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Abstract


Tumor hypoxia involves limited oxygen supply within the tumor microenvironment and is closely associated with aggressiveness, metastasis, and resistance to common cancer treatment modalities such as chemotherapy and radiotherapy. Traditional methodologies for hypoxia assessment, such as the use of invasive probes and clinical biomarkers, are generally not very suitable for routine clinical applications. Radiomics provides a non-invasive approach to hypoxia assessment by extracting quantitative features from medical images. Thus, radiomics is important in diagnosis and the formulation of a treatment strategy for tumor hypoxia. This article discusses the various imaging techniques used for the assessment of tumor hypoxia including magnetic resonance imaging (MRI), positron emission tomography (PET), and computed tomography (CT). It introduces the use of radiomics with machine learning and deep learning for extracting quantitative features, along with its possible clinical use in hypoxic tumors. This article further summarizes the key challenges hindering the clinical translation of radiomics, including the lack of imaging standardization and the limited availability of hypoxia-labeled datasets. It also highlights the potential of integrating radiomics with multi-omics to enhance hypoxia visualization and guide personalized cancer treatment.
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1. Introduction


Tumor hypoxia refers to a lack of oxygen in tumor cells due to an imbalance between the demand and supply of oxygen [1]. Such a phenomenon is common in various cancers, including hepatocellular carcinoma (HCC), glioblastoma multiforme (GBM), lung cancer, and colorectal cancer. Hypoxia in HCC leads to tumor advancement and therapy resistance, while in GBM, hypoxic zones in the tumor microenvironment (TME) are associated with highly aggressive behavior as well as therapy resistance [2,3]. Lung cancer is accompanied by hypoxic areas, which are associated with poor prognosis and suboptimal responsiveness to treatments [4]. Colorectal cancer also displays hypoxic areas, contributing to enhanced metastatic potential and treatment resistance [5]. Hypoxia is a key factor in these cancers, which shows that it plays a very important role in tumor biology and provides a rationale for developing an effective therapeutic strategy.



Hypoxia influences many cancer treatment modalities. In the case of radiotherapy, the presence of adequate levels of oxygen in tissue is vital for the generation of reactive oxygen species, responsible for damaging cancer cell DNA [6]. Hypoxic conditions lessen this effect, thus leading to radioresistance [7]. Likewise, certain drugs act in an oxygen-dependent manner to induce cytotoxicity. Hypoxia alters drug metabolism and decreases drug delivery by virtue of aberrant tumor vasculature [8]. Targeted therapies, which are aimed at specific molecular pathways, may also be less effective in hypoxic settings, wherein the activation of alternative survival pathways is expected [9,10]. The challenges posed by tumor hypoxia emphasize the significance of properly understanding and addressing tumor hypoxia to maximize treatment success.



Radiomics is an emerging field that extracts a large number of quantitative features from medical images in order to unearth patterns that are often not observable by the naked eye [11]. Radiomics begins with image acquisition, followed by the segmentation of the region of interest, feature extraction, and analysis. These features can relate to aspects such as shape, texture, and intensity and provide a comprehensive characterization of tumor phenotypes [12,13]. Potential applications of radiomics in cancer research include diagnosis, prognosis, and the prediction of treatment response. Converting images into high-dimensional data allows for a non-invasive approach to assessing tumor characteristics and monitoring disease evolution [14].



The incorporation of machine learning and deep learning techniques has further broadened the horizons of radiomics in oncology. Machine learning algorithms can handle large datasets and identify complex patterns, thus increasing the accuracy of the predictions provided regarding disease outcomes [15]. Deep learning, a sub-area of machine learning, applies neural networks to model complex relationships within data, which enables the intricacies of imaging features linked to the endpoints of interest to be identified [16]. Advancements of this type have increased diagnostic accuracy and prognostic assessments, thus facilitating personalized treatment strategies. For example, deep neural networks have been studied in predicting relapses in mantle cell lymphoma using computed tomography (CT) baseline images [17,18,19].



This review summarizes recent developments in radiomics in terms of outlining tumor hypoxia and therapeutic aspects. Various imaging modalities are discussed: CT, magnetic resonance imaging (MRI), and positron emission tomography (PET) in detecting hypoxic regions inside tumors. This study also addresses the merits of coupling radiomic data with various molecular and biological means to augment targeted therapies against hypoxia. This review discusses the role of radiomics in meeting the challenges posed by tumor hypoxia while pointing out directions for inquiry in the future.




2. Review Methodology


This article presents a narrative review aimed at synthesizing current knowledge on the use of radiomics in characterizing tumor hypoxia. A narrative review was chosen to allow for the comprehensive coverage of both foundational concepts and recent interdisciplinary advances across imaging modalities, radiogenomics, and artificial intelligence applications. We searched PubMed, Web of Science, and Google Scholar using keywords including “tumor hypoxia”, “radiomics”, “PET”, “MRI”, “deep learning”, and “radiogenomics”. Priority was given to peer-reviewed articles published between 2014 and 2025, with an emphasis on recent high-impact studies, systematic reviews, and clinically relevant research. Although this review is not PRISMA-compliant, it follows best practices for narrative reviews as per recent reporting guidelines to ensure clarity and scientific rigor.



In total, 122 peer-reviewed articles were included in this narrative review, categorized into five main research themes shown in Figure 1: tumor hypoxia mechanisms, radiomics and imaging genomics, therapy resistance and reversal strategies, imaging technology advances, and clinical translation/trials. Thematic analysis revealed increasing interdisciplinary attention to the integration of imaging biomarkers with biological mechanisms. Notably, this study identified two cross-disciplinary research hotspots: one is hypoxia-focused radiomics (16 studies), which predicts hypoxia-driven gene expression and metabolic phenotypes through imaging features; the other is the integrated research of hypoxia and immunotherapy (12 studies), which explores the enhancement in immune responses through microenvironmental reprogramming under hypoxic conditions. These studies indicate that radiomics is gradually emerging as a bridge connecting microenvironmental status and therapeutic strategies.




3. Tumor Hypoxia: Mechanisms and Clinical Implications


3.1. Definition and Pathophysiology of Tumor Hypoxia


Tumor hypoxia refers to a condition where the partial pressure of oxygen (pO2) is below 2%, impacting multiple processes in the TME [10]. This low-oxygen state occurs when the existing blood vessels cannot meet oxygen demand, which is due to the rapid proliferation and growth of cancer cells. Many solid tumors present evidence of hypoxia. In the clinical setting, hypoxia has been generally associated with a more aggressive biological behavior and resistance to therapy [20].



At the molecular level, hypoxia-inducible factors (HIFs), especially HIF-1α and HIF-2α, play pivotal roles in the adaptation of cells to low-oxygen environments. Under normoxia, HIFs are hydroxylated and subsequently degraded. However, under hypoxic conditions, they inhibit hydroxylation, leading to HIF stabilization and accumulation [21]. Following stabilization, HIF-1α mainly regulates genes that are involved in glycolysis, inducing a shift from oxidative phosphorylation to glycolysis for efficient energy generation under hypoxic conditions. In contrast, by regulating erythropoiesis and angiogenesis-associated genes, HIF-2α facilitates the formation of new blood vessels to improve oxygen supply. These differences demonstrate the complexity of HIF regulation in tumor biology [22]. This mechanistic complexity has been thoroughly reviewed in a recent work by Liao et al. [23], which provides an integrative overview of hypoxia-driven biological reprogramming, including glycolytic shift, angiogenesis, and epigenetic modulation, alongside a detailed discussion of therapeutic vulnerabilities associated with these pathways. Their synthesis highlights the multifaceted role of hypoxia in promoting tumor heterogeneity and therapy resistance, offering valuable insights for translational research. Recent insights also highlight the temporal dynamics of hypoxia response, where shifts in oxygen-sensing enzyme activity orchestrate adaptive transcriptional and epigenetic changes that contribute to tumor aggressiveness and immune evasion [24].



Hypoxia plays a critical role in tumor metabolism, the immune microenvironment, and therapeutic resistance. Metabolically, hypoxic conditions induce a shift toward anaerobic glycolysis, known as the Warburg effect [25]. This leads to an increase in lactate production and the acidification of the tumor microenvironment. The reduced pH destabilizes the extracellular matrix and turns on proteolytic enzymes, like matrix metalloproteinases, thus enhancing tumor invasion and metastasis [26]. Hypoxia has thus also been shown to upregulate immune checkpoint molecules such as programmed death ligand 1 (PD-L1) and cytotoxic T-lymphocyte-associated protein 4 (CTLA-4) under immune microenvironments. These receptors interact with their corresponding ligands expressed on T cells, inhibiting their activation and proliferation, promoting immune suppression, and eventually leading to tumor immune evasion [27]. Moreover, hypoxia also promotes genomic instability by downregulating DNA repair pathways and thus increasing mutation rates. Such genetic variability by itself allows for the selection of more aggressive and therapy-insensitive sub-populations of tumor cells. These cells may evade therapy through altered drug transporter expression or the activation of anti-apoptotic pathways, complicating treatment responses [28,29]. The recently developed open-source platform THER (Tumor Hypoxia Exploration and Research) stores extensive transcriptomic datasets. It explores the association between hypoxia-related transcriptomic signatures and the mechanisms of tumor initiation and progression, providing a scientific basis for identifying valuable biomarkers [30].




3.2. Methods for Assessing Tumor Hypoxia


Molecular endogenous markers such as HIF-1α, carbonic anhydrase IX (CAIX), glucose transporters 1/3 (GLUT-1/3), vascular endothelial growth factor (VEGF), and monocarboxylate transporter 4 (MCT-1) also play a role in the assessment of tumor hypoxia. These proteins are significantly upregulated under low-oxygen conditions and are typically detected using immunohistochemistry. The expression levels of these markers not only act as indirect measures of tumor hypoxia but also correlate with tumor aggressiveness and poor prognosis [31]. An elevated HIF-1α level promotes various biological processes like angiogenesis and metastasis in tumor cells. CAIX is correlated with TME acidification. It supports tumor cells to adapt to acidic conditions and increase migration and invasiveness [32]. VEGF serves its role by enabling neovascularization that supplies nutrients and oxygen to the tumor, facilitating its growth and spread. At the molecular level, VEGF functions by binding specifically to corresponding receptors to regulate endothelial cell proliferation and migration [33]. In addition to endogenous markers, exogenous markers such as pimonidazole, EF-5, and Hydroxyprobe™ are frequently used to detect tumor hypoxia through immunofluorescence or flow cytometry [34,35,36]. ELK3-51, a novel exogenous agent, has been developed to bind thiol groups under hypoxic conditions, allowing for the precise visualization and quantification of oxygen-deficient areas in tissues [36].



The assessment of tumor hypoxia is essential to understand tumor progression and to develop targeted therapies. Traditionally, polarographic oxygen electrodes were the tools of choice for measuring oxygenation in tumor tissues. This method involves inserting a needle-like electrode directly into tumor tissue to obtain localized oxygen pressure readings [37,38]. They are traditionally considered the gold standard but are also very invasive and present concerns regarding their reading accuracy. First, the method used for measuring oxygen concentration leads to some mechanical damage of the tumor tissue and many complications. Single-point measurement does not directly represent heterogeneous oxygenation across the entire tumor, thus hindering the search for patterns in regions. Fluorescence quenching is the next assessment option. It is non-invasive and employs oxygen-sensitive fluorescent probes that emit specific wavelengths of light under hypoxic conditions. An increase in oxygen concentration causes the loss of fluorescence intensity (quenching). The degree of fluorescence quenching helps in determining the exact tissue oxygen levels in addition to the localization of hypoxic areas in tumors. To summarize, fluorescence quenching is less invasive than polarographic electrodes and also provides information about the distribution of oxygen in the tumor [39,40].



Imaging modalities provide surrogate, non-invasive methods for evaluating tumor hypoxia. Techniques such as blood oxygen level-dependent (BOLD) MRI, dynamic contrast-enhanced (DCE) MRI, diffusion-weighted imaging (DWI), magnetic resonance spectroscopy (MRS), and oxygen-enhanced (OE) MRI detect the presence of poorly oxygenated tumors when assessing hemodynamic changes, blood oxygenation, and tissue perfusion [41,42,43,44,45]. Using radiotracers like misonidazole (MISO), fluorine-18 fluoromisonidazole (18F-FMISO), fluorine-18 fluoroazomycin arabinoside (18F-FAZA), 18F-flortanidazole (18F-HX4), and copper-64 diacetyl-bis (N4-methylthiosemicarbazone) (64Cu-ATSM), PET visualizes and quantifies intratumoral hypoxia [45,46,47]. Contrast-enhanced CT, particularly functional CT, assesses key parameters such as blood volume and blood flow for the evaluation of tumor oxygenation [48]. These imaging techniques allow for the dynamic assessment of tumor hypoxia and give critical information to physicians regarding oxygenation-correlated disease progression. In radiation treatment planning, such imaging techniques help in determining the exact irradiation fields, minimizing normal tissue damage, and optimizing dose distribution by targeting hypoxic tumor cells [49]. In targeted therapies, these imaging modalities will also allow for the selection of patients who can benefit from anti-angiogenic therapies that assist in enhancing the specificity and efficacy of cancer treatment [50]. Figure 2 summarizes the classification of tumor hypoxia detection methods, including approaches ranging from molecular marker-based methods to imaging modalities such as MRI, PET, and CT.




3.3. Clinical Impact of Hypoxia on Cancer Therapy


Tumor hypoxia plays an important role in clinical outcomes, especially in treatment resistance. In radiotherapy, oxygen participates in chemical reactions that ultimately produce reactive oxygen species, such as hydroxyl radicals (·OH) and superoxide anions (O2−). These reactive species are known for their relatively high oxidative reactivity and can induce DNA double-strand breakage and base damage in tumor cells [52]. However, under hypoxic conditions, the limited amount of oxygen decreases ROS generation and subsequent radiation-induced DNA damage, which contributes to significantly decreased radiosensitivity [53,54]. To achieve comparable therapeutic effects in normoxic tumors, it is necessary to escalate the dose of radiation. However, this may elevate the risk of damage to surrounding normal tissues and lead to the development of various serious complications [55].



In chemotherapy, hypoxia significantly alters tumor metabolism and contributes to drug resistance. Tumor cells under hypoxic conditions primarily depend on anaerobic glycolysis. The metabolic change alters the expression and function of transport proteins on the cell membrane, as well as physiological processes such as diminished drug uptake and the increased expression of efflux pumps. One of the involved proteins, P-glycoprotein (P-gp), belongs to the ATP-binding cassette transporter superfamily and is highly implicated in multidrug resistance [56]. Hypoxia activates several signaling pathways, including the HIF-1α pathway. Activated HIF-1α can modulate the expression, either directly or indirectly, of genes coding for P-gp and thereupon significantly upregulates P-gp at the cell membrane. P-gp utilizes the energy obtained from ATP hydrolysis to cotransport chemotherapy drugs outside of the cell against a concentration gradient, which leads to a decrease in intracellular drug concentration and consequently reduces chemotherapy’s effects [57]. Additionally, hypoxia promotes DNA damage repair mechanisms and further facilitates tumor cell resistance to chemotherapy. Key kinases such as ATM become activated under hypoxic conditions. ATM kinase initiates complex phosphorylation cascades via autophosphorylation and the phosphorylation of downstream substrates. DNA repair proteins like BRCA1 are then rapidly activated for DNA repair. The stimulated repair mechanisms enable tumor cells to repair chemotherapy-induced DNA damage and evade apoptosis, thereby supporting survival and re-population [58,59].



Hypoxia significantly contributes to tumor immune evasion by promoting the accumulation of immunosuppressive regulatory T cells (Tregs) and myeloid-derived suppressor cells (MDSCs). Tregs secrete immunosuppressive cytokines such as interleukin-10 (IL-10) and transforming growth factor beta (TGF-β), which inhibit the tumoricidal functions of cytotoxic T lymphocytes and natural killer (NK) cells [60]. MDSCs employ a variety of mechanisms to suppress immune responses. For example, they express increased levels of arginase 1 (ARG1) that consumes arginine within TME. The depletion of arginine impairs T-cell metabolism and functionality [61,62]. Hypoxia also downregulates MHC-I expression via HIF-mediated transcriptional repression, impairing tumor recognition by cytotoxic T cells and facilitating immune escape [63].



Hypoxia in the TME greatly alters the activity of M2-like tumor-associated macrophages (TAMs). M2-like TAMs predominantly express protumoral factors and behave in what can be described as a new manner; the usual M2 functions include those involved in the role of angiogenic factors like VEGF, which promotes angiogenesis, leading to more nutrients and oxygen in the tumor. MMP-2 and MMP-9 degrade extracellular matrix components, which are used for tumor invasion and metastasis promotion. They secrete immunosuppressive cytokines such as IL-10, which reduce the efficacy of immune effector cells (T cells and NK cells). Hence, the immune system is disadvantaged in recognizing and eliminating tumor cells [64].





4. Radiomics in Tumor Hypoxia Characterization


4.1. Extraction of Radiomics-Based Hypoxia Imaging Features


Radiomics is a field that entails the extraction of high-dimensional quantitative features from medical images to find patterns that correlate with tumor characteristics, including hypoxia. These features include the texture, shape, and pixel intensity distribution aspects of the tumor. Texture features quantify the spatial arrangement of the pixel intensities as an indicator of heterogeneity in the tumor. This heterogeneity represents variations at the cellular level, such as in cell composition, cellular metabolic activity, and gene expression. These variations are largely driven by changes in the TME, including irregular vascularization, poor perfusion, and hypoxic stress, which lead to spatially heterogeneous oxygen and nutrient distribution. Such microenvironmental conditions directly influence radiomic features by altering tissue density, cellular morphology, and metabolic signatures that are captured in medical imaging. Therefore, radiomic features can serve as indirect biomarkers reflecting the state of the TME, especially the presence and extent of hypoxia [65,66,67,68]. Texture analysis is employed to describe the variations in imaging data [69]. Shape features describe the geometric properties of tumors such as volume, surface area, perimeter, sphericity, and lobulation index. These parameters give an idea of tumor size and contour, which are relevant for assessing growth patterns and invasiveness. For example, lobulated tumors tend to have a greater invasive potential [70]. Intensity features assess the distribution of value across the pixels, which corresponds to the density and composition of the tumor. Different tissue components have different gray levels depending on the imaging modality [71]. A radiomic analysis of these features could identify the image correlation of hypoxic regions within tumors accurately.



In radiomic research, establishing standardized workflows (Figure 3) and relevant feature selection is crucial for model robustness and reproducibility [72]. The workflow starts with image acquisition, where technical differences and scanning parameter adjustments can lead to significant variations in images from different sources. Therefore, preprocessing steps (such as resampling, normalization, and denoising) mitigate such discrepancies and enhance the comparability of subsequent analyses. For example, resampling standardizes scanning parameters like slice thickness and resolution by unifying the voxel dimensions of original medical images, ensuring each image maintains a common spatial reference to avoid minor detail loss and information bias in analysis. Normalization establishes a common range for gray values across different devices, eliminating signal differences caused by inter-device variations to build a stable and homogeneous database for subsequent analysis. Denoising removes the noise introduced during acquisition, making standardized images more suitable for feature extraction [73]. Currently, publicly available databases such as The Cancer Imaging Archive (TCIA) provide standardized imaging data linked with clinical and genomic information, which are widely used in radiomic studies to investigate tumor characteristics, including hypoxia [74,75].



Segmentation then delineates regions of interest (ROIs) within tumors, either manually or through (semi-)automated techniques. Manual segmentation remains the gold standard in terms of anatomical accuracy but is time-consuming and subject to inter-observer variability [76]. To address these limitations, a variety of semi-automated and fully automated segmentation tools have been developed. Widely used software programs such as 3D Slicer and ITK-SNAP offer interactive semi-automatic segmentation based on thresholding, region-growing, or active contour models [77,78]. For fully automated approaches, deep learning-based models, especially U-Net architectures, have demonstrated superior performance [79].



This is followed by feature extraction, for which a variety of computational tools have been developed. One of the most widely used open-source platforms is PyRadiomics, a Python-based toolkit that allows for the high-throughput extraction of quantitative imaging features from medical images [80]. It supports feature extraction from 2D/3D medical images, including first-order statistics, shape, and texture features derived from matrices such as the gray-level co-occurrence matrix (GLCM), gray-level run length matrix (GLRLM), and gray-level size zone matrix (GLSZM). It also can provide reproducible standardized preprocessing workflows. PyRadiomics complies with the Imaging Biomarker Standardization Initiative (IBSI), promoting consistency across studies. Its extensibility and integration with preprocessing workflows have made it a standard tool in radiomic studies. In addition to PyRadiomics, several open-source extensions and platforms have been developed to enhance radiomic workflows. For example, Py-rex (https://github.com/zhenweishi/Py-rex) (accessed on 8 July 2025) extends PyRadiomics’ functionalities to support the direct input of DICOM and RTSTRUCT files [81]. PyRadiomics-based glioma grading provides a complete pipeline for extracting radiomic features and building machine learning models to classify glioma grades [82]. A wide range of open-source tools specifically dedicated to tumor hypoxia assessment can be found at https://github.com/search?q=tumor%20hypoxia&type=repositories (accessed on 8 July 2025). These resources greatly enhance reproducibility, cross-study comparison, and translational value in tumor hypoxia research. A summarized list of relevant repositories is provided in Table 1.



Feature selection has its own importance in the framework of radiomic analysis. Minimum Redundancy Maximum Relevance (mRMR) and Least Absolute Shrinkage and Selection Operator (LASSO) are the most widely used techniques. mRMR identifies features highly correlated with hypoxia status while minimizing redundancy. This ensures that selected features are both informative and non-overlapping, improving model clarity and performance [83,84]. LASSO, on the other hand, constructs a linear model with an L1 regularization term to compress and select feature coefficients. In this way, features less associated with hypoxia are assigned coefficients closer to zero and eventually eliminated. This decreases the dimensionality of the data while retaining the most relevant features pertaining to tumor hypoxia status [85,86]. These feature selection methods will help improve analytical efficiency and accuracy for the construction of imaging-based predictive models of tumor hypoxia.



Finally, selected features are used to build predictive models through machine learning (ML) or deep learning (DL) algorithms. Machine learning (ML) techniques are pivotal in the radiomics-based prediction of tumor hypoxia. Supervised learning methods, such as support vector machines (SVMs), random forests, and extreme gradient boosting (XGBoost), are frequently employed to develop predictive models. SVMs identify optimal hyperplanes to effectively distinguish between different hypoxic states in tumor data. Random forests, as ensemble learning algorithms, construct multiple decision trees to enhance model stability and accuracy [87,88]. XGBoost utilizes efficient gradient boosting to process large-scale data and capture complex nonlinear relationships [89]. These models iteratively learn from labeled tumor images and corresponding hypoxia annotations, enabling accurate oxygenation status classification.



Deep learning (DL) techniques, particularly convolutional neural networks (CNNs), have also found their place within radiomics. CNNs automatically extract hierarchical feature representations from imaging data, varying from crude features, such as edges and textures, to features complex in terms of their implications, which is relevant to the state of tumor hypoxia [73,90]. This end-to-end learning framework reduces reliance on manual feature engineering and captures intricate patterns often missed by traditional methods, facilitating a deeper understanding of hypoxia expression in medical imaging.



Several ML and DL models are using tumor hypoxia to predict patient outcomes. For instance, there is a DL-based radiomic approach to predicting early tumor regression in head and neck cancers. Pre-treatment imaging data have been used to foresee responses to radiotherapy [91]. In breast cancer research, DL models have been employed to identify morphological features associated with hypoxia in histopathological images, investigating traits such as cell density, nuclear morphology, and vascular distribution for precise hypoxic delineation in tumor tissue [92]. Through a deep analysis of large medical image datasets, such models provide greater efficiency and credibility in tumor hypoxia prediction.



Despite these advances, clinical model validation is still required to demonstrate applicability for tumor hypoxia detection. The foremost challenge is the large number of required annotated datasets to train strong models. A small sample size for training models leads to overfitting and the non-generalizability of models. In addition, variability in imaging protocols across institutions introduces inconsistencies and decreases reproducibility in the results [93]. To address this, researchers are focused on validating imaging procedures to reduce variability across datasets and improve applicability to models. Additionally, the development of explainable artificial intelligence (XAI) is ongoing, aiming to improve model transparency, build clinician trust, and facilitate clinical integration [94].




4.2. Application of Radiomics in Tumor Hypoxia Characterization


Radiomics is a widely utilized field for assessing tumor hypoxia across diverse imaging modalities. Within the sphere of MRI-based radiomics, techniques such as dynamic contrast-enhanced MRI (DCE-MRI) and blood oxygen level-dependent MRI (BOLD-MRI) have been employed to extract features relating to tumor perfusion and oxygenation. DCE-MRI assesses contrast agent kinetics and, in turn, tumor vasculature. After intravenous (IV) injection, the contrast agent enters cancerous tissues via blood vessels, and DCE-MRI successfully captures the rates of influx, distribution, and efflux. These measurements give vital insights into angiogenesis, vascular density, and permeability, all important indicators of tumor aggressiveness and growth potential [95]. On the other hand, BOLD-MRI gives some indication of tissue oxygenation by monitoring the deoxyhemoglobin level in the given tissue. The level of deoxyhemoglobin increases when the concentration of oxygen decreases. This change alters magnetic susceptibility within these tissues, and BOLD-MRI can sense such changes and map hypoxic tumor regions. Imaging offers crucial evidence for tumor hypoxia assessment [96,97]. Advanced MRI sequences, including T2-weighted imaging (T2WI) and diffusion-weighted imaging (DWI), have shown great potential for the non-invasive mapping of hypoxia. A previous study incorporated T2WI texture features and apparent diffusion coefficient (ADC) maps generated via DWI to build a hypoxia prediction model for glioblastoma. This model was strongly correlated with invasive HIF-1α immunohistochemistry results (AUC = 0.89). This method enables the spatial representation of the intratumoral hypoxic subregions in a treatment plan, increasing the capability for judging the distribution and extent of hypoxia [98]. Most importantly, it paves the way for individualized radiotherapy dose escalation strategies. By accurately aiming at areas which are hypoxic, the effectiveness of radiotherapy can be greatly enhanced to benefit treatment outcomes. Multiparametric MRI has also been evaluated for its utility in predicting the characteristics of brain tumor hypoxia. By integrating these multiple MRI parameters, this facilitates an understanding of different and sometimes complementary relationships between different modalities, contributing to model construction and resulting in a more accurate prediction of hypoxic tumors [99]. Such models help physicians in different treatment planning procedures in determining the exact delineation of irradiation margins to allow for dose amplification before therapy. The dynamics of hypoxia when conducting such treatment can be monitored in real time, allowing for the customized modification of treatments. This provision would help optimize treatment efficacy and safety. In addition, several studies have made attempts to correlate MRI-derived radiomic features with hypoxia-associated biomarkers. The purpose of this is to establish non-invasive imaging biomarkers for determining tumor hypoxia reliably. If validated, these biomarkers could reduce the need for invasive procedures, decreasing patient discomfort and associated medical risks.



Under PET-based radiomics, radiotracers such as 18F-FMISO and 18F-FAZA are employed to image tumor hypoxic regions. The distinct biochemical characteristics of these tracers lead to differential distribution and uptake in tumor tissues based on local oxygen levels. After IV injection, the tracers bind selectively to specific intracellular biomolecules and accumulate in the hypoxic TME. Signals are captured and visualized by a PET scanner. The size, extent, and exact localization of the hypoxic areas within the tumor are precisely quantifiable from the radiomic features of PET scans [100,101,102]. Novel multimodal imaging strategies that would improve the accuracy of PET radiomics in detecting tumor hypoxia have also been investigated recently. Integrating PET radiomic features with those from other imaging modalities, such as MRI and CT, has shown promise. MRI visualizes the soft tissue structure very well, while CT provides an excellent depiction of the anatomical morphology and bony structure. PET radiomics coupled with other imaging modalities allows for an integrated, multi-dimensional representation of tumors, which dramatically improves hypoxia detection. In addition, it is also demonstrated that PET-derived radiomic parameters could act as prognostic biomarkers. Certain radiomic features provide correlations between prognosis and clinical outcomes such as survival and recurrence measures. As shown in Figure 4, combining FMISO-PET and MRI can help non-invasively evaluate hypoxia dynamics and treatment response in recurrent glioma patients. This representative image illustrates pre- and post-treatment changes in gadolinium-enhanced (Gd-enhanced) MRI, Fluid-Attenuated Inversion Recovery Sequence (FLAIR), and FMISO uptake in responders to bevacizumab therapy [55]. This demonstrates their ability as accurate prognostic indicators before treatment initiation [103].



CT radiomics also has promising potential for the evaluation of tumor hypoxia. Perfusion CT imaging measures intratumoral blood flow, and a radiomic analysis of the corresponding images can yield a profile suggestive of hypoxic conditions. For instance, texture analysis can detect perfusion heterogeneity, which may correlate with hypoxic regions. Localized hypoxia alters blood perfusion, producing distinct texture patterns in the affected regions. The features of these textures are analyzed in detail by using appropriate methods like the gray-level co-occurrence matrix and run length matrix. This reveals perfusion heterogeneity for the detection of hypoxic regions in tumors. In addition, radiomic features extracted from CT images are related to tumor heterogeneity and the status of oxygenation [104]. Certain radiomic features derived from CT enhance the assessment of tumor hypoxia and enable the non-invasive evaluation of hypoxic status. Research has been performed on whether CT radiomic features can be integrated with clinical data to improve the prediction of hypoxia. These features represent tissue density and enhancement patterns for indicating the oxygenation state of the tumor and describing aspects regarding hypoxia [105]. To further improve the prediction of hypoxia-related outcomes, researchers are actively investigating a comprehensive analysis technique to integrate CT-based radiomic features with clinical data [106]. Thus, with integrated datasets and the employment of some advanced techniques such as ML and DL, the classification of patients concerning hypoxic status can be further enhanced. In summary, each modality of radiomics has unique advantages and limitations in hypoxia assessment. For a clear comparison, we summarize the imaging characteristics and radiomics-related implications of these modalities in Table 2. Finally, these approaches help in disease severity determination and prognostication over a population of patients. The hypoxia-related radiomic features employed in various studies are summarized in Table 3.




4.3. Application of Radiogenomics in Tumor Hypoxia


Radiogenomics, an interdisciplinary field combining radiomics with genomics and biomarker data, has opened new opportunities in understanding tumor biology, specifically tumor hypoxia [66]. It aims to discover the relationship between imaging features and molecular profiles, where the imaging biomarker may reflect underlying genetic alterations. Recent studies have shown that radiogenomics has great potential in relating specific radiomic features to the expression of hypoxia-related genes, thereby allowing one to infer tumor hypoxia levels non-invasively. This integrated approach of combining imaging along with molecular information presents a tremendous opportunity to build integrated models for the quantitative assessment of tumor hypoxia, which can dramatically turn the tide in favor of accuracy and ease of diagnosis. This enables clinicians to use the imaging and genetic information of patients to provide a true evaluation of the tumor hypoxia level and guide optimal treatment strategies [121,122]. For instance, altering doses of radiotherapy on the basis of tumor hypoxia or the correct selection of suitable targeted therapy may improve the treatment outcome and the quality of life of patients. Tumor hypoxia affects radiosensitivity, while genetic information helps to identify effective targeted agents. The suitable treatment selected will allow for the better control of tumors while sparing patients from normal organ side effects.





5. Clinical Applications of Radiomics in Tumor Hypoxia


5.1. Clinical Translation and Therapeutic Optimization


Tumor hypoxia plays a pivotal role in developing resistance to radiotherapy; therefore higher doses are needed for successful treatment. Radiomics can screen such tumors for their respective hypoxic subregions by examining various imaging characteristics like texture and intensity patterns. In radiotherapy planning, PET/MRI radiomic data can be used to delineate intratumoral hypoxic areas, enabling targeted dose escalation and an improved treatment outcome. This mode of delivering an increased dose to resistant subregions is known as “dose painting” [123]. Studies have indicated that integrating radiomics into radiotherapy planning to treat hypoxic regions can improve the chances of controlling local tumors. Preclinical studies have shown that combining DCE-MRI with 18F-FMISO PET can effectively assess tumor perfusion and hypoxia. In a prostate tumor model, Cho et al. demonstrated that early tracer uptake was correlated with vascular characteristics, supporting the integration of hypoxia imaging into dose painting and personalized radiotherapy planning [124]. For example, research using electron paramagnetic resonance oxygen imaging (EPROI) has successfully localized hypoxic regions for dose escalation, demonstrating significant improvements in tumor control probability [125]. Radiomics may also examine tumor hypoxia dynamics by assessing pre- and post-treatment images, thus providing insight into the changes taking place within the TME [126].



Apart from radiotherapy, radiomics assists with hypoxia-targeted therapeutics: hypoxia-activated prodrugs (HAPs) and HIF inhibitors [127]. The imaging-based identification of hypoxic areas enables the delivery of HAPs specifically to oxygen-deprived regions, thereby minimizing off-target effects in normoxic tissues. Moreover, radiomic features may correlate with HIF expression levels, supporting the personalized selection of HIF inhibitors. Targeting the HIF pathway has been associated with tumor growth inhibition and enhanced therapeutic outcomes. To further improve hypoxia-targeted drug development, radiomics can be integrated with genomic data to identify actionable targets such as HIFs and CAIX and guide rational drug design [128].



Radiomics-based hypoxia assessment is progressing toward clinical implementation, with several ongoing clinical trials exploring its utility. For example, Sanduleanu et al. developed and externally validated radiomic signatures derived from CT and FDG-PET imaging to non-invasively predict tumor hypoxia in head and neck cancer patients. Their study demonstrated strong performance and generalizability, highlighting the potential for radiomics to serve as a clinically applicable biomarker for hypoxia stratification [129]. Evofosfamide (TH-302), a hypoxia-activated prodrug, is under investigation in phase 2 trials for glioblastoma [130]. Moreover, randomized dose escalation trials using PET-guided radiomics in head and neck cancer are registered on ClinicalTrials.gov (NCT02352792) [131]. However, despite some progress shown in early-stage data, no radiomic tools for tumor hypoxia have been FDA-cleared or CE-marked yet. Regulatory challenges include the standardization of image acquisition and feature extraction, the reproducibility of models, and the lack of prospective validation. Addressing these issues through multi-center studies and harmonized pipelines is essential for future clinical integration.




5.2. Radiomics-Based Monitoring of Hypoxia Treatment Response


Tumor hypoxia significantly alters the TME, contributing to immunosuppression and resistance to therapies such as immunotherapy and chemotherapy. Radiomics can non-invasively assess hypoxia-induced alterations in the TME by analyzing features related to angiogenesis, perfusion heterogeneity, and tissue morphology. For example, specific radiomic signatures have been associated with immune cell infiltration, which may inform the use of immune checkpoint inhibitors, such as PD-1/PD-L1 inhibitors [132]. In addition to guiding treatment selection, radiomics also offers a powerful tool for the dynamic monitoring of treatment response. By analyzing serial images before and after therapy, radiomics can capture spatial and temporal changes in tumor hypoxia, allowing for the early detection of treatment failure or resistance. Parameters such as changes in texture, shape, and vascular features can indicate evolving hypoxic profiles and treatment-induced remodeling within the TME. To enhance monitoring precision, integrative approaches combining radiomics with liquid biopsy data, such as ctDNA and exosomal biomarkers, are being explored. While radiomics encodes spatial and structural information on hypoxia, liquid biopsies provide complementary real-time molecular-level insights. The integration of these modalities has shown promise in improving the prediction of therapeutic outcomes in hypoxia-associated cancers [133,134]. Notably, correlations between radiomic features and ctDNA levels have been reported, enabling the earlier detection of emerging therapeutic resistance and informing timely treatment adaptation [134].




5.3. Integrating Radiomics and Clinical Data for Personalized Treatment


Integrating clinical data with radiomic features has become pivotal in achieving personalized cancer therapy, especially in research focused on tumor hypoxia. Variables such as age, sex, and Karnofsky Performance Status (KPS) and radiomic features are commonly combined to improve prognostic models. For example, a deep learning model that predicts survival outcomes non-invasively in patients with non-small-cell lung cancer (NSCLC) by integrating electronic health record (EHR) data, radiomic data, and clinical information has been proposed. This integration facilitates a more comprehensive understanding of patient prognosis. Combined clinical and radiomic data have been shown to improve predictive accuracy. Research indicates that the fusion of imaging features with clinical and genomic data provides quantitative and objective support for cancer detection and therapeutic decision-making [135]. Multimodal approaches increase the precision of outcome predictions. They also play a pivotal role in identifying which patients are likely to benefit from hypoxia-targeted therapies, such as anti-angiogenic treatments or the use of hypoxia-activated prodrugs. Radiomics can assess tumor hypoxia through image analysis and thus facilitate patient stratification. Personalized treatment could be planned from this stratification.



Integrating radiomic data with clinical information increases the prediction of immunotherapy responses. Combining radiomics with artificial intelligence (AI) enables oncologists to forecast individual lung cancer patient responses to immunotherapy. This would help to identify which patients are likely to benefit from such treatments. As immunotherapy response is altered by heterogeneous demographic factors, combining clinical information with radiomic data could achieve more accurate assessments of treatment responses [136].





6. Challenges and Future Perspectives


Radiomics has become a promising tool in clinical oncology for assessing tumor hypoxia. Nevertheless, several challenges must be addressed before its routine clinical implementation.



A primary concern is the absence of standardized imaging protocols across institutions. Scanning parameters can vary, and the features extracted from images may be inconsistent due to differences in image preprocessing, acquisition, and the reconstruction of images. Studies have demonstrated that non-uniform imaging procedures compromise radiomic feature stability, which may impair model development. In addition, the radiomic workflow requires standardization. Variations in image preprocessing, feature extraction processes, and statistical methods can lead to inconsistent results. Clearly, standardized protocols are needed to ensure that radiomic features are reliable and comparable across studies [137].



The second major hurdle is the low availability of annotated hypoxia data. Many studies use a modest, single-institution dataset, constraining the robustness and applicability of radiomic models. Without the availability of large-scale and multi-center datasets that guarantee standardized imaging and detailed clinical annotations, the comprehensive validation and clinical application of radiomics remain constrained. Given that multi-center large-scale data can better encapsulate tumor hypoxia variations, they offer richer samples for training models. Currently, this sort of data insufficiency hinders models from being efficiently tested in clinical validation [137].



For the future goal of using hypoxia-targeted treatment via radiomics, the integration of multiple imaging modalities such as CT, MRI, and PET could enhance the characterization of tumor hypoxia [103,104]. Each modality presents different advantages: CT displays detailed anatomy, MRI allows for superior soft tissue contrast, and PET highlights metabolic activity. The fusion of these imaging techniques can increase accuracy in hypoxia assessment. Previous studies have demonstrated that multimodal imaging methodologies offer better predictive value for tumor hypoxia than single-modality approaches. MRI and PET data enabled accurate predictions of hypoxic areas within tumors to be made, which allows for better treatment planning. Integrating radiomics with further omics, like genomics and transcriptomics, renders a more holistic understanding of tumor biology [73]. Deep learning algorithms can handle high-dimensional data and unveil complex relationships, thus enhancing prediction abilities.




7. Conclusions


Radiomics has emerged as a central tool in evaluating tumor hypoxia, providing a non-invasive approach to characterizing the TME. The extraction of quantitative features from medical images leads to the identification of hypoxic regions within tumors for formulating precise treatment strategies. The heterogeneity of hypoxia across distinct tumor regions can dramatically alter treatment results. Therefore, accurate identification leads to better treatment results. Future studies should emphasize the standardization of radiomic analysis workflows across various imaging modalities and institutions to elevate the reproducibility and reliability of results. The establishment of standardized guidelines is anticipated for an easier comparison of results. Integrating radiomics with other omics approaches, like genomics and transcriptomics, may provide a more comprehensive understanding of individual tumors. This multi-omics integration could contribute greatly to advancing personalized cancer therapy.
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Figure 1. The distribution of the reviewed literature by research theme. This bar chart summarizes the distribution of reviewed articles according to five major research themes: tumor hypoxia mechanisms (38 studies, 31.1%), radiomics and imaging genomics (32 studies, 26.2%), therapy resistance and reversal strategies (24 studies, 19.7%), imaging technology advances (18 studies, 14.8%), and clinical translation/trials (10 studies, 8.2%). 
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Figure 2. Schematic illustration of hypoxia detection approaches, encompassing in vitro and in vivo strategies. Detection methods include endogenous markers, exogenous markers, direct pO2 measurements, and imaging modalities such as PET and MRI [36,43,51]. 






Figure 2. Schematic illustration of hypoxia detection approaches, encompassing in vitro and in vivo strategies. Detection methods include endogenous markers, exogenous markers, direct pO2 measurements, and imaging modalities such as PET and MRI [36,43,51].



[image: Ijms 26 06679 g002]







[image: Ijms 26 06679 g003] 





Figure 3. The workflow of radiomics-based tumor hypoxia characterization. The process includes image acquisition (CT, MRI, PET), preprocessing (resampling, normalization, denoising), segmentation (manual, semi-automatic, or automatic), feature extraction (e.g., texture, shape, intensity), feature selection (e.g., LASSO, mRMR), model development (e.g., machine learning, deep learning), and clinical model validation. 
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Figure 4. Representative MRI and FMISO-PET images of a recurrent glioma patient before and after bevacizumab treatment. Gadolinium-enhanced MRI and FLAIR MRI show morphological changes, while FMISO-PET highlights hypoxic regions with decreased tracer uptake after treatment. Adapted from Hanley R et al. [55]. 
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Table 1. Open-source radiomic toolkits for tumor hypoxia characterization.
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	Tool Name
	Description
	URL





	pyradiomics
	Feature extraction from medical images (2D/3D)
	https://github.com/AIM-Harvard/pyradiomics (accessed on 8 July 2025)



	Py-rex (Version 2.1)
	Radiomic extension supporting DICOM/RTSTRUCT
	https://github.com/zhenweishi/Py-rex (accessed on 8 July 2025)



	Pyadiomics-based glioma grading
	Glioma grading workflow based on PyRadiomics feature extraction
	https://github.com/adhaka3/Pyadiomics-based-glioma-grading (accessed on 8 July 2025)










 





Table 2. Comparative summary of radiomics-applicable imaging modalities for tumor hypoxia assessment.
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	Modality
	Advantages
	Disadvantages
	References





	MRI
	Functional sequences (DWI, BOLD) related to hypoxia, excellent soft tissue contrast
	Susceptible to motion/artifacts, variable protocols, very long scan times
	[98,107,108,109]



	PET
	Direct hypoxia imaging with specific tracers, limitless penetration depth
	Expensive, lower spatial resolution, high ionizing radiation
	[110,111,112]



	CT
	High spatial resolution, widely applied in clinical and preclinical settings
	High ionizing radiation, suboptimal contrast between tissues, inability to provide functional data
	[108,113,114,115]










 





Table 3. Summary of hypoxia feature types in radiomics.
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	Feature Names
	Radiomic Type
	References





	Volume of Voxels with Hounsfield Unit (HU) > 70 within Low-Standardized Uptake Value (SUV) Subvolume, Long-Run High Gray-Level Emphasis Along Direction with Maximum Value within High-SUV Subvolume
	Contrast-Enhanced CT
	[116]



	90th Percentile of Standardized SUV Distribution, Skewness of SUV Distribution
	18F-FMISO PET
	[116]



	Gray-Level Co-Occurrence Matrix Inverse Difference (GLCM Inverse Difference)
	CT
	[117]



	Low Gray-Level Zone Emphasis (LGZE), Classification Parameter (CP)
	18F-FMISO PET
	[118]



	Tumor-to-Blood Maximum Ratio (T/Bmax), Hypoxic Volume (HV), Peak of SUV (SUVpeak)
	18F-FMISO PET
	[119]



	b-value of 200 s/mm2 (b200), Apparent Diffusion Coefficient (ADC)
	DWI MRI
	[98]



	Histogram-Based, Gray-Level Co-Occurrence Matrix (GLCM)
	Biparametric MRI
	[120]
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