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Welcome to Embedded Ethics!
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This embedded ethics module is a collaboration between 

philosophy and computer science. 

The goal of embedded ethics is to tie ethics and computer 

science closely together, so you make ethical 

considerations in your work and research as computer 

scientists.
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One of the main problems in machine learning is classification.

Two kinds of classification problems:

Decision-makingPrediction
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Classifier
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In ethics, we are usually interested in how we treat individuals.

• Are individuals harmed? 
• Are they manipulated? 

Classifier
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But some ethical questions are comparative:

How do we treat people in comparison to one another?

Classifier



7

.
Classifier

Suppose a classifier disadvantages you compared to others: 

• It failed to predict that you had a medical condition.
• It rejected your job application.
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.
Classifier

Suppose a classifier disadvantages you compared to others: 

• It failed to predict that you had a medical condition.
• It rejected your job application.

Is it unfair?
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.

An algorithm, not a person, made the prediction or decision! 

That eliminates some human sources of unfairness.

Classifier
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.

Even when an algorithm follows its rules perfectly,                 
those rules can still be unfair.

Which disadvantages are deserved? Which are bad luck?  
Which are truly unfair? 

Classifier
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A job applicant doesn’t 

get hired because they 

lack the necessary 

qualification

A patient with a rare 
kind of mole is 

misdiagnosed by the 
algorithm

A job applicant is 
hired because an 
algorithm sorts 

applicants by gender
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These cases seem easy to judge,              
but are we sure about them? 
And what about harder cases?

To reason about fairness systematically,
we need a more formal test to determine 
when a classifier is fair or unfair.   
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Two tests for fairness:

• Individual Fairness
• Group Fairness
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Test 1: Individual Fairness
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.
Classifier

V1

V2

V3
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.
Classifier

V1

V2

V3

????



Individual fairness: 

An algorithm is fair if it treats people who 
are relevantly similar in a similar way. 

"Similar individuals should be treated 
similarly."
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An example from criminal justice:

Recidivism: whether someone will 

commit another crime after release.

Given a prediction for recidivism, 

judges or parole boards decide whether 

the person should receive parole 

(released under supervision).



COMPAS

• Recidivism prediction tool

• Created by Northpointe, Inc.

• Used in criminal justice systems 

in many U.S. states.
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From “A Practitioner’s Guide to COMPAS”, accessed 

https://s3.documentcloud.org/documents/2840784/Practitioner-s-Guide-to-COMPAS-Core.pdf
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https://www.documentcloud.org/documents/2702103-Sample-Risk-Assessment-COMPAS-CORE/



Activity - Testing Individual Fairness

Hypothetical data used to train a classifier for predicting recidivism 
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Age Race
# Previous 

offences
Gender

Years of   

education

Kind of   

offence
Recidivate?

56 W 5 M 10 violent Y

31 B 6 M 12 nonviolent N

20 A 2 NB 12 nonviolent N

19 W 0 F 10 nonviolent Y

39 B 1 M 16 nonviolent Y

61 A 4 F 14 violent Y



Activity - Testing Individual Fairness

Q1) Which metrics count as “relevantly similar”? (Philosophy)
Q2) How would you test whether a classifier treats relevantly similar 
people similarly? (CS)
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Age Race
# Previous 

offences
Gender

Years of   

education

Kind of   

offence
Recidivate?

56 W 5 M 10 violent Y

31 B 6 M 12 nonviolent N

20 A 2 NB 12 nonviolent N

19 W 0 F 10 nonviolent Y

39 B 1 M 16 nonviolent Y

61 A 4 F 14 violent Y



Problem: Computational Feasibility

• Compare outcomes for every pair of similar individuals. 

• How many pairs of individuals do we need to check with 3 

relevant variables and 4 possible values per variable?

• Testing individual fairness is often computationally 

infeasible.
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Test 2: Group Fairness
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Classifier

You discover that one group is treated much differently 
by the algorithm than other groups. 
(“Differential treatment between groups”)
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Classifier

Group 1 Group 2
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Classifier

This is much easier to measure than individual fairness 
if you have access to group information!

Group 1 Group 2
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.

How should that differential treatment affect your 
assessment of whether the algorithm is fair?

Classifier

Group 1 Group 2
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.

It depends on what kind of groups!

Classifier

Group 1 Group 2
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Classifier

It also depends on how many people in each group 
actually do have the predicted trait. 

Group 1 Group 2



Activity – Checking Group Fairness

Are either of these groups treated unfairly?
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Group A Predict recidivate Predict not recidivate

Does recidivate 5 1

Does not recidivate 2 2

Group B Predict recidivate Predict not recidivate

Does recidivate 2 2

Does not recidivate 1 5



Checking Group Fairness using sklearn

With a real classifier, you can quickly check the relevant 

metrics using confusion_matrix in sklearn.metrics!
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Mitigating Unfairness

Suppose you discover that your 

classifier is unfair, based on 

individual fairness, group fairness, 

or another metric.

Class discussion question: 

What can you do to address the 

unfairness?
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Why not remove irrelevant variables?

• It’s tempting to try to fix unfairness by removing 

irrelevant features like race or gender.

• But variables are not independent: race affects education, 

income, policing, health outcomes, etc.

• Removing irrelevant variables can hide bias rather than 

remove it.
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Mitigation: Improving Training Data

• Sometimes the problem lies with the data, not the model.

• Is the dataset large enough?

• Is the data balanced across groups?

○ Equally (same number of examples) or 

○ Proportionally? (reflecting real-world ratios)?
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Mitigation: Improving Training Data

Buolamwini and Gebru (2018) “Gender 

Shades: Intersectional Accuracy Disparities 

in Commercial Gender Classification”:

• Commercial facial recognition systems are 

much less accurate for darker-skinned 

women

• Training data was dominated by lighter-

skinned male faces
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Limitation: Contaminated Data

Amazon's Resume Screening Model (2018)

• Trained on resumes of past successful applicants

• Historical data reflected male-dominated tech roles.

• Model downgraded resumes that indicated “female”

• Main problem wasn’t class imbalance: it was biased labels
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Mitigation: Post-Hoc Adjustments

• Model predicts the risk of heart disease on a scale from 0 to 1.
• Patients with scores above a threshold sent for follow-up test.

• Equalized the false positive and false negative rates.
• But the same score (e.g., 0.5) leads to different medical 

decisions for men and women.
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Default Threshold Adjusted Threshold

Men 0.5 -> many false positives 0.6

Women 0.5 -> many false negatives 0.4



Some Last Questions

• Suppose that you make a post-hoc adjustment. How is it 

likely to impact individual fairness?

• When can individual fairness and group fairness come 

apart? 
• What is a case where a classifier is individually fair, but unfair to 

groups?

• What is a case where a classifier is fair to groups, but individually 

unfair?
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Module Summary

• Classifiers can be unfair even if no one intends them to 

be!

• There are many ways of measuring fairness, including 

individual and group fairness.

• Improving the training data can solve some fairness 

problems but not all of them.

41



Acknowledgements

This module was created as part of an Embedded Ethics Education Initiative (E3I), a 

joint project between the Department of Computer Science1 and the Schwartz Reisman 

Institute for Technology and Society2, in collaboration with the Department of 

Philosophy3

Instructional Team:

Philosophy: Steve Coyne1,2,3

Computer Science: Rahul Krishnan1,2, Alice Gao1

E3I Leadership Team:

Steve Coyne1,2,3, Diane Horton1,2, David Liu1,2, and Sheila McIlraith1,2

42



Embedded Ethics: 

Objective Functions 

and Influence in 

Machine Learning 1



Welcome to Embedded Ethics!

This embedded ethics module is a collaboration between 

philosophy and computer science. 

The goal of embedded ethics is to tie ethics and computer 

science closely together, so you make ethical considerations 

in your work and research as computer scientists.

2



Today: Machine Learning and Influence

Objective functions shape model behaviour. 

How can machine learning be used to influence 

people’s behaviour? 

3



Recommender systems are 

a major application of 

machine learning.

…….
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Warmup: 

Open your social media feeds.

Shout out some topics in the posts 

that you find.
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Question for class discussion: 

Why do you think the algorithm 

showed you those posts? 

To what extent do you think 

your feed reflects you? 
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……. …….

Make a recommendation of….

Objective function of 

a recommender system

To maximize (?)

Question for Class Discussion: 

As a supervised learning problem, 

what would the inputs, and 

what would be the targets?



Group Activity: Objective -> Posts

What posts would be prioritized if a major social media algorithm's 

objective function maximized:

• Clicks?

• Viewing time?

• Number of angry/sad emoji reactions?

How would this affect individual users and society as a whole?
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Unintended consequences of 

algorithm design by Facebook

Maximizing for clicks 

-> clickbait

Optimizing for angry/sad emoji 

reactions

-> increased engagement and 

comments

-> but encouraged polarizing content

9
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Recommender systems are designed to 

maximize engagement of some form. 

Question for class discussion:

Is this manipulative?
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One theory: “manipulative action is 

the intentional attempt to get 

someone's beliefs, desires, or 

emotions to violate their norms or 

ideals, from the perspective of the 

manipulator.” 

(Robert Noggle, 1996. “Manipulative Actions: A 

Conceptual and Moral Analysis”, American 

Philosophical Quarterly 33(1))
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A standard for beliefs: 

“Believe only the truth.”

Deception is a kind of manipulation.
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A standard for desires:

“Desire only what you judge that you 

have reason to desire.”

Creating an addiction in someone is a 

form of manipulation
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Standards for emotions:

“Base your emotions on true beliefs.”

“Ensure that emotions highlight only 

things that are genuinely relevant to 

your deliberations.”



Susser, Roessler, Nissenbaum: 

There's a problem with Noggle's 
theory: 

“Causing someone to make non-
ideal decisions is sometimes 
manipulative, but it is not 
manipulative in every case.” (18)

Susser, Roessler, Nissenbaum. 2019. “Online 
Manipulation: Hidden Influences in a Digital World”, 
Georgetown Law Technology Review 4.1 15



Susser, Roessler, Nissenbaum’s 
alternative theory: 

Manipulation is “imposing a hidden or 
covert influence on another person’s 
decision-making” (26)

16
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Question for Class Discussion: 

Are recommender systems manipulative in 
either sense? 

• Noggle's theory: It makes people violate 
the norms of their beliefs, desires or 
emotions?

• Susser, Roessler, Nissenbaum’s theory: 
They use hidden influence



Moving on….

Over the past five years, 

large language models 

have become a major application 

of machine learning. 

18



Question for class discussion: 

As a supervised learning problem, 

what would be the inputs, and 

what would be the targets?
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Credit: https://medium.com/data-science-at-microsoft/how-large-language-models-work-91c362f5b78f
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Credit: https://medium.com/data-science-at-microsoft/how-large-language-models-work-91c362f5b78f
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Credit: https://medium.com/data-science-at-microsoft/how-large-language-models-work-91c362f5b78f



Sycophancy: models 

mirroring or flattering 

user beliefs.

24
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26Credit: Hinton Lectures 2025



27Credit: Hinton Lectures 2025



Question for class discussion: 

What are some cases where you 

have used a LLM and it seemed 

sycophantic?
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Question for class discussion: 

Why do you think LLMs are often 

sycophantic? 

What part of their mechanism 

makes them this way?
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“LLM Psychosis”: mental 

health disorders 

produced by interactions 

with LLMs.
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Question for class discussion: 

Is there some aspect of LLMs that is manipulative?

How might people design them to be more manipulative?

How might people  

31



32

As machine learning 
techniques improve, they are 
likely to become increasingly 
personalized and increasingly 
fine-tuned to our human 
vulnerabilities.



Question for class discussion: 

How might people design LLMs to be more manipulative?

33
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Question for Class Discussion: 

How should we respond to the increased 
potential of machine learning systems that can 
manipulate us? 

… As individuals who use these systems?

… As developers who create these systems?

… As citizens who can try to change the law?
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In this module, you have learnt about:

• Understanding recommender 
systems and large language models 
as machine learning problems.

• How each of these systems can be 
used to unintentionally or 
intentionally influence others. 

• Why influence by these systems may  
or may not be particularly ethically 
problematic.
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In this module, you have learnt about:

• Understanding recommender 
systems and large language models 
as machine learning problems.

• How each of these systems can be 
used to unintentionally or 
intentionally influence others. 

• Why influence by these systems may  
or may not be particularly ethically 
problematic.
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Other Resources

If you want to learn more 

about ethics

• PHL265 (“Introduction to Political 
Philosophy”)

• PHL275 (“Introduction to Ethics”) 

• Talks and events at:

• Centre for Ethics

If you want to learn more 

about ethics and 

technology

• CSC300 (“Computers and Society”)

• PHL277 (“Ethics and Data”)

• Talks and events at:

• Schwartz Reisman Institute for 
Technology and Society

https://ethics.utoronto.ca/
https://ethics.utoronto.ca/
https://srinstitute.utoronto.ca/
https://srinstitute.utoronto.ca/


Acknowledgements

This module was created as part of an Embedded Ethics Education Initiative (E3I), a 

joint project between the Department of Computer Science1 and the Schwartz Reisman 

Institute for Technology and Society2, in collaboration with the Department of 

Philosophy3

Materials Developed by:

Philosophy: Steve Coyne1,2,3

Computer Science: Roger Grosse1,2, Rahul Krishnan1,2, Alice Gao1

Faculty Co-Leads:

Steve Coyne1,2,3, Diane Horton1, David Liu1, and Sheila McIlraith1,2

38


