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Mirror Mirror” - Reflections on Quantitative Fairness“ e

/https://speak-statistics-to-power.github.io/fairness

Fairness Measures .

/http:/ /fairness-measures.org
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Group Fairness Under Composition, C. Dwork and C.llvento, 2018 e
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Learning fair representations, Zemel et al,, 2013 e
Fairness through awareness, Dwork et al., 2011 °

Individual Fairness Under Composition, C. Dwork and C.llvento, 2018
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https://speak-statistics-to- &b ) Mirror Mirror- Reflections on Quantitative Fairness ;o L:: fi> deiball peedil Guplio

Creative Commons Attribution-ShareAlike 4.0 International License >g.ay sa>s0 .(/power.github.io/fairness

CC-BY-4.0 license c>gas ya>s0 /http://fairness-measures.org z>1,) Fairness Measures ;o L5i> dewciiiall sl Gugylia 2
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k-NN as an Implementation of Situation Testing for Discrimination Discovery and Prevention, °
Luong et al., 2011
Combating discrimination using bayesian networks, K. Mancuhan and C. Clifton, 2014 e

Data mining for discrimination discovery, Ruggieriet al, 2014 o
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Measuring racial discrimination, Panel on Methods for Assessing Discrimination, Blank et al., °
.2004
Statistical evidence of discrimination, D. Kaye, 1982 o

The uses and misuses of statistical proof in age discrimination claims, T. Tinkham., 2010 e
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Certifying and removing disparate impact, Feldman et al, 2015 o
Quantifying explainable discrimination and removing illegal discrimination in automated decision °
making, Kamiran et al,, 2013

Combating discrimination using bayesian networks, K. Mancuhan and C. Clifton, 2014 e
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Fairness-aware classifier with prejudice remover regularizer, Kamishima et al,, 2012 o
Learning fair representations, Zemel et al., 2013 e

Controlling attribute effect in linear regression, Calders et al, 2013 e

Discrimination aware decision tree learning, Kamiran et al, 2010

Learning fair representations, Dwork et al., 2013
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A methodology for direct and indirect discrimination prevention in data mining, S. Hajian and J. °

Domingo-Ferrer, 2013
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Discrimination aware decison tree learning, F. Kamiran, T. Calders, and M. Pechenizkiy, 2010 °
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CS294: Fairness in Machine Learing (Lectures), UC Berkeley e
/https:/ /fairmlclass.github.io

:Slgadl
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https://github.com/megantosh/fairness_measures_code/tree/master
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https://github.com/adebayoj/FairML
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Datasheets for datasets, Timnit Gebru et al,, 2018 e
Data Statements for Natural Language Processing: Toward Mitigating System Bias and Enabling °
,Better Science, Emily M. Bender and Batya Friedman
The Dataset Nutrition Label: A Framework To Drive Higher Data Quality Standards, Sarah °
Holland et al., 2018
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Increasing Trust in Al Services through Supplier’s Declarations of Conformity, Hind et al., 2018 e
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Principles for Accountable Algorithms and a Social Impact Statement for Algorithms, FAT/ML e

http:/ /www.fatml.org/resources/principles-for-accountable-algorithms
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Interpretable Machine Learning - A Guide for Making Black Box Models Explainable, Molnar. C., °
2018
/https://christophm.github.io/interpretable-ml-book

)J)LQ.U'
Explainable Al - Driving business value through greater understanding, PricewaterhouseCoopers °

LLP., 2018

https://www.pwc.co.uk/audit-assurance/assets/explainable-ai.pdf
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Interpretable Machine Learning - A Guide for Making Black Box Models Explainable, Molnar. C., °
2018
/https://christophm.github.io/interpretable-ml-book
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Visualizing the Effects of Predictor Variables in Black Box Supervised Learning Models, Apley, D. °
W, 2016
Why Should | Trust You?” Explaining the Predictions of Any Classifier, Ribeiro et al, 2016“ e

3 Types of methods adapted from Interpretable Machine Learning - A Guide for Making Black Box Models Explainable, Molnar. C., 2018

(see https://christophm.github.io/interpretable-ml-book/). Licensed under the Creative Commons Attribution-NonCommercial-ShareAlike

4.0 International License.
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LIME Python package & R package o

https://github.com/marcotcr/lime

https://cran.r-project.org/web/packages/lime/index.html

dl> Lle JUodl M5 o sunsdidl G3b plaziwl 3
-l ds35all il wislasdly ,:,Laﬁil z3eailly Snlall Oilimadl (JUall Jupws Sle 0
S
Interpretable Machine Learning - A Guide for Making Black Box Models Explainable, Molnar. C., °
2018
/https://christophm.github.io/interpretable-ml-book
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Counterfactual Explanations without Opening the Black Box: Automated Decisions and the GDPR, °
S. Wachter, B. Mittelstadt and C. Russell, 2018

Inverse Classification for Comparison-based Interpretability in Machine Learning, Laugel et al, °

2017

Examples are not Enough, Learn to Criticize! Criticism for Interpretability”, B. Kim, R. Khanna, “ e

and O. Koyejo, 2016
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The fuss, the concrete and the questions, B.Kim and F. Doshi-Velez, 2017 iysill LI J3I pleil

https:/ /people.csail.mit.edu/beenkim/papers/BeenK_FinaleDV_ICML2017 _tutorial.pdf
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Towards A Rigorous Science of Interpretable Machine Learning, F. Doshi-Velez and B. Kim, 2017 e
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(*ACM Conference on Fairness, Accountability, and Transparency (ACM FAT

/https://fatconference.org

ACM SIGKDD

/http://www.kdd.org

NIPS Conference

ICML Conference
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Toward ethical, transparent and fair Al/ML: a critical reading list

https://medium.com/®@eirinimalliaraki/toward-ethical-transparent-and-fair-ai-ml-a-critical-reading-list-

d950e70a70ea

Pointers to Key Resources for Technical Experts (Feedback Stage) 8


https://fatconference.org/
http://www.kdd.org/
https://medium.com/@eirinimalliaraki/toward-ethical-transparent-and-fair-ai-ml-a-critical-reading-list-d950e70a70ea
https://medium.com/@eirinimalliaraki/toward-ethical-transparent-and-fair-ai-ml-a-critical-reading-list-d950e70a70ea

