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Background - Method 2 Clusters

After implementing
Haversine distance we
compared the two metrics:
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Black-boxed algorithms are used to drive decisions
that impact people’s lives. This inscrutability
creates the potential for misapplication that can
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have harmful effects. Potentially harmful 1. Set Starting Points
algorithms, such as predictive crime analysis, must' 2. Cluster 500
be closely examined to avoid bias. 3. Compute Potential Bias Index
4. Repeat for Each Month %0.0 Pg-tle o BiasOiﬁdex 0.3
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2. Assign each point to the nearest center , , =
3. Recompute cluster centers as mean of points The Potential Bias Index for 2 3 °00
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4. Repeat 2 & 3 until convergence (d|S|m|Ia|r|ty) * the probability 1—?300
This assumes: of being a minority within a 5
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1. There are K clusters in the data geodesic cluster >
2. A euclidean distance metric is appropriate k is number of clusters, O is points that 0
, , , _ , overlap between g and e, the geodesic and 0
Euclidean distance misrepresents points on a sphere as it euclidean clusters. 0.0 F?(-)%emial Bi%glndex 0.3
does not account for curvature. n is total number of points in the cluster.
e el Results - Using a geodesic metric produced visibly different results
T RENLS RIS - Higher values of K tended to produce higher potential bias values
| %;* 0 | *LJ;* A - These values suggest areas of potential misclassification
R et [ N ety - Since these cluster are used to allocate police resources, misclassifcation
e, ket runs the risk of causing unequal policing in areas with higher a minority
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Figure 1: Euclidean (left) and Geodesic (rlght) CIUSteringS frOm the same 5. (;r;]rlisntgz:niir;clia:/tlgo,rrli]es\{m Hamilton, Karrie Karahalios, and Cedric Langbort. 2014. Auditing algorithms: Research methods for detecting discrimination

starting points on a map of theft in Milwaukee March 2015. K = 5.



