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Machine Bias

There's software used across the country to predict future criminals. And it's biased
against blacks.

by Julia Angwin, Jeff Larson, Surya Mattu and Lauren Kirchner, ProPublica
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Borden was rated high risk for future crime after she and a friend

Borden was rated high risk for future crime after she and a friend
took a kid's bike and scooter that were sitting outside. She did not

took a kid'’s bike and scooter that were sitting outside. She did not

reoffend. reoffend.
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Black Defendants’ Risk Scores White Defendants’ Risk Scores

Risk Score Risk Score

Prediction Fails Differently for Black Defendants

WHITE AFRICAN AMERICAN

Labeled Higher Risk, But Didn't Re-Offend

Labeled Lower Risk, Yet Did Re-Offend

Overall, Northpointe's assessment tool correctly predicts recidivism 61 percent of the time. But blacks are almost twice as likely
as whites to be labeled a higher risk but not actually re-offend. It makes the opposite mistake among whites: They are much

more likely than blacks to be labeled lower risk but go on to commit other crimes.

https://www.propublica.org/article/machine-bias-risk-assessments-in-criminal-sentencing
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https://www.washingtonpost.com/news/monkey-cage/wp/2016/10/17/can-an-algorithm-be-racist-

our-analysis-is-more-cautious-than-propublicas/



https://www.washingtonpost.com/news/monkey-cage/wp/2016/10/17/can-an-algorithm-be-racist-our-analysis-is-more-cautious-than-propublicas/
https://www.washingtonpost.com/news/monkey-cage/wp/2016/10/17/can-an-algorithm-be-racist-our-analysis-is-more-cautious-than-propublicas/
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False Discovery Rate (FDR) = 1 — PPV

White African American

__ Labeled Higher Risk But Didn’t Re—Offend \
- Labeled Higher Risk Labeled Higher Risk, But Didn’t Re-Offend  41% 37%
Labeled Lower Risk, Yet Did Re-Offend 29% 35%

False Omission Rate (FOR) = 1 — NPV Table 3.1: Propublica’s table with correct target population errors at the study

_ Labeled Lower Risk Yet Did Re—Offend cut point (Low vs. Not Low) for the General Recidivism Risk Scale.

- Labeled Lower Risk

e ProPublica: 52 SSAM 7|FZ0 2 Al =

Prediction Fails Differently for Black Defendants

False Positive Rate (FPR) = 1 — TNR e P
Labeled Higher Risk But Didn’t Re—Offend

: Labeled Higher Risk, But Didn't Re-Offend 23.5% 44.9%
Didn’t Re—Offend

Labeled Lower Risk, Yet Did Re-Offend 47.7% 28.0%
False Negative Rate (FNR) = 1 — TPR

Overall, Northpointe's assessment tool correctly predicts recidivism 61 percent of the time. But blacks are almost twice as likely

as whites to be labeled a higher risk but not actually re-offend. It makes the opposite mistake among whites: They are much
Labeled Lower Risk Yet Did Re—Offend

Did Re—Offend

more likely than blacks to be labeled lower risk but go on to commit other crimes.
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Feature Q.1 Q.2 Q.3

(a priori) | (if more accurate) | (if increases disparity)
# prior offenses 95% 93% 83%
arrest charge description 86% 92% 71%
arrest charge degree 85% 91% 69%
# juvenile felony offenses 74% 80% 61%
# juvenile misdemeanor offenses 65% 71% 53%
# juvenile other offenses 63% 69% 52%
age 44% 61% 32%
gender 26% 55% 24%
race 21% 42% 17%

Table 1: Comparing user judgment of fairness of each feature, when the user has different knowledge
about the impact of incorporating that feature in the decision making process. We show the percentage
of users who categorized each feature as fair according to the 3 questions described in Section 2.1.

Grgic-Hlaca et al. (2018)
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