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Statistical inference for models with latent MRFs

Statistical inference for non-Gaussian data with latent RFs

Whether we are interested in inference on the data themselves, or the latent
random field, the inference is generally complicated if non-Gaussian data are
involved.

Often, the inference requires a hierarchical modelling set-up which is easiest to
solve in a Bayesian setting.

Several sophisticated inference frameworks exist; we will focus on a fairly
simple set-up.
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Statistical inference for models with latent MRFs

Stan

Stan is a state-of-the-art platform for statistical modeling and high-performance statistical
computation. Thousands of users rely on Stan for statistical modeling, data analysis, and
prediction in the social, biological, and physical sciences, engineering, and business.

Stan interfaces with the most popular data analysis languages (F, Pyinon. shell, MATLAE

Julia,

stata) and runs on all major platforms (Linux, Mac, Windows). To get started using
Stan begin with the Installation and Documentation pages.

Users speciy log density functions in the Stan probabilistic programming language and
then fit the models to data using:

+ full Bayesian statistical inference with MCMC sampling (NUTS, HMC
+ approximate Bayesian inference with variational inference (ADVI. Pathfinder)
« penalized maximum likelihood estimation with optimization (L-BFGS)

Stan's math library provides differentiable probabilty functions & linear algebra (C-++
autodif). Additional R packages provide expression-based linear modeling, posterior
and lic

Follow us on Mastodon!
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Package ‘CARBayes’

November 17, 2023

Type Package

Title Spatial Generalised Linear Mixed Models for Areal Unit Data

Version 6.1

Date 2023-11-17

Author Duncan Lee

Maintainer Duncan Lee <Duncan. Lee@glasgow. ac. uk>

Description Implements a class of univariate and multivariate spatial generalised linear mixed mod-
els for areal unit data, with inference in a Bayesian setting us-
ing Markov chain Monte Carlo (MCMC) simulation using a single or multi-
ple Markov chains. The response variable can be binomial, Gaussian, multinomial, Pois-
son or zero-inflated Poisson (ZIP), and spatial autocorrelation is modelled by a set of random ef-
fects that are assigned a conditi ive (CAR) prior distribution. A number of differ-
ent models are available for univariate spatial data, including models with no random ef-
fects as well as random effects modelled by different types of CAR prior, includ-
ing the BYM model (Besag et al., 1991, <doi:10.1007/BF00116466>) and Leroux model (Ler-
oux etal., 2000, <doi:10.1007/978-1-4612-1284-3_4>). Additionally, a multivari-
ate CAR (MCAR) model for multivariate spatial data is available, as is a two-level hierarchi-
cal model for modelling data relating to individuals within areas. Full details are given in the vi-
gnette accompanying this package. The initial creation of this package was sup-
ported by the Economic and Social Research Council (ESRC) grant RES-000-22-4256, and on-
going development has been supported by the Engineering and Physical Science Research Coun-
cil (EPSRC) grant EP/J017442/1, ESRC grant ES/K006460/1, Innovate UK / Natural Environ-
ment Research Council (NERC) grant NE/N007352/1 and the TB Alliance.

License GPL (>=2)

Depends MASS, R (>=3.5.0), Repp (>=0.11.5)

Imports CARBayesdata, coda, dplyr, GGally, glmnet, igraph, mapview,
MCMCpack, parallel, RColorBrewer, sf, spam, spdep, stats,
truncnorm, utils

LinkingTo Repp

LazyLoad yes

ByteCompile yes

URL https://gi thub. con/duncanplee/CARBayes
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Analyzing simple spatial lattice data with CARBayes

Congenital abnormality deaths in South Carolina in 1990

= Number of congenital abnormality SRIRT , o 2
6 0
deaths per county 3 ° er%
4 0
» Also: Expected rate, poverty and ° 3 g s
income ST e
o, 0 1 v,
7 8
head (SCcg90) 16
1 1
obs expe pov inc 1 , 3 17
1 0 1.0807 13.6 36.786 0
2 7 6.3775 13.8 38.534
3 1 0.6220 32.3 20.727 R
4 5 6.6854 11.0 37.205
5 1 0.9142 24.2 24.300
6 1.1.0744 19.9 27.607
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Analyzing simple spatial lattice data with CARBayes

library (maps)

library (maptools)

library (spdep)

SCcounty <- map("county","South Carolina",
plot=FALSE,fil1=TRUE)

names (SCcounty)

[1] ' uyll "range" "names"
head (SCcounty$names)

[1] "south carolina,abbeville" "south carolina,aiken"
[3] "south carolina,allendale" "south carolina,anderson"
[6] "south carolina,bamberg" "south carolina,barnwell"

SCcounty$range

[1] -83.36536 -78.55824 32.03980 35.20826

SCmap <- map2SpatialPolygons(SCcounty,
IDs=SCcounty$names)

plot (SCmap)
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Analyzing simple spatial lattice data with CARBayes

W.nb <- poly2nb(SCmap)

Next, we create the neighborhood il s=2)
. [[111
structures: [1] 4 23 24 30 35
= poly2nb() creates a neighbor list L21]
f | ns based on shared [ 619 52 38 &1
rom po ygo W.mat <- nb2mat(W.nb, style="B")
boundaries dim(W.mat)
® nb2mat () uses the neighbor list to [1] 46 46
create a spatial weights matrix W.mat[1:6, 1:5]

(,11 [,2]1 [,3] [,4] [,5]
south carolina,abbeville 0 0 0 1
south carolina,aiken
south carolina,allendale
south carolina,anderson
south carolina,bamberg
south carolina,barnwell

[el el Ne]
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Analyzing simple spatial lattice data with CARBayes

Poisson data model with Besag-York-Mollie CAR model

Zy|Ax ~ Poisson(Ag) fork =1,...,K(data model)
In(Ax) = x; B+ Ok + Py (Ox known offset)

ﬁ ~ Gau(yﬁ: ZB)

Uk = @ + 6k
K
PklQ_o W, 7% ~ Gau(zi:; Wkiq)", KTZ ) (spatial random effects)
i=1 Wi Z,’=1 Wi

0 ~ Gau(0, 0°) (independent random effects)

72, 0% ~ Inverse-Gamma(a, b)
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Analyzing simple spatial lattice data with CARBayes

library(CARBayes)
form <- obs ~ 1 + offset(log(expe))

model.spatial <- S.CARbym(formula=form, family="poisson", data=SCcg90, W=W.mat,
burnin=10000, n.sample=110000)
print (model.spatial)
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Analyzing simple spatial lattice data with CARBayes

R

#### Model fitted

A

Likelihood model - Poisson (log link function)
Random effects model - BYM CAR

Regression equation - obs ~ 1 + offset(log(expe))

HHRBHHHH

#### MCMC details

HHEHEHEHEE

Total number of post burnin and thinned MCMC samples generated - 1e+05
Number of MCMC chains used - 1

Length of the burnin period used for each chain - 10000

Amount of thinning used - 1

HHHEHER
#### Results
HE
Posterior quantities and DIC

Mean 2.5% 97.5% n.effective Geweke.diag

(Intercept) 0.0361 -0.1128 0.1825 22101.4 0.3

tau2 0.0179 0.0026 0.0806 948.6 0.0

sigma2 0.0094 0.0019 0.0361 1182.3 0.8

DIC = 170.3359 p.d = 3.505643 LMPL = -85.06
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Analyzing simple spatial lattice data with CARBayes

par (mfrow=c(1,2))
plot(1:100000, model.spatial$samples$tau2, type="1", xlab="Iteration", ylab="tau2")
plot(1:100000, model.spatial$samples$sigma2, type="1", xlab="Iteration", ylab="sigma2")
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Analyzing simple spatial lattice data with CARBayes

form <- obs ~ 1 + pov + inc + offset(log(expe))

model.spatial2 <- S.CARbym(formula=form, family="poisson", data=SCcg90, W=W.mat,
burnin=10000, n.sample=110000)
print (model.spatial2)
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Analyzing simple spatial lattice data with CARBayes
HHHH
#### Model fitted
HHHHHHH
Likelihood model - Poisson (log link function)
Random effects model - BYM CAR
Regression equation - obs ~ 1 + pov + inc + offset(log(expe))

#HHHH

#### MCMC details

AR

Total number of post burnin and thinned MCMC samples generated - 1e+05
Number of MCMC chains used - 1

Length of the burnin period used for each chain - 10000

Amount of thinning used - 1

HHRHEE
#### Results
HHERHEERE
Posterior quantities and DIC

Mean 2.5% 97.5% n.effective Geweke.diag

(Intercept) 0.6483 -2.3805 3.6520 1656.1 -0.7

pov -0.0168 -0.0922 0.0572 1628.2 0.8

inc -0.0101 -0.0651 0.0448 1824.5 0.6

tau2 0.0229 0.0027 0.1151 934.4 -0.1

sigma2 0.0103 0.0019 0.0422 817.2 -0.1

DIC = 173.8148 p.d = 5.606091 LMPL = -86.91
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