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Survey responses, discuss...



The potential of AI

“Imagine for a moment that you’re in an office, hard at work.

But it’s no ordinary office. By observing cues like your posture, tone of voice, and 
breathing patterns, it can sense your mood and tailor the lighting and sound accordingly. 
Through gradual ambient shifts, the space around you can take the edge off when you’re 

stressed, or boost your creativity when you hit a lull. Imagine further that you’re a 
designer, using tools with equally perceptive abilities: at each step in the process, they 
riff on your ideas based on their knowledge of your own creative persona, contrasted 

with features from the best work of others.”

[Landay (2019). “Smart Interfaces for Human-Centered AI”]



Potential for who?

“Someday you may have to work in an office where the lights are carefully programmed 
and tested by your employer to hack your body’s natural production of melatonin 

through the use of blue light, eking out every drop of energy you have while you’re on the 
clock, leaving you physically and emotionally drained when you leave work. Your eye 

movements may someday come under the scrutiny of algorithms unknown to you that 
classifies you on dimensions such as “narcissism” and “psychopathy”, determining your 

career and indeed your life prospects.”

[Alkhatib  (2019). “Anthropological/Artificial Intelligence & the HAI”]



“Faception is first-to-technology and first-to-market with proprietary 
computer vision and machine learning technology for profiling people and 

revealing their personality based only on their facial image.”

-  Faception startup

“High IQ”

“White-Collar Offender”

“Terrorist”

https://www.faception.com/our-technology




“Every data set involving people implies subjects and objects, those 
who collect and those who make up the collected. It is imperative to 

remember that on both sides we have human beings."

- Mimi Onuoha, Data & Society



Our data bodies
https://www.odbproject.org/ 

https://www.odbproject.org/


Why We’re Concerned About Data

“Data-based technologies are changing our lives, and the systems our communities 

currently rely on are being revamped. These data systems do and will continue to 

have a profound impact on our ability to thrive.

To confront this change, we must first understand how we are both hurt and helped by 

data-based technologies. This work is important because our data is our stories. 

When our data is manipulated, distorted, stolen, or misused, our communities 

are stifled, and our ability to prosper decreases.”



Seeta Pena Gangadharan: A Filipino-Indian mother and 

research justice organizer, born in New Jersey and 

teaching in London.

Excerpts from Keynote at Towards 
Trustworthy ML: Rethinking Security 
and Privacy for ML ICLR 2020



“People are caught in a never ending cycle of disadvantage based 

on data that was collected on them. Jill: I plead guilty to worthless 

checks in 2003: 15 years ago. But this is still being held against me. 

All of my jobs have been temporary positions.”



“Refusal. People refused to settle for the data driven systems: process 

of data collection systems that were handed to them. Mellow fought 

tooth and nail to find housing. Repeatedly denied housing. Had 

witnessed the death of a friend. Each time she re-applied for housing, 

she was denied….She challenged the data used to categorize her.” 



“Ken, a native american man, he deliberately misrepresented 

himself....The police issued him a ticket without a surname...Ken was 

practicing refusal against database dependent police practices.”



“The Problem with Abstraction. I have heard computer 

scientists present their research in relation to real world 

problems: as if computer scientists and their research is not 

done in the real world. I listened to papers that tended to 

disappear people into mathematical equations…”



“Marginalized people are demonized, deprived. What is the point of 

making data driven systems ‘fairer’ if they’re going to make institutions 

colder and more punitive?”



Who is seen? How are they seen?



LFW 
[Labeled faces in the wild: A database for studying face 

recognition in unconstrained environments. Huang et al.]

IJB-A 
[Pushing the frontiers of unconstrained face detection and

recognition: IARPA Janus benchmark. Klare et al.]

77.5% male
83.5% white

79.6% lighter-skinned

Adience
[Age and gender classification using convolutional neural 

networks. Levi and Hassner.]

86.2% lighter-skinned

[Buolamwini and Gebru. Gender Shades: Intersectional Accuracy Disparities in Commercial Gender Classification]

Dataset bias



[DeVries et al., 2019. Does Object Recognition Work for Everyone?]

Who is seen? How are they seen?



[DeVries et al., 2019. Does Object Recognition Work for Everyone?]

Who is seen? How are they seen?



[Shankar et al. (2017). No Classification without Representation: Assessing Geodiversity Issues in Open Data Sets for the 
Developing World]

Who is seen? How are they seen?



Not unique to  AI...



Not unique to  AI...



Visibility is not inclusion

We can’t ignore social & structural problems











[Garbage In, Garbage Out: Face Recognition on Flawed Data. Georgetown Law, Center on Privacy & 
Technology. www.flawedfacedata.com. 2019]

Celebrity faces as probe images Composite sketches as probe images

http://www.flawedfacedata.com








Towards (more) socially responsible and ethics-informed research practices

Technology is not value-neutral

We are each accountable for the intended and unintended impacts of our work

Consider multiple direct and indirect stakeholders 

Be attentive to the social relations and power differentials that shape construction and use of technology



I. Ethics-informed model testing

Model Predictions

Positive

(Y= 1)

Negative

(Y = 0)

Target

Positive

(Y= 1) True positives False 
negatives

Negative

(Y= 0)

False 
negatives

True 
negatives

^ ^

Comprehensive disaggregated evaluations:

❖ Compute metrics over subgroups defined along cultural,  demographic, phenotypical lines

➢ How you define groups will be context specific

❖ Consider multiple metrics - they each 

provide different information

➢ Consider effects of different types 

of errors on different subgroups



[Buolamwini and Gebru, 2018. Gender Shades: Intersectional Accuracy Disparities in Commercial Gender Classification]

Unitary groups

I. Ethics-informed model testing



I. Ethics-informed model testing

[Buolamwini and Gebru (2018). Gender Shades: Intersectional Accuracy Disparities in Commercial Gender Classification]

Intersectional groups

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


II. Model and data transparency

Model cards: Standardized framework for transparent 

model reporting

Model creators:  
Encourage thorough and critical evaluations
Outline potential risks or harms, and implications of use

Model consumers:
Provide information to facilitate informed decision making 

[Mitchell et al. (2019). Model Cards for Model Reporting]

https://arxiv.org/pdf/1810.03993.pdf


II. Model and data transparency

Timnit, et al. (2018). Datasheets for datasets
Holland et al. (2018). The Dataset Nutrition Label: A Framework To Drive Higher Data Quality Standards
Bender and Friedman (2018). Data Statements for NLP: Toward Mitigating System Bias and Enabling Better Science

Standardized framework for transparent dataset 

documentation

Dataset creators:  
Reflect on on process of creation, distribution, and 
maintenance
Making explicit any underlying assumptions
Outline potential risks or harms, and implications of use

Dataset consumers:
Provide information to facilitate informed decision making 

https://arxiv.org/pdf/1803.09010.pdf
https://arxiv.org/pdf/1805.03677.pdf
https://www.aclweb.org/anthology/Q18-1041.pdf


III. Data is contingent, constructed, value-laden

Reading:
Neff et al. (2017). Critique and Contribute: A Practice-Based Framework for Improving Critical Data 
Studies and Data Science
Jo and Gebru (2020). Lessons from Archives: Strategies for Collecting Sociocultural Data in 
Machine Learning

Contingent → Datasets are contingent on the social conditions of creation 

Constructed → Data is not objective; ‘Ground truth’ isn’t truth
 
Value-laden  → Datasets are shaped by patterns of inclusion and exclusion

Our data collection and data use  practices should reflect this



Reading:
Neff et al. (2017). Critique and Contribute: A Practice-Based Framework for Improving Critical Data 
Studies and Data Science
Jo and Gebru (2020). Lessons from Archives: Strategies for Collecting Sociocultural Data in 
Machine Learning

Who is reflected in the data?

What taxonomies are imposed?

How are images categorized?

Who is doing the categorization?

CelebA dataset

III. Data is contingent, constructed, value-laden



Reading:
Neff et al. (2017). Critique and Contribute: A Practice-Based Framework for Improving Critical Data 
Studies and Data Science
Jo and Gebru (2020). Lessons from Archives: Strategies for Collecting Sociocultural Data in 
Machine Learning

Shift how we think about data:

Data is fundamental to machine learning practice (not a means to an end)

Data should be considered a whole specialty in ML (Jo and Gebru, 2020)

Suggested readings:
Jo and Gebru. (2020). Lessons from Archives: Strategies for Collecting Sociocultural Data in Machine Learning.

Neff et al. (2017). Critique and Contribute: A Practice-Based Framework for Improving Critical Data Studies and 

Data Science.

III. Data is contingent, constructed, value-laden

https://arxiv.org/pdf/1912.10389.pdf
https://www.liebertpub.com/doi/pdf/10.1089/big.2016.0050
https://www.liebertpub.com/doi/pdf/10.1089/big.2016.0050


“I’m just an engineer”

“I’m just doing basic research”

Suggested reading:

Green (2019). Data Science as Political Action Grounding Data Science in a Politics of Justice

Crawford et al. (2014). Critiquing Big Data: Politics, Ethics, Epistemology

IV. Technology is not value-neutral

Technology is inherently political

Technology is inherently political

As researchers and developers, we must shift our focus from intent → impact 

https://arxiv.org/pdf/1811.03435.pdf
https://ijoc.org/index.php/ijoc/article/viewFile/2167/1164


V. Be attentive to your own positionality

Our social positions in the world and set of experiences shapes and bounds our 
view of the world; this in turn affects the research questions we pursue and how 

we pursue them

Suggested readings:

Harding (1993). Rethinking Standpoint Epistemology: What is "Strong Objectivity?

Kaeser-Chen et al. (2020). Positionality-Aware Machine Learning 

https://www.jstor.org/stable/23739232?seq=1
https://sites.google.com/corp/view/ai-kaleidoscope/home


V. Be attentive to your own positionality

Oh, et al. (2019). Speech2Face: Learning the Face Behind a Voice.
Wen et al. (2019). Reconstructing faces from voices.

Voice-to-face synthesis:

Fun application of conditional generative models?

Assistive technology?

Surveillance technology?

Trans-exclusionary technology?



VI. Value knowledge and experience of marginalized groups 

Those belonging to marginalized groups experience the world in 
ways that give them access to knowledge that those with the 

dominant perspective do not

Suggested reading:
Donna Haraway(1988). Situated Knowledges: The Science Question in Feminism and the Privilege of Partial Perspective

Patricia Hill Collins (1990). Black Feminist Thought: Knowledge, Consciousness and the Politics of Empowerment

Sandra Harding (1991). Whose Science? Whose Knowledge?: Thinking from Women's Lives

https://www.jstor.org/stable/3178066
https://uniteyouthdublin.files.wordpress.com/2015/01/black-feminist-though-by-patricia-hill-collins.pdf
https://www.jstor.org/stable/10.7591


VI. Value knowledge and experience of marginalized groups 

Suggested reading:
West et al. (2019). Discriminating Systems: 

Gender, Race and Power in AI

Diversity and inclusion efforts are 
part and parcels of responsible AI 

development

https://ainowinstitute.org/discriminatingsystems.pdf
https://ainowinstitute.org/discriminatingsystems.pdf


VI. Value knowledge and experience of marginalized groups 

We can make intentional design choices to privilege the perspectives of 
marginalized stakeholders who are most at risk of being harmed by the technology 
we develop 

Design Justice Network (www.designjustice.org)
Our Data Bodies (www.odbproject.org)

http://www.designjustice.org
https://www.odbproject.org/


VII. Value interdisciplinarity and ‘non-technical’ work 

Computer vision is simultaneously a technical and social discipline

Advancing racial literacy in tech 

Different disciplinary practices give different types of knowledge

Non-technical work is valuable


