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Motivation: Complex dynamics of the climate system

System of interest:

1



Motivation: Complex dynamics of the climate system

System of interest:

X1

X2

X 3

1



Motivation: Complex dynamics of the climate system

System of interest:

X1

X2

X 3

Goal:

Contribute to a better understanding of Earth’s complex weather and

climate system.
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Approach

Climate Informatics:

Use modern tools of machine learning, statistics, and data science to aid

climate and Earth system sciences.
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Approach

Climate Informatics:

Use modern tools of machine learning, statistics, and data science to aid

climate and Earth system sciences.

Focus of the Causal Inference Group @DLR Jena∗:

• Development of methods

• Provisioning of open-source software implementations† for

application by domain scientists

• Methods based on the modern causal inference framework

∗www.climateinformaticslab.com
†https://github.com/jakobrunge/tigramite
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Causal inference



What is causation?

‘Correlation is not causation’:

Statistical dependencies in observational data do not necessarily imply

causal relationships.

Example:

Figure 1: Reference to the article: [Matthews, 2000].
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What is causation?

On the history of ‘causation’:

• The notion of causation has a long history in philosophy and science

that involves strong disputes over its meaning and importance.

• Here, we neither attempt to discuss this at length1 nor attempt to

enter this dispute.

1See the epilogue of [Pearl, 2000] for an expositon of the history of causation by J.

Pearl, which is also freely available on J. Pearl’s webpage.
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What is causation?

On the history of ‘causation’:

• The notion of causation has a long history in philosophy and science

that involves strong disputes over its meaning and importance.

• Here, we neither attempt to discuss this at length1 nor attempt to

enter this dispute.

Working definition of causality:

Variable X causes variable Y if an experimental manipulation that

changes X and only X , referred to as an intervention on X , leads to a

change of Y .

⇒ experimental mode of inferring causation

1See the epilogue of [Pearl, 2000] for an expositon of the history of causation by J.

Pearl, which is also freely available on J. Pearl’s webpage.
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Statistical dependence vs. causation: Thought experiment

Consider the following setup:

• You have a heavy stone and are facing a window.

• Based on a coin toss, you throw or do not throw the stone at the

window. If you do, you may still miss.

• This is replicated many times (new stone, window, coin toss).

Questions:

• Does throwing the stone break the window?

• Does breaking the window require the stone to have been thrown?
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Statistical dependence vs. causation: Thought experiment

Consider the following setup:

• You have a heavy stone and are facing a window.

• Based on a coin toss, you throw or do not throw the stone at the

window. If you do, you may still miss.

• This is replicated many times (new stone, window, coin toss).

Questions:

• Does throwing the stone break the window? If you hit, yes!

• Does breaking the window require the stone to have been thrown?

No!

⇒ Causation is asymmetric.
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Statistical dependence vs. causation: Thought experiment

Mathematical description:

Define random variables

X : Stone is thrown (X = 1) or not (X = 0)

Y : Window is broken (Y = 1) or not (Y = 0)

and consider the individual replications as samples from (X ,Y ).

Statistical relationship:

X and Y are statistically dependent, denoted X��⊥⊥Y , because

• a broken window is more likely if the stone is thrown,

• but also: given that the window is broken, it is more likely that the

stone has been thrown.

6



Statistical dependence vs. causation: Thought experiment

Mathematical description:

Define random variables

X : Stone is thrown (X = 1) or not (X = 0)

Y : Window is broken (Y = 1) or not (Y = 0)

and consider the individual replications as samples from (X ,Y ).

Statistical relationship:

X and Y are statistically dependent, denoted X��⊥⊥Y , because

• a broken window is more likely if the stone is thrown,

• but also: given that the window is broken, it is more likely that the

stone has been thrown.

6



Statistical dependence vs. causation: Thought experiment

Mathematical description:

Define random variables

X : Stone is thrown (X = 1) or not (X = 0)

Y : Window is broken (Y = 1) or not (Y = 0)

and consider the individual replications as samples from (X ,Y ).

Statistical relationship:

X and Y are statistically dependent, denoted X��⊥⊥Y , because

• a broken window is more likely if the stone is thrown,

• but also: given that the window is broken, it is more likely that the

stone has been thrown.

⇒ Statistical dependence is symmetric.
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Statistical dependence vs. causation: Thought experiment

But then, what is causation?

Reconsider the above questions:

1. Does throwing the stone break the window?

2. Does breaking the window require the stone to have been thrown?

These questions involve an action (this is the experimental manipulation)

that describes a modification of the original setup:

1. Change of setup: Stone is always thrown

Effect: Window is broken more often

Conclusion: X causes Y

2. Change of setup: All windows are broken (e.g. be another person)

Effect: None on the stone

Conclusion: Y does not cause X
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Why is causal knowledge important?

1. Scientific understanding:

Knowledge of cause and effect relationships is an essential part of the

physical understanding of natural processes.

2. Robust prediction & forecasting:

Predictive systems consistent with the underlying causal structures are

thought to be more robust under changing environmental conditions.

3. Decision making:

Given the current state of affairs, how should I act in order to achieve a

certain goal?

4. Attribution:

Questions of the type Why did this event happen? or Is this due to

climate change? are of causal nature.
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How to obtain causal knowledge?

1. Experimentation:

Deliberately manipulate the system and observe the consequences.
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How to obtain causal knowledge?

2. Simulation:

Experimentation inside a simulated version of the system.
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How to obtain causal knowledge?

3. Causal inference:

Answer causal questions from observational data, given certain

assumptions.

X1

X2

X 3
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The causal inference framework

Causal inference:

1. Defines the notion of causation in a mathematical framework.

2. Casts causal questions, such as

• Does variable X cause Y ?

• How large is the causal effect of X on Y ?

within this framework.

3. Specifies assumptions that connect causation and correlation.

4. Provides methods for answering causal questions from data.
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Modelling causal relationships: Structural causal models

Intuition:

A structural causal model (SCM) specifies the functional causal

relationships between a set of random variables.

Example (scientifically oversimplied, for illustration only):

Structural causal model:

Xclouds := fclouds(Xaerosols, Xenv. facs., ηclouds)

Xaerosols := faerosols(Xenv. facs., ηaerosols)

Xenv. facs. := fenv. facs.(ηenv. facs.)

Causal graph:

Aerosols Clouds

Environmental
factors

Causal graph:

Specifies the direct causes of each variable.
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Intuition:

A structural causal model (SCM) specifies the functional causal

relationships between a set of random variables.

Example (scientifically oversimplied, for illustration only):

Structural causal model:

Xclouds := fclouds(Xaerosols, Xenv. facs., ηclouds)

Xaerosols := faerosols(Xenv. facs., ηaerosols)

Xenv. facs. := fenv. facs.(ηenv. facs.) Dynamical noise

Causal graph:

Aerosols Clouds

Environmental
factorsnoise

noise

noise

Causal graph:

Specifies the direct causes of each variable.
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Modelling causal relationships: Structural causal models

Intuition:

A structural causal model (SCM) specifies the functional causal

relationships between a set of random variables.

Example (scientifically oversimplied, for illustration only):

Structural causal model:

Xclouds := fclouds(Xaerosols, Xenv. facs., ηclouds)

Xaerosols := faerosols(Xenv. facs., ηaerosols)

Xenv. facs. := fenv. facs.(ηenv. facs.)

Causal graph:

Aerosols Clouds

Environmental
factors

Causal graph:

Specifies the direct causes of each variable.

13



Causal discovery



Learning causal relationships in time series data

Causal discovery:

Learn qualitative cause-and-effect relationships, i.e., the causal graph of

the data-generating process from observational data.

X1

X2

X 3

X 4
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Causal discovery based on statistical independencies

Approach to causal discovery considered here:

Learn causal graph from statistical tests of (conditional) independencies2

in observational data

⇒ CI-based causal discovery

2For random variables X , Y , and Z with distribution p: X and Y are conditionally

independent Z , denoted as X ⊥⊥ Y | Z , if p(x |y , z) = p(x |z) for all x , y , z.
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Causal discovery based on statistical independencies

Approach to causal discovery considered here:

Learn causal graph from statistical tests of (conditional) independencies2

in observational data

⇒ CI-based causal discovery

Enabling assumptions:

1. Observational data is generated by a structural causal model

(this true SCM is unknown)

2. No accidental independencies ⇒ more on this later

3. Typical: Causal graph is acyclic

4. Optional: No unobserved confounders ⇒ more on this later

2For random variables X , Y , and Z with distribution p: X and Y are conditionally

independent Z , denoted as X ⊥⊥ Y | Z , if p(x |y , z) = p(x |z) for all x , y , z.
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Causal graphs and (conditional) independencies

Fact:

The structure of the causal graph often has observable implications in

terms of (conditional) independencies in the observational data.

Intuition:

• Statistical dependencies derive from causal relationships

• Conditioning can block and open the flow of information
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Causal graphs and (conditional) independencies

Example:

• X influences Y : X��⊥⊥Y

• Y influences Z : Y��⊥⊥Z

• X influences Z through Y : X��⊥⊥Z

• Knowing Y , X does not say more about Z : X ⊥⊥ Z | Y
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Causal graphs and (conditional) independencies

Example:

• X influences Y : X��⊥⊥Y

• Y influences Z : Y��⊥⊥Z

• X influences Z through Y : X��⊥⊥Z

• Knowing Y , X does not say more about Z : X ⊥⊥ Z | Y

General rule: d-separation

Graphical criterion to read off all (conditional) independencies implied by

the structure of a given causal graph [Pearl, 1985, Pearl, 1988].

Assumption of no accidental independencies:

There are no independencies beyond those implied by the causal graph.
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CI-based causal discovery without unobserved confounders

Idea:

• Perform statistical tests of (conditional) independence in

observational data

• Use test results to constrain the structure of the causal graph
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Idea:

• Perform statistical tests of (conditional) independence in

observational data

• Use test results to constrain the structure of the causal graph

Example 1:

Test decisions:

• X��⊥⊥Y

• Y��⊥⊥Z

• X ⊥⊥ Z

Possible causal graphs:
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CI-based causal discovery without unobserved confounders

Idea:

• Perform statistical tests of (conditional) independence in

observational data

• Use test results to constrain the structure of the causal graph

Example 2:

Test decisions:

• X��⊥⊥Y

• Y��⊥⊥Z

• X��⊥⊥Z

• X ⊥⊥ Z | Y

Possible causal graphs:

observationally equivalent graphs
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Unobserved confounders make causal discovery more difficult

Without unobserved confounders:

X��⊥⊥Y ⇒

With unobserved confounders:

X��⊥⊥Y ⇒
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Causal discovery in time series

with unobserved confounders



CI-based causal discovery for time series

X1

X2

X 3

X 4

Particularities:

• Variables are resolved in time

•
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CI-based causal discovery for time series

Additional statistical challenges:

• High dimensionality (resolving in time)

• Ill-calibrated statistical tests of independence (autocorrelation)

• Low detection power (autocorrelation)

⇒ standard algorithms often yield bad statistical performance
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CI-based causal discovery for time series

Additional statistical challenges:

• High dimensionality (resolving in time)

• Ill-calibrated statistical tests of independence (autocorrelation)

• Low detection power (autocorrelation)

⇒ standard algorithms often yield bad statistical performance

Our contribution:

Statistical problems alleviated by specialized algorithms† developed by

the Causal Inference Group @DLR Jena:

• PCMCI time-lagged links only & no unobserved confounders [Runge et al., 2019]

• PCMCI+ no unobserved confounders [Runge, 2020]

• LPCMCI (Latent-PCMCI) [Gerhardus and Runge, 2020]

†available at: https://github.com/jakobrunge/tigramite
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LPCMCI: Latent-PCMCI

X1

X2

X 3

X 4

LPCMCI allows for:

• Contemporaneous links (also PCMCI+ does)

• Unobserved confounders
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LPCMCI: Latent-PCMCI

X1

X2

X 3

X 4

LPCMCI allows for:

• Contemporaneous links (also PCMCI+ does)

• Unobserved confounders

Basic idea:
More powerful CI tests by iterative learning of and subsequent

conditioning on direct causes.
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Results of numerical experiments on synthetic data

Strong gains in recall in numerical experiments:

For autocorrelated continuous data LPCMCI shows strong gains in recall

as compared the previous state-of-the-art algorithm*

*the SVAR-FCI algorithm by [Malinsky and Spirtes, 2018]
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Preliminary application to real data

Dataset:

Average daily discharges of rivers in the upper Danube basin, available

for download from https://www.gkd.bayern.de/en/.

24
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Preliminary application to real data

Dataset:

Average daily discharges of rivers in the upper Danube basin, available

for download from https://www.gkd.bayern.de/en/.

Selected measurement stations:

Figure 2: Graphics based on Figure 13

in [Gnecco et al., 2020].

Results of LPCMCI:
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Causal discovery in ensembles of

time series



Causal discovery from a single time series

Generating samples in sliding window approach:
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Causal discovery from an ensemble of time series

Generating samples from the ensemble:
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Causal discovery from an ensemble of time series
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Causal discovery from an ensemble of time series

Applicability:
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Causal discovery from an ensemble of time series

Applicability:

?

?
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Causal discovery from an ensemble of time series

Applicability:
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Ensemble-PCMCI

Method: Ensemble-PCMCI:

• Ensemble generalization applicable to all variants: PCMCI,

PCMCI+, and LPCMCI.

• Preliminary version implemented, but not yet publicly available.

• Let me know in case you are interested.

Highlights:

• No / only relaxed stationarity assumption required.

• May analyze change of causal structure in time.
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The end



Special issue ‘Environmental Informatics’ in EDS

Invitation to submit your work:
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Special issue ‘Environmental Informatics’ in EDS

Scope:

‘... we call for papers addressing the topic of Environmental Informatics.

Environmental Informatics refers to research that combines the

environmental sciences with artificial intelligence/machine learning

(AI/ML), data science, or statistics...’

Timeline:

Submissions encouraged by Fri, Jan 28.
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Thank you

Thank you for your attention!

Questions?

How to get in touch:

andreas.gerhardus@dlr.de

31
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Backup



Basic idea of PCMCI and its

variants



Low detection power

Problem:

Many true edges are wrongly removed because a CI test wrongly judges

independence X i
t−τ ⊥⊥ X j

t | S although dependence is true.

Attribution:

Statistical power for correctly finding dependence depends on

• Sample size (fixed)

• Significance level (fixed or optimized over)

• Degrees of freedom: Cardinality of S (optimized by design)

• Effect size: Magnitude of test statistic, e.g., partial correlation
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Increasing effect size

Idea behind PCMCI and its variants:

Increase effect size of CI tests of X i
t−τ and X j

t by including causal parents

of X i
t−τ and X j

t in the conditioning set.
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Example of CI-based causal

discovery



Constraint based causal discovery without unobserved variables

Idea:

• Perform statistical tests of (conditional) independence in

observational data

• Use test results to constrain the structure of the causal graph

Example 1:

Test decisions:

• X��⊥⊥Y

• Y��⊥⊥Z

• X ⊥⊥ Z

Possible causal graphs:
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Granger causality



Overview of Granger causality

Context:

In his influential work [Granger, 1969] C. W. J. Granger introduced a

concept of causality based on prediction, which up to this date is a

commonly used tool for causal analyses of time series.

Definition:

Time series X i is said to Granger cause time series X j if, conditional on

the past of all time series but that of X i , the past of X i helps in

predicting X j .
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Overview of Granger causality

Example: Linear case

X i Granger causes X j if model 2 has a significantly smaller error:

Model 1: X j
t =

m∑
τ=1

∑
k ̸=i

aτkX
k
t−τ + ηt

Model 2: X j
t =

m∑
τ=1

∑
k ̸=i

aτkX
k
t−τ +

m∑
τ=1

aτ iX
i
t−τ + η′t

Formalization:

X i Granger causes X j if X j
t ��⊥⊥ X i

<t | X−i
<t .
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Justification of Granger causality

Relation to CI-based approach: (see, e.g., [Peters et al., 2017])

Let G be a time series graph without contemporaneous edges. Then,

X j
t ��⊥⊥ X i

<t | X−i
<t if and only if there is X i

t−τ → X j
t for some τ > 0.
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Discussion

Limitations of Granger causality:

• Does not allow unobserved confounders.

• Does not allow contemporaneous causal relationships.
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