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| use network science and machine
learning to uncover hidden signals in
social and Al systems.

My goal: understand how these signals
create inequality, and how to
measure/mitigate it.
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Why do we care?
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‘We gotta act white”: how voice recognition
tech fails for Aboriginal English speakers '
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Azman. / Getty Images

Authors
e “I asked it to call one of my sisters, and it then started calling an old boss that I don’t
s talk to any more.” @ Pl ——

—Amy, 25, recalling an awkward experience using a voice-operated device.
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Ethics in Computer and Data Science

Ethicsin

Machine
Learning
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Ethics in Computer and Data Science

Accountability l Transparency

Who’s responsible
for model behavior?

Ethicsin

Machine
Learning

Safety / t
Misuse

Fairness/
Algorithmic
Bias

Reliability
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Ethics in Computer and Data Science

Accountability l Transparency

Could the system
cause harm?

Ethicsin

Machine
Learning

Safety / t
Misuse

Fairness/
Algorithmic
Bias

Reliability
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Ethics in Computer and Data Science

Will the system work
the way we think
during deployment?
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Accountability

l Transparency

Ethicsin

Machine
Learning

Fairness/
Algorithmic
Bias

Reliability
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Ethics in Computer and Data Science

Accountability l Transparency

How do we protect

Ethics in personal data?
Machine

Learning

Safety / t
Misuse

Fairness/
Algorithmic
Bias

Reliability
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Ethics in Computer and Data Science

Accountability l Transparency

Do we understand
Ethicsin how the model

] . 5
Machine makes decisions?

Learning

Safety / t
Misuse

Fairness/
Algorithmic
Bias

Reliability
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Ethics in Computer and Data Science

Accountability l Transparency

- Does the model
Ethicsin treat different

Machine groups differently?
Learning

Safety / t
Misuse

Fairness /
Algorithmic
Bias

Reliability
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What is Algorithmic Bias?

Systematic differences in model behavior across
protected groups

3/26/2026
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What is Algorithmic Bias?
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Different error rates, accuracy, etc.

Systematic differences in model behavior across
protected groups
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What is Algorithmic Bias?

3/26/2026

Systematic differences in model behavior across
protected groups

Gender, race, age, etc.
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What is Algorithmic Bias?

Causal? Correlational? What about mediating variables?

|

Systematic differences in model behavior across
protected groups

3/26/2026
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Sources of Bias

Machine Learning Pipeline

-------------------------------------------------------------------------------------------------------------------------------

Data Data Model Training Model
Collection Preprocessing Evaluation

e

-

Downstream
Tasks

Raw Data Bias can be introduced at every stage, and

obscured by evaluation metrics

3/26/2026



Example - Recidivism

“The tendency of a convicted criminal to reoffend”

VERNON PRATER BRISHA BORDEN

Prior Offenses Prior Offenses

robb
Subsequent Offenses
Subsequent Offenses A

LOW RISK HIGH RISK

BERNARD, PARKER

LOW RISK HIGH RISK 10 JAMES RIVELLI SIOBERT CANNON

LOW RISK MEDIUM RISK 6

JAMES RIVELLI ROBERT CANNON

Prior Offenses Prior Offense
nCe 1petty theft

Subsequent Offenses

rafficking None

Subsequent Offenses
1grand theft

LW BEK NESIHEGE 20 https:// mentcl rg/ ments/2840784/Practitioner-s-Guide-to-COMPAS-
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Example - Recidivism

“The tendency of a convicted criminal to reoffend”

VERNON PRATER BRISHA BORDEN

Prior Offenses Prior Offenses
2 armed robberies 4 juvenile

COMPAS Software (2016):

LOW RISK 3 HIGH RISK

* Usedin courts to predict recidivism risk and
iInform parole decisions

N v * Racially biased according to some metrics, but
Ty e fair according to others

LOW RISK 3  MEDIUMRISK 6

* Currently in use in states including New York,

Prior Offenses Prior Offense

California, and Florida

Subsequent Offenses
None

ik MIEHELE S b https:// mentcl rg/ ments/2840784/Practitioner-s-Guide-to-COMPAS-
Core.pdf
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Today’s Plan

1. Discuss fairness

Define fairness metrics mathematically

Fairness code example

WD

Practice choosing fairness metrics

3/26/2026
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Activity #1: Think/Pair/Share (~10 min)

Instructions:

1. Thinkindividually

2. Discussin groups of 3-4

3. Each group will share one idea/question

Prompts:
* Where have you seen algorithmic bias discussed in the past, if at all?

* Have you noticed any bias or unfairness in the technologies you use (e.g., Instagram,
tiktok, ChatGPT, etc.)?

 What key words, assumptions, and questions come to mind when you think about
algorithmic bias and fairness?

3/26/2026
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Algorithmic Bias is Complicated

* People are affected differently by different types of bias
 Different stakeholders care about different aspects of bias/fairness

* Measuring (and mitigating!) fairness is nontrivial

3/26/2026
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Algorithmic Bias is Complicated

* People are affected differently by different types of bias
 Different stakeholders care about different aspects of bias/fairness

* Measuring (and mitigating!) fairness is nontrivial

But... it’s extremely important

3/26/2026
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Algorithmic Bias is Complicated

* People are affected differently by different types of bias
 Different stakeholders care about different aspects of bias/fairness

* Measuring (and mitigating!) fairness is nontrivial

But... it’s extremely important

 Ethically: we don’t want our models to inadvertently cause harm

* Legally: we could get in a lot of trouble if we do

3/26/2026
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How do we measure fairness”?

* What are some of the different metrics?
 Howdo we calculate them?
* What do they measure?

e What are the differences between them?

3/26/2026 29



Actual Class

Confusion Matrix Reminder

Predicted Class

+

True Positive
(TP)

False Negative
(FN)

False Positive
(FP)

True Negative
(TN)

3/26/2026
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Confusion Matrix Reminder

Actual Class

Predicted Class

-+ -
TP+TN
Accuracy:
TP+TN+FP+FN
- True Positive False Negative
(TP) (FN) . TP
Precision:
TP+FP
. : TP
— False Positive True Negative Recall:
(FP) (TN) TP+FN

3/26/2026



Traditional Evaluation

Calculate chosen metric using the entire test set

Predicted Class

+ -
+ True Positive False Negative

% (TP) (FN)

3

O

©

3

3

< - False Positive True Negative
(FP) (TN)

3/26/2026



Parity-based Fairness

Actual Class

3/26/2026

Compare the chosen metric across different subgroups

Predicted Class Predicted Class

-+ - -+ -
True Positive False Negative + True Positive False Negative
(TP) (FN) ? (TP) (FN)
(v}
VS. g
®
3
3
False Positive True Negative < - False Positive True Negative
(FP) (TN) (FP) (TN)

e.g., is accuracy the same for men and women in the test set?

33



Parity-based Fairness

Actual Class

For two subgroups A and B of the test set, a

Predicted Class model is said to be fair according to a given
metric if
+ - Metric(A) ~ Metric(B)
- True Positive False Negative
(TP) (FN)
— False Positive True Negative
(FP) (TN)
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Parity-based Fairness

Actual Class

For two subgroups A and B of the test set, a
Predicted Class modelis said to be fair according to a given
metric if
+ - Metric(A) ~ Metric(B)

Overall Accuracy Parity:
+ True Positive False Negative ‘ TP, + TNy, TPg + TNg

(TP) (FN) TP, + TN, + FP, + FN, TPz + TNy + FP5 + FNj
Recall/TPR Parity:
‘ TP, TPg
— False Positive True Negative TP, +FNy, TPg+ FNg
(FP) (TN)

Precision/Predictive Parity:
‘ TP, TPg

TP, + FP, TPg+FPg

3/26/2026 35




Actual Class

Parity-based Fairness

Predicted Class

+

True Positive
(TP)

False Negative
(FN)

False Positive
(FP)

True Negative
(TN)

3/26/2026

Other parity-based measures:

False Negative Rate Parity

False Discovery Rate Parity

True Negative Rate (Specificity) Parity
False Positive Rate Parity

Negative Predictive Value Parity

False Omission Rate Parity

36



Actual Class

How do we Choose a Fairness Metric?

Predicted Class

+

True Positive
(TP)

False Negative
(FN)

False Positive
(FP)

True Negative
(TN)

3/26/2026

37



Actual Class

How do we Choose a Fairness Metric?

Predicted Class

+ -

- True Positive False Negative
(TP) (FN)

— False Positive True Negative
(FP) (TN)

3/26/2026

Recall/TPR Parity:
‘ TP, T Pg

TP, + FN, TPy + FNy

Precision/Predictive Parity:
TP, TPy

TP, + FP, TPy + FPg
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Actual Class

How do we Choose a Fairness Metric?

Predicted Class

+ -

+ True Positive False Negative
(TP) (FN)

— False Positive True Negative
(FP) (TN)

3/26/2026

Recall/TPR Parity:
‘ TP, T Pg

TP, + FN, TPy + FNy

Precision/Predictive Parity:
TP, TPy

TP, + FP, TPy + FPg

39



Actual Class

How do we Choose a Fairness Metric?

Predicted Class

+ -

+ True Positive False Negative
(TP) (FN)

— False Positive True Negative
(FP) (TN)

3/26/2026

Recall/TPR Parity:
‘ TP, T Pg

TP, + FN, TPy + FNy

Precision/Predictive Parity:
TP, TPy

TP, + FP, TPy + FPg
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Actual Class

How do we Choose a Fairness Metric?

Predicted Class

+

True Positive
(TP)

False Negative
(FN)

False Positive
(FP)

True Negative
(TN)

3/26/2026

Conditions on a positive ground-truth label

Recall/TPR Parity:
‘ TP, T Pg

TP, + FN, TPy + FNy

Precision/Predictive Parity:
TP, TPy

TP, + FP, TPy + FPg

Conditions on a positive model prediction

41



How do we Choose a Fairness Metric?

1. Decide on the most critical classification outcome (numerator)
* True positive

* True negative
 False positive

* False negative

2. Decide on the conditioning factor (denominator)

* What actually happened
+: TP +FN
-:TN+FP

* Whatthe model predicted would happen

+:TP +FP
-:TN +FN

3/26/2026
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How do we Choose a Fairness Metric?

1. Decide on the most critical classification outcome (numerator)
* True positive

* True negative Medicine: FN means we failed to detect a disease

.. Recidivism: FP means someone sits in jail longer unnecessarily
 False positive

* False negative

2. Decide on the conditioning factor (denominator)

* What actually happened
+: TP +FN
-:TN+FP

* Whatthe model predicted would happen
+: TP +FP
-:TN+FN

3/26/2026
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How do we Choose a Fairness Metric?

1. Decide on the most critical classification outcome (numerator)
* True positive

* True negative Medicine: FN means we failed to detect a disease

.. Recidivism: FP means someone sits in jail longer unnecessarily
 False positive

* False negative

2. Decide on the conditioning factor (denominator)

* What actually happened \
+: TP +FN

i TN+EP > Actual =~ Moral

* Whatthe model predicted would happen Model = Legal
+: TP +FP
-:TN+FN )
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Demo

https://colab.research.google.com/drive/1c8UgKrCCnpUXgMHecmBRf-wkdN1iSntF?usp=sharing

(also on the course website)
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Activity #2: Peer Explanation (~5 min)

Instructions:

1.
2.
3.

Answer a poll individually
Discuss response with neighbors

Vote again

3/26/2026
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Scenario #1: Cancer Detection

The CDC has an ML model which attempts to predict whether a patient has lung cancer.

The worst-case scenario is that women are more likely than men to be predicted to be cancer free when they actually
have lung cancer.

Which fairness metric is most appropriate?

Predicted Class

a. False Omission Rate Parity
FN, FN, + i,
TNA_FNA TNB_FNB
b. Recall Pa rity ) + True(l;lo;?itive False(llzlls)gative
TP, TP, g
- G
TPA_FNA TPB_FNB ;:3
C. False Negative Rate Pal’ity < - False Positive True Negative
FN, FNp (7P m
PollEv.com/samanthadies671

TP, — FN, TPz — FNg
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Scenario #1: Cancer Detection

The CDC has an ML model which attempts to predict whether a patient has lung cancer.

The worst-case scenario is that women are more likely than men to be predicted to be cancer free when they actually
have lung cancer.

(A) False Omission Rate Parity
18%

Which fairness metric is most appropriate?

(B) Recall Parity

Before: NG
a. False Omission Rate Parity (€] False Negative Rats Parity
N PN S——
TNA_FNA TNB_FNB
b. Recall Pa r|ty (A) False Omission Rate Parity .
TP, TPy After:
'"1.1 —FN — _ FN (B) Recall Parity
A . Z ‘s ni 43%
False Negative Rate Parity Sam’s pick
— | ey ) .
FNA FNB (but It’Ss arguable) (C) False Negative Rate Parity

57%

TP, —FN, TPy — FNg
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Fairness is Hard!

* Many fairness metrics exist

* The different metrics capture different
types of biases

* The metrics don’t always agree

* Sometimes you can’t satisfy them all

3/26/2026

Equal
Accuracy

Can’t have all three
(unless you have a perfect classifier!)

53



Context Matters

3/26/2026

The right fairness metric depends on context

Domain Most Harmful Error

Recidivism

and the ML task

False high-risk (FP)

Medicine

Overlooked disease (FN)

Job Hiring

Depends on goals
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Subgroup Selection Matters

Different population partitions can lead to different fairness outcomes

Population
Men White
Non-men Non-white
Men White
Women Black
Nonbinary White women Asian
Black women
White men
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Real-world Systems are Complicated

Today’s Lecture
Simple, white-box models
Binary labels
One protected group

Parity-based fairness metrics

3/26/2026

Real Systems
Black-box models
Imperfect labels
Multiple protected attributes

Even more fairness metric options

56



Modern Al / LLMs are Even Trickier

+60

Gemini OpenAl Meta

* Models can generate new, unpredictable
content ‘ d %]

* Bias may appear in subtle ways Grok Perplexity  Apple

Intelligence

e Hard to define what “fair” means *

Claude

* Answers depend on context

3/26/2026 57



Final Thoughts

Fairness is not automatic

We must choose:
e What errors matter
* Which groups to compare

e Which metrics to use

These choices reflect goals and values

3/26/2026
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Final Thoughts

Fairness is not automatic

We must choose:

* What errors matter Fairness is a design decision,
« Which groups to compare not just a calculation

e Which metrics to use

These choices reflect goals and values
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Additional Resources

Python packages for measuring and addressing bias in ML models

* AIF360: https://aif360.readthedocs.io/en/stable/

* Dalex: https://dalex.drwhy.ai/python-dalex-fairness.html

* Fairlearn: https://fairlearn.org/v0.8/auto_examples/index.html

 Responsibly:
https://docs.responsibly.ai/_modules/responsibly/fairness/metrics/visualization.html

* Google What-If Tool: https://pair-code.github.io/what-if-tool/

* Jupyter extension for analyzing models

Useful links

* Wikipedia - Fairness: htt

* Fairness and Machine Learning (fairmlbook): https://fairmlbook.org/index.html
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