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Overview

• Causal inference is critical for decision making and particularly challenging on networked units

• Evaluating the reliability of the outcome of causal inference methods is fundamentally challenging

• We connect graph geometry with causal inference ; then predict the reliability of causal estimates
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Contributions

Problem setup :

Given a network of treatment units, e.g., a social network of individuals (nodes) and friendship (edges)
We estimate a causal parameter on each unit, e.g., the individual treatment effect
We want to evaluate how reliable these estimates are

Main contributions :

Theoretical foundations :
Establish a theoretical connection between graph Ricci curvature and causal inference reliability
Application and experimental results :
Empirically demonstrate that Ricci curvature indicates accuracy of causal estimates
Methodological contribution :
Propose Ricci flow adjustment to improve causal estimation by flattening the network, reducing error
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Ricci Curvature, Robustness, and Causal Parameters

• Ricci curvature

measures how much the local geometry deviates
from being Euclidean
can be extended to graphs to capture the extent
of dispersion/volume change through an edge
is linked to system robustness

• Learning causal parameters ←→ distributionally robust estimation

• The two notions of robustness are different, but we prove a connection :

More robust system ⇐= Positive Ricci curvature

=⇒ Higher distributional robustness

=⇒ More reliable causal estimates
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Curvature and Causal Parameter Estimation Confidence

• Main theoretical result :

Positive Ricci curvature makes accurate causal estimation

more likely

• Implication :

Ricci curvature can gauge reliability of causal estimates

• Empirical validation :

Ricci curvature is negatively correlated with treatment

effect estimation error on empirical networks
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Improve Causal Inference on Networks using the Ricci flow

• Most empirical networks are sparse =⇒ Many edges have negative curvature

• Flatten the network, using graph Ricci flow, before causal effect estimation

• This preprocessing reduces error, and can be combined with any causal inference method
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Conclusion and Discussion

• We establish a connection between the reliability of causal estimates on networked treatment units

and the graph geometry of their network

• This gives a computational tool to evaluate reliability of causal estimates

without any ground truth

independent of the causal inference method

• Based on this, we propose a method to reduce causal estimation error. The proposed method

improves the accuracy of causal estimates

is a preprocessing that can be combined with any causal inference method

cannot target specific neighborhoods

is just a preprocessing and is not updated during training

importantly : alters the graph by weighting the edges. Is this change conceptually acceptable within

the context of the problem in hand ?
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Thank You !
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