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Chapter 1

A= (Introduction)

EA5t= A oujdith o] 3 Z& Qo= okt o] EAst
ATt Tk EEES], 5 W 4F SE Uro] B4 g sjof gttt
A oF 5 e (Multilevel Model)S &-8-6to] o] 23t ZE5A4ES 24T &
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1.1. 49+ A7

TtE 1§ (Multilevel Model)-2 AFS]a}sto]| A wo] Ao]
(level)o] 70 o/ FQl A aE 24 o AQItt. o
A2 AR WiRo] ZF ol FAH =1
Attt o] HE A9 g3 (random effect)@} 114§ 7} (fixed effect)2t
REC A2 Sol, o] 1HWR AAE AB2A 4R E AR o
15, I W 7492 U] T A5 2 (two-level model) 2 A2t
itk QIolael oujt 2A 229 87 A%l 24 1R o

L ol G2 7 1FUR 04} ohE S Yok ol T T2 B
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Tt A2 50| AlEA FZX(hierarchical structure)E 7} Ut} o
of, AE AEXA A AGE AA] A, 2| FH Fo] LA st
otgol]l HEZAME AT IS0l Hiet R ASH o= AR
(Elcheroth et al. 2013). o]<} Zo] H|o|g AtS] 27} A& EJIE = WA 7}

9% o thz Rz Haelo] & o TAH B0l Brald,
ThH& 2§ (multilevel model) 7|22 6 2 AFQ] 4=2(higer level) Q] 7| A& At
oje]] Zfo]7} EAstE Al AT TAE EASH =, B2 &9 % Stell

519l S (lower level) o] WA &2 Aol AT Aot offotd

[¢} = i
SAR (simultaneous autoregressive) S WA A A o] & 13T 4= Ith(Dong
& Harris. 2015). SAR B&@-2 27| 37 B4-2 E54
= HH6h= R o]t} (Cressie. 2015). SAR &
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A7) A

Z]
A

weight matrix)-2 A& S7HA] 2Fo](spatial lag) 22 F7t

c}.
o] HSAR(Hierarchical SAR) &

o]
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2
s

S}
=

(spatial autocorrelation)2 T &
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=
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2.2. o] AAz

CH2 Figure 2.2 A & AR E S| AEIH O R Tl Ho|th | AETD
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historam of sales : log_10 transformation
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Chapter 3

HIH 2 (Method)

7t 559 (multilevel model)& -85 E54HS 245H7] oA A
HAZ 7] 24 Q0 opZn o] tholjA] FotEot Teg|al thZ o2 wWol Xol=
F7F 2 2l SAR(Simultaneous Autoregressive) -2 t}& L2 2 FAFA|]

HSAR(Hierarchical Simultaneous Autoregressive) g o] tfsf|A] GotH ==
ey

3.1. Tr&EX Y (Multilevel Model)

=R 3 2go) dutsle g o2 Z(level)o] o791l =Y
T1ejar sk Qref] of 2 Shgofl

BAY 4 9k ok 77t

= Y =
AR 478 s 4 ek olskgro] 491, 549 £ 741 gl Hlo]
g0] Z%o] FERBL APAW Bt HSAG BAL & 5 gk 48R



% % 917] jRoltt
fzo] T hEREL AZAEA. & NSl Holet ZAstn JA ]
9] ol ZATER 52k 2 ol nyel Si9l S gl £t
0% oz ehvl o3t 2o,
Yij = Boj + l’iTj,Bj +€; (5He] <)
Brj = Yeo + %T’Yk +u; (A9 F5)
var(e;) = o2 ; var(ug) = o>
j j k (3.1)
cov(eij, urj) = 05 cov(eij, eijr) = 0if j#j
i=1,...m; j=1,...,J, k=01,... K
n4---+n;=N
4 (31)olA it 58] 42 e, ji 9] 429 Qleolck T 59
9] FHH (covariate) o] Al x] = A9 o] FRATOITh weEbA 8o} v+=
242t 5hf, A o ﬁ]—’%(coefﬁcient)OW}. 3t u = A9 £F9 93

(crror), €= 319] -22] @.7foc

OERE A9 A94ES o@A] wasshke] Thebd o olE v ran
don effect), 1 A T} (fixed effect) 2 ro]d 4= ot whetA thERE-S ¢
Ola 3 2 ¥ (random effect model) 0.2 A oJ6HH AP 2t H H (linear mixed
model) 0.2 B3 24 4 QT W y7} ol gel AL A A2el A

Auts} e =gt (generalized linear mixed model)-& 2-85F 4= Qlt}.

10



3.2. SAR B9 (Simultaneous Autoregressive
Model;SAR Model)

SAR B2 53t SAto A @ol 2ol B oz AFAAstolut 2|2
5t @ So Wel solt ot /4 1Ee RRRE AHE
4 W41 yoll F7HH] Ao (spatial lag) & Teig R ol

(spatial lag model)o]2tal 2T} 2|02 THSIH tf20 At

R
ol

SUAAR Y

R

—~

y=pWy+e (3.2)

Al (3.2)00| Al W= nxn FER, 37t 7F5%] 9 (spatial weight matrix)o|t}.
1831 p= A7) 3] H B4 (autoregression coefficient) 2 g|o| B &2 FE =4S
0 o] mPL Fojx A71e] ygtol 77k Aol Sl QBT Aol ek
2 gt W 4 Pl ol o] HES BES} ok ujaby F
29| ERZL SN0 WGl Bk 4] (32)8 oL} 2ol ehd

y=(I—pW)!

F7FHA QI A X7t A3 H 28 33t 217] 89 Y (mixed spatial
autoregressive model)o]g} 217 t}23} Z+e Ao g2 FHSH 4 ¢t

y=Xp+pWy+e€

HE 0] 5| Alof| 2}7] 3] (autoregressive) IS
of thellAl A ejstH ofefjet Zrt

oliL

2~ S
o A 2 F5 WSy

y=I—pW) ' XB+ (I —pW) 'e

11



FZHE O] 271 (spatial autocorrelation)} T2 AT HE5
st
=

=
SAR 4l 9] t}2 Ao 7 F7F @ 2} R ¢ (spatial error model)©| QIt}. o] K
o). 2714 0] 2] (spatial lag)7F oPUl et @ 2kae] B7HA 24714474 (spatial
autocorrelation)2 Gttt A 072 T HSHH o2} Zrt.

y= X0 +e¢ where e = \We+u

y = XB+ pWiy + € where € = \Wae +u, u~ N(0,0%]) (3.3)

o] wfj, Wi} Wyt=n x n FIF 7F52] P2 (spatial weight matrix)o|th. p =
0, A = 0o]H «dt A3 3] (linear regression) RFoJck. A = 0o]|H
F7F A71 8] 2 (mixed spatial autoregressive model; spatial lag model)
ojt}. mpz|et o g2 p = 0o]H F7F @2} H Y (spatial error model)o] FHT}.

3.3. F7F g5R Y (Spatial Multilevel Model)

& Wt A9l < (higher level) 9] X} (residuals) <]
& o] o, £=Z(level)o] 270Q] T}ER & 7| o 2 514
SR A A9 wEol wepA At gebd o AR 2

T A A9lsEol 2 Hete Al5rt o) g e vEstd.

12



9] 420 WaTk 1AL 1) 4 (3.4)2 22 oS 5 5 ek

Yij = Boj + B1;Xij + €ij (] <)
Boj = o + woj and Bi; = +ur; (A TF) (3.4)
where e; ~ N(0,02) and uy; ~ N(0,02,) (k= 0,1)

=

= A8 g ofglel 2o
Yij = Yo + N1Xij + uoj + u1; X5 + €
where e; ~ N(0,02) and uy; ~ N(0,02,) (k=0,1)
& gy + uy X0 ATl A9 45 it FeE Qo] Eak(random
effect)7} EAIoh= R Y= & & Atk SHAT &£ =RolA e o] &= F4
S0 upyut ZATCT ARG Z, A B4ONA By = 11 + w7t ohler
Bij=ml® FE
glolelol & JW e A ol EASL 4 & &4, j=1,..., Jo] Hsl
n e 9] Fo] AT Shat. 12T F N A=} Uk S
29 olele e TERF o tha £ 4 e,
= Bo+a B+ )y + uj + €
var(e;;) = o2 ; var(u;) = o>

cov(e;j,uj) =0 ; cov(ey, ) =04if j# 5 (3.5)

izl,...,nj, ]:1,,J

=

ny 4 g =

ofAl A (3.5)9 eyl gt P25 HHIT HSAR 2EE LoprA.
HSAR B ¥ o] 4]& 4

13



y=pWy+ XB+2Zy+ A0 +¢

0 =AM+ u
i O 0
0 I 0

(3.6)

A (3.6)6l14 yi= 9HS 45 Z717F Vel WH (vector)o]eh. X N x K 9
o]11, 5} FF(lower level) ] FHH ZF(covariates)o|t}. f+= 7|7} K91 3]
=(regression coefficients)o|t}. Z+= N x P §H 2 AF9] = (higher level)
o] gl = 2717} PR A7) Aol

= ol 59 F7F 75| BE (spatial weight matrix) 2 F7]+= N x N
7 90 o] 10] HE2 mEske Wolth. i 319] 4-Zol A 0] Tk 2]
3] R 4=(spatial autoregressive parameter)o|tt. o] R it =5of A 9]
FAH4TS] oS ek wheb o}9] 420l BUART} I A% o] T
oA Bt F2E IHT 4 Ak o, 2N AR Z544E HolH
A% S22l 912 Aok EAeA btk webd A 4ol |
& AT o Wy Aol G REL A8

0= A9 === (higher level) 9] @ 2F2 A ¢ 9] & 7 (random effect)E LFEHHATE
Wk HZalA) ML FEshE B2 hEA BAW A9 FES e
T 71 T x Jolth A= 48] 479 B 4713 Bl

N x J &% g (block matrix)o|axl 2}t j = 1,...,Jof Wfafl I;,= jHA

l

O

14



+ =9 (independent)o|2tal 714514}
02] F-EAF 5§ (covariance matrix)= cov(f) = 02(B'B) 102 B =I;—\M
oI}, W2 0 ~ N(0,02(B'B) ol

:

2] (3.6) 0.2 HE yo] 27AF 7|H 7k (conditional expectation)< 7+ 4= St

E(y|XB,Zv) = (In — pW) M (XB + Z7) (3.7)
A1 (3.7) 2 FE T YR oA T s HalIT ol x| oA o] At
ohizt g ASe] ArelE Pe Fok AL & 4 Utk T olf

(In — pW) =17k ol 54 171 o]t

2] (3.6)0f1A] 270 R T A2 =50] Q= SAR PO 2 T Fo]A ]

0] wahE 2ok Gt mebq BBl thel Z7he APAEE (prior

R e
== (Markov Chain Monte Carlo;MCMC) W& ©o]-&9) 4F F=3}
o]= YslA ZF E4of thgh AFAE 3L (prior distibution) 9] %27} © Q S}t

3.3.1. APHEIE(prior distribution)

HSAR 22 MCMC & &AM 4% 4= 2ledl, o] MCMC ¥

b 2 4=9] ARG B I (posterior distribution) 2 78 G440 2 T H (sample)S

Z3tt} 24 pofl gt ARFREE 4] (3.8) Zo] RAT 4 Qlh. o] W] P(n)
AR 3L (prior distribution)o]t}.

N

e e

P(n|Data) < P(Data|n) x P(n) (3.8)

FAL] "Hek= SlshiA B = [8 1], X = [X Z]=2tal 71 3.3% A dge
A (3.6)9 B n={p, \, B, 0, o7}l Data={y, X, W, M}o|tk. AFA

15



Ao} 2ol vg BEHAS W@ webA 4
ol A RS QIeolEe Fo] ol te At
AtS B 3L of gt Hlth(LeSage & Pace. 2009).

H =RoAEe B AHHEEZE e AR I (multivariate normal distri-
bution) &2 AFESHETH o] W, Ht2 M, = (0,...,0)0]3L BEAR2 V, =100 x [
olth([= TP & (identity matrix)). w=hA P(B) ~ N(M,, V,)o]t}.

it rlr
o}m

1831 pet Aof] el A= -5 3 (uniform distribution)-& 78 sFE T} P(p) ~

U[L/Vimin, 1/Vinaz] ©1 2L Vinin T Vinaz = Z42F SH] o5 7152 B8 WOl ALwgh
(eigenvalue) O] X|&gl, HDAgtoltt. T1id] W= PH =2 HF31E Q7] o2 o
Vmaz = 10|t (LeSage & Pace. 2009). wrEtA| P(p) ~ U[1/Vpmin, 1]0]E}. 0FZE7F
A2 P(A) ~ UL/, 1012 vy = 891 5 712 B M 2] #5200
np2|2t o 2 P(o?),P(0?)= I7tat B3 (inverse gamma distribution) 2 714
st T FAH o2 P(02) ~ IG(0.01,0.01)TF P(02) ~ IG(0.01,0.01)2 7}
gstlet. oluf IG(a, B) 23EAA at = 22 @24 (shape parameter)
O} H % 1%(scale parameter)o]ch. o] RE| LA H] Ale 3Tt 2k

p(w) oc 2~ Feap(—5/x)

16



Chapter 4
glo]g B A (Data Analysis)

MeAle] E54d 242 s A 38 AR R A8l 2At

¢4, F 98571 9] Z=(4S Fihigher level)o] EASIAL 2311271 9] Z-54
HU(5H =Fslower level)o] EARIT. o171 HlolE] 4ol 97 ARE &5

©910) 9%, A% AR} ok 335014 470% HSAR REL 49 4
) Am, o9 250 2 A8 B EAe 499 Heb of dlel
o] A9 A1 (3.6)2 AEAZ ) 51¢] S20] X F K} ek AL Tefsof

17



- FH HAHER 25FE A 4 (LogNTrans~

=5 Y ofid 4F H2 4=(LogNStore)
A (3.6)0) LA ZHAY dolHE HEAAY ket 2ok

y=Xp+Zy+L0+¢ 0 =AMO+u

iy O 0
1
0 &b ... 0 . ,
A = S . where l; = | : nj (j=1,...,985)
S : : X
0 0 logs
Hhs Wy, IHFE X Z, 55 B A2 5 HlolH A FolA|aL 2]
A 5%, 7] 87 B A FA SO Gk o] o B7E A4EH B M
2 olajor g Wast k. B 7FEA UL T Yol A At ke
ol 7 A A 1L "WH 7FSA1E WA £ o YT B2 whgst

27} go] g3k AHEH BEL A oJate

M, - exp (=10 x (d)/(d?)) if diy <d @)

0 , otherwise
/:1 (4 ]-)O 7}TZ] oﬂEﬂ M—q Zoﬂ Oﬂ_q% = ]ﬂ—ﬂ Z_\]O]q— dz]l_ZE*ﬂ‘]’]—]
22 Afole] Al e T dis 71541 Rolek 249] FA (threshold)



= vhehdich $AIEE oF skmz ST} ZE7e] A2 meh W5 ALt
7_|1—

271352 371 Al]lell s vr=A =ik A JA A|]1e] B¢ = AREA
3 27 B AleE ARESHAIT 1AL A= 0.5, et ul] 24T 023 0l 2

T 28 FQUth T WA Q1L ) 023} 022 BT 1R F1 = BE 008
ZFook Al AR H1L NS 2, 021} 028 052 F11 fe BE 12 Foh
3 AA o] R T2 18] 'HSAR 7] A& AR&5tTt.

4.1. B4 A7} (Results)

r&“

MCMC "o g2 A9t Avt= of23 Zatt. o] off 2.5%2} 97.5%+= 95%
credible intervalO]E]-. Credible intervalo]|gt A} B E
2.5%9} 97.5%E-9] (quantile)S Wb o] FL7ke] 0o
S5 ercka AT % 9ok
Table 4.19] R ke £~HJAS HolF= 2|2 19 772545 MCMC A|Q109]
At B 4 JtH(Gelman & Rubin. 1992).

(posterior samples)2]
] OLHEE' OHE} 1_._’_1_

19



Table 4.1: HSAR 2§ A3 AyH( 2 & 1)

Posterior | Posterior o5% | o75% | R
Mean Std. Error
Intercept | 10.738 0.160 10.416 | 11.060 | 1.00
JANE £ 0.102 0.007 0.089 | 0.115 | 1.00
o] AL 0.532 0.004 0.524 | 0.538 | 1.00
FT & 0.012 0.0004 | 0.010 | 0.011 | 1.00
s 0.045 0.011 0.027 | 0.068 | 1.00
Tl 5 0.007 0.013 -0.020 | 0.030 | 1.00
Aol 4= 0.172 0.013 0.149 | 0.199 | 1.00
Aol 4| -0.086 0.011 -0.106 | -0.066 | 1.00
9] 0.075 0.011 0.054 | 0.098 | 1.00
qE=nE 4| -0.007 0.005 -0.016 | 0.002 | 1.00
A 0.786 0.055 0.567 | 0.859 | 1.00
o? 0.831 0.008 0.813 | 0.844 | 1.00
o? 0.014 0.002 0.014 | 0.024 | 1.02
O] < 5% A /2§t 4= Table 4.1914 #A BAISHAH. 25
A k2 W4s FE5 QAT 4(LogPFlow), &5 ¥ A8} 25k 4+(LogN-
Trans)o|c}. W29} A|5hd S 22 Fue] Aol FLAo) ot A%
FERAT o FARE A2 HA Qs Al = Hol=1|, & {57t /-2 5HA]
gkh ol9je] At vhgiet
FOIF W5l AFAT (LogPStay) o] FHAY G0tk HFAT
7t BEs W&o Eolete A ustth U] HaEE HY Ho
B NE(LogBMon) 7} 245, Tl 2 (LogNSale) 7} @5, 5

20



ZH|&(WeRatio)o] =25, HE 45(LogNStore)7} HS45, 213
(LogPWork)7} W-24% 12|11 A5 (Loglncome)o] -&4-= njEo| 22t
the 2aoh stk E5) T 457} b 2 F4AE Belth

BP9 Brt 7122 DIC(Deviance Information Criterion)2} 271 & (log
likelihood)gt& A H Rttt DICE Ho] 2|9t e Al (model selection)
Aol Wol 2ol 7|Fo R, YEHE £ 21 &L & +5 Ert

o] B o] DICE 62116.170| 1 21 & ZH2 -30672.370|ct. RS A 2] 1.00

T W2 A8 md 1(Table 4.1)0|A] §-2]5}7] ¢k HZ~E-0 mh & 7+

o oA g shugteh 1 Avks e 2t

rlo

Table 4.2: HSAR 2§ &4 R4 (reduced model) At A1 (3 2)

Posterior | Posterior 05% | 975% |

Mean | Std. Error
Intercept 10.821 0.108 10.566 | 11.008 | 1.00
A1 4| 0.101 0.006 0.089 | 0.115 | 1.00
oo A4 0.532 0.004 0.524 | 0.539 | 1.00
Fa H)& 0.011 0.0004 0.010 | 0.011 | 1.00
AL 5 0.045 0.011 0.023 | 0.068 | 1.00
A 4~ | 0.169 0.012 0.143 | 0.194 | 1.00
AT 4| -0.088 0.010 -0.107 | -0.067 | 1.00
49 0.076 0.011 0.055 | 0.097 | 1.00
A 0.787 0.053 0.585 | 0.859 | 1.00
o? 0.831 0.008 0.815 | 0.846 | 1.00
o? 0.015 0.002 0.014 | 0.023 | 1.01
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Posterior | Posterior 95% | o75% | R

Mean | Std. Error
Intercept 10.773 0.109 10.540 | 10.983 | 1.00
AdANY & 0.102 0.007 0.089 | 0.115 | 1.00
o] AL 0.531 0.004 0.524 | 0.539 | 1.00
F H)& 0.011 0.0004 0.010 | 0.011 | 1.00
AxL 5 0.045 0.011 0.023 | 0.068 | 1.00
Aol 4= 0.170 0.012 0.146 | 0.196 | 1.00
AFQAF 4| -0.086 0.010 -0.106 | -0.067 | 1.00
4=9] 0.079 0.011 0.057 | 0.100 | 1.00
o? 0.829 0.009 0.815 | 0.845 | 1.00
o2 0.019 0.004 0.015 | 0.024 | 1.01
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Chapter 5
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Appendix A
R I

rm(list=1s())

library (MCMCpack)
library(mvtnorm)
library (spdep)
library(spatialprobit)
library(Matrix)
library(foreign)
library(rgdal)
library(RColorBrewer)

library (HSAR)

#read final data
data<-read.csv("data.csv")

data<-datal,-c(1,3,4,5)]

store<-data.frame(data,c(data$num.sub+data$num.bus))
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colnames (store)<-c(colnames(data),"num.bussub")

# the number of total business for each alley
AB <- as.data.frame(table(store$id))
# total number of alley

total <- dim(AB) [1]

num <- AB[,2]

id <- rep(c(l:total),num)

n <- nrow(store)

#random effect

Delta <- matrix(0,nrow=n,ncol=total)
for(i in 1:total) {

Deltalid==i,i] <- 1

}

rm(i)

Delta <- as(Delta,"dgCMatrix")

#higher level weight matriz M

loc<-data.frame (unique(store$lon) ,unique(store$lat))
d<-as.matrix(dist(loc))

for(i in 1:total){

tmp<-which(d[,i]>0.1)

tmp2<-which(d[,i1]<0.1)

d[tmp,i]<-0

d[tmp2,i]<-exp(-10*(d[tmp2,i] / 0.1)72)

}
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M<-d
for(i in 1:nrow(as.matrix(M))){
M[i,1<-d[i,]/sum(d[i,])

}

M<-as (M, "dgCMatrix")

## fitting the full model
res.formula.f <- sell " busi.month+sell.count+weekend+num.store+pop
.fl+pop.work+pop.stay+income+num.bussub

betas.f= coef(lm(formula=res.formula.f,data=store))

#chainl

pars.f1=list( rho = 0.5,lambda = 0.5, sigma2e = 2.0, sigma2u = 2.0,
betas = betas.f )

#chain2

pars.f2=1ist(rho=1,lambda=1, sigma2e=1,sigma2u=1, betas=rep(0,10))

#chain3

pars.f3=list(rho=2,lambda=2, sigma2e=0.5,sigma2u=0.5, betas=rep
(1,10))

#fitting for chaini
res.fl <- hsar(res.formula.f,data=store,M=M,Delta=Delta,
burnin=5000, Nsim=10000, thinning = 1, parameters.start=pars.fl)

summary (res.f1)

#fitting for chain2

res.f2 <- hsar(res.formula.f,data=store,M=M,Delta=Delta,
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burnin=5000, Nsim=10000, thinning = 1, parameters.start=pars.f2)

summary (res.f2)

#fitting for chain3
res.f3 <- hsar(res.formula.f,data=store,M=M,Delta=Delta,
burnin=5000, Nsim=10000, thinning = 1, parameters.start=pars.f3)

summary (res.f3)

##fitting the reduced model
res.formula0 <- sell ~ busi.month+sell.count+weekend+num.store+pop.
work+pop.stay+income

betas0= coef (Im(formula=res.formulal,data=store))

#chianl

pars01=1ist( rho = 0.5,lambda = 0.5, sigma2e = 2.0, sigma2u = 2.0,
betas = betasO )

#chain2

pars02=1ist(rho=1,lambda=1, sigma2e=1,sigma2u=1, betas=rep(0,8))

#chain3

pars03=1list(rho=2,lambda=2, sigma2e=0.5,sigma2u=0.5, betas=rep(1,8)
)

#fitting for chainl
res01 <- hsar(res.formulaO,data=store,M=M,Delta=Delta,
burnin=5000, Nsim=10000, thinning = 1, parameters.start=pars01)

summary (res01)
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#fitting for chain2
res02 <- hsar(res.formulaO,data=store,M=M,Delta=Delta,
burnin=5000, Nsim=10000, thinning = 1, parameters.start=pars02)

summary (res02)

#fitting for chain3
res03 <- hsar(res.formula0,data=store,M=M,Delta=Delta,
burnin=5000, Nsim=10000, thinning = 1, parameters.start=pars03)

summary (res03)

##summary

res<-res.fl #model that wants to summary

# The regression coefficients

tvalue=as.vector (res$Mbetas/res$SDbetas)

coef <- data.frame(Mbetas=as.vector(res$Mbetas) ,MSDbetas=as.vector(

res$SDbetas) ,t=tvalue)

#when res 1s full model
row.names (coef) <- c("Intercept", "busi.month","sell.count","
n n

weekend", "num.store","pop.fl","pop.work","pop.stay","income",

num.bussub")

#when res 1s reduced model
row.names (coef) <- c("Intercept", "busi.month","sell.count","week",

"num.store","pop.work","pop.stay","income"

# lambda, higher level spatial autoregressive parameter
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lambda<-data.frame(res$Mlambda,res$SDlambda, t=res$Mlambda/res$

SDlambda)

# lower level wvartance sigmale
sigmae<-data.frame(res$Msigma2e,res$SDsigma2e,t=res$Msigma2e/res$

SDsigma2e)
# higher level wariance sigmalu

sigmau<-data.frame(res$Msigma2u,res$SDsigmau,t=res$Msigma2u/res$

SDsigma2u)
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Abstract

Yujin Shin
The Department of Statistics
Graduate School

Seoul National University

Recently, the number of self-employed people and people who value marked
individuality is increasing. Therefore local businesses are receiving attention.
The meaning of local businesses is not to the business on the main street but
to the business in every alley. The unique atmosphere of these businesses is
dominating consumers. In this article, I want to analyze various local busi-
nesses in Seoul.

Local businesses can be divided into the level of alley and business in alley,
so to analyze them, access to a multilevel model is needed. Also as location
information of the alley exists, it is necessary to consider spatial correla-
tions at the alley level. Therefore the multilevel model will be introduced
and analysis will proceed using the model. In this case, use Hierarchical SAR
model that extends a SAR model with multilevel model. For this model, the
Bayesian approach Markov Chain Monte Carlo(MCMC) is used to estimate
parameters. After fit of model, finally, let’s figure out which factors affect

sales at the local businesses.

Keyword :Spatial data, Multilevel model, Simultaneous Autoregressive model,
Hierarchical SAR Model, Local Businesses in Seoul
Student Number : 2016-20268
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