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Keeping Human Concerns in the Loop: 
Human-Centered Approaches to Responsible AI
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AI systems can behave unfairly, causing harm 
to people in a variety of ways



AI systems can unfairly allocate opportunities or resources
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AI systems can reinforce societal stereotypes, or denigrate or 
demean people
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AI systems can under- or over-represent groups of people, or 
treat them as if they don’t exist

Kay et al., 2015



Crawford et al., 2017

AI systems can cause fairness-related harms 
to people in a variety of ways:

- Allocation
- Performance disparities, or quality of service
- Stereotyping
- Denigration
- Under- or over-representation or erasure
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AI systems are increasingly used in high-stakes contexts

ProPublica, 2016
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AI systems are increasingly used in high-stakes contexts

Vaithianathan et al., 2019; 
Chouldechova et al., 2018
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Communities have protested algorithmic decision-making



Gilman, 2019; 2020

Communities have protested algorithmic decision-making
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Holstein, K., Wortman Vaughan, J., Daumé III, H., Dudik, M., & Wallach, H. (2019, May). Improving 
fairness in machine learning systems: What do industry practitioners need?. In Proceedings of the 2019 
CHI Conference on Human Factors in Computing Systems (pp. 1-16). 14



Holstein, K., Wortman Vaughan, J., Daumé III, H., Dudik, M., & Wallach, H. (2019, May). Improving 
fairness in machine learning systems: What do industry practitioners need?. In Proceedings of the 2019 
CHI Conference on Human Factors in Computing Systems (pp. 1-16).

Found fairness issues 
in their products 

Of those, 99% found 
issues after deployment

Suspected there were 
unidentified fairness issues
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Patil et al., 2018;
Cramer et al., 2019;
Center for Democracy and 
Technology, 2019;
DrivenData, 2019;
Johns Hopkins Center for 
Government Excellence, 2019;
European Union High-level Expert 
Group, 2019;
Machine Intelligence Garage, 2019;
UK Department of Digital, Culture, 
Media and Sport, 2019;
Vallor, 2019;
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Center for Democracy and 
Technology, 2019

Patil et al., 2018 Johns Hopkins Center for 
Government Excellence, 2019

United Kingdom, Department of Digital, 
Culture, Media and Sport, 2019

Machine Intelligence Garage, 
2019

DrivenData, 2019
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How might we support AI practitioners in 
proactively anticipating fairness harms?



Research Questions

RQ1: What are AI/ML practitioners’ current processes and 
workflows for identifying and mitigating issues of fairness in AI?

RQ2: What are AI/ML practitioners’ needs, desires, and concerns
regarding AI fairness checklists?

RQ3: How do practitioners envision AI fairness checklists might be 
implemented within their organizations? 
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Methods



Interviews
- 14 participants
- 60-90 minute sessions
- Shown a medical checklist, but not an AI checklist

Co-Design workshops
- 27 90-minute sessions, 40 participants
- Elicited ideas for checklist items, feedback on 

items, and created implementation scenarios
24

Co-designed an AI fairness checklist with 48 industry practitioners 
from 12 technology companies
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Co-Design Workshops: Participant input



Co-Design Workshops: 
Storyboard “Speed-Dating”

(Davidoff et al., 2007)
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Co-Design Workshops: 
Participant-generated storyboards

(Yoo et al., 2013)



Inductive Thematic Coding
(Strauss and Corbin, 1995; Braun and Clarke, 2006) 28

• Transcribed 60+ hours of audio data

• Coded transcripts using inductive coding

• Clustered into ~40 code groups

• Synthesized into 9 high-level thematic findings
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Findings



RQ1: What are AI/ML practitioners’ current 
processes and workflows for identifying and 
mitigating issues of fairness in AI?
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RQ1: Participants are aware that fairness and ethics are 
important, but mostly have ad-hoc approaches to it
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“One of the biggest consequences [of not addressing fairness issues] is 
that we’re not helping our customers. I think it’s our responsibility to help 
our customers build trust with their customers. If we don’t have tools and 
platforms and systems that allow them to do that, we’re not setting them up for 
success.” 
(P7, Product Manager)

“At this moment it is more kind of ad hoc. If something happens, the team 
fixes the problem; maybe we’ll fix it proactively, maybe reactively.” 
(P31, Program Manager)



RQ1: Individual advocacy for fairness was at odds with
organizational incentives for a fast-paced development lifecycle
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“There’s a broader, company-wide push-pull of “Do I do a good thing or do I 
do the thing that ships the product?” 
(P19, Data Scientist)

“To be honest, a lot of it felt-- so on the level I was at, which is {PM}, it felt like 
it was kind of up to the individuals involved with the project to raise that 
awareness when we were having a design discussion.”
(P17, Program Manager)

“I get paid to go fast. And I go as fast as I can without doing harm.” 
(P24, Software Engineering Manager)



Every answer [they] gave for every question on the panel was basically, like, “Do 
the ethical thing and don’t worry about the impact on your career.” But that’s an 
easy thing to say for a senior level person. It’s a lot harder for the people in 
the trenches, especially when this room was full of junior designers.
(P20, Design Researcher)

RQ1: Participants felt there were social costs to being an individual 
advocate for fairness and ethical issues during development

“There’s no checkpoint where someone’s supposed to say something and, so, 
then you can only do it by being this annoying squeaky wheel and, well, 
I’m the annoying squeaky wheel about too many things.”
(P19, Data Scientist)
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RQ2: What are AI/ML practitioners’ needs, 
desires, and concerns regarding AI 
fairness checklists?
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RQ2: Having a checklist could provide organizational infrastructure 
to empower team members to catch issues that might not be caught 

“How do we enable people to do these things without feeling like they will 
be labeled a troublemaker, or they will be the stop-ship person. How do 
we give everybody the red button without making it a problem?” 
(P20, Design Researcher)
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“Even in a room of people who all really care, the fact that it's not part of 
the process is not good, because we're always under so much crunch time. 
By design, we have so much on our plates, and the first things to go are 
the ones that aren't processes. You know? So it doesn't matter what 
good intentions people have, if it's not part of the process, it's not 
going to get done to the level of quality as things that do have a 
process.”
(P17, Program Manager)

RQ2: Having a checklist could provide organizational infrastructure 
to empower team members to catch issues that might not be caught 
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● We elicited “pause points” in teams’ processes where checklist 
items could be completed (e.g., spec reviews, code reviews)

● Additional resources and templates are needed for teams to 
adapt general checklist to their team’s process

RQ2: Having a formal process for fairness would help teams negotiate 
priorities, but only if it fits into teams’ workflows
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Implementation manual for WHO 
surgical safety checklist
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Datasheets for Datasets
Gebru et al., 2018

Model Cards for Model Reporting
Mitchell et al., 2019
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RQ2: Concerns that a checklist may lead to rote compliance, when 
AI fairness is a complex socio-technical phenomena

“I’m a little bit suspicious of the checklist approach… [Fairness is] a very 
non-engineering thing and the notion that engineering and technology cannot 
fix these problems is really upsetting to people who have spent their entire 
lives believing they can solve the world’s problem with computing.” 
(P34, Data Scientist)

“People thought, you know, ‘If I just use this security compliance checklist, 
I could just check things off, and then I’m good!’ And they were not good.” 
(P11, ML Engineer)

“If any of the checklist items says, ‘Have you met this number of things?’ it 
becomes easy to game, without making things more fair.” 
(P4, Program Manager)
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RQ2: Concerns that a checklist may lead to rote compliance, when 
AI fairness is a complex socio-technical phenomena

Checklist items were designed to prompt critical 
conversations between stakeholders and designers, with 
documentation and action, if needed



RQ3: Leadership needs to change culture to drive checklist adoption 
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“It’s a change management problem. So I think I can only lean back on 
a little bit my experience with internationalization because it was very 
similar. When I started at our company, there was no such thing as an 
internationalization checklist.

It was a total cowboy [situation]. People wrote code and you would try to 
translate the code and it would break left and right. We were breaking the 
company’s software build with international files every day. And it took 
years to actually get that stuff upstream.” (P5, Program Manager) 



RQ3: Participants felt checklists must be integrated into organizational 
goals and priorities, (e.g., as key performance indicators)
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“This is not going to be moving any of the top-line metrics that we’ve 
been used to moving for years, and not everyone may be bought in yet with 
the concept of this actually providing a benefit. They can see what we’re 
doing, but it’s hard to prove right now that we’re helping users with 
this.” 
(P4, Program Manager)



RQ3: Participants wanted support in customizing a general 
checklist to fit their team’s specific needs
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How might we support AI practitioners in 
proactively anticipating fairness harms?
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“Pause points” for considering fairness-related harms in an AI lifecycle



How might we support AI practitioners in 
proactively anticipating fairness harms?
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Fairlearn: A toolkit for assessing and improving fairness in AI

● Interactive visualization dashboard (to assess fairness)

● Unfairness mitigation algorithms (to mitigate)

● Currently designed for classification and regression models

● Open-source, with a community trying to focus on how fairness is 
sociotechnical

Bird, S., et al., 2020
Agarwal et al., 2018
fairlearn.github.io



Bird, S., et al., 2020
Agarwal et al., 2018
fairlearn.github.io 54

Fairlearn: A toolkit for assessing and improving fairness in AI
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Fairlearn: A toolkit for assessing and improving fairness in AI

Bird, S., et al., 2020
Agarwal et al., 2018
fairlearn.github.io
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Fairlearn: A toolkit for assessing and improving fairness in AI

Bird, S., et al., 2020
Agarwal et al., 2018
fairlearn.github.io



● How might AI/ML practitioners engage diverse stakeholders in 
contributing to fairer AI systems? How might this task be shared across 
technical and design-oriented roles?

● How might fairness checklists be customized and adapted for 
different teams’ workflows, domain areas, and specifics of their product 
or service? Is this something you might find useful in your work?

● How might toolkits like Fairlearn and checklists contribute to more 
“sociotechnical” thinking about fairness -- not just viewing it as a 
technical problem to be solved? How might they be used in practice?

Discussion questions and future directions
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Keeping Human Concerns in the Loop: 
Human-Centered Approaches to Responsible AI
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Thanks!

Madaio, M.A., Stark, L., Wortman Vaughan, J., Wallach, H. (2020). 
Co-Designing Checklists to Understand Organizational 
Challenges and Opportunities around Fairness in AI. To appear in 
the Proceedings of the 2020 CHI Conference on Human Factors 
in Computing Systems (CHI'20)
http://www.jennwv.com/papers/checklists.pdf

Bird, S., Dudík, M., Edgar, R., Horn, B., Lutz, R., Milan, V., 
Sameki, M., Wallach, H., & Walker, K. (2020). Fairlearn : A toolkit 
for assessing and improving fairness in AI. 1–7.
https://fairlearn.github.io/
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