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Guiding Principles

• Data science is interdisciplinary

• Engaging data science students in 

ethics is important



DS minor at 

Pomona College

• Introduction to Data Science

• Introduction to Statistics

• Introduction to Computer 

Science

• Linear Algebra

• Ethics*

• Upper division elective class

* related to data science



DS minor at 

Pomona College

• Introduction to Data Science

• Introduction to Statistics

• Introduction to Computer 

Science

• Linear Algebra

• Ethics*

• Upper division elective class

* related to data science

Capstone project:

• one semester

• not Stats/Math/CS

• advisor in the 

discipline

• meet w coordinator 

(me) once a week



Capstone Class

• new ethical data science 

quandary (5 of the 

meetings)

• students have pre-

reading

• each week focuses on a 

different discipline

• guest colleague to 

provide disciplinary 

context



Interdisciplinary Ethics in Data Science

• History

• Linguistics

• Philosophy

• Psychology

• Economics



image credit: https://www.aclu-mn.org/en/news/biased-technology-automated-discrimination-facial-recognition

History

From Anthropometry to Algorithms: the historical 

roots of bias in data science

paper link: https://www.scientificamerican.com/article/police-facial-recognition-technology-cant-tell-black-people-apart/



paper link: 

https://www.journals.uchicago.edu/doi/abs/10.1086/723686 Pre-class reading

How do social and cultural values 

shape scientific inquiry and its 

applications?



paper link: https://www.historians.org/perspectives-
article/what-does-it-mean-to-think-historically-january-2007/

What Does It Mean to Think 

Historically?

The 5 Cs of Historical Thinking:

1. Change over time

2. Context

3. Causality

4. Contingency

5. Complexity



In class

In groups, explore historical anthropometry:

• What social institutions supported these practices?

• What were the cultural or scientific assumptions driving the studies?

• How do assumptions persist in modern technologies like facial 

recognition?

• Are there other parallels between your historical scenario and the use 

of AI today (e.g., facial recognition).

As a group come together to discuss the coexistence of anti-racist and 

racializing practices historically and today. How can understanding 

history inform ethical practices in data science? How should data 

scientists address the historical roots of bias in their work?



Image credit: https://www.techpolicy.press/chatbot-grok-doesnt-glitch-it-reflects-x/

Linguistics

video credit: @mixedlinguist

https://www.tiktok.com/@mixedlinguist/video/7517374618101992734

Language does not equal human cognition. 



Pre-class reading

• What is language?

• Who can we say “speaks” that language?



In class

Each student takes a different problematic aspect:

• environmental & financial costs

• lack of diversity in training data

• data changing social views

• encoding bias

• documentation & accountability

> … we explore the ways in which the factors laid out 

in§4 and §5 present real-world risks of harm, as these 

technologies are deployed.



Image credit:

https://www.reuters.com/article/world/insight-

amazon-scraps-secret-ai-recruiting-tool-that-

showed-bias-against-women-

idUSKCN1MK0AG/

Philosophy

Distributed Blame: moral responsibility in biased 

artificial intelligence



paper link: 
https://plato.stanford.edu/archives/spr2023/entries/computing-
responsibility/Pre-class reading



paper link: 
https://plato.stanford.edu/archives/spr2023/entries/computing-
responsibility/

1. There should be a causal connection between the person and 

the outcome of actions. A person is usually only held 

responsible if they had some control over the outcome of 

events.

2. The subject has to have knowledge of and be able to consider 

the possible consequences of her actions. We tend to excuse 

someone from blame if they could not have known that their 

actions would lead to a harmful event.

3. The subject has to be able to freely choose to act in certain 

way. That is, it does not make sense to hold someone 

responsible for a harmful event if her actions were completely 

determined by outside forces.

Stanford Encyclopedia of Philosophy Archive:

Computing and Moral Responsibility

“most analysis of moral responsibility share at least the following three conditions:”



In class

• Each student takes a different role: data scientist, 

software developer, project manager, president of 

the company, etc.

• Address the following criteria:

1. Is there a causal connection?

2. Was there knowledge of the consequences? 

Should there have been?

3. Was there freedom of choice



Image credit:

Psychology

Pre-class reading paper link: 

https://www.science.org/content/article/psychologists-grow-

increasingly-dependent-online-research-subjects

Representative data are hard to find



Pre-class reading

Psychology looks at the processes, within and between a person and the 

environment, that affect behavior.

Data is needed to produce models which explain such processes.



In class

Pros and cons to different data gathering mechanisms:

• Mechanical Turks

• IRB consent filter

• Restricted access to vulnerable populations

• Recruitment bias

• WEIRD (Western, Educated, Industrialized, Rich, and Democratic) 

samples

• Convenience sampling

• Self-selection bias

• Non-valid instruments 

• Data cleaning bias

• Dropout bias (attrition)

• Ecological validity (measuring people in the lab instead of the real 

world)

• Correspondence study (sending in 100s of fake resumes)



Economics

Pre-class reading

paper link: https://www.nytimes.com/2022/06/21/business/uber-lyft-antitrust-lawsuit.html

Modern collusion is 

still collusion



text credit: “Algorithmic Competition – Note by the European Union” 

https://one.oecd.org/document/DAF/COMP/WD(2023)17/en/pdfPre-class reading

Economics is about allocating resources by formalizing 

the objectives of everyone in the setting. How does 

each individual act (rationally?) to get to an allocation?  

1. Cases where algorithms are used to support or implement a pre-existing collusion: 

in this situation, the parties to an anticompetitive agreement have already put in 

place (or agreed to put in place) a traditional collusive practice and the algorithm 

is only used to support the implementation of the agreement, for example its 

monitoring, enforcement or concealment; 

2. The use of the same third party’s algorithm by different competitors. In this case, 

leaving aside the situation where the competitors explicitly agree to use the same 

provider/software for the purpose of implementing pre-existing collusion (in that 

case we will be under case 1. above), an alignment of the competitive conditions 

applied by the rivals can occur, hypothetically without any direct contacts between 

them;

3. The parallel use by competitors of distinct (pricing) self-learning/deep-learning 

algorithms that via their automatic, reciprocal interaction can lead to the alignment 

of the (pricing) behaviour of the rivals or profit-maximisation cartels, although no 

(human) communications has taken place between them.



In class

• What defines collusion?

• A discussion / presentation on why collusion is bad for 

the whole.

• In what ways is algorithmic collusion more destructive 

than traditional collusion?

• Which of the previous page’s questions is (are) true in 

the Uber/Lyft case?



Thank you!

jo.hardin@pomona.edu

https://ds190-capstone.netlify.app/
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