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ABSTRACT

We apply for the first-time interpretable deep learning methods simultaneously to the most common skin
cancers (basal cell carcinoma, squamous cell carcinoma and intraepidermal carcinoma) in a histological
setting. As these three cancer types constitute more than 90% of diagnoses, we demonstrate that the
majority of dermatopathology work is amenable to automatic machine analysis. A major feature of this
work is characterising the tissue by classifying it into 12 meaningful dermatological classes, including hair
follicles, sweat glands as well as identifying the well-defined stratified layers of the skin. These provide
highly interpretable outputs as the network is trained to represent the problem domain in the same way
a pathologist would. While this enables a high accuracy of whole image classification (93.6-97.9%), by
characterising the full context of the tissue we can also work towards performing routine pathologist
tasks, for instance, orientating sections and automatically assessing and measuring surgical margins. This
work seeks to inform ways in which future computer aided diagnosis systems could be applied usefully
in a clinical setting with human interpretable outcomes.

Crown Copyright © 2020 Published by Elsevier B.V. All rights reserved.

1. Introduction

Non-melanoma skin cancers comprise over 90% of all skin
cancer diagnoses, compared to melanoma which comprises ap-
proximately 4% (Geller and Annas, 2003). The most common
forms of non-melanoma skin cancer include basal cell carcinoma
(BCC) and squamous cell carcinoma (SCC) which are among the
most common forms of cancer in Australia and the United States
(Rogers et al., 2015; AIHW, 2016). BCC comprises approximately
60% of all skin cancer diagnoses, with SCC comprising a further
30% (Staples et al, 2006). Another non-melanoma skin cancer
is intraepidermal carcinoma (IEC), otherwise known as squamous
carcinoma in situ or Bowen'’s disease. Between 3-5% of IECs develop
into an invasive squamous cell carcinoma (Patterson, 2016). The
developing field of digital pathology has a demonstrated interest
in incorporating “smart” algorithms into a fully-digitised diagnos-
tic pipeline (Acs and Rimm, 2018; Niazi et al., 2019; Tizhoosh and
Pantanowitz, 2018). In an increasingly demanding environment for
pathologists (Lundberg, 2019; Metter et al., 2019; Royal College of
Pathologists of Australia, 2018), it is expected that deep learning
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methods can serve to improve the efficiency of pathologist work-
flows, such as in the case of diagnosing non-melanoma skin cancer.

1.1. Interpretable models

Deep Learning algorithms have been shown to outperform ex-
pert humans in some medical image diagnosis problems (Liu et al.,
2019) but remain highly criticised for being “black boxes”. This
is seen as a major short-coming in the application of the tech-
nology to high-stakes decisions (Rudin, 2019). Indeed, addressing
the problem of interpretability is an explicit goal in recent work
in the analysis of histopathology images (Bychkov et al., 2018;
Campanella et al., 2019; Faust et al, 2019; Zhang et al., 2017;
Zhang et al., 2019) and machine learning in general (Adebayo et al.,
2018; Carter et al., 2019; Kim et al., 2018; Olah et al., 2018, 2017;
Rudin, 2019). Interpretability methods tend to be at the level
of visualising filters to compare with human-meaningful features
(Olah et al., 2018, 2017) or concordance between similar images
(Campanella et al., 2019; Esteva et al,, 2017; Hegde et al., 2019).
However, an alternative approach to these interpretability meth-
ods is to implement models in such a way for them to be natu-
rally interpretable (Chen et al., 2018; Rudin, 2019). Although what
constitutes such a model is open to discussion, it can generally
be thought of as a model which explicitly characterises a prob-
lem the same way a human would. In the case of histopathology,
a pathologist brings to bear a wealth of knowledge in assessing
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a specimen. Importantly, they are doing much more than cancer
or non-cancer classification. Instead, they can characterise the en-
tire tissue, identifying what and where the cancer is in context (as
will be described in the next section). Therefore, a naturally in-
terpretable model would be capable of performing the same task.
Such a model would learn the full-visual context of the problem,
and its ability to do so would be explicit by its output. It is from
this rich output that we can make inferences about the quality of
the model’s representational system. We believe that semantic seg-
mentation methods are well suited to achieving this and aim to
demonstrate this approach in the context of non-melanoma skin
cancer diagnosis.

1.2. Skin cancer diagnosis

In the process of assessing skin cancer, a pathologist generally
sees multiple slides on which multiple tissue sections show dif-
ferent histomorphological features. This is because the ability for
a pathologist to perform an efficient and accurate diagnosis, as
well as inform further clinical intervention, is closely linked to
the sample preparation process. Intact excision specimens are of-
ten received oriented in relation to the site of excision within the
patient, and this is maintained during specimen processing and
examination using blue and black ink to distinguish the differ-
ent margins. The region of interest in the specimen is sliced into
3 mm thick transverse sections, revealing the full extent of the
surgical margins. The sections are processed in various solvents,
impregnated with paraffin, sliced into transparent 3um sections,
and, most commonly, stained with hematoxylin and eosin dye
(H&E) to differentiate nuclei, cytoplasm, stroma and other struc-
tures (Fischer et al., 2008; Titford, 2006). The slides are analysed
to characterize and assess the lesion, which includes type, degree
of differentiation, extent of invasion and completeness of excision
including the distance to the surgical margin. A final diagnosis is
given by integrating all the evidence across multiple slides while
also considering the accompanying clinical notes and the site of
the specimen e.g. face, neck, back, chest.

It is evident that skin cancer diagnosis is a multi-faceted prob-
lem. In fact, the minimum scope of what a pathologist does in
reporting BCC and SCC cases, detailed by the Royal College of
Pathologists (UK) in their reporting criteria (Saldanha et al., 2003;
Slater and Barrett, 2019), expands considerably on the steps just
described. One aspect is cancer subtyping, which can depend on
cellular morphologies, macroscopic features and growth patterns
or metrics such as depth of invasion. Another aspect is identify-
ing evidence for lymphovascular or perineural invasion, which is
critical to informing treatment options, particularly in the case of
metastasis. Indeed, sometimes what is important is not what the
cancer is (which may be obvious) but in what context it lies.

When considering these requirements to produce a report use-
ful to the clinician, is it clear that binary classification approaches
are limited in their ability to address them, despite that being the
most common approach of previous work (Arevalo et al., 2015;
Campanella et al., 2019; Halicek et al., 2019, 2017; Hekler et al.,
2019; Jiang et al., 2020; Lu and Mandal, 2015; Rosado et al., 2003).
Importantly, interpretability has not been a central component of
previous work in skin cancer, despite being a clinically high-stakes
decision domain. In contrast, a pipeline built on multi-class seman-
tic segmentation provides a promising means to accomplish many
of these routine steps as well as be naturally interpretable.

2. Methods
2.1. Data collection

MyLab Pathology provided access to their pre-existing collec-
tion of skin cancer slides. We selected 290 H&E slides represent-
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ing typical cases of BCC (140), SCC (60) and IEC (90). Here typical
refers to clear and unambiguous diagnostic features, in contrast to
difficult cases requiring a differential diagnosis. The set included
shave (100), punch (58) and excision (132) biopsies. Each slide was
hand-annotated by a pathologist to indicate which tissue section
was most representative of the cancer class. The slides were pro-
duced (using xylene processing) and imaged over four months in
late 2017 and early 2018. The slides correspond to patients be-
tween the ages of 34 and 96, with a median age of 70 years with
male and female proportions of 2/3 and 1/3, respectively. These
statistics closely reflect the prevalence of non-melanoma skin can-
cer in the population (Staples et al., 2006).

The slides were imaged using a DP27 Olympus microscope cam-
era at 10x magnification with the condenser attached. At this mag-
nification, only a portion of the tissue section can be imaged at
once and so the whole tissue section was captured by combin-
ing overlapping tiles into a single high-resolution mosaic. This was
performed using bespoke software created for this project, avail-
able at https://github.com/smthomas-sci/HistolmageStitcher. The
resulting images had a resolution where 1 pixel width corresponds
to 0.67um in length. Since the resolution was the same across the
three biopsy types, there was a large variation in the overall di-
mensions producing a range between 11 million and 500 million
pixels.

2.2. Segmentation ground truth

The ground-truth segmentations were created in Image] by
painting over the full-resolution images with colors assigned to
12 classification categories: Glands (GLD), Inflammation (INF), Hair
Follicles (FOL), Hypodermis (HYP), Reticular Dermis (RET), Pap-
illary Dermis (PAP), Epidermis (EPI), Keratin (KER), Background
(BKG), BCC, SCC, and IEC. One challenge in describing the epider-
mis is that a large amount of variation can be considered non-
cancerous. But because hard labels were required, we chose to la-
bel ideal healthy epidermis as EPI, and include in the IEC class fea-
tures from mildly to severely dysplastic keratinocytes (solar ker-
atosis) as well as carcinoma. This allowed for the fact that of-
ten multiple abnormalities are present in a specimen, e.g. BCC is
accompanied with regions of moderately dysplastic keratinocytes.
The annotations were performed by a dermatopathology labora-
tory scientist in consultation with a pathologist. It took approx-
imately 250 hours to segment the whole dataset at the original
resolution.

The resulting segmentations represented pixel-level class dis-
tinctions which introduced several conceptual challenges. Firstly,
humans use many levels of interpretation, both conceptually and
visually, to determine class boundaries. A segmentation based on
higher-level diagnostic features can result in a coarse and inac-
curate segmentation at the pixel-level. However, for some classes,
boundaries can be distinguished at high resolution, such as the
basement membrane between the epidermis and papillary dermis
layers, and background and non-background. For other classes, the
boundary is inherently ambiguous such as between papillary and
reticular dermis. Secondly, individual pixels do not carry informa-
tion to be meaningful to a human on their own. Yet for segmenta-
tion tasks, it is common to measure accuracy on a per-pixel basis.
This raises the question, what is the maximum achievable classi-
fication accuracy? Certainly, 100% ground truth accuracy is not a
valid assumption, however, it is difficult to quantify exactly how
much these various problems limit our ability to measure perfor-
mance. To understand this, we created three other datasets that
were down sampled by factors of 2, 5 and 10 (referred to as the
2X, 5x and 10x datasets). This enabled the ability to compare accu-
racy across the various scales and class-boundary contexts. A visual
comparison between the 1x (no downsampling) and 2x datasets
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revealed there was no meaningful difference in the tissue fea-
tures to the human eye, and so the 2x dataset was used as the
highest resolution for analysis. Conversely, downsample factors be-
yond 10 resulted in various tissue types being difficult for clear
human distinction, undermining efforts towards interpretability
(Section 1.1).

2.3. Model architectures and training

In 2015, U-Net (Ronneberger et al., 2015) was introduced
to perform segmentation on greyscalebioimages, and has since
become a popular choice for segmentation tasks. Another archi-
tectural advancement is the Residual Network, which improves
the trainability of deep neural networks (He et al., 2016). Recent
work in bioimage segmentation utilize a combination of these
advances (de Geus et al.,, 2018; Estienne et al., 2019; Rad et al,,
2020; Q. Zhang et al., 2017), demonstrating the effectiveness of
the approach. Applying these recent advances, we implemented a
U-Net-like architecture using Keras v2.1.6 (Chollet, 2015) and Ten-
sorflow v1.12.2 (Abadi et al,, 2016) in a transfer learning setting. A
pre-trained headless ResNet50 (He et al., 2016) network was used
as the base feature extractor |/ encoder and a U-Net-like decoder
was added with skip connections from previous convolutional
layers (Fig. 1a). The original U-Net architecture used a sequence of
512, 256, 128, 64 convolution kernels during the decoding phase.
However, we found that this was over-parameterised for our task,
and after a systematic search settled on 32 convolution kernels
for the whole decoding phase. A dropout layer with a value of
0.5 was used in combination with the final 1 x 1 convolutional
layer. Importantly, the batch normalisation layers in ResNet50
were unlocked so that a new population mean and variance could
be learned. Code are available at https://github.com/smthomas-sci/
SkinCancerSegmentation.

The original images were too large to feed directly into the net-
work and so for training, overlapping patches (256 x 256 pixels
for 10x and 5x datasets, and 512 x 512 pixels for 2x dataset) were
created for each image. A pixel-level class count revealed that the
classes BCC, SCC, IEC and FOL were substantially underrepresented.
To manage class imbalances during training, patches containing
these classes were augmented by flipping and rotating them, in-
creasing their presence by 8 times.

The patch sizes were chosen to maximise the amount of tissue
present in each patch while accommodating varying-sized WSIs
and memory constraints. As noted, patches of size 256 x 256 and
512 x 512 were used. However, in terms of the features that the
network is learning, it is the receptive field that is important, and
training patch size has no effect on post-training predictions and
performance (see later).

The networks were trained with two 16GB NVIDIA Tesla V100s
in parallel, using an Adam optimizer with a learning rate of
1 x 10~* for 20-50 epochs. The 5x and 10x datasets had a batch
size of 24 and the 2x dataset had 12, all having an 80:10:10 train-
ing, validation and test split. Excisions, Shaves and Punches, as
well as the various cancer types were distributed evenly across
the splits. The contribution of each class to the categorical cross-
entropy loss was weighted based on the number of pixels belong-
ing to each class on a per-batch basis. This was necessary due to
a persistent class-imbalance problem. Each run was replicated 3
times with random seeds of 1, 2 and 3. After the initial train-
ing phase the weights that produced the lowest validation loss
were used to fine-tune the whole network with a learning rate of
1 x 1076 for up to 5 epochs. Finally, the fine-tuned weights with
the lowest validation loss were evaluated on the test set and the
results were averaged.

Medical Image Analysis 68 (2021) 101915
2.4. Whole image segmentation

Whole image segmentation (Fig. 1b) was performed using the
network with the lowest validation loss from the fine-tuned repli-
cates. The available memory resources limited the input size of the
network to less than 1,500 x 1,500 pixels, and so a suitable classi-
fication tile size was calculated for each image where the overlap
was at least 100 pixels. To help improve tiling as well as minimise
border effects the original image was first padded with white pix-
els (100 pixels on each edge), essentially extending the background
class. The tile was then fed into the network and an argmax func-
tion applied class allocations to each pixel in the tile. The segmen-
tation tile was then cropped to remove the overlap on each edge.
The whole image segmentation was generated iteratively one tile
at a time and was finally cropped to the original size. Each image
for the 10x dataset was processed in a few seconds whereas the
2x images took up to a minute.

2.5. Whole image classification

Using the 10x dataset, the h x w x 12 output of the whole im-
age segmentation workflow was saved for 290 cancer images, as
well as a sub-sample of healthy crops (containing no cancerous tis-
sue). These outputs are from here referred to as probability maps
because each pixel represents a probability distribution across the
12 classes of skin structures. These probability maps were used to
train and test another network (Fig. 1c) to perform whole image
classification in a four-class setting. The original 80:10:10 splits
were maintained for the classification tasks, with healthy crops
taken from images within each split, respectively. For the test set
n=47 with class counts as follows: Healthy (n=16), BCC (n=16),
IEC (n=7), SCC (n=8). The median patient age was 67 with a range
of 46-96, matching the population distribution. Males (23) and Fe-
males (24) were present in approximately equal proportion. The
classification network, referred to as the CNN classifier, was trained
for 5 epochs using an Adam optimizer with a learning rate of
1 x 10~ and batch size of 1 (due to variable input size). Loss was
calculated using categorical cross-entropy and training continued
until validation loss stopped improving.

For comparison, the CNN classifier was benchmarked against
three other classification algorithms. The normalized class counts
from the generated segmentations were used as the input features
and trained under the same 80:10:10 regime. The classifiers were
as follows:

1. Random forest classifier using the default parameters (num-
ber of trees = 100) defined in the scikit-learn package
(Pedregosa et al., 2011).

2. K-Nearest-Neighbors classifier using the default parameters
(scikit-learn).

3. A Single-Layered Perceptron with 64 hidden neurons (relu acti-
vations) implemented in Keras.

2.6. Surgical margin clearance

We used the 10x segmentations to analyse the global context of
the image and perform surgical margin clearance for 126 excision
specimens (Fig. 5 in Section 3.4). Using the scikit-image Python
library (Van der Walt et al., 2014), cancer regions (BCC, SCC and
IEC) were combined and the distance to the whole tissue mar-
gins was calculated (Fig. 5a). Next, the superficial layers (keratin,
epidermis, papillary dermis and cancer) were combined and the
specimen was orientated by finding a line of best fit through all
points in the region, and then the section was rotated to consis-
tently orientate all samples. Further, the intersection of the super-
ficial region perimeter with the entire tissue perimeter identified
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Fig. 1. An overview of the segmentation and classification network architectures. The segmentation network itself provides highly interpretability outputs, which are sub-
sequently used in several downstream analyses such as whole-image classification, specimen orientation and surgical margin clearance (Sections 2.6&3.4). (a) A U-Net like
architecture attached to ResNet50. The final softmax layer is a h x w x 12 tensor which used in combination with an argmax function along the last axis produced the
12-class segmentation seen above. A small variation on the original U-Net is that Upsampling and 2 x 2 Convolution layers were used in place of single transposed convo-
lution layers. (b) The Whole Image Segmentation pipeline. To minimise border effects and improve tile overlap, the image was first padded with white/background pixels.
A tile was then fed into the network, where an inner crop was made to further minimize border effects. The segmented tile was added to the canvas which at the end is
cropped to the original image size. (c) The whole image classification network. The h x w x 12 probability maps were fed into three consecutive 3 x 3 convolutional layers,
each with 32 kernels. Global Average Pooling was used in contrast to Global Max Pooling, with the idea being that false positive cancer classes will be averaged out rather
than signalled as being of high importance. Further, it seemed a reasonable method of accounting for potentially varied distributions as probability maps from the training,
validation and test splits were combined for this task. Finally, two Dense layers were used to make the classification. Best viewed in color.
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Table 1
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Accuracy and average class accuracy for base and fine-tuned models on the test datasets. Values are the average from three
replicates + the standard deviation. Average class accuracy increased as the image size decreased.

Dataset  Base Accuracy Base Average Class Accuracy  Fine-tuned Accuracy  Fine-tuned Average Class Accuracy
10x 0.8520+£0.0065  0.7373 +0.0065 0.8526 +£0.0012 0.7420 +£0.0054
5x 0.8472+0.0078  0.7299 +0.0056 0.8571 +0.0005 0.7396 +0.0004
2x 0.8118£0.0020  0.7254 +0.0017 0.8120+0.0013 0.7261+0.0013

Table 2

The range in test accuracy (%) across all 12 classes. The classes are keratin (KER), epidermis (EPI), papillary dermis (PAP), reticular dermis
(RET), hypodermis (HYP), background (BKG), follicle (FOL), gland (GLD), inflammation (INF), BCC, SCC and IEC. The maximum for each class
is bolded. The range is the difference between the minimum and maximum accuracy at different resolutions.

KER EPI PAP RET HYP BKG FOL GLD INF BCC ScC IEC
2x 87.8 74.6 773 68.5 94.4 95.1 529 92.1 64 80.7 75.6 65.2
5x 81.2 84.9 78.8 81.8 95.5 93.9 61.6 87.4 61.7 76.8 78.3 56.5
10x 84.6 83.1 80.8 70.2 96.2 95 61.5 87.3 57.4 86.5 85.7 70.7

Range

6.6 103 3.5 133 1.8 1.2 8.7 4.8 6.6 9.7 10.1 14.2

the superficial lateral margins. This also enabled the deep | subcu-
taneous margin to be found (Fig. 5b). This deep margin was then
scanned to find the minimum distance to the cancer. The surgical
orientation of the specimen, with respect to the 3 o’clock margin,
was found by thresholding the original histology image in the HSV
color space for evidence of black ink (Fig. 5¢). These methods were
then combined to produce a visual summary of the results from
automatic surgical margin clearance (Fig. 5d).

3. Results and discussion
3.1. Quantitative assessment of tissue segmentation

Initial experiments were performed using the standard U-Net-
like decoder architecture and performance was measured as per-
pixel accuracy. During training on the 2x dataset (high resolution),
the network achieved a per-pixel accuracy of 86% and an aver-
age class accuracy of 85% on the training data. The corresponding
validation accuracy and average class accuracy were 80% and 73%,
respectively. Consequently, the parameters were systematically re-
duced until a noticeable decrease in overfitting was seen, and ulti-
mately 32 kernels were settled on for all layers of the U-Net. This
architecture was then used across the 2x, 5x and 10x datasets. The
results on the unseen test sets are shown in Table 1. These results
read favourably next to the benchmark of ~86% on the training
set.

The highest performance (fine-tuned) was achieved on the 10x
dataset, with a per-pixel accuracy and average class accuracy of
85% and 74% respectively. A trend can be seen where average class
accuracy increases as the image resolution decreases and it is ap-
parent that there was enough information in the 10x dataset to
perform comparably to or better than the 2x dataset. This is un-
surprising as it is possible for a human to recognise broadly all 12
classes of skin structures in the 10x images. However, the increase
is relatively small, going from 72.61% to 74.2% for the average class
accuracy. The accuracies for the 5x and 10x datasets suggest that
the difference in performance between these two datasets is neg-
ligible. However, a practical consequence of the 10x dataset per-
forming at least as well as the others is that it enables computa-
tional costs to be minimized without compromising quality.

Curiously, there is an apparent limitation of 72-74% for the av-
erage class test accuracy across all models and datasets. One expla-
nation is that given the small sample size (n=290), the training set
does not capture the full class variation. To understand this further,
insight can be obtained from Table 2 and the confusion matrices
in the appendix Fig. Ala-c. In the first instance, Table 2 compares

the accuracies for the three datasets across all 12 classes. Back-
ground (BKG) and hypodermis (HYP) tend to have little variation
and this is reflected in the similar accuracies of ~95% across all
three datasets. Gland (GLD) is another class that seems to be pre-
dicted reliably between 87-92%. The two obvious underperform-
ing classes are follicle (FOL) at 61.5% and inflammation (INF) at
64%, and these are skewing the average class accuracy. By exclud-
ing these two classes the average class accuracy increases to 84%
for the 10x dataset, 81.5% for the 5x dataset and 81.3% for the 2x
dataset.

The lower performance on the follicle and inflammation classes
may be due to several factors. Humans often distinguish follicles
by higher-level context rather than the microscopic structure. In
contrast, the high-resolution images mean that a network focuses
only on low level information and so is blind to high-level struc-
ture. Indeed, Table 2 clearly shows that some classes are more ac-
curately classified at different resolutions and in the case of fol-
licle, the difference between 2x and both 5x and 10x is close to
10%. The feasibility of combining different scales to improve per-
formance is considered briefly in the next section. However, it is
also the case that follicles, although prevalent in skin samples gen-
erally, are underrepresented in this dataset. Approximately half the
specimens were shaves and punches, which due to their small size
contain limited variety of skin structures. Further, only single sec-
tions were included, rather than whole slides. Under-performance
may be a consequence of under-representation.

Considering inflammation, the confusion matrices in the ap-
pendix show that it was mostly confused with papillary dermis,
BCC, and SCC, each approximately 10% of the time. This is not sur-
prising as inflammation occurs mostly in the upper dermis and
is strongly associated with abnormal tissue. Further, the confusion
matrices (Fig. A1) conform with each other and show that much of
the confusion is between proximal classes in skin layers or cancer
classes, which is to be expected, for instance EPI<-KER, EPI<«IEC,
RET<«-HYP, INF<>PAP, INF<+BCC<«SCC<IEC.

3.2. Qualitative assessment of tissue segmentation

Visual inspection of the segmentations reiterates the quanti-
tative results, showing a high resemblance to the ground truth
labels across the 2x, 5x and 10x datasets (Fig. 2a). In general,
there is more noise than in the ground truth because of small-
scale structures being incorrectly classified. Some are obvious er-
rors inside larger sections of tissue e.g. keratin in the hypoder-
mis. Interestingly, it appears that decisive boundaries have been
learned for edges as there tend to be few broken or rough edges.
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(a) (b)

Input Image Ground 10x Prediction
BCC

Ground Truth

2x Prediction

10x Prediction

s
PAP EC S

Fig. 2. Semantic segmentation of whole tissue sections. (a) A visual comparison of the segmentations for different image resolutions. As image resolution decreases there
was a corresponding decrease in apparent noise. This reduction may account for the 2-4% difference in performance shown in Table 1.(b) Whole image segmentations from
the 10x network for representative cases of BCC (Excision, Shave, Shave), SCC (Punch, Shave, Excision) and IEC (Shave, Excision, Shave). The purple bar represents 1mm. Color
legend (bottom left). Best viewed in color.
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10x Prediction

Calibrated Uncertainty

04

0

Fig. 3. Visualizing the model uncertainty. Visualizing the uncertainty (1 - maximum class probability) provides a highly interpretable way to evaluate network performance.
Presenting calibrated uncertainty maps in a decision-support system could further provide a pathologist a means of locating areas which require more attention, particularly
in large multi-section cases. For class colors see color legend in Fig 2.Best viewed in color.

Due to the similarity in quality, and indeed slightly better perfor-
mance, a variety of segmentations for the 10x dataset are shown
in Fig. 2b. Here it is evident that this method works well across
the various cancer types and scales for excision, punch and shave
biopsies.

To provide insight into the confidence the network had in its
segmentations, temperature-scaling was performed to calibrate
the output (Guo et al., 2017) (Fig. A2). With a good concordance
between confidence and accuracy we then generated maps to
visualize model uncertainty, which was given by 1 minus the
maximum class probability for each pixel. In effect, the uncer-
tainty maps show which parts of the image the network found
challenging (Fig. 3). We note that uncertainty in this context
is separate to its use in a Bayesian sense, where variance is
the measure of uncertainty. It was found that areas of uncer-
tainty often correspond with the underperforming follicle and
inflammation classes (Table 2). The maps also reveal that borders
between regions had reduced confidence to between 0.3 and
0.7, which is much greater than 0.083 for a random 12 class
prediction. We also note from Fig. 3 that the high uncertainty
regions (>0.7) correspond with complex regions involving the
presence of BCC, inflammation, glands and hair follicles, where
the 10x resolution is less able to clearly distinguish them. It is
likely that the 2x and 5x networks could provide needed detail
in cases of ambiguity and could therefore expect that improved
performance could be achieved by combining the three segmen-
tation scales. However, this comes at a significant computational
cost. Given that such cases are a small proportion of this dataset,
it is also possible that this limitation can be overcome with more
data.

3.3. Whole image classification

High performance can be achieved for whole image classifica-
tion tasks using the 10x dataset probability maps as learned rep-
resentations. The CNN classifier achieved an overall classification
accuracy across Healthy, BCC, SCC and IEC classes of 93.6%, out-
performing the Random Forest at 87.2%. By truncating the results
to a cancer versus non-cancer classification, the CNN and Ran-
dom Forest performed comparably, each with an overall accuracy
of 97.9%. The Nearest-Neighbor and Single-Layer Perceptron classi-
fiers scored 80.9% and 85.1% for the four-class problem, and 85.1%
and 89.4% for binary classification, respectively.

Focusing on the results of the CNN classifier, of the BCC images
1/16 were classified as IEC and 1/16 as Healthy. 1/7 of IEC were
classified as BCC and all SCC images were classified correctly. A
comparative performance of these classes is shown in the confu-
sion matrix in Fig. A3. One explanation for the confusion between
the IEC and BCC classes relates back to the segmentation network,
which similarly shows confusion (~6%) between the two classes
(Fig. Al). Indeed, these two categories sometimes require closer
scrutiny by the pathologist to distinguish compared to the other
categories included.

Given that the Random Forest and CNN have comparable per-
formance for binary classification, a factor to consider further is
that of model interpretability. Random forests can measure feature
importance by way of ranking the features according to how they
(on average) decrease the objective function. For our model this
technique revealed that BCC, SCC, IEC, KER, INF and EPI were im-
portant for classification (Fig A4). Importantly, these features are
the same explanatory variables a pathologist uses for diagnosis.
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Relative Feature Importance to Class Prediction
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Fig. 4. Measuring the relative importance of each class in the CNN classifier. (a) Backpropagating the gradients to the input image reveals the diagnostically important
regions of the image (right side of panels, scale at right) and hence reveals what features (tissue classes) are important for a given class prediction. (b) Measuring the
relative feature importance across the whole dataset reveals that EPI, BCC, SCC and IEC are the most important classes. These are the same features a pathologist would
use when diagnosing the specimen. The importance was calculated by firstly finding the gradient of the class prediction with respect to the input probability map (not the
feature map as used in Selvaraju et al. (2017)), resulting in a h x w x 12 gradient tensor. The mean absolute value was then calculated on a per-pixel basis and binned
according to the predicted class from the probability map. The values were normalized for each image and so reflect relative feature importance. A sanity check for feature
importance is shown in Fig. A5.
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Fig. 5. The automatic surgical margin clearance pipeline performed using the 10x downsample dataset. (a) Cancer regions were combined and then a distance matrix was
computed to the margins of the whole tissue. (b) The superficial regions (epidermis, keratin, papillary dermis and cancer) allowed the specimen to be rotated to the 0°/180°
plane. The perimeters of these regions also allowed the internal margins to be located. (c) The surgical orientation was found by filtering the original histology image in
the HSV color space for black ink. (d) An example of how the information from automatic surgical margin clearance assessment could be presented in a computer-aided-
diagnosis system. The 3 and 9 o’clock superficial lateral margins have been identified, with the 3 o'clock identified in black. The distances to the nearest cancer region are
shown alongside the predicted cancer regions. With no cancer found on the internal margin, the section could be labelled as “margins clear” within a specified distance. The

result was generated using the predicted segmentation. Best viewed in color.

Despite conforming to expectations, such an approach is limited
to the average case and does not provide insight to what features
in a particular image are important for a given prediction. Using
the CNN model, we can back-propagate gradients to the input im-
age (see Selvaraju et al., 2017) creating a spatial-map to highlight
the importance of each feature (Fig. 4a). Visualising the gradients
in this way provides a means of showing directly what relative im-
portance the network gives to each feature. Moreover, comparing
the gradients for each class across the whole dataset reveals that
the CNN, like the random forest, uses the most clinically relevant
features for distinguishing each class (Fig. 4b). Notably, EPI is re-
liably important for Healthy predictions, as are BCC and SCC for
their respective cancers. SCC has increased importance for its class,
however, it appears the network is sensitive to the presence of BCC
and IEC pixels in the image which are likely false positives, as seen
in Fig. 2b.

We think that this approach highlights the value in summaris-
ing highly complex image features to high-level descriptions of
clinical meaning. The segmentations enable accurate classification
and provide a means to create and test parsimonious explanations

for the completeness of the learned representations and behaviour
of the classifier.

3.4. Surgical margin clearance

The quality of the segmentations provided an opportunity
to perform automatic surgical margin clearance calculations.
Fig. 5 shows an example of using classical image processing tech-
niques to detect and measure distances to the surgical margins.
We compared the algorithm for detecting the 3 and 9 o’clock
superficial lateral margins to human ability on the 10x images, for
a total of 252 margins. The median error was 0.081mm, and 90%
of the predictions were within 0.27mm of the true margin. Signifi-
cant errors occurred where the assumptions of the algorithm break
down. For example, one assumption is that the margins always
intersect superficial layers such as keratin and epidermis. However,
in cases where the epidermis has been lost, either from ulceration
or artefacts from tissue processing, the performance is poor with
an error between 1mm and 3.5mm. Importantly, the same case
given to a pathologist would require them to infer where the true
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margin is, relying on information outside the image. Such cases
constituted 10 out of the 252 margins, and although rare, are an
expected occurrence. It would be possible to design an algorithm
to flag such cases using the segmentation information.

With the ability to reliably predict the margins, distance
measurements to the cancer allowed the robustness of auto-
matic margin clearance to be assessed. Assuming perfect cancer
segmentation (using the ground truth mask), the algorithm pro-
duced a median error as a proportion of the true distance of
0.965%. In real terms, 90% of the errors were within 0.163 mm of
the true margin. However, the same task on the predicted seg-
mentations produced a median error of 8.36%. Clearly the ability
to perform this task successfully is dependent on the quality of
the segmentation. It was found that sometimes the minimum
clearance estimate was zero, resulting from false positive cancer
predictions along the deep margin, possibly due to the presence
of ink or debris. This limitation could be overcome by training
further on the deep margin regions, which currently constitute a
small portion of the training set. Alternatively, it might be possible
to flag such predictions on uncertainty, or context such as size and
distance from the main cancer body.

Encouragingly, these results demonstrate that this method can
provide robust surgical margin clearance which in theory could
extend to perform other routine tasks. Indeed, the depth of in-
vasion could be calculated given the current segmentations. Fur-
ther, if the number of classes were extended to include vascular
and nervous tissue, then distances from the cancer to those re-
gions could be calculated easily. This would provide decision sup-
port / automatic assessment of lympho-vascular and perineural
invasion.

4. Conclusion

Our results show that BCC, SCC and IEC, which constitute over
90% of skin cancer diagnoses, are amenable to deep learning meth-
ods. We have demonstrated that the full-visual context of high-
resolution histological images can be characterised using semantic
segmentation. By framing this problem in a multi-class setting, a
network learned high-level representations of the image content
which correspond to human-meaningful concepts. The outputs of
the network are therefore naturally interpretable and can be vi-
sualised in several ways to discern its capabilities. This provides
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robustness and overcomes limitations in other studies where rep-
resentations are not constrained. Treating the segmentation net-
work outputs as learned representations, they were then used to
classify the whole image with high accuracy. Importantly, the seg-
mentations could be manipulated in a logical way to perform sev-
eral routine pathologist tasks such as automatic surgical margin
clearance assessments. This method could be easily extended to
perform other essential tasks such as assessing degree of differ-
entiation and hence aggressiveness, depth of invasion, direction of
growth, and assessing for the presence of lymphovascular and per-
ineural invasion. Further, this method is applicable to other skin
diseases, and given such potential, may justify the effort and ex-
pense of acquiring densely labelled data.
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Fig. A1. Confusion matrix of test scores for 12 class segmentation across the three datasets. (a) 10x dataset, (b) 5x dataset, (c) 2x dataset. Values are read across columns
so that the diagonal describes recall (true positive rate). The classes are keratin (KER), epidermis (EPI), papillary dermis (PAP), reticular dermis (RET), hypodermis (HYP),
background (BKG), follicle (FOL), gland (GLD), inflammation (INF), BCC, SCC and IEC.
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Fig. A2. Calibration plots for the 10x segmentation network. There should be a strong concordance between expected accuracy (how confident the network is) and accuracy.
(Left) Uncalibrated network shows over and under-confidence. (Right) A well-calibrated network after temperature scaling, reflected by the reduced expected calibration

error (ECE) and improved conformity to the “ideal” accuracy line.
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Fig. A3. Multi-class whole image classification. The whole image classification was performed using the 12-class probability matrices from the 10x dataset. Images are
classified as Healthy (n=16), BCC (n=16), IEC (n=7), SCC (n=8). Values are read across columns so that the diagonal describes recall (true positive rate).
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Fig. A4. Average feature importance from the random forest classifier. Feature importance is measured by ranking the features according to how they (on average) decrease
the objective function, which by default is gini impurity in scikit-learn. The classifier reliably uses cancer tissue as class predictors, followed by epidermis, inflammation and
keratin, all of which are informative pathologically.
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Fig. A5. Relative feature importance for a randomly initialized classifier as a sanity check. Using random weights disrupts the expectations we have for a trained network.
In this case, we see an increased importance of HYP, BKG, FOL, GLD which themselves are not informative pathologically. Indeed, classes such as EPI and INF, considered
important in the trained network (Fig. 4b) are now among the least important. The importance was calculated by firstly finding the gradient of the class prediction with
respect to the input probability map (10x downsample dataset), resulting in ah x w x 12 gradient tensor. The mean absolute value was then calculated on a per-pixel basis
and binned according to the predicted class from the probability map. The values were normalized for each image and so reflect relative feature importance across all classes
in the training set.
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