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Abstract
Imaging biomarkers are important for modern oncology because they provide quantitative ways to assess tumour function, monitor tumour progression, and evaluate response to treatment. Tumour imaging biomarker analysis includes structural characteristics such as the size of the tumour as well as functional (e.g., diffusion-weighted MRI, perfusion, and dynamic contrast-enhanced) as well as metabolic characteristics based on standardized uptake values from a Positron Emission Tomography (PET) scan. Radiomics (the creation of large volumes of image data) and artificial intelligence (AI)-based imaging biomarkers will also be discussed as potential sources of data that can be used to predict patient outcomes based on advanced imaging biomarkers. This narrative review will describe in detail the range of structural, functional, and molecular & metabolic imaging biomarkers that are being utilized in oncology today. This narrative review will also highlight the development of radiomics and artificial intelligence-based imaging biomarkers, which will help to generate high-dimensional imaging data, aiding the prediction of clinical outcomes based on those imaging biomarker data. Tumour detection, classification, creating treatment plans, determining the outcome of a treatment, and monitoring for any signs of a tumour returning are just some of the many clinical applications of imaging and metabolic biomarkers. Functional and metabolic imaging can detect therapeutic responses at an earlier point in time than will show on an anatomic image because functional and metabolic imaging captures biological changes before any change occurs in anatomy. The clinical translation of these biomarkers is significantly affected by issues regarding reproducibility, standardization, and multi-centre validation. The integration of imaging biomarkers into everyday practice is further complicated by variations in imaging processes and analytical techniques.
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1. Introduction

Cancer is the leading cause of death along the globe. According to GLOBOCAN (2024), reports show an approximate total of about 20 million new cases of cancer were diagnosed worldwide in 2022 and it is estimated that number will grow to about 35 million diagnosed by 2050. Cancer is currently responsible for over 10 million deaths globally each year making it the second leading cause of death globally (Bray et al., 2024). There have been several changes made to cancer treatment strategies based upon a better understanding of cancer biology, with the introduction of therapies tailored to individuals through a more personalized approach referred to as "precision cancer medicine." In addition to being utilized in monitoring disease progress, using imaging to help assess treatment, diagnosing and characterizing cancers, staging of cancers and monitoring for the recurrence of cancers, imaging has long been used to assist in these areas. Imaging plays an important role in personalized cancer treatment. Imaging Biomarkers (IBs) can greatly improve patient outcomes (Califf, 2018). Biomarkers are defined as characteristics measured as indicators of normal biological processes, disease processes, or responses to exposure or treatment, including therapeutic interventions. They can be quantitative or qualitative. To be used in clinical practice, studies must be reliable, connected to relevant outcomes and show clinical usefulness. IBs have been introduced in medical literature as a way to use images quantitatively, rather than just visually by an imaging specialist. These IBs can diagnose, predict and evaluate various diseases and are often used in patient care. IBs must be exact, precise, and consistent when used in clinical practice and clinical studies (Zoccali et al., 2024). IBs provide both quantitative and qualitative information about tumour shape, physiology and metabolic activity. These indicators are critical for routine clinical monitoring, particularly because standard blood biomarkers have limited sensitivity in detecting early recurrences. Magnetic Resonance Imaging (MRI), Computed Tomography (CT), and Positron Emission Tomography (PET) are the three most prevalent non-invasive technologies for determining molecular features. Limitations of imaging technology can lead to errors in data collection, reconstruction, and analysis, reducing its effectiveness (O’Connor et al., 2017a). IBs are a type of biomarker obtained from in vivo medical images. They are a cost-effective and real-time solution for clinical use. The use of IBs in clinical trials necessitates a greater knowledge of quality assurance, which may provide issues for medical physics experts (MPEs). This paper aims to provide a comprehensive overview of imaging biomarkers in cancer, focusing on their biological basis, therapeutic applications, validation challenges, and recent discoveries (Chauvie et al., 2023).
2. Classification of Imaging Biomarkers
Imaging biomarkers in cancer can generally be divided into structural, functional, molecular, and computationally generated biomarkers as depicted in Fig. 1. Structural biomarkers mainly evaluate tumour morphology, such as size, volume, and enhancement features, and are often utilized for disease staging and assessing response. Functional biomarkers offer information regarding tumour physiology, including cellular density, perfusion, vascular permeability, and hypoxia, which indicate biological activity that goes beyond just anatomy (Akram et al., 2025). Molecular and metabolic indicators usually obtained from PET and specific tracers, it measures tumour metabolism and receptor expression, facilitating early evaluation of treatment response and disease severity. Recently, biomarkers based on radiomics and artificial intelligence have developed, extracting high-dimensional quantitative characteristics from imaging data to forecast tumour behaviour, treatment results, and survival rates. Collectively, these categories form a spectrum ranging from broad anatomical evaluation to sophisticated quantitative and computational analysis of tumour biology (Ali et al., 2020; Das et al., 2024).
[image: classification_page-0001-4.jpg (1).jpeg]
Fig. 1. Classifications of Biomarkers: Structural, Functional, Molecular, and Radiomic Biomarkers.

2.1 Structural Biomarkers 
The most popular and fundamental metrics used in cancer imaging are structural imaging biomarkers shown in fig. 2. At their core, these are fundamental features that radiologists may identify and measure using routine imaging tests like as CT and MRI, which are often employed in clinical treatment and research to examine tumours. These indicators largely describe how a tumour appears and changes in shape, size, and internal appearance throughout the time, which offers a visual indication of disease presence and evolution (Alberich-Bayarri, 2017; Fox & Kennedy, 2009).
2.1.1 Response Evaluation standards in Solid Tumours (RECIST)
One of the most well-known structural indicators is tumour shape as determined by established standards, most notably the Response Evaluation standards in Solid Tumours (RECIST). It offers precise standards for measuring a tumour's longest diameter on CT or MRI scans to assess changes in that diameter over time to determine whether the tumour has shrunk, grown, or remained stable throughout treatment. These characteristics are used in clinical studies and practice for classifying reactions as complete, partial, stable, or developing. RECIST has become a global standard due to its reproducibility and ease of implementation (Smesseim et al., 2025). However, RECIST and basic diameter measurements have various limitations. Reducing tumours to a single linear number could not accurately represent changes in tumour load since tumours are three-dimensional entities with different geometries. For example, a tumour may experience structural alterations like necrosis (cell death), internal cavity creation, or uneven shrinkage without a discernible change in length. This means that significant biological reactions may go unnoticed if only size is considered. This restriction is particularly apparent in modern treatments such as targeted medicines or immunotherapies, which can inhibit tumour development or trigger internal alterations without resulting in rapid size reduction. Researchers and clinicians have increasingly relied on volumetric measurements (R. K. Jain et al., 2012; Welsh et al., 2012).
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Fig. 2. Structural Biomarkers- Illustration of anatomical biomarkers including tumour size (RECIST criteria), shape and internal structure assessed by CT and MRI for diagnosis and staging.
2.1.2 Volumetric Biomarkers
Volumetric biomarkers utilize manual and semi-automatic or fully automated segmentation methods to determine the tumour's total volume rather than its diameter. Volumetric statistics better reflect the whole tumour burden, especially the irregularly shaped tumours, and can detect minor changes earlier than the size alone. Small but clinically meaningful volume decreases, for example, may indicate effective treatment even if a tumour's longest diameter stays constant. Advances in image processing and artificial intelligence are making volumetric assessment more practical and uniform across scanners and universities. Additionally, to the size and volume, morphological traits are very important for structural biomarkers because they characterize the form, border, internal architecture, and density of tumours (Goldmacher & Conklin, 2012; B. Zhao et al., 2010). This includes whether a tumour has smooth or uneven edges, necrotic regions, calcification patterns, and satellite nodules. Such characteristics aid in the difference between benign and malignant tumours and provide insight into tumour aggressiveness, and support clinical decisions on biopsy, surgery, or therapies. Some of the physical traits are associated with clinical consequences, like for example, tumours with spiculated boundaries frequently imply more invasive biology. A different aspect structural indicator is contrasting enhancement features, which describe how a tumour absorbs and releases contrast agents during CT or MRI images. Dynamic imaging can show alterations in the tumour's permeability and vascularity (blood supply) following the contrast injection. Contrast may be efficiently absorbed by tumours with a high blood vessel density, but necrotic parts could ignore it at all (Goldmacher & Conklin, 2012). Contrast may be efficiently absorbed by tumours with a high blood vessel density, but necrotic parts could ignore it at all. By tracking the rate and pattern of contrast change over time, contemporary methods such as dynamic contrast-enhanced MRI (DCE-MRI) does enable quantitative insights on blood flow and vascular architecture. These enhanced patterns could reveal biological processes like angiogenesis, (the formation of new blood vessels) which further allow doctors to evaluate therapy results more accurately. Structural Imaging biomarkers remain important in clinical settings because they are widely available, simple to interpret, and connected to established therapy guidelines (Gordon et al., 2014; O’Connor et al., 2011). However, their main disadvantage is that they frequently represent morphological end results rather than the first biological responses to treatment. For instance, after effective treatment, cellular alterations could take place before measurable size reduction, suggesting that depending just on structural indications could cause response detection to be delayed or misinterpret occurrences like pseudo-progression, in which tumours appear to grow before shrinking. To provide a more complete and timelier picture of tumour response in cancer treatment and research, structural biomarkers are increasingly being used in conjunction with functional and molecular biomarkers (Gillman et al., 2020a; Ollivier et al., 2001).
2.2 Functional Biomarkers
Functional imaging reveals physiological and biological traits instead of tumour's size and shape. It measures tissue features such as cellular density and vascularity and perfusion and oxygenation as shown in Fig. 3. Tumour growth and progression are driven by several key biological mechanisms, such as angiogenesis, uncontrolled cellular proliferation, and dynamic alterations within the tumour microenvironment. These processes influence tumour development, metastatic potential, and resistance to therapy, making them critical targets for oncologic assessment. Advanced imaging techniques such as diffusion-weighted imaging (DWI),
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Fig. 3. Functional Imaging Biomarkers- Illustration of Biomarkers showing tumour metabolism, perfusion, hypoxia imaging using PET and advanced MRI techniques for diagnosis and precision treatment.
perfusion imaging, DCE-MRIand hypoxia imaging provide non-invasive methods for evaluating these underlying biological processes (Campbell et al., 2019). Through quantitative and functional imaging biomarkers, these modalities enable the assessment of tumour cellularity, vascular perfusion, and oxygenation status. Consequently, functional imaging plays an important role in characterizing tumour aggressiveness, predicting clinical prognosis, and monitoring therapeutic response in modern oncologic practice (Prestwich et al., 2015).
2.2.1 Diffusion Weighted Imaging and Apparent Diffusion Coefficient 
Diffusion-weighted imaging (DWI) is a popular functional MRI approach in cancer diagnosis. It tracks the random brownian motion of water molecules within tissues. That motion is influenced by things like cellular density and membrane integrity. DWI reflects the microscopic movement of water molecules within tissues and indirectly provides information about the extracellular space. From DWI data, a quantitative parameter known as the apparent diffusion coefficient (ADC) is calculated to measure the degree of water diffusion within tissue (Bozgeyik et al., 2013). Lower ADC values typically indicate restricted diffusion, which is commonly observed in tumours with high cellular density. In such tissues, densely packed tumour cells reduce the extracellular space and limit the movement of water molecules. Numerous studies have demonstrated a strong inverse correlation between ADC values and tumour cellularity, making ADC an important imaging biomarker for tumour characterization. Meta-analysis found a negative correlation between the ADC and tumour cell count (Bozgeyik et al., 2013). So, tumours with more cells tend to have lower ADC. This matters in the clinic because aggressive tumours often have high cell density, and ADC can help with tumour characterization and grading. DWI is also useful for monitoring treatment responses. When therapy kills tumour cells, the cellular density falls. The extracellular space increases, and ADC values rise. ADC changes can sometimes show a response sooner than size-based measurements. ADC can help tell benign from malignant lesions. It may also help pick out metastatic lymph nodes or recurrent diseases in several cancer types (Padhani et al., 2009).
2.2.2 Perfusion Imaging 
Perfusion imaging studies the blood supply in the tumour. It depicts the vascular density, blood flow, and perfusion in the tissues. Angiogenesis is a method that helps in the development of the tumour. Tumour angiogenesis is process of development of new blood vessels to provide nourishment to the rapidly dividing cells in the tumour. Functional imaging modalities used perfusion CT, perfusion MRI, and contrast-enhanced ultrasound. The parameters measured are blood volume, blood flow, and mean transit time. These parameters depict the vascularisation and microcirculation in the tumour. Higher values indicate increased angiogenesis in the tumour. Tumours showing increased angiogenesis depict increased perfusion and vascular permeability. All these parameters depict the potential and aggressiveness of the tumour. The tumour microenvironment is shown by perfusion imaging, which also aids in determining how effective anti-angiogenic medications are. Anti-angiogenic medications prevent the tumour's blood vessels from growing (R. Jain, 2011; Lugano et al., 2019; Saman et al., 2020).
2.2.3 Dynamic Contrast-Enhanced MRI (DCE-MRI)
Dynamic contrast-enhanced magnetic resonance imaging (DCE-MRI) is widely used to assess tumour perfusion and vascular permeability by analysing the temporal distribution of contrast agents within tumour tissue. Sequential images acquired following intravenous contrast administration allow quantitative evaluation of contrast agent uptake and washout within the tumour microenvironment. From DCE-MRI data, several pharmacokinetic parameters can be derived, including Ktrans (volume transfer constant), Kep (rate constant), and Ve (extravascular extracellular volume fraction). Among these, Ktrans is the most clinically relevant parameter, as it reflects both tumour blood vessel permeability and the rate at which contrast agent moves from the vascular plasma into the extravascular extracellular space. Numerous studies have demonstrated significant correlations between DCE-MRI–derived parameters and tumour micro-vessel density as well as angiogenic activity (:: :: KJR :: Korean Journal of Radiology, n.d.; Ferrier et al., 2007). Consequently, these parameters serve as valuable imaging biomarkers for evaluating tumour aggressiveness and for monitoring the response to anti-angiogenic therapies. For example, a decrease in Ktrans during therapy likely reflects effective inhibition of angiogenesis and decrease in vascular permeability. Due to the fact that vascular changes detected on DCE-MRI occur earlier than tumour volume reduction, DCE-MRI may provide an early indicator of response to therapy (Türkbey et al., 2010).
2.2.4 Hypoxia Imaging 
Tumour Hypoxia refers to the areas of low oxygen (O2) concentrations in a tumour that result from the body's abnormal blood supply to that tumour (due to the development of blood vessels) and fast growth of those tumour cells. As a result, hypoxic cells are usually much more resistant than normoxic (normal oxygen content) cells to radiation and chemotherapy treatment and tend to have greater potential for metastasis (the process of cancer spreading). Functional imaging techniques that detect tumour oxygen concentrations help locate and map hypoxic regions of tumours. Functional imaging methods such as blood oxygen level-dependent (BOLD) MRI, oxygen-enhanced MRI, and PET imaging with hypoxia-selective tracer(s) [e.g., FMISO] all allow for the non-invasive visualization of the levels of oxygen in the tumours and thus provide information regarding the tumour microenvironment and also assist clinicians in identifying treatment-resistant areas, thereby guiding the development of personalized therapeutic interventions (Höckel & Vaupel, 2001; Muz et al., 2015).
2.3 Molecular and Metabolic Biomarkers
Molecular imaging of the tumour microenvironment (TME) can detect cancer early and track therapy progress. Newer imaging techniques, including PET, MRI, and optical and photo acoustic imaging, enable non-invasive evaluation of extensive parts of the TME. Symptoms may include low oxygen levels, new blood vessel creation, immune cell infiltration, extracellular matrix abnormalities, and altered energy consumption. New radiotracers, activatable probes, and multimodal nanoparticles make it easier to view the TME at a higher level and simultaneously display multiple things (Rakhshandehroo et al., 2022). TME imaging helps clinicians discover belligerent cancers earlier by detecting changes in molecules and functions before visible structural changes occur. These streamlines identifying and prioritizing hazards, leading to faster treatment initiation. Detecting TME traits without surgery allows for personalized treatment, early monitoring of progress, and adaptation to tumour behaviour. Normalizing imaging methodologies, demonstrating new probes' clinical applicability, and connecting molecular imaging data to other omics platforms are challenging tasks. As a result, finer and more accurate probe designs are required (Xu et al., 2022). Clinical trials across several centers are required to assess the predictive power of TME imaging biomarkers. Our goal is for Artificial Intelligence (AI) to construct models that can help us analyze photos and make more accurate predictions. Molecular imaging techniques have significantly advanced cancer diagnosis and management by enabling earlier detection, personalized treatment strategies, and improved monitoring of therapeutic outcomes. Unlike conventional anatomical imaging, molecular imaging biomarkers provide information about the metabolic and molecular characteristics of tumours rather than solely their morphological features. Malignant cells typically exhibit increased glucose metabolism to support rapid proliferation, a phenomenon commonly known as the Warburg effect (Alum, 2025; Olawade et al., 2026; Rajendran et al., 2026a). Positron emission tomography (PET) using ¹⁸F-fluorodeoxyglucose (¹⁸F-FDG), a glucose analog radiotracer, is therefore widely used for evaluating tumour metabolism in clinical oncology. FDG-PET imaging enables the assessment of whole-tumour metabolic activity by providing both visual and quantitative information about glucose uptake within tumour tissues. Quantitative PET parameters, including maximum standardized uptake value (SUVmax), metabolic tumour volume (MTV), and total lesion glycolysis (TLG), are increasingly recognized as important imaging biomarkers. A diagram for the same is depicted in Fig. 4. These parameters provide valuable insights into tumour biology and are widely used for assessing tumour aggressiveness, predicting prognosis, and evaluating response to therapy (Boellaard et al., 2025; d’Amico, 2015).
[image: molecular_page-0001-3.jpg (1).jpeg]
Fig. 4. Molecular Biomarkers- Illustration of targeted biomarkers assessing specific cellular and receptor level processes in tumour. (i.e PSMA, other novel tracers)
2.3.1 Standard Uptake Value (SUV)
The standardized uptake value (SUV), a quantitative parameter of PET imaging, characterises the concentration of radiotracer uptake normalized to the injected dose and individual patient body parameters for tissues. One example of an SUV is the maximum standardized uptake value (SUVmax), which is defined as the voxel with the greatest metabolic activity within a tumour. One reason for the popularity of the SUVmax value in clinical practice is that the measuring volume is relatively simple to perform and is less affected by inter-observer variability than other parameters. The SUVmax is a reflective of tumour metabolic activity, and elevated SUVmax have been associated with tumour aggressiveness, cellular proliferation, and poor prognosis (Kinahan & Fletcher, 2010; Standardized Uptake Value - an Overview | ScienceDirect Topics, n.d.). Clinical studies and meta-analyses have shown repeatedly that higher SUVmax are associated with poor clinical outcomes and that higher SUVmax correlate with an increased risk of disease progression and mortality in or across several types of malignant tumours. Although SUVmax is widely used in a clinical setting, it has limitations. Since SUVmax reflects only one voxel of metabolic activity within a tumour and not the entire tumour, SUVmax may not accurately reflect the metabolic burden (activity) of a tumour. Further, because of the heterogeneity of tumours and the potential influence of imaging artefact, additional volumetric PET measurements such as metabolic tumour volume (MTV) and total lesion glycolysis (TLG) have been proposed as additional quantitative methods to assess the total metabolic burden of cancer (Lee et al., 2014; Pan et al., 2011; K. Zhao et al., 2021). 
2.3.2 Metabolic Tumour Volume
MTV is the cumulative amount of metabolic activity found in a given area of cancerous tissue as identified by PET imaging study’s metabolic functionality (i.e., what types of cells are alive and reproducing). To obtain its value, we identify voxel areas of metabolism above a pre-defined value of standardized uptake value (SUV) for both the tumour and the patient as a whole, and then add those voxel areas together in order to report on overall disease activity. Because MTV focuses on the entire tumour instead of just one area where increased metabolism was reported, it provides an accurate numeric representation of the total amount of cancer regenerative activity in the same manner as a blood test would provide information about the body’s general functioning (Im et al., 2018; A. Liu et al., 2017). Clinical studies show there is consistent correlation between mortality outcomes amongst patients that present with higher values of MTV. In other words, once all other factors have been accounted for (i.e., age, stage, etc.), the greater the value of MTV, there is usually an additional associated risk factor of increased likelihood for death, or shorter life expectancies, therefore assuming greater risk of cancer recurrence/progression. To illustrate this point further, the review articles evaluating PET imaging as a biomarker in Oncology, demonstrate that the greater the value of MTV, the greater the potential risk of recurrence or progression of that individual’s disease. Because MTV is a comprehensive measure of total disease activity over an entire three-dimensional modality of measurement, it is a valuable contribution to further characterizing patient characteristics than relying solely upon respectively the value of their maximum SUV (Bouron et al., 2022; Hicks, 2022). As such, the growing body of clinical observations is leading to the increasing interest in utilizing MTV as a reliable and non-invasive treatment biomarker for monitoring treatment response and managing patient risk in clinical trial investigations. Using metabolic imaging biomarkers allows us to measure biological changes in tumours quicker than other techniques. An example of metabolic change would be that prior to any change in size the tumour will exhibit metabolic activity. Thus, use of PET biomarkers using maximum standardized uptake volumes (SUVmax), volume of metabolic activity (MTV), and total lesion glycolysis (TLG) will allow clinicians to evaluate response to treatment earlier than the more conventional measurement based on change in size (Agarwal et al., 2025; Chardin et al., 2020).
2.3.3 Total Lesion Glycolysis
TLG can be used to assess both the size of a tumour and how active it is metabolically. It will show the total metabolic activity of a tumour by combining the MTV with the mean SUV as calculated from the size and the level of activity of the tumour. By determining how much total glycolytic activity takes place within a tumour, TLG will provide an accurate representation of how metabolically active the tumour is. Research suggests that TLG may better predict how responsive a patient will be to treatment than either MTV or SUV max alone. High TLG levels indicate considerable glycolytic activity throughout a large percentage of the tumour. Therefore, high TLG levels are associated with more aggressive cancers (Choi et al., 2023). There are several studies that show increased levels of TLG are also associated with decreased progression free survival and decreased overall survival in types of cancer such as lung cancer, lymphomas, and gastrointestinal stromal tumours. Finally, TLG combines both metabolic activity and tumour size, making it an excellent potential imaging biomarker for predicting therapeutic outcome and evaluating the effectiveness of therapies in patients with cancer. The quantitative PET parameters are also valuable when determining risk-stratifying patients. Patients with a high SUV max, MTV, and TLG value usually have a poor prognosis and high rate of disease progression. As such, clinicians will use these biomarkers to classify patients into different risk categories to help make treatment decisions (British Journal of Haematology | Wiley Online Library, n.d.; Lyra et al., 2022).
2.3.4 Target Specific Tracers 
Modern PET scans use specific types of tracers in addition to conventional fluorodeoxyglucose (FDG) blood flow and metabolism measurements. One of the most widely used examples of a target-specific PET tracer is prostate-specific membrane antigen (PSMA) targeted imaging, which is used for detecting prostate cancer. Radiotracers such as ⁶⁸Ga-PSMA-11 and ¹⁸F-PSMA-1007 bind to PSMA, a transmembrane protein that is highly overexpressed on the surface of prostate cancer cells. The high density of PSMA receptors on these cells enables highly sensitive and specific detection of both primary and metastatic prostate cancer lesions (Islam et al., 2025; Trotter et al., 2023). Target-specific PET tracers allow visualization of molecular pathways involved in tumour development, thereby providing insights beyond conventional metabolic imaging. This approach is particularly valuable for detecting tumours that may not demonstrate significantly increased glucose metabolism on ¹⁸F-FDG PET imaging. Furthermore, receptor-targeted PET tracers can be integrated with therapeutic radionuclides in a theranostics approach, where the same molecular target is used for both diagnosis and treatment. In prostate cancer, this strategy is exemplified by PSMA-based imaging combined with targeted radionuclide therapy (Garg et al., 2025).
2.4 Radiomics and Artificial Intelligence derived Biomarkers
The fields of radiomics and artificial intelligence (AI) are enabling a new era of imaging biomarkers designed to obtain quantitative data from medical imaging that might not be observable with the naked eye. Traditional imaging evaluation is primarily based on subjective evaluation of a radiologist’s interpretation of both qualitative criteria for such things as tumour size, number, and/or contrast enhancement. However, radiomics uses sophisticated computer algorithms that translate medical images into vast amounts of quantitative features that represent the underlying biology of the tumour, its heterogeneity and microenvironment (Faraz et al., 2025). These features can then be evaluated using either machine learning or deep learning algorithms to predict clinical outcomes, response to treatment, and prognosis. Based upon these facts, radiomics is rapidly becoming a powerful platform for developing non-invasive biomarkers for precision oncology (Zhang et al., 2022).
2.4.1 Radiomics Workflow
The processing of radiomics biomarker development follows an order of operations starting with the capture and standardization of the acquired images (CT, MRI or PET) using a standard imaging protocol to ensure image quality and reliability of results when extracting features from images. If the settings on a scanner or the reconstruction parameters for an image being scanned are different than they should be or were originally set up to be, this will have a positive or negative effect on the extraction of the radiomic features (Aguirre-Meneses et al., n.d.-a). Therefore, it is important to have standardization in place during biomarker development to ensure reliability. The next operation in the workflow process will be segmenting the image dataset of the scanned tumour resulting in the definition of the tumour's region of interest (ROI). There are three ways that tumour segmentation can occur. The radiologist manually segments the tumour using techniques which they have been trained in the radiologist uses software tools to assist them with segmenting the tumour in a semi-automatic manner and the radiologist uses deep learning algorithms and/or neural networks to automatically identify the pixels which constitute the segmentation of the tumour (deSouza et al., 2022). The accuracy of segmentation is critical as only the features defined within the original ROI when performing a radiomics analysis may be extracted for analysis. Radiomic feature extraction occurs after segmentation is complete and can generally be categorized as shape features (the geometric characteristics of the tumour), first-order statistical features (the distribution of voxel intensities), and texture features (the spatial relationships between pixels). Shape features include volume and surface area of the tumour as well as compactness (Scapicchio et al., 2021). First-order statistical features represent how voxel intensity is distributed across the tumour; texture features describe the spatial relationships between image pixels and help to demonstrate intra-tumour heterogeneity and the degree of anatomical complexity. Machine learning models will be developed after radiomic feature extraction and will identify patterns in the data. To create a predictive model, machine learning algorithms (e.g., support vector machine, random forests, and neural networks) can be applied to correlate radiomic features with clinical outcomes such as treatment response and overall patient survival (Piedimonte et al., 2025; Smits et al., 2023). To illustrate the different steps involved in radiomics workflow, a flowchart is shown in Fig. 5.
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Fig. 5. Radiomic Workflow- Illustration of the radiomics process from image acquisition and segmentation to feature extraction and machine learning based prediction.
2.4.2 Radiomics and Tumour Heterogeneity 
The main benefit of radiomics is that it can measure the heterogeneity of tumours, which is now understood to be one of the most significant contributors to a patient's cancer progression and/or response to treatment. Tumours generally have areas that contain varied distributions of cellular density, regional patterns of blood vessels, and differing amounts of metabolic activity. Traditional imaging methods often do not report on heterogeneity, whereas radiomic texture features can detect small differences in texture and appearance within a tumour. Radiomic features obtained from CT/MRI or PET images have been shown to correlate with tumour grading, gene expression patterns, and molecular pathways, which is sometimes referred to as radiogenomics (Forghani et al., 2019; Gillies et al., 2016). By associating features from images with gene expression information, radiomics provides a potential noninvasive approach to analyzing tumour biology. Artificial Intelligence in Imaging Biomarker development deep learning is an example of how AI has broadened the potential for conducting imaging biomarker research. Deep learning finds complex patterns in imaging datasets through automatic learning, without needing to first manually create features from the dataset. The use of Central Neural Networks (CNNs) in medical imaging has been applied to perform tasks such as identifying and segmenting tumours, classifying tumours, and predicting outcomes from those tumours. AI-based imaging biomarkers have demonstrated efficacy in providing predictive information for treatment response, survival outcomes, and metastatic risk across various cancer types, including lung, breast, and brain tumours. Additionally, AI has the capability of combining both imaging and clinical/genomic data to produce multimodal predictive models, thereby enabling the development of individualized treatment plans (Gupta et al., 2023; Janzen et al., 2024; Radiomics Analyses to Predict Histopathology in Patients with Metastatic Testicular Germ Cell Tumors before Post-Chemotherapy Retroperitoneal Lymph Node Dissection, n.d.).
2.4.3 Challenges, Limitations and Potential of Radiomics AI Biomarkers 
There are multiple barriers to progress that Radiomics and AI-based biomarker research can have. One such example would be the reproducibility of radiomic features due to variations in imaging; scanner type and the methods used for reconstruction. The Image Biomarker Standardization Initiative (IBSI) addresses these issues through setting standards for radiomic feature computation and reporting. A second barrier to this area is the risk of overfitting in machine learning models, because of small datasets which happens when a machine learning-based model fits the training dataset but can’t adequately generalize to new patients (Avanzo et al., n.d.; Demircioğlu, n.d.). This can be resolved through external validation (using separate datasets) and multicenter studies. The interpretability of AI models in terms of clinical practice is an additional issue. Many deep learning algorithms are “black boxes”, where it is nearly impossible to understand how the output was generated for any given patient. Improving transparency and interpretability will be a necessity for making clinical leaps. Radiomics and imaging biomarkers produced from artificial intelligence (AI) will revolutionize how we see cancer even though they have some obstacles. These products give you quantitative, repeatable measures of tumour characteristics which can lead to quicker diagnosis, better evaluation of cancer risk, and personalized treatment strategies. Because of advancements in computation and data availability, the role for radiomics and AI will continue to grow with regard to developing imaging biomarkers for precision medicine in the field of oncology (Ennab & Mcheick, 2024; Explainable Artificial Intelligence (XAI) in Medical Imaging: A Systematic Review of Techniques, Applications, and Challenges | BMC Medical Imaging | Springer Nature Link, n.d.).
3. Clinical Applications of Imaging Biomarkers in Oncology 
Imaging biomarkers are growing in importance within today’s healthcare environment because they are providing non-invasively collected quantitative measurements of the biology, response to treatment and progression of disease with regard to the tumour in oncology. Imaging biomarkers augment traditional imaging of the structural aspect of a tumour by providing structural, functional and molecular information all within an imaging study, which further assists clinicians in making a clinical decision (Chiu & Yen, 2023). 
There are multiple ways in which imaging biomarkers are being used in the delivery of cancer care. One of the primary uses is the early diagnosis of cancer. Various imaging technologies (CT, MRI, PET) are used to diagnose a tumour, but they can also provide a quantitative determination of the physical and real characteristics of the tumour. These technologies allow for clear differentiation from malignant to benign tumour. Taking PET as an example, a clinician can determine levels of glucose metabolism, which helps establish tumour size, whereas with diffusion MRI, you can get an accurate representation of the number of cells present in a specific tumour, based upon density and other parameters like diffusion. Clinicians can then use this quantitative information about lesions to assist with the process of identifying suspected lesions and planning biopsy and treatment procedures (Chiu & Yen, 2023; Rajendran et al., 2026b).
Tumour characterization and staging are also significant functions of imaging biomarkers. By using quantitative imaging characteristics such as tumour volume, vascularity, metabolism, and tissue composition, clinicians will be able to assess the aggressiveness of tumours and whether they have spread through metastasizing as well as to assign various stages of tumours (i.e., staging). Accurate assessments of treatment and management options will be determined according to the stage of tumour and its aggressiveness. In addition to their use for staging and management answers, imaging biomarkers are also very useful in planning how to treat and select which specific treatment option to use for the particular patient. By assessing the biological or functional characteristics of the tumour (perfusion, metabolic activity, and receptor expression), imaging can assist in identifying those patients who will best respond to a specified treatment (such as chemotherapy, targeted therapies, or immuno-oncology therapies) (Cardoza-Ochoa et al., 2021; Ko et al., 2021). Additionally, in radiation oncology, imaging biomarkers will assist in defining the tumour boundary with greater precision and therefore will help with more accurate dose planning for radiation treatment to optimize the outcome of therapy while minimizing the adverse effect on normal tissues. One of the primaries used for imaging biomarkers is their potential for early evaluation of treatment response. Standard definitions of response typically rely on tumour size alone, which can take many weeks or months to differentiate from baseline following initiation of treatment. In contrast, functional and/or metabolic imaging may assess distant biological changes within the tumour almost immediately following initiation of therapy. For instance, decreases in metabolic activity as noted with PET or identified through DWI on MRI may provide information regarding treatment effectiveness prior to observation of tumour shrinkage (Sorace et al., 2020a). Timely assessments of response by clinicians enable the modification of the current therapy regimen if deemed ineffective. In addition to the early evaluation of response, imaging biomarkers are widely utilized as markers of tumour growth and recurrence. Imaging following surgery, chemotherapy, or radiotherapy may also demonstrate the presence of residual tumour or early recurrence prior to clinical symptomatology. In such situations, the use of functional and molecular imaging techniques is highly effective; imaging biomarkers may also identify metabolic activity within a recurrent tumour and, conversely, show no anatomical imaging abnormalities. Imaging biomarkers are used in response assessment, illness progression tracking, long-term prognosis, and risk assessment. It has been demonstrated that clinical outcomes including progression-free survival and overall survival are correlated with quantitative features of tumours, such as metabolic activity, vascularity, and textural complexity. Clinicians can classify patients into various risk categories and tailor treatment plans by combining imaging biomarkers with clinical and genetic data (Ahmed et al., 2026; 2020b; Sorace et al., 2020b). 
All things considered, imaging biomarkers are now essential parts of contemporary cancer practice, facilitating the transition from merely anatomical imaging to quantitative and biologically relevant imaging techniques that enhance patient care, diagnosis, and treatment planning (Tharmaseelan et al., 2022).
4. Challenges and Standardization of Imaging Biomarkers
Imaging Biomarkers will have a major role in oncology but there are a number of issues that need to be addressed before they can be used as routine imaging biomarkers in a real-life setting. The standardization and reproducibility of imaging measurements is one of the biggest obstacles to overcome. Imaging biomarkers may be susceptible to variability in numerous technical factors such as scanner type, acquisition parameters, reconstruction algorithms, and image processing methods. Consequently, differences in these technical parameters may produce differences in the biomarker measurement values across different institutions (O’Connor et al., 2017b). This variability in measurement values limits the generalize ability and reliability of biomarker information in large groups of patients, especially those participating in multi-center imaging studies. Another key issue facing the imaging biomarker community is the repeatability and reproducibility of quantitative metrics from imaging, particularly in the context of radiomics studies. Studies have shown that certain radiomics attributes can be affected by differences in imaging protocols, slice thickness, noise level, and segmentation (Challenges in Ensuring the Generalizability of Image Quantitation Methods for MRI - Keenan - 2022 - Medical Physics - Wiley Online Library, n.d.; Flaiban et al., 2025). These types of variability can have an impact on the robustness of the corresponding biomarker measurements and consequently on the performance of predictive models developed by machine learning algorithms. Efforts are ongoing to address these problems. There are several international initiatives designed to aid the development of improved standardization (i.e. through establishing common definitions), improved reproducibility of results (i.e. through improved validation of results) and to support the development of imaging biomarkers through research. One of the most important of these efforts is the International Image Biomarker Standardization Initiative (IBSI) initiative. The mission of the IBSI is to create standardized definitions for radiomic imaging features, provide standards for calculating features and reporting results from those calculations (Q. Zhao et al., 2025). By providing standard/benchmark datasets and reference ranges for defined radiomic features the IBSI will enable researchers to efficiently validate their computation of the features against the IBSI standardization. As such, this creates a mechanism that ensures consistent extraction of biomarker results across different software programs. The translation of imaging biomarkers from research into clinical practice poses another challenge. Many imaging biomarkers have demonstrated promise in research studies but only a limited number have been validated through multicenter (>200 patient) clinical studies. In addition to the broad number of prospective clinical studies that would have to occur to translate an identified imaging biomarker into practice, the translation process also requires confirmation of the clinical benefits of that identified biomarker through other (i.e. imaging) evaluations; multicenter studies to demonstrate reproducible results across centers, obtaining regulatory approvals, and publishing the study results in peer-reviewed journals (Aguirre-Meneses et al., n.d.-b, n.d.-c; Hubbard Cristinacce et al., 2022).
Moreover, the development of good predictive models is limited by problems with data heterogeneity and a lack of sufficient numbers of patients. Many imaging biomarker research uses small numbers of patients; this leads to a greater likelihood of model over-fitted data and reduces the likelihood that the results will generalize to other types or to a larger number of patients. Therefore, it is critical to validate images using an independent dataset to ensure the integrity and clinical value of imaging biomarkers. Ethical and regulatory issues are also important factors in imaging biomarker development. Imaging data will increasingly merge with large clinical databases and artificial intelligence, creating questions about the privacy of the patients’ records, the transparency of the algorithms, and approval through regulatory bodies. Ensuring that imaging data are ethically used, and that the decision-support systems based on imaging data are transparent for the physician-at-hand, are key steps to the potential acceptance of these approaches into the clinical setting. While there are barriers to adopting imaging biomarkers into clinical practice, advances in imaging technology, computation, and international collaboration are likely to improve the reliability and integration into clinical practice of imaging biomarkers. As standardization, validation, and regulatory oversight progress, they are anticipated to be key components for providing quality cancer care and personalized approaches to oncology (Arango-Argoty et al., 2025; Woznicki et al., 2023).
5. Future Directions of Imaging Biomarkers in Oncology 
In recent years, advances in technology, analysis methods, and precision medicine have led to a rapid evolution of the field of imaging biomarkers in oncology. The primary focus of future research will be the development of imaging biomarkers that are more quantitative, reproducible, and reflective of the underlying biology of the tumour in order to better characterize the heterogeneity of the tumour and develop more personalized treatment strategies for patients with cancer (Beaton et al., 2019; Limkin et al., 2017). As the field of oncology continues its shift towards the application of precision medicine, imaging biomarkers will play an important role in integrating anatomical data, functional data, and molecular data together so that clinicians can improve the diagnosis and management of their patients' cancer (Akram et al., 2025). One of the most exciting developments is the use of artificial intelligence (AI) together with radiomics to enhance the workflow of clinical imaging. Radiomics is the extraction of thousands of quantitative (numeric) features from scanned images of tumours (e.g. shape, texture, and heterogeneity of the tumour), and AI algorithms can be used to create predictive models of patient outcomes based on the patterns observed in the data (Hricak et al., 2025). Numerous studies have demonstrated that AI-derived imaging biomarkers are able to predict response to treatment, survival outcomes, and genetic mutations for a variety of tumour types including lung, brain, and breast tumours. As the volume of data and the available computational power continues to increase, the development of AI-based imaging biomarkers will provide clinicians with an even greater ability to create predictive models and develop patient treatment plans. One new area of research is known as Radiogenomics. The use of Radiogenomics is designed to create a relationship between characteristics seen by imaging and the genetic and biological underpinnings of a tumour (Radiogenomics - an Overview | ScienceDirect Topics, n.d.). By creating correlations between imaging biomarkers and genomic signatures of a tumour, the goal of Radiogenomics is to enable non-invasive assessments of tumour biology. This will create the possibility of reducing the need for multiple biopsies and better understanding the changes in tumours during treatment. Many of the early studies using Radiogenomics have shown positive correlations between the imaging features measured by Radiogenomics and gene expression data for tumours across a variety of tumour types (Z. Liu et al., 2021). The advancing development of hybrid imaging systems such as PET/MRI and new advanced multi parametric MRI sequences are expected to contribute significantly to the development of imaging biomarkers. These advanced imaging modalities allow the simultaneous evaluation of a few factors associated with a tumour's anatomy such as structure, function, and metabolism, providing an all-inclusive assessment of the biology of the tumour. The use of multi-modality imaging when diagnosing and assessing treatments of malignancies will potentially result in more accurate diagnoses and more effective treatment monitoring than those provided by the current methods (Rosenkrantz et al., 2016). The standardization and validation of imaging biomarkers will continue to be one of the most important goals for future research. The validation of imaging biomarkers across various patient populations and imaging systems will require large, multi-centre studies and international collaborations. Several of the ongoing initiatives such as QIBA (Quantitative Imaging Biomarkers Alliance) and IBSI (Image Biomarker Standardization Initiative) are designed to create and implement standards for imaging protocols and define imaging features for use in daily practice to improve the reproducibility of imaging biomarker results, thereby facilitating their clinical implementation. Overall, the future of imaging biomarkers lies in the integration of advanced imaging technologies, computational analytics, and molecular data, which together may enable earlier detection, more accurate prognostication, and personalized cancer therapy (deSouza et al., 2019; “ESR Statement on the Validation of Imaging Biomarkers,” 2020).
Conclusion
Today Imaging Biomarkers plays a major role in how we diagnose and manage cancer. Imaging biomarkers provides essential information that describes structure (anatomy), function (physiology), and activity (molecular change) of tumours. The advancement in imaging techniques has allowed for the creation of multiple types of imaging biomarkers: structural, functional, metabolic, and computational. Imaging Biomarkers are essential to assisting in the initial detection and characterization of tumours; treatment planning; assessment of treatment response; and prognostic prediction. All of which make imaging biomarkers an indispensable component of contemporary oncology care. It is now possible to evaluate the biology of tumours without having to invade them, as well as to monitor how they are changing over time using imaging techniques that offer measurable indicators of quantitative Imaging Biomarkers (e.g., diffusion, perfusion, Metabolic PET, and Radiomics) rather than solely relying on traditional images. Combining AI with Radiomics also allows for the ability to extract sizable amounts of potentially complex quantitative data that are difficult, if not impossible, to determine visually. Even though this technology presents many opportunities, there remain a few obstacles we must overcome (for example, reproducibility, standardization, and clinical validation) before these techniques can be effectively transitioned into standard clinical practice. Large, multicenter clinical trials need to be conducted to transition the application of Imaging Biomarker technologies into daily practice along with the development of standardized imaging techniques. As technical evolution continues and the emergence of interdisciplinary collaboration evolves, Imaging Biomarkers will have a significant impact on the advancement of precision-based oncology and thus enhance the diagnostic accuracy, selection of appropriate treatment modules and therefore, enhance the future of positive patient treatment outcomes.
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