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“Fairness is the absence of prejudice or favoritism toward an individual or a
group based on their inherent or acquired characteristics.”

Fairness, Statistical Fairness Metrics, Causal Fairness Metrics
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Introduction

[1] N. A. Saxena, K. Huang, E. DeFilippis, G. Radanovic, D. C. Parkes, and Y. Liu. How do fairness definitions fare? examining public attitudes towards algorithmic definitions of fairness. In
Proceedings of the 2019 AAAI/ACM Conference on AI, Ethics, and Society.
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Focus: distinction and integration between statistical and causal fairness metrics



Researchers at Lehigh University found that AI chatbots used in mortgage applications exhibited racial bias. In a
study analyzing 6,000 simulated loan applications, the chatbots recommended denials for Black applicants more
frequently than for identical white counterparts.

Racial Bias in Mortgage Lending Chatbots (2024)
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Why fairness?

[1] https://news.lehigh.edu/ai-exhibits-racial-bias-in-mortgage-underwriting-decisions
[2] https://www.theguardian.com/society/2024/dec/06/revealed-bias-found-in-ai-system-used-to-detect-uk-benefits

1

3

Bias in UK Welfare Fraud Detection AI (2024)
2

An internal analysis revealed that the UK government's AI system for detecting welfare fraud exhibited bias
against individuals based on age, disability, marital status, and nationality.



Statistical-based Fairness Metrics: assess
fairness based on the observed statistical
outcomes of different demographic groups,
which focus on ensuring similar outcomes
across groups.

Terminology
Causal-based Fairness Metrics: consider  the
causal relationships between sensitive
attributes and outcomes, ensuring fairness by
intervening/simulating different scenarios to
understand biases caused by underlying causal
mechanisms.​
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Research Questions

Q1
What are the main concepts and
differences between statistical-based
and causal-based Fairness?

Q3 Is it possible to have a common vision
between causal and statistical Fairness?

Q2
Which datasets are most commonly used in
Fairness research, and are there differences
between those used in causal-based and
statistical-based studies?

Q4 How to choose the most suitable metric
considering both perspectives?
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Results
We identified and selected 29 relevant papers
for detailed analysis:

30% of the papers focus on statistical-based
fairness metrics.
70% of the papers concentrate on causal-
based fairness metrics.

Research Results

POLITECNICO DI MILANO | COMPUTER SCIENCE | 2024
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Research Results (a little part of selected papers) Q1 Q2



Q2
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Research Result (number of datasets used across selected papers)



Fairness Decision Tree

8

statistical-based 
fairness metrics

ORIGINAL DECISION TREE

statistical-based and
causal fairness metrics

NEW DECISION TREE
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A fairness decision tree is a tool that helps guide the selection of the fairness metrics

Q3 Q4
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New 
Fairness
Decision 
Tree
The new causal part of the
decision tree includes the
following nodes and
metrics:

questions G, H, I, L, M
metrics 13 to 19



New Fairness Decision Tree
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German Credit Example
Nodes: 

Loan risk (target class y)
Sex (protected attribute g)
Savings (legitimate attribute l)
Job, Credit Amounts, ...

Arrow that connect two nodes A ⟶ B:
if the value of A “causes” the outcome
of B
Dashed arrows are possible ones

Sex (g) Savings (l)

Job

Credit 
Amount

Loan Risk 
(y)



Sex 
g = Female

Credit 
Amount

Loan Risk 
(y = High)
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Interventional (Modify)
Nodes: 

Loan risk (target class y)
Sex (protected attribute g)
Savings (legitimate attribute l)
Job, Credit Amounts, ...

Arrow that connect two nodes A ⟶ B:
if the value of A “causes” the outcome
of B

Savings (l)

Job
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Counterfactual (Add)

Sex 
g= Male Savings (l)

Job

Credit 
Amount

Loan Risk 
(y = Low)

Sex 
g= Female

Loan Risk 
(y = High)



New Fairness Decision Tree
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No Unresolved Discrimination (Group)

Sex 
g= Male Savings (l)

Job

Credit 
Amount

Loan Risk 
(y = Low)

Sex 
g= Female

Loan Risk 
(y = High)
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Counterfactual Fairness (Individual)

Davide Savings (l)

Job

Credit 
Amount

Loan Risk 
(y = Low)

Chiara

Loan Risk 
(y = High)
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Conclusion
Contributions

Results of Literature Analysis: Insights on the distinction between statistical and causal fairness.

Decision Tree: A novel structured process to select the most suitable fairness metrics based on the specific

context of their application.

Future Work

Expanding the Decision Tree: Extend the decision tree to include new emerging fairness metrics.

Validation Through Practical Applications: Apply the decision tree to real-world scenarios.
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Methodology
Research Questions Keywords Research Query

Paper AnalysisSnowballing Inclusion & Exclusion Criteria

Database Search
Scopus, IEEE Xplore, 
ACM Digital Library,

Google Scholar



Research Questions Keywords Research Query

Paper AnalysisSnowballing
Inclusion & Exclusion

Criteria

Database Search
Scopus, IEEE Xplore, 
ACM Digital Library,

Google Scholar

1 2 3

4

567

1.Research Questions: Develop specific research questions to guide the investigation.

2.Keywords: Develop a set of keywords that reflect the core topics of the research.

3.Research Queries: Formulate precise search queries using the identified keywords.

4.Database Search: Identify the most relevant search engines to collect research materials.

5. Inclusion and Exclusion Criteria: Define criteria for selecting relevant papers.

6.Analyze Papers: Collect all the information to address the research questions.

7.Snowballing: Use the reference of selected papers to discover additional studies.
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Keywords

Machine Learning, ML, Data, Ethics,
Metric, Definition, Solution, Mitigation, 
Measure, Causal, Statistical, Group, Individual, 
Counterfactual, Interventional

Query

(fair" OR discriminat" OR unfair" OR bias") AND 
(causal" OR statistic" OR individual" OR group" OR counterfact" OR intervention" OR parity") AND
(metric" OR measur" OR defin" OR solut" OR mitigat") AND 
((machine learning) OR data" OR ethic" OR (artificial intelligence))

Research Strategy
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Inclusion Criteria

Article or Papers with more than 5 citations; 
A paper that addresses about Fairness; 
A paper that proposes a mitigation; 
A paper that proposes a tool; 
A paper that proposes a new perspective; 
A paper that proposes a new Fairness metric

Exclusion Criteria

Theses or reports; 
Surveys; 
A paper that do not discusses Fairness; 
A paper that is not written in English

Research Strategy
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Original Decision TreeQ4
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Individual Direct Discrimination
It aims to discover direct discrimination at the individual level by comparing the individual with similar individuals from both protected and

unprotected groups.

Equality of Effort
It detects discrimination by comparing the effort required to reach the same level of the actual outcome for individuals from

protected and unprotected groups.

Path-specific Effect
Given a causal path set, the path-specific effect is defined as the value change of the sensitive attribute on the decision along

specific causal paths. It is considered fair if the difference is within the fair threshold.

No proxy Discrimination Requires that no path exists from the protected attribute to the predicted outcome that is blocked by a proxy variable.

Counterfactual Fairness Requires that the predicted outcome in the model does not depend on a descendant of the protected attribute.

Total Causal Effect
It is defined as the effect of changing the sensitive attribute on the decision along all causal paths. It is considered fair if the

difference between the conditional distributions is within the fair threshold.

No unresolved discrimination Requires that no path exists from the protected attribute to the predicted outcome.

Causal Fairness Metrics


