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lJl“def‘::ag“OSisl_"i:i‘s OfE“iﬁCi:!i“te"iﬁe'}ce g Disparities in dermatology Al performance on a diverse,
algorithms applied to chest radiographs in under- curated clinical image set

served patient populations
Roxana Daneshjou'-t, Kallas Vodrahalli*t, Roberto A. Novoa'?, Melissa Jenkins', Weixin Liang®,

Laleh Seyyed-Kalantari &3, Haoran Zhang, Matthew B. A. McDermott, Irene Y. Chen & Marzyeh Ghassemi Veronica Hotembergﬁ,Justln K01, Susan M. Swetter', Elizabeth E. Balley', Olivier GE\"aEI’tZ,
- o Pritam Mukherjee?$, Michelle Phung’, Kiana Yekrang', Bradley Fong', Rachna Sahasrabudhe's,
Nature M 27, 2176-2182 (2027) | Cite |
ature Hedicine 2t il Johan A. C. Allerup’, Utako Okata-Karigane’, James Zou®™>*8%, Albert S. Chiou™
® Fairness in Cardiac MR Image Analysis:

Higher performance for women than men

in MRI-based Alzheimer’s disease detection An Investigation of Bias Due to Data

Imbalance in Deep Learning Based
Segmentation

Malte Klingenberg' ? Didern Stark'?, Fabian Eitel'?, Céline Budd|ng3. Mohamad Habes*, Kerstin Ritter'*"for the
Alzheimer's Disease Neurcimaging Initiative

Esther Puyol-Antén' =), Bram Ruijsink!-2, Stefan K. Piechnik?,
Stefan Neubauer’, Steffen E. Petersen®?*%, Reza Razavi'?,
and Andrew P. King!

Fairness of Al in Medical Imaging Tackling algorithmic bias and promoting transparency in
B indepencaIN i health datasets: the STANDING Together consensus
recommendations
www.faimi.org
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Al Act requires:

... examination in view of possible biases that
are likely to affect the health and safety of
persons, have a negative impact on fundamental
rights or lead to discrimination prohibited under
Union law” ...

... appropriate measures to detect, prevent and
mitigate possible biases identified according to
[the previous point]..."

- public -

RSNA on ACA Section 1557:

“... all covered entities, including radiologists and
radiology practices, accountable for preventing
discrimination, including any bias arising from the
use of algorithms or Al.”

“... even if you are not the developer of the Al
tool or algorithm, you are still obligated to make
reasonable efforts to ensure its use doesn’t result
in discriminatory practices.”

“Ensure decision support tools are non-
discriminatory” by May 1st, 2025.
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FDA Draft guidance:

, The performance and behavior of Al systems rely heavily on the quality, diversity, and
quantity of data used to train and tune them. The accuracy and usefulness of a
validation of an Al-enabled device also depends on the quality, diversity, and quantity of
data used to test it.”

. The characterization of sources of bias is necessary to assess the potential for Al bias in
the Al enabled device.”

... itis important for FDA to understand how the device performs overall in the
intended use population, as well as in subgroups of interest. Acceptable performance in
certain subgroups may mask lower performance in other subgroups... Poor performance
in specific subgroups could make the device unsafe for use in those groups...”
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Inclusivity

. . Transparency
Procedural justice

Fair data governance

Fairness

Fairness of real-world impact

Outcome justice Individual fairness
"Algorithmic fairness" Demographic parity

Ranking fairness
Group fairness

Error rates

Predictive performance fairness AUROC

. Or: Robustness / Reliability / Generalization / ,,Quality of Service bias.”

We simply want Al systems that work well for all patients.
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Three key steps.
1. Bias assessment: analyze potential performance disparities.

(Can’t fix problems we don‘t know about!)

2. Bias root cause analysis: why are these groups underperforming? i

(Can‘t fix problems effectively without knowing why they arise!
Blind , black-box” bias mitigation can do more harm than good.)

3. Bias mitigation: reduce disparities by specifically addressing
identified root causes in a targeted manner.
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Gender imbalance in medical imaging datasets
produces biased classifiers for computer-
aided diagnosis

Agostina J. Larrazabal®', Nicolas Nieto™®', Victoria Peterson®“®, Diego H. Milone®(®, and Enzo Ferrante®*®

(DenseNet-121)

l

Pneumothorax
Yes / No

[Classification Model}
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Why do models perform better in some
groups compared to others?

(How) can we fix this?
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Causes of QoS bias:

Could be group representation...? No... " Underrepresentation
Testing on ' Testing on M)}
- 0.92 " 0.82
__ns 090 T e ns 090
0.87 Males still outperforming
_ females even when training
_ only on females!
$ . b * 070
e o o o ¢ o o 0.68
' ﬂw ﬂﬂ ﬂﬁ\ 0.66
0 25 50 75 100

% Female patients in training set
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[Sidenote] Group representation does not always correlate with performance

Atelectasis detection in chest x-ray images Alzheimer’s detection in MRI images

Testing on 'ﬂ\'ﬁ\ Testing on M}
0.86 10

. T TS
0.9

0.84
U ' D U @ ggo ®
) + -
< 480 < 07
078 .’. o O [ N ] | 0.6 [ K ] e O o o
Training set composition Training set composition
Larrazabal et al. (2020), Gender imbalance in Petersen et al. (2022), Feature robustness and sex
medical imaging datasets produces biased differences in medical imaging: a case study in MRI-
classifiers for computer-aided diagnosis. PNAS. based Alzheimer's disease detection. MICCAI.
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[Sidenote] How different are the groups?

-
-
-

A 4

Mapping from x to y
similar across groups.

Under-representation not
necessarily a problem.

LI OX.
\

A 0‘\\ ./’
,—.—";*\:‘/ XX
xx voX

X1 :

Mapping from x to y differs

iIncompatibly between groups.
Majority group will be favored.

Unlikely to occur with images
and DL.

- public -

Groups occupy different regions in x-space.

The model could learn a mapping that
works for all groups.

In practice, this often does not happen due
to (implicit or explicit) regularization /
convergence to local minima.
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' . Causes of QoS bias:
Could be morphological differences...? No... " Underrepresentation

Differences in task difficulty

Pneumothorax - NIH

e - ‘e i ,
08 * # %% -FE *; é;&—

0.6
an " *! ** " ** ** Proc. Coll. Radiol. Aust, (1958), 2, 107
0 5 100 0 50 100 The Elimination of Confusing Breast Shadows
“Yefemale in training Y%female in training in Chest Radiography
(A) Mustration of cropped images  (B) Results from non-cropped images  (C) Results from cropped images COLIN ALEXANDER
Are Sex-based Physiological Differences the Males stil/ Outperforming (+ performance trends are
Cause of Gender Bias for Chest X-ray Diagnosis? - f | ith b t .
€males even with dreasts reversed in another dataset)
Nina Weng!, Siavash Bigdeli', Eike Petersen', and Aasa Feragen! Cropped
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Task difficulty: Input disturbance characteristics

4 Def.: The input x is more noisy in some groups, or captures underlying
° o o pathology less well.
Py PY Ex.: Male vs. female chest x-ray, thin vs. obese abdominal ultrasound, small
N ® ° X ® ff,—" vs. large lesions, different disease stages, low-field MR, ...
’.,——"";( . X
X X ® " X Effect: Correct input — output mapping should still be learned, but prediction
XX % XX o X X performance will be reduced.
>
X1 Solution? Use (or develop) further, less disturbed measurement modalities?

Alexander (1958), The Elimination of Confusing Breast Shadows in Chest Radiography. Australasian Radiology.
Brahee et al. (2013), Body Mass Index and Abdominal Ultrasound Image Quality. Journal of Diagnostic medical Sonography.
Ross et al. (2020), The influence of patient race on the use of diagnostic imaging in U.S. emergency departments. BMC Health Services Research.

\
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Task difficulty: Unobserved causes of the outcome

Def.:  An unobserved factor that affects outcomes more strongly in
one group compared to others.

| Ex.: Hormone level fluctuations affect outcomes more strongly in
. U4
. : g women than men.

I Comorbidities more prevalent in older subjects, influencing
’ . .
‘ s’ outcomes more than in younger patients.

‘ ol X X Female heart attacks often due to microvascular disease,
AINe undetectable by current standard tests.

v

X Effect: Reduced prediction performance in the affected groups.

Solution? Measure and include them in the model.

\
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Task difficulty: Label noise

Def.: Random label errors; differing error rate between groups.

Ex.: Label noise in chest x-ray disease labels mined from reports

1 ® using NLP: more label errors in older subjects.
O Effect:  Still learning the correct input—output mapping, but at
o O o e reduced learning rate (since more noisy).
A ,4"” .
P X DL generally assumed to be robust to label noise?
X X Performance measures reduced; performance w.r.t. true
X labels might be better?
X1

Solution? Investigate label error rates in different groups, clean data,
label noise-robust learning schemes.

\
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Could be shortcut learning...?

Hard to detect
QD
i $)/
Input Image  *., £
} . 6
000" OG/)/& ﬁ
0". (‘>( (10&
Alfor radiographic COVID-19 detection selects ‘a .
shortcuts over signal Shortcut features
Alex J. DeGrave, Joseph D. Janizek & Su-In Lee™ CXR VI eW
Annotations

Perspective | Published: 10 November 2020 R d . d .

Shortcut learning in deep neural networks ecording device

Robert Geirhos Br Jérn-Henrik Jacobsen, Claudio Michaelis, Richard Zemel, Wieland Brendel, Matthias M ed I Ca | | m p | a nts

Bethge & Felix A. Wichmann

Nature Machine Intelligence 2, 665-673 (2020) | Cite this article

—
18 - public - % Fraunhofer

MEVIS



Could be shortcut learning...?

Hard to detect
. QD
Input image ., 2
! s
Diagnosed pneumothoraxes ", B
treated with chest drains... Ro¥ (96

Hidden stratification causes clinically meaningful failures in
machine learning for medical imaging

Authors: Luke Oakden-Rayner, Jared Dunnmon, Gustavo Carneiro, Christopher Re Authors Info & Claims

DETECTING SHORTCUTS IN MEDICAL IMAGES - A CASE STUDY IN CHEST X-RAYS

Amelia Jiménez-Sdnchez, Dovile Juodelyte, Bethany Chamberlain, Veronika Cheplygina

Presence of chest drain

—
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Could be shortcut learning...? Maybe...?

0.90
™ &
: 080{ 2 With chest drain
Diagnosed pneumothoraxes
treated with chest drains... 0151 [
@]
2 0.70
Hidden stratification causes clinically meaningful failures in 0.65 - _ ,
machine learning for medical imaging Without chest drain
0.60
Authors: Luke Oakden-Rayner, Jared Dunnmon, Gustavo Camneiro, Christopher Re Authors Info & Claims
0.55 A1
0.50
DETECTING SHORTCUTS IN MEDICAL IMAGES - A CASE STUDY IN CHEST X-RAYS
Amelia Jiménez-Sdnchez, Dovile Juodelyte, Bethany Chamberlain, Veronika Cheplygina
—
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Shortcut learning it is!

0.80 T : : ;
—_ Balancing (test set) chest drain presence 2 )
between M/F equalizes performance! '
o 0.78
O No-chest-drain l Leads to reduced
(a'ed — .
= ¢ Technically still no proof of shortcut counterfactual y model confidence
< 0.76 . ; .
learning: chest drains could just be
correlated with the thing the model is
0.74 actually looking at. Real proof requires
- counterfactuals.
T Male Female T
Sex
M Unbalanced —Balanced
by chest drain presence/absence
o ) o et Fast Diffusion-Based Counterfactuals for Shortcut
Slicing Through Bias: Explaining R 1 dG ti
Performance Gaps in Medical Image emoval an eneration
Analysis Using Slice Discovery Methods
5 - publlc- Nina Weng!*®, Paraskevas Pegios!?>*©®, Eike Petersen'®, Aasa Feragen!20,

- P ) , 1 2(8) and Siavash Bigdeli'
Vincent Olesen”, Nina Weng (0, Aasa Feragen (@, and Eike Petersen =
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Causes of QoS bias:
Underrepresentation
Differences in task difficulty
Poor performance for othey reasons
that happen to corvelate with group
membership (e.q., shorteut learning)

The observed disparitiy had nothing to do with sex / gender!

Bias root cause analysis is crucial to enable effective bias mitigation!

- public -
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What if we don‘t know the potential shortcut?
Meet Slice Discovery Methods (SDMs).

= Cluster
Dataset
Image Disease Age
23

Cluster
Slice discovery method

- public -

Slicing Through Bias: Explaining
Performance Gaps in Medical Image
Analysis Using Slice Discovery Methods

Vincent Olesen!, Nina Weng'@®, Aasa Feragen!®, and Eike Petersen!-2(=)

Hypothesis formulation

model
underperforms

\
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Pneumothorax-positive slices

Support Devices
Lung Opacity
Pleural Effusion
Atelectasis
Edema

Fracture
Cardiomegaly

Enlarged Cardiomediastinum

Comorbidity

Consolidation
Lung Lesion
Pleural Other

Pneumonia

Worst-performing slice (cluster)

-0.16
D oos
o8

. 0.05

l 0.04
Hoos
o.04

lo.oz

Slicing Through Bias: Explaining
Performance Gaps in Medical Image
Analysis Using Slice Discovery Methods

Vincent Olesen?!, Nina Weng'@®, Aasa Feragen'®, and Eike Petersen®2&) @

Best-performing slice (cluster)

No Drain

Drain

|0.01

0.62

0.0 0.2 0.4 0.6 0.8

Proportion of cases

1.0 0.0 0.2 0.4 0.6 0.8 1.0
Proportion of cases

24
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How to deal with really unknown factors?

Visual analysis of best/worst slices for atelectasis classification shows
* 90% samples with ECG cables in best negative slice
* 5% samples with ECG cables in worst negative slice

25 - public -

95/6/65/G
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G

Slicing Through Bias: Explaining
Performance Gaps in Medical Image
Analysis Using Slice Discovery Methods

Vincent Olesen’, Nina Weng! @, Aasa Feragen'®, and Eike Petersen! (=)@
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Causes of QoS bias:

Will this find everything? No! © Underrepresentation
*  Differences in task difficulty

Dissecting raci: * Poor performance for other reasons

the health of pc that happen to correlate with group
W\embersl/\ip (e.g., shortcut Ieamimg)
] . . . AboeER T AR L'abe’ / SanPﬁng biases [extra hard
Label & sampling biases: impossible to somic - scos e SINCE unclear how to detect /
detect & fix purely algorithmically o somes 99 om S|

Racial bias in health algorithms

The U.S. health care system uses commercial algorithms to guide health decisions.
Obermeyer et al. find evidence of racial bias in one widely used algorithm, such

Racial and ethnic disparities in the delayed diagnosis of
that Black patients assigned the same level of risk by the algorithm are sicker than

appendicitis among children _ _ : o _ i
White patients (see the Perspective by Benjamin). The authors estimated that this
Monika K. Goyal MD, MSCE &, James M. Chamberlain MD, Michael Webb MS, Robert W. Grundmeier MD, racial bias reduces the number of Black patients identified for extra care by more
Tiffani J. Jol n MD, M5, Scott A. Lorch MD, MSCE, hJ. Zorc MD, MSCE ... S Il auth w . .
HaniJ. Johnson MD. M. 5co orenw Joseph. zorc M =€ allauthors than half. Bias occurs because the algorithm uses health costs as a proxy for health

needs. Less money is spent on Black patients who have the same level of need, and
the algorithm thus falsely concludes that Black patients are healthier than equally

G € nder Bl a5 1n the DlagHOSl S Of COPD sick White patients. Reformulating the algorithm so that it no longer uses costs as

Chapman Kenneth R. MD, FCCP® © ., Tashkin Donald P. MD, FCCP ®, Pye David J. PhD © a proxy for needs eliminates the racial bias in predicting who needs extra care.

Science, this issue p. 447; see also p. 421

\
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Label bias Def.: Systematic label errors.

EX.: « Healthcare costs as a biased proxy for healthcare needs.
* Diagnostic biases and gender stereotypes in mental health.

! » Racial bias in pain assessment.
9 O ':' ® » Widespread underdiagnosis of female heart disease.
O ® ‘. /' ®  Systematic biases in NLP-extracted radiological findings.
U ,4" . . . .
o e ‘”‘,_/,,, ¢ ICD codes as. biased proxies of disease state.
=T  Annotator biases.
- X X
x X
X X X Effect: Biased decision threshold is learned!
, Performance metrics do not reflect this bias.
X1

Solution? Hard (impossible?) to detect without domain knowledge;

hard to "fix” without resorting to other (better, unbiased)
measurements (labels).

\
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Selection bias

Def.:

Ex.:

Effect:

Solution?

28

Systematic differences in how groups are selected for study enrollment

» Selecting subjects based on disease status.

» Differences in enrollment in the healthcare system.

e Being treated at specific hospitals (with different equipment).
« Groups being diagnosed / treated at different disease stages.

Biased decision threshold is learned!
Performance metrics do not reflect this bias.

If known: covariate shift adaptation methods, shift-stable learning.

\
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Demographic shortcuts

Hard to detect
lllllllllllllllllllllllllllllllllllllllllll*
<S N
D, RS -
2 & < Prediction target
‘.0‘ o \'e .0"
RS NS
o"‘ /&(\ & @ ",‘
— 0‘. ~ (/O ‘.0
Radiology “forensics”: determination of age and sex from chest ‘4 K
radiographs using deep learning Shortcut features
aul H. i3« Jinchi Wel® - Tae Kyung Kim? + Jiwon Shin? - Haris I. Sair™* « Ferdinand K. Hui** - ory D. Hager - :
:hell-.:;:-,gu:i hi Wei” - Tae Kyung Ki Ji Shin™ - Haris I. Sai Ferdi d K. Hui*" - Gregory D. Hag CXR VIeW
Annotations
Al recognition of patient race in medical imaging: Recording device
amodelling study Medical Implants
Judy Wawira Gichoya, Imon Bunerjee, Ananth Reddy Bhimireddy, John L Burns, Leo Anthony Celi, Li-Ching Chen, Ramon Corren, Natalie Dullenud, . .
e O By e o S S i B s Sy . Demographic properties
—
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Demographic shortcuts

Race Classification ROC-AUC as Pixel Resolution Increases

0.95

0.90| e White

0.85

Models can identify self-reported race/ethnicity with high AUROC ,,;;;i-.:::::‘::ji‘fﬁfii:j:/

 Far better than using only clinical metadata

0.80 /

(@] =
5075 i
* Far better than clinicians : P 4
. . . . . . & 0.70 Ve
« After removing (clipping) bone density information ¥
' ' ; : 0.65 ¥4
» After severely high/low-pass filtering or downscaling '/
i N1 : 0.60
* From almost all individual parts of an image -
 From only the grayscale histogram i Lo L
0 10 20 30 40 50 60 70 80

* On external datasets

Al recognition of patient race in medical imaging:
a modelling study

Judy Wawira Gichoya, Imon Bunerjee, Ananth Reddy Bhimireddy, John L Burns, Leo Anthony Celi, Li-Ching Chen, Ramon Corren, Natalie Dullenud,

Marzyeh Ghassemi, Shih-Cheng Huang, Po-Chih Kue, Matthew P Lungren, Lyle | Palmer, Brandon | Price, Saptarshi Purkayastha, Ayis T Pyrros,
Lowen Oakden-Rayner, Chima Okechukw, Laleh Seyyed-Kalantari, Hari Trivedi, Ryan Wang, Zochary Zaiman, Hooran Zhang

30

Resolution (pixels)

Ability of artificial intelligence to identify
self-reported race in chest x-ray using
pixel intensity counts
John Lee Burns ©,** Zachary Zaiman,” Jack Vanschaik,” Gaoxiang Luo,’ Le Peng,”
Brandon Price,? Garric Mathias,® Vijay Mittal,® Akshay Sagane,®

Christopher Tignanelli,® Sunandan Chakraborty©,® Judy Wawira Gichoya®,”
and Saptarshi Purkayastha:?®

N\
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Demographic shortcuts

Models can identify self-reported race/ethnicity with high AUROC... but do they actually do that?

Many (incl. me J ) investigate ,, demographic encoding”:

I Caution !

1. If race/ethnicity can be ,predicted” from y (target label)
it can also be predicted with at least the same accuracy
from the embeddings of any perfect disease classifier!
— Baseline, higher for higher-cardinality y (multi-label or
image targets — seg, synth) or in case of strong label
shifts (prevalence diffs)

2. ,Encoding” stronger than this does not necessarily
imply that the model uses this info! (Models can ignore
parts of embeddings.)

31 - public -

000

Pneumothorax yes/no

Race / ethnicity
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Causes of QoS bias:

Undervepresentation

Differences in task difficulty
B Poor performance for othey reasons

that happen to correlate with group

membership (e.g., shorteut learning)
L'abe/ / sampling biases [extra harg
Since unclear how to detect / measure!]
Demographic shorteuts |

Demographic shortcuts

Models can identify self-reported race/ethnicity. Do they?

True proof: ,,demographic counterfactual” (??)

Demographic shortcuts are diffuse = especially hard to investigate / visualize / ,,explain”

The inverse direction works: if ,,encoding” low, demographics clearly not used!

\
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Algorithmic encoding of protected characteristics in chest

Demographic shortcuts
grap X-ray disease detection models

Ben Glocker,” Charles Jones, Mélanie Bernhardt, and Stefan Winzeck

|
PCA components of embeddings colored by disease / sex / race
Disease Race Disease
a
a y P k‘-m.,
g . g ) é \ g 0 g
b A b = R
) .NoFlnelng \\ i 5 -:_“.. e No Finding
§ 0 \\ § 0 g g g
Multi-head model trained to predict all three Single-head model trained to predict only disease
|
3 - public- ~ Fraunhofer
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Patient
demographics

BINENE RiEEinEEE Morphological Disease

| Comorbidities system differences presentation

prevalence interaction . & severity
, N

- Label error . Hacorelng

Sample size Shortcut features information
rate
content

What are the causes Actual model Observed model
erformance erformance
of good and bad & .

model performance?

—
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i, Causes of bias

iii. Case study 1

iv.  Coffee break (10:00 - 10:30)
v.  Case study 2

vi.  Bias mitigation

vii.  Conclusion & recommendations
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Introduction

Causes of bias

Case study 1

Coffee break (10:00 - 10:30)
Case study 2

Bias mitigation

Conclusion & recommendations
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Gather more (diverse), high(er)-quality data ...

R ey s <«— Previously reported IID performance: ROC-AUC 0.88!

0.8

07 T T

SCIENCE ADVANCES | RESEARCH ARTICLE

o6 P 32299 B
) HEALTH AND MEDICINE
2 . - . .
Sos Disparities in dermatology Al performance on a diverse,
e curated clinical image set
k7] 4 Roxana Daneshjou'?t, Kallas Vodrahalli*t, Roberto A. Novoa'*, Melissa Jenkins', Weixin Liang®,
2 Veronica Rotemberg®, Justin Ko', Susan M. Swetter’, Elizabeth E. Bailey', Olivier Gevaert?,

0.3 Pritam Mukherjee?$, Michelle Phung’, Kiana Yekrang', Bradley Fong', Rachna Sahasrabudhe's,

Johan A. C. Allerup’, Utako Okata-Karigane’, James Zou>>*%*, Albert S. Chiou'
0.2  Ensemble dermatologists: Model performance on:
————— FST I-II = FST -l
011 S iﬁ;‘f‘" - LSIZ‘:"V' OOD: Diverse Dermatology Images (DDI)
_____ ata ata . . . .
0.0 S——— — dataset: diverse skin tones, diverse lesion
DeepDerm DeepDerm fine-tuned . .
on DDI data types, pathologically confirmed labels!
—
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Train good models ...

Ensemble with volumetric features,
hyperparameter optimization,
demographic / clinical / genetic /

cognitive scoring data

Alzheimer’s Disease

Ensemble with volumetric e
0.

features, hyperparameter
optimization

Baseline CNN

PNAS BRIEF REPORT APPLIED MATHEMATICS = OPEN ACCESS

Bias in machine learning models can be significantly
mitigated by careful training: Evidence from neuroimaging
studies

Rongguang Wang (& &P, Pratik Chaudhari () 3512 and Christos Davatzikos®2.9.1.23

Seite 39 30.09.2025 © Fraunhofer MEVIS
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: d del Drop the shortcuts: image augmentation improves fairness
Train good modaels ... and decreases Al detection of race and other demographics

from medical images

— Ryan Wang,” Po-Chih Kug,” Li-Ching Chen,” Kenneth Patrick Seastedt,™ [udy Wawira Gichaya,” and Leo Anthany Cefi™

. . The same model trained with
. e = trivial and non-bias-specific
Baseline model ¢ 2 SOLANER
3 Z data augmentations: rotations,
2 3 shear, scaling, fisheye
z' —— Male AUC=0.827 —#— TPR=0.619 FPR=0.175 v — Male AUC=0.813 —#— TPR=0.619 FPR=0.185
—— Female AUC=0.829 -#- TPR=0.516 FPR=0.138 1 —— Female AUC=0.821 -#- TPR=0.645 FPR=0.195
0.0 0.2 0.4 0.6 0.8 1.0 0.0 02 0.4 06 0.8 10
False Positive Rate False Positive Rate
—
Seite 40 30.622026fer MEVIS - public - % Fraunhofer

MEVIS



Train good models ... (multi-)calibrate

Seite 41

Disparity in Sensitivity (Absolute %)

10
B —
6 -
4 -
) *
0 -
Asian
Patients

Black
Patients

Train on MXR

30.09.2025

© Fraunhofer MEVIS

mmm Baseline Approach
mmm Data Augmentation
s Per View Threshold

Asian Black
Patients Patients
Train on CXP

- public -

Recalibrate baseline model separately for different
CXR views: AP vs. PA vs. Lateral vs. Portable AP

Acquisition parameters influence Al
recognition of race in chest x-rays and
mitigating these factors reduces
underdiagnosis bias
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Increase diversity using synthetic data

In-distribution

Article https:/{doi.org/101038/541591-024-02838-6

Generative models improve fairness of
medical classifiers under distribution shifts
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https://www.nature.com/articles/s41591-024-02838-6

RoentMod: A Synthetic Chest X-Ray Modification

M Itlgate 5 h ortcuts ... Model to Identify and Correct Image Interpretation
Model Shortcuts
— Lauren H. Cooke, Matthias Jung, Jan M. Brendel, Nora M. Kerkovits, Borek Foldyna, Michael

T. Lu, and Vineet K. Raghu

SyntHetic images

with no findings .
5 ' e
Q b = | ' .
5 = E | >E W ' Outperforms baseline (NIH only) by 0.06 AUROC
= & | | | 8 points (i.i.d.) and 0.04 AUROC points (0.0.d.) on
| ’ | average over 6 disease labels. (Always better.)
Update model
weights as usual Full training Real NIH
~ et SRl 4ages Fairness effects: not yet tested. Presumably positive?
- |
3 |
§ Mini-batch with real s S
and synthetic scans .
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Select for fairness / robustness ...

... lin] ten datasets from different imaging modalities ... we find
that the under-studied issue of model selection criterion can
have a significant impact on fairness outcomes”

Max-min AUROC selection stat. sig. better than default on worst-
group AUROC while not stat. sig. worse on overall AUROC!

This is (like everything until here) without any explicit ,, bias mitigation”!

44 - public -

AUC Group-1

MEDFAIR: BENCHMARKING FAIRNESS FOR
MEDICAL IMAGING

Yongshuo Zong!, Yongxin Yang', Timothy Hospedales'-
1 School of Informatics, University of Edinburgh, 2 Samsung Al Centre, Cambridge
{yonqshuo .zong, yongxin.yang, t. hospedales}@ed .ac.uk
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Select for fairness / robustness ...

“The standard ... is to choose the model that maximizes

accuracy. Using maximum accuracy as a decision Model Multiplicity: Opportunities, Concerns, and Solutions
criterion for model selection may suggest that there is _ Emily Black Manish Raghavan Solon Barocas

. emilybla@andrew.cmu.edu mraghavan@seas.harvard.edu solon@microsoft.com
one model with the best accuracy ... However, ... there Camegie Mellon University Harvard University Microsoft Rescarch

are usually multiple models with equivalent
accuracy but significantly different properties.”

“The Rashomon Effect ... describes the phenomenon that
there exist many equally good predictive models for the
same dataset. This phenomenon happens for many real
datasets and when it does, it sparks both magic and
Cynthia Rudin ' Chudi Zhong' Lesia Semenova' Margo Seltzer> Ronald Parr! Jiachang Liu COﬂSterﬂatiOn, bUt mOStly magic. ln |Ight Of the RaShomon
Selkax Katta” Jum Doskoelly" Hoery Chea Zackery Boner Effect, this perspective piece proposes reshaping the way we
think about machine learning, particularly ... flexibility to

address user preferences, such as fairness ...”

Amazing Things Come From Having Many Good Models
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TPR/FPR disparity regularization

(Group) distributionally robust optimization
(DRO)

Group-adversarial learning (DANN, CDANN)
In-processing

General robust learning approaches

Fairness-aware model pruning

Group balancing / weighting

Stratified model training

Algorithmic bias

mitigation

Group-stratified recalibration / threshold tuning

Add extra loss terms

Post-processmg Fairness-aware model selection

Test-time augmentation (TTA)
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inference time
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Limited effectiveness of (some?) , bias mitigation“ methods

MEDFAIR: BENCHMARKING FAIRNESS FOR

MEDICAL IMAGING

Yongshuo Zong!, Yongxin Yang', Timothy Hospedales'-?

! School of Informatics, University of Edinburgh, 2 Samsung AI Centre, Cambridge
{yongshuo .zong, yongxin.yang, t.hospedales}@ed.ac.uk

Improving the Fairness of Chest X-ray Classifiers
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“No method outperforms ERM with statistical significance”

“We find, consistent with prior work on non-clinical data,
that methods which strive to achieve better worst-group
performance do not outperform simple data balancing. We
also find that methods which achieve group fairness do so
by worsening performance for all groups.”
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Algorithmic bias mitigation: limitations

48

Highly narrow framing: keep data, preprocessing, task satp, model architecture fixed.

Limited empirical success. (Not surprising, given the above?)

Large gains possible outside of this narrow framingcf. earlier results in this section.

/b[ ¢ REFAOddrhcy TradeY n'nt wa

1.

Some exist(under the above, very narrow framinghut there are much fewer practically relevant trade
offs than is often believed.

2. If they exist, tradeoffs are often negligible in practice.

3. Observed tradeoffs may be illusory if data are biased.

Focus on improving task setup, da quality, model quality, selection strategy before considering
supposedtradeY nnt otof UKOC GG Yt qroc G dG ot HIJUc | RYt etOGII nY!Il ¢ UHL

\
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Introduction

Causes of bias

Case study 1

Coffee break (10:00 - 10:30)
Case study 2

Bias mitigation

Conclusion & recommendations
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Al Fairness
& Justice

Al Robustness

Finding & fixing
underperforming
patient groups

XAl Al Auditing
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Recommendations & Take-home messages
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Gather as much metadata as feasible.
Perform fine-grained intersectional performance assessment and look for important unlabeled clusters.
Focus on general data & model quality before using specific bias mitigation methods.

Standardize / normalize / harmonize / ... (without normalizing away important biological differences!)

Augment extensively

Ensure robustness w.r.t. variations in technical parameters

Assess & ensure quality of labels

Consider fairness in model selection

Performance (and bias) metrics can be misleading if test data are biased, as is often the case.
External evaluation is key!

There are no silver bullets in bias assessment and mitigation:
Comprehensive root cause investigation is hard detective work.

But: fixing QoS bias problems will just make your models better!

\
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Final recommendation

*  Newsletter!

Fairness of Al in Medical Imaging * Free virtual online symposium in Nov
An independent academic initiative ° These S||des J
www.faimi.org « Resources on FAIMI topics
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http://www.faimi.org/
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