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Small Area Estimations for Disease Mapping by using Spatial Model

Dae Seong An

Department of Statistics, The Graduate School,
Pukyong National University

Abstract

SMRs (standardized mortality rates) for major diseases, accidents, cancer,
cerebrovascular diseases, and cardiovascular diseases are considered in
small areas of administrative units such as Eup/Myeon/Dong from years
2005 to 2008. Due to small sample issue in small areas, the precision of
directly estimated crude SMR-for each area can be poor. In this study, we
consider the HGLM (hierarchical generalized linear model) with MRF
(markov random field) to account for the spatial correlations among the
small areas. The effects of covariates for cause of mortality by Dongs in
Seoul and disease maps based on the estimated SMR are presented. The
results suggest how we analyze and interpret the difference in mortalities

by small areas such as Dongs by revealing the spatial patterns.

Keywords: disease mapping, hierarchical generalized linear model, small

area estimation, spatially correlated model.
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18} (epidemiology), BB & W FofollXe BT A
| Ao ok ¥ (risk)o] A ow Fxsta =47t 79 44
A g Qledl, 538, 5/4/F £2AY (small area) ©9]8] 4o] &
BF7F Buh ol Slell, 7 &A1Y AAFESIEE Rud AR
1, 2AY 92 AYatdEs A #4E + Qdvh 17
U, &A1 W] EE57F AobA A A&
A= 7 FARY AE (precision) TR} o]g] EAHoRE WAPsH
. &, 54 &AM 5F AMARdY] dF dA/mEgo R sty
Aol o] Aalld & At (Kim#k Kim, 2009; Kim2} Sung, 2000;
Park¥} Lee, 2001; Rao, 2003).
olgist FAAES sdsy] fal 219 F4S 53 AHAE 2o
st FAE W o= Clayton?} Kaldor (1987), Ghosh & (1998)
o] z}z} A|otst A A w|ol= (empirical Bayes; EB) W Al5Z wo]
Z (hierarchical Bayes; HB) F4WH=o] AF&H o] kvt &, st
o] tfete 2 Lee?t Nelder (1996, 2001)7F A3t ohetAl dxtst A

r

g 23 (HGLM; hierarchical genearlized linear model) {3 1&g
T Stk wlol= IR (Banerjee 5, 2004) & Eel ojgh AR

(prior distribution) & 7Fg3k= ®FH, HGLM AW 712 % (U
kelihood) & &3t thehA] % (h—-likelihood; hierarchical likelihood)
of 7|gtatel A4 F& We AASH] wimel, AFAEE 7ol &
A= BFol Ueues EFFA A

1o

W74 (sensitivity) w=A7F 2HA8
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3hA] ket mEH Hol= HIEHE B4 FHAS YalAE MCMC
(Markov chain Monte Carlo) & &2 E%3k A

HGLM=2 ol&l 5343 Hg<S 32 a7k ¢lal, MCMCRY 7hekgt

A ZaHE I A9 334 Aol Sl EE (spatially ¢
orrelated model) & M=+ WE A (random effect) & wthd, 71E
A AL B FE QI FEA9 A tist EAdE AT
T ATh olF A&, HlelXQb A= AHAATE 4
ndom effect) FEHZE R 33 CAR (conditional autoregressive)
HE Aty o= Abgsty Qitt £ fdTeolx= CAR 3o &3¢ 3§
HZ A AdRASFE 7HAE MRE (Markov random field) 5.3
AT MRF 28 tgiA f5o oJst A2HE s 7+d¥ R
714 spaMM (Rousset, 2014) ¥ dhglm (Noh ¢} Lee, 2011)& %
a #Ag 5 gtk HolXgk CAR E¥> WinBUGSS £ #7141 =

,d
B}
>

d& dAHYIA (ra

o

-

TE & QAT @AZA MRF 29 AT e wolAer

20
o

o
2 AFoME= AW Atz e 3} AFEH] (SMR; standardize
d mortality rate) 7} M5 @FsHE w3t zlolE Hol=A 9
&l FA487] QA F3HA dEAd S 7H= HGLMS 1#lsigith. o]
= 9% ATAER 20059 % VI AESEA 411719 @Asel o
Al 2005-2008% 41z ¥ AW, Atae] dist AAgARE 83t

Stk AW el o, HEddAS, AFASe] gl FrrH s E45
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At 7t 2x9 @9 FFFEE 20059 Vo E wEX] 4 (depriv
ation index; Townsend, 1987)& & ™% (covariate), &A| ¥ 20|
5 AZFa (random effects) 2 VH3IATEH W= a7 2 WzFay
o] FH& FalA, 2 AT AYAEe] A
= AP e Xoks BEE wWEva 7MYt
WAl AR ghe 224l (offset) OF F
SMR #t= <9m] 3t

2= AT A5 AE 2 Aol of8H A5S W] gE
Ay Ame] A el 7lssta, ATHHoE HGLM 245

A et B Bl Al gy SRl diste] didstaral ok 3
}

stof, 7t B sk gl 33h A gl diajA fotR i
¥ SMRE ZAZ He % ETHg AW T2 el 434

o A7AsE ookt 20 e A4S EEd dxvow, ns

Collection @ pknu



il
0

ok

HA2A =

% NI

2.1

2005-20084d 4

S 13 A~
HES-WH =

s

A

1

Aol

/)

IS

O

ol

o[},

to Aok 4%

3T
ST,

5)uts
A

L —

R

1
T

&2 YER]

3LA o
H =
&l A

Id ApgAtEs 1 Rt Y

-

R

3l A

S

71 9]
ALE A, A B FEe T

=
T

—_—

Sulmbct AlE e 2

-
T

Table 2.17 7+

[e)

2005 QA2 10%

s

3t} (Yoon, 2003).

Fol. &t

°©

of]

[e)

=

=)

™, 2005—2008

[¢}
= 53 A

.
(2011) ¢ Ao <A

[e]

B Ee
- i

3L
ar

hyA
ar

BE (HEAAA FEol

Az, A8 4

ZAFY] 10%
o] 97/ +4 A
F0]

Collection @ pknu



Table 2.1 BFEIR] 2 AAX]E

EAE AR

121 7hul& o 7k 7H Al
A7Hge] §lE 7 vl & AF Wk ASEE] AT HE
Yod FARAE] 7 vE =10 HlE
ofgtEZ} obd Zh- M| & TR 71 e AT uE

il
Hrl
=
i
=
i

Figure 2.1°4 X ule} 7ol 20059 414 A
')l:% X]Ei Eéﬂ_zﬂ' @3’/} /\‘]—%94 /v]__,i__’ 701-113]—’ ;Qf}é ;(]g%]o] 701._1::1__'_ %‘94
ool visto] ALalx], AAY Sol ol AT WG v

o % glrh

15 38 o e R
RS EITL - AT

-3 TRIES - -3 Tk
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L B 08 ¢ L TN
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ye i (i=1, .. ,n=41)HA 239 &2l 2005WF-E 2008d7k
A8 54 AbgA] (EH, A, $hell sk APER kol sglE o,

A QD3 22 52gs 18 F vk S, 249 8% o7t FARE

3] BYM (Besag %,1991) E3oletar &
nk function) & 21352 & 4 (2.2)8 22 23S 183N, ©

W e ol dsk A3 5 (linear predictor) ¥ 57} ¥},

ylv, ~ Poisson(u;) (2.1)
n, = logp; = log (E,) + B, + B,z +v, (2.2)

olu], y = iMA AA ] A AP FE oJvlEt, r= WA A
2ol o] M| E ondty, i ilAl 2x9o] Ao Hid A

AA o] AMgES AEAI 7oA £7F |99, log(E))w= @A (off
=

11
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Bk 2@ dARART I A9 ALt grks 2E v,

180 oW s AR 1 A9e) AR Ak A
ovigieh, & o, ifAl B9 SMReol 10529, x,9 &3S 193
g W, AA LA Apge inA o ATFE WLd oS

AR AAAbgol 1.058 =tk @ ¢ ok o3, SMR =
exp(v) 5 FAFORN 2t TEw 24 F 9ot

<
T
2AG & v=(v,0,) " PR FFEEES T g Lol &

3 (MDY, 33+4 AaAdS 178 3$ MRF (Markov random field)

FTHA O =9l BE MRFIA p=0

M2:v~MRF, X '=lvar(v)] ' = (1—pN)/X

A711M, N Asd11Z0E #gh AAARE T e 411x411
PAzA, vk A FI jAA Fol Ao FE N (,5)9

2 e 2ge ov g

webA, MREF 2 A p7} 0old [var(vi)]ﬂ:l/)\ o, Ml R¥

12
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2
RS AFgstrl AsA, R y=(y,y,)" (F, n=411)

3t ¥ 27-9% (marginal log—likelihood) m<& ths 21 (2.

/Hexp(f y.lv)f (2.3)

m = logf(y) = log

, TH EE fl)e AREE flyw) ol HBES vl sl 4
ek Feolth wrek, w=(vyer,) 7H AR HHA M1 2 2ol

e A (24)¢ 22 FH7F =1, SAS ¢ NLMIXED =
ZA A AN A F3HE GHQ (Gauss—Hermite quadrature) {2 Al

m = anlog (/exp(f(yilvi)f(vi)dvi (2.4)
=1

a8y, AIRA ST F3A AR S THA = M2 B¥elA = 4 (2.4)
A 7] wiEel, GHQ W ozl g
LA E7bssh wo]x e BPHS E3k vy oAl AHgho] HA] ¢kt

e, oA el oS e A48 ¢ e, M2 Bl it
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Se $EE A (25)9 o] Ao & gtk

h= h(ﬂoaﬂ1apa)\§ﬂoaﬂ1) = 210g<yi|vi§ﬂoaﬂ1)+logf<v) (2.5)

10gf<yi|'vi;ﬁoaﬁ1) =Yy;n; — €Xp <77i ) - 10g<yi ! ) )
1

1
5 oIy ty— 510g|2772|,

logf(v;p,/\) = -

& Xt =(1-pN)/)

2 (2.5) oA B wkel o] thdA $E= AEglo] FoH] Wi

X EFQA (o e A $E (restricted likelihood) py ()5 H Tl
2 3 @a FEAR 72 + A% (Lee &, 2006). oW, |+
= p,(h)= A (2.6)3%F Zo] BojEn, upxirbx e p, o (R)E

p, (0] ={h=lagDln )/l 2.6

& D)= —62h/8v8vt,

v 1 oh/ov=0 & WEFH=

14
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>,

F2F 3 H (asymptotic covariance matrix) < 2 (2.7) % 2 Hessian

gl He I dz2HE dojXt) (Lee$t Nelder, 1996).

%" 5%
o dPov| (XTWX ~ XWZ
H(B,v)=— :[ (2.7)
o°h  8*h | \ZWx. Z"WZ +
wop -

714, X9 7= 742 B, vell "sk E¥siE (model matrix) o],
W=diag(,;)= 7v&* w238 &E | (weighted diagonal matrix)o]|v,
R.,= diag{ ~0° log(f(vi;UZ)/avl2 )}O]\:} oluj, ¢=0o FEAFHL 2

(2.7)¢ H(B,w)e 9alder 2 8% ofg|F- & (right—hand corner) 9l

4 28 FHN T & Ak

Var(v—v) ={(Z"Wz+R)— (Z"wX)(X™WwX) "(x™wz)}~! (2.8)

15
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mEba, A WEFaY o, 9 95% AF TS A (2.9 3 Fo,
ol xF 22k (SE; standard error) FY A= WEZFay ool s A4

st A E 3 FAAE Ales] =9 (Lee$t Ha, 2010).

v, £ 1.96 < SE (v, —v,) (2.9)

=

o, SE (1;2 —v,) = yvar (v; —v;)

16
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3. A&

B gt AT ANE AYAE, ATAY, ¢ AFY, HARAR A}
W, A Al dE gwwel w3 9 £Ae¥E F4¥ SMRS

mate/SE) &/ g ulstH, 247t Ooleks AF7HE SlelA d3For %
A EEE gE gEX o ik t—value’t 1.96K. Yt Athd v
G2 TE 5% FTE StellA BAASE f-95kA SMRe 43S +

Do, (R)E AFESEA Hyrp=0°] BTt AEAGE L
Hy:p=0°] tisis %8 74 (LRT; likelihood ratio test) &7
LR=—2(RL(H,)— RL(H,))0.% 7 &| 5™, H, :p=0 3stolA A-F=7} 1<
FtolAls ®xE whEth olw, RL(H,) RL(H,) #2574, ©l
H7H2 el M o] A= e dERT

B

17
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o=
1) seoul data file
- seoul_data.csv
(1 7k, 2 7befes, 3 7k, - 411 54%)
By WMEaY
region A1 41170 W=q, 2, -, 411

score_ttl HFEA|
obs_in AW ALY FHA RS
exp_in  AHALY 7 A R
obs_out AFAMY AFALwkzLS
exp_out ARILARRE 7o AbREA}E

A

i
ol

obs_ca A IS

exp_ca A 7 THARE AR

o
obs_brn AFLAG FZALTERE

%

exp_brn— Al AL 7| o A2}

RN

obs_hrt A& 3 Abg AR}

RN

exp_hrt A2 A 7]thA

-

7

RN
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2) nbr
: 411 X411 neighborhood matrix
nbr([1,c(192,164,318,212,117,3,209)1<—1
nbr[2,c(3,116,337,19,284)]<-1

nbr[411,c(153,174,54)]<-1

# (1) AAE

seoul$obs_in<—round(seoul$obs_in)

res1_3<—HLfit(obs_in~score_ttl+ (1l | region) +offset (log (seoul$ex
p_in)),family=poisson (log),

HLmethod="HL(1,1)" rand.family=gaussian () ,data=seoul)

res1_4<—corrHLfit (obs_in~score_ttl+adjacency (1| region) +offset
(log (seoul$exp_in)),
data=seoul,family=poisson (log),

adjMatrix=nbr,lower=list (rho=—1) ,upper=list(rho=1))

# (2) APAY

seoul$obs_out<—round (seoul$obs_out)

res2_3<—HLfit (obs_out~score_ttl+ (1| region) +offset (log (seoul$e
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xp_out)),family=poisson(log),

HLmethod="HL (1,1)",rand.family=gaussian () ,data=seoul)

res2_4<—corrHLfit (obs_out~score_ttl+adjacency (1| region) +offs
et (log(seoul$exp_out)),
data=seoul,family=poisson (log),

adjMatrix=nbr,lower=list(rho=—1) ,upper=list(rho=1))

# (3) AL

seoul$obs_ca<—round (seoul$obs_ca)

res3_3<—HLfit(obs_ca~score_ttl+ (1| region) +offset log (seoul$e
xp_ca)),family =poisson (log) ,HLmethod="HL(1,1)",rand.family=g

aussian () ,data=seoul)

res3_4<—corrHLfit(obs_ca~score_ttl+adjacency (1| region) +offse
t log(seoul$exp_ca)),
data=seoul,family=poisson (log),

adjMatrix=nbr,lower=list(rho=—1) ,upper=list(rho=1))

# (4) Hdadg

seoul$obs_brn<—round (seoul$obs_brn)
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res4_3<—HLfit(obs_brn~score_ttl+ (1| region) +offset (log (seoul
$exp_brn)),family=poisson (log),

HLmethod="HL (1,1)",rand.family=gaussian () ,data=seoul)

res4_4<—corrHLfit (obs_brn~score_ttl+adjacency (1| region) +offs
et (log(seoul$exp_brn)),
data=seoul,family=poisson (log),

adjMatrix=nbr,lower=list(rho=—1) ,upper=list(rho=1))

# (5) A

seoul$obs_hrt<—round (seoul$obs.hrt)

resb_3<—HLfit (obs_hrt~score_ttl+ (1| region) +offset(log (seoulbe
xp_hrt)),family =poisson (log),

HLmethod="HL (1,1)",rand.family=gaussian () ,data=seoul)

resb_4<—corrHLfit(obs_hrt~score_ttl+adjacency (1| region) +offs
et (log (seoul$exp_hrt)),
data=seoul,family=poisson (log),

adjMatrix=nbr,lower=list (rho=—1) ,upper=list(rho=1))
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