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Background: Artificial intelligence (Al) has emerged as a transformative tool in
oncology, offering promising applications in chemotherapy development,
cancer diagnosis, and predicting chemotherapy response. Despite its potential,
debates persist regarding the predictive accuracy of Al technologies, particularly
machine learning (ML) and deep learning (DL).

Objective: This review aims to explore the role of Al in forecasting outcomes
related to chemotherapy development, cancer diagnosis, and treatment response,
synthesizing current advancements and identifying critical gaps in the field.

Methods: A comprehensive literature search was conducted across PubMed,
Embase, Web of Science, and Cochrane databases up to 2023. Keywords
included "Artificial Intelligence (Al),” "Machine Learning (ML),” and "Deep
Learning (DL)" combined with “chemotherapy development,” “cancer
diagnosis,” and “cancer treatment.” Articles published within the last four years
and written in English were included. The Prediction Model Risk of Bias
Assessment tool was utilized to assess the risk of bias in the selected studies.

Conclusion: This review underscores the substantial impact of Al, including ML and
DL, on cancer diagnosis, chemotherapy innovation, and treatment response for both
solid and hematological tumors. Evidence from recent studies highlights Al's
potential to reduce cancer-related mortality by optimizing diagnostic accuracy,
personalizing treatment plans, and improving therapeutic outcomes. Future
research should focus on addressing challenges in clinical implementation, ethical
considerations, and scalability to enhance Al's integration into oncology care.
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Introduction

Artificial intelligence (AI) has been extensively applied across
multiple medical fields, marking a transformative impact on diverse
therapeutic areas, including ophthalmology, radiology, and
dermatology. The integration of AI technologies into fundamental
biology, pharmacology, and clinical medicine has triggered
significant enhancements in performance, achieving benchmarks
on that match or exceed human experts’ performance in specific
domains (1, 2).

The potential of Al to revolutionize cancer research, diagnosis,
and treatment is particularly notable given its advanced analytical
capacities. The proliferation of large-scale cancer research datasets
presents an unprecedented opportunity to amalgamate intricate
research insights with vast data arrays, necessitating robust
computational power to manage and interpret these complex
information streams (1, 2).

Cancer, one of the most severe illnesses, remains the second
leading cause of mortality worldwide, with its prevalence continuing
to rise despite global efforts to combat it (1, 2). Current tools and
procedures for early-stage cancer detection and diagnosis often lack
accuracy, leaving many cases undiagnosed. Recent technological
advancements in combinatorial chemistry, genomics, and
proteomics have made many databases of biological and chemical
data easily accessible. These advancements significantly enhance our
understanding of cancer biology at the molecular level, which is
critical for improving cancer identification and management in
clinical settings (1, 2). The vast quantity of unprocessed molecular
data currently available poses a challenge for clinical oncologists in
identifying therapeutically significant information. Due to the limited
capacity of the human mind to process large amounts of data rapidly,
AT has experienced significant growth in the last decade. This growth
demonstrates the potential of Al as a platform for generating highly
solid decisions (1, 2).

While Al is rapidly being integrated into oncologic research, the
advancement of Al solutions is still in its nascent phase (1, 2). Only a
limited number of Al-based applications, specifically those employed
by healthcare facilities and drug manufacturers, have been granted
certification for broader commercial utilization. The question of
whether AI can replace medical doctors as professionals is still a
matter of ongoing debate. The public discourse surrounding AI
applications in cancer clinical research has focused significantly on
their development (1, 2). Recent studies underscore AI’s
transformative potential in cancer care, from improving diagnostic
accuracy to personalizing treatment plans. Dehingia et al. (2022)
explored AT’s role in cancer control, emphasizing its impact on
medical imaging and predictive modeling. Similarly, Xu et al.
(2019) demonstrated AIs ability to predict lung cancer treatment
responses using deep learning models, highlighting its clinical
relevance. Moreover, recent advancements in Edge AI (Dehingia
et al,, 2021) show promise in enhancing accessibility and scalability in
cancer management systems. These contributions emphasize the
need for continued exploration of AI applications in oncology to
address gaps in treatment efficacy and patient outcomes (3-5).

For example, Figure 1 illustrates the multifaceted role of
Artificial Intelligence (AI) in transforming cancer care,
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encompassing chemotherapy development, cancer diagnosis, and
treatment planning. The schematic emphasizes AI's capacity to
integrate diverse datasets—spanning imaging, histopathology,
genomics, and clinical data—to enhance diagnostic accuracy,
personalize treatment plans, and predict therapeutic responses. By
automating data interpretation, identifying molecular patterns, and
optimizing workflows, AI facilitates innovative approaches to
streamline oncology practices. This integrated framework
exemplifies the potential of AI to improve patient outcomes
through precision medicine, as demonstrated by its application
across various domains in neuro-oncology (4).

This review presents collected empirical evidence on the role of
artificial intelligence (AI) in the domain of cancer diagnosis,
research, and treatment.

Methods

We systematically searched the PubMed, Embase, Web of
Science, and Cochrane databases up to 2023 using the term
“Artificial Intelligence (AI)” and its subset “machine learning
(ML)” combined with the following terms: “chemotherapy
development”, “cancer treatment”, and “cancer response to
treatment” to capture recent trends in AI applications. Our search
included review and research articles published within the last 4
years and originally published in English (3, 4).

Artificial intelligence and cancer
drug development

Artificial intelligence (AI) can forecast the effectiveness of
anticancer drugs and aid in developing new treatments. Tumors
and medications often show varied responses, and high-throughput
screening reveals the link between genetic heterogeneity in cancer
cells and treatment efficacy (5). High throughput screening (HTS) is
the use of automated equipment to rapidly test thousands to
millions of samples for biological activity at the model organism,
cellular, pathway, or molecular level. In its most common form,
HTS is an experimental process in which 10°~10° small molecule
compounds of known structure are screened in parallel. Sanjeevi
and Li (2022) highlight that AI technologies, including machine and
deep learning, significantly enhance cancer diagnosis and treatment
development. However, creating models for complex tumors
remains challenging due to the lack of effective treatments and
reliable computational tools. The later study explores advanced Al
techniques in anticancer drug discovery, focusing on molecular
docking and interaction analysis to facilitate drug discovery. The
results emphasized AT’s role in utilizing imaging, molecular, and
cellular data to design and discover cancer drugs accelerating
anticancer treatment discovery with a reduction in the costs (6).

Similarly, Alex and Peter developed classification models using
recent screening data and machine learning to predict compound
activity against cancer cells. Based on the mutational state of 145
oncogenes and chemical descriptors, these models have an Area
Under the Curve of 0.94, 87% sensitivity, and 87% specificity.
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FIGURE 1

Al-assisted framework in oncology. This schematic illustrates the transformative role of Artificial Intelligence (Al) in cancer care, encompassing
chemotherapy development, diagnosis, and treatment planning. The components include: (A) Imaging data integration to enhance diagnostic accuracy.
(B) Histopathological data interpretation for personalized treatment strategies. (C) Genomic and molecular data analysis to identify therapeutic targets.
(D) Clinical data aggregation for optimizing treatment workflows. (E) Predictive modeling for therapeutic response and toxicity mitigation. Reproduced
from Khalighi et al., “Artificial intelligence in neuro-oncology: advances and challenges in brain tumor diagnosis, prognosis, and precision treatment,” npj
Precision Oncology, 2024, under the Creative Commons Attribution 4.0 International License (https://creativecommons.org/licenses/by/4.0/).

Additionally, regression models predicting log half maximal
inhibitory concentration values show robust performance, with
Pearson correlations of 0.86 in cross-validation. Even with
incomplete screening data, their models maintain classification
accuracy, offering efficient and implementable screening
technologies for personalized oncology, drug repurposing, and
discovery (7).

In line with these advancements, Na Ly Tran et al. (2023)
discuss AT’s potential in next-generation drug development to find
cancer targets and new uses for drugs. As a result, N-(1-propyl-1H-
1,3-benzodiazol-2-yl)-3-(pyrrolidine-1-sulfonyl) benzamide
(Z29077885) was selected as a new cancer-fighting drug. Tests in
both in-vitro and in-vivo confirmed its effectiveness against different
types of cancer by blocking STK33, encouraging apoptosis, and
stopping the cell cycle. This Al-driven approach underscores the
promise of Al-repurposed drugs for cancer treatment (8).

Caroline et al. (2024) further argue that AI could revolutionize
preclinical drug development and clinical trial design. AT enhances
tumor profiling, molecular pathway definition, and novel treatment
development. Their review highlights AT’s role in molecular screening,
target identification, and the creation of analogues with specified
characteristics. Moreover, Al combined with CRISPR technology
identifies new targets and predicts resistance mechanisms
showcasing its transformative potential in drug discovery (9).
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Artificial intelligence and cancer treatment
and response

In the domain of cancer treatment, particularly chemotherapy,
artificial intelligence (AI) focuses on analyzing the interactions
between medications and patients, achieving effective
administration, predicate patient tolerance and response, and
optimizing treatment plans (5). Many cancer-related deaths result
from medication resistance leading to treatment failure even in the
early stages. Current therapy strategies based on cancer subtypes
and genetic mutations vary in predictive power, necessitating Al-
based prediction algorithms to match patients with effective drugs.
New developments in Al, especially machine learning have made
prediction models better in preclinical settings. However, the lack of
clinically relevant pharmacogenomic data makes it harder to
develop models that can be used in clinical settings, even though
computers are faster (10). Atousa et al. (2021) used NCBI Gene
Expression Omnibus database data to predict which cancer cell
lines would be resistant to cisplatin. They used the Fisher Score
method to choose features and machine learning algorithms to find
out the samples that were resistant and sensitive. Their analysis
revealed several genes associated with chemoresistance, paving the
way for further investigations (11). Similarly, Yue Wang and
colleagues demonstrated that cancer cell lines can replicate the
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IncRNA transcriptomic, genomic, and epigenetic changes observed
in tumors. Using LENP models, they accurately predicted drug
sensitivities across 21 cancer types, showcasing AD's potential in
treatment response prediction (12). Using a similar method, Xiaoyu
et al. (2024) created deep learning models to guess how cells will
react to replication stress-inducing agents. These models found
molecular complexes that affect drug sensitivity and resistance,
which led to new insights into precision medicine (13).
Addressing chemotherapy toxicity, Agata and colleagues
developed CURATE.AI, an Al-powered platform that
dynamically determines optimal chemotherapy doses using
minimal patient-specific data. Their clinical trial demonstrated a
significant dose reduction with improved patient response rates,
highlighting AD’s role in enhancing treatment efficacy and
supporting further trials (14).

Al and breast cancer

Ornella and Caterina (2024) discussed the use of artificial
intelligence (AI) and machine learning to analyze vast data for
personalized medicine, emphasizing the challenges of gathering
extensive biological data and developing predictive models. They
concentrated on triple-negative breast cancer (TNBC), a disease
currently lacking targeted treatments but under exploration for
novel therapies such as immunotherapy. Given immunotherapy’s
success with melanoma, the researchers evaluated its potential for
TNBC, noting that AI and predictive techniques could be beneficial.
The principles of immune system stimulation, checkpoint inhibitors,
and individualized treatments used in melanoma could enhance
outcomes for TNBC patients, offering new hope for this hard-to-treat
cancer (15). Similarly, Lixuan et al. (2023) created a machine learning
model to analyze unstructured clinical electronic health record
(EHR) data for predicting recurrence probability in breast cancer
patients post-surgery. A total of 1,841 patients were analyzed and key
traits were extracted linked to recurrence risk from clinical notes and
histology reports demonstrating the model’s utility for personalized
treatment planning (16). In a related study, Karen et al. (2022)
utilized clinical and pathological data from 130 patients to develop Al
models predicting the response to neoadjuvant chemotherapy. Their
artificial neural network was very good at predicting pathologic
complete response, locoregional recurrence, and vital status. This
shows that AI has the potential to predict different outcomes in
breast cancer patients (17). Moreover, Zhi and colleagues introduced
the IMage-based Pathological REgistration and Segmentation
Statistics (IMPRESS) pipeline, an automated feature extraction
workflow for whole slide images (WSIs), comparing H&E and
multiplex IHC images to predict outcomes of neoadjuvant
chemotherapy in HER2-positive and TNBC patients. Their Al-
based approach outperformed manually created features,
particularly for Human Epidermal Growth Factor-2 positive
(HER2+) subtype, with external validation by other cohorts (18).
To improve the low pathological complete response (pCR) rates in
early breast cancer patients who were positive for hormone receptors
but negative for HER2, Luca et al. (2023) created machine learning
models using clinical and pathological data. Their random forests
algorithm performed best, accurately predicting pCR and associating
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it with longer disease-free survival, thus helping tailor treatment (19).
Similarly, Savitri et al. (2023) developed an AI model using a deep
convolutional neural network to predict NAC response in TNBC.
Their model autonomously extracted morphometric characteristics
from digitized tissue images, showing significant predictive potential
and aiding personalized treatment decisions (20). Recent
advancements in breast cancer treatment have not established a
definitive factor predicting NAC susceptibility for locally advanced
cases. This was the reason why a study came up with a new Al
pipeline method that used three separate models to guess how
preoperative chemotherapy would affect needle biopsies stained
with hematoxylin and eosin. This combined model achieved
95.15% accuracy in predicting NAC response, indicating its
potential to facilitate personalized medicine in NAC therapy for
breast cancer (21).

Al and colorectal cancer

As the third most common cancer globally, colorectal cancer
presents significant clinical challenges (22). Beyond traditional
surgical and chemotherapy methods, newly discovered molecular
processes offer broader treatment options. However, selecting
personalized treatments remains difficult in the age of precision
medicine. Recently, research into artificial intelligence (AI) for
colorectal cancer treatment has surged, focusing on AI’s potential
in managing the disease. After a thorough literature search in
MEDLINE, EMBASE, and Web of Science, 49 publications were
included, demonstrating AT’s ability to predict treatment outcomes
and provide crucial guidance for both conventional and innovative
therapies, enabling personalized treatment plans for colorectal
cancer patients. Machine learning and deep learning techniques
have shown favorable results in evaluating prognoses and selecting
treatment strategies for colorectal cancer patients (22). Valentina
et al. (2022) employed AI to create prognostic and predictive
models for therapy response, focusing on activity/efficacy and
toxicity, to aid clinical decision-making. This systematic review
assessed AT’s efficacy in predicting chemotherapy responses, alone
or with targeted therapy in metastatic colorectal cancer (mCRC)
patients. A total of 26 original papers were retrieved through
Medline publications from April 2022 which met the inclusion
criteria. They found that different algorithms were very good at
predicting how therapy would work, with delta-radiomics and 74
gene signatures were good at telling the difference between
responders and non-responders with up to 99% accuracy for
responders and 100% accuracy for non-responders. This research
suggests that AI can develop individualized treatment protocols for
mCRC, and identify comprehensive markers that predict both
efficacy and toxicity which is highly valuable for future clinical
trials (23). Similarly, Zugang et al. (2023) emphasized the
importance of neoadjuvant chemoradiotherapy (NCRT) in
treating colorectal cancer (CRC), particularly rectal cancer.
Intermediate-risk patients often receive adjuvant chemotherapy,
but most do not require further treatment, making accurate clinical
decision-making vital. Al integration into therapy decision-making
and efficacy evaluation benefits NCRT patients, while clinical
decision support systems (CDSSs) powered by Al reduce medical
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errors. South Korean experts developed a CRC chemotherapy
recommender based on real data achieving satisfactory accuracy
with an AUC > 0.95. Despite its specific and solitary data source, it
marks a significant advancement. To provide new risk
classifications post-colectomy, researchers also created deep
learning (DL) CDSSs and the DoMorevl-CRC marker, allowing
low-risk patients to avoid unnecessary NCRT and improving
survival rates. Clinicians use prognostic assessments of CRC
patients to choose the best treatments. Current research is
focusing on using DL-assisted MRI to predict metastases in
locally advanced rectal cancer (LARC) patients who are
undergoing NCRT. Fernando et al. created a classifier that
accurately predicted drug resistance (AUC = 0.93) by combining
stable biomarkers like IncRNAs with a lot of computing power (24).
Additionally, Watson for Oncology (WFO) from IBM provides
personalized, evidence-based treatment strategies for colorectal
cancer. Batuer et al. (2021) compared WFQO’s recommendations
with those from a multidisciplinary team (MDT) at a Shanghai
cancer center, studying 250 stage II-IV colorectal cancer patients
treated between March 2017 and January 2018. Concordance was
defined if MDT’s decisions matched WFO’s “recommended” or “for
consideration” categories, with the study finding 91% overall
concordance and rates varying by stage and treatment method.
After updating the WFO database to address discrepancies,
Concordance improved, with the authors concluding that WFO’s
recommendations were highly similar to the MDT’s, suggesting that
Al decision-support systems like WFO can enhance precision
medicine in oncology (25). Furthermore, Ferrari et al. conducted
a retrospective study to develop and validate an AI model using
texture analysis of high-resolution T2-weighted MR images to
predict treatment response in LARC patients. The AI model
looked at 55 patients who had a 3T MRI before, during, and after
neoadjuvant chemoradiotherapy (CRT). The goal was to predict
both pathologic complete response (CR) and non-responders (NR).
Textural features were extracted using open-source software, with
significant features selected and AI models trained and validated on
separate cohorts. The CR prediction AI model had an AUC of 0.86,
and the NR model had an AUC of 0.83. This showed that the AI
models were better than standard care and that AT models based on
MR image texture can accurately predict complete response and
non-response in LARC patients early in the treatment process (26).

Al and lung cancer

Colton et al. (2023) compiled a comprehensive literature
analysis on artificial intelligence (AI) in the context of lung
cancer, highlighting its implications for interdisciplinary care
teams. Their findings demonstrated that various data points
collected throughout a patient’s diagnosis and treatment are
crucial for optimizing outcomes through precision medicine. By
utilizing existing data sets such as molecular information and
radiomics, along with patient and tumor characteristics, Al can
aid in developing models that detect cancer early and provide
personalized treatment plans (27). Building on this, Pranali and
colleagues emphasized the transformative potential of Al in lung
cancer management, from screening to treatment. They noted that
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Al-driven radiomic models effectively distinguish between benign
and malignant lung nodules, while advanced deep learning models
like Sybil predicts future lung cancer risk using low-dose CT scans.
Al also aids in predicting the efficacy of targeted therapies and
immunotherapies, and in active surveillance by identifying high-
risk recurrence factors (28). Another review discussed Al
mechanism in lung cancer diagnosis, treatment, and prognosis.
This could lower death rates by figuring out patients at risk,
confirming the disease, and predicting treatment effectiveness by
combining EHR records, imaging studies, histopathology reports,
and molecular biomarkers (29). Yue et al. (2022) underscored the
benefits of combining Al, radiomics, and genomic data with clinical
data to improve patient care, while also noting challenges such as
limited racial diversity in AI model testing and the opaque nature of
neural networks (30). Samantha discussed the ongoing challenges in
Al implementation for lung cancer treatment, emphasizing the
need for standardized principles and guidelines, and the role of
machine learning (ML) in enhancing healthcare efficiency and
solving complex problems in cancer research (31). Additionally,
Lawek et al. (2021) demonstrated that machine learning is effective
for early lung cancer detection and individualized treatment plans.
They developed predictive models trained on 39 variables using
data from the IASLC staging project, emphasizing the need for
further validation with larger prospective studies, even though ML
enhances clinical decision-making (32).

Al and ovarian cancer

Deanna and her colleagues (2022) looked into whether AI can
find morphologic patterns in high-grade serious ovarian cancer
(HGSOC) during laparoscopy and connect its effect on improving
patient’s health. They analyzed 435 still-frame photos from 113
patients with confirmed HGSOC (2013-2019). Using Deep
Learning (DenseNet 201), they trained an AI model with 70% of
images for training, 10% for validation, and 20% for testing. The
model distinguished between patients with favorable (ER:
progression-free survival =12 months) and unfavorable (PR:
survival <6 months) responses. For ER patients, the AI achieved
93% accuracy and 100% sensitivity, but had 63% specificity which
misclassifys some PR patients. This highlights AT’s potential in
predicting HGSOC outcomes from surgical images and refining
clinical treatment plans (33). Doga et al. (2019) introduced SigMA,
a novel computational technique for accurately detecting the HR
deficient mutational signature from targeted gene panels, expanding
the pool of patients eligible for therapies aimed at HR insufficiency
by facilitating panel-based identification of mutational signatures,
crucial for those with BRCA1/2 mutations and similar patterns (34).
Qingyi and colleagues (2023) assessed the predictive utility of
machine learning for responses to platinum-based chemotherapy
in ovarian cancer patients. They found that various models,
including support vector machines, showed high accuracy in
predicting therapy responses and guiding future scoring system
development (35). Yanlia et al. (2024) reviewed ATs role in
extracting high-throughput data from medical and pathological
images, significantly enhancing the diagnosis and prognostic
assessment of ovarian cancer (OC), with Al-based radiomics
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being particularly valuable in gynecological settings (36).
Munetoshi and Kazunori (2020) used Al to predict the pathology
diagnosis of ovarian tumors by analyzing patient records and
preoperative exam data, finding Al effective in predicting ovarian
cancer pathology using preoperative exams (37). A study that
looked at Al-based ovarian cancer diagnostic and prognostic
studies using histopathology data showed that AI models can do
tasks like stain quantification, histological subtyping, and treatment
response prediction tool but many models are not yet ready for use
in the real world (38). Sian et al. (2024) conducted a review on the
use of Al in ovarian malignancy detection via ultrasound. They
found that AI demonstrated good diagnostic performance, but
further prospective research is necessary to confirm its usefulness
in healthcare settings (39). Meixuan and colleagues (2024) created
an understandable machine learning model for figuring out the
diagnosis and prognosis of EOC using biomarkers. This showed
that ML was better than traditional methods at predicting outcomes
and placing medicine as a more precise treatment option (40). He-
Li et al. (2022) conducted a comprehensive literature review on Al’s
diagnostic performance in ovarian cancer using medical imaging,
demonstrating that AI systems performed well in OC diagnosis,
although future studies require stricter reporting criteria (41).
Finally, Raoof (2024) demonstrated the predictive efficiency of
machine learning (ML) for screening high-risk OC groups,
suggesting that ML approaches offer significant potential for OC
screening and preventive strategies (42).

Al and prostate cancer

Artificial intelligence (AI) has demonstrated potential in the
detection of prostate cancer in biopsies, yet the outcomes have been
largely limited to individual research endeavors without global
substantiation. Competitions like the Prostate cANcer graDe
Assessment (PANDA) challenge, organized by Wouter et al.
(2022), have expedited advancements in medical imaging, though
their effectiveness is often hindered by a lack of reproducibility and
independent validation. The PANDA challenge, the most extensive
histopathology competition thus far, attracted 1,290 developers and
utilized 10,616 digitized prostate specimens to stimulate the
creation of AI algorithms for Gleason grading. The challenge
confirmed that many submitted algorithms achieved performance
comparable to that of pathologists, showing agreements with expert
uropathologists on both U.S. and European validation sets. This
underscores the potential for Al-based Gleason grading to
generalize across diverse populations and laboratories, warranting
further prospective clinical trials (43). Expanding on this, Indrani
et al. (2022) reviewed AD’s role in assisting radiologists, pathologists,
and urologists in prostate cancer management, noting that Al
models for imaging and histopathology images perform
admirably but require more research for robust and generalizable
applications. AT’s ability to reduce variability in Gleason grading
and streamline clinical workflows is promising, yet integration into
clinical practice needs more exploration (44). With advancements
in medical science, we are entering a “big data” era where
multidimensional datasets are crucial for medical modeling. AI
approaches like machine learning (ML) and deep learning (DL)
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algorithms can process these datasets, reducing inconsistencies and
improving clinical data representation. This is particularly
important in prostate cancer, where Al can enhance diagnosis,
risk assessment, and patient surveillance by minimizing subjectivity
and facilitating decision-making (45). Additionally, Al-powered
chatbots like prostate cancer communication assistant (PROSCA),
developed by Magdalena et al. (2023), demonstrate the potential of
AT in enhancing patient education, improving knowledge, and
supporting clinical practice (46). Ronan et al. (2019) assessed the
effects of Al in managing prostate cancer (PCa) through genetic
testing, imaging diagnostics, and pathology which can improve
treatment options and outcome prediction (47). James and Julian
(2024) observed that Al advancements in prostate cancer treatment
reflect broader progress in healthcare and information technology,
with Al improving diagnostic imaging, pathology, and therapy
outcome forecasting and enhancing efficiency in radiation
oncology (48). The integration of AI and robotics in prostate
cancer care is revolutionary offering early diagnosis and
personalized treatment plans while addressing challenges like data
privacy and algorithm biases. This synergy between Al and robotics
promises improved diagnostics, personalized treatments, and
research advancements, heralding a new era in PCa
management (49).

Al and brain cancer

Review research by Sirvan et al. (2024) explores the latest
developments in neuro-oncology’s use of artificial intelligence
(AI), particularly focusing on gliomas a type of brain tumor that
poses a major threat to global health. AI has revolutionized brain
tumor management by integrating imaging, histological, and
genomic data streamlining processes such as diagnosis,
classification, prognosis, and treatment planning. AI models have
proven to be more accurate and specific than human evaluators in
diagnosing, predicting, and treating malignant brain tumors. They
can detect molecular features in images, potentially shortening the
time to molecular diagnosis and reducing the need for invasive
procedures. Current applications and challenges include deep
learning and classical machine learning approaches, integrating
data from various sources, developing medical language models,
addressing gender and racial inequalities, and accurately delineating
and characterizing tumors. Adaptive personalized therapy
approaches are also prioritized for maximizing therapeutic
outcomes. Social, ethical, and legal ramifications are discussed,
promoting transparency and equity in Al use in neuro-oncology,
highlighting its transformative impact on patient care (4). Tumor
classification, an essential for targeted treatment, has seen
improvements through AI and machine learning, which have
demonstrated promising results in automatic segmentation and
classification using imaging modalities like MRI and CT (50).
Maurizio et al. (2023) noted that AI is accelerating the transition
to patient-specific brain tumor treatment, impacting diagnostics
and treatment processes. Radiomics enables non-invasive,
repeatable characterization of lesions, aiding treatment planning,
while AI-powered instruments in surgical planning improves
precision in brain surgery. AI models also predict complications,
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recurrences, and therapeutic responses which enhance follow-up
strategies and risk stratification (51). Anil et al. (2023) highlighted
AT’s role in enhancing cancer imaging interpretation, tumor volume
delineation, and genotyping, with Al-assisted brain surgery being a
safe and effective option. They emphasized overcoming obstacles to
fully realize AT’s potential in healthcare (52). Simon and colleagues
reviewed AD's impact on brain tumor surgery management from
pre-operative screening to post-operative care which emphasizes
the importance of collaboration in creating Al training datasets.
This mandatory open access to machine learning algorithms, and
adherence to reporting criteria in clinical trials exerts vital role.
Despite Al's potential, there are concerns about the reduction of
skills among physicians and job displacement, underscoring the
need for careful Al integration in neurosurgery (53).

Al and pancreatic cancer

Detection of pancreatic cancer is challenging as it is associated
with a terrible prognosis due to its aggressive nature and the
pancreas difficult location which complicate access. The lack of
early signs and specific markers often delay diagnosis. While
advancements in imaging have facilitated diagnosis where refining
standards for best practices remains essential. The heterogeneity of
tumors further complicates histological examination and biopsies.
Artificial intelligence (AI) is transforming healthcare by enhancing
diagnosis, treatment, and patient care. Al systems can accurately
analyze medical images aiding early disease detection and
supporting personalized medicine by analyzing patient data to
create tailored treatment plans while streamlining administrative
tasks like medical coding and documentation. In this context, Satvik
et al. (2024) highlight AT’s potential to revolutionize pancreatic
cancer care by improving diagnoses, providing personalized
treatments, and streamlining operations ultimately benefiting
patients. The authors emphasize AD’s significant potential to
enhance patient outcomes through early detection, precise
diagnosis, treatment selection, and prognosis prediction.
However, to ensure the effective and ethical use of Al in
pancreatic cancer treatment, we must address issues such as data
accessibility, model interpretability, and ethical concerns (54).
Similarly, Bahrudeen and Uma (2022) noted the advantages of Al
in diagnosing pancreatic cancer with imaging technologies but
highlighted the lack of substantial datasets and ethical concerns as
barriers to widespread clinical implementation (55). Bowen et al.
underscored the importance of early detection and treatment of
pancreatic cancer noting AD’s role in identifying high-risk groups
and predicting recurrence, metastasis, therapy response, and
survival (56). Guohua et al. (2024) discussed the need for ethical
guidelines and standards to protect patient confidentiality and data
integrity in AI applications, emphasizing the importance of
collaboration between clinicians and researchers (57). AIs
transformative potential in pancreatic cancer is further evidenced
by its ability to analyze extensive patient data and medical images,
facilitating earlier and more precise diagnoses and treatment
decisions (54). Hai-Min et al. (2020) highlighted AI’s role in
overcoming treatment challenges such as drug resistance and
surgical complexity, as well as improving radiotherapy and
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robotic surgery precision (58). Christoph et al. reviewed AI’s role
in pancreatic surgery noting its potential in pre-, intra-, and
postoperative diagnostics, decision-making, and training, and
emphasized the need for robust collaboration between surgeons
and data scientists to advance Al applications (59). Lastly, Kwang-
Sig et al. (2021) demonstrated AT’s potential as a decision-support
system in clinical practice by analyzing recurrence in pancreatic
cancer post-surgery, though further research is needed to establish
its tangible benefits (60).

Al and thyroid cancer

There is a growing prevalence of thyroid nodules being detected
each year increasing the likelihood of unnecessary treatments or
incorrect diagnoses. The study by Maksymilian et al. (2023)
provides the latest insights into the use of artificial intelligence
(AI) for diagnosing and classifying thyroid nodules highlighting the
advanced applications of Al in ultrasonography for diagnosing and
characterizing pathology. Their analysis of 930 publications,
narrowed down to 33 key studies, underscores the significant
potential of AI in the future categorization and diagnosis of
thyroid nodules, extending beyond cancer differentiation to
innovative uses (61). Despite advancements in diagnostic,
surgical, and chemotherapy techniques, the diagnosis and
treatment of thyroid cancer remain complex, as noted by
Lakshmi et al. (2023). They pointed out challenges such as
inaccuracies in predicting outcomes, uncertainties in diagnosing
cell abnormalities, and inconsistencies in ultrasound image
interpretation. Al-assisted algorithms have shown substantial
improvements in sensitivity and specificity in thyroid
ultrasonography and cytopathology compared to conventional
methods, although limited clinical experience and the need for
prospective validation studies remain key barriers. Prospective,
multi-center trials are essential for integrating AI into precision
medicine for thyroid cancer (62). Nan et al. (2022) highlighted the
necessity of precise preoperative diagnosis for effective thyroid
cancer surgery. They introduced a machine learning system that
outperformed human judgment in predicting thyroid nodule
malignancy, demonstrating AI’s superiority in preoperative
diagnostics (63). Ling-Rui and colleagues further explored AT’s
role in enhancing personalized medicine for thyroid cancer. Their
review focused on AT’s ability to extract and analyze morphological,
textural, and molecular data, providing insights for tailored
treatments. They emphasized that addressing challenges in
ultrasonic and pathological testing through AI can facilitate the
implementation of individualized treatment protocols (64).

Al and leukemia

Artificial intelligence (AI) and machine learning (ML) have
permeated every industry in the modern era, significantly impacting
the field of cancer research, particularly in the detection and treatment
of leukemia. Leukemia, or blood cancer, is among the most prevalent
hematological diseases and is notoriously difficult to detect early,
making it challenging to treat due to a scarcity of effective
medications. Consequently, modernizing diagnostic instruments and
methods is crucial. Al and ML technologies have garnered considerable
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interest for their role in predictive medicine and contemporary
oncological practices. Hematologic malignancies, including leukemia,
are often undiagnosed until they progress to an incurable stage,
emphasizing the importance of early detection and accurate
diagnosis. Through automated detection models, AI improves
diagnostic accuracy and reduces clinicians’ workload. For instance, a
study utilizing the InceptionV3 model for acute lymphocytic leukemia
(ALL) classification achieved 98.38% accuracy, outperforming other
transfer learning approaches and demonstrating AI's potential in
medical diagnostics (65). In 2021, Min et al. showed that AI could
be useful for sorting blood cells, using convolutional neural networks
(CNNis) to do a great job of diagnosing ALL and other conditions (66).
Basel et al. (2023) emphasized the need for further investigation into
Al-driven techniques like CNNs for ALL diagnosis from bone marrow
imaging, noting their higher sensitivity and specificity compared to
peripheral blood smears (67). Mustafa et al. (2021) considered machine
learning models for finding and classifying leukemia using images of
peripheral blood smears as an accurate, quick, and low-cost diagnostic
services (68). Nathan and colleagues discussed the expanding role of
ML in analyzing complex genetic, epigenetic, immunologic, and
regulatory pathways in hematological disorders, which is crucial for
understanding and treating these diseases (69). Jan-Niklas et al. (2020)
reviewed advancements in ML techniques for managing acute myeloid
leukemia (AML), emphasizing the importance of collaboration among
scientists, researchers, and clinicians to ensure secure and effective ML
integration in medical practice (70). Marian et al. (2022) introduced
explainable AI (XAI) through a method called multi-dimensional
module optimization (MOM), providing interpretable and robust
predictions for AML treatment, thus enhancing the comprehension
of AT medical judgments (71). These advancements underscore the
transformative potential of AI and ML in improving the diagnosis,
treatment, and management of leukemia, although further research
and validation are necessary to fully integrate these technologies into
clinical practice (72).

Al and lymphoma

The battle against lymphatic cancer relies heavily on early detection
and accurate diagnosis, with artificial intelligence (AI) showing
potential promise in medical imaging. Anying et al. (2024)
conducted a comprehensive review and meta-analysis of AI’s
diagnostic performance in detecting lymphoma through medical
imaging. using Medline, Embase, Institute of Electrical and
Electronics Engineers, and Cochrane up until December 2023. The
study revealed that AI models achieved a pooled sensitivity of 87%,
specificity of 94%, and an area under the curve (AUC) of 97%,
suggesting strong diagnostic capabilities. Despite these promising
results, the authors highlighted the need for additional studies with
stricter standards to avoid overestimation (73). Concurrently, Joaquim
et al. (2024) emphasized the multidisciplinary consensus among
hematologists, geneticists, and clinicians for the categorization of
lymphoid neoplasms, incorporating clinical observations, histological
traits, immunophenotype, and molecular pathology. This agreement
uses AI's power to handle large datasets to improve the detection and
diagnosis of mature B-cell tumors by using different neural networks
and machine learning techniques. AT’s role in incorporating cell-of-
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origin markers, such as CD3, CD5, CD19, and others, underscores its
growing significance in medical diagnostics (74). Over the past decade,
the digitalization of medical records and multi-omics data analysis has
facilitated access to high-dimensional datasets, allowing AI and
machine learning (ML) to emerge as vital tools in lymphoma
pathology. Junyun et al. (2024) noted that AI and digital mining
have transitioned lymphoma pathology analysis from qualitative to
quantitative, significantly improving diagnostic accuracy and
objectivity. These advancements in ML techniques not only enhance
lymphoma diagnostics but also contribute to better prognosis and
more personalized treatment plans, illustrating the potential and
limitations of ML in clinical practice (75, 76).

Conclusion

Artificial intelligence (AI), including its subsets of machine
learning (ML) and deep learning (DL), has demonstrated
significant potential in transforming chemotherapy development,
cancer diagnosis, and treatment. This scoping review highlights AT’s
role in improving diagnostic accuracy, optimizing treatment plans,
and predicting patient responses, ultimately contributing to reduced
cancer-related mortality. However, despite these advancements,
challenges remain in integrating Al solutions into clinical practice.

Future research should focus on addressing critical gaps such as
the incorporation of pharmacogenomic and multi-omics data into
Al algorithms, which could enhance the precision of personalized
medicine. Longitudinal studies are needed to validate the clinical
utility of Al-driven predictions and interventions across diverse
populations. Furthermore, developing scalable, cost-effective AI
systems tailored for resource-limited settings can ensure equitable
access to advanced cancer care globally.
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