
AMCO SEMINAR · UNIVERSITY OF PADOVA · NOVEMBER 2026

Who Is in the Data?Who Is in the Data?

Measuring and mitigating demographic bias, from 
facial expression recognition to web-scale datasets

Samples of FER+, a popular FER dataset: seven 

emotions, no demographic labels

Iris Dominguez-Catena
Public University of Navarre (UPNA) · Institute of Smart Cities · ARIN



OPENING

About meAbout me

2010–15 BSc Computer Engineering, UPNA

2018–20
MSc Computer Engineering: channel-wise OWA 
operators in CNNs

2020–24
PhD, UPNA: demographic bias in ML
(research stay at Ghent University)

2024– Assistant Professor at UPNA, ISC and ARIN

Now One month visiting the AMCO team here

Interests: dataset bias · algorithmic fairness · facial analysis · 
LLM bias
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OPENING

Where I come fromWhere I come from

Pamplona
Capital of Navarre, northern Spain. About 210,000 inhabitants, 

founded as Pompaelo around 75 BC. Home of San Fermín, on 

the Camino de Santiago

UPNA
Public University of Navarre, created in 1987. 

About 10,000 students, six faculties and schools, 

campuses in Pamplona and Tudela

ARIN
Artificial Intelligence and Machine Learning 

Research group, led by Mikel Galar. Constituted in 

2024, 13 current members
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OPENING

OutlineOutline

01 Why look at the data?
FER as a case study

02 Chapter I · Taxonomy and metrics
PhD thesis

03 Chapter II · DSAP
PhD thesis

04 Chapter III · Bias transference
PhD thesis

05 Quantification
Better demographic profiling of datasets · ongoing

06 LAION-5B
Demographic profiling at web scale · ongoing

07 Beyond images
LLM ideology (Ghent)
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Why look at the data?

Facial expression recognition as a case study



WHY LOOK AT THE DATA?

Models inherit what is in the dataModels inherit what is in the data

[1] H. Suresh, J. Guttag. A framework for understanding sources of harm throughout the machine learning life cycle. EAAMO 2021

■ Bias can enter at every stage 
of the ML pipeline

■ Model bias is well studied; 
dataset bias much less

■ Almost no studies on how 
dataset bias transfers to the 
model

Sources of harm in the ML pipeline: from the 

world to the dataset (top), from the dataset 

to the model (bottom). [1]
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WHY LOOK AT THE DATA?

Facial expression recognition as a case studyFacial expression recognition as a case study

[2] E. Barsoum et al. Training deep networks for facial expression recognition with crowd-sourced label distribution. ICMI 2016

A sample of FER+ [2]

■ Applications: healthcare, assistive 
robotics, driver monitoring, HCI

■ Known age, race and gender biases in 
research and commercial systems

■ Shift from lab datasets to large in-the-
wild web datasets with no 
demographic metadata

Naturally multiclass (7 emotions) and 
multigroup (several races, ages, genders), 
unlike the usual binary-outcome, two-group 
setting of fairness work on tabular data
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WHY LOOK AT THE DATA?

20 FER datasets, three sources20 FER datasets, three sources

[3] K. Kärkkäinen, J. Joo. FairFace: face attribute dataset for balanced race, gender, and age for bias measurement and mitigation. WACV 2021

Dataset Year Source Images Videos Subjects

JAFFE 1998 LAB 213 --- 10
KDEF 1998 LAB 4,900 --- 70
CK 2000 LAB 8,795 486 97
Oulu-CASIA 2008 LAB 66,000 480 80
CK+ 2010 LAB 10,727 593 123
GEMEP 2010 LAB 2,817 1,260 10
MUG 2010 LAB 70,654 --- 52
SFEW 2011 ITW-M 1,766 --- 330
FER2013 2013 ITW-I 32,298 --- ---
WSEFEP 2014 LAB 210 --- 30

Dataset Year Source Images Videos Subjects

ADFES 2016 LAB --- 648 22
FERPlus 2016 ITW-I 32,298 --- ---
AffectNet 2017 ITW-I 291,652 --- ---
ExpW 2017 ITW-I 91,793 --- ---
RAF-DB 2017 ITW-I 29,672 --- ---
CAER-S 2019 ITW-M 70,000 --- ---
LIRIS-CSE 2019 LAB 26,000 208 12
MMAFEDB 2020 ITW-I 128,000 --- ---
NHFIER 2020 ITW-I 5,558 --- ---
iSAFE 2020 LAB --- 395 44

55 candidates → 20 
datasets

 Lab

 ITW-I: Internet

 ITW-M: movies

No demographic labels → 
we infer them with 
FairFace [3]
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WHY LOOK AT THE DATA?

Research questionsResearch questions

1 How do we describe and measure demographic bias in a dataset? CHAPTER I

2 How do we compare datasets that have no demographic labels? CHAPTER II

3 How does each type of dataset bias transfer to the model? CHAPTER III

4 How reliable are the demographic estimates we use to audit data, and can we 
do better?

ONGOING
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Chapter I · Taxonomy and metrics

Dominguez-Catena, Paternain & Galar. IEEE TPAMI 2024



CHAPTER I · TAXONOMY AND METRICS

Types of bias in image datasetsTypes of bias in image datasets

[4] S. Fabbrizzi et al. A survey on bias in visual datasets. Computer Vision and Image Understanding 2022

Selection bias

Number of samples for each 
group

EXAMPLE

20,000 images of white people and 
20 of Black people

Label bias

Labeling scheme and 
assignment

EXAMPLE

Not labeling children as “person”

Framing bias

Image properties and context

EXAMPLE

Lower image quality in images from 
certain countries

We focus on selection bias: the easiest to measure and quantify, and not limited to image 
datasets. [4]
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CHAPTER I · TAXONOMY AND METRICS

Representational vs. stereotypical biasRepresentational vs. stereotypical bias
R
E
P
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Apparent race distribution in FER+

Global group proportions: mostly white

S
T
E
R
E
O
T
Y
P
I
C
A
L
 
B
I
A
S

Apparent per-label gender distribution in FER+

Group–label association: more women “happy” and “fear”, 

more men “angry”

The same dataset can look bad on one axis and fine on the other.
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CHAPTER I · TAXONOMY AND METRICS

A taxonomy of dataset demographic biasA taxonomy of dataset demographic bias

Selection 
bias
dataset 

demographic bias

›

Representational · group proportions

RICHNESS  EVENNESS  DOMINANCE  COMBINED

Stereotypical · group–label association

GLOBAL: ONE VALUE PER DATASET  LOCAL: ONE VALUE PER GROUP AND LABEL

■ We reviewed 17 metrics from ecology, information theory and statistics

■ Too many for practitioners: next, which ones are redundant?
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CHAPTER I · TAXONOMY AND METRICS

Which metrics agree?Which metrics agree?

Agreement, mean of the components

R

IR
−
1

1
−

N
S
D

S
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E
N
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1
−

B
P

1
/D

1
−

D

R

IR−1

1− NSD

SEI

ENS

H

1− BP

1/D

1− D

1 -0.5 0.033 -0.072 0.57 0.57 0.36 0.46 0.46

-0.5 1 0.62 0.75 0.17 0.17 0.24 0.25 0.25

0.033 0.62 1 0.96 0.79 0.79 0.94 0.93 0.93

-0.072 0.75 0.96 1 0.71 0.71 0.84 0.84 0.84

0.57 0.17 0.79 0.71 1 1 0.89 0.95 0.95

0.57 0.17 0.79 0.71 1 1 0.89 0.95 0.95

0.36 0.24 0.94 0.84 0.89 0.89 1 0.97 0.97

0.46 0.25 0.93 0.84 0.95 0.95 0.97 1 1

0.46 0.25 0.93 0.84 0.95 0.95 0.97 1 1

−1

0

1

Representational metrics

Agreement, mean of the components

ϕC UR T NMI C U

ϕ
C

U
R

T
N
M
I

C
U

1 0.98 0.98 0.94 0.94 0.93

0.98 1 0.97 0.94 0.92 0.91

0.98 0.97 1 0.98 0.98 0.97

0.94 0.94 0.98 1 0.98 0.99

0.94 0.92 0.98 0.98 1 0.99

0.93 0.91 0.97 0.99 0.99 1

−1

0

1

Stereotypical metrics

■ Measured all metrics on 20 
FER datasets (age, race, 
gender via FairFace)

■ Rank correlation → many 
metrics are redundant

■ Recommended set: ENS 
(combined), SEI 
(evenness), BP 
(dominance), Cramér’s V 
(global stereotypical), 
Ducher’s Z (local)
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CHAPTER I · TAXONOMY AND METRICS

What the metrics say about FER datasetsWhat the metrics say about FER datasets
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CHAPTER I · TAXONOMY AND METRICS

Local stereotypical biasLocal stereotypical bias

[5] I. Dominguez-Catena, D. Paternain, M. Galar. Metrics for dataset demographic bias: a case study on facial expression recognition. IEEE TPAMI 2024

Ducher’s Z between emotion and gender in four ITW-I datasets [5]. Blue: overrepresented, red: underrepresented

Across datasets: more men labeled “angry”, more women labeled “happy”
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CHAPTER I · TAXONOMY AND METRICS

Local stereotypical biasLocal stereotypical bias

[5] I. Dominguez-Catena, D. Paternain, M. Galar. Metrics for dataset demographic bias: a case study on facial expression recognition. IEEE TPAMI 2024

Ducher’s Z between emotion and gender in four ITW-I datasets [5]. Blue: overrepresented, red: underrepresented

Across datasets: more men labeled “angry”, more women labeled “happy”
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CHAPTER I · TAXONOMY AND METRICS

Output: TPAMI paper and libraryOutput: TPAMI paper and library

[5] I. Dominguez-Catena, D. Paternain, M. Galar. Metrics for dataset demographic bias: a case study on facial expression recognition. IEEE TPAMI 2024

■ Metrics for Dataset Demographic 
Bias: A Case Study on Facial 
Expression Recognition
Dominguez-Catena, Paternain, Galar. 
IEEE TPAMI 2024 [5]

■ Open-source library, installable with 
pip install dataset-bias-metrics

Paper

GitHub

PyPI
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Chapter II · DSAP

Demographic Similarity from Auxiliary Profiling · Information Fusion 2024



CHAPTER II · DSAP

Metrics are hard to interpretMetrics are hard to interpret

■ What does ENS = 3.4 mean? Ranges differ across attributes

■ Most ITW datasets have no demographic labels at all

■ Often the real question is relative: “is my test set like my training set?”, “which datasets 
look alike?”

Idea: compare demographic profiles instead of single numbers
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CHAPTER II · DSAP

DSAP: Demographic Similarity from Auxiliary ProfilingDSAP: Demographic Similarity from Auxiliary Profiling

[3] K. Kärkkäinen, J. Joo. FairFace: face attribute dataset for balanced race, gender, and age for bias measurement and mitigation. WACV 2021 [6] I. Dominguez-Catena, D. Paternain, M. Galar. 
DSAP: analyzing bias through demographic comparison of datasets. Information Fusion 2024

Demographic
Similarity (DS) [0,1]

Dataset

Demographic profile
(multiple demographic axes)

Demographic axis
profile

DSAP / DS [0,1]Dataset 1

Dataset 2

DSAP / DSR [0,1]

Dataset 1

Generated ideal
population

DSAP / DS [0,1]

Train partition

Test / deployment
partition

DSAP / DSE [0,1]

DSAP / DSS [0,1]

1. Demographic dataset comparison
2. Bias measurement
     (representational, evenness, and stereotypical) 3. Demographic dataset shift

Step 1: Demographic profiling Step 2: Demographic similarity

Auxiliary model

Demography
classifier

Reference demographic
axis profile

What to use DSAP for

DSAP: Demographic Similarity from Auxiliary Profiling

Demographic
dataset

similarity

Amount of
demographic bias

Amount of
demographic
dataset shift

■ 1. Profile: run FairFace on 
every image → joint 
age·race·gender distribution

■ 2. Compare: similarity 
between profiles

■ Three uses: dataset 
comparison, bias against an 
ideal profile, dataset shift [6]
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CHAPTER II · DSAP

Clustering 20 FER datasetsClustering 20 FER datasets
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DSAP similarity between datasets (age, race and gender jointly)

■ Datasets cluster by source, not by 
size or year

■ Many ITW datasets are 
demographically near-identical

■ DSAP bias scores correlate with 
classical metrics, but are 
interpretable
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CHAPTER II · DSAP

Dataset shift between train and testDataset shift between train and test

[6] I. Dominguez-Catena, D. Paternain, M. Galar. DSAP: analyzing bias through demographic comparison of datasets. Information Fusion 2024

■ Some official train/test partitions differ 
demographically

■ DSAP detects it without demographic labels [6]

■ Paper: Information Fusion 2024

■ Code: github.com/irisdominguez/DSAP

Paper Code
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Similarity between train and test partitions
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Chapter III · Bias transference

Progress in AI 2024 · IEEE Trans. Affective Computing 2026 (with Ghent)



CHAPTER III · BIAS TRANSFERENCE

Does each bias type transfer differently?Does each bias type transfer differently?

Train model

Train

Test

Balanced train
(gender-bias free)

Model 

Model 

Model 

Induce bias Propagated bias  

Propagated bias  

Propagated bias  

Affectnet
dataset

Biased datasets
(representationally
or stereotypically)

Trained models

Induce bias

Induce bias

Train model

Train model

Test model

Test model

Test model

Unbias

Induce controlled gender bias on AffectNet, train ResNet50 / ViT, measure recall gaps

Representational: fewer women overall Stereotypical: fewer women in one 
emotion class
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CHAPTER III · BIAS TRANSFERENCE

Less can be moreLess can be more

[7] I. Dominguez-Catena et al. Less can be more: representational vs. stereotypical gender bias in facial expression recognition. Progress in AI 2024

Representational Stereotypical (happy)

Recall difference (female minus male) as bias is induced

■ Representational 
bias: weak effect 
on the model

■ Stereotypical 
bias: strong, and 
localized to the 
biased class

■ Removing data to 
break 
stereotypes can 
help more than 
adding data [7]
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CHAPTER III · BIAS TRANSFERENCE

Measuring transference at scaleMeasuring transference at scale

[8] I. Dominguez-Catena et al. Biased heritage: how datasets shape models in facial expression recognition. IEEE Trans. Affective Computing 2026

Methodology: biased training sets for each bias factor f

■ Systematic bias scenarios: 
multiclass (7 emotions) and 
multigroup (race, gender) [8]

■ Continuous bias factor 𝑓 ∈

[−1, 1]

■ Adapted multiclass, multigroup 
model bias metrics (TTEqOdds, 
CEqOdds, …)
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CHAPTER III · BIAS TRANSFERENCE

Which model metric sees which dataset bias?Which model metric sees which dataset bias?

[8] I. Dominguez-Catena et al. Biased heritage: how datasets shape models in facial expression recognition. IEEE Trans. Affective Computing 2026

Spearman rank correlation between dataset bias (rows) and model bias metrics

■ Stereotypical dataset bias ↔ 
strongly visible in equalized-
odds metrics

■ Representational bias 
probably has a smaller 
impact on the model

■ But if there is any, current 
model bias metrics do not 
pick it up [8]
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CHAPTER III · BIAS TRANSFERENCE

Which model metric sees which dataset bias?Which model metric sees which dataset bias?

[8] I. Dominguez-Catena et al. Biased heritage: how datasets shape models in facial expression recognition. IEEE Trans. Affective Computing 2026

Spearman rank correlation between dataset bias (rows) and model bias metrics

■ Stereotypical dataset bias ↔ 
strongly visible in equalized-
odds metrics

■ Representational bias 
probably has a smaller 
impact on the model

■ But if there is any, current 
model bias metrics do not 
pick it up [8]
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CHAPTER III · BIAS TRANSFERENCE

Which model metric sees which dataset bias?Which model metric sees which dataset bias?

[8] I. Dominguez-Catena et al. Biased heritage: how datasets shape models in facial expression recognition. IEEE Trans. Affective Computing 2026

Spearman rank correlation between dataset bias (rows) and model bias metrics

■ Stereotypical dataset bias ↔ 
strongly visible in equalized-
odds metrics

■ Representational bias 
probably has a smaller 
impact on the model

■ But if there is any, current 
model bias metrics do not 
pick it up [8]
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CHAPTER III · BIAS TRANSFERENCE

Output: two papersOutput: two papers

Less can be more: representational vs. stereotypical 
gender bias in facial expression recognition
I. Dominguez-Catena, D. Paternain, A. Jurio, M. Galar

Progress in Artificial Intelligence, 2024

doi.org/10.1007/s13748-024-00345-w Paper

Biased Heritage: how datasets shape models in facial 
expression recognition
I. Dominguez-Catena, D. Paternain, M. Galar, M. B. Defrance, M. Buyl, T. De 

Bie

IEEE Transactions on Affective Computing, 2026

doi.org/10.1109/TAFFC.2026.3693403

Paper
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CHAPTER III · BIAS TRANSFERENCE

Thesis takeawaysThesis takeaways

Dataset bias has (at least) two faces, and they behave differently

We can measure both, even without demographic labels

Stereotypical bias is the one that hurts models most (at least in FER)

But all of it relies on an auxiliary demographic model. How good is it?
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Better profiling through quantification

With P. González, J. J. del Coz, D. Paternain and M. Galar



BETTER PROFILING THROUGH QUANTIFICATION

FairFace: the dataset and the modelFairFace: the dataset and the model

[3] K. Kärkkäinen, J. Joo. FairFace: face attribute dataset for balanced race, gender, and age for bias measurement and mitigation. WACV 2021

The dataset

Racial composition of face datasets [3]

■ 108,501 face images from YFCC-100M 
(Flickr)

■ Built to be balanced across race groups

■ Perceived race, gender and age from 
external annotators

The trained model
■ CNN trained on that dataset, used as our 

frozen auxiliary model

Predicts per face

RACE · 7  White, Black, Latino/Hispanic, 

East Asian, Southeast Asian, Indian, 
Middle Eastern

GENDER · 2  male, female

AGE · 9  0–2, 3–9, 10–19, …, 60–69, 70+

■ Outputs probabilities, which is what 
quantification works on
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BETTER PROFILING THROUGH QUANTIFICATION

The weak link: auxiliary demographic modelsThe weak link: auxiliary demographic models

■ Audits of large datasets rely on classifiers like FairFace

■ Ethical caveat: binary gender, 7 census-style race groups, perceived attributes

■ Fine per image, but we care about the aggregate profile

■ Under distribution shift, classify-and-count is biased toward the training prior

Training data

balanced groups

→

Target dataset

skewed (true profile)

classify & count

→

Estimated profile

pulled toward balance
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BETTER PROFILING THROUGH QUANTIFICATION

The intuition: correcting a 90/10 countThe intuition: correcting a 90/10 count

What the classifier says

A 90%

B 10%

Its confusion matrix (balanced)

pred. A pred. B

true A 97.5% 2.5%

true B 2.5% 97.5%

same error rate for both groups

Corrected estimate

A 92%

B 8%

There are 9× more A faces to get 
wrong, so about 90% of the mistakes 

are A→B and only 10% are B→A.

■ The B count is inflated by A faces mislabeled as B → the real share of B is smaller, ≈ 92/8

■ Quantification does this systematically, from the classifier’s confusion or posteriors

Toy numbers: true 92/8, error rate 2.5% per group → observed ≈ 90/10.
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BETTER PROFILING THROUGH QUANTIFICATION

Quantification in one slideQuantification in one slide

[9] M. Saerens, P. Latinne, C. Decaestecker. Adjusting the outputs of a classifier to new a priori probabilities. Neural Computation 2002 [10] A. Moreo, P. González, J. J. del Coz. Kernel density 
estimation for multiclass quantification. Machine Learning 2025

■ Goal: estimate class prevalences 𝜋𝑦 in a bag, not individual labels

■ EMQ [9]: EM on the posteriors, re-estimating priors

■ KDEy [10]: match KDE of posteriors, robust without calibration

■ Then push the corrected priors back to each sample:

𝑝test(𝑦|𝑥) ∝
𝜋𝑦

𝑃tr(𝑦)
𝑝tr(𝑦|𝑥)
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BETTER PROFILING THROUGH QUANTIFICATION

SetupSetup

[11] J. Platt. Probabilities for SV machines. Advances in Large-Margin Classifiers 2000

Calibration set
labeled demographics →

Platt scaling
fix the posteriors [11] →

Quantifier
EMQ or KDEy →

Prior correction
Bayes reweighting

The classifier (FairFace) stays frozen. The correction is fitted once and applied to each target dataset.

Data
Six face datasets: FairFace, RAF-DB, 
ADFES, KDEF, FACES, CAFE
Gender (binary), race (nominal), age 
(ordinal)

Three calibration scenarios
On FairFace · on RAF-DB · on a labeled 
60% of the target
Artificial bags sweep one group’s 
prevalence from 0 to 1
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BETTER PROFILING THROUGH QUANTIFICATION

Per-sample accuracy vs. bag compositionPer-sample accuracy vs. bag composition

RAF-DB, race (calibrated on RAF-DB) FACES, age (calibrated on FairFace)

■ Largest gains where the 
bag is far from the 
calibration prior

■ RAF-DB race: 0.65 → 
0.69 avg. accuracy, up 
to +0.2 on skewed bags

■ Gains on nearly all 
datasets and attributes
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BETTER PROFILING THROUGH QUANTIFICATION

Which method, when?Which method, when?

Labeled sample of the target
Platt + EMQ best by far

External calibration set
depends on how close it is to the target

KDEy without calibration
never the best, always second: a safe 
default (but slower)

By attribute
binary gender: small consistent gains; age 
and race: larger gains

Better Demographic Profiling of Datasets through Quantification, ECAF 2026 poster
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Current focus: LAION-5B

Unmasking LAION-5B · ICLR 2026 DATA-FM workshop · with D. Paternain and M. Galar



CURRENT FOCUS: LAION-5B

Why web-scale datasets?Why web-scale datasets?

[15] C. Schuhmann et al. LAION-5B: an open large-scale dataset for training next generation image-text models. NeurIPS Datasets and Benchmarks 2022 [16] I. Dominguez-Catena, D. 
Paternain, M. Galar. Facial demography analysis of the LAION dataset. EWAF 2025

Faces detected in our LAION sample

■ Foundation and generative models (Stable Diffusion, DALL-E, FLUX) are trained on web-
scraped image–text data such as LAION-5B [15]

■ Billions of pairs, scraped and barely curated

■ Instead of auditing the outputs of trained models, we audit the underlying demographic 
composition of the data [16]
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CURRENT FOCUS: LAION-5B

Profiling pipeline at scaleProfiling pipeline at scale

[3] K. Kärkkäinen, J. Joo. FairFace: face attribute dataset for balanced race, gender, and age for bias measurement and mitigation. WACV 2021 [16] I. Dominguez-Catena, D. Paternain, M. 
Galar. Facial demography analysis of the LAION dataset. EWAF 2025 [17] S. Serengil, A. Ozpinar. A benchmark of facial recognition pipelines and co-usability performances of modules. J. 
Information Technologies 2024 [18] E. Ryumina et al. In search of a robust facial expressions recognition model: a large-scale visual cross-corpus study. Neurocomputing 2022

Sample
 1M URLs (0.02% of 

LAION-5B)
→

Download and 
verify

hash-checked 

against LAION

→
Face detection

RetinaFace, ≥ 48×48 

px
→

Attributes
FairFace [3] + 

DeepFace [17]: age, 

gender, race · Emo-

AffectNet [18]: 

emotion

→
Bias analysis

Ducher’s Z

1,004,277
URLs sampled

464,161
images downloaded and verified

79,902
faces (37,331 English · 42,571 

multilingual)

■ 2024 re-release, both main components analysed separately: LAION-2B-en and 
LAION-2B-multi

■ Worst-case margin of error: ±0.51% at 95% confidence
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CURRENT FOCUS: LAION-5B

Who is in LAION?Who is in LAION?
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DeepFace (same direction, different scale)

Age
strong overrepresentation 
of 20–39

Gender
57–61% male (FairFace), 
more than 70% 
(DeepFace)

Race
White 50–60%, against a 
balanced 16% baseline
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CURRENT FOCUS: LAION-5B

Intersectional bias: gender × ageIntersectional bias: gender × age

Ducher’s Z, FairFace. Blue: male overrepresented, red: female 

overrepresented

■ Younger women, older men: 
women overrepresented below 30 
(Z = 0.35 at 20–29), men above 30 
(Z = 0.61 at 60–69)

■ DeepFace shows the same 
pattern, with the threshold at 40

■ Age × race: oldest groups 
underrepresented; White infants 
overrepresented
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CURRENT FOCUS: LAION-5B

Stereotypes in LAIONStereotypes in LAION

Ducher’s Z between emotion and gender, FairFace

■ The “angry man, happy woman” 
stereotype is in the data

■ Anger: Z = 0.42 for men (95% CI 
0.40–0.43). Happiness: Z = 0.19 
for women (0.18–0.20)

■ Weaker age and race effects: 
older people linked to negative 
emotions

■ The multilingual component is not 
more diverse: a bit more racial and 
age diversity, but more gender 
disparity

50



CURRENT FOCUS: LAION-5B

What comes nextWhat comes next

■ Trace how these biases propagate through generative pipelines (Stable Diffusion, FLUX)

■ Validate with human annotations: the auxiliary models have their own biases

■ Extend the audit to other web-scale datasets (COYO-700M, DataComp)

■ Link to the earlier parts: correct the profiles with quantification, and compare datasets 
with DSAP
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CONCLUSIONS

ConclusionsConclusions

01 Dataset bias is measurable, even without labels (taxonomy, metrics, DSAP)

02 Different bias types transfer differently; stereotypes matter most

03 Demographic estimates for auditing can be improved with quantification

04
Applied to LAION-5B: strong imbalances and an “angry man, happy woman” 
stereotype
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Beyond images

Same question, different modality



BEYOND IMAGES

Large language models reflect the ideology of their creatorsLarge language models reflect the ideology of their creators

[19] M. Buyl et al. Large language models reflect the ideology of their creators. npj Artificial Intelligence 2026

■ With Ghent University (Buyl, De Bie et al.) [19]

■ Asked LLMs to describe thousands of political figures, in 
English and Chinese

■ Ideological stance differs by language and by the model’s 
creator

■ Same question as before: who and what is in the data?

Paper
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BEYOND IMAGES

Thank you! Questions?Thank you! Questions?

Thank you!

iris.dominguez@unavarra.es
irisdominguez.es

Website and publications
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Backup · Cross-modal bias reduction

Dominguez-Catena, Paternain, Jurio & Galar. IEEE CAI 2026



BACKUP · CROSS-MODAL BIAS REDUCTION

Complementary failure modesComplementary failure modes

[3] K. Kärkkäinen, J. Joo. FairFace: face attribute dataset for balanced race, gender, and age for bias measurement and mitigation. WACV 2021 [12] C. Dwork et al. Fairness through awareness. 
ITCS 2012 [13] A. Toisoul et al. Estimation of continuous valence and arousal levels from faces in naturalistic conditions. Nature Machine Intelligence 2021

FairFace
misgenders women showing anger or 
fear [3]

EmoNet
emotion accuracy depends on gender 
[13]

■ Idea: let each model see the other’s prediction

■ “Fairness through awareness” [12]: no explicit fairness constraint
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BACKUP · CROSS-MODAL BIAS REDUCTION

A tiny correction networkA tiny correction network

[3] K. Kärkkäinen, J. Joo. FairFace: face attribute dataset for balanced race, gender, and age for bias measurement and mitigation. WACV 2021 [13] A. Toisoul et al. Estimation of continuous 
valence and arousal levels from faces in naturalistic conditions. Nature Machine Intelligence 2021 [14] I. Dominguez-Catena et al. Leveraging cross-modal information to reduce gender bias in 
facial analysis systems. IEEE CAI 2026

■ Plain cross-entropy on both tasks [14]

■ Base models (FairFace, EmoNet) are not retrained

■ Train on FACES, test on the unseen ADFES

Face image

↓

FairFace
2 gender probs

EmoNet
8 emotion probs

↓ concat, 10-d

Correction MLP
3 dense layers × 24

↓

Gender
softmax, 2

Emotion
softmax, 8
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BACKUP · CROSS-MODAL BIAS REDUCTION

ResultsResults

[14] I. Dominguez-Catena et al. Leveraging cross-modal information to reduce gender bias in facial analysis systems. IEEE CAI 2026

■ FACES gender: 95.98 → 97.85 % macro acc., avg 
gap 8.0 → 3.7 [14]

■ FACES emotion: 74.6 → 93.9 %

■ ADFES (unseen) emotion: 80.7 → 92.9 %, avg gap 
13.1 → 7.5

Accuracy and fairness improve together
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BACKUP · CROSS-MODAL BIAS REDUCTION

Limitations and next stepsLimitations and next steps

■ Small lab datasets, binary gender

■ Largest gap on ADFES can still grow (few subjects)

■ Next: more attributes (age, race), in-the-wild data

60


