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Tasks and Assumptions

Causal discovery from observational data

Predictions for tabular data with neural networks

Desiderata: transparency, robustness, accountability

Assumptions: Sufficiency, Acyclicity, Faithfulness

Fabrizio Russo Causal Discovery for Trustworthy AI 1/22



Tasks and Assumptions

Causal discovery from observational data

Predictions for tabular data with neural networks

Desiderata: transparency, robustness, accountability

Assumptions: Sufficiency, Acyclicity, Faithfulness

Fabrizio Russo Causal Discovery for Trustworthy AI 1/22



Tasks and Assumptions

Causal discovery from observational data

Predictions for tabular data with neural networks

Desiderata: transparency, robustness, accountability

Assumptions: Sufficiency, Acyclicity, Faithfulness

Fabrizio Russo Causal Discovery for Trustworthy AI 1/22



Causal Graphs for Contestable Neural Networks

Russo & Toni. Causal Discovery and Knowledge Injection for Contestable Neural Networks. ECAI 2023



Motivation

Neural networks are black boxes

Contestability has been advocated by majour AI ethics frameworks and regulations
(e.g. OECD, ACM and GDPR)

Can causal discovery make NNs more transparent, human-aligned and robust?
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Contribution

Contestable Neural Networks

We propose Knowledge Injection empowered by Causal Discovery as a mean to make

neural networks Contestable and improve them through experts’ feedback.

This enables human-in-the-loop debugging and increased transparency.

Fabrizio Russo Causal Discovery for Trustworthy AI 3/22



Joint Network Structure (Kyono, Zhang and van der Schaar 2020)

Y

X1

Xd

⋮

X1

Y

Xd

⋮

Y

X1

Xd

⋮

⋮

⋮

Y

X1

Xk

Xd

⋮

⋮

Input layer Hidden layer(s) Output layer

Sub-
Network

1

Sub-
Network

2

⋮

Sub-
Network
d + 1

Fabrizio Russo Causal Discovery for Trustworthy AI 4/22



Joint Network Structure (Kyono, Zhang and van der Schaar 2020)

Y

X1

Xd

⋮

X1

Y

Xd

⋮

Y

X1

Xd

⋮

⋮

⋮

X1

Y

Xk

Xd

⋮

⋮

Input layer Hidden layer(s) Output layer

Sub-
Network

1

Sub-
Network

2

⋮

Sub-
Network
d + 1

Fabrizio Russo Causal Discovery for Trustworthy AI 4/22



The Intuition
Objective: have the network use only the relationships contained in the DAG i.e.
predict each of the features using only its parents.
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Inject Causal Knowledge
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Summary of Results

Injected Networks can perform significantly better than causal regularisation

Injecting a set of partial constraints does not generally hurt performance

Injecting part of the causal relations helps the causal discovery task
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Limitations

Contestable Neural Networks are not a tool for Causal Inference

Masking is only applied to direct effects

Causal Graphs make Networks more transparent, what about transparency and
assurance around the Causal Graphs themselves?
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Causal Discovery with Shapley Values

Russo & Toni. Shapley-PC: Constraint-based Causal Structure Learning with a Shapley Inspired
Framework. CLeaR 2025. (Forthcoming)



Shapley Values

Shapley value in cooperative game theory (Shapley 1953)

Suppose a team N = 1, . . . ,n of players cooperates to earn value v(N):

ϕv(i) = ∑
S⊆N/{i}

∣S ∣!(n − ∣S ∣−1)!
n!

[v(S ∪ {i}) − v(S)] (1)

Represents a player i ’s marginal value-added upon joining a team
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V-structures or Immoralities

Two variables are marginally
independent Coin1⊥⊥Coin2

But they are dependent when
conditioned on a common descendant
Coin1 /⊥⊥Coin2 ∣ Bell

Fabrizio Russo Causal Discovery for Trustworthy AI 10/22



Shapley Independence Values (SIV)

Suppose we are assessing whether Xi −Xj −Xk in C is a v-structure

For a given skeleton C our team of variablesis:

N = {S ∶ S ⊆ adj(C,Xi)∖{Xj} ∨ S ⊆ adj(C,Xk)∖{Xj}} (2)

Our value function is the p-value returned by the conditional independence test
I (Xi ,Xk ∣ S)
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Shapley Independence Values (SIV)

Shapley Independence Value (SIV)

ϕI (Xj ,{Xi ,Xk}) = ∑
S∈N

∣S ∣!(n − ∣S ∣−1)!
n!

[I (Xi ,Xk ∣ S ∪ {Xj}) − I (Xi ,Xk ∣ S)] (3)

The higher ϕI (Xj ,{Xi ,Xk}) the higher is the Xj ’s contribution the independence
between Xi and Xk .
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Contribution

Shapley Independence Values (SIV)

We prove that, given adjacency faithfulness and perfect conditional independence
information, negative SIVs correctly identify v-structures.

Fabrizio Russo Causal Discovery for Trustworthy AI 13/22



PC-Algorithm (Spirtes, Glymour and Scheines 2000)

Input: Conditional Independence Information for all variables

1: Build skeleton C via adjacency search (save separating sets)
2: Orient v-structures in C (using separating sets from step 1)
3: Propagate d-separation via Meek rules

Return: CPDAG
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Summary of Results

Keep the theoretical soundness and asymptotic consistency of PC

No computational overhead (compared to modifications of PC)

Remove the dependency on the usual significance threshold α

Outperforms all previously proposed variations of PC using the same conditional
independence tests - for ”close to unfaithful” data (Ramsey, Spirtes and J. Zhang
2006)
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Limitations

Assumes Sufficiency and Acyclicity

Only used for v-structure discovery, could it be extended to the other discovery
phases?

Liable to consistency errors due to its sequential nature
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Argumentative Causal Discovery

Russo, Rapberger & Toni. Argumentative Causal Discovery. KR 2024.



Student’s Achievement Example

Effort

Support
Grades Scholarship
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Student’s Achievement Example

Effort

Support
Grades Scholarship

True Graph

Effort

Support
Grades Scholarship

Majority-PC (Colombo and Maathuis 2014)
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Student’s Achievement Example

Effort

Support
Grades Scholarship

True Graph

Effort

Support
Grades Scholarship

Shapley-PC (Russo and Toni 2023)
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Causal Assumption-Based Argumentation

Fabrizio Russo Causal Discovery for Trustworthy AI 19/22



Summary of Results

Ensure the consistency between a subset of the relations provided in input and the
output causal graph

Strong empirical performance against state-of-the-art baselines on bnlearn data

Opens up avenues of future work on interpretability and contestability

Fabrizio Russo Causal Discovery for Trustworthy AI 20/22



Limitations

Assumes Sufficiency and Acyclicity

Scalability - Can handle max 11 variables
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Conclusion & Future Work
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Conclusions & Future Work

We discussed three methods to

Employ Causal Graphs as means to contest and improve Neural Networks

Discover Causal Graphs more robustly

Discover and potentially explain and contest causal graphs

Guide human input into construction of causal models

Improve scalability while maintaining reliability
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Thanks for your attention!
Questions?
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Appendices



Contestable NNs
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Contested Network - Results

Table 1: Average AUC over 25 runs for the Adult dataset in four experimental scenarios.

Adult Dataset (∣V ∣ = 14)
Data CASTLE Injected Partial Contested
(N) ∣E ∣ = 210 ∣E ∣ = 46 ∣E ∣ = 116 ∣E ∣ = 30
100 0.67 (0.03) 0.69 . 0.66 0.69 .
500 0.72 (0.04) 0.74 * 0.71 0.74 *

1000 0.75 (0.03) 0.76 0.74 0.76
2000 0.74 (0.03) 0.77 *** 0.76 * 0.77 ***
5000 0.75 (0.03) 0.79 *** 0.76 0.79 ***

10000 0.75 (0.02) 0.85 *** 0.76 . 0.85 ***
20000 0.76 (0.02) 0.86 *** 0.77 . 0.86 ***

Significance levels against CASTLE (Kyono, Zhang and van der Schaar 2020): 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1.



Shapley-PC
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PC-based Algorithms
i Conservative-PC (Ramsey, Spirtes and J. Zhang 2006)

→ Orient v-structure only if the candidate collider renders dependence in all tests when
in the conditioning set

ii Majority-PC (Colombo and Maathuis 2014)
→ Orient v-structure only if the candidate collider renders dependence in the majority

of the tests when in the conditioning set
iii Max-PC (Ramsey 2016)

→ Orient v-structure only if the test with the maximum p-value does not contain the
candidate collider

iv ML4C (Dai et al. 2023)
→ Build a machine learning model to predict v-structures

v Shapley-PC (Russo and Toni 2023)
→ Orient v-structure only if the candidate collider has the lowest Shapley

Independence Value



PC-Algorithm (Propagation, Meek 1995)



Example I (Perfect Independence Information)

Assess whether X1 −X3 −X2 is a v-structure

Perfect Conditional Independence Information
1 I (X1,X2) = 1→ X1⊥⊥X2

2 I (X1,X2 ∣ X3) = 0→ X1 /⊥⊥X2 ∣ X3

3 I (X1,X2 ∣ X4) = 0→ X1 /⊥⊥X2 ∣ X4

4 I (X1,X2 ∣ {X3,X4}) = 0→ X1 /⊥⊥X2 ∣ {X3,X4}

ϕI (X3,{X1,X2}) = ϕI (X4,{X1,X2}) = −0.5
All PC-based algorithms can recover the true DAG
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Example II (Imperfect Independence Information)

Assess whether X1 −X3 −X2 is a v-structure

Finite Sample Conditional Independence Tests
1 I (X1,X2) = 0.7 ≥ α → X1⊥⊥X2

2 I (X1,X2 ∣ X3) = 0.01 < α → X1 /⊥⊥X2 ∣ X3

3 I (X1,X2 ∣ X4) = 0.1 ≥ α → X1⊥⊥X2 ∣ X4

4 I (X1,X2 ∣ {X3,X4}) = 0.75 ≥ α → X1⊥⊥X2 ∣ {X3,X4}

ϕI (X3,{X1,X2}) = −0.03, ϕI (X4,{X1,X2}) = 0.08
Only Shapley-PC correctly orients the v-structure
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Example III (Little imperfect Independence Information)

Assess whether X1 −X3 −X2 is a v-structure

Finite Sample Conditional Independence Tests
1 I (X1,X2) = 1→ X1⊥⊥X2

2 I (X1,X2 ∣ X3) = 0→ X1 /⊥⊥X2 ∣ X3

3 I (X1,X2 ∣ X4) = 0→ X1 /⊥⊥X2 ∣ X4

4 I (X1,X2 ∣ {X3,X4}) = 0.1→ X1⊥⊥X2 ∣ {X3,X4}

ϕI (X3,{X1,X2}) = ϕI (X4,{X1,X2}) = −0.45
Only Shapley-PC and PC-max correctly orient the
v-structure



Example III (Little imperfect Independence Information)

Assess whether X1 −X3 −X2 is a v-structure

Finite Sample Conditional Independence Tests
1 I (X1,X2) = 1→ X1⊥⊥X2

2 I (X1,X2 ∣ X3) = 0→ X1 /⊥⊥X2 ∣ X3

3 I (X1,X2 ∣ X4) = 0→ X1 /⊥⊥X2 ∣ X4

4 I (X1,X2 ∣ {X3,X4}) = 0.1→ X1⊥⊥X2 ∣ {X3,X4}

ϕI (X3,{X1,X2}) = ϕI (X4,{X1,X2}) = −0.45

Only Shapley-PC and PC-max correctly orient the
v-structure
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Soundness

Definition (Perfect Conditional Independence Test (CIT))

I (Xi ,Xj ∣ S)=
⎧⎪⎪⎨⎪⎪⎩

1 iff Xi ⊥⊥Xj ∣ S
0 otherwise

Lemma

Given a skeleton C, a UT Xi −Xj −Xk ∈ C, Xi ,Xj ,Xk ∈ V, and a perfect CIT I∞, the
SIV of variable Xj ϕI∞(Xj ,{Xi ,Xk}) < 0 if and only if Xj is a collider for Xi and Xk .



Soundness

Theorem (Correctness of Shapley-PC)

Let P(V) be a joint distribution faithful to a DAG G = (V,E), and assume access to
perfect conditional independence information for all pairs (Xi ,Xj) ∈ V given subsets
S ⊆ V ∖ {Xi ,Xj}. Then the output of Shapley-PC is the CPDAG representing the MEC
of G.



Asymptotic Consistency

In the sample limit, the original PC-algorithm has been shown to be consistent for
sparse graphs and multivariate Gaussian distributions (Kalisch and Bühlman 2007)
or Gaussian copulas (Harris and Drton 2013)

The results are contingent on PC only performing CIT between pairs of variables,
with the size of the conditioning sets S less or equal to the degree of the graph

Our proposed method has the same characteristic, hence the consistency results
are equally applicable



Complexity

As in PC, the complexity of our algorithm depends on the number of vertices and
their maximal degree (Spirtes, Glymour and Scheines 2000, p.85)

As in CPC, MPC and PC-Max, we perform additional tests compared to the
original PC that used the separating sets derived from the adjacency test in Step 1

The number of tests though still depends on the degree as we only add the tests
about the adjacency set to calculate ϕI (Xj)

The majority of the testing is still done in the adjacency search of Step 1 of PC
(Ramsey, Spirtes and J. Zhang 2006)



Why the minimum? (Hung et al. 1997)

Under the alternative hypothesis of
dependence

g(p) depends on the sample size and
the value of the parameter in the
alternative hypothesis

g(p) decrease monotonically and
concentrate around 0, the further
towards 1 the lower is the probability
of dependence



Evaluation Metrics

Structural Hamming Distance (SHD) is a purely graphical metric summing up the
number of changes to be made to the estimated graph to match the true one
(SHD = Extra + Missing + Reversed)

Structural Intervention Distance (SID) (Peters and Bühlmann 2015) quantifies the
closeness between two DAGs in terms of their corresponding causal inference
statements



Causal ABA

Fabrizio Russo Causal Discovery for Trustworthy AI



Student’s Achievement Example
Ef /⊥⊥Sc p = 0.00 S = 1.00
Ef /⊥⊥Gr p = 0.00 S = 1.00
Su /⊥⊥Gr p = 0.00 S = 1.00
Gr /⊥⊥Sc p = 0.00 S = 1.00
Su⊥⊥Ef p = 0.46 S = 0.71
Su /⊥⊥Sc p = 0.05 S = 0.52
Ef /⊥⊥Sc ∣ {Su} p = 0.00 S = 0.50
Ef /⊥⊥Sc ∣ {Gr} p = 0.00 S = 0.50
Ef /⊥⊥Gr ∣ {Su} p = 0.00 S = 0.50
Su /⊥⊥Gr ∣ {Sc} p = 0.00 S = 0.50
Ef /⊥⊥Gr ∣ {Sc} p = 0.00 S = 0.50
Su /⊥⊥Gr ∣ {Ef } p = 0.00 S = 0.50

Gr /⊥⊥Sc ∣ {Ef } p = 0.00 S = 0.50
Gr /⊥⊥Sc ∣ {Su} p = 0.00 S = 0.50
Su⊥⊥Ef ∣ {Gr} p = 0.53 S = 0.38
Su /⊥⊥Sc ∣ {Gr} p = 0.03 S = 0.35
Su⊥⊥Ef ∣ {Gr} p = 0.33 S = 0.32
Su⊥⊥Ef ∣ {Sc} p = 0.05 S = 0.25
Su⊥⊥Ef ∣ {Gr ,Sc} p = 0.39 S = 0.00
Su /⊥⊥Sc ∣ {Ef ,Gr} p = 0.00 S = 0.00
Ef /⊥⊥Gr ∣ {Su,Sc} p = 0.00 S = 0.00
Su /⊥⊥Sc ∣ {Ef ,Gr} p = 0.00 S = 0.00
Su /⊥⊥Gr ∣ {Ef ,Sc} p = 0.03 S = 0.00

Effort

Support

Grades Scolarship
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Structural Interventional Distance (Peters and Bühlmann 2015)
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Structural Interventional Distance (Peters and Bühlmann 2015)



Run Time Comparison



Baselines

1 Majority-PC (Colombo and Maathuis 2014) is a modification of the PC-algorithm

2 Fast Greedy Equivalence Search (FGS) (Ramsey, M. Glymour et al. 2017) is a fast
implementation of GES (Chickering 2002) where graphs are evaluated using the
Bayesian Information Criterion

3 NOTEARS-MLP (Zheng et al. 2020) learns a non-linear SEM via continuous
optimisation
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