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Abstract

Objective: The mitotic activity index is an important prognostic factor in the diagnosis of cancer. The task of mitosis detection
is difficult as the nuclei are microscopic in size and partially labeled, and there are many more non-mitotic nuclei compared
to mitotic ones. In this paper, we highlight the challenges of current mitosis detection pipelines and propose a method to
tackle these challenges.

Methods: Our proposed methodology is inspired from recent research on deep learning and an extensive analysis on the
dataset and training pipeline. We first used the MiDoG′22 dataset for training, validation, and testing. We then tested the
methodology without fine-tuning on the TUPAC′16 dataset and on a real-time case from Shaukat Khanum Memorial
Cancer Hospital and Research Centre.

Results: Our methodology has shown promising results both quantitatively and qualitatively. Quantitatively, our methodology
achieved an F1-score of 0.87 on the MiDoG’22 dataset and an F1-score of 0.83 on the TUPAC dataset. Qualitatively, our meth-
odology is generalizable and interpretable across various datasets and clinical settings.

Conclusion: In this paper, we highlight the challenges of current mitosis detection pipelines and propose a method that can
accurately predict mitotic nuclei. We illustrate the accuracy, generalizability, and interpretability of our approach across vari-
ous datasets and clinical settings. Our methodology can speed up the adoption of computer-aided digital pathology in clin-
ical settings.
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Introduction
Cancer is a widespread disease that affects people all over
the world. The mitotic activity index (MAI) is an important
prognostic factor in the diagnosis of this disease.1 In a
standard diagnostic procedure, pathologists typically
count the number of mitotic nuclei in 10 consecutive micro-
scopic high-power fields (HPF) or in specific field areas like
1 mm2 or 2 mm2 under 40× magnification.2 However, this
process is tedious and time-consuming due to the large size
of the hematoxylin and eosin slides and the infrequent
occurrence of mitotic nuclei. Moreover, the heterogeneity

of patterns and the similarity between mitotic and
non-mitotic cells can often be misinterpreted as mitotic
activity. Thus, reproducibly counting mitotic cells can be

1Computational Biology Research Lab, National University of Computer &
Emerging Sciences, Islamabad, Pakistan
2Shaukat Khanum Memorial Cancer Hospital and Research Centre, Lahore,
Pakistan

Corresponding author:
Hammad Naveed, Computational Biology Research Lab, National University
of Computer & Emerging Sciences, Islamabad 44800, Pakistan.
Email: hammad.naveed@nu.edu.pk

Creative Commons Non Commercial CC BY-NC: This article is distributed under the terms of the Creative Commons Attribution-NonCommercial
4.0 License (https://creativecommons.org/licenses/by-nc/4.0/) which permits non-commercial use, reproduction and distribution of the work

without further permission provided the original work is attributed as specified on the SAGE and Open Access page (https://us.sagepub.com/en-us/nam/
open-access-at-sage).

Original Research Article

DIGITAL HEALTH
Volume 10: 1–12
© The Author(s) 2024
Article reuse guidelines:
sagepub.com/journals-permissions
DOI: 10.1177/20552076241255471
journals.sagepub.com/home/dhj

https://orcid.org/0009-0005-3782-8105
https://orcid.org/0000-0001-8170-2984
https://orcid.org/0000-0002-1867-974X
mailto:hammad.naveed@nu.edu.pk
https://creativecommons.org/licenses/by-nc/4.0/
https://creativecommons.org/licenses/by-nc/4.0/
https://us.sagepub.com/en-us/nam/open-access-at-sage
https://us.sagepub.com/en-us/nam/open-access-at-sage
https://us.sagepub.com/en-us/nam/open-access-at-sage
https://us.sagepub.com/en-us/journals-permissions
https://journals.sagepub.com/home/dhj


challenging among clinical experts.3 This reproducibility of
counting the number of mitotic cells is very important in
certain neoplastic processes that are of the intermediate cat-
egory as they can change into malignant categories based
only on the number of mitosis in the particular area.

The advent of image acquisition techniques in the early
2000s enabled the digitization of glass slides, allowing
pathology slide regions to be scanned and stored as
digital images.4 This digitization of histopathology, com-
bined with advancements in medical image processing
and machine learning techniques, has conjured a new era
of computer-aided pathology.5 The machine learning
methods are capable of extracting patterns from the data
and making predictions based on these patterns.6 In
digital pathology, research has been carried out on
various tasks: diagnosis of prostate cancer, microbiological
diseases, and lymph node metastases, to name a few.7,8,9

The automation of mitosis detection is also one such task
that can assist the pathologist in the diagnosis.

Related work

Mitosis detection methods have primarily utilized either
handcrafted features, deep learning, or a combination of
both. The initial methods used image processing techniques
to extract features manually from slide images and trained
classifiers to distinguish between mitotic and non-mitotic
nuclei.10,11,12 These methods require manual feature
design and selection. The features used in these studies
included morphological features, such as area, perimeter,
eccentricity, long and short axis length, diameter, as well
as statistical features like the mean, median, variance of
each color channel, color histogram features, and color
scale.10,11,12 However, due to the diversity of mitotic
nuclei shapes and textures, customizing these hand-crafted
feature-based methods for mitosis detection tasks is diffi-
cult, and the outcomes are often unsatisfactory.13

In comparison, deep learning algorithms applied in the
field of medical image processing have been shown to out-
perform the results of state-of-the-art handcrafted feature-
based classification methods.14 Deep learning methods
usually approach this task as a classification, object detec-
tion, or segmentation problem using convolutional neural
networks (CNNs).13,15,16,17,18,19 However, deep learning-
based methods have a significant limitation: their perform-
ance is known to deteriorate with a covariate shift in the
images encountered during clinical diagnosis, making
these models less robust and less trustworthy.20 In digital
pathology, this domain shift can be caused by the staining
procedure (which can differ over time and/or across
laboratories), the acquisition device (whole slide scanner),
and the tumor type itself (different tumor cell morphology
and tissue architecture).15 Despite these challenges,
computer-assisted automated detection, particularly deep
learning methods, has become an area of increasing interest

for researchers.4 These methods have the potential to
reduce the pathologist’s workload and improve diagnostic
efficiency.

In recent biomedical imaging challenges (TUPAC,
MiDoG), object detection was seen as a go to approach
for mitosis detection.15 Dusenberry and Hu (2018) pro-
posed a classification solution for mitosis detection.16

This work preprocessed whole slide images (WSIs) by cre-
ating patches of mitotic and non-mitotic nuclei. These
patches go through the modified ResNet-50 model, and
the predictions are smoothened with clustering and thresh-
olding. This work achieved an F1 score of 0.60. Sohail et al.
(2021) proposed DHE-Mit, a hybrid of classification and
object detection.17 This work first used object detection
architecture (Mask-RCNN) for candidate mitotic nuclei
selection, further using an ensemble of varying classifica-
tion architectures for classification. This enabled the extrac-
tion of features from different architectures on the same
dataset. DHE-Mit achieved an F1 score of 0.77. However,
in DHE-Mit, the loss factor from the first stage is omitted
which, at times, may not be feasible.19 Khan et al. (2023)
proposed SMDetector, an object detection pipeline for tack-
ling the small sizes of mitotic nuclei.19 This study high-
lighted the issue of small object detection in mitosis
detection. To tackle this problem, the authors modified
the Faster R-CNN architecture by incorporating dilations
in the ResNet-101 backbone model. The dilations help
the convolutional neural network in covering larger
spatial contexts. The authors further refined the pipeline
by dividing the pipeline into two stages: the mitotic candi-
dates are selected in the first stage with Faster R-CNN and
fine-tuned in the second stage via fully connected layers.
This staging makes the model more robust and reduces
false positives. SMDetector achieved an F1 score of 0.64.
Jahanifar et al. (2024) proposed MDFS, a robust two-stage
hybrid pipeline.18 In the first stage, the mitosis candidates
are segmented at a lower resolution. In the second stage,
these are refined after classification at a higher resolution.
This work utilizes EfficientNetB-0 and U-Net in the first
stage and EfficientNetB-7 in the second stage. Although
MDFS generalizes better across datasets and achieves an
F1 score of 0.79, the authors have highlighted that the
approach misses small mitotic nuclei.

What makes mitosis detection using
deep learning challenging

Implementing deep learning -based methods is a challen-
ging task due to several reasons. First, mitosis has four dis-
tinct phases, and each phase has a different shape and
texture, making it difficult to distinguish mitotic nuclei
from other cells, such as apoptotic cells and lympho-
cytes.10,11 Second, it is important to detect mitosis in can-
cerous cells only and not in normal cells or granulation
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tissue. Third, the number of mitotic nuclei is significantly
lower than non-mitotic nuclei, making it challenging to
extract useful features for deep learning models due to the
imbalance of positive and negative samples.21 Fourth, data-
sets for training deep learning models are limited, with most
public datasets originating from research challenges like the
MItosis DOmain Generalization Challenge (MIDOG′22)
rather than directly from hospitals, resulting in differences
in image quality, lab environments, tissue types, and avail-
ability of patches rather than WSIs.10,12,13 Lastly, the inter-
pretability of deep learning models is one of the key
challenges in the medical domain, especially in clinical set-
tings.13 Hence, these datasets and models may not accur-
ately represent the morphology and structure of mitotic
nuclei across all pathological types.

Proposed method

Taking into account the abovementioned problems, instead of
object detection, we have approached the task from a classi-
fication perspective, focusing on improving generalizability
and interpretability. The reasons behind our classification
approach are the inherent problems in the object detection
architectures, including (a) small size of the object to be
detected, (b) incomplete annotations, (c) imbalanced dataset
(foreground–background, scaling, class), and (d) localization,
especially in domain shifts.22,23,24,25,26 The task of mitosis
detection is prone to the abovementioned issues as the
nuclei are microscopic in size, have many more non-mitotic
nuclei compared to mitotic ones, and have partially labeled
data. For instance, in the recent MiDoG 2022 challenge, the
reference models used object detection architectures, particu-
larly RetinaNet, which can detect boxes of 32× 32 px at the
minimum. The mitotic nuclei, however, are usually of lesser
sizes. In the classification space, the larger models tend to
overparameterize, leading to overfitting.27,28

Therefore, we have used a hybrid of the concepts
inspired from the EfficientNet and ResNet families and
dilated convolutions to build our small classification
model, as shown in Figure 1.29,30,31 The EfficientNets
have been designed considering the compound scaling of
depth, width, and resolution of models, whereas the
ResNets have been designed with the concern of smooth
gradient flow and preservation of information.29,30 The
dilated convolution increases the receptive field of the
filters that capture a larger spatial context while preserving
the resolution.31 To further improve the generalizability and
interpretability of our method, we have done an extensive
analysis on the data processing and training pipeline. Our
method achieved F1 scores of 0.87 and 0.83 on the
MIDOG′22 and TUPAC datasets, respectively. Lastly, we
validated whether or not our methodology learned features
that can be attributed to a particular class using visual inter-
pretations generated by gradient-weighted class activation
mapping (GradCam).32

Methodology
In this section, we describe our methodology in detail. This
includes the dataset, data extraction and preprocessing,
training pipeline, inference, and implementation details.

Dataset

The dataset used in this study was taken from Mitosis
Domain Generalization Challenge 2022 (MiDoG′22).33

The dataset consists of 350 WSIs from different scanners
(Hamamatsu NanoZoomer XR, Hamamatsu NanoZoomer
S360, Aperio ScanScope CS2, 3DHISTECH Pannoramic
Scan II, and Leica Aperio GT 450), species (human, dog,
and cat), and tumor types (canine lung cancer, human
breast cancer, canine lymphoma, human neuroendocrine
tumor, and canine cutaneous mast cell tumor).

The variations (Figure 2) in the images due to environ-
ments, tumor types, and species help build models that
are robust and generalizable. The dataset has 9501 annota-
tions with bounding boxes of 50× 50 px. These include
mitotic nuclei and hard negatives, which look similar to
mitotic nuclei, but are not. Figure 3 shows the extracted
bounding boxes.

2.2 Overview

Figure 4 presents the overall framework of the proposed
method. The method is divided into five blocks: data extrac-
tion, data processing, classification, inference, and inter-
pretability. In the first block, we extract patches from the
annotated WSIs. These patches are normalized, enhanced,
and augmented in the second block. In the third block,
the data are trained, validated, and tested for classification
of the mitotic and non-mitotic patches. Finally, these
patches are predicted in the inference block. After the
deep learning model is trained, the patches can be examined
via a heat map in the interpretability block. Details of each
block are given in the subsequent sections.

Data extraction. The size of the mitotic nuclei is typically 25
× 25 px in the MiDOG′22 dataset. The annotations come
with bounding boxes of 50× 50 px around the mitotic
and hard negative areas, which look similar to mitotic
nuclei, but are not. The mitotic annotations account for
the mitotic class in our proposed method. For the non-
mitotic class, we add the hard negatives given in the
dataset and extract patches randomly from WSIs to add
structures other than nuclei. These randomly extracted
patches might contain mitotic areas as well, but this helps
the model extract features that can differentiate between
the two classes. Our customized dataset for classification
consisted of 2293 mitotic, 2617 hard negatives, and 3000
randomly extracted negative patches. For data extraction,
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we experimented with different patch sizes: 50× 50, 100×
100, 256× 256, and 512× 512.

Data processing. In the data processing block, we used stain
normalization to tackle the issue of generalizability. Stain nor-
malization techniques are used to transfer the color distributions
of all WSIs to a reference image while preserving the structure
and other information of the image. This ensures that WSI
samples from different labs, tissues, and domains follow a
base color distribution. These techniques can be broadly classi-
fied into two classes: conventional and deep learning-based
methods. Our method utilized StainNet, a deep learning-based
method that uses 1D-CNNwith StainGAN to adjust color map-
pings in a pixel-to-pixel manner.34

Classification. In the classification block, we divided the
dataset into training, testing, and validation sets. We used
image augmentations (flips, noise, sharpen, blur, equaliza-
tion, contrast, and brightness) to add variations in the train-
ing set. The augmentations help the model recognize
patterns not dominantly present in the training data. After
augmentation, we trained our CNN model. During the
model selection, we split our dataset in a rather non-
conventional way. We trained the model on three (two
human tissues and one animal tissue) out of five tumor
types and validated/tested on samples from all tumor
types/species. This ensured the generalizability of the
model in capturing the mitotic areas during the training.
However, the final model was trained on tissues from
humans only (breast and neuroendocrine). Our final

Figure 1 Architecture.

Figure 2 Tumor-wise variance in images from different lab environments and scanners.
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model was inspired by EfficientNet, ResNet, and dilated
convolutions, with the first few layers adapted from
EfficientNet B-0 to take advantage of transfer learning.

Inference. We tested our model on (a) publicly available
datasets and (b) on a local WSI of human colon cancer
from Shaukat Khanum Memorial Cancer Hospital and

Figure 3 50× 50 px bounding box annotations in the dataset.

Figure 4 Method divided into five blocks: data extraction, data processing, classification, inference, and interpretability. The patches are
extracted, normalized, enhanced, and augmented in the first two blocks. We then trained the model to distinguish between mitotic and
non-mitotic patches. The predicted mitotic patches were validated for focus areas in the interpretability block.
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Research Center, Lahore, Pakistan (SKMCH&RC). For the
purpose of robustness and generalizability, we did not fine-
tune our model on the TUPAC dataset and the local WSI.
Instead, we used the pretrained weights of our model
from the MiDoG′22 dataset.

• Publicly available human breast cancer dataset
(TUPAC′16)35: We followed the same procedure given
in the training phase. This included extracting patches
from given annotations and following all the steps
until the classification step.

• Local human colon cancer whole slide image: The local
WSI was scanned with the MoticEasyScan Pro 6 scanner
at 40× resolution with a standard resolution setting. The
WSI is available at (https://drive.google.com/drive/
folders/
1PCHBVjaEy535OXXDD7KvbeWsFPxS0Q2m). For
the local WSI, we selected a region of interest and
extracted 100× 100 patches. The extracted patches
went through all the steps mentioned above. The
results were verified by a team of pathologists at
SKMCH&RC. The purpose of this exercise was to val-
idate the generalizability and interpretability of our
model on tissues and environments not seen in the train-
ing data.

Interpretability. In the interpretability block, we validated
the focus areas of the model inference with GradCAM.32

GradCAM is a technique used to understand the regions

of an image that are important for a prediction. It utilizes
the gradients flowing into the final convolutional layer
and maps it to the input. By visualizing these maps, we
can observe the parts of the input image that were important
in the prediction of the model. Section 4 discusses this in
detail with illustrations.

Implementation details. For reproducibility concerns, we
share our architecture details and hyperparameters. Our
architecture follows the structure below in sequence:

• Starting layers with two blocks inspired from
EfficientNet-B0

• Dilations blocks with a dilation factor of two
• Residual blocks with skip connections inspired from

ResNet-18
• Two-dimensional average pooling, followed by fully

connected layers

We used the cross-entropy loss function with weighted loss.
Instead of a fixed constant, the weight is adjusted in propor-
tion to the positive class. Our batch size was 32, and the
Adam optimizer was used with an initial learning rate of
0.0002. Lastly, the starting layers of the model adapted
from EfficientNet-B0 utilized the ImageNet pretrained
weights. The implementation and customized dataset for
classification can be found in this link (https://drive.
google.com/drive/folders/1xqBBuXrLUPpj7KXZFVn6jW
LSoCtbG-Y8).

Figure 5 Comparison of mitotic nuclei with backgrounds. The top row (a) shows the size of the bounding box of the mitotic nuclei with
respect to the background in large patches. The bottom row (b) shows the size of the bounding box of the mitotic nuclei with respect to the
background in small patches.
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Results and experimental analysis
In this section, we present the results and analysis of the
experiments carried out for establishing our methodology.
We divide these into two categories: qualitative and quan-
titative. The qualitative analysis is based on the feedback
from pathologists, whereas the quantitative analysis is
based on recent deep learning research studies.

Qualitative

The qualitative analysis is performed to find suitable reso-
lution and stain normalization of the images. The feedback
from pathologists helps in making a model that can accur-
ately assist in the mitosis detection task.

Image resolution. Image resolution affects the training and
robustness of the deep learning models.36 Usually, image
resolutions of 256, 512, or even 1024 are used for classifi-
cation. However, the mitotic activity covers an average area
of 25× 25 px in our dataset. This microscopic nature of the
mitotic activity can result in the model focusing on irrele-
vant details (i.e., background) for making predictions.37

We found that smaller sizes produce better results; there-
fore, we used a patch size of 100× 100 for our pipeline.
Figure 5 shows the size comparison of the mitotic activities
in large (512× 512) and small (100× 100) patches.

Stain normalization. MIDOG′21 and MIDOG′22 are
domain generalization challenges that try to address the
fact that computational models should work on images
from different organs, scanners, and even species. One of
the techniques of ensuring such generalization is stain nor-
malization. For stain normalization, we experimented with
both the conventional stain normalization techniques

(Macenko and Reinhard) and the generative adversarial
network (GAN)-based stain normalization. Conventional
methods normalize images through pixel-by-pixel color
mapping on all the channels of the image and depend on
a reference image to estimate the stain parameters, but it
is hard for one reference image to cover all staining phe-
nomena or represent all input images, resulting in an
inaccurate estimation of stain parameters.34 By contrast,
deep learning-based methods mostly apply GANs to
achieve stain normalization. GAN-based methods perform
well in stain normalization; however, some issues in robust-
ness have been reported.34 StainNet is a deep learning-
based method that utilizes 1D-CNN with StainGAN to
adjust color mappings in a pixel-to-pixel manner. This
makes StainNet more robust than the other deep learning
architectures. The results of our experiments are illustrated
in Figure 6.

Quantitative

The quantitative analysis addresses the challenges of deep
learning in the medical domain. These include architecture
design and hyperparameter selection.

Architecture design. We designed our model architecture
keeping in view the recent findings. Recent studies have
shown that larger models tend to overfit on datasets with
low-resolution images, lesser classes, and smaller dataset
size.27,38 Moreover, studies have also shown that certain
architectures (based on their depth, width, and structure)
are capable of extracting various patterns from the data-
sets.27,39 Based on these findings, we designed a hybrid
architecture that is inspired from EfficientNet, ResNet,

Figure 6 Top row (a) shows normalization using conventional methods, while the bottom row (b) shows normalization using StainNet.
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and dilated convolutions. Table 1 shows a comparison of
different architectures.

Hyperparameter selection. In this analysis, we focused on
the effect of batch size, optimizer, and loss function on
the model performance. Different measures can be
used to evaluate the performance, including train/validation
loss, precision, recall, sensitivity, specificity, accuracy, and
ROC. However, to evaluate the performance, we consid-
ered the F1 scores that can be interpreted as the harmonic
mean of precision and recall/sensitivity.

• Batch size: The batch size refers to the number of
samples passed to model in an iteration. A study on
the effect of batch sizes in histopathology suggests that
smaller batch sizes can often result in overfitting,
whereas larger batch sizes can make it difficult to
achieve convergence.41 In our analysis, we experimen-
ted with the batch sizes of 16, 32, and 64.

• Optimizer: Optimizers are algorithms used to update the
weights of the deep learning model. Based on a study on
optimizers for convolutional neural networks, we experi-
mented with Adam, RMSProp, and SGD.42

• Loss function: Loss functions are functions that
compute the error between the model output and the
ground truth. These functions can be of various
natures (i.e., probabilistic, distance based, and similarity
based). In computer vision, cross entropy and its varia-
tions have been widely used for image classification.43

We have also used the weighted version of cross
entropy for training our model due to its simplicity.

Figure 7 shows our initial analysis on the hyperparameters.
The adaptive optimizers (Adam, RMSProp) with a batch
size of 32 yield the best results. To get better results, these
selected hyperparameters (i.e., 32 batch size and Adam/

Table 1 Results of the TUPAC′16 dataset. Our model outperformed
other state- of-the-art methodologies by a significant margin
without fine tuning the TUPAC dataset. *In these models, we
estimated the number of parameters by the architecture details
provided.

Models Approach
F1
score

No. of
parameters

EfficientNet B-029,
2019

Classification 0.80 5.3 million

EfficientNet B-229,
2019

Classification 0.78 9.2 million

EfficientNet B-429,
2019

Classification 0.74 19 million

ResNet 1830 2016, Classification 0.76 11 million

MAX Detector16,
2018

Classification 0.60 23 million*

RetinaNet18, 2017 Detection 0.72 36.4 million

EfficientDet-418,
2019

Detection 0.61 20.7 million

SMDetector19, 2023 Detection 0.64 61 million*

DHE-Mit17, 2021 Hybrid 0.77 56 million*

MDFS18, 2024 Hybrid 0.79 88 million*

Our model Classification 0.83 3.1 million

Figure 7 F1 scores of our hyperparameter analysis.
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RMSProp optimizers) were further tuned after experimenta-
tion with learning rates and training for more epochs.

Table 2 shows the performance of our model on the
MiDoG dataset. The results demonstrate the fact that the
model established on the qualitative and quantitative ana-
lyses is able to predict the mitotic nuclei with a high F1
score (0.87).

In order to further explore the generalizability of our pipe-
line, we tested our model on the TUPAC dataset without fine-
tuning. Table 1 shows our experimental results and comparison
with other methodologies on the TUPAC dataset. We categor-
ized the comparisons as classification, detection, and hybrid
approaches. We also included the model size (number of para-
meters) in our comparisons to validate that the task of mitosis
detection can be handled with smaller models without com-
promising on performance. In the classification space, we
used three different architectures (EfficientNet, ResNet, and
Max Detector) to validate that classification architectures are
capable of handling the task of classifying mitotic nuclei accur-
ately. We then provide results of recent detection and hybrid
pipelines discussed in our literature review. Lastly, we
provide the results of our methodology without fine-tuning
the dataset. We were able to outperform other state-of-the-art
methodologies with a significant margin.

Discussion
Our analysis shows that a hybrid of these concepts performs
better than the individual models, even with a much smaller

model. The extensive analysis with the feedback from
domain experts also makes the model capable of adapting
to unseen data. The results are significantly better than
those reported in previous studies. This is due to the fact
that (a) we handled the problem as a classification task
unlike most previous studies; (b) we applied a relatively
small deep learning model that is appropriate for the
amount of data available; and (c) we included feedback
from the domain experts in our analysis. The deep learning
architectures are made with real-life images in mind that are
easy to gather and annotate, while in the medical domain, it
is very hard to gather good quality data (due to privacy con-
straints) and even harder to annotate properly. We previ-
ously successfully used smaller models in similar medical
problems.40

Interpretability

In the medical domain, interpretability plays a key role in
the trustworthiness of deep learning models in a clinical
setting. Thus, we validated our approach using visual expla-
nations with GradCam.32 Figures 8 and 9 show the results
of our approach on mitotic nuclei in the MiDOG′22 and
TUPAC′16 datasets, respectively.

We can see that (a) our approach is capable of focusing
on the mitotic areas across the two datasets, and (b) normal-
izing the patches with StainNet helps the model generalize
and focus better on the unseen data.

In the local WSI case, we first selected the region of
interest, and then passed it through the model in 100×
100 patches. The grid shown in Figure 10 highlighted the
focus areas of our model both in the case of mitotic and
non-mitotic patches (i.e., what areas are important when
predicting mitotic or non-mitotic). Our results showed
that the model is able to learn features similar to those
that help humans differentiate between mitotic and non-
mitotic nuclei.

Table 2 Results of our model on the MiDoG′22 dataset.

Precision
Recall/
Sensitivity

F1
score Specificity

Our
model

0.92 0.79 0.87 0.93

Figure 8 GradCam explanation of the model on the MiDoG′22 dataset. The whiter areas on the GradCam matrix are focused more, whereas
the darker ones are less.
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Conclusion
In this study, we demonstrate that our small model-based
classification method can tackle the challenges highlighted
and accurately predict mitotic nuclei in two publicly avail-
able datasets. Moreover, we illustrate the generalizability
and interpretability of our approach across various datasets
and clinical settings. This study aims to speed up the adop-
tion of computer-aided digital pathology in clinical settings.
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Figure 9 GradCam explanation of the model on the TUPAC′16 dataset. The whiter areas on the GradCam matrix are focused more, whereas
the darker ones are less.

Figure 10 GradCam explanation of the model on a selected region of interest. The image on the left shows the original region. The image
on the right shows the prediction and heat map of focus areas. The dark red color represents the focus area in the predicted mitotic
patches, while the dark blue color represents the focus areas in the predicted non-mitotic patches.
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