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42 N. van Erp and P. van Gelder,” BAYESIAN LOGISTIC REGRESSIONANALYSIS” ,(2013),

pProf.Joseph, “Bayesian Analysis in the Health Sciences”, Department of Epidemiology and Biostatistics,
McGill University, Montreal-Canada, 2017

44 Prof.Joseph, “Bayesian Analysis in the Health Sciences”, Department of Epidemiology and Biostatistics,
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Input: the starting point X, the proposal distribution ¢ and the number of iterations N.
forn=1,2,---,Ndo

Sample X" ~ q(-|X,—1)

Compute the acceptance probability a(X,—, X'), where

p(X’)q(anl |XI)
~ p(sz—l)Q(Xan—l)

a(X,_1.X")=min {1

Sample U ~ U[0, 1];
if U < o(X,—1, X') then
X, = X
else
Xn — Xy
end if
end for
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31 Stehman, Stephen V. (1997). "Selecting and interpreting measures of thematic classification accuracy .
Remote Sensing of Environment. 62 (1): 77-89. doi:10.1016/S0034-4257(97)00083-7

32 Fawcett, Tom (2006). “An Introduction to ROC Analysis’. Pattern Recognition Letters. 27 (8): 8§61-874.
Doi: 10.1016/j.patrec.2005.10.010.
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Estimate parameter of logistic regression
using Bayesian inference through applied MCMC metropolis-hastings algorithm
MCMC iteration density plots
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(5) Jsaadl b LS ALl ol At gl el Y) il eyl lla ules) b

1stQu. | 3rdQ Max. | Mean | Media Min.

sarial) ol oddall ey u. n
Jea) o ailal) X1 ROA 0.00| 000, 0.6/ 000/ 0.00 -0.13
4slal) gsha Ao ailal X2 _ROE -0.02| 0.02| 020 -001| 0.01 -0.56
pged) (Ao dilad) X3_EPS -001| 0.26| 867| 0.25| 0.06 -0.26
Al Jga) () Aslal) G5B | X4 Eqratio 0143| 045| 093] 034| 0.27 0.01

169.9 | 5487.5| 186.1
poedbagd) 7y A pgd) au X5 PE| -10.63 8 0 0| 53.61| -2436.36
Al dagdl) (o pgeadl Apud) dasd
pedll X6 MV/BV 0.95| 216 43.12| 235| 145 0.32
- X7_Stockturn

pgesdl Gy Jara over 0.00| 0.01| 0.08| 0.01| 0.00 0.00

] 4739 329.0| 317.2
Byl pgad) X8 BV | 200.10 9| 638.93 0 3 5.68

(Gidiad o (A dagal] OISl Dllad) il lady] e olaie YU Cinlil) dloe] (o Slld) by 5 Jsan
Lllell 555U
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(Caldll ae] o - reaall) Ll yall ol yuiial (o ) Sil g j5ill 5SS

o) ol Sl sl sy (53 ol (5) bl passly (5)sand (e daal 1 i) g —
A ey (XB_VB) sl pend) yr e iole sl Lasll (i 55550 Lgnsan Lo AL

Lawgidl Joa il S o (x4_Eqration) 40 Jea¥) ) ASLY ges
Al Ggin e Sl Aad opeidl on agie buSe Wla) dlia 4 (6) Jsaall o aals
ot 4l syt (S lliy ((X6_MV/BV) dujisall aill o agedl d8ed) Zail) ducsiy o(X2_ROE)
sl ol ol 3 gl 03] oy cneedll die Lo RS Ggin Aacd Ablgs Al ded
coals IS A Do Hekan ¥ 4l Laali ((6) JSa) b cpiladl gaanall il s ) laillg
Cie Sl () el s 3gai  I ans Laly il anf e e oSaN Saall (e el Lind
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Correlation Matrix

X6 BY 01 01 02 02 -02 02 -04 01 .

KT _Stockiurnover

X6_MVIBV

Corr
x5 PE 10
"..
X4 Eqratio
0.0

X3_EPS 0.5
. -1.0
X2_ROE
X1_ROA

Y Performance

(R 4] plasivls Cislifl Slae) (o jrad)) Cilpsiall b)) LLo)Y) disiae O
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pgedl) 13l B Biall Jalsall yan) g 3gail) sy = 1
SV agand) 52US asgha (3 Aaidhall Cilijlhall sha) ga pgudl 1af B Biall Jalsall yyant — |
L (Y_Performance) g sull ss Juay aged) s Jina o

il 35 LSS sl o) g igat il s el ol 8 880 Jalgal) yaal

Gl ile Jarag agudl dile Jans) 5elSl agghe aadinls <2020 ) 2017 (e siad) sadl goud)
a\):z;A\ Eun e O:\_;.JJAEJ\ O Ayladdl aé-*&‘ b 5l (2021 @lily craadting (Y_Performance

(6) Jsandl 8 LS LSSl nsll - 3pail) cilayie il la €3 3l

Std.

Y Performance | Estimate Error zvalue | Pr(>|z|)
(Intercept) | -1.43 0.438 -3.265 0.001
X1 ROA | -9.05 4.574 -1.978 0.048
X2 ROE | 3.722 2.065 1.803 0.071
X3 EPS|5.284 0.732 7.22 0.00E+00
X4 Eqratio | 0.001 0.672 0.001 0.999

X5 PE|O 0 -0.596 0.551
"X6_MV/BV" | 0.085 0.054 1.578 0.115
X7_Stockturnover | 5.142 7.113 0.723 0.47
X8 BV |0 0.001 0.609 0.542
goldreturn | 14.862 3.188 4.662 0.00E+00
USDeturn | -2.707 0.994 -2.722 0.006

) 55168 ssaia 385 Lllall 31osUT ke Gises iy o SIS giaﬂ,;ji// i) il 6 oo
(Sl olae/ (po i ptadd)) Gowll dile Joeog agud) dile Jiro Ao alaie YU

calll e bl caged Ll tall (X3_EPS) 8 0.10 Ligine (g5iene i Lginall cilaleall of Jialg
asis e dlally «(X1_ROA) Jsa) e xilally ¢ (USDeturn) el e xilally (goldreturn)

.(X2_ROE) &Ll

SAY) S e (gl sl sty it el
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mean mcse sd | 10% 50% 90% n eff Rhat

(Intercept) | -1.487 | 0.008 0445 |-2.076 |-1.477 |-0.932 |3180 |1.001
X1 ROA | -9.648 | 0.092 4.55 -15.49 |-9.48 -3.808 | 2443 |1

X2 ROE | 3.88 0.045 2.087 1.261 | 3.839 6.611 2114 | 1.001
X3 EPS|5.372 |0.011 0.725 |4.484 |5.348 6.309 4302 |1
X4 Eqgratio| 0.019 | 0.011 0.672 |-0.846 |0.014 |0.862 [4085 |1

X5 PE| O 0.00E+00 | O -0.001 |0 0 5726 | 0.999

‘X6 MV/BV" | 0.095 |0.001 0.059 [0.022 |0.093 |0.17 2496 | 1.002
X7 Stockturnover | 5.11 0.116 7874 | -4.706 |5.237 14,771 | 4595 |1
X8 BV |0 0.00E+00 | 0.001 |0 0 0.001 4366 |1
goldreturn | 15.35 | 0.045 3.195 |11.26 15.315 | 19.456 | 5127 |1
USDeturn | -2.837 | 0.018 1.015 |-4.158 |-2.805 |-1556 |3203 |1
mean PPD | 0.408 |0 0.027 |0.375 |0.408 |0.443 |5789 |1

- 0.063 2434 | - - - 1486 | 1.003

log-posterior | 175.063 178.437 | 174.675 | 172.202

dle Jaeo o olaie YU agad] 52168 20gdo (3dg Lllal) (gid] i oll] iy =ilii jghs Jss 7 Jsas

(Caldl doe) o 2 pradd)) ol dile Jieag cagu

asghe alatiuls dujull 3Ll 8 Ligieal) clpinal) aaan 4l HLEYI ay Glaleall Ligine e Cuaall (8

cpgedd) 2ile Jreo Ao alaic YU agud] 5216 asgio (385 (sl rIgaill Dgigall Y lae Jon 8 Jsas

t Y1 Jsaall sy élldg P(credible intervals) dagisall <Y sl

parameters

5%

95%

(Intercept)

-2.22

-0.753

X1_ROA

17.457

-2.467

X2 ROE

0.592

7.403

X3 EPS

4.215

6.556

X4 Eqratio

-1.09

1.109

X5 PE

-0.001

0

X6 MV/BV'

0.001

0.196

X7 Stockturnover

-7.882

17.702

X8 BV

-0.001

0.001

goldreturn

10.347

20.575

USDeturn

-4.546

-1.218

(Sl Dlae) (po 2 gradd))  Goud) dile Jreag

3 Albert, 2021, Bayesian Computation with R, 2021, pp. 65, 75
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AL 3gin Lpni A k) (Gl zagall (8 agad) ol (8 Bfi5ally dgiaad) yuaialld sedall 138 ey

sl i3 Janas ((XA_EQratio) aged) =y o agedl jaus Ay «(4_Eqratio) &< syl Y

el apm3 b mdpedl DS DAl Baalis ((X8_BV) sl agesll yass «(X7_Stockturnover)

cpged) ol 8 5i5al

1Ol galll Baga duaad

SIS gl 5l BLasl Al el

Sl sl = 3gall sl Al el

0.4275827

0.4276889

S sl 7 3pal) 3 20l

) Sensll z30adl b A3

%60.8

%60.8

aile Jiea (Ao olaie YU agedl 50l asgie 385 Cunsaill Slasl) D ai)lé ly 0 glis J3n9 Joos

(Sl ose) o gradd)) Gowdl dile Joeog caged]

Joaall b adalinall gaasll Cavas (S5 ¢cpndsadl) o manly (3 ol @llin glay ol (9) i) saall e

:%,,_*&\
Sl | dgall | g 3rd
¢ Min. 1stQu. Median Mean Qu. | Max.
gl | &N 10.6867 | 07711 0.8072 | 0.7998 | 0.8313 | 0.8675
Sy | ey
e glll | Alla
. 0.3433 | 0.3959 0.4278 0.4303 | 0.4655 | 0.5705
G| Bl
Z dgai a5 0.6867 | 0.759 0.7831 0.7845 | 0.8072 | 0.8675
Jlaasy) &Jl.éj
(> sl1) alla 0.3524 | 0.4364 0.4622 0.4824 | 0.5141 | 0.785
(oSS | Bl
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T test | 48y . )
N t 57819 p-value | 0.005927
GaA Al gl

adla

t | 54977 | p-value |000000.14
Byl

e Iaie YU pguad) 50168 aggdo 385 Cpadsaill 5pal 00 J plaléiall 3esill wilii miags Jyan 10 Jpaa
(Sl olse) (o yradd) Gowdl dile Jieag agud) dile Joeo

Gl T Los) 58 Lilias) (gsine (338 cldy cAilide Lo ael (gall z3gail of Jaaki (10) Jsaad) e
b %80 Ly culS Al & (luall Ally winle ol ¢ABal) cppdsall U 3 (SIS z3gaill oo @l

U AT gl o 3saill Sl (S lin SadISl) 350l 5 %78 L e gyl 7 sl

1Y) Asball asel 8 pualy Al glang

fill
Bayesian
Classic

alpha

|:| 02

density

0.4 05 06 0.7 0.8
loglossC

oo o alaic YU pgud] 52168 ag¢do (385 (padsadll AST Hlusd) U pipleoll Main Y] asjsill 8 S
(Sl e o jradd)) Gowdl dile Joeog aged dile
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10.0 -

7.5-
fill
Bayesian
Classic

alpha

|:| 02

5.0-

density

25"

0.0-

0.68 072 0.76 0.80 0.84
accuracylistC

s gl Sle. Ses o oo Y pguad] 50LiS msgin 385 Cpnsaill NS Gialf_MLain Y pjsil 9 JS2)
(sl ose) e jradd)) Gowll dile

i o indll 8ol nseie 35 aga¥) elal 3 855l Jalsall diand b cpmdpadl e S ciis] s
(goldreturn) cadl) e slally (X3_EPS) agudl e 2ilal) 22a oS Gs};m i jeudl dle
S gshs e dlally (XI_ROA) Jsa¥) e dlaly ((USDreturn) NVeall e il
ed (g B Lo agu A LYl J8 lgd lalls dgnlehie ann Ay e s «(X2_ROE)
Bt caenll) ol 3 9T 850 liie 3 ) (gl sl 2 3sa o i 8 Al (35S0
Jinss ((XA_EQratio) gl my e agedl yaus s ¢ (EQratio_d) i<l Joo§) LY LSlal) 3im
&b gealy A agag aae ae ((X8_BV) sl agull sy ((X7_Stockturnover) agudl ofys
Bleal) wjlely a8l adaliall aaill w3l ¢ 5ol T olaal of cpn B epladl) dlla Suwlegd o s

Bl Al disle gl ¢dBall Cun e (il z 3gaill Alas 3US el
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SV pgadd) B6US aggha (329 Aaidhall Cilihall sia) o pgedl) el B Biall Jalgall yaat—
:(Y_PerformanceAND) callly Nally ¢ goudl dle Jiag cagasl) Sle Juna o

sand) iy ol b il sl aslia e gl 3! an Lusgie il o5 Ayl oin b
5aal 53l 3l il (385 SIS ensll JaaiV) z3sa8 a3 cagd) olal 3 83501 alsad
Vsl ¢ 3ol Ble Jane o ST gl Sle Jine) 2 el SUSH sgie pasiuls 2020 LY 2017 (e
e sl G Alially g slols 5ll (2021 cliky cuersialy (Y_ PerformanceAND) <l

(11) dsas b LS SudS) @mﬁ\ Csy}s\ laial cilks €h gl chdsd Cua

Std.
Y PerformanceAND | Estimate Error zvalue | Pr(>|z])
(Intercept) 1.406 1.121 1.254 0.21
X1 ROA 5.634 8.765 0.643 0.52
X2 ROE -13.893 5.727 -2.426 0.015
X3 EPS 101.91 19.237 5.298 0
X4_Eqgratio 0.636 1.488 0.427 0.669
X5 PE 0.001 0.001 1.854 0.064
X6 _MV/BV- 0.395 0.197 2.002 0.045
X7 _Stockturnover 52.252 26.102 2.002 0.045
X8 BV 0.003 0.002 1.901 0.057
goldreturn -36.471 9.135 -3.993 0
USDeturn -6.214 2.438 -2.549 0.011

pgedl] 5018 aggia 385 Dllall 5100 iied s ilily o SIS i glll oniY) ilii 11 Jpon
(Gl ole) o 2 jradd) cailly «_Ylly o seall aile Jwag iageal] 2o Jins A olaie YU = i)

X2 _ROE) ) isldl 3gia o dlall & 0.10 digine (grine die dsinad) cilabadll o) 4ie Laalsg
«(USDeturn) Yeall e xilally (goldreturn) um\ se Blally caguadl e 2ilallg (X3_EPS
peedl il Al o agudl Adgud) dadll dswiy (XS_PE) agudl my Jo agudl jaw dsudg

Sy ((XB_BV) Bsud) pgad sass «(X7_Stockturnover) aedl olyse Jses o X6_MV/BV')

o () sl oy it
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mean mcse sd | 10% 50% 90% n eff Rhat
(Intercept) | 0.594 | 0.011 0.58 -0.146 | 0.588 1.337 | 2582 |1.002
X1 ROA | -2.846 |0.124 5783 |-10.498 |-2.635 |4.291 |2181 |1.001
X2 ROE | -1.925 |0.062 2.839 |[-5.587 |-1937 |17 2091 | 1.001
X3 EPS | 23.032 | 0.056 2.458 19.893 |22.986 |26.247 | 1952 |1
X4 Eqgratio | 0.646 | 0.018 0917 |-0.512 |0.639 1.826 | 2705 |1.002
X5 PE|O 0 0 -0.001 |0 0 3537 |1
‘X6_MV/BV" | 0.075 |0.002 0.083 [-0.029 |0.071 0.182 |2662 |1.001
X7 Stockturnover | 12.949 | 0.237 14.07 | -4.264 |12.147 |31.506 |3521 |1.001
X8 BV |0.001 |0 0.001 |0 0.001 [0.002 |3306 |1
goldreturn | -10.522 | 0.059 3.653 |-15.248 | -10.515 | -5.915 |3781 |1.001
USDeturn | -2.86 0.018 1.123 | -4.3 -2.856 | -1.436 |3818 |0.999
mean PPD | 0.626 |0 0.022 0598 [0.625 |0655 [3831 |1
- 0.063 2434 | - - -98.634 | 1505 |1
log-posterior | 101.476 104.806 | 101.122

e e laic YU o5l gl 5568 msgia (35 Lllal) _fieunslll Slni¥] eilii gl Jpos 12 Joas

(Gl sle) o 1 jnal) s illy o Yoally s Gocall dile Jresy ipgesl! 2o

Lginall Jalgall ] sﬁo(credible intervals) d3gisall ciYlaall asghe ariivne bl dls el 8 LS

parameters | 5% 95%
(Intercept) | -0.372 | 1.54
X1 ROA | -12.676 | 6.421
X2 ROE | -6.593 | 2.805
X3 EPS | 19.073 | 27.28

X4 Egratio | -0.831 | 2.195

-0.001 |0

"X6_MV/BV" | -0.053 | 0.219
X7 _Stockturnover | -7.963 | 38.148
X8 BV |0 0.002
goldreturn | -16.598 | -4.633
USDeturn | -4.734 | -1.039

dle Joeo Ao olaic YU 7 jibal] agud] 52168 a5gdo (345 (givll zIgaill Lisigall <Y ao Joan 13 Jos

(Calll Soe] ro : yrmad) cailly Yol ¢ Gpaall dile Jrnay spgesd

ASL sin At 2 el (gl g dpadl 8 pgnd) o1 8 55ally Al il aseiall 138 (a5

sl Chgs dinas (X5_PE) agedl sy le gl s Ay ((XA_Eqratio) <) syl Y

75- 65 dniea (s g2 50
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((X2_ROE) 18lll 348a o agull Siley ((X1_ROA) J Joa¥) o xilally «(X7_Stockturnover)

sle dledls (goldreturn) el e xilalls ((X4_Eqratio) ai<i Jeay) ) A4Sl geis Ao

sl s ((X6_MV[BV') agul &uial) daall o agel dgudl Laill Gy ((USDeturn) Yyl

[(X8_BV) dsul

1ol gaill Bags aaal

(ablial) asally cABally gyluadl Al Jjlegl) clyige A 33y igaill agn 22a0u

SIS il el 5Lasl A i)

Sl sl 3l sl Al e

0.1033548

0.1795454

SIS gl 35l 3 280

Sl Senslll £ 3pal) 3 23

%86.9

%91.3

Ao e YU #jibal) agudd 521 2 ggb0 (385 (pndgaill Hlail) A piylegly A8l gl Jon T4 Jos
(Sl Soe) (po 2 jradd)) cailly « Ysallg ¢ Goud] dile Jaess cagead] 2ile Joeo

(oSS sl 2 35adl che Laie ol 8] S (gl Snsll z 35 o el il Jsaadl e

Gl Clas ey (Sed £ 350l 435l5e (Gl z3sal) 8 ST Bledll Alla pjle sl dad culS Sy

V) Jsanll b LS palisal

C.UA.\S\ igall Min. . 3rd
1stQu. Median Mean Qu. | Max.
zigal a3al) 0.8675 | 0.9157 0.9277 0.926 | 0.9398 | 0.9639
Syl | e 0.1229 | 0.1587 0.1777 0.1753 | 0.1898 | 0.2353
easll) | Al
gl 8l
a3 0.8313 | 0.9157 0.9277 0.93 0.9518 | 0.988
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ciss | syl |0.04943[0.13412] 018352 [ 0.20987 [ 0.23656 | 0.6727
Jlaady) | Al
Siasll) | Bludl)

(SISl
T test | 4l t 1.1097 p-value 0.2685
GaAl | alle gl t 2.9918 | p-value |0.003433
Al
8 )lud)

JLa_'icyLrCJﬁﬁaJ/ra@AJ/ EQLKﬁ%-éA d’ﬁj U:JA..J}AJ-U‘K;)A ]00 J#W/dﬁ;ﬂ/zﬁ&c&ajﬂ CJ}JAJ.S ‘J}-—)A
(Gl Sse] ot jrcanl) ciailly o Yol ¢ s dile Jseag ipgusd! ile Jies o e

(aaal T las) 53y Lilan) (ggine 3y cldy At Lad el (ghull z3saill of Laali (15) Jsaad) e
sl zagaill & plaall Ay gle gl cul€ 3 cplaall Al wujlegl b SIS 2 3gaill ge ellyy
Aflian] AVa 53 LAl @llia (S Al 28N Ll ¢ SIS iwnsll) 2 3gail) 810.21 Qilae 0.17 (g3

25l e Augina Jalse Loiamgs Wasn ) Jalsally (g3l 7 3padl o Gl dias ¢cpadsall US 3

Lall aspll 8 laaly Gl edag o SwdS easll) zisall Al el 5ol

loglossC
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es (oo Lae VLo gl 50165 nsgie (385 omdoadll NI o) Al wilisll ()il asjeill] ) JS)
(Caldl e o samsd) iy« Ysall e sl Sile iy nged e

10.0-

75-
fill
Bayesian
.-E' Classic
E 5.0-
alpha
[[Jo2
25-
0.0-
0.68 072 076 0.0 0.84

accuracylistC

iagead] dile Jino o olaic YU agud] 5216S 2 9gdo (399 (pndsail) ST L8] (o))<l asjgill] ] JSLT
(Caldl dae) o srad)) cnilly ¢ )Yslls ¢ gl dile Jieas
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:Aadll) Baall agad) slaly 3uill 7 alail) oliy — 2
Jia o oYL aguad) BoliS aggda (329 Aaidiall cilijiall eha) aa agull sl gl
:hbid (Y_Performance) sl aile g agusd) 2ile
ol da Gl tAlal) aall bl e 2l ] Radlil saad) 8wl Lty 183 e aald) i syl o3 3
ol 808 2 sgia (385 @l 5 ot Adlall Baall LA A 3l se Ledan 5 et+] Baall L o laY) iy 3 els ) s al
il 2021 lly Caadiul «(Y_Performance) Gl dle Jaaa ‘ﬁ_ml\ Ale Jaea e aldie Y4

i sl 3 sail) s jae e s S5 bl Gl pbgall s e O gl A jlaall g ‘N_J‘yl elaly

(61) Jsaall (8 1aS 1 SpudS))

Std.

Y _Performance | Estimate Error zvalue | Pr(>|z|)
(Intercept) | -0.621 0.334 -1.859 0.063
X1 ROA | 0.081 3.262 0.025 0.980
X2 ROE | 0.219 1.687 0.130 0.897
X3 _EPS | 0.102 0.179 0.571 0.568

X4 _Eqgratio | -0.220 0.514 -0.428 0.669

X5 _PE | 0.000 0.000 0.399 0.690
"X6_MV/BV" | 0.025 0.045 0.558 0.577
X7_Stockturnover | 15.100 7.727 1.954 0.051
X8 BV | 0.000 0.000 0.826 0.409
goldreturn | -6.828 2.327 -2.935 0.003
USDeturn | 1.698 0.707 2.400 0.016

5068 5 ggda 54 g LilLa/ UIJJJUW_) Qs lily e S plLv/j P TS }.[//J/..}AJ;//GJJQA.E// 16 Js2a
(Cald sae) e : grad)) (§ld] dile Jira g iagiad Aile Jixa Ao slaic YU gl

e dlall 5 (goldreturn) cadll e xilall o 0.10 4 sina (5 giua dic 4y ginall Slalaall Of 4ie Jaaly

(X7_Stockturnover) agsll o) )52 Jixe « (USDeturn) LY sl

c;-"&\ Jgasl) <t WS CJ}A.J\ 132 Baga é\t\.\ cnl&s
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-

gl Fasd

PEXY] %82.6

SWECETIpERI 0.6501417

A8 Jaugia — alaliial) gaas) %61.3

Bl Al ailé gl augia — alaliiall (gEadl 0.6818

r:}g_t).adﬂ}(Méﬁw}fﬁ/[@mﬂ/cJM&éM/dM/joJLuA.//‘{J/Jra.uJLc}JJ A0 add [ 7 Jgan
(Sl olse) (o : jradd)) (§sid] dile Jira g ipgidd) dile Jira e slaie YU agld aile

(Y JSall e (gl uj.m;)ﬂ\ D)) il CilS

mean mcse sd | 10% 50% 90% n_eff Rhat
(Intercept) | 1558.7 | 5.8 302.9 1175.9 |1557.1 19414 |[2757.0 |10
X1 ROA | -21 0.1 3.8 -6.9 -2.1 2.8 19440 | 1.0
X2 ROE | 0.9 0.0 1.9 -1.6 0.9 3.3 1913.0 | 1.0
X3 EPS | 0.1 0.0 0.2 -0.1 0.1 0.4 4180.0 | 1.0
X4 Egratio | 0.0 0.0 0.5 -0.6 0.1 0.7 3050.0 | 1.0
X5 PE | 0.0 0.0 0.0 0.0 0.0 0.0 4505.0 | 1.0
‘X6_MV/BV | 0.1 0.0 0.1 0.0 0.1 0.1 2155.0 | 1.0
X7 _Stockturnover | 2.6 0.1 4.7 -3.1 24 8.8 5314.0 | 1.0
X8 BV | 0.0 0.0 0.0 0.0 0.0 0.0 4158.0 | 1.0
goldreturn | -0.8 0.0 0.2 -1.0 -0.8 -0.6 2756.0 | 1.0
USDeturn | -8.7 0.0 2.3 -11.7 -8.7 -5.8 4037.0 | 1.0
mean_PPD | 5.3 0.0 1.0 4.0 5.2 6.5 3231.0 | 1.0
log-posterior | 0.4 0.0 0.0 0.4 0.4 0.5 4706.0 | 1.0
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Std.

Y Performance | Estimate Error zvalue | Pr(>|z|)
(Intercept) | -0.075 0.353 -0.212 0.832
X1 ROA | -1.558 3.479 -0.448 0.654
X2 ROE | 1.811 1.762 1.028 0.304
X3 EPS | -0.361 0.208 -1.742 0.082
X4 Eqratio | 0.979 0.554 1.769 0.077

X5 PE | 0.000 0.000 0.988 0.323
‘X6_MV/BV | 0.044 0.047 0.938 0.348
X7_Stockturnover | 6.377 6.493 0.982 0.326
X8 BV | 0.001 0.001 2.690 0.007
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mean mcse sd | 10% 50% 90% n_eff Rhat
(Intercept) | -0.12 0.01 0.37 -0.59 -0.12 0.35 3646.00 | 1.00
X1 ROA | -1.42 0.08 3.64 -6.08 -1.48 3.16 2290.00 | 1.00
X2 ROE | 1.85 0.04 1.81 -0.45 1.83 4.22 2166.00 | 1.00
X3 EPS | -0.40 0.00 0.21 -0.68 -0.39 -0.14 4712.00 | 1.00
X4 Eqratio | 1.04 0.01 0.56 0.32 1.03 1.76 3694.00 | 1.00
X5 PE | 0.00 0.00 0.00 0.00 0.00 0.00 4634.00 | 1.00
X6 MV/BV" | 0.05 0.00 0.05 -0.01 0.05 0.12 2811.00 | 1.00
X7 Stockturnover | 8.16 0.12 7.56 -1.28 7.80 17.74 4279.00 | 1.00
X8 BV | 0.00 0.00 0.00 0.00 0.00 0.00 4374.00 | 1.00
goldreturn | -4.54 0.03 2.54 -7.76 -4.57 -1.29 5497.00 | 1.00
USDeturn | -1.49 0.01 0.77 -2.48 -1.47 -0.52 4450.00 | 1.00
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Bayesian Logistic Regression Analysis  Preparedata | Model

Comparison between Bayesian and classical approach

‘our Modle is
[1] "¥_Performance~X1 ROA+X2 ROE+X3 EPS5+X4 Eqratioc™
Classical logstic regression result
Call:
glm{formula = as.formula(form), family = binomial(), data [ df)
Deviance Residuals:

Min 1Q Median Q Max
-2.1571 -8.9369 -8.5484 1.8568 2.4813

Coefficients:

Estimate Std. Error z value Pr{(>|z|)
(Intercept) -8.29289 8.3128 -8.956 @.339
X1_ROA 14.28%2 9.9952 1.438 @.153
X2_ROE 4.524% .@355 1.564 @.118
X3_EP5 3.6179 . 7981 4.579 4.67e-06

= @ W

X4 Egratio -1.24259 7665 -1.822 @.185

Signif. codes: @ “*¥%' g.@a@1 “**’ 4.01 ' B.065 .7 8.1 |’ 1
(Dispersion parameter for binomial family taken to be 1)
Null deviamce: 254.81 on 183 degrees of freedom
Residual deviance: 285.21 on 179 degrees of freedom

(4 observations deleted due to missingness)

AIC: 215.21

Number of Fisher Scoring iterations: &

Sl pitiall b s
Model ) s taiial

Samil zdgal 305 yglas
ielly Fose DB G gl

Bayesian logstic regression result using MCMC - Metropolis-Hastings Algorithm

Iterations = 1881:11008
Thinning interval = 1
Number of chains = 1

Sample size per chain = 10088
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library(bayesrules)
library(rgl)
library(rstanarm)
library(bayesplot)
library(tidyverse)
library(tidybayes)
library(broom.mixed)
library(MCMCpack)
library(broom)
library(plot3D)
library(scatterplot3d)
library(plotly)
library(cowplot)
library(plot3D)

library(ggpubr)

library(janitor)
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library(tidybayes)

library(MLmetrics)

__________________________ #

#generate data model

sample_size <- 1000

x1 = rnorm(sample_size) # some continuous variables

X2 = rnorm(sample_size)

z=1.21 + 4.1*x1 + 0.0000516*x2 # linear combination with a bias
pr = 1/(1+exp(-z)) # pass through an inv-logit function

y = rbinom(sample_size,1,pr) # Bernoulli response variable

df = data.frame(y=y,x1=x1,x2=x2)  #save data into data fram
summary(df)

sd(df$x1)

#build classical model
glm<—gIm( y~x1+x2,data=df,family="binomial")

summary(glm)
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tidy(glm,effects = "fixed', conf.int = TRUE, conf.level = 0.90)

#fit model using Rstan package
fitrstan<-stan_gIim(y~x1+x2, family = binomial(), data=df, refresh = ()
summary(fitrstan)

tidy(fitrstan, effects = "fixed', conf.int = TRUE, conf.level = 0.90)

##log loss function

log_loss <- function(actual, predicted)

result=—1*mean((actual*log(predicted)+(1-actual)*log(1-predicted)))

retu rn(result)

#create sub-sit 20% of data (test data) to apply the model and test the logless function

#testing_data <- sample_frac(df,0.2,replace = T)
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#apply the log loss function on two columns 1 - fitted vlues 2 — actual Y
#log loss function (Bayesian)

fitrstan$y <— as.double(fitrstan$y)

fitrstan$y <- ifelse(fitrstan$y == 2, 1, 0)

LogLoss(y_true = fitrstan$y,y_pred = fitrstan$fitted.values)
log_loss(fitrstan$y fitrstan$fitted.values)

#log loss function (classic)

LoglLoss(y_true = as.numeric(gim$y) ,y_pred = gim$fitted.values)
log_loss(as.numeric(gim$y),giméfitted.values)

##confusion matrix (accuracy)

#accuracy (Bayesian)

pred_1<-predict(fitrstan,newdata = df,type = 'response")
table(df$y , pred_1>=0.5)

1000/(527+326)

#accuracy (classic)

pred_2<-predict(glm,newdata = df,type = "response’)
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table(df$y , pred_2>=0.5)

50/(33+12)

#icross validation (Bayesian)
#create accuracy function
accuracy <- function(tabel)}
if (sum(dim(tabel)) == 4)}
sum(tabel[row(tabel)==col(tabel)])/sum(tabel){

else {sum(tabel[rownames(tabel)==colnames(tabel)])/sum(tabel)}

loglossB<-()
accuracylistB<—-(
y<-0

for (i in 1:100)}

index<-sample(nrow(df),nrow(df) *0.8,replace = F)
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traning_data<-dffindex,]
fitrstan<-stan_gim(y~x1+x2, family = binomial(), data=traning_data, refresh = Q)
testing_data<-df[-index,]
pred_1<-predict(fitrstan,newdata = testing_data,type = 'response’)
classifications <- testing data %<%
mutate(pred_1 = as.numeric(pred_1,(
class_2 = as.numeric(pred_1 >= 0.5) %<% (
select(x1,x2,pred_1, class_2, y)
table<-table(classifications$y, classifications$class_2)
sum(tablef])
accuracylistB[i]<—accuracy(table)
y<- ifelse(as.double(testing_data$y)==2,1,0)

loglossB(i]<-log_loss(actual = y,pred_1)

mean(accuracylistB)

hist(accuracylistB)
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hist(loglossB)

mean(loglossB)

#cross validation (Classic)

#create accuracy function

accuracy <- function(tabel)}
if (sum(dim(tabel)) == 4)}
sum(tabel[row(tabel)==col(tabel)])/sum(tabel){

else {sum(tabel[rownames(tabel)==colnames(tabel)])/sum(tabel)}

testing_data$y<—as.numeric(testing_data$y)
loglossC<-()
accuracylistC<-(

y<-0

for (i in 1:100)}
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index<-sample(nrow(df),nrow(df) *(0.8,replace = F)
traning_data<-dffindex,]
glm<—gIm( y~x1+x2,data=traning_data,family="binomial")
testing_data<-df[-index,]
pred_1<-predict(gim,newdata = testing_data,type = "response’)
classifications <- testing_data %<%
mutate(pred_1 = as.numeric(pred_1,(
class_2 = as.numeric(pred_1 >= 0.5) %<% (

select(x1,x2,pred_1, class_2, y)
table<-table(classifications$y, classifications$class_2)
sum(table[])

accuracylistCli]<-accuracy(table)

y<- ifelse(as.double(testing_data$y)==2,1,0)

loglossCli]<-log_loss(actual = y,pred_1)

mean(accuracylistC)

hist(accuracylistC)
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hist(loglossC)

mean(loglossC)

#t Test for two exercise

t.test(loglossC, loglossB, alternative = "two.sided")

t.test(accuracylistC, accuracylistB, alternative = "two.sided")

#plot two cross validation exercise

ggplot()+geom_density(aes(x =loglossC,, fill = ‘'Classic’,alpha = 0.2) )+
geom_density(aes(x =loglossB;fill = "Bayesian',alpha = 0.2)) +

scale_color_manual('Legend Title", values=c('y1"="red", "y2'="blue"))

ggplot()+geom_density(aes(x =accuracylistC,, fill = 'Classic’, alpha = 0.2) )+

geom_density(aes(x  =accuracylistB,fill 'Bayesian’,alpha 0.2)) +

scale_color_manual('Legend Title", values=c('y1"="red", "y2'="blue"))

repaet

log_loss <- function(actual, predicted)

result=—1*mean((actual*log(predicted)+(1-actual) *log(1-predicted)))

retu rn(result)



96

accuracy <- function(tabel)}

if (sum(dim(tabel)) == 4)}

sum(tabel[row(tabel)==col(tabel)])/sum(tabel){

else {sum(tabel[rownames(tabel)==colnames(tabel)])/sum(tabel)}

glm<- list()

fitrstan <—Iist()

loglossB<- ()

loglossC <- ()

pred_1 <- list()

pred_2 <- list()

tb <- list()

tc < list()

accuracyB <- ()

accuracyC <- ()
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sizeL <- ()

for (i in 1:1000 )}

sample_size <- 30
x1 = rnorm(sample_size) # some continuous variables
X2 = rnorm(sample_size)
z=1.21 + 4.1*x1 + 0.0000516*x2 # linear combination with a bias
pr = 1/(1+exp(-z)) # pass through an inv-logit function
y = rbinom(sample_size,1,pr)  # Bernoulli response variable
df = data.frame(y=y,x1=x1,x2=x2)

#build classical model
gim[[i]]<-gIm( y~x1+x2,data=df,family="binomial")
fitrstan[[i]]<—stan_gIm(y~x1+x2, family = binomial(), data=df, refresh = ()
#log loss function (Bayesian)
fitrstan[[i]]$y <- as.double(fitrstan[[i]]$y)
loglossBl[i]<-LogLoss(y_true = fitrstan[[i]]$y,y_pred = fitrstan([i]]$fitted.values)
#log loss function (classic)

loglossCli]<-log_loss(as.numeric(gIm[[i]]$y),gIim[[i]]$fitted.values)
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#accuracy (Bayesian)

pred_1[[i]]<-predict(fitrstan][i],newdata = df,type = 'response’)

tb[[i]]<-table(df$y , pred_1[[i]]>=0.5)

accuracyBl[i]<—accuracy(tb[[i]])

#accuracy (classic)

pred_2[[i]]<-predict(gim[[i]l,newdata = dftype = response")

tc[[i]l<-table(df$y , pred_2[[i][>=0.5)

accuracyCli]<—accuracy(tc[[i]])

print(i)

print((i/1000)* 100)

plot(seq(1:31),sizeA, type=")
summary(accuracyC)
summary(accuracyB)
summary(loglossC)

summary(loglossB)
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tab[1,] <- data.frame(accuracyC =accuracyC , loglossC = loglossC )

tA<- t.test(accuracyC,accuracyB)

tL<-t.test(loglossC,loglossB)

ggplot()+geom_boxplot(aes(x  =loglossC, 'y = ‘'Classicalpha = 0.2) )+

geom_boxplot(aes(x =loglossB,y "Bayesian',alpha = 0.2)) +

scale_color_manual('Legend Title", values=c('y1'="red", "y2'="blue"))

ggplot()+geom_boxplot(aes(x =accuracyC, y = 'Classic’, alpha = 0.2) )+
geom_boxplot(aes(x =accuracyB,y = 'Bayesian’,alpha = 0.2)) +

scale_color_manual('Legend Title", values=c('y1"="red", "y2'="blue"))
tA$p.value

tab <- 0

tA<- t.test(accuracyC,accuracyB)

tL<-t.test(loglossC,loglossB)

tab[6,] <- data.frame(sample_size = sample_size , accuracyB = mean(accuracyB) ,
accuracyC = mean(accuracyC) loglossB= mean(loglossB) , loglossC =

mean(loglossC) , t_test_accuracy = tA§p.value , t_test logloss = tL$p.value )

write.csv(x = tabfile = "final_simulation_tabel.csv")
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## cross validation (Bayesian)

#create accuracy function

accuracy <- function(tabel){
if (sum(dim(tabel)) == 4){
sum(tabel[row(tabel)==col(tabel)])/sum(tabel)}

else {sum(tabel[rownames(tabel)==colnames(tabel)])/sum(tabel)}

## log loss function

log_loss <- function(actual, predicted)

{
result=—1*mean((actual*log(predicted)+(1-actual) *log(1-predicted)))
return(result)

}

loglossB<-()

accuracylistB<—()

y<-0

df<-Data[,c(33,34:41,27,28)]

for (i in 1:100) {
index<-sample(nrow(df),nrow(df) *(.8,replace = F)

traning_data<-dffindex,]
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fitrstan<—stan_glm(Y_Performance_OR ~., family = binomial(), data=df, refresh =
0)
testing data<-df[-index,]
pred_1<-predict(fitrstan,newdata = testing_data,type = "response’)
classifications <- testing data %>%
mutate(pred_1 = as.numeric(pred_1),
class_2 = as.numeric(pred_1 >= 0.5)) %>%
select(pred_1, class_2, Y_Performance_OR)
table<-table(classifications$§Y_Performance_OR, classifications$class_2)
accuracylistB[i]<—accuracy(table)
y<- as.double(testing_data$y_Performance_OR)
loglossBl[i]<-log_loss(actual = y,pred_1)
}
summary(accuracylistB)
hist(accuracylistB)
test<-as.data.frame(accuracylistB)
test$accuracylistB
hist(loglossB)

summary(loglossB)
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## cross validation (Classic)
#create accuracy function
accuracy <- function(tabel){
if (sum(dim(tabel)) == 4){
sum(tabel[row(tabel)==col(tabel)])/sum(tabel)}
else {sum(tabel[rownames(tabel)==colnames(tabel)])/sum(tabel)}
}
loglossC<-()
accuracylistC<-(
y<-0
pvalue <- data.frame()
for (i in 1:100) {
index<—sample(nrow(df),nrow(df) *0.8,replace = F)
traning_data<-df[index,]
gim<-gim( Y_Performance_OR ~. ,data=traning_data,family="binomial")

#glm <- glm( df$Y_Performance_Gold_USD ~. ,data=df,family="binomial') #

classical model
testing_data<-df[-index,]
pred_]<-predict(gim,newdata = testing_data,type = "response’)
classifications <- testing_data %>%
mutate(pred_1 = as.numeric(pred_1),

class_2 = as.numeric(pred_1 >= 0.5)) %>%
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select(pred_1, class_2, Y_Performance_OR)
table<-table(classifications$Y_Performance_OR, classifications$class_2)
accuracylistCli]<-accuracy(table)
y<— as.double(testing_data$Y_Performance_OR)
loglossCli]<—log_loss(actual = y,pred_1)
pvalue[i,] <- as.data.frame(t(as.matrix(summary(glm)$coefficients[,4]) ) )
}
summary(pvalue)
summary(accuracylistC)
hist(accuracylistC)
hist(loglossC)
summary(loglossC)
summary(glm)
#t Test for two exercise
t.test(loglossC, loglossB, alternative = "two.sided")

t.test(accuracylistC, accuracylistB, alternative = "two.sided")
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Abstract

Investing in the stock market requires using scientific methods to determine the best
Investment options. Logistic regression is one of the statistical methods that can be
used to classify stocks, with the appearance of the new approach called the Bayesian
approach as an alternative to the classical approach, it was necessary to determine
which of the two approaches is better in classifying stocks and determining the factors
affecting their performance, The researcher used simulation and applied it to data
from the Damascus Stock Exchange to reach the best method. The simulation results
showed that when the sample size was small, the accuracy and logarithmic loss of the
classic logistic model were better than those of the Bayesian logistic model. However,
when the sample size was large (more than thirty), there was no significant difference
between the two models. And the data of Damascus Stock Exchange also showed that
both models differed in identifying the factors affecting stock performance, as both
models were able to predict stock performance with a slight difference in prediction
accuracy in favor of the Bayesian model. The researcher proposed a logistic model
that determines stock performance based on the average market return, gold return,

and dollar return, and the accuracy of the proposed model in prediction was 95%.

Keywords: logistic regression, iterative approach, Bayesian approach, stock
performance, stock return, market return, Bayesian theory, regression, cross

validation, Bayesian.
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