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associated with early lung adenocarcinoma or its precursor 
lesions, such as adenocarcinoma in situ (AIS) and mini-
mally invasive adenocarcinoma (MIA) (Lu et al. 2020). The 
indolent growth pattern of GGNs provides a unique window 
for studying early events in lung cancer.

The CT imaging features of lung GGNs are diverse and 
complex, encompassing variations in size, density, mor-
phology, and the presence or absence of solid components. 
These features are crucial for differentiating benign from 
malignant lesions and for assessing the invasiveness of lung 
adenocarcinoma, which directly influences surgical plan-
ning and patient management (Wang et al. 2024a; Feng et 
al. 2023). However, traditional imaging diagnosis is often 
limited by subjectivity and inter-observer variability, as 
well as by the subtlety of some imaging signs, especially in 
small or pure GGNs (Digumarthy et al. 2020). Quantitative 
imaging techniques such as spectral CT and multi-detector 
CT have shown promise in providing objective parameters 
like water concentration and iodine concentration that may 

Introduction

Lung adenocarcinoma presenting as ground-glass nodules 
(GGNs) on computed tomography (CT) imaging represents 
a critical early manifestation of lung cancer, with signifi-
cant implications for diagnosis, treatment, and prognosis. 
GGNs, especially pure ground-glass nodules (pGGNs), are 
increasingly detected due to widespread use of low-dose 
CT screening and advances in imaging technology (Yu et 
al. 2021), Compared to solid nodules or part-solid nodules, 
pure ground-glass nodules (pGGNs) are more commonly 
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aid in distinguishing invasive adenocarcinoma from non-
invasive lesions (Yu et al. 2021; Du et al. 2022a). More-
over, radiomics approaches that extract high-dimensional 
quantitative features from CT images have demonstrated 
improved performance in predicting tumor invasiveness 
and distinguishing pathological subtypes of lung adenocar-
cinoma manifesting as GGNs (Feng et al. 2023; Xiong et 
al. 2022; Wu et al. 2020). These advances underscore the 
need for more precise, reproducible, and automated image 
analysis methods to better characterize GGNs.

At the molecular level, oncogenic driver gene alterations 
play a pivotal role in the pathogenesis, progression, and 
therapeutic targeting of lung adenocarcinoma. Key driver 
genes such as epidermal growth factor receptor (EGFR), 
anaplastic lymphoma kinase (ALK), and Kirsten rat sarcoma 
viral oncogene homolog (KRAS) are frequently mutated 
or rearranged in lung adenocarcinoma, with distinct muta-
tion patterns correlating with clinical characteristics such 
as smoking status, gender, and histopathological subtypes 
(Ma et al. 2020, 2024; Li et al. 2020). For instance, EGFR 
mutations are more prevalent in female non-smokers and 
are associated with well or moderately differentiated adeno-
carcinomas, whereas KRAS mutations are more common 
in male smokers and poorly differentiated tumors (Ma et al. 
2024; Hsu et al. 2022). ALK rearrangements are often found 
in younger patients and are linked with specific histologi-
cal features (Li et al. 2020). Although studies have explored 
the tumor genomics of invasive pulmonary adenocarcinoma 
manifested as solid nodules (Liu et al. 2024), GGNs pro-
vide a unique perspective for exploring early genetic events 
prior to invasive growth. Constructing a bridge between 
lung GGNs and genes using AI may help identify genomic 
alterations associated with tumor initiation and indolent 
progression. but also influence tumor biology and prog-
nosis. The interplay between genetic alterations and tumor 
microenvironmental factors such as PD-L1 expression fur-
ther modulates therapeutic responses, especially to immu-
notherapy (Takamochi et al. 2021; Liu et al. 2024). Despite 
the established significance of these mutations, the relation-
ship between the genomic landscape and imaging pheno-
types of lung adenocarcinoma, particularly GGNs, remains 
incompletely understood.

Artificial intelligence (AI), especially deep learning, has 
emerged as a transformative tool in medical imaging and 
genomics, offering the capability to analyze complex, high-
dimensional data and uncover latent patterns that may elude 
human observers. In the context of lung GGNs and adeno-
carcinoma, AI technologies have been applied to enhance 
image interpretation, automate lesion detection, and predict 
pathological invasiveness and genetic mutation status from 
CT images (Li et al. 2025a). Deep learning-based radiomics 
models integrate clinical, radiographic, and imaging features 

to achieve high accuracy in differentiating invasive adeno-
carcinoma from pre-invasive lesions, thereby aiding in per-
sonalized treatment planning (Feng et al. 2023; Xiong et al. 
2022). Moreover, AI facilitates the mining of large-scale 
genomic data, enabling the identification of novel biomark-
ers and the construction of predictive models that link imag-
ing phenotypes with driver gene mutations (Li and Zhang 
2025). The integration of AI with multimodal data—includ-
ing imaging, histopathology, and genomics—holds promise 
for building a comprehensive bridge between CT imaging 
features of lung GGNs and the underlying molecular drivers 
of tumorigenesis.

Despite these advances, challenges remain in standardiz-
ing AI models, ensuring interpretability, and validating find-
ings across diverse populations and clinical settings (Avanzo 
et al. 2024; Cobo et al. 2025). The “black-box” nature 
of many AI algorithms necessitates the development of 
explainable AI (XAI) frameworks to enhance transparency 
and clinical trustworthiness (Ghnemat et al. 2023; Velden et 
al. 2022). Furthermore, large-scale prospective studies and 
external validations are needed to confirm the clinical utility 
of AI-based approaches in lung adenocarcinoma diagnosis 
and management (Li et al. 2025a). Addressing these limi-
tations will be critical for the successful translation of AI-
driven insights into routine clinical practice.

In summary, Compared with solid nodules or part-solid 
nodules, pulmonary GGNs represent a unique and biologi-
cally early imaging phenotype of lung adenocarcinoma, 
characterized by complex radiological features and a het-
erogeneous molecular background defined by key driver 
gene mutations. The advent of AI technologies, particularly 
deep learning and radiomics, provides novel methodologi-
cal foundations to systematically link CT imaging fea-
tures with genomic alterations, potentially revolutionizing 
early diagnosis, prognostication, and personalized therapy. 
This review aims to comprehensively summarize the cur-
rent research progress in constructing this bridge using AI, 
critically analyze the strengths and limitations of existing 
techniques, and explore future directions for integrating AI 
into the multidisciplinary management of lung GGNs and 
adenocarcinoma.

Main body

Analysis of CT imaging features of lung ground-
glass nodule adenocarcinoma

See Fig. 1
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Imaging definition and classification of ground-glass 
nodules (GGNs)

Ground-glass nodules (GGNs) are a distinct radiological 
entity on computed tomography (CT) characterized by hazy 
areas of increased lung attenuation without obscuration of 
the underlying bronchial structures or pulmonary vessels. 
GGNs are broadly classified into two categories based on 
their CT appearance: pure ground-glass nodules (pGGNs) 
and mixed ground-glass nodules (mGGNs), also termed part-
solid nodules. Pure GGNs exhibit homogeneous ground-
glass opacity without any solid component, whereas mixed 
GGNs contain both ground-glass and solid elements within 
the same lesion. This distinction is clinically significant as it 
correlates with the pathological invasiveness and prognosis 
of lung adenocarcinomas. Studies have demonstrated that 
pGGNs often correspond to pre-invasive or minimally inva-
sive adenocarcinomas, such as atypical adenomatous hyper-
plasia (AAH), adenocarcinoma in situ (AIS), or minimally 
invasive adenocarcinoma (MIA), while mGGNs are more 
frequently associated with invasive adenocarcinomas (IAC) 
(Zhong et al. 2024; Zhou et al. 2025; Wang et al. 2020).

High-resolution CT (HRCT) imaging is the primary 
modality for detecting and characterizing GGNs. The imag-
ing features of GGNs include nodule size, shape, margin 
characteristics (lobulation, spiculation), presence of air 
bronchograms, vascular convergence, pleural indentation, 
and solid component size. Quantitative parameters such as 
the consolidation-to-tumor ratio (CTR), mean CT attenu-
ation values, and intratumoral heterogeneity scores have 
been incorporated into classification schemas to enhance 
diagnostic accuracy and invasiveness prediction (Zuo et al. 
2025; Wang et al. 2025a; Yu et al. 2022a). For instance, a 
CTR less than 0.5 in part-solid GGNs has been shown to 
have a high positive predictive value for primary lung can-
cer (Notsuda et al. 2024). Moreover, the size of the solid 
component within mGGNs is a critical determinant of path-
ological invasiveness, with larger solid components corre-
lating with more aggressive disease (Lu et al. 2020).

The Lung Imaging Reporting and Data System (Lung-
RADS) provides standardized criteria for classifying 
pulmonary nodules, including GGNs, to guide clinical 
management. The 2022 version of Lung-RADS introduced 
refinements in the categorization of GGNs, particularly 
regarding the size thresholds and the classification of sus-
pected infectious or inflammatory findings, which often 
manifest as GGNs or tree-in-bud patterns. This update aims 
to reduce false-positive rates and unnecessary follow-ups by 
more accurately stratifying the risk associated with GGNs 
(Arora et al. 2025; Kastner et al. 2021; Song et al. 2023). 
Modified Lung-RADS incorporating GGN-vascular rela-
tionships has shown improved sensitivity and agreement 
rates for pGGNs compared to the original version, high-
lighting the importance of vascular and morphological fea-
tures in classification (Song et al. 2023).

Advanced imaging techniques and computational meth-
ods, including three-dimensional reconstruction, radiomics, 
and deep learning algorithms, have been increasingly 
applied to the evaluation of GGNs. Radiomics analyses 
extract high-dimensional quantitative features from intra- 
and peri-nodular regions, enhancing the ability to predict 
invasiveness and guide individualized treatment strategies 
(Feng et al. 2023; Wu et al. 2020; Zhang et al. 2022a). Deep 
learning models, such as convolutional neural networks 
(CNNs), have been developed for automatic segmentation, 
detection, and classification of GGNs, achieving high accu-
racy in distinguishing benign from malignant nodules and 
differentiating invasive from non-invasive adenocarcinomas 
(Wang et al. 2020; Xiong et al. 2025; Ma et al. 2022). These 
AI-based approaches facilitate objective and reproducible 
assessments that complement radiologists’ interpretations.

In summary, the imaging definition and classification of 
GGNs rely on detailed CT morphological and quantitative 
features, with pGGNs and mGGNs representing distinct 
pathological entities with different clinical implications. The 
integration of standardized classification systems, advanced 
imaging techniques, and artificial intelligence enhances 
the precision of diagnosis and prognostication, ultimately 

Fig. 1  Overview of the main con-
tent of this paragraph. The picture 
was created by Jinchun Chen
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GGNs, particularly in differentiating AIS/MIA from inva-
sive adenocarcinoma (Liu et al. 2022; Xu et al. 2020). For 
example, features like nodule size or solid component size 
alone may not fully capture the complex heterogeneity of 
tumor biology.

Another limitation is the challenge in quantifying fea-
tures objectively and comprehensively. Traditional methods 
focus on a limited set of features and may overlook subtle 
textural or spatial variations within nodules. This limitation 
restricts the ability to capture tumor heterogeneity, which is 
crucial for accurate diagnosis and prognosis. Additionally, 
some features, such as the presence of vascular abnormali-
ties or cavitation, can be ambiguous and overlap between 
benign and malignant lesions (Cao et al. 2020).

Moreover, the dynamic evolution of GGNs over time, 
which is important for assessing invasiveness and growth 
patterns, is difficult to quantify precisely with traditional 
methods. While volume doubling time and exponential 
growth models have been proposed, their clinical applica-
tion is limited by measurement errors and the complexity of 
longitudinal imaging analysis (Margerie-Mellon et al. 2020; 
Zikri et al. 2019).

In summary, traditional imaging feature extraction meth-
ods based on radiologists’ experience and manual mea-
surements provide valuable but limited information for 
characterizing lung GGNs. Their subjective nature, limited 
quantitative capacity, and insufficient sensitivity for subtle 
pathological distinctions underscore the need for more 
advanced, objective, and reproducible approaches. These 
limitations have motivated the development of radiomics 
and artificial intelligence-based methods, which aim to 
extract high-dimensional quantitative features and improve 
diagnostic accuracy and consistency (Xu et al. 2020; Shi et 
al. 2021; Hu et al. 2021a).

AI-based automatic imaging feature extraction techniques

Deep learning, particularly convolutional neural networks 
(CNNs), has revolutionized the automatic detection and 
segmentation of ground-glass nodules (GGNs) in lung CT 
images by enabling end-to-end learning of hierarchical 
image features without manual intervention. CNN-based 
models, such as 3D U-Net architectures, have been suc-
cessfully applied to segment GGNs with high accuracy, 
as demonstrated in ovarian cancer PET/CT segmentation 
studies that achieved Dice scores around 0.74, highlighting 
the robustness of 3D deep networks in volumetric medi-
cal image segmentation (Sadeghi et al. 2024). Similarly, 
multiscale CNN models incorporating Gaussian pyramid 
decomposition have improved lung nodule detection per-
formance, including solid and pure ground-glass nodules, 
by enhancing feature representation across scales (Xiong 

guiding optimal management of patients with GGNs in lung 
adenocarcinoma.

Traditional imaging feature extraction methods and their 
limitations

Traditional imaging feature extraction methods for lung 
ground-glass nodules (GGNs), especially in the context of 
adenocarcinoma, primarily rely on qualitative and semi-
quantitative assessments based on radiologists’ experience. 
These methods focus on visually recognizable features such 
as nodule size, shape, margin characteristics, and internal 
components. Key features include nodule diameter, consoli-
dation tumor ratio (CTR), presence and size of solid com-
ponents, morphological signs like spiculation, lobulation, 
pleural indentation, air bronchogram, vascular changes, and 
cavitation. For instance, nodule size and the size of the solid 
component have been repeatedly identified as crucial indica-
tors for differentiating invasive adenocarcinoma (IAC) from 
pre-invasive lesions such as adenocarcinoma in situ (AIS) or 
minimally invasive adenocarcinoma (MIA) (Lu et al. 2020; 
Wu et al. 2025). Morphological features such as spiculation, 
lobulation, pleural traction, and vascular abnormalities are 
also used to infer malignancy and invasiveness (Wu et al. 
2025). The consolidation tumor ratio (CTR), which quanti-
fies the proportion of the solid component within a GGN, 
is another commonly used metric, with higher CTR values 
correlating with increased invasiveness (Wang et al. 2024a; 
Wu et al. 2025).

These traditional approaches have been implemented 
through visual assessment and manual measurements on 
computed tomography (CT) images. For example, radiolo-
gists measure the maximum diameter of nodules and solid 
components and note the presence of features such as air 
bronchograms, pleural indentation, and cavitation (Wang et 
al. 2024a; Wu et al. 2025). Spectral CT imaging provides 
additional quantitative parameters such as water concentra-
tion and iodine concentration, which have been explored for 
differentiating inflammatory lesions, pre-invasive lesions, 
and invasive adenocarcinomas (Yu et al. 2021; Cao et 
al. 2023). However, these parameters are not yet widely 
adopted in routine clinical practice.

Despite their utility, traditional imaging feature extrac-
tion methods are limited by several factors. Firstly, they are 
heavily reliant on subjective interpretation and experience 
of radiologists, which introduces inter-observer variability 
and limits reproducibility (Digumarthy et al. 2020). The 
qualitative nature of morphological features and manual 
measurements can lead to inconsistencies, especially in 
subtle cases or small nodules. Secondly, conventional meth-
ods often lack sufficient sensitivity and specificity to reli-
ably distinguish between different pathological subtypes of 

1 3

   92   Page 4 of 27



Journal of Cancer Research and Clinical Oncology          (2026) 152:92 

dimensionality and retain the most informative features 
(Chen et al. 2025; Hong et al. 2020). These selected features 
are then integrated into machine learning classifiers like 
support vector machines (SVM), random forests, gradient 
boosting, or deep neural networks to build predictive mod-
els for clinical endpoints including malignancy, tumor inva-
siveness, and genetic mutation status (Hu et al. 2021b; Chen 
et al. 2025). Radiomics offers several advantages: it enables 
high-throughput extraction of quantitative data beyond 
human visual assessment, captures intratumoral heteroge-
neity reflecting underlying pathophysiology, and facilitates 
non-invasive prediction of molecular and histopathologi-
cal characteristics (Chen et al. 2025; Michalet et al. 2021). 
Moreover, radiomics can be combined with clinical and 
genomic data to improve diagnostic and prognostic accu-
racy, as seen in multimodal models predicting early-stage 
lung cancer invasiveness and treatment response (Zhang et 
al. 2025a; Liu et al. 2023a). The integration of radiomics 
with artificial intelligence enhances feature robustness and 
model performance, while explainability techniques help 
interpret feature importance (Zhang et al. 2025a). Despite 
its promise, radiomics faces challenges including standard-
ization of image acquisition, segmentation variability, and 
need for large multicenter datasets for validation (Jia et al. 
2022). Nonetheless, radiomics remains a powerful tool in 
the AI-driven imaging pipeline, bridging imaging pheno-
types with clinical decision-making in pulmonary ground-
glass nodules and lung adenocarcinoma.

Mechanisms of oncogenic driver genes in lung 
adenocarcinoma

See Fig. 2

Major oncogenic driver genes and their mutation types

Lung adenocarcinoma (LUAD) is characterized by a diverse 
spectrum of oncogenic driver gene mutations, with EGFR, 
ALK, KRAS, and ROS1 being among the most prominent. 
The epidermal growth factor receptor (EGFR) gene muta-
tion is the most frequently observed, particularly in Asian 
populations, with mutation rates ranging from approxi-
mately 48.9% to over 69.8% in older patients and real-world 
cohorts (Liu et al. 2023b; Lu et al. 2024; Li et al. 2025b). 
Predominant EGFR mutations include exon 19 deletions 
and the L858R substitution in exon 21, which together 
account for roughly 80–85% of EGFR-mutated cases (Liu 
et al. 2023b; Lu et al. 2024; Li et al. 2025b). These muta-
tions primarily localize within the tyrosine kinase catalytic 
domain of the receptor, underscoring their functional signif-
icance in aberrant signaling activation (Liu et al. 2023b; Li 
et al. 2025b). Additionally, rare EGFR mutations, including 

et al. 2025). The use of lightweight CNN architectures like 
MobileNetV2 has also been explored for efficient feature 
extraction, balancing computational cost and accuracy (Xie 
et al. 2024). These models often integrate advanced tech-
niques such as transfer learning to overcome limited data-
set sizes, improving generalizability in classifying GGNs 
as benign or malignant (Hu et al. 2021b). Moreover, CNNs 
have been combined with region-growing and segmentation 
algorithms to reconstruct intranodular vessels within GGNs, 
quantifying vascular features that correlate with tumor 
invasiveness (Zhao et al. 2023a). Deep learning models not 
only automate the segmentation process but also facilitate 
extraction of complex features reflecting tumor heterogene-
ity, which are critical for downstream predictive tasks. For 
example, deep learning-based segmentation followed by 
radiomics feature extraction has enabled accurate differen-
tiation of pulmonary contusion from bacterial pneumonia, 
outperforming radiologists (Deng et al. 2025). The inte-
gration of CNN-extracted features with clinical and radio-
logical data has further enhanced the prediction of tumor 
invasiveness and treatment outcomes in lung adenocarci-
noma (Zhang et al. 2025a). However, challenges such as the 
need for large annotated datasets, variability in imaging pro-
tocols, and interpretability of deep learning models remain. 
To address these, explainable AI techniques like SHAP have 
been employed to elucidate feature contributions, fostering 
clinical trust and adoption (Zhang et al. 2025a). Overall, 
CNN-based deep learning models form the backbone of 
modern AI-driven automatic detection and segmentation 
of GGNs, enabling precise and reproducible imaging bio-
marker extraction essential for personalized lung cancer 
management.

Radiomics is a quantitative imaging analysis approach that 
extracts a large number of handcrafted features from medi-
cal images to characterize tumor phenotypes and microenvi-
ronment non-invasively. The radiomics workflow typically 
involves several key steps: image acquisition, lesion seg-
mentation, feature extraction, feature selection, and model 
building. Initially, high-quality CT images are acquired, 
followed by precise delineation of regions of interest 
(ROIs) encompassing GGNs, often using semi-automated 
or AI-assisted segmentation tools to ensure reproducibility 
(Wang et al. 2024b). Subsequently, a comprehensive set of 
features is extracted, including first-order statistics (e.g., 
intensity histograms), shape descriptors, texture features 
derived from gray-level co-occurrence matrices (GLCM), 
gray-level run-length matrices (GLRLM), and higher-order 
features obtained through wavelet or Laplacian of Gaussian 
filters (Chen et al. 2025). Feature selection methods such as 
minimum redundancy maximum relevance (mRMR), least 
absolute shrinkage and selection operator (LASSO), and 
recursive feature elimination (RFE) are applied to reduce 
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mutations, expanding the understanding of LUAD molecu-
lar pathogenesis (Yuan et al. 2025). Collectively, the muta-
tion types in these key driver genes predominantly involve 
point mutations, small insertions/deletions (e.g., exon 19 
deletions in EGFR), and gene rearrangements or fusions 
(e.g., ALK and ROS1 fusions), each contributing uniquely 
to oncogenic signaling and tumor behavior.

The biological functions of these driver genes are cen-
tral to LUAD tumorigenesis. EGFR encodes a receptor 
tyrosine kinase that, upon ligand binding, activates down-
stream pathways such as RAS-RAF-MEK-ERK and PI3K-
AKT, promoting cell proliferation and survival. Mutations 
in EGFR lead to constitutive activation of these pathways, 
driving oncogenesis and rendering tumors sensitive to 
EGFR tyrosine kinase inhibitors (TKIs) (Liu et al. 2023b; 
Lu et al. 2024). ALK rearrangements result in fusion pro-
teins with constitutive kinase activity, similarly activating 
proliferative and anti-apoptotic signaling cascades (Liu et 
al. 2023b; Hu et al. 2020). KRAS mutations activate the 
RAS-RAF-MEK-ERK pathway independently of upstream 
receptor signals, often conferring resistance to EGFR-tar-
geted therapies and correlating with more aggressive tumor 
phenotypes (Ma et al. 2024; Lu et al. 2024). ROS1 fusions 
function analogously to ALK rearrangements, driving onco-
genic signaling via constitutive kinase activation (Liu et al. 
2023b; Lu et al. 2024). HER2 mutations, particularly exon 
20 insertions, activate receptor tyrosine kinase signaling, 
contributing to tumor growth and representing emerging 
therapeutic targets (Zhang et al. 2020a). These driver gene 
mutations influence tumor biology, including histopatho-
logical differentiation, metastatic potential, and response to 
targeted therapies.

The impact of these driver mutations on pathologi-
cal features and prognosis is significant and multifaceted. 
EGFR mutations are predominantly associated with inva-
sive non-mucinous adenocarcinoma (INMA) histology and 
are more frequent in early clinical stages, correlating with 
better prognosis and responsiveness to EGFR TKIs (Ma et 
al. 2024; Liao et al. 2021). Conversely, KRAS mutations 

those in the cysteine-rich and receptor binding domains, 
have been identified, highlighting the genetic heterogene-
ity within this gene (Liu et al. 2023b; Lu et al. 2024). The 
anaplastic lymphoma kinase (ALK) gene rearrangements, 
though less frequent, are notable driver mutations occur-
ring in approximately 2.5 to 6.6% of LUAD patients, often 
detected in younger, non-smoking populations (Ma et al. 
2020; Liu et al. 2023b; Hu et al. 2020). Similarly, ROS1 
rearrangements are observed in about 0.7 to 3% of cases 
and are associated with larger tumor diameters and distinct 
clinical features (Liu et al. 2023b; Lu et al. 2024). KRAS 
mutations, prevalent in approximately 6–16% of LUAD 
patients, tend to occur more frequently in male smokers 
and are associated with poorer differentiation and aggres-
sive histopathological subtypes (Ma et al. 2024; Liu et al. 
2023b; Lu et al. 2024). The mutation spectrum of KRAS 
includes hotspot mutations such as G12C and G12D, which 
have implications for targeted therapy development (Lin et 
al. 2025). Other driver genes such as HER2, BRAF, RET, 
MET, and PIK3CA have been identified with lower muta-
tion frequencies but contribute to the complexity of LUAD 
molecular profiles (Lu et al. 2024; Lin et al. 2025; Zhang 
et al. 2020a). Notably, HER2 exon 20 insertions, though 
rare (~ 1.7%), represent actionable mutations with emerg-
ing targeted therapies (Zhang et al. 2020a). Co-occurrence 
of multiple driver mutations has been documented, par-
ticularly involving EGFR and PIK3CA, which may influ-
ence therapeutic response and prognosis (Ma et al. 2020; 
Zhao et al. 2021). The mutation landscape also varies with 
demographic factors; EGFR mutations are more common 
in females and non-smokers, whereas KRAS mutations 
predominate in males and smokers (Ma et al. 2024; Liu et 
al. 2023b; Hu et al. 2020). Ethnic differences further modu-
late mutation frequencies and prognostic implications, with 
East Asian populations exhibiting higher EGFR mutation 
rates and distinct signaling pathway alterations compared 
to Caucasians (Gu et al. 2020). Emerging studies employ-
ing multi-omics and machine learning approaches have 
identified novel candidate driver genes beyond the classical 

Fig. 2  Overview of the main con-
tent of this paragraph. The picture 
was created by Jinchun Chen
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The epidermal growth factor receptor (EGFR) mutation 
status has been closely linked to specific radiologic fea-
tures of GGNs. Studies have shown that nodules harbor-
ing EGFR mutations tend to be larger and more frequently 
exhibit the vacuole or honeycomb sign on high-resolution 
computed tomography (HRCT), which can independently 
predict EGFR mutation status with moderate sensitivity and 
specificity (Zhu et al. 2021). Furthermore, the presence of 
ground-glass opacity (GGO) or mixed GGO on CT is more 
commonly associated with EGFR mutations, particularly 
in nonsmoking female patients with multiple primary lung 
adenocarcinomas (Han et al. 2020). Quantitative and quali-
tative three-dimensional CT parameters, including bronchial 
sign, pleural indentation, vascular bundle sign, maximum 
nodule diameter, nodule volume, average CT value, and 
solid compartment proportion, have also been demonstrated 
to correlate significantly with EGFR mutations and ALK 
rearrangements in GGO-associated lung adenocarcinoma, 
underscoring the potential of imaging biomarkers to infer 
underlying genetic alterations (Liu et al. 2025).

Beyond EGFR, other gene mutations have been impli-
cated in GGN pathogenesis and radiologic phenotypes. For 
example, bronchial adenomas, a rare benign lung tumor 
presenting as GGNs or mixed nodules, exhibit distinct 
mutation profiles with proximal-type adenomas frequently 
harboring BRAF V600E mutations and distal-type adeno-
mas associated with KRAS mutations, reflecting their dif-
fering histopathological and imaging characteristics (Xu et 
al. 2025a). Similarly, rare germline mutations such as EGFR 
R776H have been identified in patients with multifocal lung 
adenocarcinomas presenting as multiple GGNs, highlight-
ing the role of hereditary predisposition in GGN develop-
ment (Wang et al. 2024c).

The evolutionary trajectory of GGNs from preinvasive to 
invasive lesions is also associated with dynamic changes in 
gene mutations and expression patterns. Integrated whole-
exome and transcriptome sequencing studies have revealed 
that EGFR and RBM10 mutations are significantly involved 
in the progression from adenocarcinoma in situ (AIS) to 
invasive adenocarcinoma (IAC), accompanied by upregu-
lation of pathways related to cell migration and invasion 
and downregulation of angiogenesis pathways (Zhou et al. 
2024). Additionally, stepwise genomic analyses of subsolid 
lung adenocarcinomas manifesting as pure, heterogeneous, 
and part-solid GGNs have demonstrated increasing tumor 
mutation burden, genomic alterations, and intra-tumor het-
erogeneity along this continuum, with EGFR mutation as a 
key early event followed by mutations in RBM10 or TP53 
driving further progression (Li et al. 2022).

The immune microenvironment associated with different 
driver mutations also influences the radiologic and biologi-
cal behavior of GGNs. Multi-omics analyses have shown 

are enriched in invasive mucinous adenocarcinoma (IMA) 
and poorly differentiated tumors, often linked to smok-
ing history and worse clinical outcomes (Ma et al. 2024; 
Lu et al. 2024). ALK and ROS1 rearrangements tend to 
occur in younger patients and are associated with distinct 
histopathological patterns and favorable responses to spe-
cific inhibitors (Liu et al. 2023b; Hu et al. 2020). HER2 
and BRAF mutations, though less common, are associated 
with particular histological subtypes such as micropapillary 
adenocarcinoma and may portend variable prognoses (Ma 
et al. 2024). Importantly, co-mutations and complex muta-
tion patterns can adversely affect prognosis; for example, 
the coexistence of EGFR mutations with other driver muta-
tions like PIK3CA has been linked to shorter overall sur-
vival (Zhao et al. 2021). Moreover, the presence of certain 
mutations influences tumor behavior, such as the higher fre-
quency of KRAS mutations in poorly differentiated tumors 
and the association of EGFR mutations with non-smoking 
status and female gender (Ma et al. 2024; Liu et al. 2023b). 
Prognostic implications also vary by stage, with TP53 and 
STK11 mutations modulating survival outcomes in resected 
early-stage LUAD (Liao et al. 2021). These findings under-
score the necessity of comprehensive genotyping to inform 
prognosis and guide personalized treatment strategies in 
LUAD patients.

Association between gene mutations and lung ground-
glass nodules (GGNs)

The correlation between gene mutations and the imaging 
characteristics of lung ground-glass nodules (GGNs) has 
been extensively investigated in recent literature, revealing 
important insights into the molecular underpinnings of these 
lesions and their radiologic manifestations. A significant 
body of evidence highlights the frequent involvement of 
driver gene mutations, particularly in the receptor tyrosine 
kinase (RTK)/RAS signaling pathway, including EGFR, 
KRAS, BRAF, ERBB2, and MAP2K1, in GGN-associated 
lung adenocarcinomas. For instance, a comprehensive 
genomic study of 334 resected pulmonary nodules present-
ing as GGO from 262 patients demonstrated that 88% of 
GGNs harbored at least one mutation in these RTK/RAS 
pathway genes, with alterations being mutually exclusive, 
suggesting distinct oncogenic drivers for different nodules 
(Yu et al. 2022b). Notably, nodules with ERBB2, BRAF, 
or MAP2K1 mutations tended to exhibit more indolent 
behavior compared to those with EGFR or KRAS muta-
tions, which were associated with more aggressive features 
and distinct immune microenvironment profiles, such as 
increased infiltration of CD4 + and CD8 + T cells in KRAS-
mutant GGNs (Yu et al. 2022b).
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their utility in infectious disease diagnostics and potentially 
in oncology for rapid mutation screening (Lin et al. 2022). 
In lung cancer, PCR remains a valuable tool for detect-
ing hotspot mutations such as EGFR exon 19 deletions 
and L858R point mutations, facilitating timely therapeutic 
decisions (Xue et al. 2022). Clinically, gene testing plays 
a pivotal role in precision oncology by enabling molecular 
subtyping, prognostic stratification, and therapeutic moni-
toring. Multigene panel testing informs the selection of 
targeted agents, as seen in breast and lung cancers, where 
assays like the 21-gene Recurrence Score guide adjuvant 
chemotherapy decisions, reducing overtreatment with-
out compromising survival (International Medical Society 
et al. 2022; Bae et al. 2021). In advanced lung adenocar-
cinoma, gene testing of circulating tumor DNA (ctDNA) 
complements tissue biopsy, overcoming limitations of tis-
sue availability and enabling real-time monitoring of muta-
tion dynamics and resistance mechanisms (Xue et al. 2022; 
Zhao et al. 2023b). Furthermore, gene testing facilitates 
the identification of rare or germline mutations, such as 
EGFR R776H germline variants, which have implications 
for familial risk assessment and targeted therapy selection 
(Wang et al. 2024c). The integration of gene testing into 
clinical workflows enhances diagnostic accuracy, informs 
prognosis, and personalizes treatment strategies, underscor-
ing its indispensable role in modern oncology care.

Application of AI in the integration of radiomics and 
genomics

See Fig. 3

Multimodal data fusion techniques

Multimodal data fusion techniques in lung adenocarcinoma 
research aim to integrate heterogeneous data sources such as 
imaging data (e.g., CT scans) and genomic or clinical data 
to improve diagnostic accuracy and prediction of molecular 
characteristics. Two primary fusion strategies are commonly 
employed: feature-level fusion and decision-level fusion. 
Feature-level fusion involves combining raw or processed 
features extracted from different modalities into a unified 
representation before model training. This approach enables 
the model to learn complex interactions between modalities 
directly. For example, combining radiomic features derived 
from CT images with clinical variables such as serum tumor 
markers or patient demographics can provide a more com-
prehensive characterization of the tumor microenvironment 
and biological behavior. Decision-level fusion, on the other 
hand, integrates the outputs or predictions from separate 
unimodal models, using methods such as voting schemes 
or ensemble learning, to achieve a final classification or 

that KRAS-mutant GGNs exhibit higher immune cell infil-
tration and stronger immune inhibitory signals compared 
to EGFR-mutant nodules, which may contribute to their 
distinct clinical outcomes (Yu et al. 2022b). Moreover, the 
immunosuppressive microenvironment characterized by 
increased regulatory T cells and exhausted immune cells has 
been implicated in the development and progression of mul-
tiple pulmonary lung cancers presenting as GGNs (Zhang 
et al. 2024a).

In summary, the existing literature establishes a robust 
association between specific gene mutations and the imag-
ing phenotypes of lung GGNs. EGFR mutations are pre-
dominantly linked with larger nodules, vacuole/honeycomb 
signs, and ground-glass or mixed GGO appearances, while 
other mutations such as KRAS, BRAF, and ALK rearrange-
ments correspond to distinct radiologic and pathological 
features. The underlying mechanisms likely involve the 
influence of these driver mutations on tumor proliferation, 
invasion, and interaction with the immune microenviron-
ment, which collectively shape the radiologic manifesta-
tions of GGNs. These findings underscore the potential of 
integrating genomic profiling with advanced imaging analy-
sis to improve the diagnosis, prognostication, and personal-
ized management of patients with lung GGNs.

Gene testing technologies and their clinical applications

Gene testing technologies such as next-generation sequenc-
ing (NGS) and polymerase chain reaction (PCR) have 
revolutionized molecular diagnostics and personalized 
medicine, particularly in oncology. NGS enables high-
throughput sequencing of multiple genes or even whole 
exomes/genomes simultaneously, allowing comprehensive 
detection of mutations, insertions, deletions, copy number 
variations, and gene rearrangements across a broad panel of 
genes. This capability is critical in diseases like lung adeno-
carcinoma, where multiple driver mutations (e.g., EGFR, 
ALK, KRAS, HER2) influence therapeutic decisions. For 
instance, NGS-based panels have been widely adopted to 
identify actionable mutations that guide targeted therapies 
and immunotherapies, improving treatment efficacy and 
patient outcomes (Zhang et al. 2024b; International Medical 
Society et al. 2022). Moreover, NGS has been standardized 
to accommodate dynamic expansion of detection ranges as 
new clinically relevant biomarkers emerge, ensuring adapt-
ability in clinical practice (Zhang et al. 2024b). Comple-
menting NGS, PCR-based methods, including quantitative 
PCR and loop-mediated isothermal amplification (LAMP), 
offer rapid, sensitive, and cost-effective detection of spe-
cific gene mutations or resistance genes. LAMP assays, 
for example, have demonstrated high specificity and sen-
sitivity in detecting bacterial resistance genes, highlighting 
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network incorporating CT images, lesion bounding boxes, 
and clinical data employed contrastive learning and atten-
tion-based feature fusion modules to generate a unified 
representation, resulting in a high validation accuracy of 
81.42% and AUC of 0.9120 for adenocarcinoma subtype 
classification (Wang et al. 2025b). This exemplifies how 
combining spatial imaging context with clinical informa-
tion through sophisticated fusion mechanisms can improve 
subtype discrimination, which is essential for personalized 
treatment planning. Additionally, fusion of radiomic and 
deep learning features extracted from intratumoral and peri-
tumoral regions using soft voting ensemble methods yielded 
robust prediction of EGFR mutation status with AUCs up to 
0.925 internally and 0.889 externally, outperforming single-
modality models (Huang et al. 2025a). This confirms that 
multimodal fusion not only enhances predictive accuracy 
but also provides a more holistic tumor characterization by 
capturing diverse biological and spatial information.

In summary, multimodal data fusion techniques integrat-
ing CT imaging, genomic, and clinical data via feature-level 
and decision-level fusion strategies have demonstrated 
significant potential in improving lung adenocarcinoma 
diagnosis, molecular characterization, and prognostication. 
Machine learning models, particularly deep learning and 
graph neural networks, play a pivotal role in effectively cap-
turing complex inter-modality relationships, thereby bridg-
ing the gap between radiological phenotypes and oncogenic 
driver gene status. These advances facilitate precision medi-
cine by enabling more accurate, non-invasive prediction of 
tumor invasiveness and mutation profiles, ultimately guid-
ing tailored therapeutic interventions. Continued develop-
ment and validation of such multimodal fusion frameworks 
are essential for their translation into clinical practice.

Advantages of deep learning models in imaging-genomic 
association analysis

Deep learning models, particularly deep neural networks 
(DNNs), have demonstrated remarkable advantages in 
capturing complex nonlinear relationships between imag-
ing features and genomic data, which are often elusive to 

prediction. This strategy allows leveraging the strengths of 
individual models specialized for each modality while miti-
gating their weaknesses. Recent studies have demonstrated 
the effectiveness of both approaches in lung adenocarci-
noma, particularly in predicting invasiveness and genetic 
mutations such as EGFR status. For instance, a multimodal 
data fusion model that combined CT images, patient gen-
eral data, and serum tumor markers using a residual learning 
architecture and attention mechanisms achieved superior 
accuracy (88.5%) and AUC (0.957) in distinguishing inva-
sive adenocarcinoma from non-invasive ground-glass 
nodules, outperforming senior radiologists (Huang et al. 
2022). This highlights the value of feature-level fusion in 
integrating complementary data types to enhance predictive 
performance.

Machine learning models, especially deep learning archi-
tectures, have been extensively applied to multimodal data 
analysis in lung adenocarcinoma. These models are capable 
of capturing complex nonlinear relationships and interac-
tions between imaging features and genomic or clinical 
variables. For example, a deep learning-based multimodal 
feature interaction-guided fusion (DL-MFIF) framework 
was developed to integrate macroscopic CT radiomic fea-
tures with microscopic whole-slide image features, achiev-
ing high AUC values (0.856 internal, 0.817 external) for 
predicting EGFR mutations in advanced lung adenocarci-
noma patients (Xu et al. 2025b). This approach leverages 
deep learning to model feature interactions across scales 
and modalities, improving mutation status prediction which 
is critical for targeted therapy decisions. Another innovative 
application involves graph neural networks (GNNs) that 
fuse multimodal features by representing clinical, semantic, 
and imaging data as nodes and edges in a graph structure. 
This method, combined with an edge-generation network, 
enhanced interpretability and achieved competitive perfor-
mance in lung adenocarcinoma classification, demonstrat-
ing the potential of advanced machine learning techniques 
in multimodal fusion (Li et al. 2023).

Moreover, multimodal fusion strategies have been 
extended to integrate imaging data with electronic health 
records and lesion annotations. A multimodal deep neural 

Fig. 3  Overview of the main con-
tent of this paragraph. The picture 
was created by Jinchun Chen
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compared to conventional radiomic features (Liu and Hu 
2023). Similarly, integrated deep learning frameworks com-
bining imaging and genomic data have demonstrated high 
accuracy (e.g., AUCs exceeding 0.85) in predicting molecu-
lar subtypes, gene mutation status, and clinical outcomes 
across various cancers, including gliomas, lung cancer, and 
breast cancer (Zuo et al. 2022; Zhang et al. 2024c, 2025b). 
Furthermore, the application of transfer learning and multi-
task learning strategies enhances model generalizability 
and interpretability, enabling the extraction of biologically 
relevant features that bridge imaging phenotypes and gene 
expression profiles (Phan et al. 2021; Zhang et al. 2020b).

In summary, deep learning models offer significant 
advantages in imaging-genomic association analysis by 
effectively capturing complex nonlinear relationships, 
enabling multimodal data integration, and providing bio-
logically interpretable features. These capabilities facilitate 
the discovery of novel imaging biomarkers linked to genetic 
drivers and hold promise for advancing precision medi-
cine through non-invasive genomic inference from medical 
images.

Case analysis: advances in AI-assisted construction of the 
imaging-genomic bridge

Recent representative studies have demonstrated significant 
progress in leveraging artificial intelligence (AI) to effec-
tively link computed tomography (CT) imaging features of 
lung adenocarcinoma (LUAD) with oncogenic driver gene 
mutations, thus constructing a robust imaging-genomic 
bridge. For instance, a study involving 164 primary 
LUAD patients undergoing surgery analyzed the correla-
tion between CT imaging characteristics and epidermal 
growth factor receptor (EGFR) gene mutations. The find-
ings revealed significant associations between EGFR muta-
tions and clinical factors such as sex, smoking history, and 
pulmonary nodule morphology, as well as specific CT signs 
including cavity, hair prick, and chest depression signs. 
Notably, pathological subtypes, particularly the micropap-
illary subtype, exhibited the highest EGFR mutation rate 
(44.44%). Moreover, vascular convergence signs on CT 
correlated with EGFR mutations, whereas pleural effusion 
and related signs did not show significant association. This 
study underscores AI’s capacity to discern subtle imaging 
features predictive of gene mutation status, offering valu-
able insights for intelligent medicine and personalized treat-
ment strategies (Zhou et al. 2022).

Complementing this, advanced deep learning models 
have been developed to predict gene mutation status from 
histopathological images in LUAD. A ResNeXt101-based 
framework trained on cohorts from both a Chinese medical 
center and The Cancer Genome Atlas (TCGA) demonstrated 

traditional statistical or machine learning methods. The 
intrinsic hierarchical architecture of deep neural networks 
enables them to learn multi-level representations of input 
data, facilitating the extraction of subtle and high-dimen-
sional patterns embedded within medical images such as 
CT scans, MRI, or histopathological slides. This capacity 
is critical when linking radiographic phenotypes, such as 
lung ground-glass nodules (GGNs), to underlying onco-
genic driver mutations, where the relationship is inherently 
nonlinear and multifactorial. Unlike handcrafted radiomic 
features that may only capture shallow or low-order image 
characteristics, deep learning-derived features can encode 
richer tumor heterogeneity and microenvironmental infor-
mation, leading to stronger and more biologically meaning-
ful correlations with genomic profiles (Liu and Hu 2023). 
Moreover, deep learning models can integrate multimodal 
data, including imaging, genetic variants, and clinical 
parameters, through architectures such as convolutional 
neural networks (CNNs) combined with transformers or 
graph neural networks, thereby enhancing the modeling of 
complex genotype–phenotype interactions (Li et al. 2025c; 
Bi et al. 2022).

Typical deep learning architectures employed in imag-
ing-genomic association studies include CNNs for spatial 
feature extraction from images, autoencoders for unsuper-
vised phenotype representation learning, and hybrid models 
that fuse imaging and genomic features for joint analysis. 
For instance, 3D ResNet and 3D Xception networks have 
been used to extract volumetric features from CT images, 
which, when combined with clinical data in support vec-
tor machines, achieve robust classification performance 
in disease subtyping (Li et al. 2025d). Autoencoder-based 
frameworks, such as cineMAE, have been developed to 
learn unsupervised deep image phenotypes from cardiac 
MRI, enabling genome-wide association studies (GWAS) 
to uncover novel genetic loci linked to cardiac morphology 
(You et al. 2025). In the context of histological images, deep 
CNNs pretrained on natural images or domain-specific data-
sets have been fine-tuned to predict gene expression pat-
terns or molecular subtypes, revealing image quantitative 
trait loci (imageQTLs) and differentially expressed genes 
associated with morphological features (Meng et al. 2025a, 
2025b).

Performance evaluation of these models typically 
involves metrics such as area under the receiver operating 
characteristic curve (AUC), accuracy, sensitivity, specific-
ity, and concordance indices for survival prediction. Deep 
learning models have consistently outperformed traditional 
handcrafted radiomic feature-based classifiers. For example, 
MRI-based deep radiomic features achieved AUCs greater 
than 0.9 in predicting breast cancer clinical characteristics 
and showed stronger associations with genomic factors 
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into tumor biology that can enhance diagnostic and thera-
peutic decision-making (Jia et al. 2023).

Furthermore, AI-assisted imaging analyses have dem-
onstrated improved accuracy over traditional methods. For 
example, AI-based medical imaging of pulmonary nodules 
achieved an average accuracy increase of 3.88% compared 
to conventional imaging, while correlating imaging features 
with multiple driver gene mutations. Although some cor-
relations with metabolic values were non-significant, these 
findings affirm AI’s role in enhancing early LUAD diagno-
sis and molecular characterization (Yin et al. 2023).

Collectively, these studies illustrate AI’s transformative 
role in constructing the imaging-genomic bridge in lung 
adenocarcinoma. By extracting nuanced imaging features 
and integrating them with genomic data, AI enables non-
invasive prediction of oncogenic driver mutations, facili-
tating personalized diagnosis and treatment. Continued 
advancements in AI algorithms, larger multimodal datasets, 
and rigorous external validations are essential to translate 
these promising research outcomes into routine clinical 
practice, ultimately improving patient management and pre-
cision oncology outcomes.

Artificial intelligence-assisted diagnosis and 
prognostic evaluation of lung ground-glass nodule 
adenocarcinoma

See Fig. 4

AI in early lung cancer screening

Artificial intelligence (AI) has become a transformative tool 
in early lung cancer screening, particularly in the detec-
tion and characterization of ground-glass nodules (GGNs), 
which are critical imaging features often associated with 
early-stage lung adenocarcinoma. Although low-dose com-
puted tomography (LDCT) screening has been proven to 

high accuracy, with area under the curve (AUC) values 
ranging from 0.85 to 1.0 for multiple gene mutations. 
Importantly, the model maintained predictive performance 
even on metastatic cancer datasets, highlighting AI’s gener-
alizability in mutation status inference from imaging data. 
Such AI models facilitate non-invasive, rapid, and accurate 
molecular profiling, thereby advancing precision oncology 
in LUAD management (Yu et al. 2025).

Beyond lung cancer, AI has shown promise in integrat-
ing imaging and genomic data across various solid tumors. 
A systematic review of AI applications in histopathologic 
image-based gene mutation prediction revealed that AI 
models achieved satisfactory AUCs for driver gene muta-
tions, such as 0.79 for EGFR in lung cancers, although aver-
age performance across all mutations remains suboptimal 
(mean AUC ~ 0.64). This indicates the potential and current 
limitations of AI in predicting gene mutations from imaging, 
emphasizing the need for larger datasets and further valida-
tion before clinical implementation (Alam et al. 2023).

Radiogenomics, the interdisciplinary field combining 
imaging phenotypes with genomic data, has been propelled 
by AI advancements. Reviews highlight radiogenomics’ 
capacity to non-invasively infer gene expression patterns 
and mutation status from imaging modalities, enabling 
precision medicine. AI facilitates the extraction of high-
dimensional imaging features and their integration with 
multi-omics data, improving biomarker discovery and clini-
cal risk stratification. Challenges such as tumor heterogene-
ity and the need for multi-modal data integration are being 
addressed through AI-driven workflows, expanding radi-
ogenomics’ applicability in oncology (Guo et al. 2025).

Recent methodological innovations also include hybrid 
neural networks like THItoGene, which predict spatial tran-
scriptomics from histological images by adaptively sensing 
molecular signals. This approach exemplifies AI’s ability 
to bridge high-resolution pathology phenotypes with gene 
expression regulation, offering spatially resolved insights 

Fig. 4  Overview of the main con-
tent of this paragraph. The picture 
was created by Jinchun Chen
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from CT images of lung nodules, enabling non-invasive 
molecular profiling that guides targeted therapies (Batra 
et al. 2024). The combination of AI-based imaging analy-
sis with clinical and genomic data has demonstrated area 
under the curve (AUC) values up to 0.91 for EGFR muta-
tion prediction, suggesting that AI can bridge radiological 
phenotypes with underlying tumor genotypes (Batra et al. 
2024). Moreover, AI-assisted liquid biopsy approaches uti-
lizing circulating biomarkers alongside imaging data have 
shown promise in early lung cancer detection, offering a 
complementary strategy to improve screening specificity 
and reduce unnecessary invasive procedures (Habbab et al. 
2025; Wei et al. 2025).

Clinical implementation of AI in lung cancer screening 
has also been explored in diverse populations, including 
underserved and high-risk groups. Mobile low-dose CT 
units equipped with AI diagnostic systems have demon-
strated cost-effectiveness and feasibility in rural settings, 
achieving lung cancer detection rates around 0.7% and 
reducing health disparities (Huang et al. 2025c). LDCT 
screening can help save lives by detecting lung cancer early, 
especially in people at high risk, but some challenges need 
to be carefully managed (Mathew et al. 2025). Furthermore, 
AI models have been validated to improve workflow effi-
ciency by shortening detection times and increasing diag-
nostic concordance when compared to manual readings or 
multidisciplinary team assessments (Du et al. 2022b).These 
advancements indicate that AI has the potential to expand 
screening coverage and improve participation among high-
risk populations by optimizing resource allocation, reducing 
the workload of radiologists, and supporting primary health-
care institutions in conducting preliminary screenings.

Despite these promising advances, challenges remain in 
standardizing AI models, ensuring external validation, and 
integrating multi-omic data into clinical practice. Limita-
tions include heterogeneity in AI algorithms, variability in 
imaging protocols, and the need for large annotated datasets 
to train robust models (Zhang et al. 2021; Ayasa et al. 2025). 
Ethical considerations, transparency, and clinical account-
ability must also be addressed to facilitate widespread 
adoption. Nonetheless, the current evidence supports that 
AI-enhanced imaging, particularly when combined with 
genetic and biomarker information, substantially improves 
the early detection and characterization of GGNs, thereby 
enabling more accurate diagnosis and personalized manage-
ment of early lung adenocarcinoma (Li et al. 2025a; Gandhi 
et al. 2023). This integration marks a pivotal step toward 
precision medicine in lung cancer screening, with the poten-
tial to reduce mortality through timely intervention.

reduce lung cancer mortality, the screening compliance rate 
is generally low worldwide. Recent discussions on lung 
cancer screening in Asia have highlighted concerns about 
overdiagnosis, as overly aggressive screening may lead to 
overdiagnosis, and delayed follow-up may result in missed 
diagnoses, adversely affecting survival outcomes (Hsin-
Hung et al. 2024). Therefore, integrating AI technology into 
the entire process of lung cancer screening should not only 
focus on optimizing nodule detection performance but also 
aim to improve overall screening coverage, compliance, and 
cost-effectiveness.

Numerous studies have demonstrated that AI models sig-
nificantly improve the sensitivity and specificity of GGN 
detection on computed tomography (CT) scans, address-
ing one of the major challenges in early lung cancer diag-
nosis. For instance, large-scale clinical trials embedding 
AI algorithms into CT screening workflows have reported 
sensitivity improvements of up to 20.7%, with overall 
detection sensitivity rising from approximately 67.7 to 
88.4% for various nodule sizes, including GGNs that are 
traditionally difficult to identify by radiologists (Chao et al. 
2023). Moreover, AI-assisted systems have achieved sensi-
tivity rates exceeding 95% with high area under the curve 
(AUC) values (> 0.88) for nodule detection, outperforming 
or matching experienced radiologists while reducing false 
positives (Zhang et al. 2021). Deep learning models such as 
DenseNet and WOANet have shown exceptional accuracy 
in detecting GGNs, with accuracies near 99%, coupled with 
high sensitivity and specificity, underscoring the potential 
of AI to serve as a reliable adjunct in lung cancer screening 
programs (Shah et al. 2025).

Beyond mere detection, AI enhances the classification 
and risk stratification of GGNs by extracting quantitative 
radiomic features that correlate with malignancy risk. For 
example, AI-based vessel suppression and automated detec-
tion algorithms improve the differentiation of subsolid 
nodules into ground-glass and part-solid nodules, which 
have distinct prognostic implications (Singh et al. 2021). 
Radiomics combined with AI has been used to noninva-
sively predict early recurrence risk in clinical stage IA lung 
cancer, utilizing imaging features such as solid part size 
and volume ratios extracted via AI software (Shimada et al. 
2022). Additionally, AI-driven radiomic analysis integrated 
with quantum machine learning models has achieved high 
accuracy (up to 89.23%) and interpretability in classifying 
pulmonary GGNs, facilitating early and precise diagnosis 
(Huang et al. 2025b).

The integration of imaging features with genetic infor-
mation represents a cutting-edge advancement that further 
elevates diagnostic accuracy. AI models have been devel-
oped to predict oncogenic driver mutations, such as epi-
dermal growth factor receptor (EGFR) mutations, directly 

1 3

   92   Page 12 of 27



Journal of Cancer Research and Clinical Oncology          (2026) 152:92 

imaging features, thus guiding personalized treatment selec-
tion. For example, AI algorithms have been used to infer 
EGFR mutation status and other driver gene alterations 
from CT radiomics signatures, enabling early identification 
of candidates for tyrosine kinase inhibitors without the need 
for invasive biopsy (Zhong et al. 2024; Margerie-Mellon 
and Chassagnon 2023). Additionally, AI-based analyses 
of tumor-associated macrophage remodeling and immune 
microenvironment evolution provide insights into the 
immunosuppressive milieu of early lung adenocarcinoma, 
potentially informing immunotherapeutic strategies (Li 
et al. 2025e). Currently, research on targeted therapy and 
immunotherapy that can objectively reflect (such as tumor 
shrinkage) or long-term outcomes for patients (such as mor-
tality rate, incidence) is still limited. Therefore, there are 
challenges in associating imaging biomarkers of lung GGNs 
with complex immunotherapy responses. Future studies 
need to prospectively validate the ability of AI models to 
predict their true clinical endpoints in order to fully realize 
their potential in guiding immunotherapy decisions.

Overall, AI-driven personalized treatment decision sup-
port systems represent a critical bridge between imaging 
phenotypes and oncogenic driver gene profiles in lung 
adenocarcinoma with GGNs. These systems improve risk 
stratification accuracy, optimize therapeutic recommenda-
tions, and facilitate the implementation of precision oncol-
ogy approaches. However, challenges remain in clinical 
translation, including the need for large, diverse datasets to 
enhance model generalizability, transparency of AI decision-
making processes, and integration into clinical workflows. 
Continued development and validation of AI tools that com-
bine imaging and genomic data will be essential to realize 
their full potential in guiding individualized treatment and 
improving patient outcomes in lung adenocarcinoma.

Construction and validation of prognostic prediction 
models

The construction of prognostic prediction models utilizing 
artificial intelligence (AI) has become a pivotal advance-
ment in forecasting patient survival and recurrence risk in 
lung adenocarcinoma presenting as ground-glass nodules 
(GGNs). AI models integrate multidimensional data, includ-
ing CT imaging features, molecular biomarkers, and clini-
cal parameters, to generate accurate survival predictions and 
stratify patients by risk, thereby guiding personalized treat-
ment strategies. For instance, a nomogram combining novel 
biomarkers CST1 and GIMAP1-GIMAP5, derived from 
RNA sequencing and CT imaging data, demonstrated robust 
predictive power for lung adenocarcinoma in GGNs with 
an area under the curve (AUC) exceeding 0.8, underscor-
ing the utility of molecular-imaging integration in prognosis 

AI-driven personalized treatment decision support

The integration of artificial intelligence (AI) with imaging 
and genomic data holds transformative potential for person-
alized treatment decision-making in lung adenocarcinoma 
presenting as ground-glass nodules (GGNs). AI algorithms 
can leverage quantitative imaging features derived from 
computed tomography (CT) scans, such as nodule size, 
volume, density, and morphological characteristics, com-
bined with genetic mutation profiles, to stratify patients 
by risk and recommend tailored therapeutic strategies. For 
instance, AI-based radiomics models have demonstrated 
robust capability in distinguishing pathological subtypes 
of GGNs—including atypical adenomatous hyperplasia 
(AAH), adenocarcinoma in situ (AIS), minimally inva-
sive adenocarcinoma (MIA), and invasive adenocarcinoma 
(IAC)—by analyzing multidimensional CT parameters such 
as solid component size, mean CT attenuation values, and 
three-dimensional volumetric measurements (Wu et al. 
2025; Fang et al. 2022). These imaging biomarkers corre-
late significantly with oncogenic driver mutations, notably 
epidermal growth factor receptor (EGFR) mutations, which 
are prevalent in certain adenocarcinoma subtypes and influ-
ence responsiveness to targeted therapies (Zhong et al. 
2024). AI models incorporating both imaging and genetic 
data can thus provide a refined risk stratification framework 
that informs the likelihood of nodal metastasis and tumor 
invasiveness, critical factors in determining the extent of 
surgical resection and the necessity for adjuvant treatment 
(Shimada et al. 2023; Tsuchiya et al. 2025).

Moreover, AI-driven decision support systems enhance 
the precision of therapeutic recommendations by predict-
ing tumor behavior and treatment response. Deep learning 
frameworks have been developed to classify pulmonary 
nodules with high accuracy, distinguishing malignant from 
benign lesions and further differentiating histopathological 
subtypes, thereby reducing unnecessary interventions and 
optimizing follow-up protocols (Wang et al. 2022; Mar-
gerie-Mellon and Chassagnon 2023). The ability of AI to 
analyze complex imaging-genomic datasets facilitates the 
identification of high-risk patients who may benefit from 
more aggressive treatment modalities, including sublobar 
resections or lymph node dissection, versus those suitable 
for conservative management (Kudo et al. 2024). These 
systems also support clinicians in evaluating the metastatic 
potential of small solid nodules, which are often challeng-
ing to assess preoperatively, by integrating AI-derived con-
fidence scores with clinical and pathological data (Kudo et 
al. 2024).

In the context of targeted therapy and immunotherapy, 
AI holds promise in predicting molecular alterations and 
the tumor immune microenvironment from non-invasive 
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potential to predict survival and recurrence risk by integrat-
ing imaging, molecular, and clinical data. Continued valida-
tion, methodological rigor, and user-friendly interfaces are 
essential to bridge the gap between research and clinical 
application, ultimately improving patient outcomes through 
personalized prognostication and management.

Challenges and solutions of artificial intelligence 
technology

See Fig. 5

Data quality and sample size limitations

The quality of data and the size of sample cohorts represent 
critical challenges in the application of artificial intelligence 
(AI) to the analysis of lung ground-glass nodules (GGNs) 
and their association with oncogenic driver genes. Data 
heterogeneity arises from variations in imaging protocols, 
reconstruction algorithms, and annotation standards across 
institutions, which can significantly affect the consistency 
and reliability of AI models. For instance, phantom stud-
ies have demonstrated that different computed tomography 
(CT) scanning parameters, such as tube voltage and current, 
influence the measured size and density of pulmonary nod-
ules, including GGNs, thereby impacting the ground truth 
data used for AI training (Meng et al. 2024). Moreover, the 
use of various image reconstruction techniques, includ-
ing filtered back projection (FBP), iterative reconstruction 
(IR), and deep learning image reconstruction (DLIR), alters 
image noise, spatial resolution, and nodule detectability, 
further contributing to data variability (Yao et al. 2022; 
Greffier et al. 2022). This heterogeneity complicates the 
development of generalized AI models capable of robust 
performance across diverse clinical settings.

Annotation quality is another pivotal factor; accurate and 
consistent labeling of nodules, including delineation of solid 

(Li and Zhang 2025). Similarly, radiomics-based models 
leveraging high-resolution CT features have effectively dif-
ferentiated invasive adenocarcinomas from pre-invasive 
or minimally invasive lesions, with AUCs reaching up to 
0.92 in independent cohorts, enabling noninvasive assess-
ment of tumor aggressiveness and prognosis (Chen et al. 
2022). Moreover, advanced machine learning algorithms 
applied to dual-layer spectral detector CT parameters com-
bined with clinical data have yielded high AUCs (~ 0.95) 
for invasiveness prediction, facilitating risk stratification 
and surgical decision-making (Wan et al. 2025). Deep learn-
ing approaches, such as 3D convolutional neural networks, 
have also been employed to quantify tumor size, volume, 
and mass from CT images, outperforming manual measure-
ments in prognostic accuracy for early-stage lung adeno-
carcinoma (Zhu et al. 2023). Beyond imaging, AI-driven 
pathological scoring systems assessing tumor-infiltrating 
lymphocytes have independently predicted overall and 
disease-free survival, highlighting the prognostic value of 
integrating histopathological data (Pan et al. 2022). Despite 
these promising developments, clinical translation faces 
challenges including model generalizability, interpretabil-
ity, and integration into routine workflows. Many stud-
ies lack external validation or are limited by retrospective 
designs and single-center data, which may restrict appli-
cability across diverse populations (Margerie-Mellon and 
Chassagnon 2023). Furthermore, the “black-box” nature of 
some AI models raises concerns regarding transparency and 
clinical accountability, necessitating explainable AI frame-
works and multidisciplinary collaboration for effective 
implementation (Margerie-Mellon and Chassagnon 2023). 
Addressing these challenges, recent efforts have focused 
on developing interpretable multimodal fusion models that 
combine histology, genomics, and transcriptomics, enhanc-
ing prognostic precision even with incomplete data (Gao 
et al. 2025). In summary, AI-based prognostic models for 
lung adenocarcinoma with GGNs demonstrate significant 

Fig. 5  Overview of the main con-
tent of this paragraph. The picture 
was created by Jinchun Chen
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improving early diagnosis and personalized treatment of 
lung adenocarcinoma.

Model interpretability and clinical trustworthiness

AI model “Black Box” issue and its impact on clinical applica-
tion  Artificial intelligence (AI) models, particularly those 
based on deep learning, have demonstrated remarkable 
capabilities in analyzing CT images of pulmonary ground-
glass nodules (GGNs) and predicting lung adenocarcinoma 
characteristics, including malignancy risk, pathological 
subtypes, and invasiveness. However, a critical challenge 
limiting their widespread clinical adoption is the so-called 
“black box” problem, where the internal decision-making 
processes of AI systems are opaque and difficult for clini-
cians to interpret. This lack of transparency raises concerns 
about the reliability and safety of AI-driven diagnostic tools 
in clinical workflows. Clinicians are hesitant to fully trust 
AI outputs without understanding the rationale behind pre-
dictions, especially when these decisions influence criti-
cal management strategies such as surgical planning or 
biopsy necessity. For example, while AI algorithms like 
DeepLN have achieved high accuracy in classifying pul-
monary nodules and predicting pathological subtypes based 
on CT imaging features, the inability to explain how spe-
cific image characteristics contribute to the final classifica-
tion limits their acceptance in routine practice (Wang et al. 
2022). Moreover, the variability in CT imaging protocols 
and patient heterogeneity further complicates the interpret-
ability of AI predictions. The “black box” nature also poses 
regulatory challenges, as clinical validation and risk assess-
ment require clear understanding of model behavior. Conse-
quently, addressing the interpretability issue is essential to 
bridge the gap between AI research advances and real-world 
clinical implementation, ensuring that AI tools can be safely 
integrated into diagnostic workflows and trusted by health-
care providers.

Current development status of explainable AI technolo-
gies  In response to the interpretability challenge, explain-
able AI (XAI) techniques have been actively developed 
to elucidate the decision-making processes of AI models 
applied to lung nodule analysis. These techniques aim to 
provide visual or quantitative explanations that highlight the 
imaging features or regions contributing most to the AI’s 
prediction, thereby enhancing clinician trust and facilitating 
model validation. For instance, saliency maps and heatmaps 
can localize areas within CT images that influence malig-
nancy risk assessment or subtype classification, allowing 
radiologists to verify whether AI focuses on relevant patho-
logical features such as nodule size, density, spiculation, or 

and ground-glass components, is essential for supervised 
learning. Studies have shown interobserver variability in 
the detection and characterization of GGNs, especially for 
small or part-solid nodules, which can introduce noise into 
training datasets (Digumarthy et al. 2020; Solomon et al. 
2021). Training AI systems on such data without sufficient 
quality control may lead to suboptimal model performance 
and reduced clinical applicability.

Sample size limitations also restrict AI development. 
Although large datasets improve model generalizability, 
the availability of well-annotated, high-quality datasets for 
GGNs remains limited. Many studies rely on retrospective 
cohorts with relatively small numbers of cases, which may 
not capture the full spectrum of nodule characteristics or 
genetic heterogeneity (Feng et al. 2023; Wu et al. 2020). 
This scarcity is particularly pronounced for rare nodule sub-
types or specific driver gene mutations, which are critical 
for personalized medicine approaches.

To mitigate these challenges, data augmentation and 
transfer learning techniques have been employed. Data aug-
mentation artificially expands training datasets by applying 
transformations such as rotation, scaling, and noise addi-
tion, enhancing model robustness to variations (Margerie-
Mellon and Chassagnon 2023). Transfer learning leverages 
pretrained models on large, general datasets and fine-tunes 
them on smaller, domain-specific datasets, thus reducing 
the need for extensive labeled data (Feng et al. 2023). For 
example, radiomics-based models incorporating both clini-
cal-radiographic features and AI-extracted imaging features 
have demonstrated improved predictive performance for 
invasiveness in GGNs despite limited sample sizes (Feng et 
al. 2023; Xiong et al. 2022).

Furthermore, the integration of multi-institutional data 
and standardization of imaging protocols and annotation 
criteria are essential to reduce heterogeneity and improve 
data quality. Collaborative efforts to establish large, anno-
tated databases with harmonized imaging and clinical data 
will facilitate the development of more reliable AI models. 
Additionally, advanced image reconstruction algorithms, 
such as spectral photon-counting CT and dual-layer spec-
tral detector CT, offer improved image quality and nodule 
characterization, potentially enhancing the quality of input 
data for AI applications (Si-Mohamed et al. 2022; Kang et 
al. 2025).

In conclusion, addressing data quality and sample size 
limitations through standardized imaging protocols, rigor-
ous annotation, data augmentation, transfer learning, and 
collaborative data sharing is fundamental to advancing AI 
applications in the analysis of lung GGNs and their underly-
ing molecular drivers. These strategies will enable the con-
struction of robust, generalizable AI models that can bridge 
imaging phenotypes with genetic alterations, ultimately 
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datasets to develop robust AI models for GGN analysis, 
which often entails cross-institutional or international data 
sharing. Therefore, establishing standardized data gover-
nance policies and employing federated learning techniques, 
where AI models are trained locally without transferring 
raw data, have emerged as promising approaches to rec-
oncile data privacy with AI development. In the context of 
lung GGN research, ensuring that CT imaging and genetic 
data are handled in compliance with privacy laws is critical 
to protect patient confidentiality and maintain public trust, 
which ultimately facilitates the ethical advancement of AI 
applications in precision oncology (Ge et al. 2025; Liang 
et al. 2025).

Ethical considerations of AI technology in clinical appli-
cations  The integration of AI technologies into clini-
cal workflows for lung GGN evaluation and management 
raises profound ethical considerations that extend beyond 
data privacy. One primary concern is the transparency and 
interpretability of AI algorithms, especially when they 
influence diagnostic and therapeutic decisions. Clinicians 
must understand the rationale behind AI-generated predic-
tions or classifications to ensure informed decision-making 
and maintain accountability. The risk of algorithmic bias 
is another ethical challenge; AI models trained on datasets 
lacking diversity may perform suboptimally in underrep-
resented populations, potentially exacerbating health dis-
parities. For instance, variations in imaging characteristics 
or genetic profiles of GGNs across different ethnic groups 
could lead to biased AI outputs if not properly addressed 
during model development. Furthermore, the potential for 
overdiagnosis and overtreatment of GGNs, already a clini-
cal issue, may be amplified by AI systems that detect subtle 
imaging features without adequate clinical context, leading 
to unnecessary interventions and patient anxiety (Liang et 
al. 2025). Ethical deployment of AI also requires rigorous 
validation to ensure safety and efficacy, as erroneous AI 
recommendations could cause harm. Informed consent pro-
cesses should explicitly address the use of AI in patient care, 
including potential benefits and limitations. Additionally, 
the responsibility for errors or adverse outcomes related to 
AI-assisted decisions must be clearly delineated among cli-
nicians, developers, and institutions. Finally, the continuous 
monitoring and updating of AI systems are essential to adapt 
to evolving clinical knowledge and maintain ethical stan-
dards. Collectively, these ethical considerations underscore 
the necessity for multidisciplinary collaboration among 
clinicians, ethicists, data scientists, and policymakers to 
establish guidelines that safeguard patient welfare while 

vascular convergence (Fang et al. 2022; Xia et al. 2020). 
Additionally, combining AI-derived quantitative param-
eters with traditional radiological signs has been shown to 
improve diagnostic performance while maintaining inter-
pretability. Studies have demonstrated that integrating AI 
parameters like nodule diameter, volume, and mass with 
CT morphological features enables construction of predic-
tive nomograms with clear clinical relevance, which can be 
more readily understood and trusted by clinicians (Long et 
al. 2025; Li et al. 2024). Furthermore, hybrid models that 
fuse deep learning features with radiomics and clinical data 
enhance both accuracy and transparency by linking AI out-
puts to established imaging biomarkers (Xia et al. 2020). 
Advances in multimodal imaging analysis, including PET/
CT and spectral CT, combined with AI, have also contrib-
uted to more explainable models by correlating imaging 
phenotypes with pathological invasiveness (Ruan et al. 
2025; Chang et al. 2023). Despite these promising devel-
opments, challenges remain in standardizing XAI methods, 
validating their clinical utility, and ensuring that explana-
tions are both accurate and comprehensible to end-users. 
Ongoing research is focused on refining XAI frameworks to 
provide actionable insights, reduce interobserver variabil-
ity, and ultimately foster greater clinical trust in AI-assisted 
diagnosis of lung adenocarcinoma manifesting as GGNs.

Regulations, ethics, and privacy protection

Medical data privacy protection regulations  The applica-
tion of artificial intelligence (AI) in the analysis of lung 
ground-glass nodules (GGNs) and their correlation with 
oncogenic driver genes necessitates stringent adherence 
to medical data privacy protection regulations. Medical 
imaging data, particularly CT scans used for detecting and 
characterizing GGNs, constitute sensitive personal health 
information. Regulatory frameworks such as the Health 
Insurance Portability and Accountability Act (HIPAA) in 
the United States, the General Data Protection Regulation 
(GDPR) in the European Union, and similar laws world-
wide impose rigorous requirements on the collection, stor-
age, processing, and sharing of such data. These regulations 
mandate that patient identifiers be anonymized or pseud-
onymized before data utilization in AI model training or 
validation to prevent unauthorized re-identification. The 
complexity increases when integrating multi-modal data, 
such as genetic profiles linked to imaging phenotypes, since 
genetic data are inherently identifiable and require elevated 
protection standards. Moreover, compliance with these 
regulations involves implementing secure data transmission 
protocols, access controls, audit trails, and data encryption. 
The challenge is compounded by the need for large, diverse 
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regulatory networks, facilitating the inference of causal gen-
otype–phenotype associations (Lee et al. 2019). Advanced 
computational models, including multi-scale multi-hop 
graph AI models like M3NetFlow, have been developed to 
analyze these complex networks, allowing both hypothesis-
guided and generic multi-omic analyses that identify bio-
markers and core signaling pathways with high predictive 
accuracy and interpretability (Zhang et al. 2025c, 2023). 
Deep learning-based approaches have also been increas-
ingly applied to multi-omics integration, employing archi-
tectures such as graph convolutional neural networks and 
variational autoencoders to handle heterogeneous data types 
and missing modalities, thus improving performance in 
classification, prediction, and clustering tasks (Ballard et al. 
2024). Moreover, integrative analyses that combine multi-
omics data with imaging (radiomics) and clinical informa-
tion through artificial intelligence frameworks have shown 
promise in enhancing early cancer detection, prognosis 
prediction, and treatment response monitoring, underscor-
ing the importance of comprehensive data fusion (Camps 
et al. 2025). Tools like iSODA provide user-friendly plat-
forms for interactive visualization and functional analysis 
of single- and multi-omics data, facilitating exploratory and 
hypothesis-driven research (Olivier-Jimenez et al. 2025). 
Despite these advances, challenges such as data heterogene-
ity, high dimensionality, missing data, and privacy concerns 
remain. Federated analysis frameworks that adhere to FAIR 
principles have been proposed to enable secure, privacy-
preserving integration and reuse of multi-omics data across 
institutions (Liao et al. 2024). In sum, the deep fusion of 
multi-omics data through sophisticated computational 
and AI-driven methodologies offers a powerful avenue to 
unravel the molecular complexity of lung adenocarcinoma 
and other cancers from a systems biology perspective, 
enabling the development of integrative models that bridge 
imaging phenotypes with oncogenic drivers and ultimately 
inform precision medicine strategies.

harnessing AI’s potential in lung GGN management (Ge et 
al. 2025; Liang et al. 2025).

Future development directions and research trends

See Fig. 6

Deep integration and analysis of multi-omics data

The deep integration and analysis of multi-omics data—
encompassing radiomics, genomics, proteomics, and other 
molecular layers—have become pivotal in constructing 
comprehensive models that elucidate the complex biologi-
cal underpinnings of diseases such as lung adenocarcinoma 
with ground-glass nodules. Integrative frameworks like 
iModMix exemplify biology-agnostic approaches that lever-
age data-driven module construction without reliance on 
prior pathway annotations, enabling the discovery of novel 
associations across heterogeneous omics datasets including 
transcriptomics, proteomics, and metabolomics (Narváez-
Bandera et al. 2024). Such methods preserve the distinc-
tiveness of each omics layer while facilitating horizontal 
integration through eigenfeatures, thereby enhancing inter-
pretability and uncovering cross-modality relationships. 
Multi-staged data-integrated multi-omics (MS-DIMO) 
analyses further demonstrate the power of combining multi-
ple omics domains within a single study to provide a holistic 
view of molecular mechanisms, which can refine mechanis-
tic hypotheses and identify therapeutic targets more effec-
tively than single-omics approaches (Harris et al. 2021). 
This is particularly relevant in lung cancer research, where 
the interplay between imaging phenotypes and driver gene 
mutations demands a systemic view. From a systems biol-
ogy perspective, the integration of multi-omics data enables 
the construction of heterogeneous multi-layered networks 
(HMLNs) that represent biological hierarchies and inter-
actions, such as protein–protein interactions and gene 

Fig. 6  Overview of the main con-
tent of this paragraph. The picture 
was created by Jinchun Chen
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care quality, although widespread bedside implementation 
is still evolving (Montomoli et al. 2022). Furthermore, AI-
driven CDSS have demonstrated efficacy in enhancing diag-
nostic accuracy and urgency assessment in triage processes, 
as exemplified by cloud-based decision tree algorithms in 
ophthalmology, which improve referral accuracy and stan-
dardize care pathways (Tanya et al. 2023). The dynamic 
nature of AI-CDSS allows for adaptation to patient-specific 
changes, promoting proactive interventions and individual-
ized care plans. However, successful deployment requires 
integration with existing clinical workflows, user-friendly 
interfaces, and continuous validation to maintain trust and 
usability among healthcare professionals (Tun et al. 2025; 
Ouanes and Farhah 2024). Ethical considerations, including 
preserving patient autonomy and ensuring equitable access, 
are also critical in the design and application of AI-driven 
personalized management systems (Skuban-Eiseler et al. 
2023). Collectively, these advances underscore the transfor-
mative potential of AI-enhanced real-time monitoring and 
personalized management in improving patient outcomes 
and healthcare delivery efficiency.

Emerging technologies and their application prospects

Emerging technologies like quantum computing and feder-
ated learning hold promising potential to revolutionize the 
integration of imaging and genomic data in lung adenocar-
cinoma, particularly in the context of ground-glass nodules 
(GGNs). Quantum computing, with its ability to process 
complex, high-dimensional data exponentially faster than 
classical computers, could significantly accelerate the anal-
ysis of large-scale imaging-genomic datasets. This is crucial 
given the intricate relationship between CT imaging fea-
tures of lung adenocarcinomas and their underlying driver 
gene mutations, such as EGFR mutations, which have been 
successfully predicted using AI-based deep learning mod-
els on CT images (Yoon et al. 2022; Wu et al. 2023). The 
computational demands of extracting radiomic features 
and correlating them with genomic profiles for thousands 
of nodules could be efficiently managed by quantum algo-
rithms, enabling more rapid and precise biomarker discov-
ery and risk stratification.

Federated learning, another cutting-edge approach, offers 
a secure and privacy-preserving framework for collabora-
tive AI model training across multiple institutions without 
sharing raw patient data. This is particularly relevant in lung 
cancer imaging-genomics research, where data heteroge-
neity and privacy concerns limit large-scale multi-center 
studies. Federated learning can facilitate the aggregation 
of diverse CT imaging and genomic datasets from different 
centers, enhancing model generalizability and robustness. 
For instance, multi-center studies employing AI to predict 

Integration of artificial intelligence with clinical decision 
support systems

The integration of artificial intelligence (AI) with elec-
tronic health records (EHR) and other clinical information 
systems represents a pivotal advancement in clinical deci-
sion support systems (CDSS). AI-augmented CDSS lever-
age the wealth of data stored in EHRs, including patient 
demographics, laboratory results, imaging data, and treat-
ment histories, to provide personalized, evidence-based 
recommendations that enhance clinical decision-making. 
For instance, AI models have been developed to retrieve 
and analyze similar cases from medical databases, thereby 
enabling comparative diagnostics that improve accuracy 
and efficiency without requiring extensive manual segmen-
tation of imaging data (Iglesias et al. 2024). In oncology, 
AI-driven CDSS such as Watson for Oncology (WfO) have 
been integrated into multidisciplinary teams, demonstrating 
improved adherence to clinical guidelines and positively 
influencing treatment decisions and patient satisfaction (Lee 
and Lee 2020; You et al. 2020; Yao et al. 2020). These sys-
tems utilize advanced machine learning algorithms to syn-
thesize heterogeneous clinical data, facilitating precise risk 
stratification, therapy selection, and prognostic predictions. 
Moreover, AI-CDSS have been applied in various special-
ties, including cardiovascular diseases and geriatrics, where 
integration with clinical information systems supports risk 
assessment, early warning, and personalized management 
(Bozyel et al. 2024; Skuban-Eiseler et al. 2023). The seam-
less incorporation of AI into EHR platforms enhances real-
time data accessibility and decision support, but challenges 
remain in interoperability, data standardization, and ensur-
ing clinical reliability. Addressing these challenges through 
robust system design and validation is essential to realize 
the full potential of AI-integrated CDSS in routine clinical 
workflows (Shaikh et al. 2021; Gomez-Cabello et al. 2024).

Real-time dynamic monitoring powered by AI-enhanced 
clinical decision support systems enables continuous assess-
ment of patient status and facilitates personalized manage-
ment strategies tailored to individual risk profiles and disease 
trajectories. AI algorithms can analyze streaming data from 
various sources, including wearable devices, continuous 
monitoring systems, and imaging modalities, to detect subtle 
changes indicative of disease progression or complications. 
For example, in type 1 diabetes management, AI-CDSS inte-
grate data from continuous glucose monitors, insulin pumps, 
and lifestyle trackers to provide predictive insights and per-
sonalized treatment recommendations, thereby optimizing 
glycemic control and resource allocation (Nimri and Phillip 
2025). In intensive care settings, AI-based monitoring sys-
tems are being developed to interpret complex physiologi-
cal data, supporting timely clinical decisions and improving 
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Conclusion

The integration of artificial intelligence (AI) technology in 
the study of ground-glass nodules (GGNs) and adenocar-
cinoma of the lung represents a significant transformation 
in thoracic oncology. By driving the connection between 
imaging phenotypes and carcinogenic driver gene profiles, 
AI facilitates the deep integration of radiomics and genom-
ics, which not only deepens our understanding of tumor 
biology but also paves the way for precise clinical appli-
cations. AI-assisted multimodal data analysis demonstrates 
significant potential in enhancing the accuracy of early 
diagnosis of adenocarcinoma of the lung, promoting per-
sonalized treatment and prognosis assessment, and helping 
to address tumor heterogeneity, thereby improving patient 
outcomes and prognosis.

However, the field still faces key challenges such as data 
quality and heterogeneity, insufficient algorithm interpret-
ability, and lagging ethical and regulatory frameworks. The 
representativeness and reliability of data directly affect the 
performance of AI models, while the “black box” issue hin-
ders the establishment of clinical trust. At the same time, 
issues related to patient privacy, data security, and equi-
table access urgently need to be addressed through cross-
disciplinary collaboration to establish clear guidelines and 
standards.

Looking ahead, the development of AI technologies 
such as deep learning and multi-omics analysis is expected 
to fundamentally change the diagnosis and management 
landscape of pulmonary GGNs. Achieving this vision relies 
on close collaboration among multiple disciplines, includ-
ing radiology, genomics, clinical oncology, and ethics, and 
effective validation through large-scale prospective clini-
cal trials. Ultimately, these advancements will drive lung 
cancer management towards a more intelligent, precise, 
and personalized direction, ushering in a new era of smart 
healthcare. See Fig. 7.

invasiveness and driver mutations in GGNs have demon-
strated improved diagnostic accuracy when combining 
imaging features with genetic sequencing (Long et al. 2025; 
Zhang et al. 2022b). By enabling decentralized learning, 
federated approaches could overcome current limitations 
related to data sharing and allow continuous model refine-
ment with new data from varied populations.

Moreover, the continuous learning and adaptive capabili-
ties of AI models are critical for maintaining and improving 
diagnostic performance over time. Current AI frameworks, 
such as DeepLN and other convolutional neural networks, 
have shown competitive performance in classifying pulmo-
nary nodules and predicting pathological subtypes (Wang et 
al. 2022). However, these models often rely on static train-
ing datasets and may suffer from performance degradation 
when exposed to new imaging protocols, scanner types, or 
patient demographics. Incorporating continuous learning 
mechanisms allows AI models to update their parameters 
dynamically as new data become available, adapting to shifts 
in data distribution and improving resilience against domain 
shifts. This capability is essential for clinical deployment, 
where imaging conditions and patient populations evolve.

Adaptive AI models can also integrate multi-modal data 
streams, including longitudinal CT imaging, radiomics, and 
genomic information, to provide personalized risk assess-
ments and treatment guidance. For example, nomogram 
models combining AI-derived quantitative imaging param-
eters with clinical and genetic biomarkers have demon-
strated superior predictive accuracy for invasiveness and 
prognosis in lung adenocarcinoma presenting as GGNs (Li 
and Zhang 2025; Li et al. 2024). Continuous learning frame-
works could further enhance these models by incorporating 
follow-up imaging and molecular data, refining predictions 
and supporting dynamic clinical decision-making.

In summary, frontier technologies such as quantum 
computing and federated learning offer transformative 
potential for imaging-genomic analysis in lung adenocarci-
noma, enabling faster computation and collaborative model 
development while preserving data privacy. Concurrently, 
enhancing AI models with continuous learning and adapt-
ability is vital to sustain and improve their clinical utility 
in the dynamic environment of lung cancer diagnosis and 
management. These advances collectively pave the way for 
more precise, personalized, and scalable AI-driven solutions 
bridging CT imaging features and oncogenic driver genes in 
pulmonary ground-glass nodules.
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