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INTRODUCTION

Computers play an increasingly important role not only in our daily life, but also in medical
and related fields. Their advent has greatly improved the functioning of hospitals and
introduced better methods of diagnosis and treatment. We are now at the door of another

revolution. Artificial intelligence (Al) is defined as the ability of a system to correctly
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interpret data from external sources, learn from it, use this knowledge to perform specific
tasks, and achieve goals through flexible adaptation.!”! This kind of behavior, which is very
similar to how the human mind works, can find wide application in diagnostics. Cancer is a
heterogeneous group of diseases with often aggressive courses and poor cure rates. They
affect most parts of the body, especially those with clusters of intensively dividing cells
(glands, skin). The key to effective treatment is early diagnosis of lesions, often hampered by
the presence of nonspecific symptoms.[) The purpose of this study is to describe the
application of artificial intelligence in the diagnosis of cancer, especially breast, prostate, skin
and colon cancer. We discuss the potential use of Al for cancer diagnosis and its efficacy

compared to conventional clinical diagnosis.

Concept of Development of Artificial Intelligence in Research

Research and development of theories, methods, techniques, and application systems for
simulation, extension, and expansion of human intelligence. Essentially, Al is a branch of
computer science. Researchers are trying to understand the nature of intelligence and design
new intelligent machines that can react in ways similar to human intelligence. Research in
this area includes robotics, speech recognition, image recognition, and natural language
processing. Apply scientific advances and engineering developments to medicine and
promote the development of medical technology. Al technology has played an important role

in building fast, accurate and intelligent medical systems in the medical field.

Based on the rapid development of computer technology, the image level and quality of
medical imaging equipment have improved steadily in recent years.®! His four main
directions for future medical development are “individualized, precision, minimally invasive,
and remote.” With the help of computer technology, these directions have become more and
more clear.”! Adopting Al technology in the field of medical image recognition is a goal with
great potential benefits for both patients and doctors. Using Al to analyse medical images can
significantly reduce costs and improve efficiency. However, practical application of medical
image processing requires the system to be flexible enough to adapt to the actual
characteristics of the processed images.™ Recently, the development of Al has entered a new
era. Al is starting to evolve rapidly in professional applications. Many applications are

impractical, but very likely in the next 10 to 15 years.[

Laboratory medicine is an important branch of modern medicine. Approximately 70% of the

information needed to make clinical decisions comes from laboratory tests. The main purpose
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of such tests is sample recognition and interpretation. However, image recognition and
decision-making systems using Al techniques will play an important role in this field, even
undermining existing technologies. Al applications in the pre-analytical phase are primarily
focused on sample collection and transfer, and identification of ineligible samples. These
applications include blood collection robots, sample transfer robots, automated sample
delivery, and automated identification of ineligible samples.l”! At the analysis stage, image
recognition is the most popular technique as it helps solve the problem of morphological
interpretation of examination objects such as bone marrow sections, blood smears, urine
sediments, fluorescent sections and bacterial colonies. Deep learning allows computers to
classify red blood cells based on cell morphology. Al plays a more important role in the post-
analysis phase. Machine learning techniques can perform intelligent report validation and
validation, generate reports on key values, and even analyse historical data for multiple test
items to find test tube labelling errors. Al technology can also contribute to the transition
from test reports to diagnostic reports. Al technology, by multiparameter data mining, related
to fibrillation of peripheral blood can predict risk of acute myocardial infarction, which can
not be obtain by single test item.®*!

Machine Learning

The replication of human intelligence by Al with the utilization of data-driven algorithms that
have been instructed and self-train through experience and data analysis is generally defined as
machine learning (ML).') After been programmed, ML can find recurrent patterns in large
amount of appropriately engineered data and progressively learn and independently improve
performance accuracy without human intervention. The ML algorithms are generally classified
in supervised learning (the most frequent one, which utilizes classified data), unsupervised
learning (where algorithms can independently identify patterns in data without previous
classification), semi-supervised learning (can use a combination of both labelled and unlabelled
data) and reinforcement learning (uses estimated errors as proportional rewards or penalties to
teach algorithms).l*>* Deep learning (DL) is a class of ML techniques that has the ability to
directly process raw data and perform detection or classification tasks automatically without the
need for human intervention. The sets of algorithms utilized by DL are generally artificial
neural networks (ANNS) constituted by several layers that elaborate inputs with weights, biases
(or thresholds) and deliver an output. ML models, combined with large amounts of qualitative
and quantitative information derived from medical imaging (radiomics) and clinical data, can

support physicians in the evidence-based decision-making process.™"
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Figure 1: Radiomic Workflow for Machine Learning & Deep Learning Approach for
Biomedical Imaging.

Al IMAGE IN DETECTION OF CANCER

An Al-based deep learning algorithm was implemented to identify complex patterns in
medical and clinical images. They translate images and attempt to complement clinical
decisions, enabling meaningful decisions that are most difficult for humans to make. to an
integrated indication system. This includes his X-ray images studied in pathology, genomics,
and a collection of electronic health reports and social networks. Examination of cross-
sectional X-ray images reconstructed by MRI and CT scans is always a challenge when it
comes to recognizing complex patterns. It is possible to train computers efficiently to produce
results that can be produced quickly. ML can be implemented on MRI datasets or digitally
acquired images. Figure 2 shows the phases of cancer detection for image processing. Low-
level transformation methods are used to implement image classification, represent the initial
stages of image analysis such as segmentation and registration, are formulated
mathematically using statistical and biomechanical modeling, it aims to solve computer
vision-based image processing. Computer-aided detection (CADe) is a term used for
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detection related to the detection of objects in X-ray images. CADe has been used as a
companion assistant in detecting occult cancers in low-volume CT screening cases,*? and
with very high sensitivity during detection he discriminates brain tumor progression in MRI

image.[™!

o :

N, .

Fig: Cancer Detection Stages by Image Processing Methodology.

BREAST CANCER

Breast cancer is the second most common cancer in the world and the second leading cause
of death in women.[* Early signs of breast cancer are usually invisible and easily missed, so
screening methods such as mammograms and ultrasounds should be performed regularly.
There is no doubt that image-based diagnosis has some limitations, including: B. Presence of
image noise, poor sharpness, poor contrast, and radiologist performance, such as visual
perception ability and experience.l* Perhaps Al will help diagnose breast cancer, making it
more accurate and faster. Comparing the diagnostic capabilities of lesions by radiologists and
Al, we observed that the Al system showed better diagnostic results than the human reader.
This study evaluated maximum intensity projection (MIP) lesions on dynamic contrast-
enhanced (DCE) breast magnetic resonance imaging (MRI). The Al system used Retina Net
to calculate the likelihood of malignancy, and the radiologist's task was to classify lesions as

benign or malignant. Thirteen normal, 20 benign, and 52 malignant cases were classified. Al
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achieved the highest values for sensitivity, specificity, and area under the receiver operating
characteristic curve (AUC), which were 0.926, 0.828, and 0.925, respectively. This compares
to human readers without Al (0.847, 0.841, and 0.884) and human readers with Al (0.889,
0.823, and 0.899).1'%1 Al systems are useful not only for MRI evaluation, but also for
ultrasound image classification. Quan Xia's study compared the classification of breast
lesions for each breast mass assessed by physicians and Al in the system recommended by
the American Radiological Society (BI-RADS). The Al had a sensitivity of 95.8%, a
specificity of 93.8% and an accuracy of 89.6%, while senior physicians achieved lower
values of 79.2%, 81.3% and 60.5% respectively (Junior: 75.0%, 68.8%, 43.8%).%). The
sensitivity was 100%, the specificity was 93.8%, and the accuracy was 93.8%, so the best
effect was achieved with the help of Al in the work of senior physicians. His Al in this study
diagnoses lesions better than physicians and improves the quality of breast cancer ultrasound

diagnosis by physicians.™*”

PROSTRATE CANCER

The clinical variability of prostate cancer in terms of tumor size (from very small to highly
destructive tumors), high recurrence rates and mortality that varies from patient to patient
poses many challenges. ML-based supervised techniques is often applied to imaging
modalities. Uncover suspicious lesions, including US imaging, to provide overall biological
advantage in cancer research. Deep learning-based prostate cancer applications are beneficial

for treatment and generating high-performance outcomes.

Multiparametric Magnetic Resonance Imaging (mpMRI) can display soft tissue contrast to
identify suspicious prostate lesions and provide insight into tissue characteristics.
Investigations show that mpMRI is a promising imaging technique for prostate cancer due to
its potential to discover lesions and provide surgical features. Al model-based prostate tumor
identification and classification has provided flexibility as CADe and CAD systems.!*®! In
conjunction with PI-RADS, the CAD system could potentially improve the feasibility and
treatment accuracy of his mpMRL™®! Initial in his mpMRI-based CADx system targeting
supervised learning models]. Work added feature extraction and trivial classification. The
report states that feature extraction plays an important role in improving the system's results,
depending on the CAD. CNN added that the work has been fully scaled up and reports of

excellent performance in prostate cancer detection and treatment have been submitted.
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Another feature of the CNN algorithm such as B. The addition of mpMRI images adds
[19]

automatic windowing for better classification and normalization of MRI images.
SKIN CANCER

The development of artificial intelligence-based diagnostic methods has become a trend in
the diagnosis of melanoma and skin cancer. According to the Skin Cancer Foundation, the
global incidence of skin cancer is increasing every year.”! Incidence rates vary widely
around the world, being highest in Australia (37 cases per 100,000) and lowest in South
Central Asia (0.2 per 100,000).”Y The gold standard for diagnosis of melanoma and skin
cancer is histopathological evaluation. Convolutional Neural Networks (CNNs) are examples
of the use of Al in diagnosing melanoma and skin cancer. CNNs have been monitored and
trained to analyse visual aspects of skin lesions such as: B. Diameter, shape, color, pattern,
etc. CNNs require guidance from validated diagnostics for each image they learn during the
training phase. Therefore, the main problem in using it effectively is creating a reliable record
of the highest quality images. The first study comparing CNN and dermatologist performance
was by Esteva et al. Released. 2017.1%2) Dermatologists had an average sensitivity of 86.6%.
At this sensitivity, the physician's specificity (71.3%) was significantly lower than that of his
CNN (82.5%). Other comparative studies by Haenssle,’! TschandI® showed that her CNN
specificity of results was not comparable or inferior to that of dermatologists. Tschandl
proved that CNN can classify both pigmented and non-pigmented skin lesions as accurately
as dermatologists. In lesions of basal skin cancer or Bowen's disease, CNN outperformed the
doctor (the doctor's diagnosis of basal skin cancer was correct 51% of the time, while CNN's
diagnosis was 85% of the time).!*"! probabilistically correct). Population diversity can be the
biggest barrier to the use of large-scale CNNs. The sensitivity of CNN drops from 91% to
85.5% when using results from one hospital and comparing them with results from another
hospital with a different population.!”> Melanoma skin lesions can look different in different
populations, complicating the CNN training process. Satisfactory sensitivity results obtained
from imaging skin lesions in one patient group may not be easily transferable to another
group.ml Rajpara Study 117 showed that traditional dermatoscopy and artificial intelligence
are equally good at diagnosing melanoma lesions. Sensitivity of artificial intelligence

surpasses that of dermatoscopy.?”
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APPLICATION OF Al IN LUNG CANCER

Biomedical imaging and ML have opened up new dimensions in research. Early detection of
lung cancer is always important. ML has added new features and capabilities to improve lung
cancer diagnosis and track treatment response. Various models have been developed to
propagate the early stages of detection and allow Al to significantly classify pulmonary
nodules into her two classes (benign or malignant).!”®%! The National Lung Screening Trial
(NLST) showed her 20% lung cancer mortality in men and women of all ages masked by
using low-dose CT (LDCT) for screening.*® To date, there is no authenticated and validated
approach for classifying nodes as malicious or benign. Classical biostatistics and ML
methodologies have been implemented to account for various obstacles in lung cancer
screening. ML has demonstrated multiple methods and novel techniques to detect biomarkers
to minimize false positive imaging results and more accurately classify benign and malignant
nodules.®™ Most of the trapped lung nodules are found unexpectedly and cause problems for
cancer patients. In a recent study, four quantitatively evaluated semantic features such as
minor axis radius, contour, concavity and texture were considered in the ML model to
classify benign or malignant nodules in lung cancer screening. This model classified the
nodes with 74.3% accuracy.?” Image-based biomarkers can be stored in her radiographs and
incorporated into the underlying pathophysiology of the tumor. Clinical and biomedical
implementations rely on size-based measurements to provide reasonable estimates of
prognostic factors such as survival and recurrence rates. An Al method is being studied that
uses predefined algorithms and deep learning (a process called radiomics) to quantify the

phenotypic characteristics of his radiographs based on the presence of specific mutations.*
33]

APPLICATION OF Al IN CNS TUMOR

The occurrence of CNS tumors exhibits a large spectrum in the field of pathology and may be
more diverse than any other tumor in the human body. This wide range of diagnoses requires
highly unique and accurate assessment of imaging modalities. One of the most important
biomarkers for determining the prognosis of CNS tumors is isocitrate dehydrogenase (IDH).
Changes in the presence of IDH mutations can be effectively detected using machine learning
techniques, including deep CNNs trained on conventional MR images.*®! Technically
similar studies have already been done in other brain tumors. The study results showed that
an algorithm trained to extract radiomic features from conventional MRI can generate

predictive models for pituitary adenoma and pediatric brain tumor subtypes. Various
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challenges arise when differentiating between different tumor types. One of the major
challenges in diagnosing CNS tumors is to distinguish between primary CNS lymphomas and
glioblastomas based on similarities in imaging phenotypes. Results show that the radiomics
model uses image texture-based features to emphasize differences between glioblastoma and
primary CNS lymphoma.B*3® Interestingly, a similar diagnostic dilemma often arises when
evaluating histopathological sections of these two different disease processes.*”? Recent
studies have implemented Al in brain tumors and focused on efficiently classifying biological
and histopathological subclasses of brain tumors.*”*® Al-based systems that require new
models to accurately classify tumors must test datasets and train corresponding large sets of
data. Thereby, Al can help improve the accuracy of discrimination between multiple tumors
to provide better quality treatment.®® Treatment of tumors is determined by precise
classification of tumor subclass. MR imaging is very helpful in defining CNS tumors. These
tumors exhibit different classes of contrast enhancement, which may be associated with
hemorrhage, peritumoral edema, or blurred boundaries with adjacent bone, blood vessels, fat,
or surgical packing material. | have. It is hoped that automated identification of CNS tumors
will lead to the development of powerful density-based algorithms to describe tumors and
associate them with the microenvironment that plays an important role.[*”

CONCLUSION

Artificial intelligence will greatly remodel studies on the early detection of many forms of
cancer, and consequently will improve clinical practice in general. Artificial intelligence
offers excellent opportunities for the automation of tasks through the detection of complex
patterns. In this respect, research is crucial to facilitate the interdisciplinary incorporation of
such techniques, and improvements in this field may open the door to further studies in the
future. Many commercial solutions for automated cancer detection are becoming available,
and we are likely to see increasing adoption in the coming years. Artificial intelligence plays
an increasingly important role in medical diagnostics. Algorithms are improving year by year,
and the range of Al applications is expanding. One of the most important applications of this
technology is cancer diagnosis. Algorithms are most commonly used to detect cancerous
changes in X-rays or other standardized samples. This process is preceded by algorithm
training, under the supervision of 118 specialists, where large amounts of data are presented
to the Al to display amazing patient results. In this article, we analyzed the diagnostic
efficacy of artificial intelligence in some of the most common types of cancer. The research

results are very promising and demonstrate the high effectiveness of Al. For breast cancer
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diagnosis, the high accuracy of Al has been demonstrated in both her MRI and ultrasound
analyses of lesions, especially when the analyses were corroborated by expert opinion.
Further research is needed to use artificial intelligence to advance medical diagnostics,
including improving existing algorithms and creating new ones. Additionally, many ethical
issues related to the use of Al in patient diagnosis and treatment and social standardization of
the use of computer data analysis in treatment need to be resolved. However, these efforts

have the potential to significantly improve the diagnosis and treatment of cancer patients.
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