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A B S T R A C T

The recent surge in performance for image analysis of digitised pathology slides can largely be attributed to
the advances in deep learning. Deep models can be used to initially localise various structures in the tissue and
hence facilitate the extraction of interpretable features for biomarker discovery. However, these models are
typically trained for a single task and therefore scale poorly as we wish to adapt the model for an increasing
number of different tasks. Also, supervised deep learning models are very data hungry and therefore rely on
large amounts of training data to perform well. In this paper, we present a multi-task learning approach
for segmentation and classification of nuclei, glands, lumina and different tissue regions that leverages data
from multiple independent data sources. While ensuring that our tasks are aligned by the same tissue type
and resolution, we enable meaningful simultaneous prediction with a single network. As a result of feature
sharing, we also show that the learned representation can be used to improve the performance of additional
tasks via transfer learning, including nuclear classification and signet ring cell detection. As part of this work,
we train our developed Cerberus model on a huge amount of data, consisting of over 600 thousand objects
for segmentation and 440 thousand patches for classification. We use our approach to process 599 colorectal
whole-slide images from TCGA, where we localise 377 million, 900 thousand and 2.1 million nuclei, glands
and lumina respectively. We make this resource available to remove a major barrier in the development of
explainable models for computational pathology.
1. Introduction

In recent years, there has been a progressive shift towards the digiti-
sation of histopathology slides, enabling the development of computer
vision (CV) techniques for automated tissue analysis. In particular, with
the rapidly increasing amount of pathology image data and computing
power, deep learning has revolutionised the field of computational
pathology (CPath). A large proportion of deep CV models used in
CPath are convolutional neural networks (CNNs) and have proven to be
successful when applied to a plethora of tasks, including cancer detec-
tion (Bejnordi et al., 2017; Veeling et al., 2018), cancer grading (Bulten
et al., 2020; Shaban et al., 2020) and survival analysis (Bychkov et al.,
2018; Shaban et al., 2019). However, black box CNNs may have a
poor level of interpretability when used directly in slide classifica-
tion, as they are typically non-linear and are governed by millions of
parameters.

To help overcome the above challenge, deep learning can be lever-
aged as an initial step to localise regions of interest in the tissue
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before extracting human-interpretable and biologically meaningful fea-
tures for downstream slide analysis. This fosters the development of
more explainable pipelines for CPath, which is particularly impor-
tant for boosting the confidence of pathologists in their diagnoses.
Explainable models increase model transparency by providing an out-
put that is easy to understand and therefore may be utilised as a
tool to help facilitate the decision of the pathologist. Furthermore,
using human-interpretable features (Diao et al., 2021) in explainable
pipelines can help reveal new biomarkers for complex tasks, such as
survival analysis and image-based detection of clinically actionable
genetic alterations (Kather et al., 2020).

Previous works on the localisation of various regions and constructs
in the tissue typically involve the use of a devoted CNN for a particular
task. For example, Diao et al. (2021) trained a network to detect and
classify nuclei and an additional network for the segmentation of differ-
ent tissue types before feature extraction. This strategy is often needed
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because conventional training pipelines require target objects to be
labelled across the entire dataset. Optimising networks separately also
ensures that training procedures do not need to be tuned over multiple
tasks. However, using one model per task may not be scalable as we
wish to localise an increasing number of tissue constructs. Instead,
utilising a single model that can perform multiple tasks simultaneously is
preferable because it reduces the computational overhead, can benefit
from shared features between tasks and also saves the time needed for
training separate models.

Multi-Task Learning (MTL) (Caruana, 1997; Zhang and Yang, 2017)
has previously been explored in CPath, but with a key focus on ob-
taining a generalisable encoder (Gamper et al., 2020b) for transfer
learning (Mormont et al., 2020) or image compression (Tellez et al.,
2020). Here, each task may include image regions from different tissue
types, with varying resolution and potentially with different staining.
Therefore, such models cannot be used to perform simultaneous pre-
diction for a single input image, due to inconsistency between assumed
inputs for each task. Instead, it may be beneficial to utilise an MTL
approach with aligned tasks, thereby enabling simultaneous prediction
with a single model. Not only does this enable a meaningful simulta-
neous prediction, but using aligned tasks also helps ease optimisation
by reducing the potential for conflicting gradients to exist between
tasks. Therefore, this holds potential for achieving a strong performance
across all considered tasks, which was previously not possible with
other MTL approaches in CPath (Gamper et al., 2020b).

To perform well, deep learning approaches require an abundance
of labelled data, which is a current bottleneck in the development of
CPath models because the collection of annotations requires significant
pathologist input (Wahab et al., 2021; Tizhoosh and Pantanowitz,
2018). Without large and diverse datasets, any developed model may
struggle to generalise to unseen examples, limiting potential usage
in a clinical setting. MTL may help to overcome this challenge by
utilising a shared encoder, enabling features to be learned over multiple
tasks (Crawshaw, 2020). Yet, it is desirable for each task to have access
to a large amount of annotated data from multiple sources to ensure
strong performance.

In this paper, we propose a multi-task learning approach for si-
multaneous segmentation and classification of nuclei, glands, lumina
and different tissue regions. With the use of a novel sampling strategy,
the proposed Cerberus model leverages data from multiple independent
sources during training, enabling a competitive performance compared
to single-task alternatives while only requiring a single network. There-
fore, our approach is the first MTL method in CPath that can sustain a
strong performance at the output of the network across all considered
tasks. We demonstrate that Cerberus learns a strong feature represen-
tation that can help improve the performance of additional tasks via
transfer learning, including nuclear classification and signet ring cell
detection. To ensure that Cerberus has sufficient labelled examples
from multiple different data sources, we create a large and diverse
colorectal dataset containing over 600 thousand object boundaries for
segmentation and 440 thousand patches for classification. In addition,
we process all colorectal slides from The Cancer Genome Atlas (TCGA)
and make the results accessible. We hope that doing this will remove a
major barrier for the development of explainable approaches for CPath.

The main contributions of this work are listed as follows:

• We present a multi-task network, named Cerberus, that is capable
of performing simultaneous prediction with superior performance
as compared to single-task learning methods.

• We show that Cerberus learns a strong feature representation that
can be leveraged during transfer learning to boost the perfor-
mance of additional tasks.

• We use our method to process all colorectal slides from TCGA,
resulting in 377 million, 900 thousand and 2.1 million nuclei,
glands and lumina respectively and make the results available1.

1 The results on TCGA and the pretrained Cerberus backbone can be
ownloaded here: https://github.com/TissueImageAnalytics/cerberus
2

Fig. 1. Multi-Task Learning (MTL) vs Multi-Label Learning (MLL): MTL is a training
paradigm where a model is trained over different predictive tasks. Here, labels are
task-dependent. MLL requires labels to be provided for every input sample.

2. Related work

2.1. Multi-task learning vs multi-label learning

MTL for computer vision enables multiple independent datasets to
be leveraged during training time, which offers advantages like im-
proved data efficiency, reduced overfitting through shared representa-
tions and fast learning by leveraging auxiliary information (Crawshaw,
2020). There are various ways in which MTL can be implemented,
including weight sharing (Caruana, 1997; Mormont et al., 2020) and
architecture adaptations (Strezoski et al., 2019; Misra et al., 2016).
For deep learning, MTL is typically done via hard or soft parameter
sharing of hidden layers (Ruder, 2017). Hard parameter sharing is the
most common strategy used for MTL, where hidden layers are shared
between tasks before using several task-specific output layers. In soft
parameter sharing, each task has its own model, where the associated
parameters are constrained (Duong et al., 2015; Yang and Hospedales,
2016) so that they are similar for each task. Therefore, using hard
parameter sharing may be preferable because using separate models
may not be feasible when the number of tasks is large.

It is important to distinguish MTL from Multi-Label Learning (MLL)
(Zhang and Zhou, 2013), where each data point is associated with
multiple labels. If each label is treated as a separate task, MLL can be
viewed as a special case of MTL where different tasks always share the
same data (Zhang and Yang, 2017). For clarity, we show the differences
between these two learning strategies in Fig. 1.

2.2. Multi-label learning for CPath

As mentioned above, it is possible to predict multiple tasks at the
output of the network using MLL. For example, Shephard et al. (2021)
performed nuclear segmentation and classification along with segmen-
tation of intra-epithelial layers in oral tissue. Similarly Fraz et al. (2020)
performed simultaneous segmentation of blood vessels and nerves.
However, because the two above-mentioned approaches use MLL, they
expect every input image to have associated labels for all tasks. This
limits the data that can be used because it is common for available
datasets in CPath to only consider a single object (Sirinukunwattana
et al., 2017; Gamper et al., 2020a) or label (Kather et al., 2019).
Also, tasks require different levels of annotation effort (eg. nuclei take
longer to annotate than glands) and therefore exhaustively labelling
data across tasks may not be feasible. As a result of the challenges above
and to enable the effective utilisation of multiple independent datasets,
in this paper we focus on MTL, rather than MLL.

https://github.com/TissueImageAnalytics/cerberus
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Fig. 2. MTL training strategy (a), where patches are extracted from each task-level dataset by the task sampler and are fed into Cerberus. The sampler either chooses a fixed
or mixed batch, where input samples are drawn from the same task or a mixture of tasks, respectively. Training with Cerberus (b) enables meaningful predictions to be made
simultaneously. Using the trained Cerberus encoder can also help improve the performance of other tasks, such as patch classification (c), object detection (d) and object subtyping
(e). For (c) and (d), only the pretrained Cerberus encoder is leveraged and additional classification or detection layers are added. For (e), the entire Cerberus architecture is used
and extended by adding additional task-dependent decoders.
2.3. Multi-task learning for CPath

Several recent CPath models utilise MTL to obtain a representative
set of features for transfer learning. For example, Mormont et al. (2020)
considered 22 classification tasks within a simple MTL framework,
where the learned weights are used to better initialise single task
networks for transfer learning. Similarly, Tellez et al. (2020) used
MTL to optimise 4 tasks simultaneously and used the learned weights
to encode a low-dimensional feature representation that generalised
well to new tasks. Gamper and Rajpoot (2021) used MTL in combi-
nation with multiple instance captioning to learn representations from
histopathology textbooks. Here, it was again shown that using MTL
provided a strong feature encoder for transfer learning. Despite the
demonstrated benefit of using MTL for transfer learning, subsequent
training may still require a single model per task, which comes at an
extra computational cost and demands additional training time.

Instead, it may also be desirable to perform well for all considered
MTL tasks at the output of the network. In this way, MTL provides a
mechanism to learn from multiple independent datasets and enables
3

simultaneous predictions to be made. However, this is only recom-
mended if all considered tasks are aligned. For example, in work
by Mormont et al. (2020) one task uses images stained via immuno-
histochemistry (IHC) for identification of tumour and stroma regions
in colorectal tissue, while another task uses Haematoxylin & Eosin
(H&E) stained bone marrow tissue for cell classification. Therefore, un-
expected results may be obtained at the output of the cell classification
branch if presented with IHC stained data. This is because different
input data assumptions exist for each task. In fact, none of the above-
mentioned studies use MTL for the primary purpose of simultaneous
prediction. With the use of different input assumptions, there may be
task entanglement and consequently gradient conflicts (Liu et al., 2021;
Sener and Koltun, 2018) during network optimisation. This is a major
reason why recent MTL methods in CPath cannot match single-task
performance at the network output (Gamper et al., 2020b).

2.4. Supervised learning datasets for CPath

MTL can help improve data efficiency because tasks with limited
examples can benefit from the data provided by other tasks. Despite
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this, it is desirable to ensure that a sufficient number of examples from
a variety of different sources are available per task, to increase the
likelihood of strong generalisation.

Over recent years, there has been a growing effort in generating
labelled datasets for CPath (Graham et al., 2019c; Kumar et al., 2019;
Verma et al., 2020; Amgad et al., 2021; Naylor et al., 2018; Gamper
et al., 2020a; Graham et al., 2021a). Due to differences in the tissue
type, resolution and stain, there may exist significant variation between
these datasets. For example, Amgad et al. (2019) generated a dataset
of annotated regions in H&E stained breast tissue at 20× magnification,
whereas Ciompi et al. (2019) created a dataset of lymphocyte counts
in tissue with IHC staining at 40× magnification. This variation makes
t difficult to aggregate datasets that enable simultaneous prediction,
here it is necessary for task-level datasets to have the same input
ssumptions. As well as this, manual annotation makes it difficult
o generate large-scale datasets for segmentation tasks in computa-
ional pathology. Iterative labelling strategies (Tavolara et al., 2020;
raham et al., 2021a; Jaber et al., 2021), which use a human-in-the-

oop mechanism, have recently been used in the literature and can
elp significantly decrease the time required for annotation, while still
nsuring a high level of accuracy.

If we assume that all data irrespective of the task should be H&E
tained, from colorectal tissue and at 20× objective magnification,

then there exists a large amount of available data. Graham et al.
(2021a) generated the largest dataset for nuclear instance segmentation
and classification in CPath, consisting of 495,179 labelled nuclei from
multiple sources. As part of the GlaS challenge, Sirinukunwattana et al.
(2017) curated a dataset of 1,530 annotated gland boundaries origi-
nating from University Hospitals Coventry and Warwickshire (UHCW).
This gland segmentation data was extended by Graham et al. (2019a)
into the CRAG dataset, with an additional 3,054 annotated glands
from UHCW. As well as segmentation data in colorectal tissue, there
exists available patch-based classification data that enables the devel-
opment of further supervised learning methods. For example, Kather
et al. (2019) and Javed et al. (2020) both created large datasets for
tissue type classification consisting of 100 thousand and 280 thousand
patches, respectively. As a result of the number of existing available
datasets, we use H&E stained images from colorectal tissue in all
experiments within this paper.

3. Methods

In this section, we describe our proposed MTL-based Cerberus model
that enables the simultaneous prediction of aligned tasks in CPath.
We report how the learned feature representation can be used to help
improve the performance of additional tasks with transfer learning.
We then describe the data generation strategy to enable the collection
of large datasets for segmentation tasks in CPath. This strategy is
used to significantly increase the amount of data used in experiments
performed in Section 4.3.

3.1. The Cerberus model architecture

Cerberus is a fully convolutional neural network with a shared
encoder 𝛷 and 𝑇 independent decoders 𝛹𝑡, which make a prediction
for each task 𝑡. Utilising a shared encoder ensures that a general
representation is learned, where each task can benefit from features
learned from other tasks. This can be especially useful when certain
tasks do not have access to a large amount of data.

We use a ResNet34 encoder (He et al., 2016) for ease of use
of weights after training with MTL in downstream applications. For
segmentation tasks, we use a U-Net (Ronneberger et al., 2015) style
decoder that incrementally upsamples the features by a factor of 2.
After each upsampling operation, we incorporate features from the
encoder with skip connections, followed by 2 convolutions (3 × 3
kernel) with batch normalisation (Ioffe and Szegedy, 2015). This is
4

repeated until the features have the same spatial dimensions as the
input. For patch classification tasks, we use global average pooling to
reduce the features at the output of the encoder to a 𝑘 dimensional
vector, which is then followed by 2 fully connected (FC) layers. In
particular, we set 𝑘 to 256 and use Dropout (Srivastava et al., 2014)
etween each FC layer, with a dropout rate of 0.3. An overview of the
rchitecture can be seen in Fig. 2a.

.2. Cerberus training

Our overall MTL training strategy for Cerberus incorporates data
rom multiple independent sources and makes a simultaneous predic-
ion at the output of the network. This training pipeline consists of the
ollowing steps: (i) sampling patches from each task, (ii) feeding patches

through a convolutional neural network with a shared encoder and (iii)
ask-level loss aggregation.

.2.1. Task sampler
Our overall dataset 𝐷 consists of 𝑇 task-dependent datasets 𝐷𝑡,

hich must be sampled appropriately during batch aggregation. This is
ecause the network parameters are updated according to the data that
s present in a particular batch. Careful consideration may be needed
hen there exist significant differences in the number of samples within
ach dataset 𝐷𝑡 or if certain tasks are more challenging than others.
ore information on optimisation will be provided in Section 3.2.2.

When aggregating a batch, we need to ensure that all patches are
he same size, so that they can be processed by the network. However,
mages for different tasks may have different spatial dimensions. It is
ossible to perform resizing or cropping to ensure that patches across
ll tasks have the same dimensions, but this may have an unwanted
ffect on the image quality or spatial context. Therefore, we group tasks
nto super tasks, which can contain multiple sub-tasks with the same
nput dimensions. If considering multiple super tasks, then one must be

first randomly selected before batch aggregation. In our case, segmen-
tation tasks (input dimensions 448 × 448) and tissue type classification
(input dimensions 144 × 144) are treated as different super tasks, which
re selected with probabilities of 0.7 and 0.3 respectively.

In this work, we investigate the effect of using two different batch
ggregation methods: mixed batch and fixed batch sampling. A mixed
atch contains patches from multiple tasks, whereas a fixed batch
ontains data from a single task. For each patch within a mixed
atch, we first select a task-level dataset 𝐷𝑡 from the entire multi-task
ataset 𝐷 with a probability of 𝑝𝑡. Once a task is selected, a patch is
andomly chosen from the corresponding dataset. This two-step process
s repeated 𝑛 times, where 𝑛 is the number of samples in the batch.
ather than selecting a random task for each sample in a batch, for a
ixed batch we sample a task dataset 𝐷𝑡 once per batch and then select
random samples from that given dataset. In all experiments, we set

𝑡 =
1
𝑇 .

In Fig. 2a, we show a simple example of the output of our task
sampler, with a batch size of 3. Here, each coloured border denotes
a separate task.

3.2.2. Dynamic training and loss aggregation
Previous work has shown that optimisation of MTL models can be

difficult, especially when tasks are in conflict with each other (Lin
et al., 2019). In CPath, this may involve using images from different
tissue types or with different pixel resolution. This challenge can be
exacerbated when each task has a different associated loss function,
which makes balancing each task-level loss and consequently overall
network optimisation quite challenging. To help ease the training of our
model, we ensure that all considered tasks have the same input data
assumptions and use a cross-entropy-based loss function to optimise
the model. Cross-entropy loss is widely used for both segmentation and
classification tasks and therefore is an appropriate choice if we want to
use a similar loss function across different tasks.
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When training the network, we use dynamic weight freezing that is
dependent on how batches are aggregated by the task sampler. After
passing a batch through the network, the weights in the encoder 𝛷 are
always updated irrespective of how the batch is sampled, whereas the
weights of decoder 𝛹𝑡 are only updated when at least one example from
task 𝑡 is present.

Hereby we define the loss function when we jointly train Cerberus:

 =
∑

𝑡∈[1,𝑇 ]

∑

𝜌∈𝐷𝑡

𝑡({𝛷,𝛹𝑡}, 𝑥𝜌, 𝑦𝜌) (1)

In this equation, 𝜌 ∈ 𝐷𝑡 denotes a sample patch 𝜌 which belongs to the
ataset 𝐷𝑡 of the task 𝑡. Meanwhile, 𝑥𝜌 and 𝑦𝜌 are predictions generated
y the decoder 𝛹𝑡 and the ground truth for the sample 𝜌 respectively. In
ractice, the loss of each task 𝑡 is computed by masking samples from
ther tasks with zeros. In other words, we multiply the resulting loss
f all samples with a mask to set their subsequent gradient calculation
o zero.

.3. Cerberus for transfer learning

As a result of training Cerberus on a large amount of data, we can
everage the encoder to improve the performance of additional tasks
ith transfer learning. For example, the Cerberus feature representation

an be used to enhance the performance of classification tasks or the
odel parameters can be used as pretrained weights for better model

nitialisation. The learned representation may also be used to extend
he trained model and enable the subtyping of initially localised objects.
o highlight the advantage of utilising Cerberus for transfer learning,
e experiment with 3 different applications. First, we see whether the

eature representation learned by Cerberus can improve both patch
lassification and object subtyping and then we see whether Cerberus
an provide better pretrained weights for object detection.

An overview of each of the tasks mentioned above is provided in
ig. 2c-e. These are treated as single-task problems and therefore a
imple batch aggregation strategy is used, rather than utilising our MTL
ask sampler, as described in Section 3.2.1.

.3.1. Patch classification
To test the strength of the features learned by Cerberus, we use

hem for the task of subtyping small patches centred at individual
bjects, such as nuclei. In particular, we utilise the trained Cerberus
ncoder 𝛷 and add several output layers to predict the corresponding
ategory. For this purpose, we aggregate features from several positions
n the encoder before applying global average pooling and two fully
onnected layers to obtain the prediction. We account for features at
ifferent scales within the encoder in order to demonstrate the feature
trength at multiple points within the network. We also freeze the
ncoder weights and train the output layers in isolation to capture the
ontribution of the feature representation.

.3.2. Object subtyping
To give further merit to the Cerberus feature representation, we

how how it can be leveraged to sub-categorise each of the initially
onsidered binary segmentation tasks. For this, we add an additional
ecoder 𝛹𝑇+1 to Cerberus, dedicated to the task of subtyping a par-
icular output, such as the nuclei. Then, we train 𝛹𝑇+1 in isolation,
hile freezing both 𝛷 and the decoders 𝛹𝑡 ∀ 𝑡 ∈ [1, 𝑇 ]. We treat this

ask as a pixel-based classification problem and therefore utilise the
ame decoder architecture used by the other segmentation tasks. After
raining the additional subtyping branch, Cerberus can predict all tasks
imultaneously.

Training the subtyping branch in isolation means that we do not
ave to cater for balancing the different components of the loss function
etween each task. Therefore, we use a combination of cross-entropy
nd Dice loss, which can also help counter class imbalance in the
5

ata (Graham et al., 2019c). Also, we only calculate the loss within
oreground pixels by performing a masking operation on the loss func-
ion. We do this because the foreground pixels have already been
ocalised by the associated binary segmentation branch and therefore
ifferentiating between foreground and background is not needed.
oncretely, the loss at the output of the subtyping branch 𝛹𝑇+1 for input

𝑋 is defined as:

𝑇+1(𝑋) = 𝛼(𝑋) + 𝛽 (𝑋), (2)

here 𝛼 and 𝛽 refer to the masked cross-entropy and Dice losses
espectively. Specifically, 𝛼(𝑋) and 𝛽 (𝑋) are defined as follows:

𝛼(𝑋) = −
∑

𝑘∈𝐾

1
|𝜈𝑘|

∑

𝑖∈𝜈𝑘

𝑦𝑖,𝑘(𝑋) ⋅ log�̂�𝑖,𝑘(𝑋) (3)

𝛽 (𝑋) =
∑

𝑘∈𝐾
1 −

2 ⋅
∑

𝑖∈𝜈𝑘 (𝑦𝑖,𝑘(𝑋) + �̂�𝑖,𝑘(𝑋)) + 𝜖
∑

𝑖∈𝜈𝑘 𝑦𝑖,𝑘(𝑋) +
∑

𝑖∈𝜈𝑘 �̂�𝑖,𝑘(𝑋) + 𝜖
. (4)

Here, 𝐾 is the number of classes, 𝑦 denotes the prediction and �̂� is the
ground truth. Therefore, 𝑦𝑖,𝑘(𝑋) corresponds to the prediction for input
image 𝑋 for class 𝑘 and pixel 𝑖. 𝜈𝑘 denotes the set of foreground pixels
belonging to class 𝑘 and 𝜖 is a smoothing parameter used in the Dice
loss to avoid division by zero.

3.3.3. Object detection
Instead of adding additional decoders so that Cerberus performs

an increasing number of tasks, we may want to utilise the weights in
the trained Cerberus encoder for improved weight initialisation in a
separate network. It is a common strategy to initialise networks with
weights obtained from sampling from the normal distribution (Glorot
and Bengio, 2010; He et al., 2015) or from initially training on large
datasets, such as ImageNet. However, we demonstrate that utilising
weights obtained from training Cerberus can provide better initiali-
sation for certain tasks in CPath, leading to improved performance.
To showcase this, we train RetinaNet (Lin et al., 2017), with our
pretrained Cerberus encoder as the backbone, for the task of object
detection. RetinaNet is a region proposal network (RPN) (Ren et al.,
2015) that performs object detection by predicting the bounding boxes
within an input image. RPNs are designed to efficiently predict region
proposals with a wide range of scales and aspect ratios, which are
then further processed to predict the location of object bounding boxes.
For this experiment, our goal is to understand whether Cerberus can
provide better initial weights, rather than isolating the contribution of
the feature representation. Therefore, all weights in the network are
optimised together.

3.4. Collecting large datasets for segmentation

Manually annotating datasets for deep segmentation models is a
very time-consuming procedure. Many deep learning models can pro-
vide an accurate segmentation, especially in trivial areas with a distinct
morphology. Therefore, it may be a waste of effort to still rely on
manual annotation in areas where deep learning models can perform
well. Therefore, to enable the collection of a large amount of accurately
labelled data we employ a pathologist-in-the-loop annotation collection
pipeline, which is a simplified version of the strategy implemented
by Graham et al. (2021a). Our method consists of three main steps:
(i) initial segmentation model training with manually annotated data,
(ii) pathologist-in-the-loop refinement and retraining, (iii) final manual
refinement.

First, we train an initial deep segmentation model on manually
annotated data. This may be on existing available data if we are
annotating objects with known publicly available datasets such as
glands (Sirinukunwattana et al., 2017; Graham et al., 2019a). Other-
wise, if annotating an object with no available dataset in a given tissue
type, then a manually annotated dataset needs to be created.

After training the initial segmentation model, we process all data
that we wish to annotate with the algorithm. With the input of a
pathologist, we then extract image regions of size 1,000 × 1,000
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.

Fig. 3. Annotating datasets at scale for segmentation: (a) first train an initial segmenta-
tion model with available data, (b) process unlabelled data and extract difficult regions
where the model does not perform well and (c) difficult regions are then refined and
added to the training set before retraining the model. This sequence of steps is repeated
until the data is accurately annotated. Difficult regions are shown with red borders in
(b), otherwise they are shown with green borders.

where the algorithm does not perform well and refine the results.
These images, along with the corresponding refined annotations, are
then added to the initial training set before re-training the model.
This extract-refine-retrain step is repeated until there is no noticeable
improvement with the addition of further data. As a final step, we
perform manual refinement of all data, which is then verified by a
qualified pathologist. Segmented glands and lumina were presented for
pathologist review when the data scientists were not sure about the
visual quality of segmentation or noticed regions (glands or lumina)
that could be potential false negatives. As a result, the number of actual
glands/lumina reviewed and/or annotated by the pathologist was much
less than the total number of glands/lumina. We provide an overview of
our iterative labelling strategy in Fig. 3 and a summary of the number
of collected annotations in Table 1.

4. Experiments and results

4.1. The datasets

In our MTL experiments, we utilise four task-level datasets. Specif-
ically, we utilise a gland, lumen, nuclei and tissue type classifica-
tion dataset, where each one contains image regions taken from H&E
stained colon tissue samples at 20× objective magnification (around
0.5 μm/pixel).

Gland dataset: GlaS (Sirinukunwattana et al., 2017) and CRAG
(Graham et al., 2019a) are two of the most widely used available
datasets for gland instance segmentation in colon histology images,
containing a total of 1,602 and 3,209 annotated glandular boundaries,
respectively. Despite GlaS and CRAG proving instrumental in the de-
velopment of the recent automated gland segmentation models (Chen
et al., 2017; Graham et al., 2019a), both datasets are from a sin-
gle centre (UHCW) and therefore models trained on these may not
generalise well to external data. Therefore, in addition, we annotate
glands from two further datasets using our iterative pathologist-in-the-
loop annotation method described in Section 3.4. Specifically, we label
46,346 additional glands within images extracted from the DigestPath
and TCGA datasets, respectively.

Lumen dataset: There has been recent work on the collection of
large annotated datasets for gland segmentation within colon tissue,
6

Table 1
Overview of the number of annotated objects used for segmentation tasks in this paper

Gland Lumen Nuclei

Existing data 4,811 – 495,179
Generated data 46,346 56,358 –
Total 51,157 56,358 495,179

but there are not many works on lumen segmentation, which can be
beneficial for diagnosing certain conditions such as cribriform architec-
ture and serrated polyps. To combat this, we annotate lumina within
images taken from the GlaS, CRAG, DigestPath and TCGA datasets
using our iterative labelling approach and accordingly use the data
in associated experiments. For this, we manually label 6,863 lumen
regions in GlaS and CRAG images as our initial annotated dataset and
then use our iterative scheme to generate 49,495 lumen boundaries in
the DigestPath and TCGA datasets.

Nuclei dataset: We use the Lizard dataset (Graham et al., 2021a,b),
which is the largest known instance segmentation and classification
dataset in CPath containing nearly half a million labelled nuclei. Each
nucleus is labelled according to the cell that it belongs to. Specifi-
cally, the labels used in the dataset are epithelial, lymphocyte, plasma,
neutrophil, eosinophil and connective tissue. Here, the connective tis-
sue is a broader category that includes endothelial cells, fibroblasts
and muscle cells. When creating the dataset, image regions are ex-
tracted from the following 6 sources: CRAG (Graham et al., 2019a),
GlaS (Sirinukunwattana et al., 2017), CoNSeP (Graham et al., 2019c),
PanNuke (Gamper et al., 2020a), DigestPath (Da et al., 2022) and
TCGA. Therefore, Lizard is a diverse dataset and models trained on it
may likely generalise to unseen examples.

Tissue type dataset: We utilise 3 datasets for tissue type classifica-
tion in colorectal images, that we refer to as CRC-TP2, Kather5K (Kather
et al., 2016) and Kather100K (Kather et al., 2019), which contain
100,000, 5,000 and 333,362 patches respectively. Here, CRC-TP2 con-
tains image patches from UHCW, whereas Kather5K and Kather100K
contain patches from the pathology archive at the University Medical
Center Mannheim. CRC-TP2 is an extension of the dataset by Javed
et al. (2020), where we add an extra 53,362 patches from an internal
colon biopsy dataset (Wahab et al., 2021). Overall, the tissue types
present in the dataset are background, adipose (fat), abnormal epithe-
lium, normal epithelium, inflammatory, stroma, muscle, debris and
mucous. Example image patches for each class can be seen in Fig. 4.

Data split: For segmentation tasks, we use TCGA data as an external
test set and split the remaining data into 3 folds for cross-validation. For
tissue type classification, we do not use an external test set but similarly
split the data into 3 folds. When creating each split, we separate the
data on a patient level to ensure that test data remains completely
unseen. Then, for a given fold we assign each split as either a training,
validation or testing subset. We also make sure that no patient overlap
occurs between the subsets. For example, if a patch from fold 1 of the
nuclei dataset belongs to a given patient, then that patient should not
exist in any of the other datasets in folds 2 or 3.

4.2. Evaluation metrics

Segmentation: We utilise the Dice score (Dice, 1945) and Panoptic
Quality (𝑃𝑄) (Kirillov et al., 2019) to measure the binary segmentation
performance. Here, the Dice score measures how well a model can
separate foreground pixels from the background and is defined as:

Dice =
2 × (|𝑌 | ∩ |𝑌 |)

|𝑌 | + |𝑌 |
, (5)

where 𝑌 and 𝑌 are the prediction and ground truth maps respec-
tively. However, the Dice score does not indicate whether neighbouring
objects are correctly separated. Therefore, we also use 𝑃𝑄 to pro-
vide a measure for the quality of instance segmentation. 𝑃𝑄 matches
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Fig. 4. Overview of the datasets used for (a) gland segmentation, (b) lumen segmentation, (c) nuclear segmentation & classification and (d) tissue type classification. We also
show the origin of the image regions used for each task.
predicted objects with ground truth objects based on whether their
intersection-over-union (𝐼𝑜𝑈) exceeds 0.5. This matching criterion is
used to separate objects into true positives (𝑇𝑃 ), false positives (𝐹𝑃 )
and false negatives (𝐹𝑁). Then, 𝑃𝑄 is defined as:

𝑃𝑄 = |𝑇𝑃 |
|𝑇𝑃 | + 1

2
|𝐹𝑃 | + 1

2
|𝐹𝑁|

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
Detection Quality(DQ)

×
∑

(𝑦,�̂�)∈𝑇𝑃 𝐼𝑜𝑈 (𝑦, �̂�)
|𝑇𝑃 |

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
Segmentation Quality(SQ)

, (6)

where �̂� denotes a ground truth instance and 𝑦 denotes a predicted in-
stance. We calculate 𝑃𝑄 individually for each image and then average
the results to get the overall statistic.

When assessing multi-class instance segmentation, we calculate 𝑃𝑄
independently for each class and then report the average score. In
previous work (Gamper et al., 2020a; Graham et al., 2021a), 𝑚𝑃𝑄 was
defined by calculating 𝑃𝑄 for each image and for each class before
the overall results were averaged. However, the result of a particular
image was not considered in the class average if that class was not
present in the ground truth. To help avoid skipping images, we also
report 𝑚𝑃𝑄+ (Graham et al., 2021b), which aggregates the statistics
over all images before taking the class average.

Classification: To assess the classification performance, we utilise
mean average precision (𝑚𝐴𝑃 ) and mean 𝐹1 (𝑚𝐹1). For both metrics,
either average precision (𝐴𝑃 ) or 𝐹1 is calculated and the average over
the classes is reported to give 𝑚𝐴𝑃 and 𝑚𝐹 . 𝐴𝑃 and 𝐹 are defined as:
7

1 1
𝑃𝑟𝑛 =
𝑇𝑃𝑛

𝑇𝑃𝑛 + 𝐹𝑃𝑛

𝑅𝑒𝑛 =
𝑇𝑃𝑛

𝑇𝑃𝑛 + 𝐹𝑁𝑛

(7)

𝐴𝑃 =
∑

𝑛
(𝑅𝑒𝑛 − 𝑅𝑒𝑛−1)𝑃𝑟𝑛 (8)

𝐹 𝑛
1 =

𝑃𝑟𝑛 ∗ 𝑅𝑒𝑛
𝑃𝑟𝑛 + 𝑅𝑒𝑛

(9)

Upon using a threshold 𝑛 to convert a probability to a binary label,
the predictions and ground truth are split into true positive (𝑇𝑃 ), false
positive (𝐹𝑃 ) and false negative (𝐹𝑁) sets. The number of items in
each of these sets is then utilised to calculate the precision (𝑃𝑟) and
recall (𝑅𝑒) values. Depending on the use case, 𝑛 may have a different
meaning. For 𝐴𝑃 , 𝑛 denotes the 𝑛th threshold level that is associated
with a specific threshold value. For 𝑛−1, this extends to be the previous
threshold level that is smaller than 𝑛. However, for 𝐹1, we set the
prediction label to be the one with the highest probability, rather than
using a specific threshold value.

4.3. Results

4.3.1. Cerberus vs state-of-the-art approaches
First, we compare the segmentation performance of Cerberus with

recent state-of-the-art approaches in CPath and provide the results in
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Table 2
Simultaneous nuclear segmentation and classification results of our proposed approach compared to recent state-of-the-art methods. Cerberus
predicts the eroded instance target, whereas Cerberus+ also predicts the object boundary.
Model Cross validation External test

Binary PQ mPQ mPQ+ Binary PQ mPQ mPQ+

U-Net 0.564 ± 0.020 0.275 ± 0.014 0.324 ± 0.018 0.493 ± 0.051 0.235 ± 0.018 0.258 ± 0.034
HoVer-Net 0.583 ± 0.014 0.295 ± 0.018 0.409 ± 0.027 0.514 ± 0.026 0.285 ± 0.018 0.335 ± 0.017

Cerberus 0.588 ± 0.008 0.323 ± 0.020 0.396 ± 0.022 0.560 ± 0.028 0.308 ± 0.015 0.353 ± 0.009
Cerberus+ 0.612 ± 0.010 0.358 ± 0.011 0.425 ± 0.019 0.568 ± 0.009 0.332 ± 0.011 0.388 ± 0.003
Table 3
Gland and lumen segmentation results of our proposed approach compared to recent top-performing methods. Cerberus predicts
the eroded instance target, whereas Cerberus+ also predicts the object boundary.
Model Gland Lumen

Cross val External test Cross val External test

U-Net 0.622 ± 0.030 0.459 ± 0.024 0.501 ± 0.008 0.240 ± 0.109
MILD-Net 0.647 ± 0.046 0.526 ± 0.027 0.522 ± 0.034 0.353 ± 0.088
Rota-Net 0.662 ± 0.048 0.573 ± 0.034 0.569 ± 0.042 0.436 ± 0.054

Cerberus 0.677 ± 0.028 0.640 ± 0.012 0.589 ± 0.006 0.525 ± 0.027
Cerberus+ 0.674 ± 0.021 0.650 ± 0.004 0.590 ± 0.018 0.530 ± 0.005
Tables 2 and 3. Here, we only consider MTL with mixed batch sampling,
due to its superior performance as shown in Table 4. For this, we assess
the binary segmentation performance of nuclei, glands and lumina
using 𝑃𝑄 and then quantify the multi-class segmentation performance
of nuclei using both 𝑚𝑃𝑄 and 𝑚𝑃𝑄+.

For nuclei, we compare the performance of our proposed approach
with U-Net (Ronneberger et al., 2015) and HoVer-Net (Graham et al.,
2019c). HoVer-Net is a recent top-performing method for combined
nuclear instance segmentation and classification (Verma et al., 2020;
Gamper et al., 2020a) and therefore serves as a strong benchmark.
To enable full comparison amongst all models for nuclear segmenta-
tion and classification, we add extra layers to the output of U-Net
for nuclear subtyping. For both gland and lumen segmentation, we
compare the performance of Cerberus with U-Net, MILD-Net (Graham
et al., 2019a) and Rota-Net (Graham et al., 2019b). MILD-Net and
Rota-Net are competitive methods for both of these tasks and therefore
serve as strong baselines. Here, Rota-Net segments the glands and
lumina simultaneously, like in the original publication. All Cerberus
and U-Net models use a simple 2-class eroded instance target, whereas
MILD-Net and Rota-Net also incorporate the object boundary as an
additional class. HoVer-Net uses a more complex instance segmentation
target, consisting of horizontal and vertical distance maps. Therefore,
if Cerberus can outperform competing methods using a simple instance
segmentation target, then this holds great promise for achieving even
better results when adding more complex targets. As an extra experi-
ment, we see whether we can further boost the performance of Cerberus
by also incorporating the object boundary. We denote this as Cerberus+
in Tables 2 and 3. For all U-Net models, we use batch normalisation,
which was not used in the original publication (Ronneberger et al.,
2015).

In Table 2, we see that Cerberus outperforms both U-Net and HoVer-
Net on nearly all measures for both binary and multi-class nuclear
instance segmentation. This performance is further improved when
using the object boundary as an additional target of the network and
leads to significantly better performance for all measures compared
to both U-Net and HoVer-Net. It may be worth noting that we report
slightly different results than the HoVer-Net results reported by Gra-
ham et al. (2021a) because we ensure that the exact same input
patches are used for a fair comparison. It is interesting to see that
the boost in performance is more pronounced for the external test
set, suggesting that MTL can help with generalisation. For gland and
lumen segmentation, we observe from Table 3 that Cerberus exceeds
the performance of U-Net, MILD-Net and Rota-Net on all measures.
Again, this is especially prominent on the external test set. Despite the
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increase in performance not being large, we see a slight increase in
performance when considering the object boundary, especially on the
completely unseen data source. Therefore, this justifies predicting the
object boundary for instance segmentation in all segmentation tasks
considered by our network.

4.3.2. Multi-task learning vs single-task learning for segmentation
We perform extensive experiments to fully understand the contri-

bution of multi-task learning for segmentation. For this experiment, we
only consider the binary output for segmentation tasks and consider the
eroded map as the instance target for simplicity. We report results for
further subtyping of the segmentation output in Section 4.3.3. In partic-
ular, we compare single-task learning (STL) methods, where a devoted
network is trained individually per task, with multi-task networks,
where tasks are optimised simultaneously. We also experiment with
two different sampling strategies for MTL: (i) sampling a single task
per batch and (ii) sampling a mixture of tasks per batch, referred to as
fixed and mixed batches, respectively in 3.2.1. We investigate the above
strategies using encoder–decoder based model architectures with hard
parameter sharing. Specifically, we experiment with both a basic U-
Net style encoder (Ronneberger et al., 2015) with batch normalisation
and a ResNet34 encoder (He et al., 2016). We assess the performance
of multiple models to remove any bias from the model architecture
and instead solely focus on the contribution of the training scheme.
After gaining insight into the effect of MTL for segmentation tasks, we
investigate whether ImageNet pretrained weights and utilising patch
classification as an auxiliary task can further increase the segmentation
performance. As described in Section 3.2.1, a batch must contain a
single super task, which needs to be initially selected if considering both
segmentation and patch classification.

Our major aim is that we want the performance of networks trained
using MTL to be at least as good as those trained using STL. This
would reduce the computational requirements during training and
inference because just a single network could be used to perform tasks
simultaneously. We can see from Table 4 that in fact we achieve su-
perior performance for most tasks considered during our experiments.
In particular, we observe that both U-Net and ResNet34 alternatives
benefit from MTL, especially for gland and lumen segmentation. This
observation is more pronounced on the external test set, suggesting
that the features learned during MTL can help with generalisation. The
greatest improvement from training with MTL is observed for lumen
segmentation, especially on the external test set. This can potentially
be attributed to learning complementary information regarding the
location of glandular boundaries. Despite not observing an obvious
increase in performance for nuclear segmentation, results are compa-

rable, suggesting that we do not require a separate network to perform
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Table 4
Comparison of results obtained for binary segmentation using MTL and STL. Sampler indicates how patches are aggregated into batches. A Fixed batch contains patches from a
single task and a Mixed batch contains patches from multiple tasks (Section 3.2.1). IN refers to ImageNet pretrained models and PC denotes patch classification. When using MTL
with PC, a batch contains either only patches for segmentation or PC (Section 3.2.1).

(a) Cross validation results.

Task Sampler Nuclei Gland Lumen

Dice PQ Dice PQ Dice PQ

U
-N

et STL Fixed 0.767 ± 0.013 0.566 ± 0.021 0.891 ± 0.013 0.622 ± 0.030 0.659 ± 0.014 0.501 ± 0.008
MTL Fixed 0.759 ± 0.004 0.560 ± 0.006 0.894 ± 0.006 0.636 ± 0.025 0.688 ± 0.017 0.536 ± 0.022
MTL Mixed 0.762 ± 0.007 0.558 ± 0.011 0.897 ± 0.011 0.628 ± 0.015 0.697 ± 0.003 0.543 ± 0.011

Re
sN

et
-3

4 STL Fixed 0.772 ± 0.002 0.581 ± 0.006 0.902 ± 0.007 0.669 ± 0.014 0.666 ± 0.060 0.508 ± 0.091
MTL Fixed 0.769 ± 0.007 0.572 ± 0.009 0.903 ± 0.001 0.677 ± 0.022 0.726 ± 0.015 0.585 ± 0.013
MTL Mixed 0.770 ± 0.003 0.574 ± 0.005 0.905 ± 0.005 0.674 ± 0.016 0.721 ± 0.018 0.590 ± 0.014

IN-MTL Mixed 0.779 ± 0.004 0.588 ± 0.009 0.907 ± 0.002 0.683 ± 0.013 0.733 ± 0.019 0.592 ± 0.019
IN-MTL+PC Mixed 0.778 ± 0.006 0.589 ± 0.008 0.909 ± 0.008 0.677 ± 0.028 0.735 ± 0.007 0.589 ± 0.006

(b) External test results.

Task Sampler Nuclei Gland Lumen

Dice PQ Dice PQ Dice PQ

U
-N

et STL Fixed 0.713 ± 0.067 0.499 ± 0.058 0.741 ± 0.012 0.459 ± 0.024 0.281 ± 0.089 0.240 ± 0.109
MTL Fixed 0.708 ± 0.061 0.486 ± 0.058 0.770 ± 0.100 0.471 ± 0.077 0.420 ± 0.051 0.376 ± 0.063
MTL Mixed 0.738 ± 0.017 0.505 ± 0.017 0.824 ± 0.061 0.492 ± 0.039 0.446 ± 0.063 0.377 ± 0.059

Re
sN

et
-3

4 STL Fixed 0.758 ± 0.021 0.554 ± 0.030 0.820 ± 0.104 0.566 ± 0.082 0.388 ± 0.016 0.313 ± 0.041
MTL Fixed 0.739 ± 0.032 0.527 ± 0.042 0.864 ± 0.031 0.602 ± 0.020 0.594 ± 0.046 0.470 ± 0.010
MTL Mixed 0.742 ± 0.027 0.531 ± 0.038 0.881 ± 0.013 0.617 ± 0.004 0.622 ± 0.053 0.492 ± 0.013

IN-MTL Mixed 0.773 ± 0.031 0.560 ± 0.037 0.875 ± 0.072 0.619 ± 0.064 0.637 ± 0.057 0.516 ± 0.056
IN-MTL+PC Mixed 0.774 ± 0.024 0.560 ± 0.028 0.908 ± 0.010 0.640 ± 0.012 0.666 ± 0.014 0.525 ± 0.027
m
d
P
a
b

f
a
o
p

Table 5
Comparison of performance with models trained using multi-task and single-task
learning for tissue type classification.

Task mAP mF1
IN-STL 0.949 ± 0.002 0.885 ± 0.001
IN-MTL+PC 0.948 ± 0.006 0.883 ± 0.007

this task. We suspect that this may be because we are already using
a very large dataset for nuclear segmentation and so the addition of
complementary tasks may not be particularly advantageous.

Although we achieve similar performance during cross-validation,
it can be seen that utilising a mixed batch leads to significantly better
performance on the external test set. Therefore, for the remainder of
the experiments in this paper, we only consider MTL with mixed batch
sampling. We also hypothesise that mixed batch sampling will scale
better when using a large number of tasks because for a given batch,
there is a greater probability of at least one sample being present for
a particular task. However, this assumption only holds if the batch
size is greater than the number of tasks. Further investigation into the
relationship between batch types (mixed/fixed) and batch size may be
required in future work to fully understand what kind of batches work
best for MTL.

For all tasks, we observe that using a ResNet encoder results in
a significantly better performance compared to using a conventional
U-Net approach. We also observe that initialising the ResNet encoder
with ImageNet weights, rather than randomly, gives a further boost
in the performance. From Table 4 we can see that with the addition
of patch classification, results are comparable for cross-validation, but
have improved on the external test set. This suggests that utilising the
additional data from the patch classification task leads to the shared
encoder learning more representative features, and hence leads to
better performance on external data. Of course, as an additional benefit,
the network can predict the tissue type at the output of the network,
which can potentially lead to more powerful downstream pipelines. It
must be noted that results using ImageNet-pretrained MTL models were
obtained to assess potential performance gains over MTL. Therefore,
they should not be compared directly with STL models. We report
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c

the patch classification performance in Table 5, where we observe
that the multi-task and single-task models achieve similar performance.
Therefore, performance is not compromised when considering multiple
tasks alongside patch classification. For this experiment, we compare
our approach with STL pretrained with ImageNet to provide a fair
comparison.

4.3.3. Cerberus feature representation for patch-based nuclear classification
After training Cerberus, our next experiment involves understanding

whether the learned features can be used to improve the performance of
patch-level nuclear classification. We first assess whether the represen-
tation captured from training Cerberus is superior to that obtained from
training on ImageNet in a supervised setting. Using ImageNet-trained
networks is a common strategy to obtain a deep representation in the
field of computer vision and therefore serves as a good benchmark
for this experiment. Then, we compare single-task and self-supervised
learning alternatives with histology-specific data. In particular, con-
trastive learning is a self-supervised approach that has shown great
promise, without requiring labelled data. Therefore, we compare Cer-
berus features with those obtained using a recent contrastive learning
method called SimCLR (Chen et al., 2020) on our combined gland,
lumen and nuclei datasets. However, this may not fully unlock the po-
tential of self-supervised methods that are only bounded by the amount
of available image data. Therefore, we also add results using SimCLR
trained with over 2 million H&E colon input patches at 20× objective

agnification and denote it as SimCLR+. For this, in addition to the
ata that was used for MTL, we sampled many image patches from the
AIP challenge2 and TCGA datasets. As an additional benchmark, we
lso utilise a model provided by Ciga et al. (2022) that was optimised
y training SimCLR on 57 histology datasets.

In Table 6, we show results for nuclear classification using different
eature representations. Each representation is obtained by passing im-
ges through a pretrained ResNet encoder, where weights were initially
btained using one of the strategies described above. Features are
assed to several trainable output layers to predict the nuclear category.

2 The PAIP dataset is available to download here: https://paip2020.grand-
hallenge.org/

https://paip2020.grand-challenge.org/
https://paip2020.grand-challenge.org/
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Table 6
Comparison of different deep features for nuclear classification. All models consider a patch of size 32 × 32 extracted at the
centre of each nucleus. We only consider MTL with mixed batch sampling due to its superior performance in Table 4. For all
models, we freeze the ResNet weights and only train the classification layers. Models above the dashed line use a ResNet34
backbone, whereas models below the dashed line use ResNet18 to enable cross-comparison with Ciga et al. (2022), which
uses SimCLR. The difference between this and SimCLR/SimCLR+ reported on rows 2 and 3 is the data used for training. Here,
SimCLR uses the same data used during MTL and SimCLR+ uses over 2 million colon H&E image patches from many datasets.
Features Mode Cross validation External test

mAP mF1 mAP mF1
IN Patch 0.535 ± 0.018 0.491 ± 0.026 0.385 ± 0.013 0.355 ± 0.020
SimCLR Patch 0.508 ± 0.005 0.464 ± 0.014 0.432 ± 0.029 0.403 ± 0.026
SimCLR+ Patch 0.592 ± 0.012 0.557 ± 0.012 0.488 ± 0.023 0.442 ± 0.009
STL Nuclei Patch 0.635 ± 0.033 0.588 ± 0.029 0.572 ± 0.022 0.538 ± 0.020
STL Gland Patch 0.542 ± 0.027 0.499 ± 0.041 0.495 ± 0.042 0.456 ± 0.056
STL Lumen Patch 0.520 ± 0.022 0.478 ± 0.038 0.452 ± 0.059 0.418 ± 0.073
MTL Patch 0.587 ± 0.032 0.543 ± 0.039 0.558 ± 0.005 0.506 ± 0.010
IN-MTL Patch 0.607 ± 0.033 0.562 ± 0.038 0.540 ± 0.035 0.492 ± 0.041
IN-MTL+PC Patch 0.651 ± 0.067 0.601 ± 0.049 0.573 ± 0.013 0.540 ± 0.019

IN-MTL+PC∗ Patch 0.628 ± 0.030 0.577 ± 0.038 0.586 ± 0.024 0.518 ± 0.034
(Ciga et al., 2022) Patch 0.615 ± 0.004 0.566 ± 0.019 0.540 ± 0.035 0.492 ± 0.041
Table 7
Results for nuclear classification with different loss strategies by making a prediction per pixel. Pixel𝐴 performs nuclear classification by adding
an extra classification layer at the output of the nuclear segmentation branch, whereas Pixel𝐵 uses a devoted upsampling branch.
Features Mode Loss Cross validation External test

mAP mF1 mAP mF1
IN-MTL+PC Pixel𝐴 CE 0.493 ± 0.021 0.477 ± 0.013 0.447 ± 0.025 0.432 ± 0.012
IN-MTL+PC Pixel𝐴 CE & Dice 0.537 ± 0.017 0.545 ± 0.015 0.494 ± 0.030 0.497 ± 0.012
IN-MTL+PC Pixel𝐴 Masked CE & Dice 0.576 ± 0.012 0.566 ± 0.008 0.529 ± 0.032 0.509 ± 0.020
IN-MTL+PC Pixel𝐵 Masked CE & Dice 0.678 ± 0.035 0.710 ± 0.030 0.634 ± 0.013 0.669 ± 0.003
We aggregate features from several positions of the encoder before
applying global average pooling and two fully connected layers to
obtain the final prediction. For most entries in Table 6 above the dashed
line, we utilise a ResNet34 model for feature extraction. However, Ciga
et al. (2022) does not have this model available and instead provides
a ResNet18 alternative. Therefore, to enable a like-for-like comparison,
we also retrain Cerberus with a ResNet18 backbone and compare the
corresponding results.

We extract a dataset of patches of size 32 × 32 pixels centred at
ach nucleus within our nuclear segmentation dataset and use the same
plits that were initially used for feature extraction to ensure that all
est data remains completely unseen. We observe from Table 6 that all
eatures obtained using single or multi-task learning achieve a better
erformance than ImageNet-derived features for nuclear subtyping.
hey are also superior to those features obtained from training with
imCLR on our gland, lumen and nuclei datasets. Using MTL trained
n segmentation tasks leads to stronger features as compared to single-
ask approaches for gland and lumen segmentation. However, using
eatures from MTL does not surpass the performance of single task
uclear segmentation features. This may be unsurprising because the
eatures learned for nuclear segmentation are most probably directly
elated to this particular task of nuclear subtyping. However, when
dding patch classification as an auxiliary task during MTL, we achieve
he best overall performance. MTL with auxiliary patch classification
using a ResNet18 encoder) also obtains superior features for nuclear
lassification as compared to the model supplied by Ciga et al. (2022).

.3.4. Cerberus feature representation for object subtyping
Cerberus is trained for binary segmentation and multi-class patch

lassification. However, it may be desirable to further subtype the
egmentation output. For example, the output of the gland segmenta-
ion branch could be further split into benign and malignant glands,
hereas the nuclear segmentation output could be split into different

ypes of nuclei. As described in Section 3.3.2, this can be done by
dding a dedicated decoder to Cerberus, which performs pixel-wise
lassification within objects for a particular task. Majority voting can
10
then be used to assign a single category to each object. When utilising
this strategy, the original Cerberus weights are frozen and only the
additional decoder is trained. Therefore, the original model parameters
remain unchanged and so performance is not compromised. Because
the weights are frozen, it is essential for the encoder to have initially
learned a strong feature representation to perform well on this task. In
Section 3.3.2, we also describe our proposed loss function that focuses
only on foreground pixels and aims to combat class imbalance.

For this experiment, we explore whether the strategy described
above can be used to improve the performance achieved in Table 6.
The added benefit of extending Cerberus in this way is that it enables
subtyping to be done jointly with other tasks and therefore a single
network can be used. On the other hand, if our patch classification
pipeline for nuclear classification was used, then an additional network
would be needed. To give justification for our chosen subtyping net-
work architecture and loss function, we provide an ablation study in
Table 7.

Rather than having an entirely separate branch for subtyping, we
initially split from the binary nuclear segmentation branch after the
final upsampling operation to leverage already existing features and
save on computational cost. Using this strategy, we experiment with 3
different loss configurations. We first use cross-entropy (CE) and then
combine CE with Dice loss to see whether this can help counter the
class imbalance present in the dataset. We calculate the loss for all
pixels, which is not needed if we already perform object localisation in
the segmentation branch. Therefore, we also experiment with a masked
loss that computes the loss only in foreground pixels. After analysing
the best loss configuration, we then see whether utilising the devoted
upsampling branch can further boost the performance.

In Table 7, we observe that adding Dice loss to CE loss leads
to an improvement in performance for all measures. There is also a
further boost in the performance when using masked loss, which helps
the network to learn discriminative features within the nuclei, rather
than learning to separate foreground from background. However, it is
evident from Table 6 that the performance is still inferior to the patch-
classification counterpart that uses the same features. When adding the
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Fig. 5. Signet ring cell detection visual results using the pretrained Cerberus encoder.
Fig. 6. Signet ring cell detection performance with different numbers of input samples.
We compare Cerberus features with STL (trained on nuclei) and ImageNet-based
features. 𝐹𝑅𝑂𝐶: free-response receiver operating characteristic.

devoted upsampling branch, we observe a significant increase in per-
formance, that even surpasses all patch-based alternatives. Therefore, it
is clear that the use of a full branch for subtyping is required to ensure
a strong performance.

4.3.5. Cerberus pretrained weights for object detection
To understand whether our trained multi-task model leads to bet-

ter weight initialisation for new tasks, we assess whether utilising
the Cerberus pretrained weights can help boost the performance of
11
signet ring cell detection. For this, we utilise data provided as part
of the DigestPath challenge, but perform additional labelling due to
incomplete annotations. Here, the images with signet ring cell anno-
tations are independent to DigestPath images used during MTL. We
also want to understand whether leveraging Cerberus for enhanced
weight initialisation can lead to improved data efficiency on novel
tasks. For this, we train multiple signet ring cell detection models with
increasing numbers of random input samples and assess the impact on
performance. Specifically, we train RetinaNet (Lin et al., 2017) with a
ResNet backbone to predict the bounding box around each signet ring
cell. Here, the backbone is initialised with parameters either obtained
from training on ImageNet, from using STL on nuclei histology data
(STL-Nuclei from Table 4) or from training Cerberus. As opposed to
our nuclei subtyping experiment, we train all model weights after
initialisation. Example visual results can be seen in Fig. 5.

Results from training with the different weight initialisation strate-
gies are displayed in Fig. 6, where the performance is measured in terms
of area under the free-response receiver characteristic (𝐹𝑅𝑂𝐶) curve.
We choose this metric as it was used as part of the DigestPath challenge
to evaluate different submissions. We repeat each experiment 4 times
and therefore the plot shows the mean result along with the calculated
confidence intervals. It is important to note that the 𝑥-axis in the plot is
in log-scale. We can see that leveraging the Cerberus encoder leads to
an improvement in results over ImageNet and STL pretrained weights,
irrespective of the number of input samples. When we are presented
with a small number of samples, then using our Cerberus encoder as
a pretraining mechanism can lead to greater data efficiency. We make
this clear by drawing a horizontal dashed line on the plot denoting a
score of 0.4. It can be seen that much fewer samples are needed to
achieve this score when using Cerberus pretrained weights. This holds
potential for other tasks when not provided with a large amount of
data.



Medical Image Analysis 83 (2023) 102685S. Graham et al.
Fig. 7. Overview of the pipeline for processing colorectal TCGA WSIs with Cerberus. In total, we process 599 WSIs and obtain 377 million different nuclei, 900 thousand glands
and 2.1 million lumina. We release the processed dataset to enable research in the CPath community. We provide zoomed-in image regions of the corresponding boxes denoted
by A and B.
4.3.6. Processing the TCGA colorectal database
A major bottleneck in the development of explainable models for

CPath is the localisation of various regions in the tissue. This enables
the subsequent extraction of interpretable features which can then be
used in downstream predictive pipelines for tasks such as biomarker
discovery and survival analysis. Therefore, to accelerate research in
CPath, we process all formalin-fixed paraffin-embedded colorectal WSIs
from TCGA with Cerberus and make the results publicly available. We
provide results for gland, lumen and nuclear segmentation, as well as
patch-level tissue type classification. We also utilise our subtyping strat-
egy (Section 3.3.2) and predict the category for each nucleus, which can
enable effective modelling of the tumour micro-environment.

In total, we localise 377 million different types of nuclei, 900
thousand glands and 2.1 million lumina,3 making it by far the largest
available resource of its kind in CPath. In Fig. 7, we display some
example results obtained from processing sample TCGA WSIs with the
proposed approach.

4.4. Implementation and training details

We implemented our framework with PyTorch (Paszke et al., 2019)
version 1.9 and utilised 3 NVIDIA V100 GPUs, each with 32 GB RAM.
During training, we applied the following random data augmentations:
flip, rotation, Gaussian blur, median blur and colour perturbation. For
segmentation tasks, networks were fed input patches of size 448 × 448
pixels, whereas for patch classification tasks the input patch size was
144 × 144. We trained all networks with a batch size of 9 samples

3 This dataset is available to download at: https://github.com/
TissueImageAnalytics/cerberus.
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per GPU (a total of 27 samples with 3 GPUs). All models were trained
for 90,000 steps using Adam optimisation (Kingma and Ba, 2014)
with an initial learning rate of 10−3, which was reduced to 10−4 after
70,000 steps. All networks were trained with an RGB input, normalised
between 0 and 1.

5. Discussion and conclusions

Localisation of structures of interest in WSIs enables the extraction
of interpretable features for pipelines in CPath. For this, typically a
deep neural network is used per region/structure that we wish to
localise. However, this may not scale well as we consider an increasing
number of tissue constructs. Therefore, in this paper, we propose a
multi-task learning model, named Cerberus, that performs simultaneous
prediction of multiple tasks at the output of the network, without
compromising on performance. In fact, we show that Cerberus achieves
superior performance compared to single-task alternatives for segmen-
tation and the learned feature representation can be leveraged to
improve the performance of additional tasks via transfer learning.

Most MTL models are developed to learn a generalisable represen-
tation that is achieved by training on various independent datasets.
Thereby, the collective knowledge learned can lead to more general
features compared to when networks are trained on small datasets on
a specific task. Despite their capability in learning a strong feature rep-
resentation, datasets used in standard MTL pipelines are not necessarily
aligned. For example, in CPath the datasets may have different staining,
pixel resolution or belong to different tissue types. This means that,
despite the network being able to make a simultaneous prediction for
single image input, the outputs may not make sense. This is because
each task may have its own input data assumptions. On the other hand,
Cerberus ensures that each independent task-level dataset has the same

https://github.com/TissueImageAnalytics/cerberus
https://github.com/TissueImageAnalytics/cerberus
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Fig. A.1. Visual results demonstrating classification of glands as either surface epithelium or not.
input assumptions and therefore a meaningful simultaneous prediction
can be made for all output branches of the network. Not only this but
aligning the input helps ease network optimisation. In this paper, we
use H&E stained colon tissue at 20× objective magnification (around
0.5 μm/pixel), but the method is not necessarily limited to this data
configuration. Despite the fact that MTL is usually primarily used to
gain a generalisable feature representation, our main focus is enabling
a strong performance for simultaneous prediction by leveraging the
collective knowledge from multiple available datasets. To the best of
our knowledge, this is the first approach in CPath that utilises MTL
with the main focus of predicting tasks simultaneously with a single
network.

We have shown that Cerberus learns a strong feature representation
that can be used for transfer learning. We demonstrated that the learned
representation can be used to increase the performance of patch classi-
fication tasks, such as nuclear subtyping and can be used to accurately
subtype objects initially segmented by the network. In addition, we
show that Cerberus can be used for improved weight initialisation for
tasks such as signet ring cell detection and can even lead to better
data efficiency. Even though we showcased the merit of utilising Cer-
berus for transfer learning, there are still plenty of other applications
that have not been explored. Therefore, even though Cerberus helped
improve the performance of the 3 transferred tasks considered in this
paper, we cannot conclusively say that it always leads to an increase
in performance when applied to novel tasks. In particular, it would
be interesting to see whether the feature representation learned by
Cerberus can be used with other tissue types.

For the purpose of this paper, we focussed on nuclear, gland and
lumen segmentation as well as tissue type classification. Of course, it
would be interesting to integrate additional tasks into our multi-task
network, which can lead to a greater number of interpretable features
that we can extract from the model output and may potentially increase
the strength of the learned feature representation. For example, it
would be interesting to consider instance segmentation of nerves and
blood vessels as tasks within our framework, which would enable us to
extract features relating to perineural invasion, lymphovascular inva-
sion and tumour angiogenesis. It would also be interesting to instead
use semantic segmentation of different tissue types, rather than relying
13
on patch classification. This would enable more precise localisation of
different regions, which can lead to more accurate quantification of
features. As discussed previously, typical MTL pipelines in CPath do not
achieve a good performance across tasks at the output of the network.
However, we believe that if we ensure that the input data is aligned
by the same tissue type, stain type and magnification, we can sustain
a good level of performance when adding further tasks, beyond those
experimented with in this paper.

During the design of our experiments, we decided which tasks to
use for MTL and which to use for assessment of the learned feature
representation. In theory, there is no reason why a different number
of upstream and additional tasks could not be chosen for training and
transfer learning of the Cerberus model. For example, we could have
used signet ring cell detection during MTL and nuclear segmentation
to help assess the strength of the learned features. Also, we could
have added signet ring cell detection as an extra branch during MTL.
However, our chosen experimental setup allowed us to train on a large
amount of data and enabled appropriate assessment of both multi-task
output performance and the learned feature representation.

It would be natural to assume that due to the consideration of
multiple tasks, the size of Cerberus would be very large. This is because
each task has its own independent decoder. However, due to the
use of relatively lightweight decoders (each containing 1.3 million
parameters), the model only contains 27.1 million parameters when
considering the tasks of gland segmentation, lumen segmentation, nu-
clear segmentation, nuclear classification and tissue type classification.
This is approximately 2 times fewer than the number of parameters in
MILD-Net and 3 times fewer than the number in HoVer-Net. Therefore,
despite us using high-end GPUs in our experiments, this is not a
requirement to fit the model into memory. When using an NVIDIA
GeForce 1080 Ti GPU with a batch size of 25, the inference time
for a TCGA WSI (dimensions of 28,451 × 56,782 at a resolution of
0.5 μm/pixel) was 11.7 minutes.4 This will be much quicker than using
separate networks for each task.

4 A link to the WSI that we processed can be found here: https://portal.
gdc.cancer.gov/files/3b88b579-a27a-4ac4-8533-48dded7d11c7

https://portal.gdc.cancer.gov/files/3b88b579-a27a-4ac4-8533-48dded7d11c7
https://portal.gdc.cancer.gov/files/3b88b579-a27a-4ac4-8533-48dded7d11c7
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Table A.1
Breakdown of nuclear classification performance (average precision) for each category. Ciga et al. (2022) uses SimCLR for model training. The difference between this and
SimCLR/SimCLR+ reported on rows 2 and 3 is the data used during optimisation. Here, SimCLR uses the same data used during MTL and SimCLR+ uses over 2 million colon H&E
mage patches from many datasets.
(a) Cross validation results.

Features Mode Epithelial Lymphocyte Plasma Neutrophil Eosinophil Connective

IN Patch 0.954 ± 0.002 0.742 ± 0.025 0.341 ± 0.033 0.157 ± 0.083 0.286 ± 0.073 0.728 ± 0.031
SimCLR Patch 0.953 ± 0.004 0.761 ± 0.035 0.386 ± 0.018 0.146 ± 0.070 0.066 ± 0.033 0.736 ± 0.029
SimCLR+ Patch 0.971 ± 0.002 0.778 ± 0.029 0.455 ± 0.005 0.256 ± 0.101 0.302 ± 0.090 0.791 ± 0.020
STL-Nuclei Patch 0.963 ± 0.001 0.816 ± 0.020 0.434 ± 0.018 0.242 ± 0.129 0.542 ± 0.111 0.811 ± 0.025
STL-Gland Patch 0.958 ± 0.005 0.743 ± 0.027 0.337 ± 0.020 0.098 ± 0.036 0.393 ± 0.130 0.724 ± 0.049
STL-Lumen Patch 0.948 ± 0.005 0.726 ± 0.044 0.330 ± 0.024 0.103 ± 0.046 0.308 ± 0.117 0.703 ± 0.036
MTL Patch 0.968 ± 0.001 0.793 ± 0.019 0.410 ± 0.019 0.156 ± 0.057 0.399 ± 0.137 0.793 ± 0.031
IN-MTL Patch 0.969 ± 0.003 0.789 ± 0.023 0.427 ± 0.027 0.208 ± 0.099 0.482 ± 0.133 0.768 ± 0.050
IN-MTL+PC Patch 0.974 ± 0.014 0.807 ± 0.049 0.463 ± 0.079 0.228 ± 0.117 0.608 ± 0.097 0.828 ± 0.058

IN-MTL+PC∗ Patch 0.970 ± 0.002 0.812 ± 0.029 0.439 ± 0.021 0.233 ± 0.089 0.513 ± 0.129 0.798 ± 0.034
(Ciga et al., 2022) Patch 0.962 ± 0.004 0.763 ± 0.017 0.403 ± 0.011 0.256 ± 0.078 0.553 ± 0.055 0.755 ± 0.035

Cerberus Pixel 0.984 ± 0.002 0.775 ± 0.019 0.430 ± 0.017 0.358 ± 0.134 0.635 ± 0.065 0.886 ± 0.014

(b) External test results.

Features Mode Epithelial Lymphocyte Plasma Neutrophil Eosinophil Connective

IN Patch 0.682 ± 0.017 0.517 ± 0.026 0.275 ± 0.028 0.055 ± 0.019 0.334 ± 0.047 0.483 ± 0.053
SimCLR Patch 0.885 ± 0.022 0.674 ± 0.026 0.401 ± 0.049 0.029 ± 0.011 0.044 ± 0.009 0.560 ± 0.096
SimCLR+ Patch 0.917 ± 0.022 0.644 ± 0.036 0.336 ± 0.057 0.049 ± 0.023 0.351 ± 0.066 0.630 ± 0.030
STL-Nuclei Patch 0.932 ± 0.009 0.743 ± 0.043 0.395 ± 0.045 0.060 ± 0.038 0.571 ± 0.032 0.729 ± 0.048
STL-Gland Patch 0.912 ± 0.018 0.606 ± 0.132 0.367 ± 0.035 0.016 ± 0.006 0.450 ± 0.051 0.620 ± 0.099
STL-Lumen Patch 0.900 ± 0.016 0.681 ± 0.065 0.326 ± 0.056 0.017 ± 0.005 0.211 ± 0.139 0.575 ± 0.095
MTL Patch 0.939 ± 0.011 0.745 ± 0.010 0.429 ± 0.018 0.034 ± 0.010 0.496 ± 0.044 0.708 ± 0.043
IN-MTL Patch 0.933 ± 0.016 0.657 ± 0.125 0.432 ± 0.037 0.040 ± 0.017 0.480 ± 0.037 0.698 ± 0.038
IN-MTL+PC Patch 0.937 ± 0.018 0.714 ± 0.047 0.405 ± 0.018 0.062 ± 0.010 0.493 ± 0.030 0.726 ± 0.051

IN-MTL+PC∗ Patch 0.939 ± 0.014 0.750 ± 0.028 0.510 ± 0.027 0.048 ± 0.015 0.559 ± 0.029 0.710 ± 0.079
(Ciga et al., 2022) Patch 0.931 ± 0.008 0.713 ± 0.020 0.329 ± 0.042 0.030 ± 0.006 0.558 ± 0.061 0.682 ± 0.033

Cerberus Pixel 0.974 ± 0.004 0.688 ± 0.036 0.447 ± 0.029 0.116 ± 0.033 0.720 ± 0.006 0.858 ± 0.014
In this paper, we demonstrated how we can accurately subtype
bjects initially localised by our network. Specifically, we subcate-
orised segmented nuclei by adding an extra decoder devoted to the
ask of pixel classification. This can help with better quantification
f important phenomena in the tumour microenvironment, which can
otentially help reveal new biomarkers for downstream diagnostic and
rognostic tasks. In future work, we will investigate other segmentation
asks considered within this paper. For example, our proposed subtyp-
ng approach could be used to determine whether glands are at the
urface epithelium or not. We show example visual results for this in
ig. A.1.

As part of this work, we processed 599 colorectal WSIs from the
CGA database with our proposed model. As a result, we localised a

arge number of nuclei and other tissue constructs, which enables the
xtraction of interpretable features for downstream CPath pipelines. We
ope that releasing this dataset will accelerate research for the devel-
pment of explainable models using interpretable features because the
ime-consuming localisation step is no longer required. After further
nspection of the results on TCGA, we found that the model found
umen segmentation in cancerous glands particularly challenging. This
ay be because of the limited available context when working at 20×
agnification. We chose to work at this single resolution because it
as reasonable for all tasks considered by the model. However, the
ulti-scale analysis may yield improved performance on the task of

umen segmentation. The model sometimes also struggled to distinguish
etween muscle and stroma tissue for patch classification. This may be
ue to the very small patch size that was used, with limited context. In-
tead, using a semantic segmentation branch that uses a larger patch as
nput, as described earlier in this section, would help provide additional
ontext and therefore improve results.

It has been described numerous times that localisation of histo-
ogical primitives enables the extraction of interpretable tissue-based
iomarkers, such as those shown to be predictive of clinical outcome
n the literature (Awan et al., 2017; Lu et al., 2018). However, this
14
is only the case if the segmentation performance is good enough. For
example, if we generate morphological features from poorly segmented
objects, then this will lead to low-quality features, which has negative
implications on generated explanations. Therefore, it is imperative to
perform a large-scale assessment of the quality of the localisation across
multiple slides and centres. Only then can we be confident that the
features that we extract are clinically meaningful.

In future work, we would like to utilise the segmentation and
classification outputs of Cerberus to extract interpretable features for
explainable machine learning pipelines in CPath. For example, some
features that we are able to extract from the output of Cerberus include
gland, lumen and nuclear morphology; the number of inflammatory
cells infiltrating into glands; intra-gland epithelial nuclei organisation
and quantification of cells in the stroma. In this work, we have pro-
cessed the formalin-fixed paraffin-embedded colorectal TCGA database,
which has associated clinical data, including whether there exist any
genetic alterations. In particular, an application of interest, especially
in colon tissue, would be to understand which clinically meaningful
features are associated with the microsatellite instability status. An-
other interesting application would be to perform survival analysis on
the colorectal TCGA dataset using features, like the ones we described
above.
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Appendix

Breakdown of nuclear subtyping results

To provide a more detailed analysis, we give the 𝐴𝑃 per nuclear
ategory for subtyping tasks in Table A.1. Here, we show the results for
atch-based and pixel-based subtyping, as described in Sections 4.3.3
nd 4.3.4 respectively. For patch classification, we provide all methods
hat were given in the main paper, whereas for pixel-level classification
e only provide the results obtained by Cerberus.

When using our multi-task features with auxiliary patch classifi-
ation of the tissue type, we regularly outperform all other methods
or patch-based subtyping. This performance is further improved when
sing pixel-level subtyping. We observe that, in particular, using our
ixel-based subtyping method had the greatest impact on the neu-
rophil and eosinophil performance. For these classes, there are much
ewer examples and therefore our proposed loss function may have
een able to better deal with the class imbalance in the dataset. Nev-
rtheless, the performance of epithelial cell subtyping also improved
ith pixel-level subtyping. Despite this, the neutrophil performance is

till relatively low on the external test set. In future work, we would like
o explore why this is low and understand how we can further improve
he performance.

ubtyping gland segmentation output

The subtyping method that we described in Section 3.3.2 is not lim-
ted to nuclear classification. We use the same method to classify glands
s either surface epithelium or glands located within the tissue. In fact,
he surface epithelium is not typically denoted as being glandular and
herefore subtyping in this way is important. Also, analysis of glandular
orphology should typically be performed at glands that have been cut

n the transverse plane and not at the surface epithelium. Therefore,
his subcategorisation of the gland segmentation output also enables
he extraction of better features for subsequent analysis.

In Fig. A.1 we display some example visual results, where we
bserve that our method can well differentiate surface epithelium from
lands within the tissue.
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