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In recent years, artificial intelligence (AI) has revolutionized several aspects of 
human life. The availability of high-dimensionality datasets with progression 
in high-performance computing, and innovative deep learning architectures 
which are the subdomains of AI, have led to promising functions of AI in the 
medical contexts, particularly in oncology. Regarding the capacity of AI models 
in recognition and learning patterns as well as associations, these systems can 
be utilized in various aspects of cancer research including cancer diagnosis and 
treatment. To be precise, AI models are able to analyze medical images such as 
stained histopathology slides and radiology images and consequently pave the 
way for cancer diagnosis, grading, classification, tumor characterization, and 
prognosis prediction. Moreover, AI algorithms can assess a myriad of medical 
data to recognize patterns and make predictions about patient treatment 
outcomes, enabling more personalized treatment plans. Accordingly, AI-
assisted cancer treatment strategies have been shown to notably improve the 
quality of cancer treatment with chemotherapy, immunotherapy, and even 
radiotherapy while reducing the treatment toxicities.
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The initial definition of artificial intelligence (AI) dates 
back to 1956. In compliance with its name, AI refers 
to machines with the capacity to learn and recognize 
associations and patterns and ultimately use these 
concepts to make decisions for unseen data (1). AI 
comprises a vast area in which machine learning and so 
on deep learning are two main subdomains. Regarding 
the powerful ability of deep learning in image and face 
recognition, it has drawn several attractions which 
can broaden its applicability to numerous aspects of 
science including medicine and cancer research (2). 
One of the considerable advantages of AI in cancer 
research is its capacity to process and analyze large 

amounts of data swiftly and accurately. This feature 
is especially crucial in the domain of cancer, where 
a vast amount of imaging, genetic, and clinical data 
must be analyzed (3). AI algorithms are able to 
detect correlations that may not be readily apparent 
to human experts, enabling more accurate diagnoses 
and more effective treatments. In this regard, AI has 
proven to be a powerful tool, aiding in various tasks 
such as image analysis, radiomics, pathology analysis, 
liquid biopsy analysis, and treatment response 
prediction and monitoring (4). Besides, deep learning 
is able to identify genome alterations and epigenetic 
changes and consequently predict and classify tissues 
into a cancer type or a healthy one (5). It has been
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1. Introduction
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demonstrated that AI systems are able to pave the way 
for personalized treatment plans that take into account 
each patient’s unique genetic and clinical characteristics, 
thereby enhancing treatment outcomes and reducing 
side effects (6). Indeed, AI has also been used to develop 
predictive models that can help identify patients who 
are at higher risk of developing cancer or who are likely 
to respond to a particular treatment. Accordingly, AI 
algorithms can analyze data to identify alterations that 
can increase the risk of developing specific types of cancer 
and evaluate the expression of biomarkers to predict the 
responsiveness of patients to a particular chemotherapy, 
immunotherapy, and radiotherapy regimen (7). All in 
all, in the current study, a brief overview of AI and its 
roles in cancer research in two main domains including 
diagnosis and treatment were provided.

Due to the ability of AI in recognizing and learning 
patterns and associations, this programmed machine 
could be used for decision‐making on new input data like 
medicine and cancer. It was demonstrated that machine 
learning and deep learning are the prominent subdomains 
of AI able to actualize AI. In fact, deep learning could be 
per se a subset of machine learning (3).
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2. AI subdomains in cancer

Natural language processing, a subdomain of AI, is a 
technique that involves the use of algorithms to analyze 
and comprehend human language. Indeed, they are 
able to produce structured data from unstructured free 
text. In cancer research, natural language processing 
algorithms have been implemented to analyze electronic 
health records (EHRs) and other clinical documents to 
extract information about cancer diagnoses, treatments, 
and outcomes (8). Natural language processing can pave 
the way for researchers and clinicians in identifying 
patterns and correlations in clinical data that may not be 
apparent, leading to more accurate diagnoses and more 
effective treatments. According to a systematic review, 
several natural language processing systems (not all of 
the analyzed ones) were able to process medical free text 
and generate structured output (9). As one of the greatest 
advents, ChatGPT is a developed natural language 
processing that uses AI algorithms to understand and 
generate human-like language responses to text-based 
inputs (10).

2.1. Natural language processing

2.2. Reinforcement learning
Reinforcement learning is an AI technique that involves 
the use of algorithms to learn from experience by 

interacting with an environment. Reinforcement learning 
algorithms have been utilized in personalized medicine 
to apply treatment approaches for cancer patients based 
on their genetic and clinical characteristics. Indeed, 
in precision medicine, the most effective therapeutic 
approach is recommended to patients specific to their 
molecular and clinical features (11, 12). For instance, in 
a recent study, a deep reinforcement learning model was 
proposed called proximal policy optimization ranking 
(PPORank) which is able to rank drugs according to 
their predicted influences on cell lines or patients and 
recommend the most effective therapeutic medicine 
(13). Regarding oncology, reinforcement learning 
has been demonstrated to be an effective method in 
chemotherapy dosing and dynamic treatment of cancer 
patients (14).

Machine learning, as the greatest subdomain of AI, is 
an algorithm-based approach to analyzing complex 
data sets. To be precise, by far the most significant 
benefit of machine learning is its capacity to learn 
from data and improve its performance with time. 
Therefore, as machine learning algorithms are exposed 
to more data, they become more accurate and efficient. 
Regarding cancer studies, machine learning algorithms 
have been used to conduct numerous tasks, including 
image analysis, radiomics, pathology analysis, liquid 
biopsy analysis, and treatment response prediction and 
monitoring (15).

2.3. Machine learning

Deep learning is a subdomain of machine learning 
and is inspired by the architecture of brain neuronal 
structures. Therefore, deep learning utilizes deep 
neural networks (DNNs) to develop sophisticated 
models with vast and complex data sets in order 
to gain the ability to predict (16). Despite machine 
learning algorithms that need careful designing of raw 
data, deep learning has the ability to learn the ideal 
deep features that are the most suitable for the task 
at hand in an automatic manner through a training 
process (17). Indeed, by means of this ability, deep 
learning shows an improvement in several AI tasks 
related to cancer and oncology such as image analysis, 
radiomics, and pathology analysis, demonstrating 
considerable potential in improving the accuracy and 
efficiency of cancer diagnosis and treatment. With 
deep learning, algorithms can recognize patterns in 
medical images that are indicative of cancer, leading to 
more accurate diagnoses and efficient treatment (18).

2.4. Deep learning
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Convolutional neural networks (CNNs) are the 
most common architectures of deep learning out of 
various DNNs. Generally, CNNs are able to conduct 
some non-linear transformations on the structured 
data like the raw pixels of an image in order to learn 
appropriate features automatically (4). Regarding their 
ability to analyze pictures, they have been applied to 
detect cancer lesions and classify malignancy images 
(19-21). In order to provide an overview of AI and its 
subdomains, Figure 1 was depicted.

Figure 1. AI and its major subdomains. AI refers to machines 
capable of learning and identifying patterns and relationships. 
Therefore, it is a vast area that comprises several subdomains, the 
important of which is machine learning. In fact, machine learning 
is the greatest subdomain of AI which has several subdomains. In 
supervised learning, improvement and development require a so-
phisticated supervisor to minister a labeled dataset and provide it 
for the learning algorithm. By contrast, unsupervised learning sys-
tems can identify hidden patterns to extract data from an unlabeled 
dataset without any supervision. However, reinforcement learning 
could be developed by experience via exploring different actions to 
maximize long-term rewards. Deep learning models are the ulti-
mate development of AI systems able to mimic the human brain. 
In other words, they could learn patterns and process data in order 
to make decisions. Natural language processing systems utilize ma-
chine learning and deep learning to analyze text and spoken words 
in a way humans are able to do. They actually provide a platform to 
give humans a chance to interact with machines in their own lan-
guage and scales.

The diagnosis of cancer is not only an important action 
to detect tumors accurately before cancer turns into 
an aggressive one but also it is essential in grading and 
further monitoring the cancer. The application of AI 
systems in the diagnosis of cancer has been elevated 
considerably in recent years due to their ability to deeply 
interpret images (18).

3. The application of AI in cancer diagnosis

The evaluation of liquid biopsies is a technique 
analyzing biological fluids for cancer-related 
biomarkers such as circulating tumor DNA and cell‐
free DNA. Accordingly, a system called CancerSEEK 
was developed and evaluated in 1005 patients with 
non-metastatic solid tumors. This system had the 
ability to assess genetic mutations as well as protein 
biomarker alterations with the aid of AI in the blood. 
They demonstrated that CancerSEEK was able to 
detect positive cancers in a median of 70% of the 
cancer types (22).

3.1. Diagnosis based on liquid biopsy data

Regarding medical images obtained during some non-
invasive techniques like magnetic resonance imaging 
(MRI), computed tomography (CT) scans, and 
mammograms, DNNs showed promising outcomes 
(23-25). For instance, a proposed CNN was utilized to 
evaluate 14696 image patches obtained from 120 CT 
scans of patients with interstitial lung diseases. They 
demonstrated that the proposed CNN was able to 
detect lung patterns with 85.5% accuracy for classifying 
patients (26). Moreover, another study utilized a three-
dimensional (3D) ResNet algorithm based on CT scan 
data and predicted occult peritoneal metastasis with 
an area under the receiver operator curve (AUROC or 
AUC) of 0.922 in colorectal cancer cases which was 
considerably higher than the conventional method 
(AUC of 0.791) (27). In a study of 172 patients 
with prostate cancer, a deep learning CNN system 
was able to detect cancer based on analyzing MRI 
images with 0.84 AUC which was more significant 
in comparison with a non-deep learning system (28).
Radiomics is an analyzing method that involves 
extracting quantitative features from images to develop 
predictive models for cancer (or any condition) 
diagnosis and treatment (29). Indeed, AI algorithms 
analyze radiomics data, facilitating accurate and 
effective cancer diagnosis. In summary, any AI system 
should conduct radiomics approach in some steps.

3.2. Diagnosis based on radiography data
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First, systems should delineate the region of interest 
(ROI) in two-dimensional (2D) or the volume of interest 
(VOI) in 3D (segmenting images). Then, they should 
homogenize images by considering and analyzing 
several factors such as the spacing of pixels and grey-
level intensities (processing images). In the following, 
they calculate the features (extracting features), and 
finally, the number of features should be decreased in 
order to build statistical and machine learning models 
(selecting features) (30).
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The powerful algorithms utilized in DNNs give these 
systems the ability to analyze images derived from 
stained slides of surgically-removed tissues. In a study of 
cervical cancer, a deep learning AI system was developed 
to assess p16/Ki-67 dual-stained slides. They exhibited 
that the AI system had an equal sensitivity and higher 
specificity compared with conventional pop smears and 
manual staining. This system was able to diminish the 
referral to colposcopy by one-third (31). Similarly, in a 
study of patients with colorectal cancer, the effectiveness 
of an AI-aided colonoscopy to detect adenoma was 
evaluated. They showed that the AI system was able 
to elevate the adenoma detection rates and the mean 
number of adenomas per patient significantly compared 
with standard colonoscopy implying the effectiveness 
of AI to improve the quality of cancer diagnosis (32).
The capacity of a deep learning algorithm to detect 
metastasis of breast cancer by analyzing hematoxylin 
and eosin (H&E)-stained tissue sections of lymph 
nodes has been evaluated. They exhibited that the CNN 
algorithm detected metastasis with 0.994 AUC while 
the best pathologic detection yielded an AUC of 0.884 
which was also more time-consuming (33). A deep 
learning system that learned domain-agnostic features 
was utilized for the diagnosis and grading of prostate 
cancer. It was demonstrated that the AI system was able 
to detect prostate cancer based on whole slide images 
with an AUC of 0.93 (34). These results indicate that it 
could be possible for a developed AI system to analyze 
medical images with higher accuracy and extremely 
lower time. Besides, one of the possible roles of deep 
learning is its ability to predict the origin of unknown 
primary tumors which is still a challenging issue (35).
Regarding myelodysplastic syndromes (MDS), the most 
accurate and reliable method of diagnosis is detecting 
cellular dysplasia in the bone marrow (BM) biopsy or 
aspirate (36). Indeed, deep learning models like CNN 
facilitated the way MDSs could be diagnosed by their 
ability to analyze images. In this regard, a study utilized

3.3. Diagnosis based on histopathology data

Xception CNNs and VGG16 to analyze BM biopsies from 
236 patients with MDS and myeloproliferative neoplasm 
(MPN) in order to predict the diseases. Interestingly, 
they found that the deep learning model was able to 
predict genetic and cytogenetic aberrations with the best 
performance for identifying mutations in TET2 (AUC 
of 0.94) and spliceosome (AUC of 0.89) genes as well 
as chromosome 7 monosomy (AUC of 0.89) (37). In 
another study, a deep learning model was developed to 
distinguish between follicular lymphoma and follicular 
hyperplasia based on whole slide images of lymph nodes. 
They demonstrated that the Bayesian neural network 
(BNN) was able to provide a diagnostic prediction 
accurately with an AUC of 0.99 (38).

AI systems and deep learning are able to identify genetic 
as well as epigenetic heterogenicity. It was demonstrated 
that a deep learning algorithm could be trained to predict 
myriad gene expression signatures, gene alterations, and 
molecular tumor subtypes by evaluating H&E-stained 
slides (39). Accordingly, a deep convolutional neural 
network (inception v3) showed promising ability to 
predict six various genetic mutations (AUC ranged from 
0.733 to 0.856) of lung cancer by analyzing whole-slide 
H&E-stained images (40). In a study, a transfer learning 
model based on MobileNetV2 architecture was trained 
and developed (MSINet) to identify microsatellite 
instability. They assessed its capacity in colorectal 
cancer H&E-stained whole-slide images and showed 
that the MSINet model with an AUC of 0.931 exceeded 
the performance of experienced pathologists to predict 
microsatellite instability (41).

3.4. Prediction based on gene mutations

AI systems are able to extract data from medical records 
in order to establish an efficient model with the ability 
to the rate of responses to treatments in patients and the 
risk of tumor relapse. Therefore, the healthcare providers 
are able to administer the appropriate and accurate 
therapeutic approach (18, 42, 43).

4. The application of AI in cancer therapy

Personalized treatment, also known as precision 
medicine, involves developing treatment plans tailored 
to each patient’s unique characteristics, such as genetics, 
medical history, and lifestyle factors. Deep learning 
algorithms can analyze large amounts of patient data to 
identify patterns and make predictions about treatment 
outcomes, enabling more personalized treatment plans 
(44). By providing a personalized therapeutic method, 

4.1. Immunotherapy and chemotherapy
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not only the poor clinical outcomes can be improved but 
also the high costs of treatments could be diminished 
(4).
A chief domain is immunotherapy, in particular, 
immune checkpoint inhibitors (ICIs) which has been 
demonstrated to have generally low response rates; 
however, in some studies, they exhibited promising 
and long-term clinical advantages (4). With this regard, 
the situation of biomarker expression in the tumor 
microenvironment like PD-L1 is important to predict 
how patients could respond to ICIs. However, these data 
should be obtained by some invasive and costly methods 
like biopsies. In a study of melanoma, a deep learning 
model was applied to histology and clinical data in order 
to predict the responses of ICIs. They demonstrated 
that the AI system was able to categorize patients into 
responder and non-responder with an AUC of 0.8 (45). 
By integrating clinical, genomic, and transcriptomic data 
into a logistic regression-based model, the resistance to 
PD-1 inhibitors was demonstrated with AUC between 
0.73 and 0.83 in patients with advanced melanoma (46).
Regarding chemotherapy, several studies showed the 
capacity of AI systems in predicting the response to 
neoadjuvant chemotherapeutic regimens in patients 
with several malignancies including nasopharyngeal 
carcinoma (47, 48), breast cancer (49, 50), and rectal 
carcinoma (51). In a recent study, a deep learning 
network with the ability to analyze whole slide 
images was utilized to investigate the outcomes of 
chemotherapy-received patients with colorectal cancer. 
They demonstrated that the deep learning signature was 
able to predict disease-free survival and overall survival 
of patients. Besides, there was a relationship between 
deep learning signature data and worse disease-free 
survival after three months of treatment (52).

model showed 79% accuracy. Besides, the CNN model 
outperformed 50% of radiation oncologists and exhibited 
equal performance in the left 50%. The AI system was 
able to reduce interobserver variation and contouring 
time by 54.5 and 39.4%, respectively (60). Another 
context in which AI could improve the efficacy is 
treatment radiotherapy planning which is an action that 
requires several trial‐and‐error attempts. An initial study 
showed that there weren’t any significant differences 
between the automated treatment planning method and 
real clinical plans in prediction and dose optimization in 
patients with head and neck carcinoma (61). Moreover, 
other implications of AI in radiotherapy could be the 
prediction of radiation side effects (62, 63), generating 
synthetic CT (64, 65), and reconstruction of images (66, 
67). Figure 2 represented an overview of how AI systems 
could be developed and make decisions regarding cancer 
diagnosis and treatment.

The data‐ and image-driven frameworks in radiotherapy 
provide an encouraging platform for the development of 
AI models. In particular, AI systems could pave the way 
for target volume and organs at risk (OAR) delineation 
which requires a lot of manual work and physical 
effort (53). It has been demonstrated that CNN‐based 
semantic segmentation is a top-notch technology in 
the automated OAR delineation in some organ-related 
abnormalities such as polycystic kidneys (54), liver 
(55), rectal cancer (56), and head and neck carcinomas 
(57-59). By utilizing a 3D CNN model in MRI data 
to construct an automated contouring method for 
nasopharyngeal carcinoma, researchers revealed that AI

4.2. Radiotherapy

In conclusion, the role of AI, machine learning, and deep 
learning in cancer research is increasingly becoming 
more important and promising. The ability of AI systems 
to analyze vast amounts of data such as medical images 
like CT scans and histopathological images and medical 
records by understanding the relationships and patterns 
has improved the accuracy and speed of cancer diagnosis. 
DNNs have the capacity to understand the patterns of 
H&E-stained whole tissue sections of cancerous tissues 
and are able to predict the prognosis and classification of 
the disease. It was also demonstrated that AI is being used 
to predict cancer by analyzing genes and biomarkers, 
which can help tailor personalized treatment plans for 
patients.
Furthermore, AI can utilize medical records to build a 
model to predict the responsiveness to the treatments; 
thus, AI systems have been used to classify cancer 
patients into responders and non-responders to certain 
chemotherapy and immunotherapy like ICIs, which can 
greatly improve patient outcomes and reduce the risk of 
unnecessary treatments. The application of deep learning 
models in radiotherapy is also showing promising results, 
as it can facilitate target volume and OAR delineation and 
help optimize treatment plans and reduce side effects.
However, there are still several challenges that need to be 
addressed before AI can be fully integrated into cancer 
research. Ethical and legal considerations, including 
data privacy and security, bias, and discrimination, 
accountability and liability, and informed consent, all 

5. Conclusion and future prospects
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Figure 1. The way how AI systems are trained and developed in order to make decisions. A. AI algorithms are able to recognize patterns and 
associations in medical images. To be precise, these deep learning systems can be trained based on given data in order to identify alterations 
between a cancerous feature and a normal one by analyzing histopathologic whole tissue slides and radiologic records like CT scans and MRI 
data. With this ability, they serve as an efficient tool to improve the diagnosis of cancers in several areas such as detecting the first onset of disease, 
diagnosis of tumors and their origins, and classifying and grading the present cancer. B. The great capacity of AI and deep learning models give 
these systems a way to analyze medical records such as clinical data, genomic and transcriptomic information, and histopathology and radiology 
images by evaluating patterns and relationships. In this way, AI systems could be developed in order to predict the responsiveness of patients to 
certain therapeutic approaches such as chemotherapy, immunotherapy, and radiotherapy. Besides, AI models can improve the performance of 
cancer treatment by enhancing therapeutic responsiveness via biomarker evaluation and reducing treatment side effects via adjusting the dosage. 
Overall, they could increase the efficacy of therapeutic strategies by personalizing therapies based on the characteristics of each patient.

need to be carefully considered and addressed to 
realize the full potential of AI in cancer research and 
treatment.
The use of AI in cancer research provides significant

opportunities for improving patient outcomes and 
advancing our understanding of cancer. However, 
addressing challenges related to data quality and quantity 
as well as ethical and legal considerations will be essential
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for realizing the full potential of AI in cancer studies. In the 
future, patient empowerment will be vital for encouraging 
patients to participate in their own care. This can help to 
address issues of informed consent and trust in AI-based 
cancer care. Moreover, collaboration between institutions 
and countries will also be essential to establish diverse 
datasets that could be used to train and develop AI 
algorithms. This will enable AI to generalize to various 
patients and cancer types, improving the effectiveness and 
equity of AI-based cancer care. 
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