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Pathology diagnosis of colorectal cancer is time-consuming and requires a high level of expertise. 
However, it is an essential step towards establishing the adequate treatment. The need to analyse a 
large number of these histopathological images calls for automatic tools capable of aiding pathologists 
in this arduous task. Deep learning techniques, together with the wealth of data available nowadays, 
provide a promising candidate for such job. Adopting state-of-the-art artificial intelligence algorithms, 
we developed a model to accurately detect colorectal cancer in digitalised histopathological whole-
slide images. Our end-to-end approach uses the principles of multiple-instance learning combined with 
deep convolutional neural networks in order to fully leverage the information contained within each 
image and make robust predictions at the patient’s level. The model also allows to highlight the areas 
in the slide most likely to harbour tumour tissue. Given the finite computational resources available, 
working at maximum resolution can be detrimental. Therefore, we explored the impact of lowering 
the working image resolution. The algorithms were trained and validated on a subset of more than 
1300 patients of the Molecular Epidemiology of Colorectal Cancer study with histopathology images 
available. These images gave rise to > 105 tiles of 256 × 256 pixels each. Once we identified the best-
performing model we put it to the test on images from The Cancer Genome Atlas. We obtained the best 
outcomes working at 4 μm/pix, achieving the following metrics on the test dataset: F1-Score of 0.96, a 
Matthews correlation coefficient of 0.92 and an area under the receiver operating characteristic curve 
of 0.99. These results are exceptional and prove that computational costs can be reduced while keeping 
the performance up to standard.

Colorectal cancer (CRC) is among the most frequent types of cancer and was the second most common cause 
of cancer mortality in 20201. Early and accurate detection is key to improve the treatment effectiveness and the 
survival rate. Currently, CRC diagnosis demands visual examination by specialised pathologists, which increases 
the workload in areas where the incidence of this disease is high2. Besides, the complexity of the task often leads 
to a certain degree of subjectivity, giving rise to potential inter-observer disagreement. This calls for better tools 
to aid pathologists to effectively cope with the increasing demand of this task. Similarly, we need ways to make 
the diagnosis through histopathological imaging more deterministic and less subject to the human factor.

The digitalisation of hematoxylin & eosin (H&E)-stained whole-slide images (WSIs) has allowed for the 
accumulation of vast amounts of data over the past years3. Artificial intelligence (AI) techniques allow us to 
exploit this wealth of data in an unprecedented way. The field of machine learning applied to histopathology has 
grown in an accelerated manner in recent years4–6, with applications to lung7,8, skin9, breast10,11 and prostate12,13 
cancer, among others. Although still emerging and constantly changing over time, it is an extremely promising 
field of study with a large potential in medicine.
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One of the main challenges in this field is to gather a sufficiently large and general collection of CRC images. 
Even though the volume of data is larger than ever before, it is scattered between many sources, e.g. hospitals 
or laboratories. Along these lines, there is a large variability among datasets: magnification disparity14, staining 
fluctuations15 and the use of different scanners are some factors that contribute to the image batch effects16. 
Furthermore, we lack a unified scheme for labelling, storing and sharing the data. Therefore, the potential of 
these algorithms remains dormant as the main limiting factor is the access to high-quality data. Additionally, 
WSIs tend to be large in size, imposing yet another stumbling block to unveiling the full potential of AI in 
anatomical pathology. High-performance resources, such as large graphics processing units (GPUs), are not 
always available and efforts are being made to reduce computational costs and make AI solutions available to 
everyone.

In this study we focused on the aforementioned challenges: generalisation power and reduction of 
computational demand. Furthermore, we aimed to develop a unique pipeline, which improves its optimisation 
and, therefore, its performance. Firstly, we tried to obtain a viable WSI classifier for CRC, which allowed us 
to detect the presence of tumour tissue and the location of it. We put special effort in making this model as 
general as possible, for this matter we used different datasets for training and testing of the models. Secondly, we 
analysed the impact of image resolution on the classification accuracy. This is important because reducing the 
size of the images alleviates significantly the computational constraints, and at the same time, allows for the use 
of images obtained with lower resolution. Ultimately, we aimed to sample more efficiently the WSIs and speed up 
both training and inference. We therefore analysed four different resolution levels: R = 0 (2 μm/pix), R = 1 (4 
μm/pix), R = 2 (8 μm/pix) and R = 3 (16 μm/pix).

Data and methods
Cohort
The Molecular Epidemiology of Colorectal Cancer (MECC) is a population-based case-control study of incident 
CRC cases in northern Israel during the time period between 1998 and 2016. For this study we used the 
histopathology data collected at diagnosis, reviewed and annotated by an expert pathologist (JKG). These were 
∼1317 digitalised H&E WSIs. WSIs in this set had a magnification of 40× and a raw resolution of 0.25 μm/pix 
(see Fig. 1 for an example). Such images typically contain of the order of 109 RGB pixels, which is equivalent to 
∼1.5 GB per image. Finally, 53% of the samples were classified as dominated by tumour tissue, 29% as mixture 
of both normal and tumour and the remaining 18% contained only normal tissue. Hence, 82% of the samples 
contained tumour while 18% did not. The MECC dataset, used for training our model, is not publicly available 
but is available from SBG on reasonable request.

Fig. 1.  Colorectal histological slide from the MECC dataset. The first image on the left corresponds to the 
original slide of dimensions 25 × 75 mm. The largest and central one corresponds to the actual WSI, as we use 
it in this work. The top-right image is a zoom-in of approximately 600 × 800 µm. The image on the bottom-
right is a close-up of about 60 × 60 µm where we can start to see the individual pixels. It is worth noting 
that the apparent colour discrepancy between the full WSI image and the rest arises from the former being a 
thumbnail, generated by a different machine. Staining remains consistent across all magnification levels within 
the dataset.
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The Cancer Genome Atlas (TCGA) is a study that attempts to molecularly characterise a large sample of 
primary cancer, spanning 33 different cancer types. From this collection we obtained 1349 H&E WSIs of CRC, 
both magnification and resolution are consistent with those from the MECC. From these images, 91% were 
labelled as tumour and the remaining 9% as normal. Images were downloaded from the public repository ​(​​​h​t​t​p​
s​:​/​/​p​o​r​t​a​l​.​g​d​c​.​c​a​n​c​e​r​.​g​o​v​/​​​​​)​.​​

The EPICO study was approved by the Bellvitge Hospital Ethics Committee (Protocol Number PR132/21). 
The studies were conducted in accordance with the local legislation and institutional requirements. The 
participants provided their written informed consent to participate in this study.

Defects and biases in the training data
WSIs often present a number of defects and artefacts. We identified the following ones: blurred areas, air bubbles, 
black regions, black dots, black spots, filaments, broken glass, clear dyeing, watermarks, black edges, pen marks 
and folds (see Fig. 2). Although defective WSIs should be removed if detected, we expect a small fraction of them 
to be leaked into the final dataset. Furthermore, some of the artefacts appear naturally in a significant fraction of 
the samples. Therefore, we need to ensure such features do not originate significant biases in the training dataset. 
For example, if tumours slides had previously been annotated, leaving occasional pen mark traces only on WSIs 
containing tumour tissue. This would correspond to a harmful type of bias given that a model could wrongly rely 
on the presence of pen marks to predict the presence of cancer.

Thus, we analysed the recurrence of the artefacts mentioned above and their distribution across classes 
(tumour vs normal), see Table  1. Furthermore, we performed a Z-test to determine if the difference in the 
proportions of these defects across class is significant. We only apply the statistical test when the number of slides 
affected was at least 15. Additionally, we use a Bonferroni correction given that we are using multiple statistical 
tests (7 times for each dataset), hence, for a difference to be considered statistically significant in this context the 
p-value needs to be lower that 0.0071.

Some of these defects appeared in more than half of the images. This was the case of black dots, black spots 
and folds, which appeared in about 66%, 65% and 61% of the cases, respectively. Nonetheless, despite being less 
frequent, pen and watermarks, black edges, filaments and clear dyeing, appeared above 10% of the times overall. 
Consequently, we could not dispense with them, or we would be dismissing a large portion of our data. Hence, 
our models had to deal with such features. On the other hand, the rest of defects were sufficiently rare in the 
training data that were unlikely to have a significant impact on the feature learning.

Table 1 shows the class imbalances present in these artefacts. Let us start with the MECC dataset, the largest 
differences across classes were found for black spots and pen marks, and they corresponded to a 9% divergence. 
Consequently, we concluded that such imbalance was not high enough to constitute a significant concern. Since 
these defects were well represented in both classes > 20%, we expected that the algorithm would learn they 
are irrelevant for the classification task. When we looked at the TCGA case we found that the distribution of 
artefacts was more homogeneous and some artefacts did not appear at all in this dataset, such as black edges, 
clear dye, pen marks or broken glass. The largest imbalances were found for unusually darkened dye and tissue 

Fig. 2.  Examples of the most common defects found on the WSIs. These may include damaged samples, 
scanning defects, artefacts or traces of manual annotations. These need to be assessed to ensure they do not 
represent a significant bias in the training dataset.
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folds, both with a 7% difference favouring the tumour class. Nonetheless, the relative difference is low and this 
is the test dataset, therefore, it would not introduce biases in the learning process.

Image pre-processing
WSIs in full resolution were several gigabytes in size. Too large to be processed at once, image tiling or other 
downsampling techniques were needed. As is common practice, we downsampled the image area by tessellating 
the WSI and only taking the number of tiles that fitted into our GPU memory. However, this created the risk of 
relevant information loss, in particular of missing the tiles containing the tumour. This happened because our 
dataset lacked any prior annotations, i.e. there was no information on the distribution of tumour cells within 
the WSI. Therefore, sampling was performed randomly in order to probe the image evenly. This maximised the 
chances of sampling both healthy and cancerous tissue that might be present in the WSI. Although the risk of 
missing the cancer tissue altogether in a fraction of the cases was still present, this could be arbitrarily reduced 
by sampling the WSI thoroughly. As the GPU memory available was fixed, we decreased the resolution of the 
original WSI, which is another way of downsampling. In this way we were able to fully sample it via tiling. Of 
course, on one hand lowering the resolution may lead to the loss of the information contained in the finer details. 
On the other hand, if sufficient information is retained, this could be a powerful tool to make AI algorithms 
more efficient and their training more approachable, reducing computational costs significantly. Indeed, this is 
one of the things we wished to check in this work.

Taking all this into account, we proceed to summarise the data processing performed in this study: WSIs 
were square tessellated into a regular grid of non-overlapping tiles of dimensions 256 × 256 pixels. Tiles with 
above 75% of their area corresponding to background were removed. Similarly, blurry regions and other defects 
were discarded using Canny edge detection from the OpenCV Python library. Those WSIs which produced 
fewer than 80/2R valid tiles were also disregarded. R corresponds to the resolution level of the dataset, where 
R = 0 and R = 3 represent the highest and lowest resolution considered, respectively. Additionally, we used the 
Macenko normalisation method17 in order to minimise the bias produced by staining variations. All tiles were 
normalised using a reference image of matching resolution. In order to reduce the risk of overfitting we used 
data augmentation. The following set of transformations were randomly applied to the tiles: 90-degree rotations, 
vertical and horizontal flips and small (≤ 5%) variations in the brightness, saturation and contrast of the images. 
Finally, pixel values were rescaled from unsigned integers of 8 bits ∈ [0, 255] to float 32 ∈ [0, 1] and standardised 
by subtracting the mean and dividing by the standard deviation of the training dataset channel-wise. The means 
were (0.8566,  0.7857,  0.8633) and the standard deviations (0.1485,  0.1874,  0.1421). This has been shown to 
improve the convergence properties and accelerate the training process18.

Before any training had taken place, the dataset was split into training and test sets, with the proportions 
90% and 10%, respectively. We used cross-validation several times throughout this work, which means that 

MECC Tumour (%) Normal (%) Total (%) p-value

Black dots 65 71 66 0.077

Black spots 67 58 65 0.0083

Folds 62 59 61 0.390

Pen marks 35 26 33 0.0078

Water marks 32 25 33 0.035

Black edges 29 23 31 0.063

Filaments 18 20 28 0.47

Clear dye 11 11 11 −

Black regions 8 9 9 −

Bubbles 11 4 8 −

Broken 5 2 5 −

Blurry 1 < 1 1 −

TCGA

 Black dots 47 45 47 0.67

 Black spots 73 74 74 0.81

 Folds 70 63 68 0.11

 Water marks 25 22 24 0.47

 Filaments 35 36 35 0.83

 Dark dye 23 16 20 0.078

 Black regions 19 16 18 0.42

 Bubbles 5 3 5 −

 Blurry 4 3 3 −

Table 1.  Ubiquity of the most frequent artefacts in both cohorts. The frequency of appearance is shown both 
per class (first and second columns) and in the total sample (third column). The last column corresponds to 
the p-value from estimating the statistical significance of the difference in proportions across classes.
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the validation dataset was a variable subset of the training data. Finally, only after the preprocessing described 
before, the images were fed to the models.

Multiple instance learning (MIL) classification
As mentioned before, medical images in high-resolution tend to take up a large amount of computational 
memory. Consequently, tessellating is inevitable in order handle them. However, labels often correspond to the 
entire WSI, with no spatial information. Which means, when the image is divided there is one label for a set of 
tiles of the WSI. And, in general, not every tile contains the relevant information for the inherited label, which 
may lead to noise and other issues while training.

MIL19,20 is an ideal approach to tackle this type of issue21. In contrast with classical classification, where there is 
one label, yn, per instance, xn, MIL works with one shared label, Y, for a bag of instances X = {x1, x2, . . . , xN }. 
Where N denotes the size of the bag. In a binary classification scenario, the labels take the values yi ∈ {0, 1}. 
Hence, the main assumption of MIL is that if a bag has Y = 1 there must be at least one instance in it whose 
yn = 1. In contrast, if Y = 0 all instances in the bag are non-informative. This can be summarised as follows:

	
Y =

{
0 iff

N∑
i=1

yi = 0,

1 otherwise
� (1)

The bag labels follow a Bernoulli distribution with P (X) ∈ [0, 1], where P is the probability of Y = 1 for a given 
bag of instances X.

Lastly, the MIL formalism requires a pooling function. The pooling projects the bag into a feature space whose 
dimensionality is independent of the number of instances per bag. Such operator must be permutation invariant 
since we assume no ordering or dependency between the instances. This low-dimensional representation is then 
processed by the classifier network. Some popular examples of pooling functions are the mean or the maximum 
value among all the instances. We present our choice of pooling function in the coming section.

Summarising, when a WSI is divided into tiles and N of them are sampled, this is equivalent to working 
with a bag of N instances. Each bag of tiles inherits the parent label of the WSI. This makes MIL very useful 
for our purpose. This also allows us to perform predictions at the WSI or patient level, rather than making one 
prediction per instance. Consequently, this method is more robust as it uses more effectively the full information 
contained in each WSI.

Tumour location and the attention mechanism
We implemented attention as the MIL pooling function, i.e. it combines the information of all the features 
extracted from all the instances in a bag. In the past, this method had proven to be one of the best aggregation 
functions in the context of DL22,23. Attention is the primary component of “transformers”, an architecture that 
efficiently extracts contextual information, making it widely utilised across various fields24.

The mechanism of attention is a weighted mean where the weights are learned during the training process. 
It can be implemented as an additional DL model which is coupled to the main MIL architecture. It takes in the 
features extracted from each instance and processes them to produce one attention score (patt) per instance. Such 
scores are proportional to how relevant or informative the instances are. These scores need to be transformed 
into weights (watt) via the softmax operation, so they fulfil the condition 

∑N

i
watt, i = 1. Weights are then 

multiplied by the feature vector of the corresponding instance and all these products are added up together. This 
resulting feature vector, which summarises the entire WSI, is passed on to the classifier network. As previously 
mentioned, informative instances were assigned higher weights. This made the classification task easier and 
saved computational power. Furthermore, these attention scores could be pulled out from the model in order to 
identify those instances which were more relevant for the classification task. This has previously been done by23 
as a way to pinpoint the tumour regions within the original WSI.

Even if we accomplish a model that accurately detects CRC, tumour tissue identification is a useful add-on. 
It may help pathologists as they visually inspect WSIs but, most importantly, provides insight into what the AI 
is doing. Often AI algorithms are seen as black boxes, meaning that it is really hard or impossible to disentangle 
how such algorithms make their “choices”. This is problematic because there is the risk that a DL model may learn 
wrong patterns, e.g. through overfitting or due to biases in the data, and therefore fail to generalise to new data. 
This is particularly concerning in safety-critical tasks such as cancer diagnosis. The attention mechanism25,26 
allows us to identify the relevant tiles used to classify the WSI. Highlighting the parts of the image that the 
model was considering as crucial or more informative provided us with direct insight into the criteria that the 
AI was following. Let us consider once again the hypothetical case mentioned above in which a large fraction of 
the tumour samples has pen marks in the training dataset, originated from previous analysis of the same WSIs. 
Such bias is likely to be picked up by the model and quickly learn to identify artificial marks in the images. 
Such behaviour would be hard to notice without a way to look inside the black box. Nonetheless, attention 
would show that the model is giving high importance to pen mark-containing tiles while disregarding the actual 
tumour tissue. This makes attention a priceless ally to combine with some DL algorithms.

Model architecture
Our approach consisted of an end-to-end DL pipeline which predicts at the WSI level, which is depicted in 
the diagram from Fig. 3. We adopted the widely-used feature extraction-then-classification structure. Feature 
extraction was carried out by a ResNet50 CNN with pre-trained weights on the ImageNet27 dataset (≳ 15 million 
images). The CNN took bags of N instances each. Therefore, our feature extractor took N × 256 × 256 × 3 
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stacks of images and returned arrays of vectors with N × 1024 × 1 features. These were then passed through 
a single-headed attention module, which consisted of a fully-connected network with 1024 × 32 and 32 × 1 
connections and tanh as activation function. The attention scores, one per instance, were passed through a 
softmax activation function to compute weights which added up to one. These were then multiplied by their 
corresponding feature vector and added so that the output had dimensions 1024 × 1, which was independent 
on the bag size N. Finally, the classifier processed these features. The classifier was a fully-connected neural 
network with 1024 × 128 and 128 × 2 connections and rectified linear unit (ReLU) activation functions in 
between.

The model parameters quoted above were tuned using a randomised hyperparameter search. We used five-
fold cross-validation on the training data for this part. Therefore, each configuration was trained five times 
allowing us to measure its robustness by computing the mean and standard deviation of losses and metrics. After 
this, the hyperparameter configuration that minimised the validation loss function was selected. When several 
models achieved equivalent performances, preference was given to the one with fewer parameters.

For the convolutional backbone of our model we chose the family of the residual networks (ResNet)28. 
ResNet was one of the first architectures to efficiently solve the vanishing gradients problem. Their solution was 
to introduce the so-called “identity shortcut connection”, which connects the outputs of different layers skipping 
the layers in between, forming a residual block. ResNets are constructed via stacking these residual blocks, 
therefore, there are many options of varying depth. We selected ResNet34 and ResNet50 because the former is 
the deepest ResNet architecture with an output vector of 512 features, while the latter is the shallowest one to 
produce 1024 features. Hence, in this way we test two feature vector sizes.

The hyperparameters values that were tested are the following:

•	 WSI resolution level (R): (0, 1, 2, 3)
•	 Learning rate: logarithmically sampled ∈

(
10−5, 10−1)

•	 Backbone: ResNet34 or ResNet50
•	 Bag size: 2n ∀ n ∈ [5, 8]
•	 Batch size: 2n ∀ n ∈ [1, 12]
•	 Neurons in the classification layer: {64, 128}
•	 Number of classification layers: {1, 2}
•	 Neurons in the attention layer: {32, 64, 128}
•	 Number of attention layers: {1, 2}
•	 Number of epochs: {20, 60, 100}

Training and validation
The training process involved a defined number of passes (epochs) of the training dataset through the model. 
In a single epoch, all WSIs in the training dataset were sampled. The sampling process was stochastic, i.e. N tiles 
were randomly selected from each WSI during each iteration. Therefore, sampling varied slightly in each epoch, 
which is beneficial for better exploiting the dataset, particularly when the bag size was smaller than the total 
number of tiles per WSI. Additionally, it served to mitigate the risk of overfitting as it has the same effect as data 
augmentation.

Fig. 3.  Schematics of the workflow through the DL pipeline, from the raw WSI to the classification outcome. 
The workflow steps are the following: (1) colour normalisation, tessellation and sampling of the image (2) CNN 
feature extraction (3) use of attention to aggregate all the feature vectors to produce one summary vector for 
the entire WSI (4a) DL classifier to produce the outputs of the model (4b) tumour heatmap generation using 
the attention scores.
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The training parameters used were the following: cross-entropy loss function and an adaptive moment 
estimation (ADAM) optimiser with an initial learning rate of 0.0001. The total number of epochs was set to 60. 
The criteria used to choose these and other hyperparameters is described in Sect. 2.6.

Both datasets used exhibited moderate imbalance, with cancer samples outnumbering normal ones. In the 
MECC dataset, 80% of the WSIs were tumour samples, while the remaining 20% were normal ones. TCGA 
showed a slightly higher imbalanced, with 91% being tumour samples. Although this imbalance was not severe, 
we selected robust metrics against data imbalance. I.e. F1-score, area under the receiver operating characteristic 
curve (AUROC) and Matthews correlation coefficient (MCC). MCC measures the degree of association of two 
binary variables. To this date it is one of the most informative and robust measures of classification accuracy29. 
Its formula in terms of the number of true positive (TP), true negative (TN), false positive (FP) and false negative 
(FN) cases is as follows:

	
MCC = T P × T N − F P × F N√

(T P + F P )(T P + F N)(T N + F P )(T N + F N) � (2)

Precision and recall were also tracked alongside the aforementioned metrics.
Finally, this work was implemented in a Python 3.9 environment, using the Pytorch 1.10.1 DL library to build 

and train our models. In terms of hardware, we used two NVIDIA GPUs, Geforce RTX 3090, with 24 GB each.

Experimental design and statistical analysis
Since our main objective was to prove the true generalising capability of our model, we kept the TCGA data 
separate for final model testing. Therefore, the model building steps were carried out using the MECC dataset. 
From this dataset we also saved 10% of the images for testing. The remaining 90% was used for model selection, 
training and validation.

Our experimental design follows the subsequent steps: First we used hyperparameter tuning to find the 
optimal configurations and best performing models for each image resolution (more details in Sect.  2.6). 
After identifying the best configuration, the corresponding model was trained repeatedly (100 times) on the 
MECC images, leaving out the test sample. Train and validation data were selected at random, with the fixed 
proportion 90/10, in each training process. The result of each training was then tested on the datasets reserved 
for this purpose. Eventually we determined the distribution of metric values by calculating the mean and 
standard deviation of all realisations. In Sect. 3.4 we conducted two ablation studies to independently assess the 
contributions of attention pooling and colour normalisation to overall model performance. Finally, we analysed 
the outputs of the attention mechanism in order to generate tumour heatmaps with this final model, both in the 
MECC test and TCGA data in Sect. 3.5.

Results
In this section we present the main outcomes of our work, including the best DL models at each WSI resolution 
level and compare them. Furthermore, we analyse the cost-efficiency in terms of time and resources. We then 
tested the classification accuracy of the best model both on the MECC and TCGA datasets. Finally, we explored 
the ability of this model to produce accurate tumour heatmaps using the attention mechanism scores.

Model performance as a function of resolution
The hyperparameters that correlated more strongly with the image resolution were the bag size and the batch 
size. The rest of them were unchanged across all four resolution levels. Furthermore, moderate variations on the 
values of those hyperparameters had negligible impact on the performance of the model. Therefore, the common 
hyperparameter values were a learning rate of 10−4 with 60 epochs of training; a ResNet50 as convolutional 
backbone of the model; the attention network with just one hidden layer with 32 neurons and the classifier also 
with one hidden layer with 128 neurons. The hyperparameters that showed dependence with resolution, i.e. 
batch and bag size, were presented in Table 2 for clarity.

In Table  3 we show the averaged results across a 5-fold cross-validation run for each model. The macro 
average of the main metrics is presented: precision, recall, F1 score, AUROC and MCC. It shows that we obtained 
good results in all experiments conducted with the MECC data.

The best performance corresponded to the resolution level R = 1 (4.0 μm/pix), with MCC = 0.943 and 
F 1Macro = 0.971. Such values are excellent and prove our model to be efficient at classifying WSIs of colorectal 
tissue. From Table 3 we also see that recallMacro = 0.977, but if we only looked at the positive class, we obtain 
a recall of 0.990, from which we infer a false negative rate (FNR) of 1%. While the false positive rate (FPR) was 
19.0%. On the other hand, despite presenting the worst performance metrics, R = 3 (16.0 µm/pix) achieved 
values as high as MCC = 0.895 and F 1Macro = 0.949, which still corresponded to a highly accurate model. 
The tumour recall score was 0.967 which meant that the FNR was < 4%. In summary, we found that the same 
model performed best with images of 4.0 µm/pix resolution, followed by 2.0 µm/pix, 8.0 µm/pix and 16.0 µm/

R         0                  1                 2                 3        

Bag size 256 64 64 32

Batch size 4 12 12 24

Table 2.  Optimal bag size and batch size as a function of WSI resolution level.
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pix, in decreasing order. This can be seen in Fig. 4, where the validation losses are plotted alongside the metrics 
as a function of image resolution.

Cost-efficiency analysis
We evaluated the computational cost of our approach in terms of training throughput, hardware utilisation, and 
cost per experiment. Training required 1.5–3 min per epoch, amounting to approximately 1.5–3 hours for 60 
epochs, with both GPUs operating at 90–100% utilisation.

On-the-fly tile selection increased training time by approximately 30% compared with pre-encoded 
approaches, but this choice was integral to our end-to-end design, which trains the convolutional encoder from 
scratch. Pre-encoding was therefore not feasible, and storing pre-augmented images would have required several 
hundred gigabytes of additional storage. Given the modest overhead, we considered the trade-off acceptable.

Moreover, on-the-fly augmentation ensures the model never encounters the same augmented image twice, 
providing virtually unlimited variation and improved generalisation. As augmentation is disabled during 
validation and inference, the additional cost is confined to training.

Overall, our approach achieves a favourable balance between generalisation and computational efficiency 
while optimising storage use.

Fig. 4.  Performance as a function of resolution level. On the top plot the validation loss (BCE) is represented, 
on the bottom one we see the main metrics: MCC, F1 score and AUROC; evaluated on the validation dataset.

 

Resolution Precision Recall F1-Score AUROC MCC

R=0 0.956 0.962 0.956 0.993 0.909

R=1 0.965 0.977 0.971 0.989 0.943

R=2 0.956 0.962 0.959 0.990 0.920

R=3 0.931 0.967 0.949 0.989 0.895

Table 3.  Summary of the validation metrics obtained for the models at each resolution level. These values were 
calculated using 5-fold cross validation.
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Intra- and inter-cohort testing
In this section we evaluate the performance of our model on previously unseen data. First on the fraction of the 
MECC data that had been kept separate and then on the TCGA images. The results are summarised on Table 4, 
where the values of the loss function, precision, recall, MCC, F1 score and AUROC are displayed. Additionally, 
the ROC curves of the test datasets are plotted in Fig. 5.

First and foremost, we observed that performance was not significantly different between the internal and 
external test datasets, with respective values of the BCE loss of 0.112 and 0.134. This indicated that or model 
generalised well, which also reflected on the high values of the metrics. For instance, MCC was always above 0.7 
which showed high degree of correlation between predictions and ground truth values. Just for the purpose of 
comparison with other studies we give the accuracy value, despite it not being a good measure since we work with 
imbalanced data. The accuracy values we obtained are 0.972 ± 0.010 for the MECC data and 0.957 ± 0.006 
for the TCGA.

Furthermore, we found that our model was robust, which was supported by the narrow confidence intervals 
(α = 0.05). This means that across 100 training runs with randomised initialisation, rolling training and 
validation sets and the stochastic contribution from image sampling and augmentation, the model converged to 
a similar and stable solution. This can also be seen in Fig. 5 where the distribution of ROC curves (red region) 
tightly clustered around the mean value (black solid line), with no strong outliers.

Fig. 5.  ROC curves of our model evaluated on the test datasets, the left one corresponds to the MECC and the 
right one to the TCGA data. In red we show the distribution of ROCs corresponding to different training of the 
model on the same dataset. The main sources of variation are the cross validation runs and the stochasticity of 
the tile selection procedure, so that the test data are never identical between realisations. The black solid line 
corresponds to the mean ROC curve.

 

Pooling BCE Precision Recall F1-Score AUROC MCC

Attention 0.112 ± 0.012 0.954 ± 0.008 0.961 ± 0.008 0.957 ± 0.007 0.991 ± 0.006 0.915 ± 0.014
MECC Average 0.237 ± 0.022 0.817 ± 0.014 0.981 ± 0.010 0.900 ± 0.009 0.920 ± 0.008 0.828 ± 0.016

Max 0.269 ± 0.020 0.728 ± 0.012 0.905 ± 0.011 0.810 ± 0.007 0.945 ± 0.010 0.699 ± 0.017
Attention 0.134 ± 0.009 0.922 ± 0.017 0.822 ± 0.021 0.863 ± 0.018 0.972 ± 0.007 0.737 ± 0.033

TCGA Average 0.300 ± 0.013 0.784 ± 0.013 0.855 ± 0.023 0.826 ± 0.013 0.901 ± 0.011 0.687 ± 0.027
Max 0.317 ± 0.017 0.737 ± 0.011 0.839 ± 0.019 0.794 ± 0.013 0.907 ± 0.012 0.599 ± 0.025

Table 4.  Loss and metric values evaluated on the test datasets. The top three rows correspond to intra-cohort 
testing on the MECC dataset, while the the bottom three correspond to inter-cohort testing on the TCGA 
dataset. Within each group, the first row presents the results using the full model with attention, and the 
second and third rows report results from the ablation study, where attention is replaced with average and 
max pooling, respectively. 95% confidence intervals were estimated via repeated training with changing 
initialisation and training/validation sets.
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Ablation studies
Two ablation studies were utilised to analyse the measure the performance gains obtained by implementing 
attention and pooling the colour normalisation method.

To evaluate the contribution of attention pooling, we compared its performance against average and max 
pooling through an ablation study, summarised in Table  4. The results demonstrate that attention pooling 
consistently outperforms fixed pooling strategies across both intra-cohort (MECC) and inter-cohort (TCGA) 
test settings.

We observe that attention pooling led to substantial improvements, particularly in precision and MCC, with 
gains up to 22.6 and 21.6% respectively on the MECC dataset, and 18.5 and 13.8% on the TCGA. Additionally, 
BCE loss was reduced more than 50% in both cohorts. Although recall remained high across all pooling methods, 
attention pooling achieved better balance between precision and recall, resulting in superior F1 score. Moreover, 
attention pooling yielded higher AUROC values, suggesting improved overall discriminating power. Finally, we 
also note that attention pooling mitigates performance drops in the external test, suggesting better generalisation 
capability than classical methods.

The second ablation study examined the effect of removing Macenko colour normalisation from the 
preprocessing pipeline, therefore using the unprocessed tiles directly extracted from the raw WSIs. The results 
indicate that colour normalisation is a critical component of the pipeline. When omitted, the model fails to 
generalise, returning AUROC values consistently around 0.5, equivalent to random guessing. This highlights the 
importance of colour normalisation for DL computer vision tasks.

Tumour heatmaps
We shared a number of heatmaps generated by the model with trained pathologists, so they could judge the 
ability its ability to identify tumour regions. We concluded that the accuracy of the heatmaps is very high. Given 
that computing metrics for this part was unfeasible, here we show a collection of examples to help visualise and 
interpret our results.

Attention probability heatmaps were produced via creating a mosaic merging tiles with the value of the 
attention score. Several predictions were made in order to cover the area of the WSI and overlapping between 
tiles was allowed in order to increase the spatial resolution of the heatmaps. Where more than one prediction 
overlapped the mean of the attention scores was taken. Finally, the resulting heatmap was smoothed with a 
Gaussian filter in order to remove artificially induced pixelated appearance of the outcome. Such heatmaps 
were presented in Fig. 6, where they are displayed next to their corresponding WSI. The darker blue regions on 
the heatmaps correspond to the highly informative pixels, i.e. those containing tumour tissue. These examples 
show a good correlation between the patches of tumour tissue (mostly tumour mucosa) and the higher attention 
weights, while healthy mucosa, muscle and adipose tissue obtained low attention scores.

Additionally, we present a collection of 256 × 256 pix tiles belonging to either class. In Fig. 7 we display 
a grid containing 48 tumour tiles, which were selected with the criterion patt > 0.6. In those we observe the 
presence of altered mucosae and heavily stained tissue, consequence of the enlarged nuclei typical of cancer cells. 
In contrast, in Fig. 8 where we find only healthy tiles (patt < 0.4), we observe predominantly normal mucosa 
as well as muscle tissue.

As expected, there were also some errors and strange behaviours. For example, we found a number of normal 
WSIs which were correctly classified, however, some of their tiles were assigned high attention scores. We discuss 
these and some other ambiguous cases in Sect. 4.2.

Discussion
Resolution versus sampling
WSIs in original resolution (0.25 µm/pix) were in the scale of the giga-pixel. Such images can be divided into 
around 105 256 × 256 tiles. Whilst these retain all the spatial information, they are hard to handle since large 
bag sizes are required to sample a significantly large area of the image. Many existing studies only used one 
resolution level, typically 0.25 or 0.5  µm/pix30–32. Such studies require important computational resources, 
usually powerful GPUs. These resources are expensive and may not always be available. We propose adapting 
the image resolution so that this computational power issue is mitigated while performance is kept within a 
reasonable threshold.

For example, a bag size of 100 instances covers only about 0.1% of the native area of a WSI. So that it is 
impossible to probe the tumour regions sufficiently. At the maximum resolution of this study (2 µm/pix) one 
WSI gave rise to of the order of 103 256 × 256 tiles. Hence, a bag size of 100 instances covered 10% of the WSI, 
which meant a significant improvement but is still low. In the case of 4 µm/pix the number of tiles was reduced 
to ∼300, which meant that our bag size sampled about a third of the total image. The following steps were 8 µm/
pix, with ≲ 100 instances per WSI, and 16 µm/pix, with just tens of them. In the last two cases we were able to 
sample the 100% of the image. Nevertheless, the negative impact of lowering the resolution was more likely to 
dominate in the last cases. The lower the resolution the higher the risk of suffering critical information loss, as 
the finer details get blurred out or completely erased.

The aforementioned compromise between image resolution and sampling is likely to explain our findings. I.e. 
the best performance was achieved with an intermediate resolution rather than with either of the extremes. It is 
worth mentioning that, even though the described dependence with resolution was found, the effect was not very 
strong. The DL models performed well in all resolution levels tested. This indicates that lowering the resolution 
is a viable option which incidentally reduces the computational costs while maintaining a good performance.
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Insights from attention
In Sect. 3.5 we saw that attention did a good job at identifying cancerous tissue on images classified as tumour. In 
this section we cherry-pick a set of ambiguous examples to discuss them in detail and gain a deeper understanding 
of our model and its limitations.

Normal tissue with high attention score
Let us examine some instances that were assigned high attention scores even though their WSI was correctly 

classified as normal.
In the first example of Fig.  9 we see a section of normal colorectal mucosa which had, on the contrary, 

been assigned high attention scores (all patt are well above 0.5). Note that in this case the mucosa preserves its 
structure and there is no evidence indicating abnormality.

The attention mechanism assigns higher scores to those instances which are informative for the classification 
task. This means that attention scores are conditioned by the predicted class, i.e. if a slide is negative, we expect 
patches conveying negative evidence to be assigned high attention scores. Ideally, the presence of tumour tissue 
is the only informative characteristic, in contrast with normal tissue which may appear both in normal and 
tumour WSIs. Nonetheless, in our dataset tumour WSIs are dominated by tumour tissue, i.e. almost all mucosae 
are affected by cancer. This led the model to associate normal mucosa with cancer-free WSIs, considering it 
informative for the normal category. Although this effect originated from a bias in the training data, given 
the good performance of algorithm we can conclude it does not negatively affect our results. Furthermore, we 
presume the ability of our model to take into account the context information counteracts this effect. As proof of 
this, the discussed example case was correctly classified despite the high patt values obtained.

In the second example of Fig. 9 we observe that the colon mucosa looks normal. Nonetheless, a high level of 
lymphoid infiltration and aggregates are found. It is possible that the algorithm is associating an inflammatory 
response with the tumour category. Although some patients develop a Crohn’s-like lymphoid reaction to 
CRC, such feature is not unique to CRC and can be associated with other conditions. Therefore, this could be 
problematic and a source of false positives (see another similar example in Fig. 10)

Normal tissue incorrectly classified
Let us now go through some cases in which the model misclassified normal WSIs as cancerous.
In Fig.  10, on the right-hand-side, we show another example of inflammatory response evident by the 

abundant infiltration of lymphocytes within the tissue. The possibility of Crohn’s-like reaction triggering false 

Fig. 6.  Three examples of tumour tissue location, each one is composed by a pair of images: the original 
WSI (on the left) with a manual delineation of the tumour tissue shown as a black continuous line, and the 
corresponding attention probability heatmap (on the right). Darker blue regions imply high probability of 
cancer, in contrast with the light green ones, which overlap with normal tissue.
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Fig. 8.  Collection of normal instances which were selected for fulfilling patt< 0.4. In contrast with the tumour 
ones, in this case instances present different features such as regular, structured mucosa and other types of 
tissue, such as muscle and adipose tissue.

 

Fig. 7.  Collection of tumour instances which were selected for fulfilling patt> 0.6. We appreciate unstructured 
colorectal mucosa and heavily dyed tissue, probably due to the abnormal growth of nuclei in tumour cells.
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positives is a caveat to our method, nonetheless, it is not a major concern given that it produces false positives 
rather than false negatives. Therefore, it will not cause cancer cases to go undetected. This effect will possibly be 
mitigated with a larger dataset, and particularly with more WSIs in the normal category.

The last example we will analyse is found on the left-hand-side of Fig. 10. We see four instances containing 
colorectal mucosa which, in contrast with the previously shown, show a rather irregular pattern. This is an 
indication of tumour tissue and a pathologist confirmed it to be so. Therefore, our method was able to find a 
mislabelled WSI in the dataset. A fraction of these is always expected to be present due to human error. Therefore, 
it is a good sign that our model was able to classify it correctly.

Fig. 10.  The tiles presented here correspond to discrepancies between the prediction and the ground truth. In 
particular, these cases correspond to normal WSIs which were classified as tumour by the model. However, the 
four tiles on the left-hand-side of the panel present clear evidence of cancer. On the other hand, the tiles on the 
right-hand-side present a strong inflammatory response.

 

Fig. 9.  Examples of correctly classified normal tiles, each with its corresponding attention score on the bottom 
right corner. All eight cases were selected because the have been assigned high attention scores (> 0.6). It is to 
be noted that the four tiles on the right-hand-side of the panel present inflammatory signatures demonstrated 
by abundant lymphoid aggregates.
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Comparison with advances in the field
In this section we put our study in context and compare it with similar ones as to evaluate the progress achieved 
in this field in recent years.

The study conducted by33 used a combination of low- and high-resolution versions of the WSIs in order 
to deal with WSI-level annotations. A low-resolution thumbnail of the WSI was fed to their model in order to 
account for the global information. Simultaneously, square tiles were cropped from the highest resolution image 
to use the cell-level information as well. A classifier was then trained only on normal tiles, so that the model 
could learn the features of normal images. So that the model was able to detect cancerous images according 
to the degree to which they differed from the normal ones. Finally, they used the probability of each tile of 
containing cancer to produce heatmaps similar to the ones we have shown in this work. The dataset they used 
was part of the TCGA, reaching an accuracy of 94.6% on test data and 92.0% on newly collected images.

Another similar study by32 used >14680 WSIs from >9631 patients, one of the largest samples to-date. 
They developed a patch aggregation strategy for weakly labelled images which achieved metrics as high as 
AUROC = 0.988. Furthermore, they claim that on average the AI slightly outperformed the predictions by six 
pathologists (AUROCpathologist = 0.970) that took part in their study.

Another study which used instance level classification is30, where they trained a CNN to identify 9 different 
types of tissue in histopathology WSIs. They achieved an overall accuracy of 99% on the internal testing set and 
94.3% on the external one. However, this fully supervised approach required instance level labels or at least WSI 
spatial information.

In34 a similar model to ours, which they named clustering-constrained-attention multiple-instance learning 
(CLAM), was presented. Such method provides a WSI-level representation and classification based on MIL and 
attention, as well as automatic identification of sub-regions of high diagnostic value. The main advantage of 
our method is that it corresponds to an end-to-end approach, which is described by34 as potentially better for 
performance yet hard to accomplish due to data and computational constraints. WSI downsampling allowed 
us to work around the issue and obtain a highly data-efficient model. Besides, CLAM was trained on different 
datasets including kidney, lung and breast cancer and, in contrast with our approach, attempted subtyping these 
cancer samples. Despite the differences between studies it is worth the comparison due to the similarity in the 
algorithms involved.34 reached test AUCs in the range 0.953–0.991, which is comparable to ours. Nevertheless, it 
has been found to decrease slightly when applied to other types of cancer, e.g. Ghaffari-Laleh et al.35, with values 
between 0.671 and 0.795.

We could not close this section without analysing our work in the context of transformers. Although our 
algorithm may be regarded as a particular case of a transformer, which uses convolutional layers for encoding 
features and with single-headed attention, we keep such denomination for more complex models with multi-
head attention and positional encoding, such as the model developed by36. In fact, their analysis allows them to 
take into account the spatial information between instances. Nevertheless, we see that our performance is similar 
to theirs.

Since the list of relevant studies is endless, we refer the reader to37 for a recent review on applications of DL 
to histopathological imaging for CRC diagnosis. Where a thorough comparison of existing studies and their 
outcomes is presented.

We see that our model reaches similar or higher performance than analogous state-of-the-art studies on DL 
for cancer diagnosis through histopathology images.

To finish, we comment on the main limitations of our model and potential improvements. The amount of 
data we used, although enough, is on the shorter side. Meaning that this study would benefit from a larger and 
more diverse dataset. For example, with images from different datasets which belong to different WSI cohorts, 
as well as a larger fraction of normal WSIs.

Currently our weakly annotated images carry the human biases and human errors with them. While using 
supervised learning the models will be limited by the skills that had the experts who labelled the data used 
for training. Although these models are more deterministic, getting rid of the subjective variations, and even 
find some hidden patterns undetected before, we should not expect these models to greatly improve human 
performance. It could be enlightening to apply self-supervised learning (SSL)38,39 to this problem. SSL is a 
subset of unsupervised learning and, therefore, has the potential to explore and exploit new features present 
in the images that are informative but escape human eye. On the other hand, this approach could be hard to 
implement in a context with such large images. Nonetheless, its implementation together with MIL could throw 
some interesting results worth pursuing.

Conclusions
We have conducted a comprehensive study about the performance of a deep learning model that integrates MIL 
and attention mechanism for the classification of histopathological WSIs into normal and tumorous categories.

We have studied the performance of a DL model which combines MIL and attention in classifying 
histopathological WSIs into normal and tumorous. Furthermore, we have analysed the optimal image resolution 
within this context. Additionally, our model has been engineered to locate tumour tissue within the WSI. All 
these within a single end-to-end pipeline, easy to optimise and implement.

In culmination, tested our best-performing model on independent images, from both the same and an 
external cohort, to evaluate its generalisation power. Below we summarise our main conclusions: 

	1.	 Like similar studies, we find that DL is a suitable candidate to process and analyse medical images. In particu-
lar, MIL and the attention mechanism make a good association and reach high accuracy in the task of cancer 
detection through WSI classification.
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	2.	 WSI classification using DL does not seem to strongly rely on the resolution of the images. This allows us to 
lower the resolution without causing significant damage to the classification performance. Furthermore, giv-
en our computational constraints, we find an optimal working resolution of 4.0 μm/pix (16× lower than the 
highest available). In a regime where a compromise between efficient image sampling and fine detail losses is 
accomplished.

	3.	 The attention mechanism allows us to have a glance inside the DL “black box” and therefore provides a valua-
ble tool for explainability and interpretability of DL models. Furthermore, directly using the attention scores 
we can automatically identify the tumour regions within the large WSIs.

	4.	 It is possible to train DL algorithms that are general enough to perform satisfactorily on separate cohorts 
from the one used for training. This has always been a major concern because different cohorts present 
intrinsic variations such as, the equipment that was used, the amount of dye, the amount of tissue present, 
among others.

	5.	 We have found that DL complements pathologist skills well as they have different strengths and weaknesses. 
Furthermore, AI can greatly speed up the process of diagnosis as these algorithms can process several WSIs 
per minute. In addition to which they can tell the pathologist were to look beforehand, so they may not need 
to explore the entire WSI in detail. Additionally, the AI could automatically screen some highly reliable cases 
so the pathologist may not be required to scrutinise all the WSIs.

We also conclude that increasing the size of our dataset is likely to improve the results. Specially including images 
from different cohorts into the training dataset would potentially boost the generalisation power of the model. 
Similarly, some novel techniques such as SSL may also improve the outcomes of classification with weakly 
labelled data, which are often found in the field of medicine.

Data availability
The MECC dataset, used for training our model, is not publicly available due to restrictions that required IRB 
approval to use the data, but is available from SBG on reasonable request. The TCGA dataset analysed during the 
current study is available in the public repository (https://portal.gdc.cancer.gov/).
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