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angry disgust fear happy neutral surprise

FIE 5 E

Figure 1: A sample of FER2013/FER+ a popular FER dataset’.

TEmad Barsoum et al. “Training Deep Networks for Facial Expression Recognition with Crowd-Sourced Label
Distribution”. In: Proc. 18th ACM International Conference on Multimodal Interaction. 2016, pp. 279-283.
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INTRODUCTION

FER MODAL|T|ES AND APPL'CAT'ONS FACIAL EXPRESSION RECOGNITION
Modalities Applications
- Image or video ¥ Interactive multimedia

- RGB, IR, Depth... Emotional Films

' : 7 3
- Discrete (Ekman’s basic Healthcare
emotions ?) or continuous Assistive robotics *

(NRC-VAD) labeling... &> Public safety ®

3paul Ekman and Wallace V. Friesen. “Constants across Cultures in the Face and Emotion.. In: Journal of
Personality and Social Psychology 17.2 (1971), pp. 124-129

“Philipp Werner et al. “Automatic Recognition Methods Supporting Pain Assessment: A Survey”. In: IEEE Trans. on
Affective Computing 1311 (2022), pp. 530-552

SRitvik Nimmagadda, Kritika Arora, and Miguel Vargas Martin. “Emotion Recognition Models for Companion
Robots”. In: The Journal of Supercomputing (2022)

%Luntian Mou et al. “Isotropic Self-Supervised Learning for Driver Drowsiness Detection With Attention-Based
Multimodal Fusion”. In: IEEE Trans. on Multimedia 25 (2023), pp. 529-542
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INTRODUCTION

FER AND FER'RELATED KNOWN B|ASES FACIAL EXPRESSION RECOGNITION

- Age, race and gender biases:
- In research models’.
- In commercial systems®?.

’Tian Xu et al. “Investigating Bias and Fairness in Facial Expression Recognition”. In: Computer Vision — ECCV 2020
Workshops. 2020, pp. 506-523.

8Khurshid Ahmad et al. “Comparing the Performance of Facial Emotion Recognition Systems on Real-Life Videos:
Gender, Ethnicity and Age”. In: Proc. Future Technologies Conference (FTC) 2021, Volume 1. Vol. 358. 2022, pp. 193-210.
9Eugenia Kim et al. “Age Bias in Emotion Detection: An Analysis of Facial Emotion Recognition Performance on
Young, Middle-Aged, and Older Adults”. In: Proc. 2021 AAAI/ACM Conference on Al, Ethics, and Society. 2021,

pp. 638-644.
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FER MODELS AND DATASETS INTRODUCTION

FACIAL EXPRESSION RECOGNITION

- Deep Learning approaches: CNN' and Transformers™.
- They require large amounts of datal!

- Shift to large datasets gathered from the Internet'.
- Datasets with little to no demographic metadata.

19Shan Li and Weihong Deng. “Deep Facial Expression Recognition: A Survey”. In: [EEE Trans. on Affective Computing
(2020), pp. 1-1.

ﬂAtexey Dosovitskiy et al. An Image Is Worth 16x16 Words: Transformers for Image Recognition at Scale. 2021. arXiv
2010.11929 [cs].

2Emily Denton et al. “On the Genealogy of Machine Learning Datasets: A Critical History of ImageNet”. In: Big Data
& Society 8.2 (2021).
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INTRODUCTION

DATAS ET S E LECT| 0 N FACIAL EXPRESSION RECOGNITION

Initially: 55 candidates Table 1: 20 selected datasets.
Selection criteria

Abbreviation  Year Collection Images Videos Subjects

JAFFE 1998 LAB 213 = 10

1. Image based datasets. ot Lo L 1a00 - .
. CK 2000 LAB 8,795 486 97

2. RGB images. Oulu-CASIA 2008 LAB 66,000 480 80
CK+ 2010 LAB 10,727 593 123

3. Ekman’s basic emotions. ~ CHMEP 2y (L il AN L
MUG 2010 LAB 70,654 = 52

. . SFEW 2011 ITW-M 1,766 = 330

4. Publicly available. FER2013 2013 ITW 32,298 = =
WSEFEP 2014 LAB 210 = 30

3 data sources ADFES 2016 LAB = 648 22
FERPlus 2016 ITW 32,298 = =

AffectNet 2017 ITW 291,652 = =

- Lab: Laboratory-gathered. S orr 1w 01795 - -
RAF-DB 2017 ITW 29,672 = =

ITW-1I: From Internet. CAER-S 2019 ITW-M 70,000 = =
LIRIS-CSE 2019 LAB 26,000 208 12

. iSAFE 2020 LAB = 395 44

|TW_M FrOm mOtlon MMAFEDB 2020 ITW 128,000 = =
p|CtUreS NHFIER 2020 ITW 5,558 = =
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MATHEMATICAL FAIRNESS DEFINITIONS

Fairness
- Defined as requirements.

- Binary (fair/unfair).
- Easy to check, but hard to reach.

Bias
- Measures unfairness.
- Quantitative.

- Can be incrementally improved.

INTRODUCTION
FAIRNESS AND BIAS
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Figure 2: Bias source in the machine learning pipeline™

5Harini Suresh and John Guttag. “A Framework for Understanding Sources of Harm throughout the Machine

Learning Life Cycle”.

In: Equity and Access in Algorithms, Mechanisms, and Optimization. EAAMO '21. 2021, pp. 1-9.
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BIAS SOU RCES DEMOGRAPHIC BIAS

Dataset bias

training
data
world population dataset
population preprocessing, —
REPRESENT- MEASURE- eval
ATION BIAS MENT BIAS data
Bias
el
benchmarks
AGGREGATION .
training model.
data
Py output
- — Real world

un post-process, implications
eval
data

DB = vodel bias

benchmarks
N

)

Figure 2: Bias source in the machine learning pipeline™

"®Harini Suresh and John Guttag. “A Framework for Understanding Sources of Harm throughout the Machine
Learning Life Cycle”. In: Equity and Access in Algorithms, Mechanisms, and Optimization. EAAMO '21. 2021, pp. 1-9. 12/88



BIAS SOURCES

Dataset bias

population dataset

REPRESENT- MEASURE-

@m&ﬁl@—

ATION BIAS MENT BIAS @ data

INTRODUCTION
DEMOGRAPHIC BIAS

training
data

preprocessing,
train/test spiit

bnwhmarlu
\ J

AGGREGATION .
o Blas | mode
e o
o output
— Real world
sostprocess, | implications
run P
) )., integrate into
/ N model | system
eval
912 _f ovaaton |
@ @ EVALUATION
BIAS 1
Model bias

benchmarh

J

Figure 2: Bias source in the machine learning pipeline™

A\ There are almost no studies on the transference of bias.

'®Harini Suresh and John Guttag. “A Framework for Understanding Sources of Harm throughout the Machine

Learning Life Cycle”. In: Equity and Access in Algorithms, Mechanisms, and Optimization. EAAMO '21. 2021, pp. 1-9.
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- Selection bias Number of samples for each group.

15Simone Fabbrizzi et al. “A Survey on Bias in Visual Datasets”. In: Computer Vision and Image Understanding 223
(2022), p. 103552

13/88



INTRODUCTION

TYPES OF BIAS IN IMAGE DATASETS DEMOGRAPHIC BIAS

20,000 examples of white people

. Selection bias and 20 of black people.

"oSimone Fabbrizzi et al. “A Survey on Bias in Visual Datasets”. In: Computer Vision and

(2022), p. 103552

13/88



INTRODUCTION

TYPES OF BIAS IN IMAGE DATASETS DEMOGRAPHIC BIAS

20,000 examples of white people

. Selection bias and 20 of black people.

() 1

- Label bias Labeling scheme and assignation.

1oSimone Fabbrizzi et al. “A Survey on Bias in Visual Datasets”. In: Comy

(2022), p. 103552

13/88



INTRODUCTION

TYPES OF BIAS IN IMAGE DATASETS DEMOGRAPHIC BIAS

20,000 examples of white people

. Selection bias and 20 of black people.

() 1

- Label bias Not labeling children as person.

"oSimone Fabbrizzi et al. “A Survey on Bias in Visual Datasets”. In: Computer Vision and

Understanaing 223

(2022), p. 103552

13/88



INTRODUCTION

TYPES OF BIAS IN IMAGE DATASETS DEMOGRAPHIC BIAS
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- Label bias Not labeling children as person.
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20,000 examples of white people

. Selection bias and 20 of black people.

() 1

- Label bias Not labeling children as person.

- Framing bias | jiver image duality in images

from certain countries.
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INTRODUCTION
TYPES OF BIAS IN IMAGE DATASETS

DEMOGRAPHIC BIAS

- Selection bias Number of samples for each group.
- Label bias Labeling scheme and assignation.

- Framing bias Image properties and context.

Selection bias is our main focus:
- Easiest to measure and quantify.

- Not limited to image datasets.

15Simone Fabbrizzi et al. “A Survey on Bias in Visual Datasets”. In: Computer Vision and Image U
(2022), p. 103552
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Representational bias
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A\ There are no taxonomies or metrics for these biases.

A\ No studies on their impact.
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- Most model bias metrics?'?%:
- Specific for binary classification problems.
- Only two demographic groups.
- Not symmetric: positive class and a protected group.

ZIMoritz Hardt, Eric Price, and Nathan Srebro. “Equality of Opportunity in Supervised Learning”. In: Proc. 30th
International Conference on Neural Information Processing Systems. NIPS"16. 2016, pp. 3323-3331.

?Muhammad Bilal Zafar et al. “Fairness Constraints: Mechanisms for Fair Classification”. In: Proc. 20th International
Conference on Artificial Intelligence and Statistics. Artificial Intelligence and Statistics. 2017, pp. 962-970.

16/88


https://arxiv.org/abs/2201.04461

INTRODUCTION
MATHEMATICAL FAIRNESS DEFINITIONS

DEMOGRAPHIC BIAS

- Most model bias metrics?'?%:
- Specific for binary classification problems.
- Only two demographic groups.
- Not symmetric: positive class and a protected group.

- Extensions® tackle limitations individually.

- /\ Not complete for multiclass and multi-group problems,
like FER.

2IMoritz Hardt, Eric Price, and Nathan Srebro. “Equality of Opportunity in Supervised Learning”. In: Proc. 30th
International Conference on Neural Information Processing Systems. NIPS'16. 2016, pp. 3323-3331.

?Muhammad Bilal Zafar et al. “Fairness Constraints: Mechanisms for Fair Classification”. In: Proc. 20th International
Conference on Artificial Intelligence and Statistics. Artificial Intelligence and Statistics. 2017, pp. 962-970.

Zpreston Putzel and Scott Lee. Blackbox Post-Processing for Multiclass Fairness. 2022. arXiv: 2201.04461 [cs].
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- Dataset bias metrics
- There is no clear taxonomy of dataset bias, and no reviews
of dataset bias metrics.

- Better dataset bias metrics
- Metrics should be few, explainable and interpretable.

- Applicable in the absence of demographic information.

- Effect of dataset bias
- No research on whether the impact of different types of
dataset bias is different.

- Bias transference measurement
- There is no connection between dataset demographic bias
metrics and model bias metrics.
- There are no model bias metrics for multi-group and
multiclass classification, such as FER.
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- To investigate the transference of bias from datasets to
models, offering a new perspective that emphasizes the

measurement and understanding of dataset bias as the
fundamental precursor to model bias.
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1. To develop a taxonomy of dataset bias, as well as a
review of its metrics.

2. To create better dataset bias metrics, more interpretable
and applicable to datasets without demographic
information.

3. To compare the impact of representational and
stereotypical dataset biases on models.

4. To analyze the transference of bias and to develop model
bias metrics for multiclass and multigroup problems.
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O UT LINE PROPOSALS

Proposals
Metrics for Dataset Demographic Bias

Analyzing Bias Through Demographic Comparison of
Datasets

Representational vs. Stereotypical Bias Transference

Measuring Transference from Dataset Bias to Model
Predictions
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PROPOSALS

MOT'VAT' 0 N METRICS FOR DATASET DEMOGRAPHIC BIAS

- There are no complete dataset bias taxonomies focused
on selection bias.

- There are no standardized metrics for it.
Previous metrics focus on fairness or bias in the model
predictions?.
- Similar problems in other fields, such as ecology?%°.

%“Dana Pessach and Erez Shmueli. “Algorithmic Fairness”. 2020. arXiv: 2001.09784 [cs, stat].

2R, H. Whittaker. “Vegetation of the Siskiyou Mountains, Oregon and California”. In: Ecological Monographs 30.3
(1960), pp. 279-338.

26M. V. Wilson and A. Shmida. “Measuring Beta Diversity with Presence-Absence Data”. In: Journal of Ecology 72.3
(1984), pp. 1055-1064. JSTOR: 2259551,
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PROPOSALS

DATAS ET BIAS TAXONOMY METRICS FOR DATASET DEMOGRAPHIC BIAS
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PROPOSALS

RE PRESE NTATIONAL B |AS METRICS FOR DATASET DEMOGRAPHIC BIAS

We identify four components:
- Richness. Raw number of groups represented in the
dataset.
- Evenness. Homogeneity of group representation.

- Dominance. Population quota of the largest group in the
dataset.

- Combined. Combinations of richness, evenness, and
dominance.
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Representationally balanced dataset.
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RE PRESENTATI 0 NAL = RICH N ESS METRICS FOR DATASET DEMOGRAPHIC BIAS
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Age Age
More richness Less richness

Richness. Raw number of groups represented in the dataset.
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RE PRESENTATI 0 NAL = EVE N N ESS METRICS FOR DATASET DEMOGRAPHIC BIAS

Support
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Evenness. Homogeneity of group representation.
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RE PRESE NTATI O NAL = DOMI NAN CE METRICS FOR DATASET DEMOGRAPHIC BIAS

100 = Count = Count
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Less dominance More dominance

Dominance. Population quota of the largest group in the

dataset.
28/88



PROPOSALS

R E P RES E NTATI O NAL = COM BI N E D METRICS FOR DATASET DEMOGRAPHIC BIAS
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Combined. Combinations of richness, evenness, and
dominance. 29/88
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REPRESE NTATIONAL B|AS METRICS METRICS FOR DATASET DEMOGRAPHIC BIAS

Representational

—

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
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STE REOTYP'CAL B |AS METRICS FOR DATASET DEMOGRAPHIC BIAS

There are two perspectives:

- Global.
- One value for the whole dataset.
- Overall association between a demographic component
and the target classes.

- Local.
- One value for each demographic group and target class.
- Over- or underrepresentation of specific combinations of
demographic group and target class.
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STE REOTYPICAL B |AS M ETR'CS METRICS FOR DATASET DEMOGRAPHIC BIAS

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
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PROPERTIES OF THE DATASET BIAS METRICS METRICS FOR DATASET DEMOGRAPHIC BIAS
Name Symbol Type Subtype Range Relation to bias
Richness R representational richness [0,00) inverse
Shannon Evenness Index SEI representational evenness [0,7] inverse
Normalized Standard Deviation NSD representational evenness [0,1] direct
Imbalance Ratio IR representational dominance [1,00)  direct
Berger-Parker Index BP representational dominance [1/R,1] direct
Effective Number of Species ENS representational combined  [1,R] inverse
Simpson Index D representational combined  (0,1] direct
Simpson's Reciprocal 1/D representational combined  [1,R] inverse
Simpson’s Index of Diversity 1-D representational combined  [0,1) inverse
Shannon Entropy H representational combined  [0,InR] direct
Cramer's V [on stereotypical global [0,7] direct
Tschuprow's T T stereotypical global [0,1] direct
Pearson's Contingency Coefficient C stereotypical global [0,7] direct
Theil's U u stereotypical global [0,7] direct
Normalized Mutual Information NMI stereotypical global [0,1] direct
Normalized Mutual Pointwise Information  NPMI stereotypical local [-1,1]  direct
Ducher's Z z stereotypical local [-1,1]  direct
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M ETH 0 DO LOGY METRICS FOR DATASET DEMOGRAPHIC BIAS

1. Demographic analysis of the 20 datasets.
- FairFace?.

2. Bias measurement with all metrics.
- 3 demographic axis: age, gender, and race.

3. Correlation analysis between metrics.

4. Dataset bias metric selection.
- Discard redundant metrics, prioritizing interpretability.

27Kimmo 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,
pp. 1547-1557.
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Agreement, mean of the components

0.072J TN 0.36 0.46 0.46 - R
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REPRESE NTAT'ONAL B|AS METR'CS COH EREN CE METRICS FOR DATASET DEMOGRAPHIC BIAS

Agreement, mean of the components

0.033 -0.072UYARVEYS 0.36 10.46

(CYRNNEE 0.17 0.17 0.24 0.25

Sadl- = « General: Effective Number
gl = of Species (ENS) 8

1

0.71

0.71

0.84 0.89 0.8 97 0.97 gRElY

0.84 0.95

0.84 0.95 i 1-D

R
NSD
SEI
ENS
1-BP

28| ou Jost. “Entropy and Diversity”. In: Oikos 113.2 (2006), pp. 363-375
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REPRESENTATIONAL BIAS METRICS COHERENCE

METRICS FOR DATASET DEMOGRAPHIC BIAS

L Agreement, mean of the components

oo [ERRRY o35 [0 s -« « General: Effective Number
[(REl 017 017 024 Of Species (ENS) 28

« Evenness: Shannon
Evenness Index (SEI) %

0.25 - IR™!

o
o
|

28| ou Jost. “Entropy and Diversity”. In: Oikos 113.2 (2006), pp. 363-375

29E €. Pielou. “The Measurement of Diversity in Different Types of Biological Collections”. In: Journal of Theoretical
Biology 13 (1966), pp. 131-144
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REPRESENTATIONAL BIAS METRICS COHERENCE

Agreement, mean of the components
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0.79 0.94 0.93 0.93 g\
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PROPOSALS
METRICS FOR DATASET DEMOGRAPHIC BIAS

« General: Effective Number
of Species (ENS) 8

« Evenness: Shannon
Evenness Index (SEI) %

« Dominance: Berger-Parker
Index (BP) 3

28| ou Jost. “Entropy and Diversity”. In: Oikos 113.2 (2006), pp. 363-375

29€.C. Pielou. “The Measurement of Diversity in Different Type:
Biology 13 (1966), pp. 131-144

s of Biological Collections”. In: Journal of Theoretical

30Wotfgang H. Berger and Frances L. Parker. “Diversity of Planktonic Foraminifera in Deep-Sea Sediments”. In:

Science 168.3937 (1970), pp. 1345-1347
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STEREOTYP'CAL BIAS METRICS COHERENCE METRICS FOR DATASET DEMOGRAPHIC BIAS

Agreement, mean of the components

UR ¢c

C NMI T

U
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STEREOTYP'CAL BIAS METRICS COHERENCE METRICS FOR DATASET DEMOGRAPHIC BIAS
m 1 Agreement, mean of the components
E « Global: Cramer's V (¢¢)

’_

s

=

(@}

)
pc UR T NMI C u

3Harald Cramér. “Chapter 21. The Two-Dimensional Case”. In: Mathe

Mathematical Series 9. 1991, p. 282
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STEREOTYP'CAL BIAS METRICS COHERENCE METRICS FOR DATASET DEMOGRAPHIC BIAS

Agreement, mean of the components

S
<

5 « Global: Cramer’s V (¢¢) 3
« Local: Ducher's Z (7) 2

’_
s
=
(@}
)
oc UR T NMI C u
3THarald Cramér. “Chapter 21. The Two-Dimensional Case”. In: Mathematical Methods of Statistics. Princeton

Mathematical Series 9. 1991, p. 282
32M. Ducher et al. “Statistical Relationships between Systolic Blood Pressure and Heart Rate and Their Functional
Significance in Conscious Rats”. In: V 6

fical & Biological Engineering & Computing 32.6 (1994), pp. 649-655
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MEASURED BIAS

PROPOSALS

METRICS FOR DATASET DEMOGRAPHIC BIAS

Laboratory ITW-M ITW-I

9—ENS | 7.067£0.932 5.951 £0.990 | 3.334 +0.286
:t;:’o 1—SEl | 0.409 4 0.200 0.437£0.154 | 0.211 +£0.024
¢c | 0.07540.063 0.084 £0.031 | 0.104 4 0.027
7—ENS | 5.168 4= 0.634 5.070 £0.080 | 3.724 £ 0.321

E 1—SElI | 0.384 £0.151 0.663 £ 0.021 | 0.393 £ 0.050
o | 0.092 4 0.083 0.058 £0.018 | 0.063 +0.018

_ 2—ENS | 0.139£0.280 0.074£0.055 | 0.005 4= 0.005
é 1—SElI | 0.039 £0.052 0.055£0.041 | 0.004 & 0.004
U ¢c | 0.067 4= 0.090 0.199 £ 0.062 | 0.167 £0.018

Figure 5: Average representational bias (ENS), evenness (SEI) and

stereotypical bias (¢¢) of Lab, ITW-M and ITW-I datasets.
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LOCAL STEREOTYPICAL BIAS
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Figure 6: Local stereotypical bias (Ducher’s Z) for some ITW-I
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PROPOSALS
CO N C LU S| 0 N S METRICS FOR DATASET DEMOGRAPHIC BIAS

- We have proposed a taxonomy of demographic biases in
datasets and its metrics.
- We have included metrics both existing metrics and
adapted new ones from other fields.
- We proposed a selection of metrics based on their
interpretability.

- Biases seem to be strongly associated with the source of
data.
- Newer datasets seem to correct representational bias at
the cost of stereotypical bias.
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PU B L|CAT| O N 1 METRICS FOR DATASET DEMOGRAPHIC BIAS

Published in the
IEEE Transactions on Pattern

Metrics for Dataset Demographic Bias: A Case

Study on Facial Expression Recognition Analysis and Machine
i " Wikl Galaro, Member, IEEE ’ Intelligence
’ (Q1, 2" /197, Impact Factor:

Abstract-_Domograph b

23.6)

https://doi.org/10.1109/
TPAMI.2024.3361979
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CODE OUTPUT

Available on _Github.
[=] =]
L4
r'i;
[=]1
https://github.com/

irisdominguez/Dataset_
Bias_Metrics

PROPOSALS
METRICS FOR DATASET DEMOGRAPHIC BIAS

Available as a PyPI package.

[=] by PR

https://pypi.org/project/
dataset-bias-metrics/
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- Dataset bias metrics still lack interpretability.
- Issues of comparability and range disparities.
- Lack of clear meaning.

- Most datasets lack demographic information.

- There is no way to study the evolution and changes in bias
across datasets.
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PROPOSALS
MOTIVATI 0 N ANALYZING BIAS THROUGH DEMOGRAPHIC COMPARISON OF DATASETS

- Dataset bias metrics still lack interpretability.
- Issues of comparability and range disparities.
- Lack of clear meaning.

- Most datasets lack demographic information.
- Especially modern ITW datasets.

- There is no way to study the evolution and changes in bias
across datasets.
Do equally biased dataset represent the same
populations?
- Analogous problems in archaeology® and ecology?*3°.

3w, s. Robinson. “A Method for Chronologically Ordering Archaeological Deposits”. In: American Antiquity 16.4
(1951), pp. 293-301.

34M. V. Wilson and A. Shmida. “Measuring Beta Diversity with Presence-Absence Data”. In: Journal of Ecology 72.3
(1984), pp. 1055-1064. JSTOR: 2259551.

35C. Ricotta and J. Podani. “On Some Properties of the Bray-Curtis Dissimilarity and Their Ecological Meaning”. In:
Ecological Complexity 31 (2017), pp. 201-205.
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DSAP METHODOLOGY

Dataset

DSAP: Demographic Similarity from Auxiliary Profiling

Step 1: Demographic profiling

‘ Step 2: Demographic similarity

F 020

Auxiliary model

—>

Demography
classifier

220 303 4040

“nus) 007 007 006 002 001

010 008 006 005 005 003 001

5050 0300 0002 1010 6060 70+

Ind

East Asian -

Demographic profile

(multiple demographic axes)

," Demographic axis

profile
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D

Reference demographic
axis profile

Similarity (DS) o1
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PROPOSALS

STEP 1: D EMOG RAPH |C PROF| LI NG ANALYZING BIAS THROUGH DEMOGRAPHIC COMPARISON OF DATASETS

Step 1: Demographic profiling

Dataset

Auxiliary model | £

@ »
Demography
classifier 3

emographic profile
iple demographic axes)

- Based on auxiliary models.
- Apparent / approximated demographies levels the playing
field for different datasets.
- Demographic profile: for each demographic axis,

proportion of the dataset in each group.
- Total size varies a lot and is less relevant.
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STEP 2: D EMOG RAPH |C S| MILARITY AnaLvzinG Bias THROUGH DEMOGRAPHIC COMPARISON OF DATASETS

Step 2: Demographic similarity

/" Demographic axis
: profile

[01]

P
Similarity (DS)

Reference demographic
axis profile

From multiple similarity indexes36.37.38,39;

DS(X,X') =R(X,X) =1-05> " |pg — pj| - (3)
geai

360. Renkonen. Statistisch-Okologische Untersuchungen Uber Die Terrestrische Kéferwelt Der Finnischen
Buchmoore. Vol. 6. Annales Zoologici Societatis Zoologicae-Botanicae Fennicae Vanamo. 1938.

3R, H. Whittaker. “A Study of Summer Foliage Insect Communities in the Great Smoky Mountains”. In: Ecological
Monographs 221 (1952), pp. 2-44. JSTOR: 1948527,

38M Ruzicka. “Anwendung Mathematisch-Statisticher Methoden in Der Geobotanik (Synthetische Bearbeitung von
Aufnahmen)”. In: Biologia, Bratislava 13 (1958), p. 647.

3“David A. Brock. “Comparison of Community Similarity Indexes”. In: Journal (Water Pollution Control Federation)

4912 (1977), pp. 2488-2494. JSTOR: 25039481.
45/88


http://www.jstor.org/stable/1948527
http://www.jstor.org/stable/25039481

APPLICATIONS

1. Demographic dataset comparison

2. Bias measurement

PROPOSALS
ANALYZING BIAS THROUGH DEMOGRAPHIC COMPARISON OF DATASETS

(representational, evenness, and stereotypical)

Amount of
) Amount of demographic
Demographic demographic bias. dataset shift

dataset
similarity 2y > O DS2R/DSE g Ol
Dataset 1 DSAP/DS —>[01] Dataset 1 DSAP/DSg —>» [0,1] Train partition
DSAP/DSs —>» [0,1]

Dataset 2

Generated ideal
population

3. Demographic dataset shift

Test / deployment
partition
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1. Demographic dataset comparison

Demographic
dataset
similarity

Dataset 1 —>[0.1]

Dataset 2
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2. Bias measurement
(representational, evenness, and stereotypical)

Amount of
demographic bias
—>»[0,1]
Dataset 1 —> [01]
—>[0,1]

Generated ideal
population
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3. Demographic dataset shift

Amount of
demographic
dataset shift

—> [01]

Train partition

Test / deployment
partition
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BlAS M EASU REMENT ANALYZING BIAS THROUGH DEMOGRAPHIC COMPARISON OF DATASETS

- Representational bias (DSg).

- Ideal profile: pg” = ‘%
- Metric: DSg(X) = DS(X, X™P).

- Evenness (DSg).
- |Ideal profile:

peven _ ocapsoy T Pg >0
! 0 otherwise .
- Metric: DSg(X) = DS(X, X®¥e").
- Stereotypical bias (DSs).
- Metric:
Zer (va )
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EXPE R| M E NTAL FRAM EWO RK ANALYZING BIAS THROUGH DEMOGRAPHIC COMPARISON OF DATASETS
Experiments:

- Direct dataset comparison: Similarity based clustering
analysis.

- Bias measurement: Comparison with previous dataset
bias metrics.

- Demographic dataset shift: Train/test comparison in
datasets.

Experiment details:

- 20 FER datasets.
- Fairface®® as auxiliary model.

“immo 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,
pp. 1547-1557.
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RESU LTS: CLUSTE RI N G I ANALYZING BIAS THROUGH DEMOGRAPHIC COMPARISON OF DATASETS

Gender

Race

Figure 7: DSAP based comparison of datasets (age, gender and race
axis).
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RESULTS: CLUSTERING Il

Figure 8: DSAP based comparison
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RESU LTS: B |AS M EAS U REMENT ANALYZING BIAS THROUGH DEMOGRAPHIC COMPARISON OF DATASETS
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Figure 9: DSAP-based bias metrics (x-axis) compared to their
classical counterparts (y-axis).
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RESU LTS: DATAS ET S H I FT ANALYZING BIAS THROUGH DEMOGRAPHIC COMPARISON OF DATASETS
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Figure 10: DSAP as a demographic dataset shift detector, comparing
train and test partitions.
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PROPOSALS
CO N CLUS| 0 N ANALYZING BIAS THROUGH DEMOGRAPHIC COMPARISON OF DATASETS

- DSAP can be applied as a versatile and interpretable bias
metric, correlating with previously known metrics.
- Confirmed previously found demographic biases in FER

datasets, adding novel perspectives:
- Dangerous homogeneity across ITW datasets.

- Demographic dataset shift detected in certain datasets:
- Variations between train and test partitions.
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PROPOSALS
PU B L|CAT|O N 2 ANALYZING BIAS THROUGH DEMOGRAPHIC COMPARISON OF DATASETS

Under review in

‘ Information Fusion
DSAP: Analyzing Bias Through Demographic

Comparison of Datasets (Q1, | m paCt Fa CtO I 147)

s Dominguez Catena, Student Member, IEEE, Daniel Paternaine, Member, IEEE,
Mikel Galar®, Member, IEEE

cs.CV] 22 Dec 2023

[=]

https://doi.org/10.
48550/arXiv.2312.14626

12.14626v1
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PROPOSALS
CO DE OUTPUT ANALYZING BIAS THROUGH DEMOGRAPHIC COMPARISON OF DATASETS

Available on Github.

https://github.com/irisdominguez/DSAP
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PROPOSALS

REPRESENTATIONAL VS. STEREOTYPICAL BIAS
TRANSFERENCE



- We have identified and measured two types of dataset
bias.

- Increase in gender stereotypical bias in ITW-I datasets.

- But there is no research on the transference of the
different types of dataset bias to the model predictions.
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REPRESENTATIONAL VS. STEREOTYPICAL BIAS TRANSFERENCE

- We have identified and measured two types of dataset
bias.

- Increase in gender stereotypical bias in ITW-I datasets.

- But there is no research on the transference of the
different types of dataset bias to the model predictions.
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PROPOSALS

M ETHODOLOGY REPRESENTATIONAL VS. STEREOTYPICAL BIAS TRANSFERENCE
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Figure 11: Summary of the methodology
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BIAS INDUCTION

Original

Gender  Female Male % F
angry 6,962 17,803 28.11%
disgust 1,733 2,054 45.76%
fear 3,17 3,222 49.17%
happy 79,797 54,241 59.53%
neutral 33,708 40,858 45.21%
sad 1,175 14,156 44.12%
surprise 6,439 7,588  45.90%
Total 142,931 139,922 50.53%

PROPOSALS
REPRESENTATIONAL VS. STEREOTYPICAL BIAS TRANSFERENCE
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BIAS INDUCTION

PROPOSALS

REPRESENTATIONAL VS. STEREOTYPICAL BIAS TRANSFERENCE

Original

Gender  Female Male % F
angry 6,962 17,803 28.11%
disgust 1,733 2,054 45.76%
fear 3,17 3,222 49.17%
happy 79,797 54,241 59.53%
neutral 33,708 40,858 45.21%
sad 1,175 14,156 44.12%
surprise 6,439 7,588  45.90%
Total 142,931 139,922 50.53%

Balanced
Gender Female Male % F
angry 6,962 6,962 50%
disgust 1,733 1,733 50%
fear 3,17 3,17 50%
happy 54,241 54,241 50%
neutral 33,708 33,708 50%
sad 1,175 11,175 50%.
surprise 6,439 6,439 50%
Total 17,375 117,375 50%
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PROPOSALS
BIAS I N D U CTI O N REPRESENTATIONAL VS. STEREOTYPICAL BIAS TRANSFERENCE

Representational bias

Gender Female Male % F

angry 6,962 0 100%

disgust 1,733 0 100%

fear 3,117 0 100%

happy 54,241 0 100%

Original Balanced neutral 33,708 0 100%

g sad 1,175 0 100%

Gender  Female Male % F Gender Female Male % F surprise 6,439 0 100%

angy 6,962 17,803 2811% angy 6,92 6,962 Qg Total 17,375 0 100%
disgust 1,733 2,05 45.76% disgust 1,733 1,733 50%
fear 3,17 3,222 49.17% fear 3,117 3,117 50%
happy 79,797 54,241 59.53% [——> happy 54,241 54,241 50%
neutral 33,708 40,858 45.21% neutral 33,708 33,708 50%
sad M175 14,156 44.12% sad M175 1,175 50%
surprise 6,439 7,588  45.90% surprise 6.439 6,439 50%
Total 142,931 139,922 50.53% Total 117.375 117375 50%
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BIAS INDUCTION

Original
Gender  Female Male % F
angry 6,962 17,803 28.11%
disgust 1,733 2,054 45.76%
fear 3,17 3,222 49.17%
happy 79,797 54,241 59.53%
neutral 33,708 40,858 45.21%
sad 1,175 14,156 44.12%
surprise 6,439 7,588  45.90%
Total 142,931 139,922 50.53%

Balanced
Gender Female Male % F
angry 6,962 6,962 50%
disgust 1,733 1,733 50%
fear 3,17 3,117 50%
happy 54,241 54,241 50%
neutral 33,708 33,708 50%
sad 11,175 1,175 50%
surprise 6,439 6,439 50%
Total 117,375 117,375 50%

PROPOSALS
REPRESENTATIONAL VS. STEREOTYPICAL BIAS TRANSFERENCE

Representational bias

Gender Female Male % F

angry 6,962 0 100%
disgust 1,733 0 100%
fear 3,117 0 100%
happy 54,241 0 100%
neutral 33,708 0 100%
sad 1,175 0 100%
surprise 6,439 0 100%
Total 117,375 0 100%

Stereotypical bias

Gender Female  Male % F

\ angry 0 6,962 0%

disgust 866 866 50%
fear 1,558 1,558 50%
happy 27,120 27,120  50%
neutral 16,854 16,854  50%
sad 5,587 5,587 50%
surprise 3,219 3,219 50%

Total 55,204 62,166 47.4%
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BIAS INDUCTION

PROPOSALS

REPRESENTATIONAL VS. STEREOTYPICAL BIAS TRANSFERENCE

Original
Gender  Female Male % F
angry 6,962 17,803 28.11%
disgust 1,733 2,054 45.76%
fear 3,17 3,222 49.17%
happy 79,797 54,241 59.53%
neutral 33,708 40,858 45.21%
sad 1,175 14,156 44.12%
surprise 6,439 7,588  45.90%
Total 142,931 139,922 50.53%

Gandar Loamal AMal
Gender  Female Male % F
angry 1,392 5,570 20%
disgust 347 1,386 20%
fear 623 2,494  20%
happy 10,848 43,393 @ 20%
Balanced
neutral 6,742 26,966 = 20%
Gender Female Male % F sad 2,235 8,940 | 20%
angry 6.962 6,962 550% surprise 1,288 5,151 | 20%
disgust 1,733 1,733 50% L] Total 23,475 93,900 20%
fear 3,17 3,17 50%
happy 54,241 54,241 50% o o
neutral 33,708 33,708 50% Stereotyplcal bias
sad 11,175 1,175 50% ]
; o
surprise 6,439 6,439 50% \ Gender Female Male % F
Total 117,375 117,375 50% angry 1392 5.570 | 20%
disgust 866 866  50%
fear 1,558 1,558 50%
happy 27,120 27,120 50%
neutral 16,854 16,854  50%
sad 5,587 5,587  50%
surprise 3,219 3,219 50%
L] Total 55,596 60,774 47.7%

Representational bias

o:l
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PROPOSALS

EX PERIMENTAL FRAMEWORK REPRESENTATIONAL VS. STEREOTYPICAL BIAS TRANSFERENCE

- Original dataset: Affectnet.
Network: pretrained ResNet50* and ViT-Base®.
- Training: 20 epochs, 1cycle policy, learning rate 1e=*.

Bias proportions: [0%,10%, ..., 100%)].
- 3 repetitions per configuration.

“Iali Mollahosseini, Behzad Hasani, and Mohammad H. Mahoor. *
Valence, and Arousal Computing in the Wild". In: IEEE Trans. on Af
1708.03985.

Net: A Database for Facial Expression,
e Computing 101 (2019), pp. 18-31. arXiv:

“’Kaiming He et al. Deep Residual Learning for Image Recognition. 2015. arXiv: 1512.03385 [cs].

“3alexey Dosovitskiy et al. An Image Is Worth 16x16 Words: Transformers for Image Recognition at Scale. 2021. arxiv:
2010.11929 [cs].
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RESULTS ON PROPAGATION
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== sad
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— Female representation

+

PROPOSALS

REPRESENTATIONAL VS. STEREOTYPICAL BIAS TRANSFERENCE

Figure 12: Recall difference (female recall minus male recall).
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RESULTS ON PROPAGATION

PROPOSALS
REPRESENTATIONAL VS. STEREOTYPICAL BIAS TRANSFERENCE

Recall favors female

favors male

all difference

«

Re
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0.6 0.6
0.4 0.4
0.2 0.2

lifference

0.0 0.0
—0.2 —0.2
—0.4 — mean — angry —0.4 — mean — angry
- happy - surprise - happy - surprise
—0.6 neutral == fear —0.6 neutral == fear
- sad disgust - sad disgust
—0.8 —08
00 01 02 03 04 05 06 07 08 09 1.0 00 01 02 03 04 05 06 07 08 09 10
Bias factor (f) Bias factor (f)
- Female representation 4 - Female representation 4

Figure 12: Recall difference (female recall minus male recall).
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PROPOSALS

R ES U LTS O N P RO PAGATI 0 N REPRESENTATIONAL VS. STEREOTYPICAL BIAS TRANSFERENCE
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Figure 13: Effect of stereotypical bias. 61/a8



PROPOSALS
CO NC LU S| ON REPRESENTATIONAL VS. STEREOTYPICAL BIAS TRANSFERENCE

- Different impact of dataset bias:
- Weaker for representational bias, stronger for stereotypical.
- Localized to the biased class.
- Classes show different behaviors.
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PROPOSALS
REPRESENTATIONAL VS. STEREOTYPICAL BIAS TRANSFERENCE
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PROPOSALS

MEASURING TRANSFERENCE FROM DATASET BIAS
TO MODEL PREDICTIONS



PROPOSALS
MOTIVATI 0 N MEASURING TRANSFERENCE FROM DATASET BIAS TO MODEL PREDICTIONS

- Different effects of different types of dataset bias.
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MOTIVATI 0 N MEASURING TRANSFERENCE FROM DATASET BIAS TO MODEL PREDICTIONS

- Different effects of different types of dataset bias.

- We have developed metrics for dataset bias.
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PROPOSALS
MOTIVATI 0 N MEASURING TRANSFERENCE FROM DATASET BIAS TO MODEL PREDICTIONS

- Different effects of different types of dataset bias.
- We have developed metrics for dataset bias.

- However, there is no direct way to connect dataset bias

metrics and model bias metrics.
- In some cases, we don't have model bias metrics.
- Multi-group and multiclass classification, like FER.
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METHODOLOGY

PROPOSALS

MEASURING TRANSFERENCE FROM DATASET BIAS TO MODEL PREDICTIONS
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Figure 14: Summary of the methodology
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PROPOSALS

BlAS SCE NARI OS MEASURING TRANSFERENCE FROM DATASET BIAS TO MODEL PREDICTIONS
Class GLder
F M
@ angy  p 1-p
o disgust p 1-p
o= fear p 1-p
D h 1

() appy p —p
neutral p 1-p
sad p 1-p
surprise p 1—-p

(a) Representational bias (b) Single class stereotypical bias (c) Multiclass stereotypical bias

(d) Representational bias (e) Single class stereotypical bias (f) Multiclass stereotypical bias
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BIAS SCENARIOS

PROPOSALS

MEASURING TRANSFERENCE FROM DATASET BIAS TO MODEL PREDICTIONS

Class GLder
F M
—
3] ahgry p 1-p
o disgust p 1-p
o= fear p 1-p
= happy p 1-p
O
neutral p 1-p
sad p 1-p
surprise p 1—p

(a) Representational bias

(d) Representational bias

Class

angry
disgust
fear
happy
neutral
sad
surprise

Gender

F M
0.5 0.5
0.5 0.5
0.5 0.5

p 1-p
0.5 0.5
0.5 0.5
0.5 0.5

(b) Single class stereotypical bias

(e) Single class stereotypical bias

(c) Multiclass stereotypical bias

(f) Multiclass stereotypical bias
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BIAS SCENARIOS

PROPOSALS

MEASURING TRANSFERENCE FROM DATASET BIAS TO MODEL PREDICTIONS

Class GLder
F M
—
3] apgry p 1-p
o disgust p 1-p
o= fear p 1-p
= happy p 1-p
O
neutral p 1-p
sad p 1-p
surprise p 1—p

(a) Representational bias

(d) Representational bias

Class

angry
disgust
fear
happy
neutral
sad
surprise

Gender

F M
0.5 0.5
0.5 0.5
0.5 0.5

p 1-p
0.5 0.5
0.5 0.5
0.5 0.5

(b) Single class stereotypical bias

(e) Single class stereotypical bias

Class

angry
disgust
fear
happy
neutral
sad
surprise

Gender

F M
pt 1-p*
0.5 0.5
0.5 0.5
0.5 0.5
0.5 0.5
p~ 1-p”
0.5 0.5

(c) Multiclass stereotypical bias

(f) Multiclass stereotypical bias
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PROPOSALS

BIAS SCE NARI OS MEASURING TRANSFERENCE FROM DATASET BIAS TO MODEL PREDICTIONS
Gend Gend Gend
Class _bender. Class _bender Class _ bender
F M F M F M
E angry p 1-p angry 0.5 0.5 angry pt 1-p*
o disgust p 1-p disgust 0.5 0.5 disgust 0.5 0.5
g fear p 1-p fear 0.5 0.5 fear 0.5 0.5
) happy p 1-p happy p 1-p happy 05 0.5
neutral p 1-p neutral 0.5 0.5 neutral 0.5 0.5
sad p 1-p sad 0.5 0.5 sad p~ 1-p~
surprise p 1—p surprise 0.5 0.5 surprise 0.5 0.5
(a) Representational bias (b) Single class stereotypical bias (c) Multiclass stereotypical bias

Class L Class L Class L

B EA LH ME W B EA LH ME W B EA LH ME W

angry (1=p)/4.. p angry 02 02 02 02 02 angry L (1=ph)/s.. pt

® disgust (1=p)/b.. p disgust 0.2 02 02 02 02 disgust 0.2 02 02 02 02

O fear (1=p)/b.. p fear 02 02 02 02 02 fear 02 02 02 02 02

g happy (1=p)/4.. p happy (=p)/h... p happy 02 02 02 02 02

neutral (1= p)/4.. p neutral 0.2 02 02 02 02 neutral 02 0.2 02 0.2 02

sad (1— p sad 02 02 02 02 02 sad L (=p)/a .. p-

surprise U p p surprise 0.2 0.2 0.2 0.2 0.2 surprise 0.2 0.2 02 0.2 0.2

(d) Representational bias (e) Single class stereotypical bias (f) Multiclass stereotypical bias
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PROPOSALS

TH E MULTIGROUP PROBLEM MEASURING TRANSFERENCE FROM DATASET BIAS TO MODEL PREDICTIONS

We define a bias factor

fE [*171]: 06

B f+ 1 IOgZ ‘GI 04
p - ( 2 . 02

-1.00 -0.75 -050 -0.25 0.00 025 050 075 100
f

67/88



PROPOSALS

EX PERIMENTAL FRAMEWORK MEASURING TRANSFERENCE FROM DATASET BIAS TO MODEL PREDICTIONS

- Original dataset: Affectnet®.
- Network: pretrained ResNet50%.
- Training: 20 epochs, 1cycle policy, learning rate 1e=*.

- Bias factor: [-1,-0.8,...,0.8,1].
- 3 repetitions per configuration.

“inli Mollahosseini, Behzad Hasani, and Mohammad H. Mahoor. “AffectNet: A Database for Facial Expression,
Valence, and Arousal Computing in the Wild”. In: IEEE Trans. on Affective Computing 101 (2019), pp. 18-31. arXiv:
1708.03985.

“>Kaiming He et al. Deep Residual Learning for Image Recognition. 2015. arXiv: 1512.03385 [cs].
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PROPOSALS

MO D E L B IAS M EASU REM E NT MEASURING TRANSFERENCE FROM DATASET BIAS TO MODEL PREDICTIONS

- Adaptations from*®:
- Term-by-term Multiclass Equalized Odds (TTEqOdds)
- Classwise Multiclass Equalized Odds (CEqOdds)
Multiclass Equality of Opportunity (EqOpp)
Multiclass Demographic Parity (DemPar)

“Opreston Putzel and Scott Lee. Blackbox Post-Processing for Multiclass Fairness. 2022. arXiv: 2201.04461 [cs].

“8ris Dominguez-Catena, Daniel Paternain, and Mikel Galar. “Assessing Demographic Bias Transfer from Dataset to
Model: A Case Study in Facial Expression Recognition”. In: Proc. Workshop on Artificial Intelligence Safety 2022
(AlSafety 2022). 1)CAI-ECAI-2022. 2022

“ECody Blakeney et al. “Measuring Bias and Fairness in Multiclass Classification”. In: 2022 IEEE International
Conference on Networking, Architecture and Storage (NAS). 2022, pp. 1-6
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PROPOSALS
MO D E L B IAS M EASU REM E NT MEASURING TRANSFERENCE FROM DATASET BIAS TO MODEL PREDICTIONS

- Adaptations from*®:
- Term-by-term Multiclass Equalized Odds (TTEqOdds)
- Classwise Multiclass Equalized Odds (CEqOdds)
- Multiclass Equality of Opportunity (EqOpp)
Multiclass Demographic Parity (DemPar)

Previous metrics:
- Overall disparity (OD) #/

“Opreston Putzel and Scott Lee. Blackbox Post-Processing for Multiclass Fairness. 2022. arXiv: 2201.04461 [cs].

“8ris Dominguez-Catena, Daniel Paternain, and Mikel Galar. “Assessing Demographic Bias Transfer from Dataset to
Model: A Case Study in Facial Expression Recognition”. In: Proc. Workshop on Artificial Intelligence Safety 2022
(AISafety 2022). 1)CAI-ECAI-2022. —2022

“ECody Blakeney et al. “Measuring Bias and Fairness in Multiclass Classification”. In: 2022 IEEE International
Conference on Networking, Architecture and Storage (NAS). 2022, pp. 1-6
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PROPOSALS

MO D E L B IAS M EASU REM E NT MEASURING TRANSFERENCE FROM DATASET BIAS TO MODEL PREDICTIONS

- Adaptations from*®:
- Term-by-term Multiclass Equalized Odds (TTEqOdds)
- Classwise Multiclass Equalized Odds (CEqOdds)
- Multiclass Equality of Opportunity (EqOpp)
- Multiclass Demographic Parity (DemPar)

- Previous metrics:
- Overall disparity (OD) #
- Combined Error Variance (CVE) 8
- Symmetric Distance Error (SDE) “8

“Opreston Putzel and Scott Lee. Blackbox Post-Processing for Multiclass Fairness. 2022. arXiv: 2201.04461 [cs].

“8ris Dominguez-Catena, Daniel Paternain, and Mikel Galar. “Assessing Demographic Bias Transfer from Dataset to
Model: A Case Study in Facial Expression Recognition”. In: Proc. Workshop on Artificial Intelligence Safety 2022
(AISafety 2022). 1)CAI-ECAI-2022. —2022

“ECody Blakeney et al. “Measuring Bias and Fairness in Multiclass Classification”. In: 2022 IEEE International
Conference on Networking, Architecture and Storage (NAS). 2022, pp. 1-6
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PROPOSALS
METRIC ADAPTATION

MEASURING TRANSFERENCE FROM DATASET BIAS TO MODEL PREDICTIONS

Term-by-term Multiclass Equalized Odds (TTEqOdds): same
confusion matrices across groups.

Bias metric: calculate the largest difference in the confusion
matrices (W) across groups, then average across Y and V.

Yl 1Vl

TTE = V\/ — W9 4
qOdds = \Y|2 229213261 ; (4)
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MEASURED MODEL BIAS
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PROPOSALS

MEASURING TRANSFERENCE FROM DATASET BIAS TO MODEL PREDICTIONS
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MEASURED MODEL BIAS

PROPOSALS

MEASURING TRANSFERENCE FROM DATASET BIAS TO MODEL PREDICTIONS
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METRIC CORRELATION |

PROPOSALS

MEASURING TRANSFERENCE FROM DATASET BIAS TO MODEL PREDICTIONS
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PROPOSALS
CO N CLUS| 0 N MEASURING TRANSFERENCE FROM DATASET BIAS TO MODEL PREDICTIONS

- Representational and stereotypical biases propagate
differently, affecting fairness metrics in distinct ways.

- Current metrics are more sensitive to stereotypical bias.

- Different types and strengths of dataset bias can threaten

different fairness notions in the model:
- Stereotypical bias (measured by DSs) strongly linked to CVE
and SDE model bias metrics.
- Representational bias (measured by ENS) correlates better
with the OD metric.

- Dataset bias not only propagates to model bias,
threatening fairness, but also strongly correlates with
lower accuracy.
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G ENERAL CO N CLUS | O NS I CONCLUSIONS AND FUTURE WORK

About the measurement of dataset bias:

- We have conducted a comprehensive taxonomy of dataset
bias types, distinguishing metrics for each type.

- We have developed the DSAP methodology to compare
datasets.

- DSAP serves as the base for more interpretable and
versatile dataset bias metrics.

- More recent In-The-Wild (ITW) datasets exhibit a shift from

representational to stereotypical bias.
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G ENERAL CO N CLUS 10 NS I I CONCLUSIONS AND FUTURE WORK

About the transference of dataset bias into the model:
- Stereotypical bias has a stronger impact on models than
representational bias, at least in FER.

- We have developed new multiclass and multigroup model
bias metrics.

- We identify strong correlations between stereotypical
dataset bias and most model bias metrics.

- Findings highlight the need to proactively identify and
mitigate biases at all stages of the machine learning
pipeline, especially for ITW datasets.
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FUTU RE WO RK CONCLUSIONS AND FUTURE WORK

- Apply proposed tools to new problems and demographic
variables.

- Study other complex bias scenarios.
- Multiple biases in different classes and combinations of
representational and stereotypical bias.

- Adapt metrics to different types of variable encodings.

- Create new model bias metrics tailored to the effects of
each type of bias.

- Improve auxiliary demographic models.
- Bias mitigation strategies.
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REPRESENTATIONAL BIAS METRICS SELECTION

- General representational: Effective Number of Species
(ENS)*°

ENS(X) =exp [ =D _pglinpg | - (5)
gee
- Evenness between represented groups: Shannon Evenness
Index (SEI)*°
H(X)
In(R(X)) *
- Dominance: Berger-Parker Index (BP)*!
max ng
gea

BP(X) = — — . 7)

SEI(X) =

“OLou Jost. “Entropy and Diversity”. In: Oikos 113.2 (2006), pp. 363-375
50 C. Pielou. “The Measurement of Diversity in Different Types of Biological Collections”. In: Journal of Theoretical
Biology 13 (1966), pp. 131-144.

“Twolfgang H. Berger and Frances L. Parker. “Diversity of Planktonic Foraminifera in Deep-Sea Sediments”. In:
Science 168.3937 (1970), pp. 1345-1347.



STEREOTYPICAL BIAS METRICS SELECTION

Cramer’s V (¢¢)*:

_ Mgy y2
XZ(X) _ ZZ%’ (8)

gei yey n

be(X) = \/ X0/ (9)

min(|G] — 1,|Y| = 1)’

Preferred for interpretability reasons.

52Harald Cramér. “Chapter 21. The Two-Dimensional Case”. In: Mathematical Methods of Statistics. Princeton
Mathematical Series 9. 1991, p. 282.



LOCAL STEREOTYPICAL BIAS METRIC SELECTION

Ducher’s Z (2)°3:

Pgry—PgP -
minlog by 1—Papy if Pgry — Pgpy > O
_ iy =D :
A8,5) = pgpy—nﬁgi[o,pggipy—w] if pgay — PgPy < 0
0 otherwise.

93M. 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 (1994), pp. 649-655.
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RESULTS: BIAS MEASUREMENT II
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MEASURED MODEL BIAS
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