«f@wu,dt,,u;)uumm;?
st el bl e300 55 4 55 s 5 oSE 0D 30 O gomat SO (gla fazes 53 bl (23S (6l olu| s
Jelos 53 aiby oy 5 agda 5 o ewlel Tl aseis (VP 30l S) Gl o ank Ot 55 bl (23S sy
S ashte Ls e oslizal o Kl jsba aleol oo 5 Codsd adi b 2 g 5l ol 53 & gl bl pleo]
b te) Sk i oSG Ll 5 o aiby pl (s B S e sloml 85 53 s OT &8 Sl b5l 5 el ki a8
sgmenaalio3ls 3 S5, OVF ) FOLKen 5 oo s) bl (oo sl b oo ¢ 2050 ¢ ite ¢ gite sloms) 66 i (guaib b (e
S b iy Sl glaaelijls Sl eslinl b ablanu 5 (Sla gt (255 o) 53 ol ol o 6las S5 55 o e 5 SO
55y g0 i b cala (o jle (6l S 005 S5 it 0T L Las o (630 050 5 el (g5l Sl yle 5 OB 515 51 Stz
wile SldS (Jls Ol ge 4 (VP v plnl §) 0,8 ol 5s diw OT Lulas] Lasls Olsie a0 1) 3de opl 5 S o dculous
o L e G- 3 L P T B B A - W
wile (Jabl 5 A5 dsle apls 1 (5 Lol it S 5 S dils g S oS SIS 2N oS il S5 05 ks e

bosde oSG (055 3l sbate . dibl 055 0 b 03 Sols ol S SIS il (5L 55 O Sy 5508 5 (B O

! Blei

2 Keramatfar (2021)
3 Polarity

4 Rajabi et al. (2022)



TP oo 0 plods (a3 b 0590 il (63 )7 (Slaay JLii 4

ol (513 S5 95 ol Sl el s QLS 15 0T 03 g (it b e o B 5 5 o 48 8 55 aalST 2 (gl oS ol ez
YN ol g 5 Olien) 355 o o3l sliwl 03,5 Slle 5 SIS Sline 8 S 4 4 5 b sl 5,8 g
3 S or oalinal Codad el (6l 1) ol IS g5l caslioly p Lsls 3y bhadST ke e (sl 93b5 slaasliol
S o VKl e g Saslio s 5 osme 5 S e OB 4 baaalST e Osls Ol gl 1y ol s,
5 Sl 03 8 1y dr g5 oy O Ao 51 OLS sl (sl aslsl 53 5 N OL5 sl (YN ) "0 5 Ik o s
1S o 03lizal (e 510 20 (om0 05 drlons 5 ulao| Lo (51
.MQU—b)"tg)‘.lb&bb(:\u\fﬁgwld&j%Qb—m‘j‘é‘&w:wQMM o
ol SIS s s gy 4alS i (g5l 1 gl 3 Ol ) @
Wl 35 3l s SIS 03 5 0 sSKan (sl ST S i (sl 1 B Ol ) @
Wl 0l 03l Slalu| Ol (6l 45 ol SalaMe S 5 5 Il S JoSo 1 o> (SBOS Cnnd @
aaboly pl ) oslizal (A" o acwlous dloxr a (IS e 5 Cute Slubal b 1y GYsb 2 65 IS oo (0Kl i
ool 47 (ot 5 4 ol gzl (53l L on SIS 1 by (lun el ot o7 a1 L Lo
aebo3ly onl 53kl lalllan 53 . Sl 5 S o o3lial i giia bl S L GB35 3103503 0 g0 S ) i ke
(Y VD OLL 5 sl (YA TS 5 5 5lom 2l e 4) Sl iy I il Sladia) 53 Ot plean) 23S 1
2 0L 4 (golaml Sladllan 55 aaboly ool oyl dduns 3l enlizal (Aoled ansrl o (YY) P00 5 o sons it
(doled 4l o IR A0 5 o155 OF 1) V0L 5 o KT e @) ol bl 33
el 9 ! gt (OBl SO T 1T
S8 sl i 5 S o o3l Jia Sty 2l 6l TS50l e sla eSS Sl 5 ud NP S
g 5 AT doe S o 5 (st S5 IR Sl e S5 53 e )
L5500 ) 4 Foske Jte sl ) shate 4 Al iy o a1 35 (DB O g S slap ) S Ol sie Cond 457 s 0!
)M;tf,uagurnJbe@bj\imW\iomuMu@@ww,gﬁﬁéuﬁg;\wsgwokﬂ

((Y19) 0 iS5 ST 5Le (Y14) T LS oS o) il anls 5o 5 i i Lo ke 4 b gy o (Slaosls 4 sans

! Hemmatian & Sohrabi
2 SentiStrength

3 Thelwall et al.

4 Strycharz et al.

5> Rothman & Yakar

¢ Brosius et al.

7 Ahangari et al. (2023)
8 Zarei et al. (2020)

% Shrinkage Regression
10 Ridge

11 Lasso

12 Elastic Net

13 Regularization

14 Wilcox

15 Park & Konishi


https://fa.wikipedia.org/wiki/%D8%A8%DB%8C%D8%B4%E2%80%8C%D8%A8%D8%B1%D8%A7%D8%B2%D8%B4
https://fa.wikipedia.org/wiki/%D8%B1%DA%AF%D8%B1%D8%B3%DB%8C%D9%88%D9%86
https://fa.wikipedia.org/wiki/%D9%85%D8%AF%D9%84_%D8%A2%D9%85%D8%A7%D8%B1%DB%8C

hee SOl U1 golus| Judoni 31 o3kl b Ol ! 10 A6 Aol pCRY S s

S5l g b Jol s 51 (5 5005 OISl Lol (S o Wy 28187 o w0 (a8 5 ey Qe £ 03 0k 035 (il a5
1l (V) sy S gy O g 85 aholan 1558 6055 o 4 cmly e 3
B = argmin [Zfﬂ()’i —Bo—XFoi i) [J’j)z +AX5, /3,2] ™)
S (sl llae )8 paz (555 a2 w6 S Sl aslial b oS gl l b ool gy O g S 4 b Sl (5d O 5
Aoty 53 25 S 4 pud O g 5 bl o & ke a5 T 5 U5k 53 015 oo 1 sl 10 5 358 0 J 2587 s el

Z)ﬁ@ ,AM e (V)

B = argmin|Ei_y(vi = fo — Zi-yxi B)° + A5 |B] )
:@\(v)@tJﬁMToﬂfJ45;\#,;j.:@upub,“g@,h;uwﬁy@f;cuwwﬂf)
B = argmin [Zfﬂ(% —Bo = Xi-1 %y ﬁj)z +AXE (- )BF + (05)|,3j|] ()

(XYY 0L 5 8 3m 5l 5) 35 o0 el O a5 it Lo 35 bty 2 (oo 05
TOLOI T Cagd miile (5 0L gy -F-Y
ool S5l L ot Jie iz oS 5 b e (6,8 5L (sladile il T e (6 85k Joe S5 (03l S s 5 ke
oo Sl Bl s bty AT (51t s dlazl RalS @ cliyls (oLl el ) g (Sl (63 Shee oS s
o ﬁ)}g‘ =1 Ly FO) 0L5 e s {Gay)}ins 2005 Glaesls 4 ar g LS s a8 olg dbe gt
Wl 25 A e

1Bl G L e g5 ! C‘f
Fo(x) = argmin, ¥1_; L (y;.v) o)
sl 0k odalie 3l S0k 35 Fo(X) Sl 0dd i i JIAEeY 5 0l otalie lkie y; OT L5 &S

MG 5im slie gy s o6
NG 1 olie gl Vi ldie dlowe (Al
Vim = — [6L(yi.F(xi)) )

OF@D)  dpy=pp_y(x0)
Jm G531 3l 6l Ry sbowl 5 ¥im 3l 470w § 5 st 3 K 351 (0
Jm GY S5V olae 8l s Vim 4.:.“\:..»(;3
Yjm = argmin, Yy.ep;; L (Vi Fn—1 (%) +7) V)
Fpn(x) Sl)sss (&
E,(x) = Fp_1(x) + vZﬁ‘l Yim I(xeij) o)

.g;wt"u;)'yTC,'v ol ;5 a8

! Richardson et al.

2 Gradient Boosting

3 Ensemble Learning Model
4 Regression Tree

3 Learning Rate



TP oo 0 plods (a3 b 0590 il (63 )7 (Slaay JLii A

s o8
F(x) = Fy(x) “)
|y il e 5 i (Sl it o alaly (P (X) 2l oo B (%) b Glesjos 5 M o)l SS galed plal 1 ey
(YY) Qo) L
S SBslxe § T Hlro Joo -0-F
S o Lo 5 0 sl (lade 3 Shas 5 el o Sl jlne Jubo O 6 45 0,x208ST  Sla (6 o (65 i g5 ol o
g o gl S oL s O g0 ol (e S
S 53 ias o 1) Jaide it 3l 1y iSs bed Sl i Ll I oolasl (g 5 Sl Slejes p sla SN i
5 0o 7 ok 2 B 8 5 55 0T b I8 alie 51 (b o 4 (o3lal it 60 Jlom sl co inSS Glo s
S 563 o ize DMl 4y 5 ol e Olon 58 olie ol 23 jiite ST olie o o sl 57 GBS
5SS iy sl el 48 dies ARIMAT ladus o3l gl a0 b g jo 0,5008S5 Gl i sla SINLOVFe e & o 3 43)
1P+ 8 ) pm) Ans o OLES 1) aduts ol JST JSK8 eV ) alaly 5 o (g5l e (14VF) 1S
O(L)AY, = u+ 6(L)u, ()
oSl o (MAE) st 3llas 58 oS0k Jols p o o551 slaskns 51 adube (i S35 (6,8 0310 (1 riomen
Slie cOFNY) Loty b ollan ¢ ylome dw i Al 5 o3l (MAPE)Mlast 3llae , 5 Aoy ks 5 (RMSE)Y o Sl e
VP65 gm) S o sl (V) i s 5 (V) (15 olis sl 511 s

T+m |f
_ Zt=T+1|Yt _Yt|

MAE ()
RMSE = TR ) ()
- m
sT+m Y{_Yt
t=T+1 Y
MAPE = ———"1. 100 ()

Aol STHM G TH] 1 a8 Conl s i 095 Jsbm

Wodld 4cgoxo -F

22 5 WA Lo ol lacad 4 Ol pl HleT S e Colo 5l 2 et O ) (s (Jobs el ad 5 (sloosls ) candllan ol s
6fMﬁoqg,;oT,\.woﬁssst)gaﬁ@mym\fw Jlo g ser Jud BAYAF Lo Jsl Jomd Sle5 050

Sl g )l Lg)\fxé}f':)T@&i)Mij:ds Ol Jdsas Slejey9s pul bl Ll ol oslitnl (Lol b3 e

1'Yoon (2021)

2 Benchmark

3 Noferesti (2021)

4 Autoregressive Integrated Moving Average
3 Souri (2021)

¢ Mean Absolute Error

7 Root Mean Square Error

8 Mean Absolute Percentage Error



-y S | ol Judoni 1 08iasl b Of 1 518 (b M o7 pISRL s

ik an e g b b S o & Ll b oYl 8 8 g (3Ll LS e g sl e
ol 0 Sl O gy slas IS s Ols
4;&|:3}>.-3L5)|J'fﬁ;'-c:l:el§1lij\)l?5-| L= C\J.&JM\Q&AI@.&L\:JJ Dl s, T sy oz B ()
i
AL 3 g ge g g2 2050 0083 92 8555 Doy e & 6 O g DL il 30T (Y
35 gn o3zl dials Jlows (5l slme 3l a5 3 o o e Sl iSIS S O3 e (1
08 GBI F 3 aaeld o slaslme :(V) 3o

Dlrs s (43) Slzal
Google PageRank 68 il gl S8 (sl 555 gm 03litl 350 sline Ve sl®
CPR Score S 3 Lole Sl gme shde S i 6 ke Voo

Domain Authority: Colo aals jlael Jrowiw 61 S5k Yee iV

Page Authority Colee Slomtos lzel tonin gl (glne Voo siey

Alexa Rank ol 92955 SB15 plal p Sl S i Sl obme | 0105 FY
Alexa Rank (sl 2T ) 33k 05 (b 1S o bl slne | F 1Y

(Comparative)

(1¥44)

checkpagerank.net : )

Badlb -0
.Qiaudﬁﬂw,ud)\fﬁ;@s;ﬁu@g;\wu;,yd'ujw;ﬁ‘5>L4;31ﬁ>~r~\‘\°ﬂ/\“g;}>~p;j)\{u;.\);
63208 (B4 LOT fas 5 (e slaesls 035 ad palite 4 oo 53155 A (6 e sla gy Sl eslizal L caslsl s
S3Ledle s 5l a5 7 55 o)l BulS” Sl B30 5 i dlo o 53 S plowilodd ] el (sla s (595 b a3l 5 81
Plae 5l 9] Cod 5 (o5 5) SlalS 4 S ez ¢SS 5 bt ) 5l s (O 520 (65 luar LSS 5 (6 5Ln Il (g ) e
31 eslizal b (g (.lf); s o3lizul (dde s 5 85 o 3l ghate 4) ST o Jitte 1) oo sgte 45 o aejls (o)
OB § b gn o (Jool 4alS Ve oo 1) Slegudgn ol ¢ g i glalid (6,5 O g (ol Dol 55 50 LDA r-i,ﬁn

.g;.w\a.t.fa%)B..:.H@:QJVA{QWO:{.LQS)|4{4;-)IQCFJAJA%J{.M:@

! Online

2 Web Crawling

3 Text Preprocessing
4 Parsivar

> Word Tokenization
¢ Stop Words



TP oo 0 plods (a3 b 0590 il (63 )7 (Slaay JLii Vv
GBIl L1 595 LDA b (29090 Silo oo i :(Y) 9o

s | oads | oAl | veds | osals dads Fuls | orals | ovals | vws | s, | us
ool R Dbl S lalns oele Sl S ale i o ¢l oo \
03 s sl OspaS | oliree slla ] & b 3! S Sk dy \
T B o Sl &S5l 55 Sy S & A S5 ¥
ol Ole aw g o Lyl o 5€ s ol ! T Ml 3Ll ¥
oLl gn il Sl Nty Odne KNP ale aeles | woaseS | Cmw SisliS 5 o 1)
Sl B 335 Al S o3lr 5l ot ol S &5 4
<l o Ul Obe L <L 056 OsemaS’ | g roles sy 3 S v
ol s | silaes S oS S| Sleel Ssle 555 A 5 i A
Jols e S oS 233 55 alo sole | Sl | ol ok ©osbs 4
S e s 33 Obg oY Ao bbb & S Tt BBl )

Gty (glaal o

L g sdse it a4 aelsl 53 ol Bp Jsdr §odpe V0 51 (S 4 o 2 Sy e JLsI LDA o2, 80 s 5 5

Ol 1) 5Lt S ) Dle g sn Glslp w55 O Jgder ol 0l 0303 annadss ;5 OT ¢ 6 50 Ol e 4 cJlazt o 2o

_}..>J.Aks:‘i:):ﬁ»‘o.:.mMl:o}b&‘_gbM)|oJlAL~‘LJ::6~«>oJN¢f>J.A@WC}J}A&MJ‘MMJ@

Jd.fuﬂozuzw‘@"'d))}w&w)lMboj\_}g‘_giﬂ)‘j‘d\ cdicébc:.p.}:jﬂg)}bdw.&o:‘:ﬁﬁa}d
jlﬁsﬁd»lu@,;,;6@|@\J§i>@§¢@a§s.@lam Ll wla 0L Olaaiie by gwd O yge &

o)).ﬁjhs\jty}a}h)b)l.}‘wcju@@bg:,.w‘a.\.&a:Lﬂ.’.’m‘gst‘jﬁjw}«:—«q‘}&&ufa-u-l-élﬁ\@w

4 Caldee st Gadide 53 Oy o 1y Sl s w ol Sl ods W5 bt e Lad Slej 6w Vsl an

Olegoge 59 )1 S90S @38 :(F) Jeu=

S S5 e B il gses
v/ov YYAY s
\Y/YY FVey SSLsds
VE/PV FEYFY &5
VY/YA VYD Ml o Lzl
\Y/AY YAQDD SoasS 5 Lo
¥V A RATZ Ja s Jo
VAN FYDYA 3o b
/% YAYAA g
VA/AY FOSYD ST
\ZA) VYrag SN
Voo ¥o)FaA gaares

e (glaal o

.JJ.!)K




¥ S | ol Judoni 1 08iasl b Of 1 518 (b M o7 pISRL s

@l:s\{&um.:};rlqa\Lad.uw.,s.;G“Lgﬁ)'u,:;o\,;mm;l;Q;ﬁduj‘oyﬂcﬂﬂ\(:ﬂ‘u:.aj;idudmwsay‘p
355 2 dsUGDP ooman 5 pom Sloj slas w slresls 03 5 Jbe 5 o(F) Jsu
Bodld uog Jboy 0g0iT gbix(f) Joua

Jldia Jldde ot Jlde Jlde ot O3l &
Jlez| oyl Jlez| oylT
Y0 Y/ v X6 /XY ¥/ GDP
VAtd Y/94 X7 Y Y/NY X1
<P \/VF X8 Y /0 X2 NS Sl 05057
e ¥/0F X9 50 VAV X3 Ho: Xe~N(0.0%)
/XY Y/a4 X10 <V </EA X4
</OA /20 X5

G (slaadly 1ae
e Olsie 4y o ls Qallb At (sl 0L3LS S e s 5 SieSadl T o gade sy (‘f B
Wosls Aoy 4 leslitul b ladie ol o dd 55T 5 end 5 (Glb it Ol g & qum Sloj G m Vo ol Slonlizal 4l 5 5 Coda
(test size=0.01, gs:“il"jT lresls b 0se3T (glaesls ol gie 4 23l Oy 4 58 esls Jldsyn Ve 5 Ul esls 3l
o 45 A8 35T 0 kaeSS Sl (6w o cladie pl 3 Shas duwlin ) ohaie 4. 45 S L s random state=42)
ek 5 pice x5S slie 5 ST s 4 cla,T (68U s s ARIMA(LL1,0) &5 g0 40 5380 oSTL oy sl 2 oS
2l Gl Sl ambie Glae 5 2005 Glasigsn Skl e Juad Sl ey )lsen 55T 5 sl SLS SNl 4 5L

B yh e g Gt Sade

Ol gl (b JS18 @b g Sw i B gl 4w lic :(8) Jous

oy s sl ol o polis
Sbs | Al s
05T Sl
(Jabidl) | (Jy 3,4k
Shre due A o0 s 5 Ak Jas
oo
ARIMA(1,1,0) Lasso Ridge Elastic Gradient
Net Boosting
YYAD:N ) FOY'FYA VFIPAYY AV AR ) FADAVA VFAZVEY VDOAFPO
Y44 1 AYavry Y AQZ DY \ AFF AP VY AFFVAP VAFFOFY Yo YVYOY
\YAZY VoV AAlY \FAFOPY VVFY a2V VVFY G A VVFY O FY \ PVF VYA
\YAZ:Y \NARYAL N4 AL gl VVeFAA AN AR YV YAAY AARMALT)

! Jarque-Bara



TP oo 0 plods (a3 b 0590 il (63 )7 (Slaay JLii V-0

\Y4Y:F V5o FAS \ FFAGAY VoV Yasy YoV Feve YV P YA (NN
1Y44:Y VAS Y Y VFAVYO Y AJASA Y ASADAF YAJAN O AL
AR ) OYFOFA IBARPAL IRAALS INAAN NS Al VA FIA
AR VOAVFY O (B2 ALY Y OVYVA Y OVVFY Y OYVO Y OF YV
RMSE QY PV AY DY AYOFF AY OVA VEEOA
MAE W F FOF4A FOFY Y #0FVY FONY
MAPE F/80 £/ ¥ A7 A7 Y/av

G slaesl e
Sldde 3w slrosls 3 eslizal ¥ Hlsgai 53 SUjsl slaslae duslis fuoman 5 O Jodo 3l ool Conds mb Gl
(ol Sk e 38 olie (e 5 oS 0 inST Gl (6 SR L sl 3 dle (6,83 5 (LI O g 5
Osew 85 dda 53 55 4 RMSE Slas bl i sl (5385 Ol & 05 (G sl 2ol el
ot MAE jlas 43 o 5 b ool e Jobo 51208 o3 VA 55k 53 0L318 S s 555 53 5 o ys VY 35 5 5Ll
s e Gadde Sl eslatul 47 s o 0L 55 MAPE Hlas .Conl azils 2l ds )3 V7 5 5u (Jde a2ws 95 5o 53
S A2 3310 O3 8 g5 o5y 03 5 )3 VF (LB LE 0o S5 ladibe 53 1 (st sl cs3Lal Lt b
A3 o Sl Hlas Jde 4
RMSE

GBI
Lasso  RUIUNEIRERU AN RN RN RN R L
Ridge  ENIUNUENENREENUENEN N RN
Elastic Net  THTHTTTINTTNTAOARONRO RO ATUNANANOA ORI Om
ARIMA - TTHTITETT TR T

0 20.000 40.000 60.000 80.000 100.000

MAE
MAPE

L T
GB NIRRT

Elastic Net IR Elastic Net NN
Ridge NI Ridge I
Lasso  ININNINANAATANANEANANE Lasso NIRRT ATADE
ARIMA T ARIMA I
0 20.000 40.000 60.000 80.000 0 1 2 3 4 5

B S (b1 S sl dus o :(Y) Sloged
PSP
S 5 doxs —F
Sl DA ) 31 015 o 3 Ated 5Ll Conds & porly Sebhe DD (g5l (5, Dste oS s n LSS 2ag3y

Q)}.,aq)l?>'|‘w))l.e.\';'})k>'jg.>;a:u:.~\u’i>'bua)\éb’.x_.l}:&c&%:@é\:&u&w@;wﬁu&i



g S | ol Judoni 1 08iasl b Of 1 518 (b M o7 pISRL s

S sgh g ieblag,l B 5 3ok pimte Hltl 4 Lot s OSGl 3 b 51l Lasl iy g dsd e Lhaie 4l
Je (sl egabal Lyl 1o o550 5o dke 058l (Slaesls OIS il & Lo o 4y (20 Slaesls ol &y (g 2> L3 5o
SLEIF 5 5 S 015 4 o Syl Sl b sl skt ras 8l 12087 ( (S5 AU 5y it sla 25T 5
o ol oL SIVEY Jle ole 53T (sl B VAP Jlo (gl 51 &85, oy goo 4 g3kl st YoV OFAA (Ol o, =
e ol ool il T (535 clao 315 mg) Cod 5 Lty el 5 ol adsl (Gl 5515 1 o 5 ) vl g
..u,\,ztg,uimw@w),iwd,,;@L;,.,:,ﬁﬁ,w‘chfgg;w.uu:j,;ﬁ;@bol};p45 LDA s, 3l eslizal |
wbodly )b e Sl o3kl b 8w 0je0 (Dle e cpl 1 Lad Sl sla e sbul ssbte 4 caelsl s
Sdde 53 g i g w pl 5l eslinal & Sl esls LS @L:.; Sl 0l (l:;.}‘ aalodw &S s R C_,éjt.wlu_:..w
o3l gt (gl Juad S5 Lallil g e aid S slie I g 45 jlae Jibe & S ) o i sl ¢ gt
B 0L 4 o e e slrests 5101l 5o a5 ol Slallls pouss St cpl das e el A3 VA LS
a3l s ol Ol or T Sl (s plaslgit Olyisay ol 68 5 0 g (o2l ity 8l e Ol
83 S e 3l i b5 805 Gyl S s 515 Sl 015 o gm0l mte 03305 (8 Lo 515l nls i S 4
s SWanlio3ls ple s Shae 015 o ¢ ki 5 425 s Blowd Slipsn 38 Joi 5 2l il (olozr| sladSid O oman
313 515 oy 5 Lo 35 m el (0287 (6 1y pile (6, 83L Ly e (sla gy D el o (sla s, K05
Rl 51 By i 018 or (bl o By 5 0303 e o Sl nlin 5,555 3BT L cOos it i 5 i s
3,5 1 I Al s 5 U3 e 6,8 (o5 Osopad OWS slasdl gla e

Sl Sl

Ll gn oMol 1 ilie 3L 355 O i 5



TP oo 0 plods (a3 b 0590 il (63 )7 (Slaay JLii V¥

11.

12.

13.

14.
15.

16.

17.

18.
19.

20.

21.

22.

23.

24.
25.

26.

27.

Afshar, P. A., Manochehri, S., & Amani, R. (2023). Macroeconomic Uncertainty, Political Risk and Exchange
Rate Market Fluctuations in Iran. Quarterly Journal of Applied Theories of Economics, 10(3), 67-102 (In
Persian).

Aghania, P., Heidari, H., & Jahangiri, Sh. (2023). Investigating the Impact of Monetary Policy Shocks on
Economic Growth and Inflation in the Iranian Economy: Empirical Evidence Based on the TVP-TVP-
SFAVAR-SV Model. Quarterly Journal of Applied Theories of Economics, 9(4), 61-96 (In Persian).

Aguilar, P., Ghirelli, C., Pacce, M., & Urtasun, A. (2021). Can news help economic sentiment?. An application
in COVID-19 times. Economics Letters, 199, 109730.

Ahangari, M., Sebti, A., & Yaghoubi, M. (2023). Automatically generate lexicon for the Persian stock
market. Signal and Data Processing, 20(2), 3-20 (In Persian).

Algaba, A., Ardia, D., Bluteau, K., Borms, S., & Boudt, K. (2020). Econometrics meets sentiment: An
overview of methodology and applications. World Bank Economic Review, 8 (3), 351-371.

Angeletos, G. M., Collard, F., & Dellas, H. (2018). Quantifying confidence. Econometrica, 86(5), 1689-1726.
Aprigliano, V., Emiliozzi, S., Guaitoli, G., Luciani, A., Marcucci, J., & Monteforte, L. (2023). The power of
text-based indicators in forecasting Italian economic activity. International Journal of Forecasting, 39(2), 791-
808.

Ardia, D., Bluteau, K., & Boudt, K. (2019). Questioning the news about economic growth: Sparse forecasting
using thousands of news-based sentiment values. International Journal of Forecasting, 35(4), 1370-1386.
Ash, E., & Hansen, S. (2023). Text algorithms in economics. Annual Review of Economics, 15(1), 659-688.

. Ashwin, J., Kalamara, E., & Saiz, L. (2021). Nowcasting euro area GDP with news sentiment: a tale of two

crises. Journal of Applied Econometrics, 1-19.

Azqueta Gavaldon, A.(2020). Text-mining in macroeconomics: the wealth of words . Doctoral dissertation,
University of Glasgow.

Barbaglia, L., Consoli, S., & Manzan, S. (2024). Forecasting GDP in Europe with textual data. Journal of
Applied Econometrics, 39(2), 338-355.

Barbaglia, L., Frattarolo, L., Onorante, L., Pericoli, F. M., Ratto, M., & Pezzoli, L. T. (2023). Testing big data
in a big crisis: Nowcasting under COVID-19. International Journal of Forecasting, 39(4), 1548-1563.

Blei, D. M. (2012). Probabilistic topic models. Communications of the ACM, 55(4), 77-84.

Bortoli, C., Combes, S., & Renault, T. (2018). Nowcasting GDP growth by reading newspapers. Economie et
Statistique, 505(1), 17-33.

Brosius, A., van Elsas, E. J., & de Vreese, C. H. (2020). Bad news, declining trust? Effects of exposure to
economic news on trust in the European Union. International Journal of Public Opinion Research, 32 (2):
223-242.

Bybee, L., Kelly, B. T., Manela, A., & Xiu, D. (2020). The structure of economic news. Tech. rep. NBER
Working paper, 26648.

Coase, R. H. (1960). The problem of social cost. J. Law Econ, 3,1-44

Eshbaugh-Soha, M. (2010). The tone of local presidential news coverage. Political Communication, 27(2),
121-140.

Ferrara, L., & Simoni, A. (2023). When are Google data useful to nowcast GDP? An approach via preselection
and shrinkage. Journal of Business & Economic Statistics, 41(4), 1188-1202.

Friedman, M., & Schwartz, A. J. (1963). A Monetary History of the United States: 1867—1960. Princeton, NJ:
Princeton Univ Press.

Galbraith, J. W., & Tkacz, G. (2018). Nowcasting with payments system data. International Journal of
Forecasting, 34(2), 366-376

Hemmatian, F., & Sohrabi, M.(2019).A survey on classification techniques for opinion mining and sentiment
analysis. Artificial intelligence review, 52(3), 1495-1545.

Hu, Y., & Yao, J. (2022). [lluminating economic growth. Journal of Applied Econometrics, 37(5), 896-919.
Kalamara, E., Turrell, A., Redl, C., Kapetanios, G., & Kapadia, S. (2022). Making text count: economic
forecasting using newspaper text. Journal of Applied Econometrics, 37(5), 896-919.

Keeney, M., Kennedy, B., & Liebermann, J. (2012). The value of hard and soft data for short-term forecasting
of GDP. Economic Letters Series, 11/EL/12, Central Bank of Ireland.

Keramatfar, A. (2021). Multi-stream modeling of comments’ contexts for sentiment analysis. Ph.D. Thesis,
University of Qom (In Persian).



28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

1A S | ol Judoni 1 08iasl b Of 1 518 (b M o7 pISRL s

Lourengo, N., & Rua, A. (2021). The Daily Economic Indicator: tracking economic activity daily during the
lockdown. Economic Modelling, 100, 105500.

Manchado Marcos, L. (2023). Nowcasting with Alternative Data (Bachelor's thesis, Universitat Politécnica de
Catalunya).

Munezero, M., Montero, C. S., Sutinen, E., & Pajunen, J. (2014). Are they different? Affect, feeling,
emotion, sentiment, and opinion detection in text. [EEE transactions on affective computing, 5(2), 101-111.
Noferesti, M. (2021). Applied Econometric Time Series. Shahid Beheshti University Press, Tehran (In
Persian).

Park, H., & Konishi, S. (2016). Robust logistic regression modelling via the elastic net-type regularization and
tuning parameter selection. Journal of Statistical Computation and Simulation, 86(7), 1450-1461.

Rajabi, Z., Valavi, M., & Hourali, M. (2022). Sentiment analysis methods in Persian text: A survey. Signal
and Data Processing, 19(2), 107-132 (In Persian).

Reisenbichler, M., & Reutterer, T. (2019). Topic modeling in marketing: recent advances and research
opportunities. Journal of Business Economics, 89(3), 327-356.

Richardson, A., van Florenstein Mulder, T., & Vehbi, T. (2021). Nowcasting GDP using machine-learning
algorithms: A real-time assessment. International Journal of Forecasting, 37(2), 941-948.

Rothman, T., & Yakar, C. (2019). Empirical Analysis Towards the Effect of Social Media on Cryptocurrency
Price and Volume. Furopean Scientific Journal, ESJ, 15, 31-52.

Shapiro, A. H., Sudhof, M., & Wilson, D. J. (2022). Measuring news sentiment. Journal of
econometrics, 228(2), 221-243.

Shiller, R. J. (2020). Narrative economics: How stories go viral and drive major economic events. Princeton
University Press.

Souri, A. (2021). Advanced Econometrics: Volume Two. Noor Elm Press, Tehran (In Persian).

Strycharz, J., Strauss, N., & Trilling, D. (2018). The role of media coverage in explaining stock market
fluctuations: Insights for strategic financial communication. International Journal of Strategic
Communication, 12(1), 67-85.

Thelwall, M., Buckley, K., Paltoglou, G., Cai, D., & Kappas, A. (2010). Sentiment strength detection in short
informal text. Journal of the American society for information science and technology, 61(12), 2544-2558.
Thorsrud, L. A. (2020). Words are the new numbers: A newsy coincident index of the business cycle. Journal
of Business & Economic Statistics, 38(2), 393-409.

Valdez, D., Pickett, A. C., & Goodson, P. (2018). Topic modeling: latent semantic analysis for the social
sciences. Social Science Quarterly, 99(5), 1665-1679.

Wang, H., Wang, J., Zhang, Y., Wang, M., & Mao, C. (2019). Optimization of Topic Recognition Model for
News Texts Based on LDA. J. Digit. Inf- Manag., 17(5), 257.

Wilcox, R. R. (2019). Multicolinearity and ridge regression: results on type I errors, power and
heteroscedasticity. Journal of applied statistics, 46(5), 946-957.

Yoon, J. (2021). Forecasting of real GDP growth using machine learning models: Gradient boosting and
random forest approach. Computational Economics, 57(1), 247-265

Zarei, A., Feiz, D., & Taheri, Gh. (2021). Providing Social Market Intelligence Framework based on web 2.0
Using Text-Mining Technique on Social Media Websites (Case Study: Competitive Analysis between
Samsung and Emersun Brands). Management Research in Iran, 24(4), 98-125 (In Persian).



