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Intro to Al bias



Fairness - Bias

- Unwanted patterns
- Both in data and model predictions

- Based on protected attributes
- Gender, race, age
- Inherent and immutable

- Quantifiable
- Group bias metrics

- Fairness gives us constraints, bias gives us metrics



Bias sources
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Figure 1: Bias source in the machine learning pipeline’
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Learning Life Cycle”. In: Equity and Access in Algorithms, Mechanisms, and Optimization. EAAMO '21: Equity and
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Facial Expression Recognition



Modalities and applications

Modalities Applications
- Image or video ¥ Interactive multimedia
- RGB, IR, Depth... Healthcare 2

Discrete (Ekman’s basic Assistive robotics 3
emotions) or continuous = public safety
(NRC-VAD) labeling...

2philipp Werner et al. “Automatic Recognition Methods Supporting Pain Assessment: A Survey”. In: IEEE
Transactions on Affective Computing 131 (Jan. 2022), pp. 530-552. ISSN: 1949-3045. DOI:
10.1109/TAFFC.2019.2946774

3Ritvik Nimmagadda, Kritika Arora, and Miguel Vargas Martin. “Emotion Recognition Models for Companion Robots’”.
In: The Journal of Supercomputing (Mar. 24, 2022). 1SSN: 1573-0484. DOI: 10.1007/511227-022-04416- 4
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A real example

angry neutral surprise

Figure 2: A sample of FER2013/FER+, a popular FER dataset®.

>Emad Barsoum et al. “Training Deep Networks for Facial Expression Recognition with Crowd-Sourced Label
Distribution”. In: Proceedings of the 18th ACM International Conference on Multimodal Interaction. ICM| "16:
INTERNATIONAL CONFERENCE ON MULTIMODAL INTERACTION. Tokyo Japan: ACM, Oct. 31, 2016, pp. 279-283. ISBN:


https://doi.org/10.1145/2993148.2993165

FER and FER-related known biases

- Gender and skin tone (Fitzpatrick Skin Type) in gender
classification®

- FER research models’: capacitism, age, race and gender

- Commercial FER systems®: age, race and gender

6Joy Buolamwini and Timnit Gebru. “Gender Shades: Intersectional Accuracy Disparities in Commercial Gender
Classification”. In: Proceedings of the 1st Conference on Fairness, Accountability and Transparency. Ed. by

Sorelle A. Friedler and Christo Wilson. Vol. 81. Proceedings of Machine Learning Research. PMLR, Feb. 23-24, 2018,
pp. 77-91.

7Jacqueline J. Greene et al. “The Spectrum of Facial Palsy: The MEEI Facial Palsy Photo and Video Standard Set”. In:
The Laryngoscope 1301 (2020), pp. 32-37. 1SSN: 1531-4995. pol: 10.1002/1ary.27986; Tian Xu et al. “Investigating
Bias and Fairness in Facial Expression Recognition”. In: Computer Vision — ECCV 2020 Workshops. Ed. by

Adrien Bartoli and Andrea Fusiello. Cham: Springer International Publishing, 2020, pp. 506-523. ISBN:
978-3-030-65414-6. DOI: 10.1007/978-3-030-65414-6\_35.

8Eugenia Kim et al. “Age Bias in Emotion Detection: An Analysis of Facial Emotion Recognition Performance on
Young, Middle-Aged, and Older Adults”. In: Proceedings of the 2021 AAAI/ACM Conference on Al, Ethics, and Society.
New York, NY, USA: Association for Computing Machinery, July 21, 2021, pp. 638-644. ISBN: 978-1-4503-8473-5;
Khurshid Ahmad et al. “Comparing the Performance of Facial Emotion Recognition Systems on Real-Life Videos:
Gender, Ethnicity and Age”. In: Proceedings of the Future Technologies Conference (FTC) 2021, Volume 1. Ed. by
Kohei Arai. Vol. 358. Cham: Springer International Publishing, 2022, pp. 193-210. I1SBN: 978-3-030-89905-9
978-3-030-89906-6. DOI: 10.1007/978-3-030-89906-6\_14.
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FER datasets over time

Short name Year Collection Images Videos Subjects
POFA 1976 Lab 110 16
JACFEE 1988 Lab 56 56
AR-Face 1998 Lab 4,000 126
JAFFE 1998 Lab 213 10
KDEF 1998 Lab 4,900 o 70
CK 2000 Lab 8,795 486 97
CK+ 2010 Lab 10,727 593 123
MUG 2010 Lab 70, 654 - 52
Multi-PIE 2010 Lab 750,000 337
RaFD 2010 Lab 8,040 67
SFEW 2011 ITW-M 1,766 330
FER2013 2013 ITW-I 32,298 =
WSEFEP 2014 Lab 210 = 30
ADFES 2016 Lab o 648 22
FERPLlus 2016 ITW-I 32,298 = =
Aff-wild2 2017 ITW-I o 558

AffectNet 2017  1ITW-I 291,652 =

ExpW 2017 ITW-I 91,793

RAF-DB 2017  1ITW-I 29,672

CAER-S 2019 ITW-M 70,000 <

SEWA 2019 ITW-I = 199 398
MMAFEDB 2020 ITW-I 128,000 = =
NHFIER 2020 ITW-I 5,558

- Laboratory-gathered
(Lab): limited selection of
subjects under controlled
conditions. High-quality,
low quantity.

In The Wild (ITW):
unknown subject
identities and
demographies.
Low-quality, high quantity.
From Internet
queries (ITW-I).
From Motion Pictures
(ITW-M).



Important note

The demographic information for these datasets is not available.

We employ an approximation as predicted by FairFace’.

9Kimmo Karkkainen and Jungseock Joo. “FairFace: Face Attribute Dataset for Balanced Race, Gender, and Age for
Bias Measurement and Mitigation”. In: 2021 IEEE Winter Conference on Applications of Computer Vision (WACV). 2021
IEEE Winter Conference on Applications of Computer Vision (WACV). Waikoloa, HI, USA: IEEE, Jan. 2021, pp. 1547-1557.
ISBN: 978-1-66540-477-8. DOI: 10.1109/WACV48630.2021.00159.
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Types of bias

Representational bias
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Figure 3: Apparent race
distribution in FER+.
9 (Iris Dominguez-Catena, Daniel Paternain, and Mikel Galar. “Assessing Demographic Bias Transfer from Dataset to

Model: A Case Study in Facial Expression Recognition”. In: Proceedings of the Workshop on Artificial Intelligence
Safety 2022 (AlSafety 2022). Thirty-First International Joint Conference on Artificial Intelligence and the Twenty-Fifth
European Conference on Artificial Intelligence (IJCAI-ECAI-2022). Vienna, Austria, July 24-25, 2022)
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Types of bias

Representational bias
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Figure 3: Apparent race Figure 4: Apparent per-label
distribution in FER+. gender distribution in FER+.

9 (Dominguez-Catena, Paternain, and Galar, “Assessing Demographic Bias Transfer from Dataset to Model: A Case
Study in Facial Expression Recognition”)
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Types of bias

Representational bias Stereotypical bias
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Figure 3: Apparent race Figure 4: Apparent per-label
distribution in FER+. gender distribution in FER+.

9 (Dominguez-Catena, Paternain, and Galar, “Assessing Demographic Bias Transfer from Dataset to Model: A Case

Study in Facial Expression Recognition”)
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Stereotypical bias, an example |
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Figure 5: Contingency tables of two datasets without stereotypical
bias
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Stereotypical bias, an example Il
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Figure 6: Contingency tables of a datasets without stereotypical bias
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Stereotypical bias, an example Il
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Figure 7: Real contingency table of a FER dataset with stereotypical
bias
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Bias metrics

Representational

T

Richness Evenness Dominance Combined
Richness Shannon Evenness Index Imbalance Ratio Effective Number of Species
Normalized Standard Deviation Berger-Parker Index Simpson Index

Simpson’s Reciprocal
Simpson’s Index of Diversity
Shannon Entropy

Stereotypical

Global Local
Cramer's V Normalized Pointwise Mutual Information
Tschuprow's T Ducher's Z
Pearson’s Contingency Coefficient

Theil's U
Normalized Mutual Information

%lris Dominguez-Catena, Daniel Paternain, and Mikel Galar. Metrics for Dataset Demographic Bias: A Case Study on
Facial Expression Recognition. Mar. 28,2023. pol: 10.48550/arXiv.2303.15889. arXiv: 2303.15889 [cs]. urL:
http://arxiv.org/abs/2303.15889 (visited on 05/26/2023). preprint
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Methodology

1. Dataset preprocessing, homogenize images and labels

2. Demographic analysis of the datasets
- FairFace™

3. Measure bias with all metrics

- 3 demographic axis: age, gender, and race
-+ intersectional axis (Cartesian product)

4. Analyze the correlation between metrics
- Discard redundant metrics, prioritizing interpretable

metrics

Oarkkainen and Joo, “FairFace”.



Metric selection




Representational bias metric coherence
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Figure 8: Spearman’s p correlation between representational bias

metrics
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Stereotypical bias metric coherence
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- General representational
- Effective Number of
Species (ENS)

- Evenness between

represented groups
- Shannon Evenness
Index (SEI)

- Good approximation:

Dominance
- Berger-Parker Index
(BP)

- Stereotypical bias (global)

- Cramer's V (¢¢)

- Stereotypical bias (local)

- Ducher's Z (2)

19



Metrics in action




Dataset comparison

Laboratory ITW-I

Average
Average

9—ENS | 7.067 £0.932 3.334 +0.286
gﬂ 1—SEl | 0.409 £ 0.200 0.211 +0.024
oc | 0.075£0.063 0.104 &£ 0.027
7—ENS | 5.168 4 0.634 3.724 +0.321
0.384 4+ 0.151 0.393 = 0.050
¢c | 0.092 £ 0.083 0.063 + 0.018

2 —ENS | 0.139 4 0.280 0.005 % 0.005
0.039 & 0.052 0.004 + 0.004
¢ | 0.067 £0.090 0.167 + 0.018
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|
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Figure 10: Average representational bias (ENS), evenness (SEI) and
stereotypical bias (¢¢) of lab (left) and ITW-I (right) datasets.

1ODorm'ngLJez—Catena, Paternain, and Galar, Metrics for Dataset Demographic Bias
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Local stereotypical bias
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Figure 11: Local stereotypical bias for gender in Affectnet, Fer+,
NHFIER y Raf-DB (Ducher’s Z). (F: Female, M: Male)
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Conclusion




Conclusion

- Dataset bias measurement is necessary for a more fair Al

- A reduced set of bias metrics is enough to characterize
bias in practice

- Datasets are biased, and the biases are changing over

time

22



;Questions?

= iris.dominguez@unavarra.es
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What's next?




Dataset comparison

Step 1: Demographic profiling

Dataset

3 (ORI

Step 2: Demographicsimilarity

5 003 000

m
aldiagocdel /' Demographic axis
— > o D
arity (DS)
Demography
classifier
Demographic profile Reference gf&?f'aph‘c
(multiple axes)
What to use DSAP for
_ ) 2. Bias measurement _ )
1. Demographic dataset comparison = e nesstant] ypical)  3-Demographic dataset shift
Amount of
X i demographic
Demographic <demographic bias dataset shift
dataset
similarity —> o1 — [01]
Dataset 1 —>»[01] Dataset 1 —» [01] Train partition
—>[01]
Dataset 2

Generated ideal
population

Test/ deployment
partition
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http://arxiv.org/abs/2312.14626 (visited on 01/24/2024). preprir
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Dataset comparison
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Results on propagation

—0.4 — mean = angry —04 1 — mean - angry
~- happy -+ surprise / == happy -+ surprise
—0.6 neutral == fear —0.6 f neutral == fear
- sad disgust - sad disgust
—0.8 —08
00 01 02 03 04 05 06 07 08 09 10 00 01 02 03 04 05 06 07 08 09 10
Bias factor (f) Bias factor (f)

(a) Difference in recalls (F-M) under representational bias(b) Difference in recalls (F-M) under stereotypical bias
(happy)

Figure 12: Recall difference (female recall minus male recall) for the
representationally (a) and stereotypically (b) biased datasets.

0lris Dominguez-Catena, Daniel Paternain, and Mikel Galar. “Gender Stereotyping Impact in Facial Expression
Recognition”. In: Machine Learning and Principles and Practice of Knowledge Discovery in Databases. Vol. 1752
Cham: Springer Nature Switzerland, 2023, pp. 9-22. ISBN: 978-3-031-23617-4 978-3-031-23618-1. DOI:
10.1007/978-3-031-23618-1_1
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Formulas




Effective Number of Species (ENS)™:

ENS(X) =exp [ =Y pglnpg | - (1)
gei

Adjusted entropy. Effective number of represented group.

M Lou Jost. “Entropy and Diversity”. In: Oikos 113.2 (May 2006), pp. 363-375. ISSN: 00301299. DOI:
10.1111/7.2006.0030-1299.14714.x.


https://doi.org/10.1111/j.2006.0030-1299.14714.x

Shannon Evenness Index (SEI)'™2:

SEI(X) = In(HR(&) : (2)

where H(X) is Shannon entropy.

Group evenness.

12E . Pielou. “The Measurement of Diversity in Different Types of Biological Collections”. In: Journal of Theoretical
Biology 13 (Dec. 1966), pp. 131144, 1SSN: 00225193, DOI: 10.1016/0022-5193(66)90013- 0.


https://doi.org/10.1016/0022-5193(66)90013-0

Berger-Parker Index (BP)'™:

max ng
gei

BP(X) = — .
(X) p (3)
Ratio between the most represented group and the whole

population.

Bwolfgang H. Berger and Frances L. Parker. “Diversity of Planktonic Foraminifera in Deep-Sea Sediments”. In:
Science 168.3937 (June 12, 1970), pp. 1345-1347. 1SSN: 0036-8075, 1095-9203. DOI:
10.1126/science.168.3937.1345.


https://doi.org/10.1126/science.168.3937.1345

Cramer's V (¢c)™

ngn )2

S S (4)

gei yeY n

B x*(X)/n
o) =\ min(iGl =1, V1 =1) ©)

"Harald Cramér. “Chapter 21. The Two-Dimensional Case”. In: Mathematical Methods of Statistics. Princeton
Mathematical Series 9. Princeton: Princeton university press, 1991, p. 282. ISBN: 978-0-691-08004-8.



Ducher’s Z (2)":

PaAy—PaP ,
W if pgny — Pgpy > 0
— PaAy—PgP :
2%.9.¥) = ngyfnﬁgi[O,ggipyq] if pgry — Pgpy <0 (6)
0 otherwise.

5M. Ducher et al. “Statistical Relationships between Systolic Blood Pressure and Heart Rate and Their Functional
Significance in Conscious Rats”. In: Medical & Biological Engineering & Computing 32.6 (Nov. 1994), pp. 649-655.
ISSN: 0140-0118, 1741-0444, DOI: 10.1007/BFO2524241.


https://doi.org/10.1007/BF02524241
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