
We find statistically significant racial differences for
zero-one loss.

Subsampling training data follows inverse power laws.
The infinite data limit reveals error with no variance,
only noise and bias.

Topic modeling reveals subpopulations with high
differences in error to guide feature augmentation, to
reduce noise.
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• It is surprisingly easy to build a
discriminatory algorithm, even
unintentionally. Why?

• We decompose unfairness in
supervised learning into bias,
variance, and noise to guide
actions to reducing each error.
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Bias
How well the 
model fits the 

data

𝐵" 𝑌$, 𝑥, 𝑎 = 𝐿 𝑦∗ 𝑥, 𝑎 , 𝑦, 𝑥, 𝑎

One choice of model may be better 
suited for one group, causing 
differences in expected bias.

Experiment with 
model complexity

Change model 
class

Variance

How much 
sample size 

affects 
accuracy

𝑉" 𝑌$, 𝑥, 𝑎 = 𝐸/[𝐿(𝑦, 𝑥, 𝑎 , 𝑦2/(𝑥, 𝑎)]

For identically distributed groups, 
bias and noise are equal in 

expectation. Perceived 
discrimination is only from variance.

Fit inverse power 
laws from 

subsampling

Increase
training data 

size

Noise

Irreducible 
error

independent 
of sample 
size and 
model

𝑁 𝑥, 𝑎 = 𝐸6 𝐿 𝑦∗ 𝑥, 𝑎 	 	𝑋, 𝐴]

Differences in noise between two 
groups may contribute to 

discrimination if protected groups 
are not identically distributed

Estimate Bayes 
error using 

distance metrics

Increase
number of 
features
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1. For accurate and fair models deployed for real
world applications, both the model and the
algorithm must be considered.

2. We provide easily implementable fairness
tools to evaluate bias, variance, and noise in an
algorithm, which can guide further efforts to
reduce unfairness.

Conclusion

Experiments

Model considerations
• Regularization [1,2]
• Loss function constraints [3]
• Representation learning [4]
• Post-hoc corrections [5]

Data considerations
• Processing [6]
• Cohort selection
• Sample size
• Number of features

We consider fairness through loss definitions.

One example of loss is false positive loss.

𝛾" 𝑌$, 𝑌, 𝐷 ∶= 𝑃/ 𝑌$ = 1		 	𝐴 = 𝑎, 𝑌 = 0)

We define unfairness as the difference between losses.

Γ ∶= |	𝛾B − 𝛾D|

Theorem 1: We can decompose both loss 𝛾̅" and
unfairness Γ.

𝛾̅" 𝑌$ = 𝐵F" 𝑌$ + 𝑉F"(𝑌$) + 𝑁H"

ΓF = (𝐵FB − 𝐵FD + (𝑉FB−𝑉FD) + (𝑁HB−𝑁HD)|

diff in bias diff in variance   diff in noise

Proposition 1: If 𝑁D ≠ 𝑁B, no model can be 0-
discriminatory in expectation. 103 104
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Dataset Task Protected	Group

Census income	
(UCI)

Predict	over/under	
50k Gender

Clinical notes	
(MIMIC-III)

Predict hospital	
mortality Race

Book reviews	
(Goodreads)

Predict	book	review	
score Author	gender

Experiment 1: Income Prediction

D data ΓF unfairness
Y outcome 𝑦∗ Bayes optimal classifier
𝑌$ prediction 𝑦, majority classifier
X covariates 𝐵" bias of group a
A protected group 𝑉" variance of group a

𝛾 loss (e.g. 0-1 error, false pos, 
false neg) 𝑁" noise of group a

Asian Black Hispanic Other WhitePrior work has focused on improving fairness through
the model, but the training data is also important.

Differences in false positive rate and false negative rate
decrease as we add more training data.

Below we define our variables.


