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ABSTRACT

Medical imaging plays a central role in modern medicine, underpinning disease diagnosis, staging, therapeutic evaluation, and
longitudinal follow-up. However, conventional image interpretation remains limited by low efficiency, variable consistency, and
heavy reliance on clinical expertise. Recent advances in artificial intelligence (Al) —particularly deep learning, radiomics, and
general large language models (LLMs)—have opened new avenues for intelligent image analysis and clinical decision-making.
Leveraging multimodal data integration and natural language generation, LLMs enable comprehensive interpretation that
unifies imaging findings with clinical records, laboratory tests, and molecular profiles, thereby improving the efficiency,
consistency, and interpretability of diagnostic and prognostic workflows. Here, we provide a systematic overview of the
evolution and applications of Al in medical imaging, examine key challenges in data quality, algorithmic development, and
clinical translation, and highlight future directions including multimodal integration, human — Al collaboration, and privacy-
preserving frameworks. Collectively, emerging evidence indicates that LLMs and allied Al technologies are reshaping medical
imaging toward more intelligent, individualized, and full-cycle clinical support, offering critical momentum for precision
medicine.
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1 Introduction

Medical imaging is a cornerstone of modern medicine, serving as a critical tool for disease diagnosis, staging,
therapeutic evaluation, and long-term follow-up. With continued advances in X-ray, CT, MRI, and PET technologies,
clinicians are now able to observe structural and functional alterations in the human body with greater precision and
comprehensiveness, driving medicine toward increasing precision and individualization. Beyond its role in early disease
detection, imaging also provides indispensable support for treatment planning and therapeutic monitoring.

Despite its importance, conventional approaches to image interpretation are hampered by inefficiency, inconsistency,
and heavy dependence on physician expertise. The vast volume and complexity of imaging data often exceed the limits
of human review within constrained clinical time, raising the risk of missed or inaccurate diagnoses. In recent years,
artificial intelligence (Al) —particularly deep learning and radiomics—has provided effective strategies for automated
analysis and intelligent interpretation of medical images. More recently, the rapid emergence of general large language
models (LLMs) has further expanded the scope of imaging Al. Beyond processing visual data, LLMs exhibit powerful
capabilities in natural language generation and multimodal integration, enabling the fusion of imaging results with
clinical records, laboratory findings, and molecular information "%, These capabilities allow LLMs to deliver integrated
decision support, thereby advancing the intelligence and efficiency of healthcare services.

In this article, we systematically examine the current applications and future directions of LLMs in medical imaging. We
first analyze the clinical value of medical imaging and the key challenges it faces, then review the technological evolution
of Al in this domain. We place particular emphasis on the applications of LLMs in disease staging, treatment evaluation,
and follow-up management, before addressing data, technical, and translational barriers . Finally, we outline prospects
for multimodal integration and human-Al collaboration as drivers of the next phase of development.

2 The value and challenges of medical imaging

Medical imaging plays an irreplaceable role in disease management, with its value most evident in three key domains:
early diagnosis, accurate staging, and therapeutic evaluation. Imaging technologies can directly depict the morphological
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characteristics of lesions and, through functional and molecular imaging, reveal underlying physiological and metabolic
processes, thereby providing clinicians with a more comprehensive diagnostic foundation. In early diagnosis, imaging
enables the detection of abnormalities even when clinical symptoms are atypical or specific biomarkers are absent. For
example, low-dose CT has markedly improved the detection rate of early lung lesions in cancer screening **, while MRI
demonstrates unique advantages in diagnosing central nervous system disorders . For disease staging, imaging results
can delineate lesion extent, depth of invasion, and metastatic status, thereby offering crucial guidance for individualized
treatment planning. In therapeutic evaluation and long-term follow-up, imaging facilitates objective assessment of
treatment response through longitudinal comparisons, allowing clinicians to adjust strategies in a timely manner,
ultimately improving therapeutic outcomes and patient survival.

Despite these strengths, the clinical application of medical imaging faces considerable challenges. The rapid growth in
imaging data has significantly increased the interpretive burden on physicians, making thorough review of all images
impractical and raising the risk of missed or inaccurate diagnoses. Moreover, image interpretation is inherently subjective:
variations in physician experience and interpretive standards often lead to inconsistent diagnostic conclusions,
undermining treatment standardization. With the widespread adoption of multimodal imaging, data complexity has
further intensified, spanning anatomical, functional, and molecular dimensions. Efficient and accurate integration of these
heterogeneous sources remains a formidable challenge in image analysis. In addition, current evaluation systems fall
short in capturing the complexity of treatment responses, and the full potential of imaging for prognostication and long-
term follow-up has yet to be realized. Collectively, these issues underscore the urgent need for more intelligent and
automated methods in medical image analysis.

3 The evolution of artificial intelligence in medical imaging

The application of artificial intelligence (Al) in medical imaging has undergone a remarkable evolution, progressing
from traditional image-processing algorithms to deep learning — based methods. Early approaches largely relied on
manually engineered feature extraction techniques, such as edge detection, texture analysis, and morphological
operations. While these methods modestly improved the quantification of imaging data, they were limited in
representational power and generalizability. The advent of deep learning—particularly convolutional neural networks
(CNNs)—has revolutionized medical image analysis, greatly accelerating its automation and intelligence. Through end-to-
end training, CNNs can autonomously learn high-level features from raw images, thereby overcoming the constraints of
hand-crafted feature selection. In tasks such as lesion detection, organ segmentation, and image classification, deep
learning models now perform at levels comparable to, or even surpassing, those of experienced radiologists.

Radiomics has emerged as an important branch of Al in medical imaging. By extracting a large number of quantitative
features from images and linking them to disease phenotypes, gene expression, and clinical outcomes, radiomics has
advanced the field of precision medicine 7. It enables the discovery of subtle imaging patterns beyond human visual
perception and, when integrated with clinical, pathological, and molecular data, facilitates the development of more
comprehensive predictive models. In oncology, radiomics has been widely applied to predict molecular subtypes, assess
therapeutic response, and guide personalized treatment strategies. The integration of multimodal information further
enhances model expressiveness: combining imaging with pathology, genomics, and clinical records improves both
interpretability and predictive power, providing clinicians with more reliable decision support.

In recent years, the emergence of general large language models (LLMs) has injected fresh momentum into the field of
medical imaging Al. Unlike traditional deep learning models, LLMs possess powerful cross-modal understanding and
natural language generation capabilities, enabling them to establish semantic connections between imaging data,
textual reports, and structured information ", These strengths make LLMs particularly valuable in report generation,
decision support, and multimodal prediction. For instance, in radiology reporting, LLMs can automatically translate image
analyses into clinically standardized narrative descriptions, thereby reducing physician workload and improving report
consistency and completeness®?. In clinical decision support, LLMs can integrate imaging features with patient histories
to generate comprehensive diagnostic suggestions, assisting clinicians in formulating individualized treatment plans.

4 Applications of artificial intelligence in medical imaging

Disease diagnosis represents the most mature and clinically impactful application of Al in medical imaging. Imaging
data are inherently information-rich, providing not only anatomical structures of lesions but also details regarding
morphology, boundaries, density, vascular perfusion, and functional metabolism. These multi-layered features serve as
intuitive and quantitative bases for lesion detection, classification, and characterization. Traditional diagnostic workflows
rely heavily on physician expertise, with performance influenced by reading volume, subjective judgment, and fatigue—
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factors that increase the risk of missed or incorrect diagnoses. By shifting diagnostic interpretation from experience-
driven visual inspection to data-driven intelligent analysis, Al significantly improves diagnostic efficiency and consistency,
particularly in high-throughput imaging environments.

Deep learning models, especially convolutional neural networks (CNNs), have been widely deployed in tasks such as
the automated detection and classification of pulmonary nodules, breast lesions, and brain abnormalities "*'?, Through
end-to-end training, CNNs can extract higher-order image features, enabling recognition of subtle patterns and
microscopic lesions beyond human perception, thereby reducing false negatives and misdiagnoses. Radiomics further
enriches diagnostic capacity by extracting high-dimensional, quantitative features from images and linking them with
clinical, pathological, and molecular data. This integrative approach bridges visible imaging phenotypes with “invisible”
molecular characteristics, providing robust support for early detection and precise disease classification.

The emergence of general large language models (LLMs) has introduced new perspectives into imaging-based
diagnosis. Beyond handling visual data, LLMs can integrate imaging findings with patient histories, laboratory results,
pathology reports, and both structured and unstructured clinical records. This multimodal capability enables automated
lesion detection, diagnostic inference, and report generation ", By extending analysis beyond single-image
interpretation to a holistic view of patient health, LLMs enhance both interpretability and clinical utility. Their ability to
leverage knowledge transfer also allows strong performance even in low-resource settings or rare disease contexts where
annotated data are scarce. Nevertheless, challenges remain, including limited generalizability across centers, devices, and
populations, incomplete multimodal integration, and the need for rigorous validation of LLM safety and stability in
specialized medical contexts ',

Disease staging is another indispensable function of medical imaging, informing treatment strategies, prognosis
assessment, and personalized management. Imaging can directly depict lesion location, morphological changes,
functional states, and metabolic activity, offering quantifiable and visual evidence for staging. Traditional staging is often
subjective and inconsistent across physicians. Al systems, through deep learning and radiomics, can automatically extract
high-dimensional features, quantify tumor size, infiltration depth, and metastatic spread, and integrate morphologic and
functional data to substantially improve staging accuracy and reliability.

LLMs offer a higher level of intelligence for staging tasks. By simultaneously processing imaging data, electronic health
records, laboratory results, and other structured information, they align cross-modal inputs and generate clinically
coherent staging conclusions in structured, interpretable formats. This reduces subjective bias and provides unified
standards for multicenter studies and treatment planning, thereby enhancing the consistency and scientific rigor of
clinical management.

Therapeutic response assessment and prognosis prediction aim to quantify imaging changes to evaluate treatment
efficacy and forecast disease trajectories. Traditional methods—such as tumor diameter or volumetric measurements—
capture only limited aspects of disease biology and fail to reflect microenvironmental changes or functional
heterogeneity. Functional imaging (e.g., PET, fMRI) and molecular imaging capture metabolic and physiological shifts with
higher sensitivity, enriching therapeutic evaluation. Al models, leveraging deep learning and radiomics, extract high-
throughput features to construct predictive models of treatment response, and temporal sequence analysis enables
earlier and more precise detection of subtle changes during therapy ™. LLMs further personalize these evaluations by
integrating multimodal data to generate individualized therapeutic assessments and prognostic reports. Their natural
language explanations clarify the rationale behind predictions, thereby enhancing physician trust and informing rational
therapeutic adjustments.

Follow-up and long-term management rely on dynamic imaging surveillance to continuously evaluate disease
evolution, enabling early detection of recurrence or metastasis and timely therapeutic adjustments. Al facilitates
automated image registration, change detection, and anomaly recognition across time points, increasing sensitivity for
disease progression and improving follow-up efficiency. Large-scale data analytics can further identify latent imaging
patterns and risk signatures to support individualized management. LLMs, by synthesizing serial imaging examinations
with clinical history, treatment records, and laboratory indicators, generate dynamic follow-up reports that summarize
disease trajectories and risk stratification "', This deep integration of imaging with multidimensional clinical data
provides actionable, interpretable tools for long-term management, advancing imaging from one-time diagnosis toward
continuous, fine-grained patient care.

5 Challenges and future perspectives

The advancement of Al in medical imaging fundamentally depends on the quality and scale of data, yet multiple
challenges remain—including scarcity of annotations, inconsistent quality, lack of standardization, and privacy concerns.
Annotation of medical images requires highly trained specialists, making the process costly and time-consuming, while
inter-observer variability reduces labeling consistency and impairs model training. Significant heterogeneity across
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institutions—stemming from differences in equipment, acquisition protocols, and storage formats—further undermines
generalizability. Privacy and data security pose equally critical barriers: imaging contains sensitive patient information,
and strict regulations on data sharing across institutions constrain large-scale studies "%, Potential solutions include
weakly supervised and self-supervised learning to reduce reliance on labels, and domain adaptation or adversarial
training to improve cross-center robustness.

On the technical front, challenges center on model generalizability, interpretability, robustness, and computational
efficiency. While Al models often achieve high performance in internal testing, their accuracy tends to drop across
devices, populations, and centers, limiting clinical deployment. The lack of interpretability reduces physician trust, as
“black-box” decisions rarely provide clinically meaningful explanations . Robustness is equally crucial: image noise,
artifacts, or rare pathologies can trigger misclassifications, and adversarial attacks present potential security risks"®.
Moreover, training and inference for large-scale models demand substantial computational resources, restricting
adoption in resource-limited environments. Addressing these issues requires advances in domain adaptation,
interpretable Al, robust learning, and efficiency-oriented approaches such as model compression, knowledge distillation,
quantization, and edge computing "%, For LLMs in particular, multimodal alignment and knowledge augmentation
represent essential strategies to strengthen medical domain expertise.

Clinical translation remains a decisive step for realizing the value of Al in medical imaging, yet it is hindered by limited
physician acceptance, insufficient multicenter evidence, integration complexity, and regulatory gaps. Physicians’ trust
depends on model accuracy, interpretability, and seamless workflow integration; opaque models are difficult to embed
into diagnostic practice. Most published studies rely on single-center, retrospective data, with conclusions that require
prospective, multicenter validation before being endorsed in clinical guidelines. Integrating Al systems into existing
hospital information infrastructures also poses practical barriers, requiring smooth data exchange and user-friendly
interfaces. From a regulatory perspective, approval standards, liability attribution, and ethical oversight for Al-based
medical products remain underdeveloped, necessitating robust frameworks to ensure safety and compliance.

Looking ahead, medical imaging Al is expected to advance toward multimodal integration, privacy preservation,
human-Al collaboration, and full-cycle clinical support ®". Multimodal foundation models that combine imaging, text,
genomics, and clinical data within a unified semantic space will enable more comprehensive reasoning and decision-
making. Privacy-preserving techniques such as federated learning may facilitate cross-institutional collaboration,
breaking down data silos and supporting large-scale training and validation. Rather than replacing physicians, Al will
become an integral partner in collaborative diagnosis and care, enhancing efficiency and consistency. Its applications will
extend across screening, staging, treatment planning, therapeutic monitoring, and follow-up, enabling end-to-end
intelligent medical support. Establishing robust standards and norms—including technical evaluation, clinical validation,
regulatory frameworks, and ethical guidelines—will be essential to ensure safe, reliable, and clinically meaningful
deployment of Al in medical imaging.

6 Conclusion

Medical imaging is an indispensable component of modern medicine, with established value in disease diagnosis,
staging, therapeutic evaluation, and longitudinal follow-up. The rapid advances in artificial intelligence—particularly deep
learning, radiomics, and general large language models (LLMs)—are driving a paradigm shift in imaging, moving from
traditional qualitative assessment toward data-driven, intelligent, and individualized analysis. Al markedly enhances
efficiency and consistency in image interpretation, while LLMs, through multimodal integration and natural language
generation, offer novel solutions for complex clinical tasks.

Nevertheless, the widespread adoption of Al in medical imaging continues to face significant challenges, including
limited annotated data, insufficient model generalizability, low physician acceptance, and incomplete regulatory
frameworks. Addressing these barriers will require the development of multimodal foundation models, the application of
privacy-preserving computational techniques, optimization of human-Al collaboration, and the establishment of robust
evaluation and regulatory systems. Together, these efforts will facilitate the transition of medical imaging Al from an
auxiliary tool to a knowledge-driven partner in clinical care.

In sum, LLMs and allied Al technologies are reshaping the landscape of medical imaging. Beyond improving accuracy
and efficiency, they are infusing precision medicine and smart healthcare systems with new momentum. As the
technologies mature and clinical adoption deepens, Al is poised to enable patient-centered, full-cycle management and
to serve as a transformative force in the future of medicine.
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