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Introduction

Environmental data includes, among other things,

meteorological data (temperature, wind, humidity)
pollution data (ozone, sulfur, carbon monoxide)
biological data (species, plants)

human data (mortality, health)
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Environmental data includes, among other things,

meteorological data (temperature, wind, humidity)
pollution data (ozone, sulfur, carbon monoxide)
biological data (species, plants)

human data (mortality, health)

Common features

= vary in space and time
= complicated correlation structures

Typical aims

= understand relationships (inference)
= prediction
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Introduction

Example 1: How many seal pups? (Jullum et al., 2020)
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Introduction

Example 1: How many seal pups? (Jullum et al., 2020)
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Introduction

More generally: Combining information (Chandler, 2013)

simulators

Uncertainty in data and uncertainty in models
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Introduction

Example 2: Temperature forecasts (Feldmann et al., 2015)

NWP forecast — univariate bias-correction — multivariate bias-correction
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Example 3: Temperature in space and time (vuan et al.,, 2019)
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Course overview

Course content

» Statistical preliminaries (Chapter 1, 2)

= Temporal processes (Chapter 3.1, 3.3, 3.4)

» Spatial geostatistical processes (Chapter 4.1)

» Spatial lattice processes (Chapter 4.2)

m Spatial point processes (Chapter 4.3)

» Exploring spatio-temporal data (Chapter 5.1, 5.3)

» Spatio-temporal statistical models (Chapter 6.1, 6.2, 6.4)
= Univariate extremes

» Multivariate & spatial extremes
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Course overview

Good to know

General ideas of quantitative methods/modelling
General ideas of mathematics (matrix/vector calculations)
Probability theory
o Expectations/Covariance matrices
o Conditional densities/probabilities
o Bayes theorem
(Linear) Regression
Maximum likelihood
Common distributions (normal, binomial, Poisson, Gamma, t)
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Course format

= Thursday morning: Lecture
= Wednesday afternoon: Exercises
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Course overview

Course format

= Thursday morning: Lecture
= Wednesday afternoon: Exercises

Course schedule is available at
www.uio.no/studier/emner/matnat/math/STK4150/v24/timeplan/index.html
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Course overview

Course format

= Thursday morning: Lecture
= Wednesday afternoon: Exercises

Course schedule is available at
www.uio.no/studier/emner/matnat/math/STK4150/v24/timeplan/index.html

Note: No lectures in week 8 (February 21 & 22) and week 17 (April 24 & 25)
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Course overview

Course evaluation

= Mandatory assignment (due on April 25?)
m Oral or written exam (June 5)
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Preliminaries

Statistical preliminaries

Multivariate Gaussian distribution

Conditional probabilities and hierarchical modelling
Bayesian hierarchical modelling

Model evaluation

Computation
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Preliminaries

Multivariate Gaussian distribution

Central in modelling dependence
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Preliminaries

Multivariate Gaussian distribution

Central in modelling dependence

Definition: A random vector
Y=Y, Ym)'

is said to have the multivariate normal distribution if every linear combination of
its components
V=owWi+---+am¥nm

is normally distributed. That is, for any constant vector a € R™, the random
variable V = a’Y has a univariate normal distribution.
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Preliminaries

Multivariate Gaussian distribution
We write Y ~ Gau(u, X) and Y has density

[Y] = (27) 2|22 exp[-(1/2)(Y = ) 27 (Y - p)]
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Preliminaries

Multivariate Gaussian distribution
We write Y ~ Gau(u, X) and Y has density

[Y] = (27) 2|22 exp[-(1/2)(Y = ) 27 (Y - p)]

Common application that allows for flexible multivariate modelling:

m Z observations
m Y |atent variables, assumed multivariate Gaussian

[2Iv] =| [1z1va

7] = /Y [Z)VI[Y]aY
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Preliminaries

Conditional probabilities and hierarchical modelling

Variable Densities Notation in book

Data model: yA p(Z|Y,0) [Z]Y,0]
Process model: Y p(Y|0) [Y|0]
Parameter model: @ p(0) (0]

[0,Y,Z] = [0] x [Y|0] x [Z]Y, 0]
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Preliminaries

Conditional probabilities and hierarchical modelling

Variable Densities Notation in book

Data model: yA p(Z|Y,0) [Z]Y,0]
Process model: Y p(Y|0) [Y|0]
Parameter model: @ p(0) (0]

[0,Y,Z] = [0] x [Y|0] x [Z]Y, 0]

= Model built up by several conditional probabilities/densities
= Easier than specifying a multivariate distribution on (6, Y, Z) directly
= Model for Y often build up by physical/biological knowledge
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Preliminaries

Bayesian approach

Assume @ is stochastic with prior distribution [0] which specifies our prior
knowledge about 6.

Knowledge is updated when data Z is obtained (Bayes theorem)
[Z]Y, 6][Y, 6] [Z]Y, 6][Y]6][6]

[Y,01Z] = Jo[6,Y,210Y0 = Z] o [Z]Y,0][Y|6][6]
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Bayesian approach

Can handle uncertainty in parameters coherently

Preliminaries

Bayes

Frequentist

E[Z*|Z]
Var[Z*|Z]

=EglEz[Z"]6,Z]]
= Egl[Varz:[Z*|0,Z]] + Varg[Ez:[27]6, Z]]

~ E[Z%]6,Z]
~ Var[Z*|0, Z]
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Preliminaries

Multiple data sources

Assume several data sets Z4, Z,, Z3, all giving information about Y, the process
of interest.

Z,,Z,,Z3 may have a complex dependence structure due to their common
relation to Y.

Hierarchical modelling:
(21,23, Z5]Y, 0p] = [Z1]Y, 0p,1] X [Z2]Y, Op2] X [Z3]Y, Op 3]

i.e. conditional independence
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Preliminaries

What is a good model?

» Goodness-of-fit: Does the model fit the data we have?
» Predictive performance: Can the model predict new data?
= Scientific interpretation: Does the model make sense?
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Preliminaries

Computation

Inference for space time-processes can be challenging due to

= Complex models
» Latent processes (likelihood not directly specified)
» Large data sets
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Preliminaries

Computation

Inference for space time-processes can be challenging due to

= Complex models
» Latent processes (likelihood not directly specified)
» Large data sets

We will use R and discuss several different approaches and packages,
depending on the type of data and model
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