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Abstract

Today, intelligent models are used in applications across all of society, from recidivism prediction,
identity verification, a vast collection of healthcare tasks from polyp segmentation to cancer
grading, and information retrieval, among many more. The vast majority of these intelligent
models are variants of deep neural networks trained on large real-world datasets. These datasets
reflect our historical and societal biases; in turn, AI learns these correlations during training
resulting in predictors and decision-makers exhibiting racism, ableism, sexism and other forms
of prejudice.

Visual data contains many potential biases given its richness of features, and the research related
to developing fair vision models is a challenging, open problem. In particular, the sub-problem
of implicit mitigation – or mitigation when the knowledge of bias sources in the training or
testing data is unknown – is relevant to many use cases where metadata for datasets is difficult
to collect. This work contributes to this domain of research by leveraging the observation that
bias-conflicting samples, or input samples which are not aligned with the majority correlations,
tend to have higher uncertainties in the Bayesian paradigm. By using Bayesian deep neural
networks, we can both maintain the performance capabilities of a deterministic network, while
gaining access to principled uncertainty estimates. Model uncertainties or epistemic uncertainties
in particular provide direct insight into the training data distribution and bias landscape, as
bias-conflicting samples are under-represented.

We explore two novel strategies driven by the uncertainties of a Bayesian neural network. The
first dynamically re-weights samples as a function of their predictive uncertainty estimates during
training, encouraging the model to focus on the more difficult bias-conflicting samples. The
second approach fine-tunes the posterior estimate of a converged Bayesian neural network, using
the uncertainties to adjust the estimates in favour of fairer predictions. The potential of these
methods for implicit visual bias mitigation is demonstrated on benchmark classification tasks
and then extended to a medical image segmentation problem with known generalisability issues.
Our research, while far from a solution to the bias problem, shows potential for improving model
fairness and generalisability and contributes to the literature in this challenging domain.
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Notation

The following list describes the notation used throughout this thesis. The terms are also present

near the sections where they appear in the thesis for reference. As per standard notation, scalars

are represented in italics asa, whereas vectors or matrices of larger dimensions are represented

in bold a.

Parameter De�nition
� The set of all learnable parameters of a neural network
� � The function learned by a neural network with parameters�
x The input to the network
b A scalar bias parameter included in�
h() An activation function
W The weights of a single layer included in�
D A dataset of input and target output pairs, (X; Y ) = ( x i ; y i ); i 2 1::N
p(� j D ) The posterior distribution
p(� ) The prior distribution
M The Monte Carlo sampling size from the posterior for the posterior estimate

of a Bayesian neural network
� The set of posterior samples comprising the posterior estimatef � 1; � 2; :::� M g
� i The predictive mean associated with thei th input
ŷ i The class prediction associated with thei th input
� i The predictive uncertainty associated with the i th input
Âk (x ) The pixel-wise mean activation map across all posterior estimates for thekth

convolutional kernel
f An identi�ed feature in the dataset
IoUk;f The intersection-over-union for the kth convolutional kernel and featuref
t The threshold for determining whether kernelk is a high-activator for feature

f
� k (x ) The kernel uncertainty, the maximum variance across activation maps
� r The parameters of the representation component of the network
� c The parameters of the classi�cation component of the network
� � m The mth posterior estimate
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Chapter 1

Introduction

Data-driven intelligent models - models which learn from data - have been at the forefront of

arti�cial intelligence advances for the past several decades. In the past decade, largely thanks

to the success of neural networks, increasingly impressive accomplishments have captured the

attention of the general public: from the classical vision problems including image classi�ca-

tion, segmentation, and general understanding, to style transfers [56, 80], image and video

generation from text � at qualities beyond what the human eye can detect as fake [129, 135] �

AI-enhanced devices [125, 149], self-driving vehicles [168], and most recently the large language

models (LLMs) [128, 21] such as ChatGPT, Bard, and others. Intelligent models have become

part of our everyday lives, whether we realize it or not.

Yet, barely keeping up with the constant advances of data-driven AI models are the skeptics,

the policy makers, the AI practitioners, the educators, and the general public. In March 2023

the controversial letter titled, �Pause Giant AI Experiments: An Open Letter" [124] called for

a temporary pause in research developing LLMs, and stirred up a controversy with its famous

signatories and opponents passionately defending the future of AI (notable proponents including

AI pioneers Yoshua Bengio and Andrew Yang, and objectors Andrew Ng and Yann LeCun

among others). Regardless of the merits of each stance, the traction gained by such a letter is

indicative of the fact that such models may pose serious risks to society if their shortcomings

and the implications of failure are not fully understood.

All neural network-based models learn from data. Neural networks are essentially multi-variate,

powerful function approximators which optimize given a cost function and data. The learning

is guided by data - data - not contextual understanding of the task, not risk awareness, not

empathy, and certainly not any internal moral or ethical compass. The data can be trillions

of word-text pairs, millions of images, hundreds of thousands of annotations and labels, and

petabytes of video clips. At best, this data is a true re�ection of human society; at worst, it is

a skewed subset which represents the reality for only a very few. Even assuming the dataset is

an accurate re�ection of society, our society unfortunatelyis extremely biased with innumerable

social, economic, ethnic, age, and gender stereotypes. As Mehrabi et al. [112] comprehensively

present, datasets are user-generated, and inherent biases in users are often re�ected in their
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1.1. Contributions Chapter 1. Introduction

data, whether the biases are introduced via sampling processes, populations, social in�uences,

or user behaviour.

Furthermore, models do not know when they are wrong. There is no absolute truth; only the

data they have seen, and what patterns are statistically con�rmed by that data. There exists

an underlying distribution from which that data was sampled, but no guarantee of the sampling

procedure. A 2-D linear regression model cannot be faulted for wrongly classifying a test data

point far from the range of data it has seen, nor for wrongly classifying a test data point when

a portion of its similar training data was misleading. Data-driven neural networks can and do

learn misrepresentations of their target tasks - largely thanks to spurious correlations present in

the data they were shown. Furthermore, they can be wrong not only in the ground-truth sense;

they can also be wrong due to more complex ethical and moral reasons which cannot always be

quanti�ed.

Computer vision is particularly susceptible to biases due to the wealth of information present

in visual data. This work focuses on bias mitigation in computer vision, whereby deep neural

networks are trained in a way that discourages them from learning spurious correlations present

in the data they learn from. While we focus speci�cally on the fundamental tasks of image

classi�cation and segmentation, the approaches explored could also be applied to other visual

tasks and even to some non-visual tasks.

1.1 Contributions

There is a critical need for a better understanding of the biases that pervade large datasets,

especially vision datasets, and for developing algorithmic bias mitigation methods. In our re-

search, we argue that the uncertainties of probabilistic models, in particular, Bayesian neural

networks which can provide uncertainty estimates in addition to state-of-the-art performance,

can be leveraged for the di�cult bias mitigation problem. Using the under-explored correlation

between Bayesian predictive uncertainties and minority, or bias-con�icting, training samples, we

propose two novel mitigation methods leveraging Bayesian uncertainties in deep neural networks.

We then modify the methods and demonstrate applicability to a medical imaging segmentation

problem.

Some of the thesis contributions can be found in the following peer-reviewed publications:

� Chapter 3: Stone, R.S. , Ravikumar, N., Bulpitt, A.J. and Hogg, D.C., 2022. Epistemic

uncertainty-weighted loss for visual bias mitigation. In Proceedings of the IEEE/CVF

Conference on Computer Vision and Pattern Recognition (pp. 2898-2905). Workshop on

Fair, Data-E�cient, and Trusted Computer Vision 2022.

� Chapter 5: Stone, R.S. , Chavarrias-Solano, P.E., Bulpitt, A.J., Hogg, D.C. and Ali,

S., 2023. Bayesian uncertainty-weighted loss for improved generalisability on polyp seg-

mentation task. arXiv preprint arXiv:2309.06807. Volume 14242 of the Lecture Notes in

Computer Science, Clinical Image-Based Procedures, Ethical and Philosophical Issues in
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Medical Imaging, and Fairness of AI in Medical Imaging, MICCAI Workshop 2023.

And presented at the following meeting:

� Chapter 3: Stone, R.S. , Ravikumar, N., Bulpitt, A.J. and Hogg, D.C., 2022. Epistemic

uncertainty-weighted loss for uninformed visual bias mitigation. The British Machine

Vision Association (BMVA) Symposium, 2022.

The second publication includes contributions from two collaborators: Pedro E. Chavarrias-

Solano, who helped process part of the dataset used and generated some �gures for the published

paper, and Sharib Ali, �rst author of the papers presenting the PolypGen dataset and presenting

benchmarks from the challenge hosted around it [4, 6], who contributed by proposing the use

of the dataset, providing information and guidance related to the data, and providing the code

repository for the baselines.

1.2 Thesis outline

Bias mitigation approaches fall in one of two broad categories: explicit and implicit. Explicit

mitigation methods explicitly use and leverage the knowledge of bias sources in the training data

in order to de-bias the model. Conversely, implicit methods make no assumptions, and require

no bias-related annotations. In this research we do not address issues related to bias benchmark

datasets or how to identify and detect biases. While our contributions may be applicable to

non-vision domains, we do not address this in the scope of our work. Rather, we present and

contribute towards the challenging problem of implicit visual bias mitigation in supervised vision

tasks, proposing two novel ways to leverage Bayesian uncertainties in deep neural networks for

this purpose.

First, in Chapter 2 we present a background of the signi�cance and implications of the visual bias

problem, a survey of the literature of mitigation methods generally across arti�cial intelligence

but with a focus on vision models.

In Chapter 3 we then present Bayesian deep learning as an uncertainty-aware alternative for

deep neural networks, and consider the di�erent types of uncertainties and their uses. Finally,

we present the correlation between bias-con�icting samples and predictive uncertainties as seen

in the literature. Based on this correlation, we propose a simple, novel uncertainty-weighted loss

function leveraging the predictive uncertainty and bias correlation, applied to image classi�ca-

tion.

Chapter 4 builds on this with a di�erent bias mitigation method which is applied post-training

as a �ne-tuning procedure to modify the posterior estimate of a Bayesian neural network. The

sharpening loss objective motivates the network to focus less on high uncertainty-inducing fea-

tures, and rather on core features which do not contribute to uncertainty �uctuations. We

demonstrate the strengths and weaknesses of this strategy through experiments on several

datasets.
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In Chapter 5, we demonstrate how the previous two mitigation methods can be modi�ed from

classi�cation to an image segmentation task, and then apply them to the challenging, open-

ended medical imaging problem of polyp segmentation, where state-of-the-art models are known

to struggle with generalisability.

Chapter 6 concludes with a �nal discussion of the key contributions, limitations of the methods

explored, and the potential for further work opened up by our research.
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Chapter 2

Background

2.1 Overview

In 2015, Google rolled out an AI-powered �Assistant", an automatic photo tagging feature in

its well-used Photos app, giving users the capability to search photos for objects or people and

create categories. The feature quickly became widely popular; but only a few months later, users

reported concerning results � dark-skinned people were being tagged as �gorillas" [62]. Apologies,

promises to do better, and a year later in 2016, as part of Google Cloud Machine Learning API's,

Google released Vision Cloud1 with powerful vision tools including image annotating, object

tracking, product search, and more. AlgorithmWatch 2 performed an experiment using simple

in-painting over skin colors in images and found biases; simply through the training data, the

model believed a dark-skinned subject more likely to be holding a weapon than a light-skinned

person [63] (Figure 2.2).

Google, while perhaps with exceptionally large datasets at its disposal, is in no way an ex-

ception to the visual bias problem. An AI-powered automatic passport photo checking service

used in New Zealand repeatedly rejected Richard Lee's photos due to his eyes being detected as

�closed" [158](Figure 2.1). In 2020, researchers found that deep models trained on three of the

most widely-used public chest X-ray datasets for research were biased against gender, socioeco-

nomic groups and racial minorities [139], giving lower predictive accuracies for those subgroups,

and show corresponding imbalances in the training data. A gender and emotion predictor �

a real-time convolutional neural network (CNN) � learned the correlation between the female

gender and smiling, notably labelling the men in the 1911 Solvay Conference mostly as having

�neutral" emotions, whereas the only female, Marie Curie, is an �angry woman" [11] (Figure 2.3).

1https://cloud.google.com/vision/
2https://algorithmwatch.org/
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Figure 2.1: Taiwanese New Zealander gets his proposed passport photo repeatedly rejected by
the AI-powered photo-checking system for eyes being �closed" [158].

Biases in visual datasets are prevalent and pervasive. This chapter presents an overview of biases:

(1) their sources, (2) how deep learning models learn them and even systematize and amplify

them; and (3) a survey of work in the research community on visual bias mitigation. The �rst

two topics are mostly modality-independent, so we will consider various real-world examples, all

relevant to the vision domain. In contrast, the literature survey will focus primarily on visual

bias mitigation methods. To conclude, we discuss the present open challenges.
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Figure 2.2: Google Vision Cloud's labelling API annotates the image of a hand holding a ther-
mometer as containing a �hand" and �gun"(left) , and the same image but with the hand painted
to be light-skinned is a �hand" and �monocular"(right) .

Figure 2.3: A CNN learned a correlation between females and smiling, �nding Marie Curie in
the famous 1911 Solvay Conference appears �angry" compared to the �neutral" expressions of
most of the men [11].

2.2 Bias: sources and implications

�In the context of decision-making, fairness isthe absence of any prejudice or fa-

voritism toward an individual or group based on their inherent or acquired character-

istics [112]; or, for all possible combinations of protected attributes, the probabilities

of the outcomes will be similar� � An intersectional de�nition of fairness, Foulds et

al. [52].

Correlations exist in every data set, whether intentional or unintentional. In the simple classi-

�cation setting, for dataset D with inputs X = f x0; x1::::xN g and corresponding target classes

Y = f y0; y1:::yC g, any feature f such that a majority of xn 2 yc have the same value off induces

a majority bias. Depending on the di�culty of learning f , the correlation threshold may vary;
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when learning f comes at the expense of learning some other core feature [126], the threshold

is lower, whereas in other casesf is not easy to learn so may induce less bias. It may also be

noted that not all biases are harmful. For example, a bias in a dataset may never have negative

implications in usage and can be de�ned as a �benign" bias. If, for example, in a dataset of

satellite imagery the sky is mostly clear, the bias induced by having very few �cloudy" samples

present is a benign bias if we expect to use the resulting model only on sunny days.

In contrast, harmful biases a�ect the model performance under certain conditions and may result

in discriminatory outcomes for certain populations of people. An unfair model, or biased model,

is one whose decisions are skewed against a certain sub-group of valid inputs.Individual bias is

the subset of this scenario, where the skew is against certain individuals.

Though this de�nition of bias is general, what a fair outcome looks like in any speci�c application

may vary depending on the context and desired outcomes. The outcomes of a biased model,

too, vary greatly in application, necessitating a thorough consideration of the intended use-cases

and implications.

In this section, we consider the sources from which biases arise. Bias sources fall into three

broad categories: biases induced directly by the users generating the data, biases in the data

itself, and algorithm-induced or ampli�ed biases [112, 153].

2.2.1 Bias from humans and their data

Historical bias

Historical bias refers to bias which is historically present in society, and while it may not be a

present bias at least in the region of application, may still be re�ected in historical data. Many

societal biases are present in the world today. In a Google image search for �CEO" in 2018, 95%

of the resuling images of CEO's were men [153], re�ecting the fact that there are more male

CEO's than women.

Similarly, in speci�c neighborhoods in the US, crime has a much higher likelihood than the

national average, and there exists a strong correlation between those zip codes and certain

demographics. Thus, intelligent models meant to provide risk assessment in criminal sentencing

can learn to correlate higher likelihoods of crime to those demographics, putting people of that

background at a disadvantage irrespective of the severity of their crime. The Correctional

O�ender Management Pro�ling for Alternative Sanction (COMPAS) software [9] used data-

dependent machine learning, and found blacks �almost twice as likely as whites to be labeled a

higher risk but not actually re-o�end" (Figure 2.4). 3 These correlations, from data collected

through ideal sampling procedures, are historically and statistically accurate but contain biases

that can be very harmful.

3https://www.propublica.org/article/machine-bias-risk-assessments-in-criminal-sentencing
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Figure 2.4: The AI-powered COMPAS system rated Borden (right ) as high risk for future crime,
though her initial conviction was for taking a �kid's bike and scooter that were sitting outside."
She never re-o�ended. Prater (left ) was rated as low risk, despite being older, having been
convicted twice of armed robbery, and having served �ve years in prison. After release he stole
thousands of dollars of electronics from a warehouse.3

Figure 2.5: An example of historical biases embedded into public datasets: Google search en-
gine's autosuggest results when searching the phrase �why are black people so," on January 25,
2013 [122].

�What we �nd in search engines about people and culture is important. They over-

simplify complex phenomena. They obscure any struggle over understanding, and

9



2.2. Bias: sources and implications Chapter 2. Background

they can mask history. Search results can reframe our thinking and deny us the abil-

ity to engage deeply with essential information and knowledge we need, knowledge

that has traditionally been learned through teachers, books, history, and experi-

ence. Search results, in the context of commercial advertising companies, lay the

groundwork, as I have discussed throughout this book, for implicit bias: bias that is

buttressed by advertising pro�ts." � Algorithms of Oppression, Sa�ya Noble [122].

Search engines, the natural source for collecting large-scale data in many domains, are rife

with historical biases [122, 111, 85]. Sa�ya Noble's case studies of bias �Algorithms of Oppres-

sion" [122] highlight the algorithmic conceptualizations of categories of people and ideas embed-

ded into the Google search engine, particularly strong around race and sex. Textual searches

using Google's auto-completion function such as the search in Figure 2.5 show racist correlations

and assumptions. Image searches for �Professor style" returned an overwhelming majority of

males in suits, �ugly" returned mostly men, �beautiful" returned mostly white women, and �black

girls" returned women of color in heavily sexualized out�ts and poses. Makhortykh et al. [111]

study in more detail the racial and gender biases in the image search results of the six most pop-

ular search engines, including two non-Western engines. They �nd that while racial diversity is

improved for those engines, gendered representations are even stronger. Kay et al. [85] �nd that

for gender and occupation biases - the imbalance of gender ratios for many occupations - image

search results actually exaggerate or amplify the existing imbalance ratios; furthermore, their

user studies show that users' perceptions of occupational gender proportions after seeing the

skewed image search results shifted slightly towards the bias. Despite everything, eye-tracking

studies with search engines still con�rm that users trust the automated ranking of search results,

being biased towards those ranked at the top of the page regardless of relevance [138, 23].

Both search engines and LLMs such as ChatGPT and Bard serve as information intermediaries,

�ltering and guiding our information seeking process. Biased representations from these intelli-

gent models underscore and perpetuate existing historical bias into the present and future, with

dangerous e�ect.

Self-selection and sampling bias

Self-selection and sampling bias refer to the bias induced from the populations from which data is

collected. Data collection is inherently dependent on user-provided information. The platforms

from which data are collected act as a �lter for the respondents; collecting data from SnapChat

and Instagram means appealing to a generally younger, majority female demographic; soliciting

information from Reddit or Twitter includes more men. Any data which comes from a survey is

limited to a demographic which is willing to participate - users who have enough time and feel

strongly enough about the topic.

Andrej Karpathy conducted a project for personal interest using a CNN to determine the �best"

sel�e 4. He scraped publicly available data from social media and concluded that the most

4http://karpathy.github.io/2015/10/25/sel�e/
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�popular" sel�es, or the ones with the most �likes", were of women with longer hair, and tended

to be cropped at around the forehead; an interesting conclusion which says more about the

population from which the data was collected than anything else.

Further than just a person's willingness to provide information, self-selection biases can be

proxies for socio-economic factors which contribute to whether users self-select to participate in

surveys, polls, or data sharing.

Even when users do not self-select, the data sampling procedure can also be �awed and result in

biases. The literature is rife with examples of biased sampling; of 94 widely-used ophthalmology

datasets used to train models, only 7 came from regions other than Europe, North America,

and China [88]. ImageNet lacks geographical diversity, representing primarily Western cultures.

Chest X-ray imaging from three large, prominent datasets under-represents certain insurance

types, a proxy for lower economic statuses [139]. Ultimately, both self-selection and sampling

biases result in data representative of a sub-group of the true population.

Labelling bias

Once a dataset has been collected, various forms of annotation may be required for semi-

supervised and supervised learning, which can also inadvertently result in biases. ImageNet,

the widely-used large-scale dataset of millions of labelled images used as a benchmark in com-

puter vision, uses as labels a vocabulary of categories from WordNet [117], an English language

lexical database where each category �synset" is represented by a set of synonyms. In 2009, the

ImageNet team queried various search engines and crowdsourced images for each synset. As

search engines at the time had no image understanding, the results were based on the textual

captions or meta-data associated with each image. Over 50K Amazon Mechanical Turk (MTurk)

workers were then hired to remove irrelevant images and to verify labels for retained images.

A decade later, a Princeton research group considered ImageNet from a fairness perspective and

took steps to remedy the problems they identi�ed [174]. Firstly, they located and removed over

600K images belonging to WordNet synsets containing o�ensive words, such as derogatory terms

related to sexual orientation and religion. Secondly, they removed synsets which were not neces-

sarily o�ensive, but were descriptive, rather than de�nitive. They targeted in particular ethnic

or racial categories, such as �Bahamian (a native or inhabitant of the Bahamas)". While most

images in the category included people wearing traditional Bahamian costumes, the category by

de�nition is non-imageable, since anyone from the Bahamas belongs, irrespective of their out�t.

They used MTurk workers to rate imageability, or how easily each word in a synset brings to

mind certain imagery. It is crucial to note here that again, they did not ask MTurk workers

to rate how well the image brought to mind represented thewhole of the synset, meaning that

their biases were still re�ected in the revised labelling. Lastly, the researchers added images to

rebalance certain categories including occupations such as �programmer" (Figure 2.6), �banker",

etc., with respect to skin color, gender, and age.
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Figure 2.6: Some examples from [174] showing a sampling of images from the original �program-
mer" class (above) and after re-balancing with respect to gender (bottom), taken from the 2019
modi�cation to ImageNet towards a fairer dataset.

In a 2021 study, Kate Crawford and Trevor Paglen further analyzed the categorization and

labelling by MTurk workers in the �Person" category of ImageNet, �nding that there still existed

categories for racial groups, sexual preferences, and adjectives describing behaviour including

�crazy", �failure", �unskilled person" and �hypocrite", among other examples [39] 5.

Figure 2.7: 68 key-points, used to localize 19 facial landmarks (large labelled dots) for computing
craniofacial measurements for the 10 coding schemes used in the Diversity in Faces dataset [114].
Are facial physiological traits a less biased alternative for determining race than skin color?

Attempts to remove correlations between skin colour and ethnicity have also back�red, showing

the di�culty of the task. IBM's Diversity in Faces dataset [114], aimed at improving facial recog-
5https://excavating.ai/
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nition performance on identities of minority skin colour, comprises 1 million face images with

a vast array of metadata including craniofacial distances, areas, and ratios, facial symmetries,

contrasts, skin color, and other features for a total of 10 facial coding schemes (Figure 2.7).

The motivation for the dataset was that skin color is a poor predictor of ethnicity, and relying

on skin color can result in biased models. Yet inadvertently, by replacing skin color with physi-

ological traits, Diversity in Faces posits that correlations of ethnicity to physiological traits are

somehow a better, less biased option. What Yang et al. [174] identi�ed, but failed to remove in

their 2019 audit of ImageNet, is that certain labels are non-imageable, and asking other humans

to think of what features they rely on to categorize people re�ectstheir biases. Ethnicity, for

example, is essentially more a question of geographical and cultural origins than of physical

appearance [22, 39].

These two high-pro�le examples illustrate how easily historical biases re�ected in the data

through the collection process can be further emphasized and even worsened through labelling.

Avoiding any kind of labelling bias requires very serious and thorough consideration of the data,

context, and use cases.

2.2.2 Algorithmic bias

Model-ampli�ed bias

Algorithmic bias [164, 52, 181] is bias which is caused, ampli�ed or exaggerated by the algo-

rithm itself, due to the choice of algorithm and training process. Algorithmic bias results in

worse performance for certain subgroups than the skews present in the training data. Various

factors have been shown to determine when and how bias ampli�cation occurs; Hall et al. [64]

perform a systematic study on tightly controlled synthetic bias datasets based on MNIST and

CIFAR, considering how bias ampli�cation varies as a result of the degree of minority/majority

imbalance, model capacity, training set size, model overcon�dence, the training period, and the

relative di�culty of learning the target class versus the bias subgroup feature. Among other

things, they observe that an unbiased training set results in no bias ampli�cation, and that

there are optimal ranges with respect to bias ampli�cation for model capacity, model overcon-

�dence, and training set size. The clearest factor by far is the relative di�culty of learning the

bias feature - as the bias feature becomes easier to learn, and the target class more di�cult,

bias ampli�cation increases rapidly. Unfortunately, this factor is the most di�cult to control as

it is a function of the data itself and not the algorithm. Thus, bias ampli�cation is a complex

problem with no single solution �tting every scenario.

Various metrics have been proposed including Bias Ampli�cation [181] measuring model fairness

between predictive scores on a test set and the same scores on the training set (under the

assumption that both sets have at least a similar if not less biased distribution), and Directional

Biased Ampli�cation [164] which disentangles ampli�cation directions. These methods, among

others, require knowing the distribution of biases across the training set, so can only be evaluated

in an explicit setting.
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2.3 Bias mitigation in deep learning

2.3.1 Dataset collection

Numerous studies suggest better data collection processes to combat the bias problem [144].

Good dataset collection approaches have one of two aims, towards the same end goal:

1. To avoid learning unwanted correlations via gathering a balanced dataset with a su�cient

representation of all possible attributes and their combinations; or,

2. To make protected attributes impossible to learn by excluding them completely from the

dataset.

A su�ciently diverse population representation is di�cult to obtain, especially in the medical

imaging domain with vast disparities across geography. In practice, this problem is often tackled

by combining datasets from di�erent collection centers, as in [139] who found lung disease predic-

tion fairer across gender, race, and socio-economic subgroups when models were trained on �ve

chest X-ray datasets combined versus when trained on each dataset independently. Furthermore,

in polyp segmentation from laparoscopy procedures, models showed decreases in performance

every time one medical centre's data was reserved as a hold-out test set and not seen during

training [4].

Figure 2.8: Figure from [84] showing the distribution of eight datasets categorized according to
the �White", �Black�, �Latino�, �East Asian�, �South East Asian�, �Indian�, and �Middle Eastern�
subgroups with extreme imbalances to the advantage of the �Whites� majority for most of the
datasets. FairFaces proposes a facial dataset balanced across what they term as �racial groups�.
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Figure 2.9: Figure from [22] showing the distribution of three datasets when categorized ac-
cording to skin phenotype: (1) IJB-A for various skin types, (2) Adience for gender and age
classi�cation, and (3) PPB showing the bene�ts of skin phenotypes for balanced dataset compi-
lation. Despite the former two datasets being intended for diverse representation across regions,
PPB has the most balanced composition across skin phenotypes.

When possible, datasets with intentional balanced sampling from pre-identi�ed subgroups are

preferable. Yet the identi�cation of subgroups is not trivial. For example, the authors of

FairFace [84] identify strong bias against non-White racial groups, and de�ne subgroups based

on certain geographical regions and dark skin colour. They present a facial dataset with only a

slight imbalance towards Whites, and nearly equal presence of �Black�, �Latino�, �East Asian�,

�South East Asian�, �Indian�, and �Middle Eastern� subgroups. Figure 2.8 shows how compared

to predecessors, FairFace includes a better distribution of samples across racial groups.

Yet the compilers of another facial diversity benchmark, the Pilot Parliaments Benchmark

Dataset (PPB Dataset) [22], argue that racial lines cannot be used to subcategorize as one

particular racial group; for example �Middle Eastern", is composed of various skin phenotypes,

which contains its own majority and minorities. Models trained on balanced ethnic groups may

still discriminate towards minorities within those groups. PPB is o�ered as a fairer alternative

to other facial recognition datasets. PPB forms subgroups based on skin phenotypes (shades of

colour) instead of ethnic or racial labels. Compared to two other relevant datasets also o�ering

diversity (1) IJB-A, a US government benchmark with Fitzpatrick [155] skin type labels and

(2) Adience [47], a gender and age classi�cation benchmark to speci�cally target gender imbal-

ance. Figure 2.9 illustrates how rating these two datasets according to phenotypes and gender

still reveals large disparities, a problem which PPB strives to correct. PPB is, however, still

highly biased towards certain age groups and other physiological factors (hair and facial features,

for example) and characteristics such as clothing style which are not explicitly balanced. This

highlights how collecting a fully unbiased dataset is non-trivial.

The second option of excluding all protected attributes from the dataset is perhaps ideal, but not

feasible in most situations. In tasks such as facial recognition, with bias attributes of skin color,

hair type and facial features, the core attributes are very di�cult to separate from the biased at-

tributes. In other scenarios, even when the attributes are su�ciently isolated and separable, the

possible values a bias attribute can take on cannot be comprehensively identi�ed. For example,

in medical imaging, the physical presentations in an image are caused by global region/patient
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