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Introduction

= Accounting for the sampling design is essential in survey analysis.
= Bayesian models for survey data should include design variables or survey weights.

Objectives

= Describe two Bayesian models for spatial ordinal survey data:

(i) Likelihood model including design variables [1].
(ii) Pseudo-likelihood model incorporating sampling weights.

= Assess the impact of survey weights via simulation.

Methodology

=Y, €{1,...,J}: ordinal response variable for individual 4,2 =1,..., N.

= Stratified sampling design with Z strata.

= Study region partitioned into M small areas.

“y = (y1,...,y,) : observed data from n survey respondents.

" x; = (2, m;)!: covariate vector, where z; is the stratum and m; the area.

Likelihood model

;|7 (x;) ~ Categorical(m(x;)),
10g1t(”yj($z)) — R + %2 + Hmz

" w(x;) = (mi(x;),. .., 75(x;))!, and wi(x;) = P(Y; = j|x;).

= yi(x) =37 m(x), j=1,...,J — 1: cumulative probabilities.
= {a.}2, and {0,,} _,: stratum and location effects.

= As an extension, {ﬁ;j}}-];f could vary across strata.

Pseudo-likelihood model

~

y;| 7 (x;) ~ Categorical(mr(a;))",
lOglt(”yj(iEz)) — Rj + Qmi.

" W, normalized weight, w,. = w.. /(> w,./n).
= w,,. design weight (inverse of the inclusion probability).

Prior distributions

Z

z=1"

= Non-informative priors are specified for {/ﬁj}j;f and {a,
= Conditional autoregressive (CAR) prior for {6,,}_, [2].

Simulation study

= Spatial risk surface over the Region of Valencia defined via horizontal risk bands.
= Small-area level: municipalities, M = 542.
= [ndividual-level responses generated according to gender, age and location.
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Spatial risk surface
Intercepts by gender and age

= Non-representative stratified sampling design by gender and age.
= M1: Likelihood model + all design variables + spatial random effect.
= M2: Likelihood model + only gender + spatial random effect.

= M3: Pseudo-likelihood model + normalized weights + spatial random effect.
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Posterior mean (top) and SD (bottom) of the spatial random effect

= Posterior means similar across models.
= M3 shows larger variability due to the inclusion of survey weights.
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Area-level residuals

Density of area-level residuals: true population mean minus posterior predictive mean

= Densities for M1 and M3 are centered around zero, while M2 exhibits a clear bias.

= Although M2 captures a similar spatial pattern, its intercept estimates are biased
due to incomplete adjustment for the sampling design.

Conclusions

= Survey weights are unnecessary when all design variables are included.
= |f the covariate vector does not fully account for the sampling design, ignoring
survey weights may lead to biased population-level inference.

Future lines of research

= Extension of the pseudo-likelihood model to include design variables.
= Application to the European Social Survey.
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