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INTRODUCTION 
 

The evolution of precision medicine has amplified the demand for individualized treatment strategies in 

oncology, as patient outcomes are profoundly influenced by the biological behavior and heterogeneity of 

tumors. Conventional histopathological approaches, while foundational, are invasive and may inadequately 

capture the spatial and molecular complexity of malignancies. [1] In response, radiomics has emerged as a 

transformative imaging analytics technique, offering a non-invasive solution by quantitatively extracting 

features such as texture, shape, and intensity from medical images. [2] These high-throughput features, when 

processed with advanced ML models, facilitate the identification of clinically significant patterns that may 

predict tumor type, aggressiveness, and therapeutic response. [3,4] Machine learning enhances the interpretive 

power of radiomics by managing complex, high-dimensional datasets and drawing inferences that exceed  
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Recent advancements in radiomics and machine learning (ML) are revolutionizing the 

landscape of cancer diagnostics and treatment planning. Radiomics enables the 

extraction of high-dimensional quantitative features from standard medical imaging 

modalities such as CT, MRI, and PET, transforming non-invasive scans into data-rich 

resources for tumor characterization. When integrated with ML algorithms, these 

features can facilitate predictive modeling for tumor detection, classification, 

prognosis, and therapeutic response, allowing for a highly personalized approach to 

oncology. This integration empowers clinicians to go beyond traditional 

histopathology by enabling in vivo phenotyping of tumors, revealing spatial 

heterogeneity and biological signatures that are often missed by biopsies. Numerous 

studies have demonstrated the utility of radiomics in various cancer types, including 

glioblastoma, lung, and breast cancers, while ML models such as Support Vector 

Machines (SVM), Random Forests, and deep learning networks like Convolutional 

Neural Networks (CNNs) have shown promise in enhancing classification accuracy 

and treatment planning. Despite its potential, challenges such as data standardization, 

interpretability, and clinical validation remain critical barriers to widespread 

implementation. This review discusses the theoretical foundation of radiomics, ML 

methodologies, clinical applications in tumor characterization and treatment 

adaptation, and future directions including radiogenomics, real-time analytics, and 

accessible cloud-based platforms. Addressing these issues is essential to fully realize 

the transformative potential of radiomics and ML in precision oncology. 
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human analytical capacity. Commonly used ML 

algorithms, including SVMs, Random Forests, and 

deep learning architectures like CNNs and Generative 

Adversarial Networks (GANs), have demonstrated 

high accuracy in classification, tumor segmentation, 

and survival prediction across various cancer types. 
[5,6] These systems support adaptive and personalized 

treatment planning, enabling clinicians to tailor 

therapies based on individual tumor phenotypes and 

responses. [7,8] Radiomics applications span a range of 

tumor types. In glioblastoma, for instance, MRI-

based radiomics can predict IDH mutation status and 

patient survival, assisting in chemotherapy 

stratification. [9] In lung cancer, CT-based radiomics 

models have accurately identified EGFR mutation 

status, guiding the use of targeted therapies [10] 

Likewise, breast cancer radiomics has helped 

distinguish between triplenegative and hormone 

receptor-positive subtypes, enhancing treatment 

selection [11] Quantitative feature extraction remains 

central to radiomics, encompassing both first-order 

features (e.g., mean intensity, standard deviation) and 

second-order features (e.g., gray-level co-occurrence 

matrices), which together capture the full spectrum of 

tumor heterogeneity [12,13] Studies have validated the 

reliability of such features, with one report showing 

that radiomics could distinguish lung tumor subtypes 

with 85% accuracy [14] The integration of ML into 

radiomics follows a defined pipeline: data 

preprocessing ensures consistency across scanners 

and protocols, feature selection techniques like 

LASSO regression reduce dimensionality, and robust 

model training/validation approaches often involving 

cross-validation and external cohorts ensure 

generalizability [15,16]  

 

For example, deep learning models trained on MRI 

datasets have achieved over 90% accuracy in 

predicting radiotherapy response in glioblastoma, 

reinforcing their clinical value. [17] Machine learning 

models are also being employed in treatment 

planning. Radiomics-guided ML can anticipate 

response to chemotherapy and radiotherapy, helping 

clinicians adjust treatment intensity or select optimal 

therapeutic agents. Adaptive radiotherapy, guided by 

dynamic imaging changes during treatment, is one 

such application that has reduced recurrence rates in 

prostate and head and neck cancers. [18,19] Similarly, 

in colorectal cancer, combining radiomic and clinical 

data improved survival prediction by more than 15%, 

enabling more effective risk stratification. [20] Despite 

significant progress, challenges persist. Imaging 

protocol variability across institutions impedes 

reproducibility, though initiatives like the Image 

Biomarker Standardization Initiative (IBSI) are 

addressing this. [21] Another concern is the 

interpretability of complex ML models often viewed 

as "black boxes." Emerging solutions from 

Explainable AI (XAI) aim to demystify these 

algorithms for clinicians. [22] Furthermore, large-scale 

regulatory validation is required before ML-

integrated radiomics tools can achieve clinical 

acceptance, with ongoing multi-institutional trials 

providing foundational data. [23] Looking ahead, the 

field is moving toward radiogenomics linking 

imaging phenotypes with genomic signatures for 

deeper biological insight. Studies in glioblastoma, for 

instance, have demonstrated the predictive accuracy 

of such combined approaches. [24] Real-time image 

analysis is another frontier, enabling on-the-fly 

treatment adaptations based on evolving tumor 

characteristics, particularly in radiotherapy settings. 
[25] Additionally, cloud-based platforms are being 

developed to democratize access to radiomics, 

especially in low-resource environments [26] 

 

Radiomics in Tumor Characterization: Radiomics 

in oncology begins with the extraction of a vast 

number of quantitative features from routinely 

acquired medical images such as CT, MRI, and PET 

scans. These features are broadly categorized into 

first-order statistics, which describe basic pixel 

intensity distributions, and higher-order statistics, 

which evaluate relationships between neighboring 

pixels to reveal patterns indicative of tumor 

heterogeneity. First-order features include metrics 

such as mean, variance, and skewness of pixel values, 

while second-order features involve texture measures 

obtained from gray-level co-occurrence or run-length 

matrices. These mathematical descriptors provide a 

comprehensive characterization of tumor 

morphology and behavior. Quantitative radiomic 

features allow differentiation between benign and 

malignant lesions and help classify tumor subtypes 

based on shape, margin sharpness, and internal 

texture complexity. Advanced image processing 

techniques segment tumors and extract features that 

can be used in predictive models. Combining features 

such as intensity distributions, edge sharpness, and 

texture patterns enables a robust evaluation of 

intratumoral heterogeneity, which is often linked to 

clinical outcomes like progression-free survival. For 

example, research has shown that radiomics could 

distinguish types of lung tumors with an accuracy of 

up to 85%, underscoring its potential as a decision- 

support tool in oncology. Radiomics has been applied 

across a spectrum of tumor types. In glioblastoma, 

MRI-based radiomic analyses have successfully  
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predicted isocitrate dehydrogenase (IDH) mutation 

status, which is associated with improved survival 

and sensitivity to chemotherapy. In lung cancer, 

CTderived radiomics features have accurately 

predicted epidermal growth factor receptor (EGFR) 

mutations, aiding in targeted therapy decisions. 

Similarly, in breast cancer, radiomic signatures have 

been used to differentiate between triple-negative and 

hormone receptor-positive tumors, enabling 

personalized treatment strategies tailored to tumor 

biology. 
 

Machine Learning in Radiomics: Machine learning 

(ML) plays a transformative role in radiomics by 

enabling the analysis of complex, high-dimensional 

data derived from medical images. Through ML, 

patterns hidden within radiomic features can be 

identified and used to support tasks such as tumor 

classification, prognosis prediction, and treatment 

response assessment. Traditional supervised learning 

algorithms, such as Support Vector Machines (SVM), 

Random Forests, and logistic regression, are widely 

used in radiomics studies. These models are trained 

on labeled datasets to distinguish between disease 

subtypes or predict outcomes like recurrence and 

survival. They have proven effective across various 

cancer types by yielding high classification accuracy, 

particularly when combined with robust feature 

selection techniques. In recent years, deep learning 

approaches particularly Convolutional Neural 

Networks (CNNs) have gained traction due to their 

ability to perform automatic feature extraction and 

segmentation directly from imaging data. CNNs excel 

in handling spatial information, making them suitable 

for delineating tumor boundaries with high precision.  

 

Furthermore, Generative Adversarial Networks 

(GANs) have emerged as valuable tools for 

augmenting training datasets by synthesizing realistic 

medical images, thereby enhancing model 

generalizability and robustness. The typical ML 

pipeline in radiomics involves several crucial steps. 

Initially, medical images undergo preprocessing to 

reduce noise and harmonize differences introduced 

by varied scanners and acquisition protocols. This 

ensures consistency across datasets, which is vital for 

model training. Radiomic feature extraction follows, 

capturing quantitative descriptors related to tumor 

shape, intensity, texture, and wavelet 

transformations. Due to the high dimensionality of 

radiomic data, feature selection is necessary to 

identify the most relevant variables while avoiding 

model overfitting. Techniques such as the Least 

Absolute Shrinkage and Selection Operator (LASSO) 

are frequently employed for this purpose, as they  

 

effectively reduce the feature space by penalizing less 

informative variables. Once the most predictive 

features are selected, they are used to train ML 

models, which are subsequently validated through 

crossvalidation and tested on independent external 

datasets. This ensures that the developed models are 

generalizable and reliable when applied to real-world 

clinical scenarios. Numerous case studies have 

demonstrated the efficacy of ML-integrated 

radiomics in oncology. In nonsmall cell lung cancer 

(NSCLC), CNN-based radiomic models have been 

successful in predicting tumor progression and 

metastasis, aiding in earlier therapeutic interventions. 

In breast cancer, ML approaches have helped forecast 

patient responses to neoadjuvant chemotherapy, 

allowing clinicians to modify treatment regimens in a 

timely manner. Similarly, in glioblastoma, ML 

models based on MRI-derived features have 

predicted radiotherapy response and overall survival 

with over 90% accuracy. These examples underscore 

the power of ML to extract clinically meaningful 

insights from imaging data, ultimately supporting 

personalized treatment planning and improving 

patient outcomes. The integration of radiomics and 

machine learning represents a paradigm shift in 

oncologic imaging, where data-driven decision-

making enhances traditional diagnostic and 

therapeutic pathways. 

 

DISCUSSION  

 

The integration of radiomics and machine learning 

(ML) has significantly advanced the field of precision 

oncology by enabling quantitative analysis of medical 

images beyond conventional visual interpretation. 

Radiomic features extracted from CT, MRI, PET, and 

other imaging modalities capture information related 

to tumor shape, texture, intensity, and heterogeneity, 

providing valuable biomarkers for diagnosis, 

prognosis, and treatment planning. When combined 

with ML algorithms such as support vector machines, 

random forests, gradient boosting, and deep neural 

networks, these features have demonstrated high 

accuracy in predicting tumor histology, molecular 

subtypes, genetic mutations, therapeutic response, 

recurrence risk, and overall survival. Such predictive 

capabilities support personalized treatment strategies 

and improve clinical decision-making. 

 

Despite these promising developments, several 

challenges continue to limit the widespread clinical 

implementation of radiomics-based ML models. 

Variability in imaging acquisition parameters, 

reconstruction techniques, segmentation methods, 

and feature extraction software affects the  
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reproducibility and reliability of radiomic biomarkers 

across institutions. Furthermore, the high 

dimensionality of radiomic datasets combined with 

relatively small patient cohorts increases the risk of 

model overfitting and reduces external validity. 

Robust feature selection methods, standardized 

imaging protocols, and large multicenter datasets are 

therefore essential for developing reliable predictive 

models.  

 

Another important limitation is the lack of 

transparency associated with complex machine 

learning models, particularly deep learning 

algorithms. The "black-box" nature of these models 

often reduces clinician confidence and may hinder 

regulatory approval. Recent advances in Explainable 

Artificial Intelligence (XAI) have begun addressing 

this issue by providing interpretable visualizations 

and feature importance analyses that improve model 

transparency and clinical trust. In addition, emerging 

approaches such as federated learning allow 

institutions to collaboratively develop robust AI 

models without sharing sensitive patient data, thereby 

maintaining data privacy while enhancing model 

generalizability. Future research should focus on 

integrating radiomic features with clinical, 

pathological, genomic, and molecular data to develop 

comprehensive multimodal predictive models. 

Prospective multicenter validation studies, 

standardized reporting guidelines, and regulatory 

evaluation will be critical for translating radiomics-

ML technologies into routine clinical oncology 

practice. 

 

CONCLUSION 

 

Radiomics combined with machine learning 

represents a transformative approach in precision 

oncology by enabling comprehensive quantitative 

assessment of tumor characteristics from routine 

medical imaging. These technologies have 

demonstrated considerable potential for improving 

tumor characterization, predicting treatment 

response, estimating prognosis, and supporting 

personalized therapeutic decision-making. However, 

challenges related to standardization, reproducibility, 

interpretability, and external validation remain 

significant barriers to clinical implementation. 

Continued advances in explainable artificial 

intelligence, multicenter collaborative research, 

standardized imaging protocols, and integration of 

multimodal clinical and genomic data are expected to 

enhance the robustness and clinical applicability of 

radiomics-based models. With rigorous prospective 

validation and appropriate regulatory approval,  

 

radiomics and machine learning are poised to become 

integral components of next-generation precision 

cancer care. 
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