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Abstract—Lung cancer is the leading cause of death worldwide
and, a correct diagnosis in an early-stage gives more possibilities
of treatment. Whole-slide images generated from glass slides
can be analysed using Artificial Intelligence technologies to help
pathologists. In this study, it is given an overview of the lung
cancer, exploring the methodologies done until the present. These
methods are divided into Detection and Classification phases. To
detect the neoplastic cells, the WSI is split into patches, and
then a convolutional neural network is applied to identify and
generate a heatmap highlighting the tumour regions. Then, the
features are extracted from the cancerous regions and submitted
in a classifier to determine the histologic type of tumour present
in each patch. In addition, it is proposed a possible solution
based on the literature review that could be used as an aid in
the pathological diagnosis of lung cancer.

Index Terms—lung cancer, digital pathology, artificial intelli-
gence, convolutional neural networks, whole slide imaging

I. INTRODUCTION

On a global scale, lung cancer has been the main cause of
death and the second most common in terms of new causes [1].
The principal cause of this cancer is smoking, and the presence
of a tumour nodule is detected by performing a radiologic
detection methodology like chest X-ray or computed tomog-
raphy [2], [3]. After that, a confirmatory pathologic diagnosis
is usually made on small biopsy and cytology samples [4],
[5]. In fact, the detection of lung cancer in an early stage
is extremely important because as sooner as it is detected as
greater are the chances of effective treatment and survival.
However, in more than 50 % of the new cases, the tumour
has already metastasized to different parts of the body where
the reasons of late detection could be the lack of symptoms at
early-stage, and incorrect diagnosis of the symptoms such as
cough and wheezing [6]. With the emergence of whole slide
imaging (Process to scan microscopic glass slides to produce
digital slides), pathologists are allowed to examine the whole
slide images (WSIs) on a computer which makes possible the
integration of software to assist pathologists (Figure 1). In this
way, this project aims to develop a system that could benefit
patients and pathologists by making lung cancer diagnosis
simpler, decreasing the time spent by pathologists executing
the diagnosis, and improving the accuracy of the results.

II. LITERATURE REVIEW

A. Lung Cancer: Etiology, Classification and Detection
Methodologies

According to the data collected by World Health Organi-
zation, the lung cancer numbers for deaths reaches the 1.8
million and 2.21 million for new cases in 2020, which means
that this neoplasm is responsible for the highest number of
deaths worldwide [7]. The most incident age group is above
the fifty years old and, even though, the lung cancer appears
in the lungs, it can metastasise to other organs in the human
body [1]. Also, the principal cause of this type of cancer
is smoking, however, other risk factors have been identified
such as previous respiratory diseases, exposure to occupational
carcinogens (arsenic, asbestos, chromium, nickel, and radon),
polycyclic aromatic hydrocarbons, human immunodeficiency,
virus infection, and alcohol consumption [1]–[3].

Carcinomas are the most common type of lung cancer being
split into four types: Adenocarcinoma, Squamous Cell Carci-
noma, Large Cell Carcinoma and Small Cell Lung Carcinoma.
The most common is Adenocarcinoma which affects about
eighty percent of cases. Currently, there are different methods
to detect lung cancer such as chest x-ray, computed tomog-
raphy, and magnetic resonance imaging, but when the initial
detection method is in the field of radiology, a confirmation
pathological diagnosis is followed by a transthoracic needle
biopsy. The glass slides acquired in the biopsy will be analysed
by the pathologists in a brightfield microscope, or through
whole slide images that were obtained by digitising them [1].

B. Artificial Intelligence techniques applied to Lung Cancer

The increase amount of data generated by clinical systems,
as well as the computational capacity, enables the development
of computational systems capable of facilitating the diagnosis
process, improve the accuracy and move faster to the final
diagnosis.

According to the literature, the analysis of lung cancer in
whole slide images can be split into two moments: Detection
and Classification. Wang and his team presented a model using
Inception V3 that was capable of analyse adenocarcinoma
WSIs, classify and give a prognostic value with an accuracy
of 89.8 %. By using the sliding window method, the model



searches the presence of tumour in patches of 300 x 300 pixels.
In 2018, Coudray also used Convolutional Neural Networks
(CNNs) with Inception V3 for their model, but the sliding
window mechanism was used for 512 x 512 pixels patches
which resulted in an accuracy of 87 % [1]. Another study
from Li and his team used 256 x 256 pixel patches and
cropped them with a stride of 196 pixels with the aim to
ensure sufficient overlapping between adjacent patches. The
samples were applied into different types of CNNs, where the
higher accuracy was given by AlexNet when it was trained
from scratch with 97 % of accuracy and by ResNet when
the pre-trained strategy was used (93 %) [1]. According to
a study published in 2019 by Yu and his team, they also
used the different CNN types where each WSI was split into
tiles with 1000 x 1000 pixels with a 50 % overlap. The best
resulting accuracy achieved from the evaluated models was
93.5 % [1]. To overcome the limitation that states the need
for annotations by a pathologist to get a better result, Chen
and his team designed a technique that, instead of getting just
tiles of the WSI, the WSI is given as input without being split.
The obtained accuracy for was nearly 93 % [1].

The detection task is followed by the classification task
and provides the generated heatmap and, by applying mor-
phological operations as erosion and dilation in these maps,
the distribution and shape are features that can be extracted
for further analysis and classification [8]. These features are
used as inputs for models that will classify the lung cancer
type present (e.g.: Adenocarcinoma, squamous cell carcinoma,
etc.). While Wang and colleagues selected features associated
with survival outcomes and used a univariate Cox proportional
hazard model with a penalty to prevent overfitting. Yu and
team employed Naı̈ve Bayes classifiers, Support Vector Ma-
chines (SVM) with Gaussian, linear and polynomial kernels,
and Breiman’s random forest that received the features as input
and gave the predicted lung cancer types as output, obtaining
as higher accuracy 85 % [1].

III. PROPOSED SOLUTION

Following the reviewed author’s approach, the system to
be developed must be capable of execute two phases, being
them, the Detection and Classification of the tumour present
in a WSI. In the detection phase, the system should load the
WSI and retain all the WSI’s tiles that contains tissue samples
according to a given size (512 x 512 pixels). Then, it will
execute transformations in the tiles such as Augmentation and
Rotation to obtain more samples for training. After that, the
tiles will be used in a Deep Learning Neural Network to detect
the tumour using features that indicates its presence like colour
and area of the cells. At the end of the detection steps, the
system will compile the tiles back to the WSI format, generate
a heatmap and give the prediction. In the classification phase,
it will extract characteristics like perimeter and texture of the
tumour from the regions of interest, apply a classifier (ex.:
SVMs) that will distribute them by lung cancer subtypes, and,
finally, show the output prediction to the user.

IV. FINAL REMARKS

The development of systems for optimisation of the lung
cancer diagnosis is an area that is growing and many studies
of methods to improve the current process are emerging.
Furthermore, the use of deep learning is showing good results,
as it is already validated in the case of the breast cancer where
it has been implemented a similar process recently. However,
as a limitation for lung cancer and since this is a recent area,
there are few image datasets that allow training the algorithms
with the desired performance to the point of being reliable
its implementation in clinical use. In this paper, a possible
solution was proposed as a high-level approach based on the
available studies, with the aim of assisting the pathologist
in the first morphological approach to the lesion in order to
optimise the diagnostic process.
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Fig. 1. Actual Approach for Lung Cancer Diagnosis Support System


