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Abstract

Various statistical models have been proposed over the last decade for spatially correlated Gaussian outcomes.
The spatial linear mixed model (SLMM), which incorporates a spatial effect as a random component to the
linear model, is the one of the most widely used approaches in various application contexts. Employing
link functions, SLMM can be naturally extended to spatial generalized linear mixed model for non-Gaussian
outcomes (SGLMM). We review popular SGLMMs on non-Gaussian spatial outcomes and demonstrate their
applications with available public data.
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Table 3.1. Explanation about variables

= W5 A%
DEATH CEREE
BIRTHS AE 2R 5
LOW A A S v&
BLACK =<l 7= H]& (2000 US Census)
HISP 3avd A ¥]& (2000 US Census)
GINI A Al
AFF AEEEEER
STAB 7 9+ 4d (2000 US Census)

3. tiolg] 24

o|H Ho|X+= Rell FEF e 7RSS &85t AR dolE #A4& oA9A IPT + Ae
A& Aysluzl sty 248 go]El= 2008d ARF(Area Resource File)ld]| o]= u]=e] 71-2-E
20 dlolEn|o]2z A 3071712] FF=Elo A ZAFSE 4 obAFEE- (infant mortality) o]t} 2002d5-E
2004d717] 3 A7 Gobd W4 FAF o] o 2 9] W4 US census 5 THE dlojH o]
oA 71 Wg=olt}. o] | o]E]= ngspatial©]2+= R-package (Hughes®} Cui, 2015)94 7183t}
Wl gk A H = Table 3.19] A= o] gt

23 22 Poisson EPC T APl Z(si)2 ngspatial 3|71A]o] FHF o] Q= sparse
SGLMM3} INLA R-31717 (Rue 5, 2014)9] F&H o] 9= ICAR 22| Z(s;) ~ N(0,0%)%
7 YR (1ID) 2 RP3}sto] nlustgdr):

+ B5AFF; + BsSTAB; + Z(s4).

40 AHgE Mo The Zov] 1 AT A3k Table 329 S

library(ngspatial)

data(infant)

infant$low_weight = infant$low_weight / infant$births

attach(infant)

Z = deaths

X = cbind(1, low_weight, black, hispanic, gini, affluence, stability)

###### Sparse SGLMM
ml= sparse.sglmm(Z ~ X - 1 + offset(log(births)), family = poisson,
A = A,tune = list(sigma.s = 0.02), verbose = TRUE)

ID=1:nrow(X)

INF=data.frame(Z,X)

###### INLA with ICAR

m2<-inla(Z ~ X - 1 + offset(log(births))+f(ID, model="besag",
graph=A,adjust.for.con.comp = FALSE),
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Table 3.2. Results of parameters estimation. Numbers in parenthesis mean two limits of 95 % credible interval.

H sparse SGLMM ICAR 1ID
LOW 8.8040(7.567, 10.050) 7.7676(6.401, 9.128) 8.3275(7.051, 9.598)
BLACK 0.0042(0.002, 0.005) 0.0040(0.002, 0.005) 0.0043(0.003, 0.005)
HISP —0.0039(—0.004, —0.002) —0.0032(—0.004, —0.001) —0.0038(—0.004, —0.002)
GINI —0.5526(—0.980, —0.123) —0.0796(—0.555, 0.399) —0.4756(—0.931, —0.018)
AFF —0.0756(—0.087, —0.063) ~0.0773(—0.091, —0.063) —0.0824(—0.095, —0.069)
STAB —0.0283(—0.043, —0.013) —0.0420(—0.059, —0.024) —0.0355(—0.051, —0.019)

family="poisson", data=INF,
control.predictor=1list (compute=TRUE))

###### INLA with IID

m2<-inla(Z ~ X - 1 + offset(log(births))+f(ID, model="iid",
graph=A,adjust.for.con.comp = FALSE),

family="poisson", data=INF,

control.predictor=1list (compute=TRUE) )

Zzke] mol o8] AR T &3 Z(si)9] 2E
3 EHY R (IID)} sparse SGLMMoAE ZE W
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49 A}E Bz o] Babo] sparse SGLMMe] H|8) Itk AJAlolty. GINI ALl 3= = 37 A4
St (inflated) AFFRZ FA4F o]l ICAR B3| M= GINI A$7F GE3HA] g 20z Bk

Z+ 0.33, 0.097, 0.068°] 4t} Table 3.291 2]
b SET A0 el W ICAR®Yo

" P 2

r rlr

TA1717] f18te] thdst Al=7) Qloj gt
z2 2 2g3}sto] A (latent) A&l +7_}
1

e

}‘Uo

= 7Y =L HAE = el &
323 (SGLMM) 3} o] E & %7] 98 oy
Elo]] SCLMM<S R 3lsto] -2uS A A8t
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