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➢ Hydrometeorological systems are highly 

correlated: 

‒ multiple cross and lagged 

correlations, typical to hydrology.

➢ Correlation does not imply causation.

➢ getting right answers for wrong 

reasons.
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Drivers

[MODSIM 2025 K2] | [Beyond correlation]

Correlation of surface soil moisture 

in GLDAS model environment

of surface soil moisture



Need to identify robust and direct drivers of variables
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Causal Discovery (CD)

Discovering a direct cause-effect relation 
between entities (variables or events).

Causal Inference

Quantifying the influence of an entity 
(variable or event) onto another.
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Causality: Science of cause-effect
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➢ Structure

➢ Directionality



Page [5][MODSIM 2025 K2] | [Beyond correlation]

GLDAS Land 

surface model

Application of 4 

different CD 

methods and PCC

Efficacy of CD methods: 

Comparison of estimated 

drivers and reference truth

Timeseries data 

over 45 grids.

9 Climates, 5 grids

Literature review of CD 

methods:

• Stochastic

• Multivariate

• Theoretically distinct

Literature review of 

generating equations

8 forcing variables

19 simulated variables

Reference truth

80 causal links,

1378 links absent

Extraction of drivers of 

surface SM: split sample 

timeseries model

Objective: Evaluate CD methods in a simulated 
hydrometeorological system to recover drivers of the system

Methodology



How to represent causal relations? And 
interesting properties
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Acyclicity Lower triangular ordering Structural vector 

autoregressive model (SVAR)
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How is Casual Discovery done?

TCDF (Nauta et al., 2020)

- Find DAG

- Method: CNN to model 

time-series, Attention 

scores to unravel causality

DYNOTEARS (Pamfil et al., 2020)

- Classic SVAR model

- Method: Numerical optimization to 

minimize the model error and 

acyclicity score

VARLiNGAM (Hyvärinen et al., 2008)

- Classic SVAR model

- Method: Exploits lower triangular 

ordering of adjacency matrix

PCMCI+ (Runge et al., 2022)

- Find DAG

- Method: Conditional 

independence tests 

Granger Causality

Noise-based

Constraint-based

Score-based

State-space 
reconstruction based: 

Convergent Cross 
Mapping

Others
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Comparing two adjacency matrices

➢ One-to-one comparison of 

adjacency matrices yields a 

confusion matrix.
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Confusion matrix

Recall (TPR): ability to accurately identify the         

        correct links in the adjacency matrix

 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒
, ∈ [0, 1]

False positive ratio (FPR): ability to accurately identify the

   incorrect links in the adjacency matrix

=
𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒
, ∈ [0, 1]



Results
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Identifying causal drivers of the 
complete system

➢ Cost of identifying causal links is the 

accumulation of false positives.

➢ PCC shows high variance along TPR and 

FPR, indicating lack of robustness.

➢ Comparatively, CD methods show less 

variance along FPR, demonstrating 

robustness towards eliminating false 

positives.

➢ For a unit gain in FPR, CD methods have a 

higher TPR.
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Causal drivers of surface soil moisture

➢ Compared to PCC, CD methods identify 

fewer causal drivers.

➢ However, CD methods eliminate large 

number of correlated but causally unrelated 

variables.

➢ This allows a parsimonious surface soil 

moisture representation and model.
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Time-series prediction with causal 
drivers

Performance metrics

Training period Difference: Testing – Training
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Location Ganga basin, India

Model Support Vector Regression

Training Normal period
(01 Jan 2000 to 31 December 2003)

Testing Drought period
(01 Jan 2004 to 31 December 2005)

Noise 

added

Random Gaussian

(100 Monte Carlo simulations)
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Conclusions

➢ Hydrometeorological systems are highly interconnected, with many cross and 
lagged correlations.

➢ Causal Discovery can help identify direct process drivers of variables in such 

systems. 

➢ Robust identification of drivers is important for predictions, especially under 

changing conditions like drought, climate change. 
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Thank you!
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Preprint paper


	Slide 1: Beyond correlation: Cause-effect relations in hydrometeorological systems
	Slide 2: Drivers
	Slide 3
	Slide 4: Causality: Science of cause-effect
	Slide 5
	Slide 6: How to represent causal relations? And interesting properties
	Slide 7: How is Casual Discovery done?
	Slide 8: Comparing two adjacency matrices
	Slide 9
	Slide 10: Identifying causal drivers of the complete system
	Slide 11: Causal drivers of surface soil moisture
	Slide 12: Time-series prediction with causal drivers
	Slide 13: Conclusions
	Slide 14: References
	Slide 15: Thank you!


  =   T r u e   P o s i t i v e  T r u e   P o s i t i v e + F a l s e   N e g a t i v e ,   ∈ [ 0 ,   1 ]


  =     F a l s e   P o s i t i v e  F a l s e   P o s i t i v e + T r u e   N e g a t i v e ,   ∈ [ 0 ,   1 ]

