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Abstract

Convolutional Neural Networks have demon-
strated dermatologist-level performance in the
classification of melanoma from skin lesion im-
ages, but prediction irregularities due to biases
seen within the training data are an issue that
should be addressed before widespread deploy-
ment is possible. In this work, we robustly re-
move bias and spurious variation from an auto-
mated melanoma classification pipeline using
two leading bias ‘unlearning’ techniques. We
show that the biases introduced by surgical mark-
ings and rulers presented in previous studies can
be reasonably mitigated using these bias removal
methods. We also demonstrate the generalisation
benefits of ‘unlearning’ spurious variation relat-
ing to the imaging instrument used to capture le-
sion images. Our experimental results provide
evidence that the effects of each of the aforemen-
tioned biases are notably reduced, with different
debiasing techniques excelling at different tasks.

1. Introduction

In recent years, Convolutional Neural Networks (CNN)
have demonstrated skin lesion diagnosis performance
on par with experienced dermatologists (Brinker et al.,
2019a;b; Haenssle et al., 2018). This is particularly import-
ant since, when diagnosed early, melanoma may be easily
cured by surgical excision (Haenssle et al., 2020; Winkler
etal.,2019), and so accessible and accurate diagnostic tools
have the potential to democratise dermatology and save nu-
merous lives worldwide.

While deploying such learning-based techniques far and
wide could be massively beneficial, great care must be
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Figure 1: Examples of artefacts seen in ISIC 2020 data (Ro-
temberg et al., 2021). Top row shows images with surgical
markings present, bottom row shows images with rulers.

taken as any small pitfall could be replicated on a massive
scale. For example, some dermatologists use visual aids
such as skin markings to mark the location of a lesion, or
rulers to indicate scale, as seen in Figure 1. In fact, Wink-
ler et al. (Winkler et al., 2021; 2019) demonstrated how
bias induced by the presence of these artefacts can result
in diminished classification performance. They also sug-
gest that dermatologists avoid using these aids in the future,
which is a valid solution to the problem, though changing
the habits of every dermatologist is highly unrealistic and
could potentially be detrimental to their performance.

Segmentation of the lesion from the surrounding skin has
also previously been proposed, but is not a good option,
since “any kind of pre-processing or segmentation itself
may erroneously introduce changes that impede a CNN’s
correct classification of a lesion” (Winkler et al., 2021).
Cropping surgical markings out of the image has been
shown to be effective at mitigating surgical marking bias
in the work of Winkler et al. (2019), but it is noted this
must be done by an experienced dermatologist to prevent
the loss of important information, which is costly and time-
consuming.

Consequently, the alternative path towards diminishing the
effects of such artefacts would be not to remove the arte-
facts themselves from the image, but to reduce their influ-
ence on how the model functions, which translates to re-
moving the ‘bias’ these artefacts introduce into the learning
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process. As such, recent advances in debiasing archite2- Related work

tures for CNNs (Alvi et al., 2019; Kim et al., 2019) present id lated K withi disti |
an excellent opportunity to robustly mitigate the aforemen-/V€ consider related work within two distinct areas, namely
tioned biases without any need to alter the behaviour O1artefact bias in skin lesion images (Section 2.1) and domain

physicians or pre-process the image data. generalisation (Section 2.2).

Surgical artefacts left by physicians are not the only con- 1. Artefacts bias

cern when it comes to skin lesion classi cation, however.

Another issue that plagues many machine learning modOne of the problems addressed in this paper is the al-
els is the domain shift between the training and real-worlgdorithmic bias introduced by certain artefacts present in
inference data, leading models to perform poorly upon deskin lesion images. Precedent for investigating the mitig-
ployment. One cause of this domain shift in skin lesionation of artefact bias in skin lesion classi cation is found
classi cation is likely to be spurious variation from minor in the work of Winkler et al. (2019), which compares the
differences in the imaging instruments used to capture lePerformance of a CNN classi cation model on 130 lesions
sions. Inspired by the work of Ganin et al. (2017), we pro-Without surgical markings present, versus the same 130
pose also using “unlearning' techniques (Alvi et al., 2019;lesionswith surgical markings present. Strong bias was
Kim et al., 2019) for domain generalisation by removing demonstrated, with speci city hit hard, as well as Area Un-

spurious variation associated with instrument type to creder the Curve (AUC). Another work (Winkler et al., 2021)
ate a more genera”sab|e, instrument-invariant model. shows a similar level of bias caused by rulers in skin lesion

) ) ) _ images.
In summary, this work aims to explore bias and domain

‘unlearning' towards creating more robust, generalisableSegmentation of skin lesions from the surrounding healthy
and fair models for melanoma classi cation. All imple- Skin has been suggested as a means of removing artefacts
mentation is publicly available on GitH&b Our primary ~ from the input of skin lesion classi cation models (Jafari
contributions can be summarised as follows: et al., 2016, Okur & Turkan, 2018) HOWeVer, this is not
commonly used at the time of writing, given that CNNs
may utilise information in the surrounding skin regions
* Melanoma classi cation- The models presented (Bissoto et al., 2019; Winkler et al., 2021) and so removing
demonstrate impressive melanoma classi cation perthis can impact classi cation performance. Artefacts them-
formance, with many of the tested architectures beatselves also often impede segmentation (Mishra & Celebi,

ing the average performance of experienced dermato2016), and artefacts that are on the lesion itself are not sep-
logists on a benchmark datas@Brinker et al., 2019b)  arable from the lesion by image region.

(Section 4.2). , , ,
In an earlier work, Bissoto et al. (2020) tackle the issue

of artefact bias removal in a manner similar to the one
* Artefact debiasing We mitigate the bias introduced proposed in this work by using a model with seven debi-
by surgical markings and rulers, as shown in the workasing heads in an attempt to mitigate the bias caused by
of Winkler et al. (2021; 2019) using "Learning Not to seven artefacts. The authors conclude that the bias removal
Learn' (Kim et al., 2019) and "Turning a Blind Eye' method in the work of Kim et al. (2019) (‘Learning Not to
(Alvi et al., 2019) methods (Section 4.1). Learn'") is not ready to tackle the issue. However, ablation
studies to isolate each head are lacking, and so the ef c-
acy of each of the seven individual debiasing heads cannot
be ascertained. It is, therefore, possible that certain heads
bring down the performance of the entire model, or interact
with each other unfavourably. In addition to this, the paper
does not experiment with other leading debiasing solutions
such as the one proposed in the work of Alvi et al. (2019)

We introduce related work in Section 2, methods in Sec{ Turning a Blind Eye’), which may be more effective at
tion 3, experimental results in Section 4, limitations andthe given task.
potential future work in Section 5, and conclusions in Secqp, this work, we only focus on biases that are well doc-

« Domain generalisation We demonstrate the general-
isation bene ts of unlearning (Alvi et al., 2019; Kim
et al., 2019) information relating to the instruments
used to capture skin lesion images (Section 4.2).

tion 6. umented as causing performance degradation, and com-
Ihitps://github.com/pbevanl/ pare individual debiasing heads across different methods
Skin-Deep-Unlearning before combining these heads. Bissoto et al. (2020) do

%It should be noted that this is based on the classi cation of anote improvements in performance when testing their debi-

single lesion image and in practice dermatologists have access ¥sing models on data with signi cant domain shift such
further sources of information during patient consultation.


https://github.com/pbevan1/Skin-Deep-Unlearning
https://github.com/pbevan1/Skin-Deep-Unlearning
https://github.com/pbevan1/Skin-Deep-Unlearning

Skin Deep Unlearning

as the Interactive Atlas of Dermoscopy clinical data (Lio
& Nghiem, 2004), which indicates some improvement in
generalisation. We build upon this notion in our domain
generalisation experiments (Section 4.2).

2.2. Domain generalisation

A common assumption in machine learning is that the
training and test data are drawn from the same distribu-
tion, though this assumption does not usually hold true in

real-world applications (Csurka, 2017). For instance, ingiq re . Domain shift between clinical and dermoscopic

consistencies in prostate cancer classi cation performanCﬁ.nages of the same lesion (Lio & Nghiem, 2004). Top row
between image samples originating from different clinicsgy, . dermoscopic images, bottom row clinical.

is shown by Arvidsson et al. (2018), and the authors hy- ’ '

pothesise that this could be due to domain shift caused by

\;igiu?;elrr; tgrz ?v?/l;l?nrg?:ﬁmuzgfﬁg I;jﬁgég?'ggrﬂiz;; éambedding and the unwanted bias. Further details of these
(skin surface microscopy), and clinical (standard photo_unlearnlng methods are described in Sections 3.1 and 3.2.
graph) (Westerhoff et al., 2000) (see Figure 2). This do-

main shift has been shown to impact model performance-1- Learning Not to Learn

(GU et al., 2020) Add|t|0na”y, W|th|n these two |mag|ng ‘Learning Not to Learn' (LNTL) (K|m et aL’ 2019) pro_
methods, many different brands and models of instrumengoses a novel regularisation loss combined with a gradient
are used by different clinics, which may also introduce do-reversal layer (Ganin et al., 2017) to remove bias from the
main bias. Supporting this hypothesis, it is shown by Jackfeature representation of a CNN during backpropagation.
son et al. (2020) that CNNs can easily discriminate betWeelFigure 3 ShOWS a generic Overview Of the LNTL architec-
camera mOdeIS, which can lead models to overt to thiSture. The input image(, is passed into a feature extractor,
spurious variation during training. f: x 1 RKX,whereK is the dimension of the embedded

Domain adaptation methods have been successfully used {gature.

minimise the distance between the underlying distributionsrhe feature extractor is implemented as a pre-trained con-
of training and test datasets, i.e. a model trained on a givego|utional architecture such as ResNeXt (He et al., 2016)
dataset (source distribution) is enabled to perform well orpr Ef cientNet (Tan & Le, 2019) in this work. The extrac-
a different dataset (target distribution) via domain adaptateq feature embedding is then passed in parallel into both
tion (Atapour-Abarghouei & Breckon, 2018; Csurka, 2017;g: RK 1Y andh: RK | B , the primary and auxiliary
Gu et al,, 2020; Guan & Liu, 2022). However, such meth-c|assi cation heads respectively, where, in the case of this

ods require knowledge of the target distribution, which iswork, Y represents the set of possible lesion classe8and
not always readily available. Domain generalisation, onrepresents the set of target bias classes.

the other hand, is more robust than domain adaptation, and o ) )
differs in that the target domain is unseen (Li et al., 2020), he networkst andh play the minimax game, in which
aiming for improved performance on a wide range of pos-h is tralned to f:lgs;lfy the bias from the e>§tracted' feature
sible test data. In this work, we explore applying bias un-€mbedding (minimising cross-entropy), whifsts trained
learning techniques (Alvi et al., 2019; Kim et al., 2019) {0 maximise the cross-entropy to restrairirom predict-
towards domain generalisation in melanoma classi cation!nd the bias, and also to minimise the negative conditional

attempting to nd an instrument-invariant feature repres-entropy to reduce the mutual information between the fea-
entation without compromising performance. ture representation and the bias. The gradient reversal layer

betweenh andf acts as an additional step to remove in-

formation relating to the target bias from the feature rep-
3. Methods resentation.

In this work, two leading debiasing techniques within The gradient reversal layer works by multiplying the gradi-
the literature are used, namely "Learning Not To Learn'ent of the auxiliary classi cation loss by a negative scalar
(LNTL) (Kim et al., 2019) and "Turning a Blind Eye' during backpropagation, causing the feature extraction net-
(TABE) (Alvi et al., 2019). Both of these are often re- work, f , to “learn not to learn’ the targeted bidéx), rather
ferred to as "unlearning’ techniques because of their abilitthan learn it. By the end of training, has learnt to extract

to remove bias from the feature representation of a networly feature embedding independent of the bipkas learnt

by mlnlmlSlng the mutual information between the featureto use this feature embedding to perform the primary clas-
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si cation task without relying on the bias, afdperforms  classi cation lossL ,, together withL ¢ont. The confusion
poorly at predicting the bias due to the lack of bias inform-loss is de ned as follows:

ation in the feature embedding. X 1

L conf(Xm;¥Ym; m; repr) = alOQpn ms )

Nm

The minimax game along with the main classi cation loss

are formulated as: ] ) i i .
wherexy, is the inputyy, is the bias labelp, ,, is the soft-

max of the auxiliary classi er output and,, is the num-
min max Ex p, ( )[I_g( £ g; ber of auxiliary classes. This confusion loss works towards
fig n —{z— nding a representation in which the auxiliary classic-
ation head performs poorly by nding the cross entropy
between the output predicted bias and a uniform distribu-
tion. The complete joint loss function being minimised is:

(a)
* By (i) &'SQQ(W (*))];

I )
(b)

Lo( i n)

|_(CZ)_ L(Xp,Yp,Xsyys, pr S» repr) = Lp(Xp,yp, repn p) 3)

. +Ls+t Lconf;

where (a) represents the cross-entropy loss of the main clas- ) ) _
si cation head, (b) represents the regularisation loss and (cyvhereé  is a hyperparameter which determines how
represents the cross-entropy loss of the auxiliary bias clagitrongly the confusion loss impacts the overall loss. The
si cation head. The hyperparametersand are used to feature extractof,, is implemented as a pre-trained convo-
balance the terms. The parameters of each network are dtfional architecture such as ResNeXt (He et al., 2016) or
noted as ¢, 4 and . An auxiliary distribution,Q, is ~ EfcientNet (Tan & Le, 2019) in this work.
used to approximate the posterior distribution of the bias,
P, which is paramaterised as the bias prediction network,
h.

Figure 4: "Turning a Blind Eye' generic architecture. Fea-
ture extractorf , is implemented as a convolutional archi-
tecture such as ResNeXt or Ef cientNet in this work. “fc'
Figure 3: "Learning Not to Learn' architecture. Featuredenotes a fully-connected layer.
extractorf , is implemented as a convolutional architecture
such as ResNeXt or Ef cientNet in this work. “fc' denotes Additionally, as proposed by Kim et al. (2019), a hybrid of
a fully-connected layer. LNTL and TABE can be created by utilising the confusion
loss (CL) from TABE, and then also applying gradient re-
versal (GR) from LNTL to the auxiliary classi cation loss
as it is backpropegated fa We denote this con guration
Figure 4 shows a generic overview of the “Turning a Blindas 'CLGR'.
Eye' (TABE) (Alvi et al., 2019) architecture. Similar to
LNTL (Kim et al., 2019), this method also removes un- 3.3. Datasets
wanted bias using an auxiliary classi ery,, wherem
is the m-th unwanted bias. The TABE auxiliary classi-
er minimises an auxiliary classi cation losd, s, used to
identify bias in the feature representatiopy, as well as
an auxiliary confusion loss (Tzeng et al., 2015)ns, Used
to make (g invariant to the unwanted bias. Since these
losses stand in opposition to one another, they are minim¥he International Skin Imaging Collabaration (ISIC) chal-
ised in separate steps: rkts alone, and then the primary lenge is a yearly automated melanoma classi cation chal-

3.2. Turning a Blind Eye

This section brie y describes the datasets used in the exper-
iments (see supplementary material Section B for example
images).

3.3.1. ISICCHALLENGE TRAINING DATA
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lenge with several publicly available dermoscopic skin le-3.3.3. MQ.ASS BENCHMARK TEST DATA
sion datasets (see ISIC archiyecomplete with diagnosis

labels and metadata. A combination of the 2017 an
2020 ISIC challenge data (Codella et al., 2018; Rotember
et al., 2021) (35,574 images) is used as the training dat
in this work due to the higher representation of artefacts i

these datasets than other competition years. Pre-proces . . . .
P y P sions), each with 20 malignant and 80 benign lesions. In

(centre cropped and resized) images of size 258 are the studv the d . d clinical i ¢
used for all training and testing. The surgical markings are € study, Ihe dermoscopic and cliinical Image Sets were

labelled using colour thresholding, with the labels double-ClaSS'. ed by .157 and 145 experlenged Qermatologlsts re-
spectively, with their average classi cation performances

checked manually, while the rulers are labelled entirely™" "~ . X
manually. A random subset (33%, 3,326 images) of théJubllshed. The dermoscopic MClass data is made up of

2018 (Codella et al., 2018) challenge data is used as thenages from the ISIC _afCh'Ve’ some (.Jf which were also
validation set for hyperparameter tuning. present in our ISIC training data (Section 3.3.1), so these

were removed from the training data to prevent data leak-
The model and training data used by Winkler et al. (2021;age.
2019) are proprietary, and so the bias in these studies could
not be exactly reproduced. Alternatively, since the primary3.3.4. NTERACTIVE ATLAS OF DERMOSCOPY AND
objective is to investigate the possibility of removing bias ASAN DATA
from the task, we skew the ISIC data (Codella et al., 2018; . .

Two additional test sets, the Interactive Atlas of Dermo-

Rotemberg et al., 2021) to produce similar levels of bias in p i Nahi 2004 4 the A
our baseline model as shown in the aforementioned stud2°PY ataset (Lio & Nghiem, ), and the Asan test

ies. Benign lesions in the training data with surgical mark-Olataset (Han et al., 2018), are used to further test do-

ings are removed and images that are both malignant anra"?‘in generalisa_tion (Section 4.2). The Atlas dataset com-

marked are duplicated and randomly augmented (treatingrlses 1’01.1 _Iespns across 7 clgsses, with one dermoscopic
each duplicate as a new data point) to skew the model to—nd one clinical IMage per lesion. The Asan test dataset

wards producing false positives for lesions with surgicalcompr'sheséfé chmgal |;nagescadcrcl)|ss Z cllaszzelsgolf?let&ons.
markings, thus reproducing the level of bias demonstrate list the training data (Codella etal., » Rotem-

by Winkler et al. (2019). The dataset is processed simil- erg et al., 2021) is mostly white Western_ patients, the At-
arly with rulers to demonstrate ruler bias. The number o as and Asan datasets have representation from a broader

duplications of melanoma images with surgical markings’"€ty of ethnic groups, which enables a better test of a
model's ability to deal with domain shift.

presentdm, and with rulers presendr, are used as hyper-
parameters to control the level of skew in experiments. This .
arti cially skewed data is only used to demonstrate artefact-4- Implementation

debiasing (Section 4.1), and the original data is used for all|| experiments are implemented in PyTorch (Paszke etal.,

The MClass public human benchmark introduced by
rinker et al. (2019b) is used as a test dataset for assess-
g domain generalisation (Section 4.2), also providing a
uman benchmark. This dataset comprises a set of 100

S%%Irmoscopic images and 100 clinical imageiférentle-

other experiments. 2019) and carried out using two NVIDIA Titan RTX GPUs
in parallel with a combined memory of 48 GB on an Arch
3.3.2. FEIDELBERG UNIVERSITY TEST DATA Linux system with a 3.30GHz 10-core Intel CPU and 64

The test set presented by Winkler et al. (2019) is used t§B Of memory. The baseline model is inspired by the
evaluate the artefact debiasing approach presented in thj¢nning entry from the 2020 ISIC challenge (Ha et al.,
work (Section 4.1). The dataset comprises 130 lesions: 23020), which ut|I|ses.the Ef cientNet-B3 architecture (Tan
malignant, 107 benign. There are two images of each lesiof L€, 2019), pre-trained on the ImageNet dataset (Deng
in the set, one without surgical markings, and one with sur&t al., 2009). ResNet-101 (He et al., 2016), ResNeXt-
gical markings. This allows a direct evaluation of the effect101 (Xie et al., 2017), DenseNet (Huang et al., 2017) and
of surgical marking bias on the performance of a model/nception-v3 (Szegedy et al., 2016) are each substituted
The test set from the ruler bias study (Winkler et al., 2021)fr Ef cientNet-B3 to evaluate the optimal network for the

is not publicly available or shared, so the plain images frorfask, simultaneously testing the effectiveness of the debias-
the work of Winkler et al. (2019) are superimposed with iNd techniques across different architectures.

rulers to be used as testimages. The approach of superirgxrly experimentation showed ResNeXt-101 to be the
posing rulers was validated as not statistically signi cantly gyerall best performing architecture, as seen in Table 2, and
different from in-vivo rulers by Winkler et al. (2021). therefore experimentation is focused around using this as
the feature extractor in the domain generalisation experi-
ments. Ef cientNet-B3 is kept as the base architecture for
surgical marking and ruler debiasing since the baseline per-

3https://www.isic-archive.com/
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formance is closest to the reported performance of the umd.1. Artefacts bias removal

known proprietary model used in the work of Winkler et al. We att t to mitigate the bi dby tefacts that
(2019). The primary and auxiliary classi cation heads are € attempt to mitigate the bias caused by two artetacts tha

implemented as a single fully-connected layer, as suggeg.ave been shown to affect performance in melanoma clas-

ted by Kim et al. (2019). Stochastic gradient descent i cation, ”a”?e'y surgical markings (Winkler et aI.,. 2019)
used across all models, ensuring comparability and comEianl rulers (Winkler etal., 2021) (see Table 1 and Figure 5).

o : R Separate individually-skewed training sets are used with
patibility between the baseline and debiasing networks. skew levels set aim=20 (dm being number of duplica-

Following a grid search, the learning rate (searchedions of images with surgical markings) for examining the
between 0.03 and 0.00001) and momentum (searche@moval of surgical marking bias amid=18 (dr being du-
between 0 and 0.9) are selected as 0.0003 and 0.9 respeplications of images with rulers) for ruler bias. We use sur-
ively (see Section D of the supplementary material for fullgical marking and ruler labels as the target for the debiasing
hyperparameter tuning results). The learning rate of théeads in each of these experiments respectively.

TABE heads is boosted by a factor of 10 (to 0.003), as sugi—E h model is trained and luated 6 fi ina 6 dif-
gested by Alvi et al. (2019), except when using multiple ach model 1s frained and evaluate 'MEes using '

debiasing heads since this seems to cause instability. Tﬁgrent random seeds, aIIovylng the mean and standqrd devi-
best performing values of the hyperparameteand i ation to be reported. The high scores are due to the inherent

Equation (1) and Equation (3) are also empirically chosen(:l‘fir_Ity of the cues _W'th.m the images and cons_equent sim-

tobe =0:03and =0-0L plicity of the classi cation of the test set, consistent with
the scores reported by Winkler et al. (2021; 2019). Any

A weighted loss function is implemented for all auxiliary chance of a leak between the test set and the ISIC training

heads to tackle class imbalance, with each weighting coefdata has been ruled ofit Despite the ease of classi ca-

cient, Wy, being the inverse of the corresponding classtion, both the existence of bias and the effectiveness of bias

frequency,c. Since the proportion of benign and malig- mitigation can still be demonstrated, and experiments using

nant lesions is highly imbalanced in the test sets, accuracthe original test set provide direct evidence that we are able

proved not to be a descriptive metric to use. Instead, AUGo mitigate the problem presented in these studies. While

is used as the primary metric across all experiments, as ihe baseline model performs very well for the unbiased im-

standard in melanoma classi cation (Ha et al., 2020; Hanages (Table 1 - ‘Heid Plain'), performance suffers when

etal.,, 2018; Li & Shen, 2018; Okur & Turkan, 2018), given this model is tested on the same lesions with either artefact

that it takes into account both sensitivity and speci city present, replicating the ndings from the work of Winkler

across all thresholds and is effective at communicating thet al. (2021; 2019).

performance when the target classes are imbalanced (Man-

drekar, 2010). We use test-time augmentation (Simonyan

& Zisserman, 2015; Szegedy et al., 2016) to average pre-

dictions over 8 random ips along different axes, applied

to all test images, to enable a fairer evaluation of our mod-

els. The optimal number of epochs for training each archi-

tecture on each dataset is chosen through analysis of the

5-fold cross validation curves for the baseline models, se-

lecting the epoch at which the AUC reached its maximum

or plateaued (see Section 5 of the supplementary material).
Figure 5: Comparing melanoma classi cation performance

of artefact debiasing models against the baseline, trained on
arti cially skewed ISIC data.

The results of our artefact bias removal experiments are

presented in Section 4.1. We present the domain geneFigure 5 presents evidence that each debiasing method is
alisation experimental results in Section 4.2. The threesuccessful at mitigating artefact bias. LNTL is the most ef-
variations of debiasing heads that were implemented antective at unlearning surgical marking bias, improving on
combined in the experiments are: "Learning Not to Learn'the baseline AUC by 0.055 (6.1% increase) on the equival-
(LNTL ) (Kim et al., 2019), "Turning a Blind EyeTABE) ent marked images from the same set ("Heid marked"). All
(Alvi et al., 2019), and a hybrid of the confusion loss (CL) three techniques also mitigate ruler bias well, with CLGR
from TABE with the gradient reversal layer (GRL) from being the most effective and showing a 0.127 increase in
LNTL (CLGR). AUC compared to the baseline (15.3% increase). The res-

4. Experimental results

“The corresponding author of the test set was contacted and
they ruled out a data leak between their test set and the ISIC data.
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Table 1: Artefact debiasing Melanoma classi cation performance when using unlearning techniques versus a baseline,
trained on skewed ISIC data. Scores A#C. "Heid Plain' is free from artefacts while "Heid Marked' and "Heid Rulers'
contain the same lesions with surgical markings and rulers pregentlicates surgical marking labels as target for the
auxiliary head and indicates ruler labels.

(a) Surgical Marking Removatiim=20) (b) Ruler Bias Removaldf =18)

Experiment Experiment
Heid Plain Heid Marked Heid Plain Heid Ruler
Baseline 0.9900.002 0.902 0.013 Baseline 0.999 0.000 0.831 0.022
LNTLy 0.991 0.005 0.957 0.023 LNTLz 0.997 0.001 0.874 0.031
TABEy 0.998 0.001 0.917 0.019 TABEz 0.992 0.002 0.938 0.017
CLGRy 0.998 0.002 0.949 0.022 CLGRz 0.999 0.010 0.958 0.018

ults of our experiments suggest that unlearning techniquesst 8 “instrument' categories, but there are many outlier
can be used to reduce the bias demonstrated by Winklarategories with a very small number of observations, which
etal. (2021; 2019), but are not a perfect solution, given thatire discarded to prevent signi cant class imbalance.

the artefacts still have a negative impact on performanc

- Table 2 compares the generalisation ability of each instru-
when compared to performance on the plain images.

ment debiasing method against the baseline. We test the
models on a number of datasets of differing distributions to
test generalisation. We apply the debiasing heads to several
Another signi cant issue within melanoma classi cation different model architectures (Ef cientNet-B3 (Tan & Le,

is instrument bias, hindering the application of a trained2019), ResNet-101 (He et al., 2016), ResNeXt-101 (Xie
model to image data acquired via different imaging instru-et al., 2017), DenseNet (Huang et al., 2017), Inception-v3
ments. We attempt to address this issue by removing instrdSzegedy et al., 2016)) and compare the results, allowing us
ment bias from the model pipeline using unlearning techto0 select a champion architecture for further experimenta-
niques (Alvi et al., 2019; Kim et al., 2019), with the aim of tion. ResNeXt-101 is chosen for focused experimentation
improving domain generalisation. According to ISIC, im- and discussion since it achieves the highest score on 3 out
age dimensions in ISIC competition data are a good proxyf the 5 test sets, as seen in Table 2. TABE and CLGR out-
for the imaging instrument used to capture the infagég-  Perform the respective baselines across most experiments
ure 6 shows the distribution of image sizes in the ISIC datafor most tested architectures, but all methods generally
set, following omission of outlier classes. under-perform when used with ResNet-101 or when tested
on the Atlas Dermoscopic data (please see Table 2 for de-
tailed breakdown). On the MClass clinical test set using
ResNeXt-101, the CLGR head is the difference between
the model performing below the dermatologist benchmark,
and exceeding it (8.5% AUC increase), highlighting the po-
tential impact of these domain generalisation methods.

4.2. Domain generalisation

In general, the greatest performance increases are observed
on the clinical test sets, likely since these have the greatest
domain shift from the dermoscopic training set. The mod-
els utilising LNTL were less successful, and even negat-

Figure 6: Class distribution of instruments in ISIC . . : L
; _ ively impacted performance in some cases. This highlights
2020/2017 combined data (Codella et al., 2018; Rotemberghat a single technique should not be applied in blanket

et aI.,_2021). Instruments inferred as separate through imFashion, as is done by Bissoto et al. (2020); certain tech-
age size. niques may only be suitable for speci ¢ tasks and datasets.

These dimensions were used as the auxiliary target fofFigure 7 shows the bene ts of using a TABE head for
debiasing, attempting to remove spurious variation relatednstrument bias removal compared to the baseline model
to the imaging instrument from the feature representa{both ResNeXt-101), showing an 11.6% AUC improve-
tion. The vast majority (98%) of the ISIC training images ment on the Asan clinical test setand a 6.6% increase on the
(Codella et al., 2018; Rotemberg et al., 2021) make up théClass dermoscopic test set. TABE can be differentiated
R from the baseline on each clinical test set, suggesting this

5ISIC were contacted about origin clinics for their images andig pe a good tool for domain generalisation with dermo-
they mentioned the link between image dimensions and origin.
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Table 2:Domain generalisationComparing generalisation ability of each debiasing method across different architectures,
trained using ISIC 2017 and 2020 data. All scoresAd€. The “dermatologists' row is the AUC scores from the work

of Brinker et al. (2019b). Thg symbol indicates the use of instrument labels for the auxiliary head. Bold numbers are the
highest score for that architecture, underlined scores are the highest scores across all architectures.

Experiment Architecture Atlas Asan MClass
Dermoscopic Clinical Clinical Dermoscopic Clinical
Dermatologists — — — — 0.671 0.769
Baseline Ef cientNet-B3 0.757 0.565 0.477 0.786 0.775
LNTLx Ef cientNet-B3 0.709 0.562 0.570 0.830 0.630
TABEX Ef cientNet-B3 0.811 0.629 0.685 0.877 0.889
CLGRx Ef cientNet-B3 0.761 0.562 0.656 0.882 0.838
Baseline ResNet-101 0.802 0.606 0.704 0.877 0.819
LNTLx ResNet-101 0.776 0.540 0.766 0.817 0.748
TABEX ResNet-101 0.746 0.541 0.617 0.809 0.808
CLGRx ResNet-101 0.795 0.615 0.723 0.870 0.739
Baseline ResNeXt-101 0.819 0.616 0.768 0.853 0.744
LNTLXx ResNeXt-101 0.776 0.597 0.746 0.821 0.778
TABEX ResNeXt-101 0.817 0.674 0.857 0.908 0.768
CLGRx ResNeXt-101 0.784 0.650 0.785 0.818 0.807
Baseline DenseNet 0.775 0.559 0.655 0.851 0.695
LNTLXx DenseNet 0.760 0.548 0.750 0.859 0.689
TABEX DenseNet 0.809 0.622 0.743 0.863 0.788
CLGRx DenseNet 0.760 0.596 0.872 0.843 0.776
Baseline Inception-v3 0.762 0.528 0.671 0.784 0.605
LNTLXx Inception-v3 0.784 0.556 0.729 0.809 0.583
TABEX Inception-v3 0.751 0.593 0.735 0.818 0.746
CLGRx Inception-v3 0.722 0.537 0.775 0.847 0.706

urations are shown in Table 3. Using a single TABE head
removing instrument bias is still the most effective overall
con guration. For results across a more complete set of
con gurations, refer to Section 8 in the Appendix.

Table 3: Generalisation of ResNeXt-101 models trained us-
ing ISIC 2017 and 2020 data. The “dermatologists' row is
the AUC scores from the work of Brinker et al. (2019b).

Instrument, surgical marking and ruler labels represented

Figure 7: ROC curves for TABE instrument debiasing on .
by x, y andz respectively.

ASAN clinical (left), and MClass dermoscopic (right) test
sets, with ResNeXt-101 as the base architecture.

. Atlas Asan MClass
Experiment

Dermoscopic ~ Clinical ~ Clinical ~ Dermoscopic  Clinical
Dermatologists — — — 0.671 0.769
scopic and clinical data. Since both the training data and Baseline 0.757 0565 0477 0.786 0.775

i i TABEX 0.817 0.674  0.857 0.908 0.768

the _MCIass dermoscopic data are from the ISIC ar_chlve, e 0818 0510 O7eo 5886 0600
the improved performance suggests the bene ts of instru-taBex+LNTLz 0.828 0640  0.747 0.880 0.824

ment invariance even when testing on data drawn from a
similar distribution as the training data. This is likely due
to the mitigation of domain bias caused by variation in the4.3. Ablation studies

speci ¢ type of dermoscopic instrument used. Ablation was built into the experimentation process since

We experiment with using two debiasing heads, each reindividual bias removal heads were implemented in isola-
moving a different bias (instrument, surgical marking ortion before attempting combinations, and debiasing heads
ruler), aiming to improve generalisation. The top con g- were implemented both with and without gradient reversal.
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Table 4: Ablation of gradient reversal (denoted by *) from tion 4.1). We have investigated the use of bias removal
LNTL using ResNeXt-101 for removal of instrument bias. models on two test sets for each artefact bias, one compris-
ing lesion images with no artefacts present and one com-

Experiment Atlas Asan MClass prising the same lesion images with artefacts present. We

Dermoscopic  Clinical ~ Clinical Dermoscopic  Clinical have shown that the debiasing models perform on par with

LNTL 0.804 0612  0.768 0.819 0.801 the baseline on the images without artefacts, and better on
LNTL* 0.783 0.605 0.710 0.827 0.747

the images with artefacts. Utilising confusion loss with
gradient reversal for bias removal (Kim et al., 2019) im-
proves the baseline AUC by 15.3% on lesion images with
Using a single head to unlearn instrument bias is foundulers present (Table 1) whilst using LNTL (Kim et al.,

to be more effective for generalisation than combining2019) improves performance by 6.1% when surgical mark-
this head with artefact bias removal heads. TABE (A|VI ings are present. This Suggests the addition of these debi-
et al., 2019) both with and without the gradient reversalasing heads leads to a model more robust to each artefact
layer has proven successful for different tasks (Table 1pias, without compromising performance when no bias is
Table 2), but ablation of the gradient reversal layer frompresent. Utilising these techniques could be an alternative
LNTL (Kim et al., 2019) generally diminished perform- to the behaviour change amongst dermatologists suggested
ance (see Table 4). by Winkler et al. (2021; 2019).

L We have also provided evidence of the generalisation bene-
5. Limitations and future work ts of using unlearning techniques to remove instrument-

While we have demonstrated the impressive performanciéje”tifying information from the feature representation of
CNNs trained for the classi cation of melanoma (Sec-

of unlearning techniques for artefact debiasing, one draw-;

back of such approaches is the need to manually label thedtn 4-2). We have demonstrated this using the ISIC train-

artefacts in each training image. These artefacts, howevelld data (Codella et al., 2018; Rotemberg et al., 2021),
are often quick and easy to identify by untrained individu- With image size as a proxy for the imaging instrument. To

als. Further research may look to uncover biases caused tigSt the generalisation capabilities of our bias removal ap-

other artefacts in a similar manner to the work of Winkler proaches, we have used ve popular skin lesion test sets

et al. (2021; 2019) and evaluate the effectiveness of unwith varying degrees of domain shift. Utilising the “Turn-
i 2019) debiasing head is gen-

learning techniques at mitigating these. Future work could"9 @ Blind Eye’ (Alvi etal.,

also incorporate an algorithm which accurately labels arte€r2lly the most effective method, most notably inducing

facts and dynamically changes the model architecture tg" 11.6% AUC increase compared to the baseline on the
apply the required bias removal heads for the task. Asan dataset (Han et al., 2018) when using a ResNeXt-101
feature extractor. Our models perform better than exper-
As for potential improvements in domain generalisation,jenced dermatologists, consistently beating their average
image size cannot be universally assumed as a proxy fosUC score on the MClass test sets (Brinker et al., 2019b).
the imaging instrument across all datasets so we reconGeneralisation methods such as this are powerful for ensur-
mend the actual instrument model be recorded as metadajigg consistent results across dermatology clinics, and may
when collecting training data for melanoma classi cation. have utility in the emerging diagnostic app space (Rat et al.,
Further research could include incorporating an instrumeng018), given that differences between smartphone cameras
identi cation system which could provide labels for the im- are likely to introduce spurious variation in a similar man-
age acquisition instrument. Further work may also evaluatger.
the effectiveness of debiasing techniques in improving gen-
eralisation for diagnostic smartphone apps such as those rg-
viewed by Rat et al. (2018). Detailed analysis into the spe-i‘CknOWIedgements
ci ¢ reasons why certain debiasing methods seem to workp/e thank Holger Haensle & team of Heidelberg University
better for certain tasks could also be a useful avenue fopepartment of Dermatology for providing the test dataset

future research. from Winkler et al. (2019); we thank Jochen Weber of ISIC
for providing additional information on the ISIC dataset;

6. Conclusion we thank Chris Deotte for providing cropped and resized
ISIC data.

This work has compared and demonstrated the effective-
ness of debiasing methods in the context of skin lesion clas-
si cation. We have successfully automated the mitigation
of the surgical marking and ruler bias presented by Wink-
ler et al. (2021; 2019) using unlearning techniques (Sec-
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Appendix B. Examples of data

This section presents supplementary material that can beigure 8 shows a sample of the images from the ISIC
referenced to enhance the readers' understanding of the ddermoscopic training data (Codella et al., 2018; Rotemberg
tails of the work. We could not t the general literature etal., 2021), including some examples of surgical markings
review for skin lesion classi cation in the paper, so this is and some examples of rulers.

presented in Section A. Samples of each training and test
dataset are illustrated in Section B, to give a feel for the im-

ages present in each. Justi cation for our choice of metrics

is given in Section C. Hyperparameter tuning results are
presented in Section D. Additional experimental results in

the form of ROC curves and tables that were not included

in the main paper can be found in Section E. Our attempt
at interpreting artefact bias using vanilla gradient saliency,

maps (Simonyan et al., 2014) is presented in Section E.1. igure 8: Example images from the ISIC dermoscopic

raining set (Codella et al., 2018; Rotemberg et al., 2021).

A. Skin lesion classi cation Figure 9 shows the class distribution for the surgical mark-
The task of classifying skin lesions using machine Iearn-ing and rl_JIer_IabeI:_; in the ISIC da_ta._ The distribut_ion of
: . . L .. artefacts is highly imbalanced, pointing to why weighted
ing has received attention within the research communlt)fosS functions were needed to Stabilise training

since as early as 1988, initially using traditional machine '

learning methods such as decision trees in combination
with segmentation (Okur & Turkan, 2018). Originally, lack
of model sophistication, compute power and quality data
meant that performance was not at the level of dermato-
logists. Like with many other areas of computer vision,
the rise of convolutional neural networks and ever increas-
ing compute power has seen the performance of skin lesion
classi cation models rapidly increase to the point where
there is evidence of machine learning techniques matching
or even surpassing dermatologists at the task (Brinker et al.,
2019a; Haenssle et al., 2018). The power of deep learning
to extract features has meant many modern models perform
best without segmentation, and often use information in therigure 9: Class distribution of artefacts in I1SIC 2020 &
surrounding skin in the classi cation task (Bissoto et al., 2017 training data (Codella et al., 2018; Rotemberg et al.,
2019). 2021).

Skin diseases can be separated into many classes. On the o o

most granular scale, skin diseases can be separated irfgdure 10 shows a sample of the "Heid Plain’ images from
neoplastic and non-neoplastic conditions. A neoplastidi€idelberg University (Winkler et al., 2019). These are
condition is an abnormal growth of cells known as a tu-dérmoscopic images collected by the university of a vari-
mour, while a non-neoplastic skin condition refers to any€ty Of neoplastic lesions. Figure 11 shows a sample of the
other type of skin condition. We focus on neoplastic lesions Heid Marked' images from Heidelberg university (Wink--
in this work. These neoplastic lesions can be separated int§" &t &l., 2019). These are the same lesions from "Heid
benign (non-cancerous) and malignant (cancerous), whicflain’, but with surgical markings either applied in vivo
is a very important classi cation to make, since cancerousPhysically applied and images recaptured), or electronic-
tissue has the ability to invade the rest of the body and ulti&!ly superimposed. Figure 12 shows a sample of the "Heid
mately cause fatality. On a more ne-grained level, lesionsRulér images, which was made by electronically superim-
may be classi ed by speci ¢ disease, such as cyst, basaP0sing rulers onto the "Heid Plain’ images.

cell carcinoma or melanoma. In terms of classi cation in Figyre 13 shows a sample of the “Interactive Atlas of
machine learning, it is possible to use speci ¢ diseases apermoscopy’ (Lio & Nghiem, 20043lermoscopiémages,
classes for prediction, allowing malignancy to be also in-while Figure 14 shows the equivaletiinical images from
ferred from this classi cation (Ha et al., 2020). We opt for the same set. The domain shift between clinical and dermo-
the more common binary approach of classifying using bescopic images is clearly illustrated: the skin/lesion can be

nign/malignant as classes. seen in more detail in the dermoscopic images due to the

(a) Marking distribution (b) Ruler distribution
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Figure 10: Example images from the Heidelberg University

training set with no artefacts (Winkler et al., 2019). Figure 13: Example images from the Interactive Atlas of
Dermoscopy dermoscopic test set (Lio & Nghiem, 2004).

Figure 11: Example images from the Heidelberg University
training set with surgical markings (Winkler et al., 2019).

Figure 14: Example images from the Interactive Atlas of
reduction in surface shine. Dermoscopy clinical test set (Lio & Nghiem, 2004).

Figure 15 shows a sample of the Asan clinical test set (Han
et al., 2018). This dataset is collected from the Asan med-
ical centre, Seoul, South Korea and so features predomin-
antly South Korean patients.

Figure 16 shows a sample of the MClass (Brinker et al.,

2019b) dermoscopic benchmark test set, and Figure 17

shows a sample the MClass clinical benchmark test set.

Both of these test sets were sent to a number of experienced

dermatologists (157 for dermosocpic images, 145 for clinFigure 15: Example images from the Asan clinical test set
ical images), who attempted to classify the images, with(Han et al., 2018).
AUC scores reported in the work of Brinker et al. (2019b).

Since true AUC cannot be calculated for dichotomous hu-

man predictions (we cannot adjust the threshold of human

predictions), the authors use the average of sensitivity and

speci city as a pseudo AUC score.

C. Metrics

The best evaluation metric for the task was carefully con-

sidered. We took into account the commonly used metric§igure 16: Example images from the MClass dermoscopic
in similar studies, as well as the speci ¢ requirements oftest set (Brinker et al., 2019b).

the experiments.

Sensitivity (recall) is a measure of the proportion of the

Figure 17: Example images from the MClass clinical test

Figure 12: Example images from the Heidelberg UniversitySet (Brinker et al., 2019b).
training set with superimposed rulers (Winkler et al., 2019).



