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Bayesian

Use probability distributions for all unknowns

Posterior o< Likelihood x Prior

p(dly) o< p(y| @) x p(¢)
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Spatio-temporal
Observed data has spatial and temporal location

¥s,+ where s is space and t is time
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Small-area estimation
Sample size for demographic subgroups too low for precise direct estimates

By space s and time t together with other factors like age and sex
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Toy example! But the same principle applies to real models
e.g. Naomi® (Eaton et al. 2021; Esra et al. 2024)

“Now I understand how Naomi works!"
— Anonymous, fictionalised, workshop participant

1See C.4 Simplified Naomi model description for details


https://athowes.github.io/thesis/naomi-aghq-appendix.html#naomi-math
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Nearby things tend to be similar

Suppose prior correlation structure between observations!
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Gaussian Markov random field model of Besag, York, and Mollié (1991)

Proportional to number of neighbours
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Measure forecast performance using strictly proper scoring rules

Evaluates the whole distribution and does not incentivize dishonesty (Gneiting
and Raftery 2007)
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Inferential model
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Model comparison on real data is more challenging than with
simulated data

Information criteria: adjust within-sample scoring rule performance
Cross-validation: partition data to estimate out-of-sample scoring rule
performance

I'd recommend Vehtari (2020) for an overview
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Inferential model
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GLOBAL AIDS STRATEGY 2021-2026
END INEQUALITIES.
END AIDS.
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Individual-level risk behaviour
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Use the multinomial-Poisson transformation of Baker (1994)

A multinomial logistic regression on'y = (y1, ..., yk) can be expressed as a
Poisson regression
yk ~ Poisson(Ax)
with observation-specific random effects with recover the sample size
m =3, yk. See blog post (Howes 2023)
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Since extended to include 1) males, 2) additional countries

See the sub-national HIV estimates in priority populations UNAIDS tool at
hivtools.unaids.org/shipp/
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https://hivtools.unaids.org/shipp/

Bayesian computation amounts mostly to solving challenging integrals
ply) = [ ply. ®)de

Methods can broadly be divided into “stochastic” and “deterministic”

27



. Exact posterior
. MCMC posterior

0.4

0.2

0.0

- N W kA~ O

2.4

22

2.0

250 500 750 1000

250 500 750 1000
Iteration

28



0.4

0.2

0.0

o}

(e}

. Prior
B Likeiinood
. Posterior
True value
]

Laplace

29



Adam Howes

@adamhowes
You're right that INLA and R-INLA are often synonymous. From an
applied perspective, models which (for one reason or another) cannot be

written using R-INLA's formula interface are typically outside the remit of
the INLA inference algorithm.
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AGHQ (spectral)
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Absolute difference to NUTS
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What am | up to now?

® Nowecasting food insecurity with the WFP using MRP and active learning

e Starting forecasting work with CDC soon — especially interested in
disease-agnostic methods and data source integration

e Still based in London! Keep in touch
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