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weather data chance of rain

medical data
probability of disease





Correctional Offender Management Profiling for Alternative Sanctions

features > COMPAS I Risk score for
future re-offense
(or recidivism)
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aug . scre of s =

any score of

subject to reoffending , the score of a typical is same as

11 n 11
&

Balance for green class :

aug . scre of s =

any score of

subject to not reoffending , the score of a typical is same as

11 n 11
&



COMPAS' Rebuttal

Calibration
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either or S
can divide same-score individuals

into bins
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CALIBRATION

0 .I 0 . 2 0 .4 0 . 6

why is calibration meaningful ?

Treat same-score individuals similarly regardless of shape.





Can we have the best of both worlds ?

Balanced error rates + calibration
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Calibration Balanced error rates

Perfect prediction w -

Equal base rates ~ w

Any others ? No !
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Theorem : Any risk assessment method that satisfies
calibration and balanced error rates

must either be perfect or have equal base rates.

A Not about computational power

* Impossibility of "balancing averages" by assigning scores
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Thm : Calibration =>> perfect prediction orand

balanced error rates equal base rates

Proof Sketch : r = ang score of all red shapes

g = 11 17 "green"

By balanced error rates :

any score of s any score of s = r

an score of =ang score of s =

g
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EXTENSIONS

* Approximate calibration and approx. balanced over rates

also in conflict.

* Binary classification (Chouldechova 2017 ;

Corbett-Davies
,
Pierson

,
Feller

,
Goel 2016]

* Workarounds ->
balanced error rates (wo calibration

[Handt , Price ,
Subro 2016]

-
calibration and one-sided error only



FIND OUT MORE AT

"Fairness and Machine Learning : Limitations and Oppunities"

Book by Solon Barocas
,
Moritz Hardt and Arvind Narayanan

https : // fairmlbook , org


