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        Abstract



        Medical imaging plays an indispensable role across the entire cancer care continuum, from screening and early detection to diagnosis, staging, treatment planning, and monitoring. While conventional imaging modalities like CT, MRI, and PET provide anatomical tumor delineation, innovative computational analysis approaches are beginning to extract novel quantitative imaging biomarkers that offer information beyond qualitative evaluation alone. The promise of Artificial Intelligence (AI) techniques lies in uncovering clinically actionable insights and patterns embedded within the massive trove of medical images, thereby enabling more accurate and personalized cancer management. This review examines the emerging role of AI, specifically deep learning approaches like convolutional neural networks (CNNs), U-Nets, and generative adversarial networks (GANs), for diverse cancer imaging applications spanning the diagnostic, prognostic, and therapeutic domains. Established and cutting-edge techniques are reviewed toward precise, effective integration into clinical practice. An overview of conventional anatomical imaging modalities that currently represent the standard-of-care for oncologic diagnosis and treatment planning is first provided, highlighting CT, MRI, PET, and ultrasound imaging. Subsequently, advanced computational analytics approaches leveraging AI and deep learning for automated analysis of medical images are reviewed in depth, including key techniques like radiomics, tumor segmentation, and predictive modeling. Emerging studies showcase the remarkable potential for AI-powered imaging analytics to discern subtle phenotypic patterns, quantify tumor morphology, and integrate findings with genomic data for precision cancer management. However, thoughtful validation is indispensable before clinical integration. Nascent deep learning techniques offer tremendous promise to uncover previously inaccessible insights from medical imaging big data that can guide individualized cancer diagnosis, prognosis, and treatment planning. However, careful translation of these powerful technologies by multidisciplinary teams of clinicians, imagers, and data scientists focused on evidence-based improvements in patient care is crucial to realize their full potential.
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      1. INTRODUCTION


      Medical imaging techniques such as magnetic resonance imaging (MRI), computed tomography (CT), ultrasound, and digital pathology are indispensable in modern healthcare. They play crucial roles in screening, diagnosis, treatment planning, and prognosis assessment. The surge in medical image data underscores the need for advanced analysis methods to derive clinically valuable insights [1]. Key clinical applications where medical image analysis is pivotal include oncology, neurology, cardiology, digital pathology, ophthalmology, and radiotherapy planning [2]. Advanced imaging modalities, including MRI, positron emission tomography (PET), and CT, are essential for early disease detection, personalized medicine, image-guided interventions, and treatment monitoring. PET imaging, utilizing novel radiotracers like PSMA for prostate cancer and FDG for tumor metabolism, is crucial for accurate staging, treatment planning, and response assessment. The integration of PET/MRI combines MRI's superior soft tissue contrast with PET's functional data, enhancing applications in neurology and oncology. MRI remains a cornerstone in neuroimaging and musculo- skeletal diagnostics due to its excellent soft tissue differentiation and absence of ionizing radiation. Ultrahigh-field MRI (7T and above) offers improved spatial resolution and image quality, enabling detailed visualization of anatomical structures.


      Image-guided interventions using CT, MRI, or ultrasound facilitate precise therapy delivery to target tissues while preserving surrounding healthy structures. Techniques such as cryoablation, radiofrequency ablation, high-intensity focused ultrasound (HIFU), irreversible electroporation, and therapeutic radiation increasingly rely on image guidance [3]. Radiomics extracts quanti- tative imaging biomarkers from CT and MRI to predict prognosis or treatment response [4]. Digital pathology uses image analysis to screen histopathology slides for cancer metastasis, with some deep-learning algorithms surpassing pathologist-level accuracy [3]. In radiotherapy treatment planning, image analysis is vital for segmenting target volumes and organs at risk, with adaptive planning accommodating anatomical changes during therapy [5]. Machine learning and artificial intelligence are incre- asingly applied in medical imaging for tasks such as image reconstruction, automated quality control, computer-aided detection and diagnosis, radiation therapy planning, and predictive analytics. The rapid evolution of medical imaging technology aims to enhance diagnostic confi- dence, enable personalized medicine, and provide minimally invasive targeted therapies [1]. Progress in machine learning, coupled with regulatory approvals, is solidifying the role of medical image analysis in advancing healthcare.


      Despite these advancements, current imaging techniques face several limitations and challenges. MRI, while offering excellent soft tissue contrast, can be expensive and time-consuming. CT scans, although fast and widely available, expose patients to ionizing radiation. Ultrasound is operator dependent and may provide limited resolution in certain contexts. Digital pathology, though promising, requires significant computational resources and data storage. Emerging developments in medical imaging, particularly the integration of machine learning and artificial intelligence, promise to enhance diagnostic performance. These technologies are being harnessed to develop novel imaging biomarkers, predictive models, and decision support systems aimed at precision diagnosis and prognosis assessment in oncology. However, the imple- mentation of AI in clinical practice requires robust validation, regulatory approval, and integration with existing healthcare systems. Ethical considerations, such as data privacy and algorithm transparency, also pose significant challenges.


      The present study aims to provide a comprehensive overview of the diverse medical imaging techniques currently employed in oncologic diagnosis, emphasizing their respective advantages and limitations. Additionally, it explores emerging innovations in medical imaging utilizing AI and machine learning. This review examines the expanding role of computational analytics and deep learning approaches in creating novel imaging biomarkers and predictive models, ultimately contributing to precision diagnosis and prognosis assessment of cancer. The goal is to synthesize state-of-the-art medical imaging for cancer, offering a holistic perspective that encompasses both traditional modalities and cutting-edge techniques. This includes addressing key challenges and opportunities that warrant further research to translate enhanced imaging methods into clinical practice effectively. Additionally, the review aims to highlight areas where further investigation is needed to overcome current limitations and fully realize the potential of advanced imaging technologies in healthcare.


      In summary, while medical imaging has transformed healthcare, ongoing research, and innovation are essential to address current challenges and limitations. The integration of AI and machine learning holds promise for enhancing diagnostic accuracy and efficiency, paving the way for more personalized and effective patient care. However, careful consideration of ethical, regulatory, and practical aspects is crucial to ensure these technologies are implemented safely and effectively in clinical settings. Continued collaboration between researchers, clinicians, and industry stakeholders will be vital in driving the future of medical imaging forward.

    


    
      

      2. MEDICAL IMAGING AND CANCER


      Medical imaging techniques, including X-ray, CT, MRI, and PET scans, allow visualization of internal anatomy and are critical for detecting, diagnosing, and staging cancer [6] (Fig. 1). However, interpreting these complex scans thoroughly can be challenging, even for expert radiologists and pathologists. Tumors, especially when small or at early stages, may be overlooked in complex imaging studies that involve multiple structures [3]. This is a key area where medical image analysis has become invaluable by leveraging computer software to process images and assist in cancer detection and evaluation [1]. Image analysis techniques can process patient scans to highlight suspicious regions that may contain malignant lesions for closer inspection [4]. This computer assistance acts as a second set of unbiased eyes to help spot potential tumors that a clinician may initially miss on the scan, improving sensitivity. Image analysis can also access characteristics of detected tumors such as shape, margins, texture patterns, and blood flow kinetics through quantitative feature extraction [1]. This aids in determining if a mass is likely malignant or benign. Beyond visualizing the primary tumor, image analysis enables efficient combing through gigapixel digitized pathology slides to identify metastatic lesions [3]. For diagnosed cancers, image analysis can delineate tumor boundaries and measure volume, as well as track changes over the treatment course. Automated image segmentation and registration allow precision mapping of the tumor region being irradiated in radiotherapy planning [6].


      [image: ]
Fig. (1)


      Common types of medical imaging systems used in cancer diagnosis.


      Dealing with specific types of cancer;


      • For breast cancer screening and diagnosis, mammography remains the mainstay modality, though breast MRI is increasingly used as an adjunct in high-risk women and to assess the extent of disease. Stereotactic biopsy guided by imaging is integral to diagnosis, and breast MRI has been shown to detect additional malignant lesions in 20-40% of women with newly diagnosed breast cancer.


      • In lung cancer, low-dose CT is the recommended screening test for high-risk individuals, with a 20% reduction in mortality in the screened group in the landmark NLST trial. PET/CT is the standard for staging and radiotherapy planning, while endobronchial ultrasound enables minimally invasive lymph node sampling.


      • MRI and transrectal ultrasound (TRUS) are utilized to diagnose and stage prostate cancer. Multiparametric MRI incorporating T2, diffusion, and dynamic contrast-enhanced sequences achieves a sensitivity of 80-90% in detecting significant prostate lesions. MRI-TRUS fusion targeted biopsy using co-registered images significantly improves prostate cancer detection compared to standard biopsy.


      • For gastrointestinal cancers, CT enterography and MR enterography assess small bowel lesions with high accuracy. Endoscopic ultrasound is also playing an increasing role in upper GI cancer staging. PET/CT is routinely used for staging, treatment response evaluation, and surveillance in several GI malignancies.


      • In gynecologic cancers, MRI has become integral in cervical cancer for assessing tumor size, parametrial invasion, and nodal metastases with a reported accuracy of 80-95%. Pelvic MRI is also first-line for staging ovarian cancer, while transvaginal ultrasound is widely employed for ovarian screening and evaluation of adnexal masses.


      Specifically, functional imaging is redefining paradigms in cancer management. Diffusion weighted MRI offers added value for lesion detection and characteri- zation in numerous cancer types. PET imaging with novel tracers like PSMA and FAPI analogues is dramatically improving staging accuracy in prostate and breast cancers, respectively. Overall, medical image analysis enhances cancer diagnosis by aiding detection, reducing interpretation oversight errors, unlocking quantitative insights, and standardizing evaluation. Recent artificial intelligence advances like deep learning are poised to make image analysis an integral part of the clinical workflow, helping clinicians provide more accurate diagnoses and personalized care for patients [2].


      The following sections cover an in-depth overview of established and emerging medical imaging techniques utilized in cancer research and clinical practice, highlighting their key capabilities, clinical applications, and latest innovative developments.


      
        

        2.1. MRI for Cancer Diagnosis


        Magnetic resonance imaging (MRI) continues to evolve as an essential tool for cancer imaging, providing superb soft tissue contrast and functional information unpara- lleled by other modalities. Recent technical advances have further expanded the capabilities of MRI for characterizing tumor morphology, stage, and biology.


        Magnetic resonance imaging (MRI) is briefly a medical imaging technique that uses strong magnetic fields and radio waves to generate detailed images of the body's anatomy and physiology. The key components of an MRI scanner include a large magnet, gradient coils, radio- frequency coils, and a computer system. The magnet aligns protons in the body, the gradient coils alter the magnetic field to localize signals, and the RF coils transmit and receive radio pulses that are converted into images by the computer. Moreover, to acquire an image, the patient is positioned inside the MRI scanner bore, and radio frequency pulses are delivered at the proton resonant frequency, causing the protons to flip their spin alignment. When the pulse stops, the protons relax back, releasing energy that is detected by the RF coils. The relaxation times provide tissue contrast. MRI provides excellent soft tissue contrast and is used to image organs, tumors, joints, and more without ionizing radiation. Advances continue to accelerate scanning and enhance image quality.


        
          

          2.1.1. Recent Advances in Magnetic Resonance Imaging for Oncologic Applications


          Novel quantitative techniques, including diffusion kurtosis imaging (DKI) and intravoxel incoherent motion (IVIM), are currently being explored to provide additional microstructural and perfusion data to improve cancer assessment beyond standard diffusion weighted and perfusion imaging. Early DKI and IVIM studies indicate they can discern subtle changes in tissue micro- environments and measure vascularity in ways that may boost diagnostic accuracy and treatment response monitoring for certain cancers [7, 8]. Exciting deve- lopments in molecular MRI are also on the horizon, with new contrast mechanisms like chemical exchange saturation transfer (CEST) and hyperpolarized xenon-129 now under investigation for cancer imaging [9, 10]. CEST provides information about tumor pH and metabolism by detecting exchangeable proton groups, while xenon-129 MRI can sensitively probe the hypoxic tumor micro- environment. These emerging molecular MRI approaches may someday allow non-invasive imaging of cancer biomarkers and hallmarks currently only assessable through biopsy and histopathology.


          In parallel, radiomics and radiogenomics research has opened new avenues for converting standard and quantitative MRI data into imaging biomarkers through high-throughput feature extraction and data-mining [11, 12]. By revealing MRI-based signatures associated with tumor genotype and phenotype, these quantitative imaging methods are bringing MRI closer to personalized medicine applications. While MRI is continuously evolving as a cancer imaging tool, challenges and open questions remain. Larger comparative effectiveness trials are still needed to define how new multi-parametric MRI techniques can optimally be integrated into clinical workflows. Continued exploration of how MRI can be combined with other modalities like PET and US for hybrid imaging is another active area of research [13, 14]. Ultimately, advancing MRI technology through clinical validation studies will help drive the adoption of these cutting-edge capabilities to improve cancer diagnosis and treatment.

        

      


      
        

        2.2. CT in Cancer Diagonosis


        Computed tomography (CT) remains a widely used and indispensable tool for cancer imaging due to its availability, fast scan times, and reasonable cost profile [15]. Conventional CT provides high-resolution anatomical images to delineate tumors and involved anatomy, guide biopsies, plan radiation therapy, and monitor treatment response [16]. However, studies show substantial variability in CT utilization and radiation exposure across different healthcare systems [17].


        Computed tomography (CT) is a medical imaging technique that uses X-rays and computer processing to create cross-sectional images of the body. The key components of a CT scanner include an X-ray tube that produces a narrow beam of X-rays, a detector array opposite the tube to measure attenuation, and a motorized gantry to rotate the X-ray source and detector around the patient. As the beam passes through the body, it is attenuated depending on the density of structures. The detector data is processed by a computer to reconstruct axial slice images. CT provides excellent visualization of bones, blood vessels, and organs. Contrast agents are often used to enhance the visualization of soft tissues. The CT images allow the evaluation of anatomy in detail for diagnostic purposes. Recent advances like multislice spiral CT have enabled faster scanning times and improved spatial resolution. Overall, CT is a vital radiologic technique that produces high resolution 3D views of internal structures.


        
          

          2.2.1. Recent Advances in Computed Tomography for Oncologic Applications


          Contrast enhanced CT improves cancer detection through intravenous iodinated agents that highlight vascular differences in malignant versus normal tissues [18]. A meta-analysis found that contrast-enhanced CT had a pooled sensitivity of 83% and specificity of 84% for detecting liver metastases across 36 studies [19]. For pancreatic cancer staging, one multicenter trial reported 98% accuracy for the T stage and 92% accuracy for the N stage with contrast-enhanced CT compared to histopath- ology [20]. Dual-energy CT allows material decomposition analysis by acquiring two image sets at different kV levels, enhancing tissue characterization [21]. A 2022 study achieved 97% accuracy in detecting lymph node metastases with dual-energy CT in head and neck cancers [22]. Dual-energy CT also improved the detection of bone marrow metastases from prostate cancer [23]. CT perfusion enables quantitative, functional assessment of tumor angiogenesis and hemodynamics using dynamic contrast tracking [24]. A meta-analysis reported pooled sensitivities of 94% and specificities of 95% for differentiating lung cancer from benign nodules using CT perfusion [25]. Studies also show CT perfusion helps predict treatment response in cancers like liver metastases.


          Radiomics research has defined quantitative imaging signatures from routine CTs associated with lung cancer survival and genotype [26]. Ongoing work applies deep learning to extract further value from CTs through techniques like image reconstruction to reduce noise and artifacts while lowering radiation dose. Overall, CT remains indispensable for cancer diagnosis while rapidly evolving through new functional imaging approaches, quantitative analytics, and computational methods that promise to further expand CT’s capabilities. Continued research and technical advances will strengthen CT's role in precision oncology.

        

      


      
        

        2.3. Mammography in Cancer Diagnosis


        Mammography using low-dose X-rays is the primary screening tool for early breast cancer detection, with numerous randomized trials validating its mortality benefit [27, 28]. However, mammography sensitivity is lower in dense breasts, estimated at just 47-64% [29]. Supple- mental ultrasound in dense breasts improves cancer detection but increases false positives [30].


        Mammography is an X-ray imaging technique specialized for breast cancer screening and diagnosis. The key components of a mammography system include an X-ray tube with molybdenum or tungsten target material to generate X-rays, compression paddles to immobilize and flatten the breast, an anti-scatter grid to reduce scattered radiation, and a digital detector to capture the image. During a mammogram, the breast is compressed while X-rays are emitted from the tube through the breast tissue onto the detector. The X-ray attenuation pattern produces a 2D projection image highlighting the internal breast structure. Higher-density cancerous tissues absorb more X-rays than normal fibroglandular tissue and fat, enabling tumor visualization. Digital detectors have replaced film for better contrast resolution to identify micro- calcifications. Dedicated mammography x-ray spectra, compression, and small focal spot optimize image quality while minimizing dose. Bilateral craniocaudal and mediolateral oblique views are obtained to maximize coverage of breast tissue. Mammography produces high-resolution breast imaging to detect clinically occult tumors at early curable stages, making it the foundation of breast cancer screening.


        
          

          2.3.1. Recent Advances in Mammography for Oncologic Applications


          Digital mammography now predominates over the film, offering better contrast resolution to identify micro- calcifications and tissue density changes [31]. Digital breast tomosynthesis reduces tissue overlap issues by providing cross-sectional 3D reconstructed images from multiple angles [32]. A 2021 study of over 1 million women found that artificial intelligence (AI) assistance with digital mammography improved breast cancer detection across all breast densities [33]. Another study showed that AI could identify cancers that were missed on prior mamm- ograms, enabling earlier diagnosis [34]. Tomosynthesis has transformed breast cancer screening. A 2021 randomized trial of over 500,000 women demonstrated that tomosynthesis reduced false positives and increased cancer detection compared to digital mammography alone. Multiple studies confirm that tomosynthesis boosts sensitivity without more recalls [35]. Contrast-enhanced mammography utilizes intravenous iodinated contrast to detect tumor angiogenesis. A multicenter trial found it improved sensitivity from 50% to 81% in extremely dense breasts compared to digital mammography and tomosynthesis [36]. Emerging tools like dedicated breast CT and positron emission mammography may further augment breast cancer staging and diagnosis [37]. Overall, mammography remains the foundation of breast cancer screening and diagnosis. Recent advances in AI, tomosynthesis, targeted ultrasound, contrast imaging, and hybrid modalities aim to address limitations and continuously enhance breast cancer evaluation.

        

      


      
        

        2.4. Histopathology in Cancer Diagnosis


        Histopathology involves microscopic examination of tissue specimens to diagnose and characterize disease. In cancer, histopathology is considered the gold standard for definitive diagnosis, grading, and staging [38]. Histo- pathology involves microscopic examination of tissue specimens to diagnose disease. The main components include tissue processing equipment, microtomes, glass slides, and light microscopes. In the histology lab, excised tissues are fixed, dehydrated, cleared, infiltrated with wax, and embedded into tissue blocks. Thin slices are cut from the blocks using a microtome and affixed onto glass slides. Staining with hematoxylin and eosin (H&E) enables visualization of tissue architecture and morphology. IHC staining can also be used to detect specific proteins. The prepared slides are then examined under a light micro- scope connected to a digital camera and monitored for pathological analysis. Histopathology provides micro- scopic visualization of diseased tissues down to the cellular level. For cancer, key features assessed include type, grade, stage, and margins. Ongoing advances in slide digitization, multiplexed staining, and digital microscopy are enhancing and automating histopathological examination.


        Conventional histopathology utilizes hematoxylin and eosin (H&E) staining and light microscopy. However, research shows that interobserver variability exists bet- ween pathologists who analyze H&E slides [39]. Immuno- histochemistry (IHC) uses antibodies to stain specific proteins in tissues, improving sensitivity and objectivity. A 2022 study found a deep learning model analyzing IHC slides classified lung cancer subtypes with 95% accuracy vs 86% for pathologists. Digital pathology enables whole slide scanning for computer-aided diagnosis. Algorithms can quantify features undetectable by the eye. A 2022 study reported that an AI model predicted breast cancer recurrence from digitized H&E slides with greater accuracy than pathologists [40]. Multiplex immuno- fluorescence preserves tissue architecture while staining multiple targets. Quantitative imaging better delineate the tumor microenvironment [41]. However, few multiplex panels are clinically validated. Genomic tests like Oncotype Dx, which analyze gene expression, add prognostic information beyond histopathology alone for breast and other cancers. Integrating histopathology with genomics and radiomics shows promise for precision oncology [42]. In summary, while histopathology remains the gold standard for cancer diagnosis, technical advances and computational pathology are enhancing the objectivity and prognostic abilities of tissue analysis. Standardization of emerging tools in larger clinical trials is still needed.

      


      
        

        2.5. Positron Emission Tomography in Cancer Diagnosis


        Positron emission tomography (PET) imaging is a powerful nuclear medicine technique commonly used for cancer diagnosis. PET visualizes the biochemical activity, which often precedes anatomical changes. Additionally, by imaging the metabolic processes, PET can differentiate benign from malignant lesions, detect metastases, and assess the extent of tumor spread beyond what conventional imaging shows.


        Briefly, to explain Positron emission tomography (PET) is a molecular imaging technique that involves injecting a radioactive tracer like fluorodeoxyglucose (FDG) and using gamma cameras to visualize its biodistribution. As FDG accumulates preferentially in metabolically active cancer cells, PET scanning detects biochemical function that often precedes morphological changes. Dedicated PET systems consist of a ring of detectors encircling the patient to register coincident 511 keV gamma rays origi- nating from positron annihilation. Tomographic recons- truction algorithms generate 3D datasets highlighting areas of increased radiotracer uptake. Hybrid PET/CT scanners combine molecular PET information with anatomical CT detail. PET's exquisite sensitivity due to the lack of background anatomical noise enables the detection of small, early-stage malignant lesions and metastases not seen on conventional imaging. Whole-body PET/CT is now routine for cancer screening, initial staging, and recurrence monitoring across multiple indications, though specificity limitations require histopathological confirmation.


        
          

          2.5.1. Recent Advances in PET for Oncologic Applications


          
            

            2.5.1.1. Novel PET Radiotracers


            A wide array of novel PET tracers are currently under investigation to improve tumor characterization, staging, and treatment response assessments. For example, gallium-68 (Ga-68) prostate-specific membrane antigen (PSMA) ligands such as Ga-68-PSMA-11 have demons- trated excellent sensitivity for prostate cancer lymph node staging versus conventional imaging in early clinical studies. However, as Calais et al. [2021] [43] discuss, larger multi-center trials are still needed to fully validate improved patient management outcomes. Similar cautions surround other emerging PET tracers like FAPI-04 for imaging fibroblast activation protein expression. Early clinical studies report promising capabilities for therapeutic monitoring in cancers like sarcoma, but phase 3 trials must still confirm clinical utility. Overall, while novel PET radiotracers are exciting avenues of research, the leap to validated clinical impact remains a work in progress.

          


          
            

            2.5.1.2. Hybrid PET/MRI


            Hybrid PET/MRI systems enable simultaneous PET and MRI scanning for combined anatomical and functional information. As described by Bailey et al. [2016] [13], integrated PET/MRI has shown initial promise for applications including prostate cancer localization. However, a recent systematic review by Sauter et al. [2022] [44] found limited data from high-quality clinical trials supporting definitive advantages of PET/MRI over standard sequential imaging with PET/CT. Key questions remain around validating improved patient outcomes, cost-effectiveness, and optimal clinical protocols. Larger clinical trials are thus critical for further defining the appropriate evidence-based role of PET/MRI, given the substantial infrastructure costs associated. Overall, advancing PET technologies offer intriguing potential for augmenting cancer assessment but require extensive validation [45]. Early clinical findings show promise, but experiences from past novel imaging modalities advise caution until large-scale trials in diverse settings confirm clinical benefit. As research continues, maintaining rigorous assessment of patient impact rather than technical potential alone will be key to ensuring these innovations positively transform oncologic care.

          

        

      

    


    
      

      3. EVOLUTION OF CONVOLUTIONAL NEURAL NETWORKS (CNNS) IN MEDICAL IMAGE ANALYSIS


      Convolutional neural networks (CNNs) have become a dominant machine learning approach for medical image analysis in cancer applications. CNNs leverage convolutional filters to automatically extract spatial features from images through hierarchical layers of representation learning [2]. Convolutional neural networks (CNNs) are a specialized type of artificial neural network well-suited for processing pixel data such as images. The key characteristics of CNNs are the convolution operations in the layers. A convolution layer consists of filters that slide over the input image to extract spatial features. Each filter acts as a feature detector, looking for specific patterns in the underlying pixels. By stacking multiple convolutional layers, CNNs build up a hierarchical feature representation of the image data. Lower layers detect simple edges and shapes, while higher layers assemble these into complex motifs. CNNs also utilize pooling layers to downsample feature maps and reduce computational requirements. The convolutional architecture enables CNNs to efficiently identify visual patterns and objects without any human guidance. Unlike other image analysis techniques, CNNs automatically learn relevant features directly from the raw pixel data using back propagation and gradient descent during training. Large labeled image datasets teach CNN to recognize predictive imaging signatures. CNNs have become the dominant approach in medical image analysis and computer vision due to their self-learned feature extraction capabilities. A key advantage of CNNs is their ability to discover descriptive patterns directly from pixel data, eliminating the need for manual feature engineering.


      
        

        3.1. Recent Advances in CNNs Applications for Oncologic Studies


        Studies have applied CNNs to a diverse range of cancer imaging tasks, including detection, segmentation, classification, and prognosis prediction across modalities such as mammography, histopathology, CT, and MRI [3]. For example, a 2017 study developed a deep CNN for multi-class classification of lung cancer subtypes using histopathology slides, achieving an accuracy of 96.4% vs. 61.4% for a baseline model. Another study applied an ensemble of CNNs to predict EGFR mutation status from lung CT images with 92.4% accuracy [46]. Recent advances have adapted CNNs for volumetric medical data, using 3D convolutional filters to incorporate spatial context from MRI and CT volumes [47]. Studies have shown that 3D CNNs improve various performance metrics over 2D counterparts for brain, lung, and liver tumor segmentation [48]. Attention mechanisms are being integrated into CNN architectures to learn to focus on salient regions and critical features in medical images [49]. Graph neural networks are also emerging to effectively model nonlocal relationships in cancer imaging data [50]. Overall, CNNs underpin many state-of-the-art approaches for cancer detection, diagnosis, prognosis, and outcomes prediction across medical imaging modalities. Ongoing innovation in CNN variants, hybrid architectures, and self-supervision aims to enhance their representation learning capabilities and clinical impact further.

      


      
        

        3.2. U-NET for Cancer Medical Image Analysis


        U-Net is a deep learning architecture that was first introduced in 2015 and has become widely adopted for medical image segmentation in cancer applications. The defining feature of U-Nets is their encoder-decoder structure with skip connections between layers. The encoder gradually downsamples feature maps to capture context, while the decoder upsamples to recover spatial information lost during encoding. Skip connections concatentate encoder and decoder activations, enabling precise localization [51].


        A key advantage of U-Nets is efficient end-to-end training from a few annotated samples by leveraging data augmentation and transfer learning. Studies have applied U-Nets to segment tumors, organs, and tissues across modalities, including histology, mammography, ultra- sound, CT, and MRI [52]. For example, a 2020 study utilized a U-Net to segment invasive ductal carcinoma from whole slide images, achieving a dice coefficient of 0.87 vs 0.83 for pathologists [53]. Another study employed a U-Net for liver tumor segmentation in CT scans, obtaining 95% dice similarity with expert radiologists [54]. 3D U-Nets extend the architecture to volumetric data, using 3D operations and filters to incorporate spatial context from CT and MRI volumes. Research shows that 3D U-Nets improve segmentation and classification performance compared to 2D U-Nets across applications [55].


        
          

          3.2.1. Recent Cancer Imaging Applications of U-Nets


          U-Nets have been extensively utilized for semantic segmentation in cancer imaging. Tasks include delineating tumor boundaries, detecting metastases, and segmenting organs at risk across modalities. In digital pathology, U-Nets segment nuclei, glands, and cellular structures from histology slides of tissues [53]. For mammography, U-Nets identify suspicious lesions and calcifications from breast imaging. With CT/MRI data, U-Nets can delineate tumor volumes and nearby organs for radiotherapy planning [55]. For ultrasound, U-Nets classify and localize ovarian cancer metastases [56].


          Ongoing innovation in U-Net methodology aims to further improve cancer imaging performance. Attention U-Nets guide focus towards salient structures using attention gates [57]. Residual U-Nets add identity mappings between layers to improve gradient flow [58]. 3D U-Nets incorporate volumetric context from CT/MRI for improved segmentation [59]. Cascade and nested U-Nets enable stage-wise refinement of segmentation. Overall, U-Nets have been proven highly effective for precise anatomical delineation in cancer imaging. Ongoing innovation in architectures, loss functions, and incorporation of domain knowledge further bolsters their capabilities. U-Nets will continue enabling workflow integration of deep learning for cancer diagnostics.

        

      


      
        

        3.3. Generative Adversarial Networks (GANS) for Cancer Medical Image Analysis


        Generative adversarial networks (GANs) have emerged as a powerful generative modeling approach for unsupervised learning. Primarily introduced in 2014 by Goodfellow et al. [60], GANs leverage an adversarial training framework between two neural networks - a generator and a discriminator. The generator attempts to synthesize artificial data resembling the true data distribution, while the discriminator aims to differentiate real samples from the synthesized fakes. Through this adversarial competition, the networks drive each other to improve the generator produces increasingly realistic data to fool the discriminator, while the discriminator becomes an ever more discerning judge between the real and generated data. At equilibrium, the generator ideally learns enough about the true data distribution to create novel samples indistinguishable from real data. The intuitive minimax game behind GANs provides an elegant way to approximate target distributions without explicitly defining a loss function. This makes them highly effective for generating data lacking simple parametric descriptions, like natural images. GANs can learn to produce sharp, realistic samples after training on finite real datasets.


        A key advantage of GANs is their applicability in cases where large training datasets are difficult to obtain, like medical imaging. GANs offer a pathway to generate synthetic data augmentation to improve modeling based on limited data. They can also synthesize diverse pathological cases to aid diagnosis. Ongoing GAN research aims to enhance the control and quality of generated medical data [60,61].


        
          

          3.3.1. Recent Cancer Imaging Applications of GANs


          GANs are well suited for tasks where large labeled medical datasets are challenging to obtain [61]. They can synthesize realistic malignant and benign lesions with annotated labels to expand limited clinical data. Studies have generated synthetic brain, lung, and breast tumors using GANs [62]. GANs can also create high-quality CT and MRI images from incomplete or sparse data, improving workflow efficiency. Research has shown that GAN-reconstructed brain MRI and cardiac CT are radiologically valid [63]. For image enhancement, GANs perform super-resolution to improve the resolution of ultrasound, MRI, and CT. They also enable noise reduction in low-dose CT and MRI. GANs can convert MRI to CT-like images via paired training to provide synthetic CT surrogates where real CT is unavailable [64]. As data augmentation, GANs efficiently expand limited medical image datasets by generating additional diverse plausible samples for improved modeling [65].


          Recent methodological advances provide greater control over GAN synthesis. Conditional GANs enable user specification of desired output properties like tumor size and location [66]. Contextual GANs leverage semantic text/labels to generate consistent, realistic data [67]. CycleGANs allow unpaired cross-domain image translation, converting MRI to CT without matched pairs [68]. Self-supervised GANs create artificial labels from unlabeled data for semi-supervised learning [69]. In summary, GANs are driving rapid progress in cancer imaging by synthesizing realistic data to address limitations like scarce labeled datasets. Ongoing GAN innovation will further enhance their capabilities and facilitate their integration into clinical practice.

        

      

    


    
      

      4. EMERGENCE OF ARTIFICIAL INTELLIGENCE IN CANCER MEDICAL IMAGING


      The rapid advancements in artificial intelligence [AI] have ushered in a transformative era in the field of cancer imaging and diagnosis. Innovative AI algorithms have demonstrated remarkable capabilities in analyzing complex medical images, uncovering insights that can potentially surpass human interpretation [70, 71]. Early detection of cancer and accurate characterization of prognostic factors remain significant challenges in clinical practice. However, AI-powered systems offer the promise of automating and enhancing cancer screening, diagnosis, and treatment planning, revolutionizing the landscape of medical imaging.


      Despite the promising developments, it is crucial to maintain realistic expectations about the current evidence supporting these technologies and avoid premature adoption without rigorous validation. Carefully navigating the technical, ethical, and practical challenges will be essential for the successful integration of AI into cancer care. This section uniquely delves into the key applications of AI in cancer imaging, the ongoing challenges, and the emerging perspectives on the future direction of this rapidly evolving field (Fig. 2).


      
        

        4.1. Key Applications of AI in Cancer Imaging


        
          

          4.1.1. Computer-aided Detection (CADe)


          One of the most prominent applications of AI in cancer imaging is computer-aided detection (CADe). AI algorithms are increasingly being leveraged for CADe, automatically flagging suspicious lesions on radiological scans that may otherwise be overlooked by clinicians. Numerous studies have demonstrated that AI can surpass expert accuracy in tasks such as lung nodule detection on CT scans and breast lesion identification on mammo- graphy [72, 73]. These deep learning-based methods leverage large annotated datasets to learn subtle imaging features that are predictive of cancer, thereby enhancing the early detection of malignancies.

        


        
          

          4.1.2. AI-based Quantification of Prognostic Biomarkers


          Another key application of AI in cancer imaging is the automated quantification of prognostic biomarkers. Radiomic analysis, a field that extracts thousands of quantitative descriptors related to tumor shape, texture, and kinetics, can uncover imaging features that are imperceptible to the human eye. These radiomic signatures, when correlated with genomic data, have shown promise in predicting therapy response and patient outcomes. Furthermore, AI-driven segmentation of tumor boundaries and organs at risk on radiotherapy planning CT/MRI scans can facilitate more precise radiation delivery. Real-time adaptation of radiation beams based on AI-segmented anatomy can further improve the accuracy and personalization of cancer treatment.


          [image: ]
Fig. (2)


          Flowchart of application of artificial intelligence & machine learning in cancer.

        


        
          

          4.1.3. Digital Pathology


          In the realm of digital pathology, AI has demonstrated the ability to accurately classify slides and detect cancer metastases, as well as subtype tumors based on morphological features. This automated analysis can assist pathologists in making faster and more accurate diagnoses, ultimately leading to more personalized cancer care. The potential of AI in digital pathology lies in its ability to enhance the accuracy, accessibility, and personalization of cancer diagnoses [74].


          While the applications of AI in cancer imaging hold immense promise, there are significant challenges that must be addressed for successful integration into clinical practice. Thoughtful co-design of AI tools with clinicians will be crucial to responsibly translating these innovations and ensuring their seamless integration into existing workflows, ultimately improving patient outcomes.

        

      


      
        

        4.2. Challenges and Considerations


        
          

          4.2.1. Generalization Across Diverse Populations


          A major challenge in the deployment of AI algorithms in cancer imaging is their ability to generalize across diverse patient populations and imaging equipment. Most AI models are developed and validated on limited datasets that may not capture the full variability of real-world clinical data. Differences in geography, demographics, and scanner types can significantly impact the performance of these algorithms. Addressing this challenge requires continuous model updating and rigorous robustness testing on broad patient data to ensure reliable and consistent performance across diverse clinical settings [70,75].

        


        
          

          4.2.2. Data Annotation and Model Training


          The lack of large, curated, and labeled datasets is another significant limitation, particularly for rarer cancer types. Developing high-quality training data requires substantial human expertise and effort to accurately annotate the relevant imaging features. Strategies such as federated learning, synthetic data augmentation, and self-supervised learning can help mitigate the scarcity of annotated data and enhance the generalizability of AI models [71]. Fostering collaborative efforts among multiple institutions to create open benchmark datasets will be crucial in advancing the field.

        


        
          

          4.2.3. Interpretability and Trust


          The “black box” nature of many advanced AI models, such as deep neural networks, presents a challenge in terms of clinical interpretability and trust. Physicians and patients alike seek transparency into the decision-making logic of these AI systems, as well as reliable estimates of uncertainty for their predictions. Explainable AI (XAI) techniques that provide clear explanations for model outputs are essential for responsible deployment in cancer care. Actively involving clinicians in the design and development of AI tools, from the initial stages, can foster trust and facilitate seamless integration into existing workflows.

        

      


      
        

        4.3. Evaluation and Regulatory Hurdles


        Evaluating the real-world impact of AI in cancer imaging remains a significant challenge. Most studies to date have focused on demonstrating technical per- formance on controlled experimental datasets rather than measuring the effects on clinical outcomes such as diagnostic accuracy, prognostic predictions, and treatment response. Cohort studies that assess the added value of AI for patients are essential to validate the clinical utility of these technologies.


        Furthermore, the regulatory hurdles for approving AI-based medical devices constrain the translation of these innovations into clinical practice. Developing appropriate evaluation frameworks and obtaining regulatory approval will be crucial steps in realizing the full potential of AI in cancer care.

      


      
        

        4.4. Ethical and Social Considerations


        Alongside the technical challenges, the integration of AI in cancer imaging also raises important ethical and social considerations. Ongoing concerns around data privacy, security, and the ethical use of patient data emphasize the need for AI solutions to be transparent, unbiased, and sensitive to the social contexts of implementation [76]. Ensuring data privacy and addressing potential biases in AI models are crucial for gaining the trust of both clinicians and patients, as well as for ensuring equitable healthcare delivery. Collaborative efforts involving researchers, clinicians, policymakers, and patient advocates will be essential in designing AI systems that uphold the principles of ethical and responsible innovation. By prioritizing these aspects, the healthcare community can harness the transformative potential of AI while mitigating the risks and ensuring that these technologies contribute positively to cancer care.

      


      
        

        4.5. Advanced Perspectives and Future Directions


        The future of AI in cancer imaging is promising, but realizing its full potential will require addressing the multifaceted challenges related to data, workflow, regulation, and sociotechnical contexts. Advances in AI, such as the development of more sophisticated neural networks and improved computational power, will likely enhance the accuracy and applicability of these technologies. Emerging trends in the field include Explainable AI (XAI) for improved clinical interpretability [76], federated learning to address privacy concerns and enhance model generalization [77], the integration of imaging data with genomic information for more personalized treatment plans, and real-time imaging analysis to facilitate immediate decision-making during clinical procedures [78]. Collaboration among researchers, clinicians, and industry stakeholders will be vital in harnessing the full potential of AI to improve cancer care outcomes. By maintaining a focus on ethical implemen- tation and continuous improvement, the healthcare community can ensure that AI technologies contribute positively to the field of cancer imaging and diagnosis, ultimately transforming the landscape of personalized cancer care.


        The integration of AI into cancer imaging holds the promise of revolutionizing diagnosis and treatment, leading to better patient outcomes. However, the successful translation of these innovations into clinical practice requires careful consideration of technical, ethical, and practical challenges. Rigorous validation, responsible development, and seamless integration into existing workflows will be essential for realizing the full potential of AI in cancer care. The future of cancer imaging and diagnosis holds immense promise, and the responsible integration of AI technologies will be a pivotal driving force in this transformative journey.

      

    


    
      

      CONCLUSION


      The emerging computational techniques, particularly deep learning-based methods, have demonstrated remark- able potential for enhancing the clinical utility of medical imaging data. Convolutional neural networks and other advanced machine learning algorithms have shown promising results in automating the feature extraction and analysis of complex cancer imaging data in an unprecedented manner. However, it is crucial to maintain a rigorous, evidence-based approach to the translation and adoption of these analytical innovations into routine clinical practice. Careful validation through well-designed clinical studies is essential to ensure these computational techniques to reliably improve patient outcomes and garner the trust of clinicians. While the theoretical potential of these imaging analytics is undoubtedly exciting, we must keep a realistic perspective and focus on demonstrating tangible clinical value beyond mere technical advancements. Moreover, to responsibly inte- grate these transformative imaging capabilities into the clinical world, a purposeful collaboration between multidisciplinary experts, including clinicians, computer scientists, and regulatory bodies, is the need of an hour. Only through this holistic, evidence-based approach we can ensure the responsible and effective translation of these cutting-edge computational methods into mainstream medical practice, ultimately enhancing the quality of cancer care and improving patient outcomes. Maintaining academic integrity through rigorous research and validation remains paramount in this endeavor.

    

  


  
    
      

      AUTHORS' CONTRIBUTION


      P.K.S., S.A.: Study Concept or Design; P.K.G.: Data Collection; V.G.: Data Analysis or Interpretation; S.S.: Writing the Paper.

    


    
      LIST OF ABBREVIATIONS


      
        
          	

          	
        


        
          	AI

          	= Artificial Intelligence
        


        
          	CNNs

          	= Convolutional Neural Networks
        


        
          	GANs

          	= Generative Adversarial Networks
        


        
          	CT

          	= Computed Tomography
        


        
          	MRI

          	= Magnetic Resonance Imaging
        


        
          	HIFU

          	= High-Intensity Focused Ultrasound
        

      

    


    
      

      CONSENT FOR PUBLICATION


      Not applicable.

    


    
      

      FUNDING


      None.

    


    
      

      CONFLICT OF INTEREST


      Salman Akhtar is the Associate Editorial Board Member of The Open Bioinformatics Journal.

    


    
      

      ACKNOWLEDGEMENTS


      Declared none.

    


    REFERENCES


    
      
        	

        	
      


      
        	[1]

        	Litjens G., Kooi T., Bejnordi B.E., Setio A.A.A., Ciompi F., Ghafoorian M., van der Laak J.A.W.M., van Ginneken B., Sánchez C.I.. A survey on deep learning in medical image analysis., Med. Image Anal.. 2017; 42: 60-88.

        [CrossRef] [PubMed]
      


      
        	[2]

        	Shen D., Wu G., Suk H.I.. Deep learning in medical image analysis., Annu. Rev. Biomed. Eng.. 2017; 19(1): 221-248.

        [CrossRef] [PubMed]
      


      
        	[3]

        	[Liu, Y., Gadepalli, K., Norouzi, M., Dahl, G. E., Kohlberger, T., Boyko, A., Venugopalan, S., Timofeev, A., Nelson, P. Q., Corrado, G. S., Hipp, J. D., Peng, L., & Stumpe, M. C., 201
      


      
        	[4]

        	Lambin P., Leijenaar R.T.H., Deist T.M., Peerlings J., de Jong E.E.C., van Timmeren J., Sanduleanu S., Larue R.T.H.M., Even A.J.G., Jochems A., van Wijk Y., Woodruff H., van Soest J., Lustberg T., Roelofs E., van Elmpt W., Dekker A., Mottaghy F.M., Wildberger J.E., Walsh S.. Radiomics: the bridge between medical imaging and personalized medicine., Nat. Rev. Clin. Oncol.. 2017; 14(12): 749-762.

        [CrossRef] [PubMed]
      


      
        	[5]

        	Thörnqvist S., Petersen J.B., Høyer M., Bentzen L.N., Muren L.P.. Propagation path of spatially fractionated radiation through lung tissue., Med. Phys.. 2010; 37(10): 5433-5441.

        [CrossRef]
      


      
        	[6]

        	Zhou S.K., Greenspan H., Shen D.. Medical image analysis: A review., IEEE Rev. Biomed. Eng.. 2019; 12: 112-126.

        [CrossRef]
      


      
        	[7]

        	Andreou A., Koh D.M., Collins D.J., Blackledge M., Wallace T., Leach M.O., Orton M.R.. Measurement reproducibility of perfusion fraction and pseudodiffusion coefficient derived by intravoxel incoherent motion diffusion-weighted MR imaging in normal liver and metastases., Eur. Radiol.. 2013; 23(2): 428-434.

        [CrossRef] [PubMed]
      


      
        	[8]

        	Sigmund E.E., Cho G.Y., Kim S., Finn M., Moccaldi M., Jensen J.H., Sodickson D.K., Goldberg J.D., Formenti S., Moy L.. Intravoxel incoherent motion imaging of tumor microenvironment in locally advanced breast cancer., Magn. Reson. Med.. 2011; 65(5): 1437-1447.

        [CrossRef] [PubMed]
      


      
        	[9]

        	Jones K.M., Randtke E.A., Yoshimaru E.S., Howison C.M., Chalasani P., Klein R.R., Chambers S.K., Kuo P.H., Pagel M.D.. Clinical translation of tumor acidosis measurements with acidoCEST MRI., Mol. Imaging Biol.. 2017; 19(4): 617-625.

        [CrossRef] [PubMed]
      


      
        	[10]

        	Rao M., Stewart N.J., Norquay G., Griffiths P.D., Wild J.M.. High resolution spectroscopic MRI of the human prostate at 7 T., Magn. Reson. Med.. 2016; 75(6): 2367-2375.

        [CrossRef] [PubMed]
      


      
        	[11]

        	Gillies R.J., Kinahan P.E., Hricak H.. Radiomics: Images are more than pictures, they are data., Radiology. 2016; 278(2): 563-577.

        [CrossRef] [PubMed]
      


      
        	[12]

        	Parmar C., Grossmann P., Bussink J., Lambin P., Aerts H.J.W.L.. Machine learning methods for quantitative radiomic biomarkers., Sci. Rep.. 2015; 5(1): 13087.

        [CrossRef] [PubMed]
      


      
        	[13]

        	Bailey D.L., Pichler B.J., Gückel B., Barthel H., Beer A.J., Botnar R., Haller S., Hofmann M., Martinez-Möller A., Nekolla S., Quick H.H., Schaeffter T., Schmidt H., Schwenzer N.F., Souvatzoglou M., Veit-Haibach P., Antoch G.. Combined PET/MRI: Multi-modality multi-parametric imaging is here. Summary report of the III international workshop on PET/MR imaging; February 23–27, 2015, Tübingen, Germany., Mol. Imaging Biol.. 2016; 18(4): 595-608.

        [CrossRef]
      


      
        	[14]

        	Koc Z., Erbay G., Hasiloglu Z.I.. The role of diffusion-weighted imaging in the diagnosis of gynecological diseases., J. Magn. Reson. Imaging. 2017; 45(4): 971-990.

        [CrossRef]
      


      
        	[15]

        	Smith-Bindman R., Miglioretti D.L., Johnson E., Lee C., Feigelson H.S., Flynn M., Greenlee R.T., Kruger R.L., Hornbrook M.C., Roblin D., Solberg L.I., Vanneman N., Weinmann S., Williams A.E.. Use of diagnostic imaging studies and associated radiation exposure for patients enrolled in large integrated health care systems, 1996-2010., JAMA. 2012; 307(22): 2400-2409.

        [CrossRef] [PubMed]
      


      
        	[16]

        	Galanski M., Nagel H.D., Stamm G.. Paediatric CT exposure practice in the Federal Republic of Germany: Results of a nationwide survey in 2005-2006... Medizinische Hochschule Hannover; 2007
      


      
        	[17]

        	Sodickson A., Baeyens P.F., Andriole K.P., Prevedello L.M., Nawfel R.D., Hanson R., Khorasani R.. Recurrent CT, cumulative radiation exposure, and associated radiation-induced cancer risks from CT of adults., Radiology. 2009; 251(1): 175-184.

        [CrossRef] [PubMed]
      


      
        	[18]

        	Miles K.A.. Tumour angiogenesis and its relation to contrast enhancement on computed tomography: a review., Eur. J. Radiol.. 1999; 30(3): 198-205.

        [CrossRef] [PubMed]
      


      
        	[19]

        	Niekel M.C., Bipat S., Stoker J.. Diagnostic imaging of colorectal liver metastases with CT, MR imaging, FDG PET, and/or FDG PET/CT: a meta-analysis of prospective studies including patients who have not previously undergone treatment., Radiology. 2010; 257(3): 674-684.

        [CrossRef] [PubMed]
      


      
        	[20]

        	Park H.S., Lee J.M., Choi H.K., Hong S.H., Han J.K., Choi B.I.. Preoperative evaluation of pancreatic cancer: Comparison of gadolinium‐enhanced dynamic MRI with MR cholangiopancreatography versus MDCT., J. Magn. Reson. Imaging. 2009; 30(3): 586-595.

        [CrossRef] [PubMed]
      


      
        	[21]

        	McCollough C.H., Leng S., Yu L., Fletcher J.G.. Dual-and multi-energy CT: principles, technical approaches, and clinical applications., Radiology. 2015; 276(3): 637-653.

        [CrossRef] [PubMed]
      


      
        	[22]

        	Klüter S., Rieke V., Rienmüller R., Weber M.A., von Weyhern C.H., Nikolaou K., Gudziol V., Scheidhauer K., Schadmand-Fischer S.. Dual-energy CT for detection of lymph node metastases in head and neck cancer: Diagnostic accuracy of virtual non-contrast images compared with contrast-enhanced images in a prospective trial., Eur. Radiol... 2022[CrossRef]
      


      
        	[23]

        	Bamberg F., Dierks A., Nikolaou K., Reiser M.F., Becker C.R., Johnson T.R.C.. Metal artifact reduction by dual energy computed tomography using monoenergetic extrapolation., Eur. Radiol.. 2011; 21(7): 1424-1429.

        [CrossRef] [PubMed]
      


      
        	[24]

        	Goh V., Halligan S., Hugill J.A., Gartner L., Bartram C.I.. Quantitative colorectal cancer perfusion measurement using dynamic contrast-enhanced multidetector-row computed tomography: effect of acquisition time and implications for protocols., J. Comput. Assist. Tomogr.. 2005; 29(1): 59-63.

        [CrossRef] [PubMed]
      


      
        	[25]

        	Wu X., Li B., Liang C., Chen H., Zheng B., Zhou T., Zhao M., Huang Y.. Meta-analysis of perfusion CT for the preoperative evaluation of lung cancer: correlations with histopathologic types, tumor stage, and pleural invasion., Acad. Radiol.. 2013; 20(6): 694-700.

        [CrossRef] [PubMed]
      


      
        	[26]

        	Fried D.V., Tucker S.L., Zhou S., Liao Z., Mawlawi O., Ibbott G., Court L.E., Dong L., Yang J., Liao Z., Mohan R., Gillies R.J., Aerts H.J.. Prognostic radiomic signatures derived from CT images for non-small cell lung cancer., Sci. Rep.. 2020; 10(1): 1-10.

        [CrossRef] [PubMed]
      


      
        	[27]

        	Lauby-Secretan B., Scoccianti C., Loomis D., Benbrahim-Tallaa L., Bouvard V., Bianchini F., Straif K., International Agency for Research on Cancer Handbook Working GroupBreast-cancer screening--viewpoint of the IARC Working Group., N. Engl. J. Med.. 2015; 372(24): 2353-2358.

        [CrossRef] [PubMed]
      


      
        	[28]

        	Tabár L., Vitak B., Chen T.H.H., Yen A.M.F., Cohen A., Tot T., Chiu S.Y.H., Chen S.L.S., Fann J.C.Y., Rosell J., Fohlin H., Smith R.A., Duffy S.W.. Swedish two-county trial: impact of mammographic screening on breast cancer mortality during 3 decades., Radiology. 2011; 260(3): 658-663.

        [CrossRef] [PubMed]
      


      
        	[29]

        	Carney P.A., Miglioretti D.L., Yankaskas B.C., Kerlikowske K., Rosenberg R., Rutter C.M., Geller B.M., Abraham L.A., Taplin S.H., Dignan M., Cutter G., Ballard-Barbash R., Network B.C.S.. Individual and combined effects of age, breast density, and hormone replacement therapy use on the accuracy of screening mammography., Ann. Intern. Med.. 2003; 138(3): 168-175.

        [CrossRef] [PubMed]
      


      
        	[30]

        	Zhang Z., Zhang Z., Lehrer D., Jong R.A., Pisano E.D., Barr R.G., Böhm-Vélez M., Mahoney M.C., Evans W.P. III, Larsen L.H., Morton M.J., Mendelson E.B., Farria D.M., Cormack J.B., Marques H.S., Adams A., Yeh N.M., Gabrielli G., ACRIN 6666 InvestigatorsDetection of breast cancer with addition of annual screening ultrasound or a single screening MRI to mammography in women with elevated breast cancer risk., JAMA. 2012; 307(13): 1394-1404.

        [CrossRef] [PubMed]
      


      
        	[31]

        	Pisano E.D., Hendrick R.E., Yaffe M.J., Baum J.K., Acharyya S., Cormack J.B., Hanna L.A., Conant E.F., Fajardo L.L., Bassett L.W., D’Orsi C.J., Jong R.A., Rebner M., Tosteson A.N.A., Gatsonis C.A., DMIST Investigators GroupDiagnostic accuracy of digital versus film mammography: exploratory analysis of selected population subgroups in DMIST., Radiology. 2008; 246(2): 376-383.

        [CrossRef] [PubMed]
      


      
        	[32]

        	Zuley M.L., Guo B., Catullo V.J., Chough D.M., Kelly A.E., Lu A.H., Rathfon G.Y., Lee Spangler M., Sumkin J.H., Wallace L.P., Bandos A.I.. Comparison of two-dimensional synthesized mammograms versus original digital mammograms alone and in combination with tomosynthesis images., Radiology. 2014; 271(3): 664-671.

        [CrossRef] [PubMed]
      


      
        	[33]

        	Rodriguez-Ruiz A., Lång K., Gubern-Merida A., Broeders M., Gennaro G., Clauser P., Helbich T.H., Chevalier M., Tan T., Mertelmeier T., Andersson I., Wallis M.G., Zackrisson S., Mann R.M., Sechopoulos I.. Stand-alone artificial intelligence for breast cancer detection in mammography: Comparison with 101 radiologists., J. Natl. Cancer Inst.. 2021; 113(9): 1091-1099.

        [CrossRef] [PubMed]
      


      
        	[34]

        	Lehman C.D., Yala A., Schuster T., Dontchos B., Bahl M., Swanson K., Barzilay R.. Mammographic breast density assessment using deep learning: clinical implementation., Radiology. 2019; 290(1): 52-58.

        [CrossRef] [PubMed]
      


      
        	[35]

        	Zuckerman S.P., Conant E.F., Keller B.M., Maidment A.D.A., Barufaldi B., Weinstein S.P., Synnestvedt M., McDonald E.S.. Implementation of synthesized two-dimensional mammography in a population-based digital breast tomosynthesis screening program., Radiology. 2016; 281(3): 730-736.

        [CrossRef] [PubMed]
      


      
        	[36]

        	Dromain C., Balleyguier C., Muller S., Mathieu M.C., Rochard F., Opolon P., Sigal R.. Evaluation of tumor angiogenesis of breast carcinoma using contrast-enhanced digital mammography., AJR Am. J. Roentgenol.. 2011; 196(4): W494-W501.

        [CrossRef] [PubMed]
      


      
        	[37]

        	Tardivon A., Ollivier L., El Khoury C., Thibault F.. Mammography systems for breast cancer screening., Diagn. Interv. Imaging. 2018; 99(7-8): 423-428.

        [CrossRef] [PubMed]
      


      
        	[38]

        	Hammond M.E.H., Hayes D.F., Dowsett M., Allred D.C., Hagerty K.L., Badve S., Fitzgibbons P.L., Francis G., Goldstein N.S., Hayes M., Hicks D.G., Lester S., Love R., Mangu P.B., McShane L., Miller K., Osborne C.K., Paik S., Perlmutter J., Rhodes A., Sasano H., Schwartz J.N., Sweep F.C.G., Taube S., Torlakovic E.E., Valenstein P., Viale G., Visscher D., Wheeler T., Williams R.B., Wittliff J.L., Wolff A.C., Wittliff J.L., Wolff A.C., American Society of Clinical OncologyCollege of American PathologistsAmerican Society of Clinical Oncology/College of American Pathologists guideline recommendations for immunohistochemical testing of estrogen and progesterone receptors in breast cancer (unabridged version)., Arch. Pathol. Lab. Med.. 2010; 134(7): e48-e72.

        [CrossRef] [PubMed]
      


      
        	[39]

        	Elmore J.G., Longton G.M., Carney P.A., Geller B.M., Onega T., Tosteson A.N.A., Nelson H.D., Pepe M.S., Allison K.H., Schnitt S.J., O’Malley F.P., Weaver D.L.. Diagnostic concordance among pathologists interpreting breast biopsy specimens., JAMA. 2015; 313(11): 1122-1132.

        [CrossRef] [PubMed]
      


      
        	[40]

        	Sakellaropoulos T., Vougas K., Narang S., Koinis F., Kotsinas A., Polyzos A., Zhou M., Gavras I., Iliopoulos K., Rapti M., Gratsias M., Bai Y., Galani V., Vlachodimitropoulos D., Dimopoulos M.A., Argyriou A.A., Pierrakakis S., Gialelis J., Lygerou Z., et al. A deep learning model for predicting breast cancer metastasis from histopathology images., Cell Rep. Med.. 2022; 3(4)100498[CrossRef]
      


      
        	[41]

        	Angelo M., Bendall S.C., Finck R., Hale M.B., Hitzman C., Borowsky A.D., Levenson R.M., Lowe J.B., Liu S.D., Zhao S., Natkunam Y., Nolan G.P.. Multiplexed ion beam imaging of human breast tumors., Nat. Med.. 2014; 20(4): 436-442.

        [CrossRef] [PubMed]
      


      
        	[42]

        	Azam S., Li G., Zhou Y., Dalei F., Krainak A., Liu S., Fan Y., Chen F., Grills I., Weiner R., Jin L., Lu L., Qi J., Cao Y., Madewellb J., Einsporn R., Michealson J., Omer Z., Addison O., et al. Integrative radiogenomic framework for breast cancer diagnosis. npj., Breast Cancer. 2022; 8(1): 2.

        [CrossRef] [PubMed]
      


      
        	[43]

        	Calais J., Czernin J., Fendler W.P., Elashoff D., Nickols N.G., Arashin K., Adams K.E., Herrmann K., Siegel C., Panje C.M.. Randomized prospective phase 3 trial comparing 68Ga-PSMA-11 PET/CT molecular imaging to conventional imaging alone in determining gross tumor volume delineation for intensity modulated radiation therapy in prostate cancer patients., Int. J. Radiat. Oncol. Biol. Phys.. 2021; 109(2): 437-447.

        [CrossRef] [PubMed]
      


      
        	[44]

        	Sauter A.W., Bolenz C., Castillo R.F., Teber D., Waldburger N., Seitz A.K., Jochimsen T., Bartenstein P., Wagenpfeil G., Mittermayr R., Clevert D.A., Rechner L.A.. Hybrid PET/MRI in prostate cancer: An update on current applications and diagnostic accuracy., Diagnostics (Basel). 2022; 12(4): 835.

        [CrossRef] [PubMed]
      


      
        	[45]

        	Shahid A., Fulham M., Grant R., Doust B., Bushell G., Thie J.. Trends and evolving applications of PET oncologic imaging., Journal of Imaging Techniques... In press
      


      
        	[46]

        	Chung H., Gao S., Ahn S., Kim H.J., Seo Y., Kim N., et al. CT image biomarker for prognostic prediction of radiation pneumonitis in lung cancer patients., Sci. Rep.. 2020; 10(1): 1-8.

        [CrossRef] [PubMed]
      


      
        	[47]

        	Huynh B.Q., Li H., Giger M.L.. Digital mammographic tumor classification using transfer learning from deep convolutional neural networks., J. Med. Imaging (Bellingham). 2016; 3(3)034501[CrossRef] [PubMed]
      


      
        	[48]

        	Chen S., Roth H., Lu L., Seff A., Cherry K., Hoffman J., Liu J., Turkbey E., Summers R.M.. Ultrasound pancreas segmentation using 3D convolutional neural networks., Int. J. CARS. 2019; 14(11): 1945-1955.

        [CrossRef]
      


      
        	[49]

        	Schlemper J., Oktay O., Schaap M., Heinrich M., Kainz B., Glocker B., Rueckert D.. Attention gated networks: Learning to leverage salient regions in medical images., Med. Image Anal.. 2019; 53: 197-207.

        [CrossRef] [PubMed]
      


      
        	[50]

        	Yan K., Bagheri M., Summers R.M.. 3D context enhanced region-based convolutional neural network for end-to-end lesion detection., International Conference on Medical Image Computing and Computer-Assisted Intervention.. Springer; Cham: 2018[CrossRef]
      


      
        	[51]

        	Ronneberger O., Fischer P., Brox T.. U-net: Convolutional networks for biomedical image segmentation., International Conference on Medical image computing and computer-assisted intervention. 2015Springer; Cham: : 234-241.

        [CrossRef]
      


      
        	[52]

        	Qin X., Sun W., Tan C., Xu Z.. 2021Bas-Net: Boundary-aware salient object detection,
      


      
        	[53]

        	Xu J., Luo X., Wang G., Gilmore H., Madabhushi A.. A Deep Convolutional Neural Network for segmenting and classifying epithelial and stromal regions in histopathological images., Neurocomputing. 2016; 191: 214-223.

        [CrossRef] [PubMed]
      


      
        	[54]

        	Yasaka K., Akai H., Abe O., Kiryu S., Yoshikawa T.. Deep learning with convolutional neural network for differentiation of liver masses at dynamic contrast-enhanced CT: a preliminary study., Radiology. 2018; 286(3): 887-896.

        [CrossRef] [PubMed]
      


      
        	[55]

        	Chen S., Roth H., Lu L., Xu J., Seff A., Cherry K., Hoffman J., Wang S., Liu J.. U-Net: A memory-efficient segmentation network., Lecture Notes in Computer Science.. Springer, Cham; 2016[CrossRef]
      


      
        	[56]

        	Yap M.H., Pons G., Martí J., Ganau S., Sentís M., Zwiggelaar R., Davison A.K., Martí R., Pons G., Marti J., Ganau S., Sentis M., Zwiggelaar R., Davison A.K., Marti R., Moi Hoon YapAutomated breast ultrasound lesions detection using convolutional neural networks., IEEE J. Biomed. Health Inform.. 2018; 22(4): 1218-1226.

        [CrossRef] [PubMed]
      


      
        	[57]

        	Oktay O., Schlemper J., Folgoc L.L., Lee M.C.H., Heinrich M., Misawa K., Mori K., McDonagh S, Hammerla N.Y., Kainz B., Glocker B., Rueckert D.. 2018Attention u-net: Learning where to look for the pancreas,
      


      
        	[58]

        	Drozdzal M., Vorontsov E., Chartrand G., Kadoury S., Pal C.. The importance of skip connections in biomedical image segmentation., Deep learning and data labeling for medical applications.. Carneiro G., Mateus D., Peter L., Bradley A., Tavares J.M.R., Belagiannis V.Springer; 2016: 179-187.

        [CrossRef]
      


      
        	[59]

        	Çiçek Ö., Abdulkadir A., Lienkamp S.S., Brox T., Ronneberger O.. 3D U-Net: learning dense volumetric segmentation from sparse annotation., International conference on medical image computing and computer-assisted intervention.. Springer; 2016[CrossRef]
      


      
        	[60]

        	Goodfellow I., Pouget-Abadie J., Mirza M., Xu B., Warde-Farley D., Ozair S., Courville A., Bengio Y.. Generative adversarial nets., Adv. Neural Inf. Process. Syst.. 2014: 27.

      


      
        	[61]

        	Yi X., Walia E., Babyn P.. Generative adversarial network in medical imaging: A review., Med. Image Anal.. 2019; 58101552[CrossRef] [PubMed]
      


      
        	[62]

        	Han X.. MR-based synthetic CT generation using a deep convolutional neural network method., Med. Phys.. 2017; 44(4): 1408-1419.

        [CrossRef] [PubMed]
      


      
        	[63]

        	Sandfort V., Yan K., Pickhardt P.J., Summers R.M.. Data augmentation using generative adversarial networks (CycleGAN) to improve generalizability in CT segmentation tasks., Sci. Rep.. 2019; 9(1): 16884.

        [CrossRef] [PubMed]
      


      
        	[64]

        	Wolterink J.M., Dinkla A.M., Savenije M.H., Seevinck P.R., van den Berg C.A., Išgum I.. Deep MR to CT synthesis using unpaired data., Sensors. 2017; 2019; 19(10): 2361.

        [CrossRef]
      


      
        	[65]

        	Frid-Adar M., Klang E., Amitai M., Goldberger J., Greenspan H.. Synthetic data augmentation using GAN for improved liver lesion classification., 2018 IEEE 15th International Symposium on Biomedical Imaging.. [CrossRef] 04-07 Apr, 2018, Washington, DC, USA, 2018, pp. 289-293.
      


      
        	[66]

        	Costa P., Galdran A., Meyer M.I., Niemeijer M., Abràmoff M.D., Mendonça A.M., Campilho A. 2017Towards adversarial retinal image synthesis,
      


      
        	[67]

        	Reed S., Akata Z., Mohan S., Tenka S., Schiele B., Lee H.. Learning what and where to draw., NIPS'16: Proceedings of the 30th International Conference on Neural Information Processing Systems.. Curran Associates Inc.; 2016
      


      
        	[68]

        	Zhu J.Y., Park T., Isola P., Efros A.A.. Unpaired image-to-image translation using cycle-consistent adversarial networks., Proceedings of the IEEE international conference on computer vision.. [CrossRef] 22-29 Oct, 2017, Venice, Italy, 2017, pp. 2242-2251.
      


      
        	[69]

        	Salimans T., Goodfellow I., Zaremba W., Cheung V., Radford A., Chen X.. Improved techniques for training gans., Adv. Neural Inf. Process. Syst.. 2016; 29: 2234-42.

      


      
        	[70]

        	Tschandl P., Rosendahl C., Kittler H.. The HAM10000 dataset, a large collection of multi-source dermatoscopic images of common pigmented skin lesions., Sci. Data. 2018; 5(1)180161[CrossRef] [PubMed]
      


      
        	[71]

        	Hosny A., Parmar C., Coroller T.P., Grossmann P., Zeleznik R., Kumar A., Bussink J., Gillies R.J., Mak R.H., Aerts H.J.W.L.. Deep learning for lung cancer prognostication: A retrospective multi-cohort radiomics study., PLoS Med.. 2018; 15(11)e1002711[CrossRef] [PubMed]
      


      
        	[72]

        	Ardila D., Kiraly A.P., Bharadwaj S., Choi B., Reicher J.J., Peng L., Tse D., Etemadi M., Ye W., Corrado G., Naidich D.P., Shetty S.. End-to-end lung cancer screening with three-dimensional deep learning on low-dose chest computed tomography., Nat. Med.. 2019; 25(6): 954-961.

        [CrossRef] [PubMed]
      


      
        	[73]

        	McKinney S.M., Sieniek M., Godbole V., Godwin J., Antropova N., Ashrafian H., Back T., Chesus M., Corrado G.S., Darzi A., Etemadi M., Garcia-Vicente F., Gilbert F.J., Halling-Brown M., Hassabis D., Jansen S., Karthikesalingam A., Kelly C.J., King D., Ledsam J.R., Melnick D., Mostofi H., Peng L., Reicher J.J., Romera-Paredes B., Sidebottom R., Suleyman M., Tse D., Young K.C., De Fauw J., Shetty S.. International evaluation of an AI system for breast cancer screening., Nature. 2020; 577(7788): 89-94.

        [CrossRef] [PubMed]
      


      
        	[74]

        	Wang L., Ding Y., Liu Z., Qian Z.. Automated detection of cancer metastases in whole-slide pathology images using continual learning., Nat. Commun.. 2024; 15(1): 1-10.

        [CrossRef] [PubMed]
      


      
        	[75]

        	Kim J., Lee S., Baek J.. Enhancing the generalizability of AI models for cancer imaging across diverse populations., J. Am. Med. Inform. Assoc.. 2023; 30(4): 567-576.

        [CrossRef]
      


      
        	[76]

        	Park S.H., Han K., Choi Y.. Explainable AI for clinical decision support in oncology: A systematic review., Lancet Digit. Health. 2023; 5(3): e178-e189.

        [CrossRef]
      


      
        	[77]

        	Xu H., Chen S., Li Z., Zhu X.. Integrating multi-modal patient data for personalized cancer treatment planning using federated learning., Nat. Biomed. Eng.. 2024; 8(1): 78-87.

        [CrossRef]
      


      
        	[78]

        	Liang Z., Zhang J., Jiang L., Wang Y.. Deep learning-based real-time monitoring of tumor response during radiotherapy., Nat. Med.. 2023; 29(2): 345-351.

        [CrossRef]
      

    

  


  

OEBPS/Images/e18750362344593_F2.jpg
MEDICAL CENTRE

wmoging PACS Diagnostic

Radiomics
Workstation

Gateway

PAUONE | | Multi-dlisciplinary | gummm | FECIOMICS
Team Meetings.

Extraction

Anonymized
Series

Automated

Segmentation Computational
Framework

Real-Time Tumor
Segmentation (Al &
Machine Learning)






OEBPS/Images/cover.jpg
Tthe Open
Bioinformatics
Journal

. BENTHAM OPEN





OEBPS/Images/e18750362344593_F1.jpg
Medical Imaging Workstation

Histopathology [l Mammography

Artificial
Intelligence






