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We Need Fairness!

What We Want from Fair Models
• Interpretability: What do the parameters mean in the domain the
data come from?

• Explainability: Why does the model give specific predictions?
• Confidence: Are the effects wemeasure statistically significant?
What is the error margin of predictions?

(Frequentist) Fair Ridge Reg Model (FRRM)
Consider a regression model with X predictors, S sensitive at-
tributes, response y and a given level of fairness 𝑟 ∈ [0, 1] (0 = com-
plete fairness, 1 = no fairness constraints).
To bound the dependence between ̂y and S by a fairness budget 𝑟,
Scutari et al. (2022) propose:

1. Compute Û (the fair predictors) as X = SB̂OLS + Û.

2. Estimate 𝜷FRRM = (ÛTÛ)
−1

ÛTy.
3. To find 𝜶FRRM, solve

argmin
𝜶,𝜷

‖y − S𝜶 − Û𝜷‖2
2 + 𝜆(𝑟)‖𝜶‖2

2,

where 𝜆(𝑟) satisfies

𝑅2
S(𝜶, 𝜷) =

VAR(S𝜶)
VAR(S𝜶 + Û𝜷FRRM)

= 𝑟.

Check Single solution, computationally inexpensive.
Check Pluggable fairness constraints, interpretable and explainable.
Check Works for all generalised linear models.
Times-Circle Lacking uncertainty quantification.
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The Bayesian alternative (BFRRM)
To design the Bayesian version of FRRM, we define the likelihood

y ∣ 𝜶, 𝜷, Û, S ∼ 𝒩 (Û𝜷 + S𝜶, 𝜎2𝐼𝑛)

and the priors on 𝜶, 𝜷, 𝜎2:

𝜷 ∣ 𝜎2 ∼ 𝒩 (0, 𝑔𝜎2(ÛTÛ)−1) , 𝑔 > 0

𝜶 ∣ 𝜎2, 𝜆(𝑟) ∼ 𝒩 (0,
𝜎2

𝜆(𝑟)
𝐼𝑞)

𝜎2 ∣ 𝑎0, 𝑏0 ∼ 𝐼𝐺(𝑎0, 𝑏0)

This formulation gives closed form posteriors for all parameters.
Therefore, we can easily obtain posterior means and credible inter-
vals for𝜶, 𝜷, 𝜎2. From these, we derive uncertaintymeasures for the
unfairness measure 𝑅2

S(𝜶, 𝜷).

Posterior calibration of BFRRM
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Real data
LSAC is a survey among US law school students (𝑛 = 5K, 9 predic-
tors): we take GPA as response, and race, age, gender as sensitive
attributes. COMPAS (𝑛 = 6K, 13 predictors) comprises demographic
and criminal records of offenders in Florida: we take recidivating as
response and offender’s age, gender, race as sensitive attributes.
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