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Introduction
Lung cancer remains the leading cause of cancer mortal-
ity globally, with NSCLC comprising the predominant 
histological subtype. Early detection is a critical determi-
nant of survival, a fact underscored by the National Lung 
Screening Trial (NLST), which showed a 20% reduction 
in lung cancer mortality through low-dose computed 
tomography (CT) screening [1]. Nonetheless, most 
patients are diagnosed at advanced stages, and traditional 
risk models based on demographic and clinical attributes 
alone, such as age, gender, family history, and smoking 
status, offer only limited predictive precision [2].

The profound heterogeneity of NSCLC, characterized 
at the histopathologic and molecular levels, has prompted 
a shift in oncological research toward data-rich modeling. 
AI and ML have emerged as transformative tools in this 
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Abstract
Non-small cell lung cancer (NSCLC) accounts for the majority of lung cancer cases and remains a leading cause 
of cancer-related mortality globally. The biological heterogeneity of NSCLC challenges early detection, accurate 
staging, and optimal therapy. Recent advances in artificial intelligence (AI) and machine learning (ML) have enabled 
the integration of high-dimensional clinical, genomic, and imaging data, transforming cancer care. This narrative 
review critically examines recent AI/ML applications in NSCLC, emphasizing clinical validation, interpretability, and 
ethical deployment. We synthesize data from leading studies on imaging, genomics, and multimodal integration, 
highlighting how deep learning and ensemble methods have begun to outperform traditional diagnostic 
workflows. Persistent challenges, including dataset diversity, lack of external validation, interpretability, and ethical 
considerations must be addressed to realize translational impact. We advocate for large-scale, interdisciplinary 
collaboration to advance AI-powered personalized medicine and improve patient outcomes in NSCLC.
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context, facilitating the integration and interpretation of 
multi-dimensional data sets, including genomics, pro-
teomics, advanced imaging, and real-world clinical data 
[3, 4]. These technologies allow for detection of complex, 
non-linear patterns in high-dimensional data, leading to 
improved risk stratification, earlier diagnosis, and the 
promise of personalized medicine in NSCLC [5, 6]. This 
narrative review offers a critical synthesis of recent AI/
ML advances in NSCLC and highlights future impera-
tives relating to rigorous validation, explainability, and 
ethical best practices. To orient the reader to the recent 
literature we reviewed, we first summarize the distribu-
tion of data modalities used across NSCLC AI/ML stud-
ies (Fig.  1) and the frequency of algorithms employed 
(Fig. 2).

Background
Non-small cell lung cancer (NSCLC) represents the 
majority of lung cancer cases and remains the leading 
cause of cancer-related mortality worldwide, with man-
agement transformed by advances in molecular profil-
ing, targeted therapies, and immunotherapies that enable 
precision medicine approaches [7]. Current treatment 
strategies rely heavily on next-generation sequencing 
to identify actionable genomic alterations (AGAs) such 

as EGFR, ALK, ROS1, KRAS, and emerging targets like 
NRG1 fusions, guiding selection of targeted therapies 
that have demonstrated substantial survival benefits in 
both early-stage and advanced disease settings [7]. For 
patients without AGAs, immune checkpoint inhibitors 
have become the cornerstone of treatment, with recent 
expansion into perioperative settings showing improved 
pathologic response rates and event-free survival [7]. 
Novel therapeutic modalities including bispecific anti-
bodies, antibody–drug conjugates, and combination 
approaches are addressing resistance mechanisms and 
expanding treatment options, with recent FDA approv-
als for agents targeting previously undruggable mutations 
[7].

Despite these advances, significant challenges remain 
including developing effective screening strategies for 
never-smokers, optimizing patient selection for adju-
vant therapies, establishing correlations between sur-
rogate endpoints and overall survival, and addressing 
resistance mechanisms that limit long-term treatment 
efficacy [7]. The evolving NSCLC landscape presents 
substantial opportunities for artificial intelligence and 
machine learning applications in molecular diagnostics, 
treatment selection, resistance prediction, and outcome 
optimization across the continuum of care from screen-
ing through advanced disease management.

The complexity of NSCLC is reflected in its clinico-
pathological and molecular diversity. Previous predictive 
models rested mainly on clinical and demographic data, 
but these variables alone lack the granularity and speci-
ficity required for precise prediction of tumor behavior, 
recurrence, or response to therapy. Integrating molecular 
data such as proteomic signatures, advanced imaging-
based radiomics, and transcriptional profiles into risk 
models marks a necessary progression for accurate stag-
ing and prognostication [8].

Current advances leverage these multi-modal data 
streams with computational techniques capable of deep 
feature extraction and fusion. For example, the incorpo-
ration of electronic health records (EHRs), digital pathol-
ogy, and next-generation sequencing datasets enables 
nuanced patient-specific modeling, as demonstrated 
by Levi et al., who used EHR-driven models to predict 
lung cancer risk [2]. The importance of including bio-
logically relevant markers alongside clinical attributes is 
further underscored by Timilsina et al., who leveraged 
multi-omic pathway activity and chromosomal instabil-
ity indices to stratify relapse risk in early-stage NSCLC 
[9]. The convergence of AI/ML with multimodal data 
offers the potential to dissect the biological underpin-
nings of NSCLC more effectively than one-dimensional 
approaches.
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Fig. 2  Frequency of AI/ML algorithms mentioned in NSCLC studies
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Methods
Literature search and study selection
A comprehensive PubMed search identified studies 
published within the five years preceding the review 
(approximately 2020–2025) using the keywords “machine 
learning,” “artificial intelligence,” “NSCLC,” “diagno-
sis,” “prognosis,” “genomics,” “imaging,” and “risk fac-
tors.” Studies describing the development or validation 
of AI/ML models in NSCLC were included and were 
subsequently organized by predominant data modality 
(clinical/EHR, genomic, or imaging) as well as by meth-
odological framework and clinical endpoint. Within 
these categories, clinical variables such as age, sex, smok-
ing history, comorbidities, and treatment were frequently 
incorporated, with integration of EHR data reported to 
improve prediction of survival, recurrence, and hospital 
length of stay; genomic profiling via RNA sequencing 
and mutation analysis was increasingly used for bio-
marker discovery and treatment‑response prediction, 
with multi‑omics models enhancing prognostic stratifi-
cation; and radiomics and deep learning applied to CT, 
PET, and pathology images were used to advance NSCLC 
classification, staging, and response prediction, particu-
larly through architectures such as convolutional neu-
ral networks, U‑Net, and ResNet, which enable efficient 
segmentation and feature extraction. Across the corpus, 
models drew on three primary data modalities (clinical/
EHR, imaging/radiomics, and genomics). Their relative 
use is depicted in Fig. 1.

Percentages reflect the relative frequency with which 
each data modality was used across the included primary 
NSCLC AI/ML studies. Each study could contribute to 
more than one category (e.g., a study using both radiomic 
and genomic data was counted once in each group), and 
review articles were excluded from these counts.

Data modalities & analytical frameworks
The algorithm families most commonly used in the 
reviewed studies are summarized in Fig. 2; below are key 
mechanisms.

Supervised learning algorithms
​Support Vector Machine (SVM) constructs optimal 
hyperplanes in high-dimensional feature space to sepa-
rate classes, using kernel functions to handle non-linear 
relationships, whereas Decision Trees (DT) create hier-
archical rule-based models through recursive partition-
ing of data based on feature values that maximize class 
separation [10]. Random Forest (RF) builds an ensemble 
of decision trees using bootstrap samples and random 
feature subsets, aggregating their outputs to reduce over-
fitting and provide variable-importance rankings, while 
Logistic Regression (LR) models the probability of binary 
or categorical outcomes with a sigmoid function and 

can incorporate L1/L2 regularization to prevent overfit-
ting [10]. Naive Bayes (NB) applies Bayes’ theorem with 
strong feature-independence assumptions to compute 
posterior probabilities for fast probabilistic classification, 
and K-Nearest Neighbors (KNN) assigns labels based on 
the classes of the k most similar instances in feature space 
according to a chosen distance metric [10]. Adaptive 
Boosting (AdaBoost) sequentially trains weak learners 
while reweighting misclassified samples so that subse-
quent learners focus on difficult cases, and Extreme Gra-
dient Boosting (XGBoost) implements gradient-boosted 
decision trees with regularization and efficient compu-
tation to achieve high predictive accuracy [10]. Convo-
lutional Neural Networks (CNN) use convolution and 
pooling layers to learn hierarchical feature representa-
tions from grid-like input data such as images, whereas 
Long Short-Term Memory (LSTM) networks employ 
memory cells and gating mechanisms to capture long-
range temporal dependencies in sequential data [10].

Unsupervised learning algorithms
Among the unsupervised learning algorithms, K-means 
clustering partitions data into k clusters by iteratively 
updating cluster centroids to minimize within-cluster 
variance, while Principal Component Analysis (PCA) 
performs linear dimensionality reduction by projecting 
data onto orthogonal components that capture maxi-
mum variance [10].

Diagnosis and histologic classification
Accurate diagnosis and subtype classification of non-
small cell lung cancer (NSCLC) remains a historical 
challenge due to the disease's heterogeneity and the limi-
tations of conventional methods. Recent years, however, 
have witnessed remarkable advances driven by machine 
learning (ML) and deep learning (DL) integrating clinical, 
imaging, and molecular data to elevate early detection, 
risk stratification, and histological classification to new 
levels of precision and scalability.

Early ML efforts focused on leveraging routinely avail-
able clinical and laboratory data for diagnostic differenti-
ation. In a retrospective dual‑center study including 2,312 
lung cancer patients and 653 individuals with benign 
pulmonary nodules, Wei et al. compared XGBoost, 
LightGBM, Random Forest (RF), AdaBoost, and logistic 
regression (LR) using a multimodal feature set compris-
ing demographic and behavioral variables, imaging‑based 
nodule characteristics, tumor markers, and autoantibody 
profiles [1]. Cohort 1 was randomly split 80/20 into train-
ing and test sets, with fivefold cross‑validation within the 
training subset to limit overfitting, and performance was 
then assessed in an independent external cohort (Cohort 
2) [1]. For early diagnosis, LR provided the most favor-
able balance of sensitivity and specificity, achieving an 



Page 4 of 13Nistala et al. BMC Medical Research Methodology           (2026) 26:86 

AUC of 0.716 (95% CI: 0.607–0.826), accuracy of 0.710, 
sensitivity of 70.3%, and specificity of 65.4% in the inter-
nal test set, with comparable external performance 
(AUC 0.712, accuracy 0.614, sensitivity 53.5%, specificity 
77.1%), illustrating the potential of relatively simple mod-
els when trained on rich routine clinical data [1].​

DL approaches have further advanced diagnostic per-
formance, particularly for thoracic imaging. Shariff et al. 
developed a custom convolutional neural network with 
differential augmentation (CNN + DA) that perturbs 
hue, brightness, saturation, and contrast and trained it 
on the IQ‑OTH/NCCD CT dataset comprising 1,097 
images from 110 patients (40 malignant, 15 benign, 55 
normal) using an 80/20 train–test split [11]. The model 
achieved 98.78% accuracy and significantly outper-
formed DenseNet, ResNet, and EfficientNetB0 on iden-
tical partitions (p < 0.0001); retraining and benchmarking 
on LC25000 histopathology, a TCIA Lung‑PET‑CT‑Dx 
cohort, and NLST CT screening data confirmed strong 
cross‑dataset performance, although generalizability still 
requires validation in a prospectively collected clinical 
cohort [11]. Complementing this, Primakov et al. intro-
duced a fully automated three‑stage pipeline that har-
monizes CT data, isolates lung parenchyma, and applies 
an augmented 2‑D U‑Net for primary‑tumor segmen-
tation, trained on 999 standard‑of‑care CT scans from 
seven institutions with an internal test set of 93 patients 
and expert 3‑D contours as ground truth [12]. Internally, 
lung‑wise detection AUCs were approximately 0.96 with 
a median Dice similarity coefficient (DSC) around 0.85 
and inference time under three seconds per patient; 
external validation on three additional datasets (238 
scans from 236 patients) yielded AUC 0.98 and median 
DSC 0.82, and an in‑silico reader study showed that auto-
mated contours were faster to obtain, more reproducible, 
and frequently preferred over manual segmentations, 
supporting readiness for workflow integration [12].​

Subtype classification has likewise benefited from 
increasingly sophisticated DL architectures. Germain et 
al. used a lightweight TinyVGG‑based CNN to classify 
NSCLC subtypes from brightfield images of cancer cell 
outgrowth in fibroblast co‑culture across five lung can-
cer cell lines, including KRAS‑mutant and EGFR‑mutant 
patient‑derived adenocarcinoma lines [13]. With daily 
imaging over nine days and data augmentation, the 
model achieved 100% accuracy for H520, 90% for H460, 
and 86% for A549 on Day 0; by Day 1, accuracy rose 
to 100% for A549 and 94% for H460, and the network 
reached 100% accuracy for HCC 4190 (EGFR oncogene) 
on Day 1 and HCC 4087 (KRAS oncogene) by Day 4, 
demonstrating that early morphological patterns can 
encode molecular subtype [13]. Yang et al. advanced ade-
nocarcinoma characterization by developing a multiview 
convolutional spatial (MVCS) model inspired by ResNet 

and transformer‑based learning, trained on LUNA16 and 
internally validated on 1,319 small cell pulmonary nod-
ules (SCPNs) from 1,069 patients, with an external set of 
160 SCPNs from 137 patients [14]. For triad classification 
of adenocarcinoma spectrum lesions (AAH–AIS, MIA, 
ADC), the MVCS fusion model achieved an accuracy of 
0.69, weighted F1‑score of 0.67, and Matthews correla-
tion coefficient (MCC) of 0.43, outperforming expert 
radiologists and several state‑of‑the‑art networks (e.g., 
Deep‑RadNet accuracy 0.56, LCP‑CNN 0.59, 3D Dense-
Sharp 0.65), and highlighting the value of 3D spatial con-
text for small nodule assessment [14].​

Ensemble DL methodologies have delivered 
state‑of‑the‑art performance across multiple diagnostic 
settings. Kumaran et al. combined VGG16, ResNet50, 
and InceptionV3 with Grad‑CAM explainability to clas-
sify CT images into benign, malignant, and normal cat-
egories in a dataset of 1,097 images (561 malignant, 
120 benign, 416 normal) [15]. The ensemble achieved 
98.18% overall accuracy; for malignant cases, preci-
sion was 1.0000, recall 0.9929, and F1‑score 0.9964, 
while for benign cases both precision and recall were 
0.9333 (F1‑score 0.9333), and for normal cases precision 
reached 0.9714, recall 0.9808, and F1‑score 0.9761, indi-
cating balanced high performance across all classes [15]. 
Vanitha et al. developed a MobileNet–Xception ensem-
ble for histopathologic classification of lung adenocarci-
noma, lung squamous cell carcinoma, and benign lung 
tissue using 15,000 de‑identified, pathologist‑validated 
images (5,000 per class) resized to 224 × 224 pixels [16]. 
Their model achieved 99.44% overall accuracy, with 
per‑class precision ranging from 0.9559 for squamous 
cell carcinoma to 1.0000 for benign tissue and colon ade-
nocarcinoma, and recall values ≥ 0.9508 (lowest for lung 
adenocarcinoma), underscoring the potential of modular 
architectures to deliver robust, scalable diagnostic tools 
across imaging modalities [16]. Pushing the frontier fur-
ther, Jian et al. integrated CNNs with gated recurrent 
units (CNN–GRU) to exploit both spatial and temporal 
CT features in the IQ‑OTH/NCCD dataset [17]. By aug-
menting 1,097 original scans (561 malignant, 120 benign, 
416 normal) to 1,683 images with class balancing (561 
per class) and using an 80/20 train–test split, the model 
achieved 99.77% accuracy, 99.96% sensitivity, and 100% 
specificity on the internal test set; when applied with-
out retraining to an independent CT‑Scan dataset of 364 
images (238 cancer, 126 non‑cancer), accuracy remained 
99.68%, although the external cohort was relatively small 
and non‑prospective [17].​

Beyond imaging, integration of omics data is revo-
lutionizing molecular‑level diagnosis. Lin et al. ana-
lyzed transcriptomic profiles of mRNA, miRNA, and 
lncRNA from 535 LUAD samples and 59 normal con-
trols in TCGA, applying six ML algorithms (KNN, Naive 
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Bayes, RF, Decision Tree, SVM, XGBoost) with tenfold 
cross‑validation [18]. For mRNA, AUC values ranged 
from 0.9844 to 1.000 and precision–recall curve (PRC) 
AUC from 0.9943 to 1.000; for miRNA, AUC ranged 
from 0.9470 to 1.000 and PRC AUC from 0.9824 to 1.000; 
and for lncRNA, AUC ranged from 0.986 to 1.000 with 
PRC AUC from 0.9943 to 1.000, with average accuracies 
exceeding 90% and KNN, RF, and SVM achieving perfect 
AUC and PRC AUC (1.000) in both training and test-
ing sets [18]. Diagnostic biomarkers including ADRB2, 
FAM189A2, CLEC3B, AGER, CAT, and RS1 all yielded 
ROC AUCs above 0.99 in TCGA, and external valida-
tion on GEO GSE7670 showed AGER with AUC 1.000 
and other markers exceeding 0.96, suggesting that tran-
scriptomics‑informed models can approach near‑perfect 
discrimination between malignant and non‑malignant 
tissue, even at early stages [18]. Chen and Dhahbi applied 
overlapping feature‑selection methods to RNA‑seq 
data from 529–535 LUAD and 498 LUSC cases, using a 
70/30 train–test split with fivefold cross‑validation, and 
found that a PCA‑based classifier achieved 94.2% accu-
racy for LUAD vs. LUSC discrimination [19]. By inter-
secting genes prioritized by differential expression, PCA 
loadings, LASSO, mRMR, and XGBoost, they derived a 
131‑gene classification panel and a 17‑gene biomarker 
subset that was externally validated on GSE28582 (50 
LUAD, 28 LUSC) via ROC/AUC analysis and linked to 
overall survival using the Kaplan–Meier Plotter resource, 
demonstrating both diagnostic and prognostic utility 
[19].​

Risk stratification and multimodal decision support at 
the time of diagnosis have been enabled by models that 
integrate molecular, imaging, and clinical features. Tim-
ilsina et al. leveraged TCGA data from 1,348 stage I–II 
NSCLC patients to compute pathway activity scores for 
14 oncogenic cascades using PROGENy and to derive 
aneuploidy scores from somatic copy‑number alterations 
[9]. Eight regressors including support vector regression 
(SVR), random forest regression (RFR), and k‑nearest 
neighbors regression (KNNR) were evaluated over 10 tri-
als, and five pathways (aneuploidy, TRAIL, WNT, VEGF, 
EGFR) emerged as core predictive features: SVR yielded 
the lowest RMSE for aneuploidy, RFR for WNT, TRAIL, 
and EGFR, and KNNR for VEGF, illustrating how path-
way‑level transcriptomics and genomic instability met-
rics can forecast relapse and identify high‑risk patients 
who may benefit from intensified surveillance or adju-
vant therapy [9]. Meng et al. developed a gradient boost-
ing machine (GBM) model for small (≤ 3 cm) pulmonary 
nodules in two Chinese hospitals, incorporating imag-
ing characteristics, seven tumor markers and autoanti-
bodies, and clinical data from patients with confirmed 
benign or malignant lesions [20]. After LASSO feature 
selection identified eight key predictors (VEGF, TAABs, 

malignancy probability, average CT value, nodule diam-
eter, solid proportion, gender, pleural retraction), GBM 
was benchmarked against generalized linear models, 
RF, DL, and Naive Bayes; GBM achieved the highest 
AUCs (0.931 = validation and 0.990 = test), with valida-
tion and test accuracies of 0.857 and 0.955, respectively, 
whereas RF achieved the highest sensitivities (0.914 and 
0.991) but less balanced performance [20]. Aslani et al. 
addressed the challenge of sub‑10‑mm nodules using 
DeepCAD‑NLM‑L, a time‑series DL model trained on 
NLST and evaluated on withheld NLST data and the 
SUMMIT study [21]. Clinical variables (n = 273) were 
normalized by min–max scaling, and nine key features 
(e.g., age, pack‑years, smoking status, education) were 
selected via random forest [21]. In 100 difficult cases (25 
malignant, 75 benign) evaluated at T0, T1, and T2, the 
retrained DeepCAD‑NLM‑L model achieved high sensi-
tivity (0.92) with moderate specificity, performing com-
parably to two thoracic radiologists who showed lower 
sensitivity (0.60–0.72) but higher specificity (0.72–0.77) 
and highlighting the potential of time‑aware DL to flag 
high‑risk nodules earlier in screening workflows [21].

Taken together, these studies demonstrate a rapid con-
vergence of clinical, imaging, and molecular data with 
advanced ML and DL methods. Modern architectures 
be they logistic regression ensembles, CNN variants, or 
integrated omics pipelines are demonstrably on the cusp 
of clinical maturity for NSCLC diagnosis, facilitating 
faster and more personalized cancer management. This 
evolution toward explainable, generalizable, and highly 
performant diagnostic models marks a pivotal advance-
ment in the era of precision oncology.

Staging and metastatic assessment
Accurate staging in non-small cell lung cancer (NSCLC) 
is critical for prognostication and therapeutic planning, 
profoundly influencing survival outcomes. Recent inno-
vations in machine learning (ML), deep learning (DL), 
and radiomics have significantly enhanced the granular-
ity, accuracy, and clinical utility of staging methodologies 
heralding a new era of multimodal intelligent systems 
that transcend the confines of traditional imaging and 
clinical assessment.

In a seminal dual‑center study, Wei et al. applied 
Extreme Gradient Boosting (XGBoost) to pathological 
staging and demonstrated clear gains over traditional 
models: the XGBoost classifier achieved an internal vali-
dation AUC of 0.913 (95% CI: 0.862–0.963), with accuracy 
87.5%, sensitivity 90.9%, and specificity 81.4%, and main-
tained strong external performance (AUC 0.882, accu-
racy 0.854), underscoring the capacity of advanced ML to 
more reliably inform treatment selection across diverse 
clinical settings [1].​ Radiomics-based models have fur-
ther refined risk stratification in early-stage disease. Zhu 
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et al. retrospectively analyzed 168 resected T1N0M0 lung 
adenocarcinomas (93 low‑risk, 75 intermediate/high‑risk 
by IASLC grade), randomly splitting the cohort 7:3 into 
a 117‑patient training set and 51‑patient internal test 
set [22]. A seven‑feature radiomics signature was com-
bined with tumor diameter and consolidation‑to‑tumor 
ratio and evaluated across seven ML classifiers; on the 
held‑out test set, the XGBoost‑based combined model 
delivered the best performance, with an AUC of 0.975 
(95% CI: 0.943–1.000), perfect sensitivity (1.00), and an 
F1‑score of 0.89, enabling differentiation between can-
didates for wedge resection and those requiring more 
extensive surgery, although generalizability beyond this 
single‑center cohort remains to be established [22].

Multimodal models have been particularly impactful 
for metastasis detection. Wang et al. used support vector 
machine (SVM)–based radiomics models on [99mTc]-
MDP SPECT/CT to distinguish bone metastases from 
benign bone lesions in lung cancer patients, analyzing 
141 cases (69 metastatic, 72 benign) randomly split 7:3 
into training and testing sets [4]. Lesions were manually 
segmented in ITK‑SNAP, 944 radiomics features were 
extracted from SPECT and CT, and LASSO was applied 
to build single‑modality (SPECT‑only or CT‑only) 
and bimodal SVM radiomics models [4]. The optimal 
radiomics model combined structural (CT) and meta-
bolic (SPECT) information, achieving AUCs of 0.919 and 
0.907 in the training and testing sets, respectively, while 
an integrated radiomics–clinical model that added two 
clinical features to the SPECT + CT radiomics features 
further improved performance, with AUCs of 0.939 and 
0.925 and representing the best‑performing approach [4].

In nodal staging, Ren et al. used data from 260 patients 
to build clinical‑biological (CBI), radiomics (Rad), 
and clinico‑biological‑radiomics (CBR) models for 
FDG‑PET/CT assessment of mediastinal–hilar lymph 
node status; the CBR model achieved AUCs of 0.90 
(training) and 0.89 (testing), with sensitivity 81.73% and 
74.47% and specificity 87.18% and 93.55%, respectively, 
compared with markedly lower AUCs (0.74/0.73) and 
specificities (< 60%) for the CBI model and intermediate 
performance for the Rad model (AUC 0.76/0.83, speci-
ficity 60.26%/70.97%), highlighting the added value of 
integrating radiomics with clinical and biological data for 
more accurate and less invasive lymph‑node staging [5].​ 
DL has also begun to uncover occult nodal disease often 
missed by conventional criteria. Shimada et al. analyzed 
preoperative CT scans from 720 patients with clinical 
stage 0–IA NSCLC undergoing radical resection and sys-
tematic lymph node dissection, training a 3D CNN with a 
modified U‑Net/VGG‑16 backbone to extract tumor fea-
tures [23]. Among the derived variables, the average CT 
value of the solid tumor component emerged as the most 
powerful predictor of pathological nodal (pN) status, 

achieving an AUC of 0.761 with a cut‑off of –103 Houn-
sfield units and outperforming traditional size‑based cri-
teria, thereby offering a practical tool to flag early‑stage 
patients at elevated risk of nodal metastasis [23].

Expanding multimodal intelligence, Zhong et al. intro-
duced the Deep Learning Nodal Metastasis Signature 
(DLNMS), a ResNet18‑based model that fuses PET and 
CT imaging at the feature level; across an internal cohort 
(n = 1911), external cohort (n = 355), and prospective 
cohort (n = 999), DLNMS achieved AUROCs between 
0.875 and 0.958 for prediction of occult N1/N2 metas-
tases and consistently outperformed PET‑only, CT‑only, 
and clinical models as well as human readers, while radi-
ogenomic analyses linked high‑risk signatures to adverse 
mutation and microenvironmental patterns [24]. Zhong 
et al. developed a CT-based deep learning model to pre-
dict pathologic N2 metastasis and survival in clinical 
stage I NSCLC, achieving AUCs of 0.82, 0.81, and 0.81 
in an internal test set (n = 266), external cohort (n = 133), 
and prospective cohort (n = 300), respectively, signifi-
cantly outperforming clinical models (AUCs 0.61–0.70, 
all p < 0.001) [25]. The deep learning-derived N2 risk 
score stratified patients by overall survival (adjusted HR: 
2.9, 95% CI: 1.2–6.9; p = 0.02) and recurrence-free sur-
vival (adjusted HR: 3.2, 95% CI: 1.4–7.4; p = 0.007), with 
log-rank p < 0.001 for both outcomes [25].

Collectively, these studies exemplify the transforma-
tive potential of advanced ML and DL methodologies, 
especially when integrated across clinical, radiologic, and 
molecular domains. XGBoost and other cutting-edge 
algorithms not only improve accuracy and generaliz-
ability in staging but also enable individualized surgical 
planning and more refined risk-adapted management. 
Deep learning models, particularly those leveraging 
multi-modal imaging and radiogenomics, now offer tools 
capable of detecting occult metastatic disease and pro-
viding actionable prognostic information beyond human 
capability. The emergence of these technologies is driv-
ing a paradigm shift: from traditional one-size-fits-all 
protocols toward precision staging strategies tailored to 
the unique clinical, radiological, and molecular contexts 
of each patient. As these models undergo wider prospec-
tive validation and are embedded into routine workflows, 
they promise to close persistent diagnostic gaps, opti-
mize treatment selection, and ultimately improve patient 
outcomes in NSCLC.

Prognosis and treatment response modeling
The application of predictive modeling in non-small cell 
lung cancer (NSCLC) has transformed the landscape 
of prognosis and treatment response. Machine learn-
ing models, in particular, now serve as critical tools for 
enhancing risk stratification and guiding therapy selec-
tion. Yang et al. retrospectively analyzed early-stage 
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(Stage I & II) NSCLC patients from The Cancer Genome 
Atlas (TCGA) cohort using clinical and genomic fea-
tures to train classification and regression trees (CART), 
feedforward neural networks (FFNN), and least-squares 
support vector machines (LS-SVM) [6]. For recurrence 
prediction, CART achieved the best performance with 
an AUC of 0.82 for both lung adenocarcinoma (LUAD) 
and lung squamous cell carcinoma (LUSC), whereas LS-
SVM and FFNN achieved more modest AUCs of 0.72–
0.75 [6]. For survivability prediction, CART achieved an 
AUC of 0.767 for LUAD, while FFNN slightly outper-
formed CART in LUSC with AUCs of 0.837 and 0.815, 
respectively [6]. Decision tree models revealed key fac-
tors including TNM stage, gender, and specific gene 
mutations (NF1, ERBB2, TP53, EGFR, KRAS) that drive 
recurrence and survival outcomes, highlighting the inter-
pretability advantage of tree-based models for guiding 
risk-adapted surveillance and treatment decisions [6].

Multiomic integration has enabled more granular 
molecular prognostication. Hua and Li curated a TCGA 
LUAD cohort with complete mRNA, lncRNA, DNA 
methylation, somatic mutation, and clinical data, applied 
ten multiomics clustering algorithms to 336 lactylation-
related genes to define two cancer subtypes (CS1, CS2), 
and identified 28 signature lactylation-related genes dif-
ferentially expressed between subtypes [26]. Through 
univariate Cox regression across TCGA, GSE31210, and 
GSE13213, they selected nine hub lactylation-related 
genes (HNRNPC, PPIA, BZW1, GAPDH, H2AFZ, 
RAN, KIF2C, RACGAP1, WBP11) and combined them 
with ten survival machine-learning methods, finding 
that a random survival forest model achieved AUCs of 
0.956, 0.975, and 0.954 for 1-, 3-, and 5-year overall sur-
vival in the TCGA training set [26]. External validation 
in GSE13213 (n = 117) and GSE31210 (n = 226) yielded 
AUCs of 0.730, 0.683, 0.668 and 0.833, 0.793, 0.783 for 1-, 
3-, 5-year OS, respectively, with CS1 consistently show-
ing superior survival to CS2 [26]. High-risk patients 
exhibited more advanced stage (T3-4, N1-2–3, M1, III-
IV), higher recurrence rates, shorter survival, and dif-
ferential predicted sensitivity to immunotherapy and 
chemotherapy [26].

Postoperative and long‑term outcome prediction has 
similarly benefitted from ML. Kojima et al. retrospec-
tively studied 650 NSCLC patients who underwent R0 
resection with systematic lymph-node dissection at a 
single center (April 2017–April 2022), training multiple 
algorithms including random forest, gradient boost-
ing, XGBoost, AdaBoost, and logistic regression on 
tumor characteristics and lymph-node dissection vari-
ables to predict recurrence [27]. In the validation set, 
the random forest model achieved the highest accuracy 
(0.88), F1 score (0.68), and lowest Brier score (0.11), with 
ROC AUC of 0.89 and PR AUC of 0.73, while AdaBoost 

achieved slightly higher ROC AUC (0.93) and PR AUC 
(0.75) but lower accuracy (0.84) and F1 score (0.58) [27]. 
Based on overall balanced performance across all met-
rics, random forest was selected as the final model and 
achieved ROC AUC 0.92, PR AUC 0.79, accuracy 0.83, F1 
score 0.64, and Brier score 0.10 on the test set [27]. In a 
larger single‑center cohort of 1,049 completely resected 
stage I–IIIA NSCLC patients, Kinoshita et al. used an 
XGBoost‑Cox framework incorporating 17 clinicopatho-
logic variables and 52 perioperative laboratory measures 
(e.g., CRP, albumin, blood counts, coagulation, liver and 
renal function, CEA, CYFRA) to predict survival, achiev-
ing strong 5‑year time‑dependent AUCs of 0.890 for dis-
ease‑free survival, 0.926 for overall survival, and 0.960 for 
cancer‑specific survival and outperforming TNM stage 
alone, thereby underscoring the prognostic value of sys-
temic inflammation, nutritional status, and coagulation 
markers despite the absence of external validation [28].​

Deep learning has been deployed to estimate metastatic 
risk and radiotherapy outcomes. Dudas et al. trained a 
deep learning model on 478 NSCLC patients treated with 
SBRT (50  Gy in five fractions using IMRT or VMAT) 
after PET/CT staging, using clinical variables, dosimetric 
metrics, and tumor morphology to predict distant metas-
tasis [29]. The algorithm achieved a concordance index 
of 0.60 ± 0.02 during cross-validation and 0.61 on the 
test set [29]. In the full cohort, higher mean dose within 
3 cm of the PTV (Dmean,PTV3cm) was associated with 
increased DM risk (HR 1.94, p < 0.001), but this relation-
ship was confounded by treatment technique, tumor size, 
and sphericity [29]. In a stratified analysis of patients 
with more spherical tumors (sphericity > 0.5) treated with 
VMAT (n = 204), higher Dmean,PTV3cm became a sig-
nificant protective factor (HR 0.36, 95% CI: 0.17–0.79, 
p = 0.007), demonstrating how DL and explainable AI can 
uncover complex dose-geometry-outcome relationships 
that are obscured by confounding variables [29].

Predicting therapeutic response is central to person-
alized oncology, and recent work has made significant 
strides in both immunotherapy and chemotherapy con-
texts. For immunotherapy, Trebeschi et al. analyzed 
contrast‑enhanced CT scans from 152 stage-IV NSCLC 
patients treated with anti‑PD‑1, training a 3D CNN to 
perform image‑to‑image registration between baseline 
and 8–12‑week follow‑up scans and extracting 96 latent 
feature maps summarizing morphological change [30]. A 
random forest using these features achieved AUCs of 0.69 
for 1‑year overall survival and 0.67 for durable clinical 
benefit, with peak performance (AUC 0.75) when applied 
to scans obtained 3–5 months after treatment initiation, 
suggesting a clinically actionable window for adaptive 
management [30]. Peng et al. pursued a genomics‑based 
strategy, using pre‑treatment somatic mutation profiles 
from 915 advanced NSCLC patients receiving PD‑1/
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PD‑L1 blockade to train a 55‑gene 1D CNN, with train-
ing in 429 patients from POPLAR/OAK ctDNA stud-
ies and validation in tissue‑NGS cohorts from UCMC 
(n = 137) and MSKCC (n = 349) [31]. Across all cohorts, 
the CNN achieved AUCs around 0.96 for distinguishing 
durable clinical benefit from non‑benefit, outperformed 
PD‑L1 expression and tumor mutational burden, and 
stratified patients into CNN‑high and CNN‑low groups 
with markedly different progression‑free and overall sur-
vival; an ensemble nomogram combining CNN, SVM, 
and random forest scores further delineated low‑, inter-
mediate‑, and high‑risk groups with consistent prognos-
tic separation across centers and sequencing platforms 
[31].

Rakaee et al. added a pathology‑based dimension 
with Deep‑IO, a CNN applied to pre‑treatment H&E 
slides from 614 advanced NSCLC patients in a US 
cohort, where tile‑level outputs were aggregated to pre-
dict RECIST response, yielding an AUC of 0.75 (95% 
CI 0.64–0.85) in the internal test set and independently 
predicting progression‑free and overall survival in multi-
variable models [32]. External validation in 344 European 
patients produced an AUC of 0.66 (95% CI 0.60–0.72) 
and confirmed Deep‑IO as an independent predictor of 
PFS (HR 0.56) and OS (HR 0.53); combining Deep‑IO 
with PD‑L1 expression improved AUC to 0.70 and raised 
the response rate to 51% in Deep‑IO‑high/PD‑L1‑high 
tumors compared with 41% for PD‑L1 ≥ 50% alone, high-
lighting the complementary value of morphology‑aware 
DL [32].​

Chemotherapy response has likewise been modeled 
using imaging‑based DL and radiomics. In a two‑center 
cohort of 343 patients receiving first‑line chemotherapy, 
Chang et al. trained a deep multiple‑instance learn-
ing model on pretreatment CT, using 301 patients from 
Shengjing Hospital (163 responders, 138 non‑respond-
ers) split 70/10/20 into training, validation, and internal 
test sets [33]. A VGG16 backbone with attention‑based 
MIL pooling yielded an internal test accuracy of 0.883 
and AUC of 0.982 for predicting RECIST response, and 
maintained good performance in an external cohort (22 
responders, 20 non‑responders) from a second hospi-
tal with different scanners (accuracy 0.833, AUC 0.940), 
demonstrating cross‑center generalizability despite small 
external numbers [33]. In a complementary radiomics 
study of 315 patients treated with first‑line chemo-
therapy, the same group extracted 1,688 features from 
intratumoral volumes and concentric 0–3, 3–6, 6–9, and 
9–12‑mm peritumoral shells on baseline CT, reduced 
them via LASSO to 20 features, and tested logistic 
regression, SVM, and random forest classifiers [34]. A 
logistic‑regression model combining features from the 
0–3‑mm and 3–6‑mm peritumoral bands achieved the 
best internal performance (AUC 0.97, accuracy 92.7%) 

and preserved good discrimination in the 43‑patient 
external cohort (AUC 0.85), underscoring the predictive 
value of fine‑grained peritumoral heterogeneity [34].​

Progress has also been notable in predicting response 
to combination and targeted therapies. Zhou et al. ret-
rospectively evaluated 90 advanced NSCLC patients 
receiving first‑line chemo‑immunotherapy, using 70 
cases (38 with durable clinical benefit, 32 without) for 
feature selection and training a radiomics–clinical SVM 
(RC‑SVM) based on 851 CT radiomic features and mul-
tiple clinical and blood markers [35]. After reducing to 
26 imaging and 6 clinical variables and then to six prin-
cipal components, the RC‑SVM achieved an AUC of 
0.91 in the derivation set and 0.73 in cross‑validation; 
when applied unchanged to a 20‑patient external test 
set, it yielded an AUC of 0.84 (95% CI 0.80–0.89), sug-
gesting that fusing CT radiomics with routine clinical 
data can enhance prediction of chemo‑immunotherapy 
benefit, though evidence remains limited to single‑cen-
ter cohorts [35]. For EGFR‑targeted therapy, Qureshi et 
al. combined demographic and clinical data with molec-
ular‑dynamics‑derived descriptors of EGFR–gefitinib 
interaction (4 dynamic cross‑correlation features, 4 MM/
PBSA‑like energy terms, 5 geometric pocket descriptors) 
in a pooled dataset of 201 EGFR‑mutant patients span-
ning four RECIST response categories (19 CR, 118 PR, 
30 SD, 34 PD) [36]. An XGBoost classifier trained with 
nested cross‑validation achieved 97.5% accuracy for 
four‑class response prediction, markedly outperforming 
energy‑only or geometry‑only models, though all evalu-
ation remained internal to this dataset without indepen-
dent external validation [36].

Song et al. developed a multimodal DL model combin-
ing 3D‑ResNet CT features with basic clinicopathologic 
variables (age, sex, smoking history, histology) to pre-
dict ALK fusion status in a primary cohort of 651 sur-
gically resected NSCLC patients; the CT‑only network 
achieved an AUC of 0.80, which improved to 0.85 with 
clinical features, and external validation in 286 patients 
from two additional hospitals confirmed similar perfor-
mance (AUC 0.85, 95% CI 0.80–0.89) [37]. In a separate 
cohort of 91 ALK‑positive advanced NSCLC patients 
treated with crizotinib, those predicted as ALK‑positive 
by the model had significantly longer progression‑free 
survival than model‑negative cases (16.8 vs 7.5 months), 
supporting the use of integrated CT‑clinical DL as a 
noninvasive biomarker screen [37].​ Cross‑cutting work 
has addressed privacy and workflow efficiency. Liu et 
al. used a multicenter cohort of 245 NSCLC patients 
from four institutions treated with definitive chemora-
diotherapy and planning CT to train a custom 3D CNN 
(conv3DNet) for treatment-response prediction, compar-
ing centralized training with simulated two-client and 
real-world three-client federated learning configurations 
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[38]. In the simulated environment, centralized models 
achieved AUCs around 0.72 (DL1: AUC 0.718), which 
was matched or slightly exceeded by the two-client feder-
ated model (FL1: AUC 0.725) [38]. In real-world settings 
using three-client federated learning, the model main-
tained reasonable performance (FL2 with hospitals A-B-
D: AUC 0.698, tested on hospital C; FL4 with hospitals 
A-C-D: AUC 0.672, tested on hospital B), demonstrating 
that federated learning can preserve patient privacy while 
maintaining comparable multicenter accuracy, though 
performance variations reflect differences in data distri-
bution across institutions [38].

Chen et al. focused on workflow automation in surgi-
cal planning, developing a DL‑based segmentation tool 
to identify and classify pulmonary vessels and bronchi on 
preoperative CT in 20 patients undergoing segmentec-
tomy [39]. The model achieved 85% accuracy for vessel/
bronchus detection versus 80% with manual annotation 
(p = 1.00), 80% vs 95% for vessel classification (p = 0.34), 
and 70% vs 80% for overall segmentation accuracy 
(p = 0.72); although small sample size limited statistical 
power, the tool reliably reconstructed 3D vascular struc-
tures of high surgical relevance, suggesting potential to 
reduce manual segmentation burden and flag anatomic 
variants during planning [39]. Finally, spatially resolved 
radiomics is redefining how intratumoral heterogeneity is 
leveraged for outcome prediction. Ye et al. retrospectively 
analyzed 178 patients with stage IB–III NSCLC from four 
centers who received neoadjuvant immunochemother-
apy and had pre‑treatment contrast‑enhanced CT plus 
standardized IASLC pathologic assessment of patho-
logic complete response (pCR) [40]. In 108 patients from 
the derivation center, a conventional radiomics logis-
tic‑regression model built from eight LASSO‑selected 
features achieved a training AUC of 0.778 and accuracy 
of 0.685, whereas an intratumoral “habitat” model that 
clustered voxel‑wise radiomic features into four subre-
gions and fused subregional descriptors improved train-
ing AUC to 0.861 and accuracy to 0.815 [40]. External 
validation in 70 patients from three additional centers 
confirmed that the habitat model maintained superior 
discrimination and accuracy (AUC 0.781, accuracy 0.743) 
compared with the traditional radiomics model (AUC 
0.723, accuracy 0.686), supporting spatially resolved het-
erogeneity modeling as a more informative, noninvasive 
strategy for predicting pCR after neoadjuvant immuno-
chemotherapy in resectable NSCLC [40].​

Together, these advances illustrate how the fusion of AI 
with clinical, imaging, molecular, dosimetric, and pathol-
ogy data is rapidly moving NSCLC care from generalized 
protocols toward truly individualized management, as 
models that predict recurrence, survival, and treatment 
benefit become more robust, interpretable, and ready for 
integration into real‑world workflows.

Atypical driver mutations and residual gaps
Despite significant advances in the application of arti-
ficial intelligence (AI) and machine learning (ML) for 
non-small cell lung cancer (NSCLC) diagnostics, a criti-
cal limitation remains: the ability of current models to 
accurately identify and classify cases involving atypical or 
rare driver mutations. While conventional models have 
demonstrated excellent performance for common muta-
tions and typical imaging features, the heterogeneity of 
NSCLC including rare alterations such as those involv-
ing NTRK, RET, MET exon 14 skipping, ROS1, BRAF, 
HER2, and NRG1 poses substantial challenges for robust 
prediction and classification [41]. These rare mutations 
are difficult to detect due to their low prevalence, diverse 
clinical manifestations, and the scarcity of large, anno-
tated datasets encompassing such variants [41].

Existing AI/ML models often rely on training data 
dominated by more prevalent mutations (e.g., EGFR, 
ALK), potentially leading to reduced sensitivity and 
specificity when tasked with predicting less common 
molecular subtypes [41]. As a result, patients exhib-
iting uncommon genomic profiles may be misclassi-
fied or overlooked, with subsequent implications for 
targeted therapy selection and clinical outcomes. It is 
essential that future AI/ML approaches are designed to 
incorporate diverse, multi-center data, including under-
represented mutation classes, and leverage multimodal 
information such as radiomics, clinical features, and 
molecular data to enhance model generalizability.

Moreover, innovative strategies such as transfer learn-
ing, data augmentation, and semi-supervised learning 
can help mitigate the challenges posed by limited sample 
sizes of rare mutation carriers. Ensemble and deep learn-
ing architectures that accommodate multi-class outputs 
and can adaptively recalibrate for imbalanced datasets 
are particularly promising. Ultimately, the refinement 
of AI/ML tools to robustly predict and classify atypical 
driver mutations in NSCLC will not only improve diag-
nostic precision but also expand individualized thera-
peutic decision-making, ensuring equitable progress in 
precision oncology for all patient subgroups.

Discussion
As reflected in our corpus (Fig.  2), deep learning mod-
els have emerged as the dominant algorithmic class in 
NSCLC workflows, consistently outperforming tradi-
tional statistical approaches when applied to multimodal 
inputs (Fig.  1). The application of AI/ML to NSCLC 
offers clear advantages but also exposes important gaps 
that shape priorities for future work. AI/ML models 
increasingly exceed traditional statistical methods in risk 
prediction, classification, and outcome estimation, par-
ticularly when they integrate imaging, genomic, and clin-
ical data to enable more personalized risk stratification 
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and treatment planning [42, 43]. Automated image 
and data analysis can also reduce manual workload and 
inter‑observer variability, supporting more efficient and 
standardized clinical workflows [43].

Although most AI/ML models for NSCLC remain at 
the investigational stage, a small but growing set of AI-
enabled products have progressed to regulatory clear-
ance, underscoring tangible clinical translation. These 
tools span the full care continuum, from nodule detec-
tion and risk stratification (e.g., Qure.ai’s qXR-LN [47] 
and qCT LN Quant [48], Optellum’s Virtual Nodule 
Clinic [49], and Fovia Ai’s F.A.S.T. aiCockpit CT Lung 
Nodule [50]) to AI-assisted bronchoscopic naviga-
tion (Intuitive’s Ion platform) [51], prognostic modeling 
with FDA Breakthrough Device Designation (Serial CT 
Response Score) [52], opportunistic cardiovascular risk 
profiling during lung cancer screening (HeartLung.AI 
AutoChamber) [53], and AI-driven companion diagnos-
tics and intra-procedural pathology support for advanced 

disease (Roche’s VENTANA TROP2 RxDx Device [54] 
and Invenio’s NIO Lung Cancer Reveal [55]) (Table  1). 
Collectively, these examples illustrate that despite perva-
sive challenges related to generalizability, interpretability, 
and workflow integration discussed above, industry-led 
solutions are beginning to embed AIML into routine 
NSCLC pathways for early detection, risk-adapted sur-
veillance, and biomarker-guided therapy.​

At the same time, several limitations constrain trans-
lation into routine practice. Many published mod-
els are developed from relatively small, single‑center 
cohorts, which restricts generalizability and heightens 
the risk of bias, and external validation remains absent 
for a substantial proportion of studies [44]. Interpret-
ability is a further challenge because complex deep 
learning architectures often function as “black boxes,” 
complicating clinician trust and regulatory assessment, 
while ethical and privacy considerations including data 

Table 1  FDA-cleared AI tools and digital biomarkers for NSCLC diagnosis, risk stratification, and treatment selection. FDA-cleared and 
FDA breakthrough device designation tools are listed. Regulatory status reflects authorizations as of January 2026
Company/Developer Product Name Clinical Application Modality FDA Status NSCLC-Specific Use
Qure.ai qXR-LN Identifies and localizes lung nodules 

on chest X-rays; assists clinicians as a 
second-reader aid

Chest X-ray FDA-cleared Earlier detection of suspi-
cious nodules potentially 
representing NSCLC

Qure.ai qCT LN Quant Quantifies solid lung nodules; tracks 
volumetric growth over time; provides 
malignancy risk scores

Non-contrast 
chest CT

FDA-cleared Longitudinal monitoring and 
malignancy risk stratification 
of indeterminate nodules

Optellum Virtual Nodule 
Clinic

Radiomics-based imaging AI providing 
Lung Cancer Prediction score for risk-
stratified nodule management

Chest CT First FDA-
cleared 
imaging 
AI digital 
biomarker for 
lung cancer

Risk-stratified clinical man-
agement decisions for suspi-
cious pulmonary nodules

Fovia Ai F.A.S.T. aiCockpit 
CT Lung Nodule

Streamlines description, measure-
ment, and false-positive rejection of 
lung nodules on CT

Chest CT FDA-cleared Improved efficiency and 
consistency in NSCLC nod-
ule workup and triage

Intuitive ion Endoluminal 
System software

AI-enhanced robotic bronchoscopy 
navigation to reach small, peripheral 
lung nodules for precise biopsy

Robotic bron-
choscopy with AI 
navigation

FDA-cleared More accurate tissue sam-
pling of suspected NSCLC 
lesions

Serial CTRS collaborators Serial CTRS (AI 
Prognostic Tool)

Stratifies NSCLC patients into high- 
versus low-risk mortality categories 
based on serial CT imaging

Serial CT-based 
analysis

FDA Break-
through 
Device 
Designation

Prognostic risk stratification 
and survival prediction in 
diagnosed NSCLC

HeartLung.AI AutoChamber Automatically measures cardiac cham-
ber volumes and left ventricular mass 
from non-contrast chest CT

Non-contrast 
chest CT 
(screening)

FDA-cleared Opportunistic cardiovascular 
risk assessment in lung can-
cer screening populations

Roche VENTANA 
TROP2 
(EPR20043) 
RxDx Device

Computational pathology system 
combining assay and digital pathol-
ogy algorithm for TROP2 expression 
assessment

Digital pathology 
(tissue biopsy)

FDA Break-
through 
Device 
Designation

Identified advanced/meta-
static non-squamous NSCLC 
patients likely to benefit 
from datopotamab deruxte-
can therapy

Invenio Imaging NIO Lung Can-
cer Reveal

Real-time AI evaluation of broncho-
scopic lung biopsy samples during 
procedure to confirm tissue adequacy

Optical 
imaging of bi-
opsy specimens 
(intra-procedural)

FDA Break-
through 
Status

Ensures adequate tissue 
sampling for diagnosis 
and biomarker testing in 
suspected NSCLC

Abbreviations: FDA U.S. Food and Drug Administration, NSCLC Non-small cell lung cancer, CT Computed tomography, RxDx Theranostic (treatment selection)
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security, algorithmic bias, and informed consent must be 
systematically addressed for responsible deployment [44, 
45].​

Looking ahead, research should focus on more sophis-
ticated multimodal integration strategies, approaches to 
improve model transparency, and rigorously designed 
prospective, multicenter validation studies [46]. The 
incorporation of emerging technologies such as advanced 
multi‑omics platforms, real‑time monitoring systems, 
and adaptive treatment strategies holds particular prom-
ise for further refining prognostication and tailoring 
therapy, ultimately moving NSCLC management closer 
to fully individualized, data‑driven care.

Conclusion
The application of AI/ML technologies to NSCLC man-
agement has demonstrated remarkable potential across 
the entire spectrum of clinical care, from early diagno-
sis and staging to prognosis prediction and treatment 
optimization. The evidence consistently shows that 
multimodal integration approaches outperform single-
modality methods, with performance metrics often 
exceeding those of expert clinicians. Key achievements 
include near-perfect diagnostic accuracy (> 95%) in tran-
scriptomic-based classification, robust staging perfor-
mance (AUC: 0.913), and effective prognosis prediction 
(AUC: 0.92) across diverse patient populations.

The integration of imaging, genomic, transcriptomic, 
and clinical data through sophisticated ML algorithms 
has enabled the development of comprehensive diagnos-
tic and prognostic frameworks that support personalized 
treatment strategies. These advances offer significant 
potential for improving patient outcomes through earlier 
detection, more accurate staging, and optimized treat-
ment selection.

However, successful clinical implementation requires 
addressing challenges related to data standardization, 
model validation, and workflow integration. Future 
research should focus on developing more sophisticated 
multimodal integration strategies, improving model 
interpretability, and conducting prospective validation 
studies to translate these promising technologies into 
routine clinical practice. The continued advancement of 
AI/ML applications in NSCLC management holds great 
promise for transforming cancer care and improving 
patient outcomes in the era of precision medicine.
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