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Motivation

Ø Correlation coefficient (Pearson or Spearman) is widely used metrics for the Dynamical Model 
Evaluation.

Ø
For example, teleconnection are classically measured as lagged correlations between climate 
variables at remote locations.

Ø However, correlation is incapable to legitimately infer a “cause-and-effect” relationship between two
events.

Ø Causal discovery algorithms go beyond correlation-based measures by systematically excluding
common driver effects and indirect links.

Ø Here, we explore a causal network for model evaluation as a type of process-oriented framework.
Ø Based on data-driven causal fingerprints, the causal network can understand differences between

models and observations based on the physical process which potentially influences model biases
in simulating precipitation and temperature.



Correlation is not Causation



Basics of Causality



Basics of Causality

● Causal Discovery: Learn the graph/structure from the data
● Causal Inference: Inferring/answering conditional questions from causal graph

Causal Discovery Causal Inference



Basics of Causal Graphs



Causal Graphs are Directed Acyclic Graphs (DAGs) 

A DAG is a graph that provides a visual representation of 
causal relationships among a set of variables. 

D = directed (all arrows point in only a single direction).The 
direction of the arrow is the direction of causation: A      B 
means A causes B.

A = acyclic (no sequence of arrows forms a closed loop, 
which would be backwards causation).Causal Graph should 
be acyclic.

Several Methods available to find out DAG for Causal 
Discovery.

Not a DAG, Correlation

Example

DAG



“DAGs with NO TEARS”

Ø It is a novel method for Bayesian Network (BN) structure
learning* based on continuous optimization.

Ø BN is probabilistic graphical model consists with DAG (each
node is random variable) and conditional probability distribution
(each edge represents the conditional probability corresponding
random variable).

Ø Estimating the structure of DAGs, is a challenging problem
since the search space of DAGs is combinatorial and scales
superexponentially with the number of nodes.

Ø "DAGs with NO TEARS” introduced a fundamentally different
strategy: formulate the structure learning problem as a purely
continuous optimization problem over real matrices that avoids
this combinatorial constraint entirely (Zheng et al.,2018)

Ø This is achieved by a novel characterization of acyclicity that is
not only smooth but also exact.

Ø Hyperparameter = Threshold ???

*The structure of a network describing the relationships between variables can be learned from 
data



Case Study

Inter-relationship between Niño Indices in the real world and seasonal forecast 
Model. Precursor for El-Nino events.



Datasets used

Observational References: 

Niño SST Indices from NOAA’s PSL webpage.

Seasonal Climate Model: 

ECMWF-SEAS 5 from Multi-Source Weather (MSWX)-Long (lead -1 hindcast from 
1993-2016). Niño SST Indices calculated from SST.



Correlation between Nino’s

Observation ECMWF-SEAS5

Why Need for causality in this framework?



DAG between Nino indices 

Threshold = 0.1 Threshold = 0.1Threshold = 0.3

Threshold = 0.5 Threshold = 0.8

Threshold = 0.99

Observation ECMWF-SEAS5

Threshold = 0.3

Threshold = 0.5
Threshold = 0.8

Threshold = 0.99



Quantify the Similarity between SEA5 and observational DAG

Niño 4 Niño 
3.4

Niño 3 Niño 
1+2

Niño 4 0 1 0 0

Niño 
3.4

0 0 1 1

Niño 3 0 0 0 1

Niño 
1+2

0 0 0 0

X = Similarity Score

(Pair-wise Semantic 
Similarity) 

Niño 4 Niño 
3.4

Niño 3 Niño 
1+2

Niño 4 0 0 0 1

Niño 
3.4

0 0 0 1

Niño 3 1 0 0 1

Niño 
1+2

0 0 0 0

The Adjacency Matrix

Observation ECMWF-SEAS5



Conclusion

• Correlation need not imply causation
• Causality deals with understanding the cause and effect between different 

fields
• Causal discovery graphs from observation and dynamical model shows 

physical pathways of interaction.
• Quantification of similarity between causal discovery graphs of dynamical 

model and observations provides a causal-metric to assess the fidelity of 
dynamical models.



Future Work

● Further Development (skill score).
● Compare with other Causal Discovery methods (Granger, PCMCI)
● Multi variate (teleconnection)
● Prediction Causal Inference. 



Thank you!

Any Questions/Future collaborations?
nachiketa.acharya@noaa.gov

mailto:dr.nachiketaacharya@gmail.com/nachiketa.acharya@noaa.gov


Popular Methods for Discovery



Causal discovery graphs on MSWX 1-month lead data

Threshold = 0.0 Threshold = 0.1 Threshold = 0.2 Threshold = 0.3

Threshold = 0.4 Threshold = 0.5 Threshold = 0.6 Threshold = 0.7

Threshold = 0.8 Threshold = 0.9 Threshold = 0.99

Confounder Confounder



Causal discovery observational datasets= NOAA PSL

Threshold = 0.0

Threshold = 0.8 Threshold = 0.9 Threshold = 0.99

Confounder Confounder

Threshold = 0.1 Threshold = 0.2 Threshold = 0.3 Threshold = 0.4

Threshold = 0.5 Threshold = 0.6 Threshold = 0.7 Threshold = 0.8 Threshold = 0.9 Threshold = 0.99


