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1. Context



How does a flood appear in data?
River flow measured at one station in the Loire watershed

This peak corresponds to a univariate extreme event for this variable (station)
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How do simultaneous floods appear in data?
River flow measured at several stations in the Loire watershed
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The variables of our study

• River flows at several stations
• Weather variables at relevant locations

(Reanalysis → complete space-time coverage)
Example:

Date Station 1 Station 2 Station 3 Rainfall

2010-10-01 20 15 25 2 mm

2010-10-02 25 18 30 0 mm

2010-10-03 500 45 35 50 mm

2010-10-04 22 20 28 1 mm
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Focus on extreme situations

Date Station 1 Station 2 Station 3 Rainfall

2010-10-01 20 15 25 2 mm

2010-10-02 25 18 30 0 mm

2010-10-03 500 45 35 50 mm

2010-10-04 22 20 28 1 mm

Selected observation
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Key element of our study

An extreme event across multiple variables occurs when at least one variable exceeds
a high threshold
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To model these multivariate extreme events we use

7 Extreme events on graphs



Key element of our study
To model these multivariate extreme events we use

7 Extreme events on graphs



Graphical model for multivariate extreme events

• A way to represent multiple variables and their relationships using a graph

• Nodes = variables
• Edges = Conditional dependence
• Conditional dependencies hold whenever a variable exceeds a high threshold

Station 1 Station 2 Station 3

Rainfall
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Goal: Build a model to analyze and generate extreme river flows

New graphical model
Nodes : weather and

river flow variables
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Extreme river flow
simulations at dif-

ferent stations

• × Causality
• ✓ Explain how weather variables and river flows interact when at least one

of them is extreme
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2. Data and Modeling



First study : Loire watershed

Source:

https://jimmcneill.wordpress.com/2010/11/19/the-loire-in-flood/

• Important agricultural area
• Produces two thirds of the livestock

of France
• Produces half of the cereal

production of France
• Population and economy

• 300,000 inhabitants
• 14,000 companies
• 1,500 farms
• 4,100 power plants

• Prone to floods
• Has both significant population and

infrastructure risk
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Stations in the Loire watershed

• Important agricultural area
• Produces two thirds of the livestock

of France
• Produces half of the cereal

production of France
• Population and economy

• 300,000 inhabitants
• 14,000 companies
• 1,500 farms
• 4,100 power plants
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Stations belong to 3 sub-watersheds

• Important agricultural area
• Produces two thirds of the livestock

of France
• Produces half of the cereal

production of France
• Population and economy

• 300,000 inhabitants
• 14,000 companies
• 1,500 farms
• 4,100 power plants
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Rainfall variable for each sub-watershed
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Rainfall variable for each sub-watershed
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Rainfall variable for each sub-watershed

Rainfall variable
We average the precipitation data from the relevant pixels
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Modeling steps

• Data : River flow at 18 stations and Rainfall at 3 sub-watershed X = (X1, . . . ,X21)
(daily data from 1970 to 2024)

• We standardize each variable marginally X∗ = (X ∗
1 , . . . ,X

∗
21)

→ Make data comparable across locations and variables
• Selection of extreme events : at least one variable exceeds a high threshold u
• Modeling extreme events with a graphical model for extremes
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Fix a threshold Select extremes Fit
different models

→ Iterate over different model specifications and threshold levels
→ Select and validate an appropriate model
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3. Model Validation



Validation criteria

1 The number of selected extreme events is reasonable (bias-variance tradeoff)

2 Check the conditional multivariate normality suggested by the model:

(logX ∗
i − logX ∗

m)i ̸=m
∣∣ X ∗

m > u ∼ N
(
− 1

2 diag(Σ(m)),Σ(m)
)

Transformed remaining variables
∣∣ one variable is extreme ≈ Gaussian distribution
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• QQ-plot: compares two distributions using quantiles
• X-axis: theoretical quantiles (gaussian distribution)
• Y-axis: empirical quantiles (observed data)
• Points close to the diagonal indicate a good agreement

271 extreme events
Threshold exceeded by
0.5% of data

124 extreme events
Threshold exceeded by
0.15% of data

54 extreme events
Threshold exceeded by
0.05% of data
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Which threshold gives the most reliable model?

→ we need to balance the number of extremes and goodness-of-fit

271 extreme events
Threshold exceeded by
0.5% of data

124 extreme events
Threshold exceeded by
0.15% of data

54 extreme events
Threshold exceeded by
0.05% of data
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4. Graph visualization



Graph visualization

Graph has 89 edges (identified by a Machine Learning algorithm)
To make the graph interpretable, we visualize it at three levels
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Edges represent dependencies within the same sub-watershed
Edges are colored and sized according to the strength of conditional dependence

→ Stations within the same sub-watershed show strong conditional dependence
→ For the link between rainfall and stations, edges exist but they are mostly weak or
moderate
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Edges connecting stations across different sub-watersheds

→ The inter-sub-watershed connections exist, but they are weaker
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Edges connecting stations across different sub-watersheds

→ The inter-sub-watershed connections exist, but they are weaker
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Edges involving precipitation across sub-watersheds

→ Most links from precipitation to river flow stations are weak, with one moderate
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Edges involving precipitation across sub-watersheds

→ Most links from precipitation to river flow stations are weak, with one moderate
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5. Future perspectives



Future perspectives

Enriching the information
Incorporate additional weather variables such as soil moisture and atmospheric
teleconnections, etc.

From extremes to impacts
Given one or more extreme weather variables, the model can conditionally simulate
the river response across multiple stations.

Towards larger spatial scales
Extend the analysis by increasing spatial coverage through additional stations.
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Thank You
Rita Maatouk
Extreme events on graphs
January 13th, 2026

“Not everything that is
faced can be changed,

but nothing can be
changed until it is faced.”

— James Baldwin
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2022 de Fondeville, R. and Davison, A. C. (2022). Functional peaks-over-threshold

analysis. Journal of the Royal Statistical Society Series B : Statistical Methodology,
84(4) :1392–1422.

2024 Engelke, S., Hentschel, M., Lalancette, M., and Röttger, F. (2024). Graphical models
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6. Annexe



Focus on extreme situations

X = (X1, ..,Xd ) X∗ = (X ∗
1 , ..,X

∗
d ) Y =

{
X∗

u | max(X∗) > u
}

Y follows a MGPD as u tends to ∞

Marginal
transformation

MGPD : Multivariate Generalized Pareto Distribution
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Declustering

• River flow extremes tend to occur in temporal clusters (same flood event lasting
several days)

• To avoid counting the same flood several times, we apply a declustering
procedure

• An extreme event is defined when at least one variable exceeds a high threshold u
• Two extreme days are assigned to the same cluster when they are separated by

at most 5 non-extreme days; all intervening non-extreme days are included in
that cluster

• Each cluster is summarized by a single multivariate observation: the
componentwise maximum over all days in the cluster

Cluster −→ one multivariate extreme observation
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Graphical model for extreme events : Hüsler–Reiss HR(Γ)

Summary Gaussian model Hüsler–Reiss model
Density ∝ exp(− 1

2∥x − µ∥2
Q) ∝ exp(− 1

2∥ log(y)− µQ∥2
Q)

where µQ = P
(
−Γ

2

)
1 with P = I − 1

d 11⊤
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Conditional independence of extremes

Y1 Y2

Y3

Y4

Graph G = (V ,E)
non-edges correspond to

conditional independence

Q =


q11 q12 0 0
q12 q22 q23 q24
0 q23 q33 0
0 q24 0 q44


edges = non-zero entries in Q
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Parameter estimation strategies

Estimation of HR(Γ) model parameters

Maximize surrogate log-likelihood
l(Q) = log det(Q) + 1

2 Tr(Γ̂Q)

Approach with a fixed graph
1. Zero pattern of Q is imposed

2. Maximization over non-zero entries

Data-driven approach
1. Zero pattern of Q is estimated

2. Maximization over non-zero entries

24 Extreme events on graphs



Which threshold gives the most reliable model?

we need to balance the number of extremes and goodness-of-fit

124 extreme events
Threshold exceeded by 0.15% of data

92 extreme events
Threshold exceeded by 0.1% of data

→ How to take the final decision?
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Model validation using the χ measure

• Another way to assess the reliability of the model is to compare the dependence
observed in the data with that predicted by the model using the χ measure

• The χ measure indicates whether two variables tend to experience extreme
events simultaneously

• For each pair of variables, we compare:
• the empirical χ estimated from the data
• the fitted χ predicted by the model
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Which threshold gives the most reliable model?

• If the points lie close to the diagonal, the model correctly captures the extremal
dependence structure

• We also examine whether the empirical χ is non-zero: a large number of zero
values would indicate that the model fails to capture important dependencies

124 extreme events
Threshold exceeded by 0.15% of data

92 extreme events
Threshold exceeded by 0.1% of data
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