Addressing Uncertainty in the Choice of Covariance Function in Gaussian
Process Modeling with Bayesian Model Averaging

Research Objectives

Substantive problem:

» Selecting covariance function for observed
Gaussian process data e.g. spatial|1]

Methodological objective:

» Use Bayesian model averaging to account for
uncertainty in correlation structure|2]

(Gaussian Processes

Correlation between errors determined by Euclidean
distance h between locations s € D.

Z(s)= x(s)'B +572,0(h) + 741 (h = 0)
deterministic

Covariance functions evaluated in this study:
Exponential: p(h) = exp (—%)

S
Gaussian: p(h) = exp |— (g)

stocﬁrastic

Spherical: p(h) = «

0, otherwise
\

Bayesian Model Averaging

The posterior probability for any model [ in the set
of candidate models K is:

W(M[|y) _ KT‘-(MZ‘y)ﬂ-(Ml)
Yt T(Map|y) (M)
The marginal posterior distribution of a parameter
0 across K is:

w(0ly) = X 7(0ly, Min(Mily

Monte Carlo Simulation

10 simulated datasets are generated from a model
with exponential covariance using each combina-
tion of the following parameters with the geoR pack-
age.
X, ~ N(0,1.25)
X5 ~ exponential(4)
B =11.2,3.5 —2.7]

o’ € {15,20,25}
¢ € {10, 25,50}
€ {5,7.5,10}

1 1.5%%0.5 (g)g,ifh < ¢
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Model Parameters Most Likely Model

fp ™~ N(Ov ) fog? N(Ov ) o ™ N(O, ) Hr2 ™ N(07 5 2

o ~ Cauchy(0, 2.5) 0,2 ~ Cauchy(0, 5) o4 ~ Cauchy(0, 5) 0.2 ~ Cauchy(0, 5) E o
B~ N(us,o0p) o ~ Cauchy(ft,2, 0,2) ¢ ~ Cauchy(pe, 0s) 7° ~ Cauchy (2, 0,2) 2 0.4-

Models are estimated with Stan via rstan. Marginal likelihoods are estimated using the bridgesampling § 0.2-

package. Posterior model probabilities are calculated with (M pxponential) = T(MGaussian) = T(Mspherical) and = .

Spherical

Gaussian

Exponential

used to compute averaged point estimates and 95% credible intervals for all parameters in each simulation.
(DGP)

Monte Carlo Simulation Results Representative Simulations
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