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Influence on the 
parameters

Calculate the impact of 
removing sample “!” 

CENG7880 7

Koh, P. W., & Liang, P. (2017). Understanding black-
box predictions via influence functions. 
In International conference on machine learning (pp. 
1885-1894). PMLR.
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Influence of 
removing !!"#$%

on !!&'!
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Zhao, H., Chen, H., Yang, F., Liu, N., Deng, H., Cai, H., ... & Du, M. 
(2024). Explainability for large language models: A survey. ACM 
Transactions on Intelligent Systems and Technology, 15(2), 1-38.
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Traditional Finetuning Paradigm: Local Explanations
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Zhao, H., Chen, H., Yang, F., Liu, N., Deng, H., Cai, H., ... & Du, M. 
(2024). Explainability for large language models: A survey. ACM 
Transactions on Intelligent Systems and Technology, 15(2), 1-38.
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Traditional Finetuning Paradigm:
Global Explanations
• Probing-based Explanations
• Neuron-Activation Explanations
• Concept-based Explanations
•Mechanistic Interpretability

CENG7880 17
Zhao, H., Chen, H., Yang, F., Liu, N., Deng, H., Cai, H., ... & Du, M. 
(2024). Explainability for large language models: A survey. ACM 
Transactions on Intelligent Systems and Technology, 15(2), 1-38.
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Prompting Paradigm:
Base-Model Explanation

• Explaining In-Context Learning
• Explaining Chain-of-Thought Prompting
• Representation Engineering
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Zhao, H., Chen, H., Yang, F., Liu, N., Deng, H., Cai, H., ... & Du, M. 
(2024). Explainability for large language models: A survey. ACM 
Transactions on Intelligent Systems and Technology, 15(2), 1-38.
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Prompting Paradigm:
Assistant-Model Explanation
• Explaining the Role of Fine-tuning
• Explaining Hallucination
• Uncertainty Quantification
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Zhao, H., Chen, H., Yang, F., Liu, N., Deng, H., Cai, H., ... & Du, M. 
(2024). Explainability for large language models: A survey. ACM 
Transactions on Intelligent Systems and Technology, 15(2), 1-38.
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Agenda

• Fairness
• Notions, Definitions and Measures
• Fairness Algorithms
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Administrative Notes
• Final Exam:

• 13 January 16:30
• Paper selection finalized except for two projects
• Project milestones

• 1. Milestone (November 23, midnight):
• Read & understand the paper
• Download the datasets
• Prepare the Readme file excluding the results & conclusion

• 2. Milestone (December 7, midnight)
• The results of the first experiment

• 3. Milestone (January 4, midnight)
• Final report (Readme file)
• Repo with all code & trained models

CENG7880 21



Fairness
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Bias and Fairness

• Oxford Dictionary:
“[…] inclination or prejudice for or against one person or group, 
especially in a way considered to be unfair."

• TDK: 
“Bir kimse veya bir şeyle ilgili olarak belirli şart, olay ve görüntülere
dayanarak önceden edinilmiş olumlu veya olumsuz yargı, peşin
yargı, peşin hüküm, peşin fikir.”
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https://towardsdatascience.com/a-tutorial-on-fairness-in-machine-learning-3ff8ba1040cb
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Bias and Fairness in ML:
Examples: Face Recognition

CENG7880

Buolamwini, J., Gebru, T.: Gender shades: Intersectional accuracy disparities in commercial gender classification. 
In: Conference on fairness, accountability and transparency. pp. 77-91 (2018).
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Bias and Fairness in ML:
Examples

CENG7880

https://www.imdb.com/title/tt11394170/
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Bias and Fairness in ML:
Examples: Personality Identification

CENG7880

https://web.br.de/interaktiv/ki-bewerbung/en/

27

https://web.br.de/interaktiv/ki-bewerbung/en/
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Bias and Fairness in ML:
Examples: Emotion Recognition

CENG7880

Happy Anger Disgust Neutral

Fear Anger Surprise Sad

T. Xu, J. White, S. Kalkan, H. Gunes, "Investigating Bias and Fairness in Facial Expression Recognition", ECCV2020 Workshop: ChaLearn Looking 
at People workshop ECCV: Fair Face Recognition and Analysis, 2020.

28
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Bias and Fairness in ML:
Examples: Hiring Personnel

CENG7880

Source: https://hbr.org/2016/04/if-theres-only-one-woman-in-your-candidate-pool-theres-
statistically-no-chance-shell-be-hired

For other examples:
https://harver.com/blog/hiring-biases/
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Bias and Fairness in ML:
Examples: Bank Credit Applications

CENG7880

Source: 
http://www.bostonfed.org/commdev/issue-
briefs/2016/cdbrief22016.pdf
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Bias and Fairness in ML:
Examples: Criminal Assessment

CENG7880

Angwin, J., Larson, J., Mattu, S. & Kirchner, 
L. (2016) Machine Bias. 

https://www.propublica.org/article/machin
e-bias-risk-assessments-in-criminal-
sentencing

32



Bias and Fairness in ML:
Examples: Criminal Assessment

CENG7880

(a) Number of days with targeted
policing for drug crimes in areas
flagged by PredPol analysis of
Oakland police data. (b) Targeted
policing for drug crimes, by race. (c)
Estimated drug use by race

https://rss.onlinelibrary.wiley.com/doi/full/10.1111/j.1740-9713.2016.00960.x
33
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Bias and Fairness in ML:
A Fundamental Problem
• Current AI systems heavily use machine learning based solutions

• Any widespread use of such systems necessitates these systems to be 
fair across different demographic groups

• Who are responsible?
• Decision makers
• Researchers
• Engineers
• Everyone

CENG7880 35
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Main Source of Bias 

https://miro.medium.com/max/3200/0*R1AFqFSih42NRTMl

Bias and Fairness in ML:
Sources of Bias



Bias and Fairness in ML:
Sources of Bias

CENG7880 37

Main Source of Bias 

https://ai.googleblog.com/2019/12/fairness-indicators-scalable.html
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Does balanced data guarantee fairness?

• No!
• On the D-Vlog dataset (for depression detection), 

females have more samples have more samples 
but suffer from biased predictions!

CENG7880 40

Larger-than-1 
indicates bias for 

females
Cheong, J., Kuzucu, S., Kalkan, S., & Gunes, H. (2023). Towards gender fairness for 
mental health prediction. International Joint Conferences on Artificial Intelligence 
Organization.



Does balanced data guarantee fairness?

• No!
• On the D-Vlog dataset (for 

depression detection), females 
have more samples have more 
samples but suffer from biased 
predictions!
• Why?

• Videos/samples are truncated, which 
affects female samples more.

CENG7880 41
Cheong, J., Kuzucu, S., Kalkan, S., & Gunes, H. (2023). Towards gender fairness for 
mental health prediction. International Joint Conferences on Artificial Intelligence 
Organization.



Does balanced data guarantee fairness?

• No!
• On the D-Vlog dataset (for 

depression detection), females 
have more samples have more 
samples but suffer from biased 
predictions!
• Why?

• Videos/samples are truncated, which 
affects female samples more.

• Gender differences in depression 
manifestation

CENG7880 42
Cheong, J., Kuzucu, S., Kalkan, S., & Gunes, H. (2023). Towards gender fairness for 
mental health prediction. International Joint Conferences on Artificial Intelligence 
Organization.
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Fairness Notions

CENG7880 48



What does it mean to be fair?

In Philosophy: 
• Egalitarianism (social equality, 

equality of opportunity) and
distributive justice focus on the 
process of fair distribution of 
resources.
• Utilitarianism, consequentialism 

focus on the outcomes of the the 
processes on overall social 
welfare.

CENG7880 49

5 doses of medicine

5 mild cases

5 severe cases

Egalitarianism: Every 
individual deserves equal 
change at the resource.

5 mild cases

5 severe cases

Utilitarianism: Prioritize 
outcome that maximizes 
overall well-being.

5 mild cases

5 severe cases



What does it mean to be fair?
• Two recurring main principles:

• Equality/liberty: Equal access to basic rights
• Difference: Inequalities do not harm disadvantaged groups

• These principles are rather abstract and do not answer how differences 
among individuals can be considered (equity) on what values (power, need, 
responsibility): 
• Rawls, J., 2017. A theory of justice. In Applied ethics (pp. 21-29). Routledge.
• Forsyth, Donelson R. 2006. "Conflict." pp. 388–389 in Group Dynamics (5th ed.), by D. 

R. Forsyth. Belmont, CA: Wadsworth Cengage Learning.
• Deutsch, M. 1975. "Equity, equality, and need: What determines which value will be 

used as the basis of distributive justice?." Journal of Social Issues 31:137–149.

• This has led to many definitions of fairness in sociology, law, economics and 
politics.

CENG7880 50



Challenges with 
defining fairness

CENG7880 51

Optimizing a statistical fairness 
measure might violate fairness 
definitions in Philosophy



Challenges with 
defining fairness

CENG7880 52

Optimizing a statistical fairness 
measure might lead to overall 
lower social welfare

- See also: Hu, L., & Chen, Y. (2020, 
January). Fair classification and social 
welfare. In Proceedings of the 2020 
conference on fairness, accountability, 
and transparency (pp. 535-545).



Challenges with defining fairness

CENG7880 53

• Impossibility theorem [1, 2]:

[1] Kleinberg, S. Mullainathan, and M. Raghavan. Inherent trade-offs in the fair determination of risk scores. arXiv:1609.05807, 2016.
[2] Miconi. The impossibility of “fairness”: a generalized impossibility result for decisions. arXiv:1707.01195, 2017.

Fig from: https://neurips.cc/virtual/2022/poster/52996



Challenges with defining fairness

CENG7880 54

• Too many statistical fairness definitions:
• Individual fairness, group fairness, causal fairness, intersectional fairness, demographic 

parity, statistical parity, equal opportunity, equalized odds, uncertainty fairness, …

• Accuracy-fairness tradeoff



Fairness Definitions

CENG7880 56
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(Also known as fairness through unawareness)

(If the majority group has e.g. 95% of the data, the ML model will make random
predictions for the minority (5%) group. Removing the sensitive attribute might 
give a false impression of fairness while a clear presence of unfairness)

• Problem: How do you remove sensitive attribute from an image?

Adapted from: Uni of Pennsylvania, Trustworthy ML - CIS 7000
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Group Fairness Principles (1/3): Independence
• Prediction ( "#) is independent of sensitive attribute ($).
• Formally: "# ⊥ $
• Groups should receive positive outcomes at same rate.
• Does not care about correct labels / ground truth!

CENG7880 65

Y = 1Y = 0

< => ? = Red) = 0.5 < => ? = Blue) = 0.5

Y = 1Y = 0

< => ? = Red) = 0.5 < => ? = Blue) = 1



Group Fairness Principles: Independence

• Prediction ( !") is independent of sensitive attribute (#).
• Formally: !" ⊥ #
• Groups should receive positive outcomes at same rate.
•Measures: 
• Demographic parity: & "# = 1 A = red) = & "# = 1 A = blue)
• Disparate Impact: (

)*+, -+./012/34)
( )*+, -+.6712/34)

• Statistical Parity Difference:
& "# = 1 A = red) − & "# = 1 A = blue)

CENG7880 66

(Prefer this ratio to be ≥ 1 − J)

(Prefer this disparity 
to be ≤ J)



Group Fairness Principles: Independence
• In regression problems:
• & 2 ≥ 4 A = red) vs & 2 ≥ 4 A = blue)
• 5678 "# A = red) vs 5678 "# A = red)
• …

CENG7880 67



Group Fairness Principles: Independence
Example: Four-fifths rule [1] 

• Employed by the US Equal Employment Opportunity Commission:
• “According to the EEOC, a selection rate for any group that is less than four-fifths (or 

80%) of the rate for the group with the highest selection rate may indicate adverse 
impact”

• Example:
• “Group A has 500 applicants and 100 were selected; a 20% selection rate
• Group B has 120 applicants and 17 were selected; a 14.17% selection rate
• The ratio is 0.1417/0.20 = 0.7083.  This is below 0.80, so the procedure is biased 

against Group B.”

CENG7880 68

[1] https://assess.com/four-fifths-rule/

(Applies disparate impact ratio)

https://assess.com/four-fifths-rule/
https://assess.com/four-fifths-rule/
https://assess.com/four-fifths-rule/
https://assess.com/four-fifths-rule/
https://assess.com/four-fifths-rule/
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• Independence only cares about quantity, not quality. 
• It mandates that you approve the same percentage of people from Group A and 

Group B, 
• It doesn't check if you are approving the right people.

Example: Assume a personnel-hiring scenario. If 50% of the majority group is accepted, 
the decision maker needs to select 50% from the minority group. 

If the minority group has few individuals, “qualified” individuals from the majority group 
will be rejected while “unqualified” individuals from the minority group might be 
accepted.
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Example: Assume that 18-year-old drivers are more likely to have accidents 
(high risk) compared to 40-year-old drivers (low risk).
• Base Rate of Safe Driving (Young): 30%
• Base Rate of Safe Driving (Older): 80%

"Independence" requires the model to predict "Safe Driver" at the exact same 
rate for both groups:
• It must either punish older drivers (rejecting safe drivers to lower their rate to the young 

group's level).
• Or it must subsidize young drivers (accepting dangerous drivers to raise their rate to the 

older group's level).



Group Fairness Principles (2/3): Separation
• Prediction is independent of sensitive attribute for positive (negative) cases
• Formally: !" ⊥ $ | "
• " separates !" and $. If you know ", the outcome should not depend on $. 

CENG7880 71

Y = 1Y = 0

< => > = L, ? = Red) = 0.5
< => > = L, ? = Blue) = 0.5

Y = 1Y = 0

< => > = L, ? = Red) = 0.5
< => > = L, ? = Blue) = 0.9

(borrowed from the directed separation notion in 
probabilistic graphical models)



Group Fairness Principles: Separation

CENG7880 72Plot from: https://www.youtube.com/watch?v=YQ5jkl_gwBA



Group Fairness Principles: Separation
• Prediction is independent of sensitive attribute for positive (negative) cases
• Formally: !" ⊥ $ | "
• " separates !" and $. If you know ", the outcome should not depend on $. 
• Measures:

• Equal opportunity (equal True Positive Rates): 
! "# = 1 # = 1, ' = red) = ! "# = 1 # = 1, ' = blue)

• Equalized odds (equal True Positive Rates and False Positive Rates): 
! "# = 1 # = /, ' = red) = ! "# = 1 # = /, ' = blue)

• Predictive equality (equal False Positive Rates)
! "# = 1 # = 0, ' = red) = ! "# = 1 # = 0, ' = blue)

CENG7880 73
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False Positive Rate

False Negative Rate

Violates
the separation 

principle



Group Fairness Principles (3/3): Sufficiency
• Model is calibrated; i.e., true probabilities match prediction probabilities 

across sensitive attributes
• Sufficiency: " ⊥ $ | !"
• Knowing the prediction ( !") is sufficient to know "; $ is redundant.

CENG7880 82

Y = 1Y = 0

< => > = L, ? = Red) = 1
< => > = L, ? = Blue) = 1

Y = 1Y = 0

< => > = L, ? = Red) = 0.5
< => > = L, ? = Blue) = 0.5



Group Fairness Principles: Sufficiency
• Model is calibrated; i.e., true probabilities match prediction 

probabilities across sensitive attributes
• Sufficiency: # ⊥ $ | "#
• Measures: 
• Calibration

2 3 = 1 -3 = 4, 5 = red) = 2 3 = 1 -3 = 4, 5 = blue)
(“If a Black defendant and a White defendant both get a "Risk Score of 7," they should both have the exact 

same 70% chance of re-offending”)
• Positive Predictive Value Disparity

2 3 = 1 -3 = 1, 5 = red) = 2 3 = 1 -3 = 1, 5 = blue)
("When the model says 'Yes,' is it equally trustworthy for both groups?”)

• Negative Predictive Value Disparity
• False Positive Value Disparity

CENG7880 83
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Independence: -3 ⊥ 5
Separation: -3 ⊥ 5 | 3
Sufficiency: 3 ⊥ 5 | -3

Slide: Uni of Pennsylvania, Trustworthy ML - CIS 7000



Group Fairness
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• Impossibility theorem [1, 2].

[1] Kleinberg, S. Mullainathan, and M. Raghavan. Inherent trade-offs in the fair determination of risk scores. arXiv:1609.05807, 2016.
[2] Miconi. The impossibility of “fairness”: a generalized impossibility result for decisions. arXiv:1707.01195, 2017.
[3] Bell, A., Bynum, L., Drushchak, N., Zakharchenko, T., Rosenblatt, L., & Stoyanovich, J. (2023). The possibility of fairness: Revisiting the impossibility theorem in practice. ACM 
Conference on Fairness, Accountability, and Transparency.

Fig from: https://neurips.cc/virtual/2022/poster/52996

Counter-argument [3]: Strict equality of 
metrics is not necessary, approximate 
equality is sufficient. This then eliminates the 
conflict between the three criteria.
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Violates independence / demographic parity: < => = 1 A = blue) ≠ < => = 1 A = red)
Satisfies separation / equal odds < => = 1 > = y, A = blue) = < => = 1 > = y, A = red)
Satisfies sufficiency / calibration < > = 1 => = y, A = blue) = < > = 1 => = y, A = red)

A “perfect” predictor that does not make any errors!

Adapted from: Uni of Pennsylvania, Trustworthy ML - CIS 7000



Satisfies independence / demographic parity: < => = 1 A = blue) = < => = 1 A = red)
Violates separation / equal odds < => = 1 > = y, A = blue) ≠ < => = 1 > = y, A = red)
Violates sufficiency / calibration < > = 1 => = y, A = blue) ≠ < > = 1 => = y, A = red)
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CENG7880 89

Satisfies independence / demographic parity: < => = 1 A = blue) = < => = 1 A = red)
Violates separation / equal odds < => = 1 > = y, A = blue) ≠ < => = 1 > = y, A = red)
Satisfies sufficiency / calibration < > = 1 => = y, A = blue) = < > = 1 => = y, A = red)

Adapted from: Uni of Pennsylvania, Trustworthy ML - CIS 7000
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Satisfies independence / demographic parity: < => = 1 A = blue) = < => = 1 A = red)
Satisfies separation / equal odds < => = 1 > = y, A = blue) = < => = 1 > = y, A = red)
Satisfies sufficiency / calibration < > = 1 => = y, A = blue) = < > = 1 => = y, A = red)

Adapted from: Uni of Pennsylvania, Trustworthy ML - CIS 7000
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Violates independence / demographic parity: < => = 1 A = blue) ≠ < => = 1 A = red)
Violates separation / equal odds < => = 1 > = y, A = blue) ≠ < => = 1 > = y, A = red)
Satisfies sufficiency / calibration < > = 1 => = y, A = blue) = < > = 1 => = y, A = red)

Adapted from: Uni of Pennsylvania, Trustworthy ML - CIS 7000
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Satisfies independence / demographic parity: < => = 1 A = blue) = < => = 1 A = red)
Violates separation / equal odds < => = 1 > = y, A = blue) ≠ < => = 1 > = y, A = red)
Violates sufficiency / calibration < > = 1 => = y, A = blue) ≠ < > = 1 => = y, A = red)

Adapted from: Uni of Pennsylvania, Trustworthy ML - CIS 7000



Other Definitions: Intersectional Fairness

CENG7880 93

Gohar, U., & Cheng, L. (2023). A survey on intersectional fairness in machine learning: Notions, 
mitigation, and challenges. arXiv preprint arXiv:2305.06969.



Other Definitions: Counterfactual Fairness

CENG7880 94
Material: https://arxiv.org/pdf/1703.06856



Other Definitions: Counterfactual Fairness
Sample Study from Our Group

CENG7880 95

Cheong, J., Kalkan, S., & Gunes, H. (2022, October). Counterfactual fairness for 
facial expression recognition. In European Conference on Computer Vision (pp. 
245-261). Cham: Springer Nature Switzerland.



Other Definitions: Uncertainty Fairness
Sample Study from Our Group

CENG7880 96

S. Kuzucu, J. Cheong, H. Gunes, S. Kalkan, "Uncertainty-based Fairness 
Measures", Journal of Artificial Intelligence Research, Special Issue on 
Fairness and Bias in AI, 81:307-335, 2024.



Other Definitions: Uncertainty Fairness
Sample Study from Our Group

CENG7880 97

S. Kuzucu, J. Cheong, H. Gunes, S. Kalkan, "Uncertainty-based Fairness 
Measures", Journal of Artificial Intelligence Research, Special Issue on 
Fairness and Bias in AI, 81:307-335, 2024.



Other Definitions: Uncertainty Fairness
Sample Study from Our Group

CENG7880 98

S. Kuzucu, J. Cheong, H. Gunes, S. Kalkan, "Uncertainty-based Fairness 
Measures", Journal of Artificial Intelligence Research, Special Issue on 
Fairness and Bias in AI, 81:307-335, 2024.

STUV W;Y, Z : Point-prediction-based fairness measure (e.g., equal opportunity)


