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- Predictive Model * (Conf. =0.96)

* https://www.bloomberg.com/news/articles/2017-12-04/researchers-combat-gender-and-racial-bias-in-artificial-intelligence
* Himabindu Lakkaraju, Ece Kamar, Rich Caruana, and Eric Horvitz. Identifying Unknown Unknowns in the Open World:
Representations and Policies for Guided Exploration, in AAAI 2017. https://arxiv.org/abs/1610.09064


https://www.bloomberg.com/news/articles/2017-12-04/researchers-combat-gender-and-racial-bias-in-artificial-intelligence
https://arxiv.org/abs/1610.09064
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| - Data is Findable.
| - Data is Accessible.
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Data is Interoperable.
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A ] ] - Data is Reusable.

“The FAIR Data Principles”

- https://www.forcell.org/group/fairgroup/fairprinciples


https://www.force11.org/group/fairgroup/fairprinciples
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« Metadata have a plurality of accurate and relevant attributes
- Data are released with a clear and accessible data usage license
- Data are associated with their provenance
- Data meet domain-relevant community standards

* “The FAIR Data Principles”
- https://www.forcell.org/group/fairgroup/fairprinciples


https://www.force11.org/group/fairgroup/fairprinciples
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- HiEF: Gender Shades, by Joy Buolamwini & Timnit Gebru.
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“At the time of evaluation, none of the [three] companies tested reported how
well their computer vision products perform across gender, skin type,
ethnicity, age or other attributes.”

“The description of classification methodology lacked detail and there was no
mention of what training data was used.”
« “How well do IBM, Microsoft, and Face++ Al services guess the gender of a face?” http://gendershades.org

» Joy Buolamwini and Timnit Gebru. Gender Shades: Intersectional Accuracy Disparities in Commercial Gender Classification.
In Proc. of Machine Learning Research, 2018. http://proceedings.mlir.press/v81/buolamwinil8a/buoclamwinil8a.pdf


http://gendershades.org/
http://proceedings.mlr.press/v81/buolamwini18a/buolamwini18a.pdf
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Figure 3: The percentage of darker female,
lighter female, darker male, and lighter
male subjects in PPB, IJB-A and Adi-
ence. Only 4.4% of subjects in Adience
are darker-skinned and female in com-

parison to 21.3% in PPB.

« “How well do IBM, Microsoft, and Face++ Al services guess the gender of a face?” http://gendershades.org
» Joy Buolamwini and Timnit Gebru. Gender Shades: Intersectional Accuracy Disparities in Commercial Gender Classification.

In Proc. of Machine Learning Research, 2018. http://proceedings.mlir.press/v81/buolamwinil8a/buoclamwinil8a.pdf


http://gendershades.org/
http://proceedings.mlr.press/v81/buolamwini18a/buolamwini18a.pdf
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Figure 4: Gender classification confidence scores
from IBM (IBM). Scores are near 1 for
lighter male and female subjects while
they range from ~ 0.75 — 1 for darker
females.

« “How well do IBM, Microsoft, and Face++ Al services guess the gender of a face?” http://gendershades.org
« Joy Buolamwini and Timnit Gebru. Gender Shades: Intersectional Accuracy Disparities in Commercial Gender Classification.

In Proc. of Machine Learning Research, 2018. http://proceedings.mlir.press/v81/buolamwinil8a/buoclamwinil8a.pdf


http://gendershades.org/
http://proceedings.mlr.press/v81/buolamwini18a/buolamwini18a.pdf
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