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Cancer possesses challenging layers at the cellular and molecular levels. 

Disease tests today do not measure every disease variation so they cannot 

develop individualized treatment plans. Through deep learning doctors 

work better with all cancer patient data which includes medical scan results 

and biological test outcomes combined with healthcare data. Medical 

imaging scans provide important tumor information by letting radiomics 

use measurements that human eyes cannot see. Researchers learn which 

genetic variations trigger the development of cancer by conducting DNA 

research. Both medical treatments doctors do and facts about their patients 

provide meaning to all medical data. This analysis reviews how deep 

learning systems use combined cancer images and radiomics with medical 

facts to produce better disease prediction results. This research guides 

healthcare facilities on how they can combine these methods to empower 

cancer patients to receive better treatment based on their specific needs. 

 

 
  

I.  INTRODUCTION  

The diagnosis and treatment of cancer are still difficult medical problems to solve. The challenges of 
cancer treatment persist because different tumors show wide variations in their basic features [1]. 
Tumors develop new genetic mutations and change their response to their surroundings making 
them harder to detect and harder to plan treatment for [2]. Standard cancer diagnostic techniques 
cannot identify all aspects of the disease because they lack sufficient accuracy in assessment. These 
methods cannot find small tumor details or estimate treatment response well [3]. The health care 
industry requires advanced and tailored methods to study tumor behavior while predicting suitable 
treatments for each patient [4]. Artificial intelligence through deep learning technology proves to 
revolutionize how doctors diagnose and predict cancer outcomes today. Deep learning analyzes very 
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large datasets to find patterns that humans cannot easily detect [5]. Special algorithms have achieved 
positive results in many healthcare branches such as medical image analysis, DNA translation and 
healthcare planning work [6]. Deep learning can use all available cancer information from medical 
images to genetics for better clinical diagnosis. Combining multiple data sources provides doctors a 
complete understanding of cancer development and patient health status [7]. Computer systems use 
radiomics to measure pixel patterns in medical pictures to understand how tumors vary structurally 
and functionally [8]. Human radiologists typically fail to pick up these small tumor differences from 
their visual evaluation. Systems based on deep learning technology can read radiomic data patterns 
to spot tumors that spread quickly and to predict how treatment will work [9]. Modern sequencing 
tools yield comprehensive DNA data and spot mutations while revealing how cancer spreads through 
genetic changes. Genome research helps scientists find how cancer progresses and which specific 
drug targets work best [10]. Both radiomics and genomics gain deeper understanding when medical 
records such as patient background and treatment history are incorporated for complete 
interpretation. Using deep learning to connect different types of healthcare data creates better tumor 
characterizations and helps guide targeted medicine better [11]. Researchers create deep learning 
systems to identify which tumors will respond to treatment by reading both medical scans and 
genetic patterns at the same time [12]. By adding treatment background and patient age data to 
prediction tools these systems become more specific for individual patients [13]. Using different 
types of medical data enhances testing outcomes while giving doctors better ways to select treatment 
plans. While deep learning has strong benefits it faces multiple barriers when applied to cancer care 
[14]. The main difficulty arises because several different types of medical data need to be merged 
together. Healthcare facilities must combine different data sources from radiomic, genomic, and 
clinical realms which tend to follow distinct data formats and quality standards [15]. Joining multiple 
datasets needs to have strong processing methods that normalize all data types. Deep learning 
models prove challenging to understand in their basic structure [16]. People consider these models 
as unexplainable systems even though they generate precise results effectively. Healthcare staff will 
not adopt models they see as untrustworthy and difficult to use so medical professionals must 
develop apparent and logical systems for clinical work [17]. Cancer diagnosis and prognosis can 
improve when deep learning combines radiological and genetic patient information with clinical 
records. Improved basic model performance will create individualized therapies that achieve better 
patient results. Progression of research will let doctors use these technologies regularly to create 
better patient care results [18]. 
  

I. Research Findings 

 

A. Overview of Cancer  

 Cancer consists of several different features that make treating and diagnosing it extremely hard. 

The accurate detection of cancer depends on many different medical tests performed at specific 

stages [19]. Medical technology continues to improve yet diagnosing cancer tissue correctly in a 

short period remains challenging because cancer cells display diverse structures. In this section we 

will examine three reasons why cancer diagnosis presents difficulties: cancer diversity along with 

the limitations of standard testing method [20]. 

 

i. Cancer Heterogeneity 

Cancer heterogeneity refers to the occurrence of multiple distinct cell subtypes within a single 

tumor, as well as variations between tumors of the same cancer type [21]. Many different mutations 

and environment changes make up this diversity in tumors. Treatment of cancer faces resistance 

because different cancer cells in one tumor react differently to therapy and spread differently from 

each other. The characteristics and genes of cancer cells keep changing through time as they build 
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up new traits that make them resistant to therapy [22]. Tracking tumor heterogeneity helps doctors 

create better treatments and estimate how fast cancer may worsen. 

 

ii. Tumour Variability 

Tumors contain two main types of internal differences which we refer to as intra-tumoral and inter-

tumoral. The various different cell types found inside one tumor show genetic biological and 

physical variations [23]. The disease cells inside one tumor often display different DNA changes 

and protein levels that react differently to treatment methods. One tumour’s many internal variation 

groups create a major problem for therapy because it targets just one type of cell mutation while 

others resist treatment. The different cancer cells within a tumor weaken the performance of 

targeted treatment methods [24]. 

 

a. Inter-tumoral heterogeneity: 

 Each person with the same type of cancer shows different tumor traits in inter-tumoral differences. 

The unique makeup of each person and their specific life activities together with environmental 

exposures impact how these differences develop in tumors [25]. Patients with breast cancer and the 

same diagnosis often show different tumor genetic changes producing distinctive tumor behavior 

when treated the same way. Different cancer patients need distinct therapy because this variation 

makes treating everyone with the same type of cancer difficult so personalized care is crucial [26]. 

 

b. Intra-tumoral and Inter-tumoral Heterogeneity 

 Cancer spreads and changes its response to treatment because of both these types of genetic 

variations [27]. The existence of many genetic faults inside and across tumors creates exceptional 

challenges for medical detection and therapy procedures. The same tumor develops new resistant 

cell groups naturally through independent changes in its cancer cells. The advanced cancer cells 

develop resistance during repeated treatments because they adapt at the same time new mutations 

emerge from the initial therapy [28]. 

 

iii. Traditional Diagnostic Approaches 

 Doctors need to see a medical image first before taking a small tumor sample to verify cancer is 

present. Medical experts currently make their cancer diagnosis through histopathology tests plus 

laboratory tests and medical imagery. These methods proved essential for finding cancer yet they 

cannot detect all aspects of the disease [29]. 

 

B. Histopathology: 

 Labs need to study biopsy samples to guarantee cancer diagnosis with their high-quality testing 

methods. Pathologists study tissue samples to find the presence of cancer through examination of 

cell growth traits and cell destruction regions alongside abnormal cell shape and patterns [30]. The 

technique of histopathology shows specific issues because it measures tumor details at one moment 

in time. This method struggles to find all differences in the tumor tissue especially if genetic 

changes cannot be seen through the microscope [31]. 

 

i. Imaging Techniques: 

Medical facilities use X-ray CT MRI and PET scans to detect tumor size, location, and impact on 

body areas [32]. Medical facilities detect tumor growth and track treatment outcomes but they have 

trouble measuring minor cell development when treatment stops working. These tests cannot 

identify the specific characteristics of tumor subtypes and cannot discover tumor DNA data. Tumor 

inner changes remain difficult to monitor with this approach [33]. 
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a. Biomarker Testing: 

 Medical specialists look for unique cancer-related proteins along with genetic and molecular 

features during their medical examinations [35]. Medical experts use biomarkers to find cancer at 

early stages while planning treatment plans. Breast cancer patients with HER2-positive cells can 

get treatment from drugs targeted to block HER2 when biomarker tests show this result. When 

tumors feature many different types of cells, they prevent reliable biomarker analysis because 

distinct subgroups of cells display different detection markers [36]. 

 

b. Limitations of Current Diagnostic Methods: 

 Standard diagnostic tests help identify cancer but cannot detect all its behavioral and genetic 

differences in healthcare. Current diagnosis tools do not work well because cancer features many 

different forms of disease [37]. 

 

ii. Impact of Social Practices on Stakeholder Relationships 

Tumor biopsy remains the most trusted method for studying cancer tissue but also brings important 

difficulties to the process of cancer diagnosis [38]. However, biopsies present several limitations. 

The sampled part usually misses important molecular and genetic diversity found throughout the 

entire tumor site. Tumor biopsies may fail to detect resistant cells since these cells might exist apart 

from the area where the sample was taken. Each biopsy carries medical risks to patients plus it 

cannot access some tumor areas that are hard to reach [39]. Taking samples from blood or other 

body fluids is preferable to biopsies but problems occur when traditional biopsies become 

impossible [40]. Today's standard tests cannot build accurate models that include multiple cancer 

forecasting elements. Regular clinical models depend mostly on basic tumor information such as 

size and stage to make predictions without considering complex aspects of tumor development. 

Traditional diagnosis methods must be improved because they do not clearly show how cancer will 

grow and react to medicine [41]. 

 

C. Genomic Data and Its Impact on Cancer Diagnosis 

 Medical researchers now use cancer genome analysis to learn how genetic faults in cells cause and 

grow tumors plus prevent medical treatment from working [42]. Genomic information helps 

scientists identify the exact gene changes that create cancer cells from normal ones. We will 

examine the different functions of genetic changes, cancer-driving genes and genes that slow cancer 

growth in tumor development [43]. The essay will explain how NGS technologies help provide 

better cancer care through precision medicine. 

 

i. Genetic Mutations and Cancer Development 

 Genetic changes that damage how cells work cause the development of cancer. Genetic changes at 

different levels impact the networks that control how cells grow, develop, and self-destruct 

naturally [44]. The buildup of many genetic mutations across cells leads to their uncontrollable 

division and later tumor development [45]. Genetic variants can be passed to offspring or arise due 

to environmental contacts with radiation tobacco and cancer materials. Cancer development comes 

from two types of mutations known as driver and passenger mutations. Mutations that occur in 

driver genes help tumors grow by providing cells a survival benefit in cancer development. Cancer 

passenger mutations develop randomly due to the changes in cancer cell genetics while keeping 

active tumorigenesis [46]. 
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a. Oncogenes and Tumor Suppressor Genes 

 Genes named oncogenes change normal cells into cancer cells when they develop mutations or 

increase in activity. These genes control healthy cell growth and division functions in regular 

organisms [47]. Major examples of oncogenes are HER2 in breast cancer cells plus K-RAS and 

EGFR. Oncogenes that either function too strongly or develop errors start an abnormal cell 

duplication routine which fuels tumor growth. Tumor suppressor genes defend the body by 

monitoring cellular growth and starting programmed cell death to halt cancer formation. The right 

functionality of growth control genes makes up cellular homeostasis and their problems with these 

genes cause tumors to develop [48]. Cancer patients most often have p53 mutations which doctors 

name the guardian of the genome. The risk of developing breast cancer rises together with early 

disease appearance when BRCA1 and BRCA2 undergo genetic damage.   

 

b. Next-Generation Sequencing (NGS): 

 Next-generation sequencing changed cancer genomics because it lets users analyze whole genomes 

or certain genomic areas fasting. NGS helps doctors find all forms of damage to the DNA found in 

cancer tissue. The genomic picture NGS provides helps doctors locate exact cancer mutations that 

cause disease spread which lets them choose custom and focused treatment methods [49]. 

 

c. Techniques and Advances 

 NGS technology updates make it easier than ever to study cancer genetic makeup. Great 

advancements in DNA study involve WGS, WES, and RNA-Seq technology. WGS creates a 

complete map of genes by scanning all parts of the genome including areas where dangerous 

genetic variations typically hide. WES concentrates on the protein-producing area of the genome 

while only representing 1-2% of the entire genetic information to find specific protein-affecting 

mutations [50]. RNA-Seq examines cancer cells to establish the quantity of expressible and silent 

genes. NGS allows scientists to find uncommon genetic problems and advanced genomic changes 

that typical sequencing technology cannot find. Cancer research has advanced due to improved 

technology which helps find early cancers better and improves treatment selection for all types of 

tumors. 

 

 

II. Conclusion 

 By adding tumor and patient genome information to cancer care doctors can better study tumors 

and make treatments better match individual patients. Cancer cells develop and overcome therapy 

when faults happen in their oncogenes and tumor suppressor genes. Next-generation sequencing 

helps us understand tumor genomes better which provides insights on what treatments will work 

best. Using artificial intelligence models with material from patients' medical records creates 

treatments that consider both mutation findings and treatment responses. Many obstacles still exist 

before AI-based genomic systems can successfully deliver their intended benefits to cancer care. 

Currently data accuracy problems plus high data generation rates and missing genomic information 

restrict its application. As AI and genomic science keeps developing precision oncology will cure 

many different types of cancer while identifying specific treatment methods. 
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