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Abstract 

Artificial intelligence (AI) has advanced rapidly in oncology, with deep learning (DL) emerging as a 
powerful approach for extracting complex patterns from multimodal clinical data. In this review, 
we examine the clinical translation of DL across the cancer workflow, encompassing diagnosis, 
precision therapy, prognosis, and disease management. We summarize representative applications 
in pathology, medical imaging, hematologic and molecular diagnostics, multimodal tumor 
characterization, treatment selection, radiotherapy planning, treatment-response prediction, 
survival prediction, and molecular biomarker inference. Beyond predictive performance, we focus 
on the evidence supporting clinical translation, including internal and external validation, 
prospective evaluation, clinician comparison, and integration into clinical workflows. To 
systematically assess the maturity of DL models, we propose an evidence-based M0-M4 framework 
ranging from technical development (M0) and internal proof of concept (M1) to external clinical 
validation (M2), prospective clinical evaluation (M3), and implementation with demonstrated clinical 
impact (M4). Overall, although DL models increasingly demonstrate excellent predictive 
performance across the cancer care continuum, most remain at the retrospective validation stage, 
with limited evidence of prospective evaluation, workflow integration, and demonstrated clinical 
benefit. Key barriers to clinical translation include data heterogeneity and privacy, limited 
generalizability, methodological and algorithmic validity, interpretability, regulatory considerations, 
and the need for robust prospective evaluation. Future research should prioritize standardized 
multicenter validation, prospective workflow-based evaluation, human-AI interaction, and evidence 
of clinical impact to facilitate the transition of DL from promising algorithms to clinically deployable 
tools. 
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Introduction 
Cancer remains one of the most devastating 

threats to global health, accounting for nearly 10 
million deaths annually [1]. Despite advancements in 
early detection and treatment, the heterogeneity and 
complexity of malignancies continue to pose major 
challenges. Artificial intelligence (AI) excels at 

analyzing complex, high-dimensional medical data to 
uncover subtle cancer features that can assist cancer 
diagnosis and treatment decision-making. For 
example, our previous studies demonstrated that 
machine learning (ML) models can utilize common 
clinical data to accurately predict various hematologic 
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malignancies, especially Philadelphia (Ph) 
chromosome positive acute lymphoblastic leukemia 
(ALL) [2, 3]. Recently, deep learning (DL), a subset of 
AI, has attracted increasing attention due to its more 
powerful capacity for automated image segmentation, 
feature extraction, object classification, multi-modal 
registration, and self-learning after training [4]. For 
example, convolutional neural network (CNN), 
recurrent neural network (RNN), and Transformer 
models can automatically analyze medical images, 
including computed tomography (CT), magnetic 
resonance imaging (MRI), ultrasonography (USG), 
and X-rays, for cancer detection and classification [5]. 
Through integrating clinical data and genomic 
features, DL can assist in predicting the treatment 
response and long-term survival, thereby improving 
patient prognosis [6]. Of note, DL models have 
demonstrated remarkable efficacy in discovering 
novel biomarkers of early-stage disease and tumor 
progression [7]. Efforts to integrate DL techniques into 
oncology workflows will enhance clinical diagnosis 
and treatment efficacy, alleviate the workloads of 
front-line clinicians, and improve patient outcomes 
and quality of life. However, there are still great 
challenges in the application of DL in clinical practice 
due to large-scale and heterogeneous datasets, data 
privacy and ethical considerations, algorithmic 
validity, model’s generalization ability and 
explainability. 

In this review, we synthesized recent advances in 
DL across the cancer care continuum, with particular 
emphasis on its clinical translation from diagnosis and 
precision therapy to prognosis and disease 
management. Rather than focusing solely on model 
performance, we examined the level of clinical 
evidence supporting the transition of DL models from 
technical development to clinical implementation. We 
also introduced an evidence-based M0-M4 framework 
to characterize the clinical maturity of DL models, 
ranging from technical development and internal 
proof of concept to external clinical validation, 
prospective clinical evaluation, and implementation 
with demonstrated clinical impact. A narrative review 
approach was adopted to identify and synthesize 
representative studies published in recent years. The 
total articles captured were derived from PubMed 
database, with the primary search spanning January 1, 
2021 to September 25, 2025, and a secondary search 
extending back to Jan 1, 2016 when retrieved literature 
for a specific topic was insufficient to support 
comprehensive discussion. Search queries combined 
"deep learning" with domain-specific terminology 
across three thematic domains: diagnostic applications 
(encompassing pathologic diagnosis with tumor 
grading, subtyping, and metastasis; oncologic imaging 

including MRI, CT, ultrasonography, and X-ray; 
laboratory diagnostics comprising blood cell 
morphology, chromosome analysis, flow cytometry, 
next-generation sequencing, and fluorescence in situ 
hybridization; and multimodal diagnostic 
frameworks), therapeutic applications (spanning drug 
combinations, radiotherapy planning and therapeutic 
targets), and prognosis and disease management 
(covering cancer progression, treatment response, 
survival outcomes, gene mutations and oncogene 
expression), with full search strings detailed in 
Supplementary Figure 1. We prioritized studies 
demonstrating high relevance to the topic, sufficient 
clinical evidence, and significant influence in the field. 
Specifically, eligibility criteria comprised: (1) 
transparent dataset documentation; (2) application of 
clearly described DL models; and (3) excellent 
quantitative performance metrics beyond conceptual 
discussion. Excluded were commentaries, review 
articles, conference abstracts without complete 
methods or results. 

The evolution of DL architectures and 
training paradigms 
Evolution of deep learning architectures 

Deep learning is an algorithm that utilizes 
artificial neural networks to automatically analyze 
signals or data. As the number of layers increases, the 
model structure becomes more complex, and more 
calculations need to be conducted, which may lead to 
better performance. Since the pioneering work of 
McCulloch and Pitts, who proposed the McCulloch-
Pitts model (a basic logical operation which achieved 
AND, OR, and NOT) in 1943, many single neural 
networks have made significant advancement [8]. 
Inspired by the above work, Rosenblatt et al. proposed 
the term perceptron in 1958, which was the first 
artificial neural network (ANN) that allowed neurons 
to learn [9]. However, the single layer perceptron 
model is only suitable for linear relationships and 
cannot solve simple XOR and XNOR problems. In 
addition, the scholars incorrectly assumed that the 
limitations of single-layer networks equally applied to 
the multi-layer architectures, leading to stagnation in 
the field. In 1980, Fukushima introduced the 
Neocognitron, a hierarchical self-organizing neural 
network model used for visual cognition, which 
contained convolutional layers and pooling layers and 
was regarded as a prototype of CNNs [10]. Although 
the Neocognitron demonstrated the great potential in 
dealing with complex tasks, its layer-wise training was 
computationally inefficient, which restricted its 
practical applications. Later, Rumelhart et al. 
proposed the Backpropagation algorithm and 
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validated its effectiveness in solving complex 
nonlinear problems in multi-layer networks, which 
fundamentally reversed the field’s dilemma [11]. After 
that, many neural network architectures were 
springing up, like RNNs, LeNet [12, 13]. 

In the medical field, after AlexNet (a CNN 
architecture combining ReLU, Dropout, and GPU 
technologies) won the ImageNet competition with 
overwhelming advantages in 2012, CNN methods 
were rapidly applied to radiological and pathological 
image segmentation and anomaly detection [14-16]. 
With further development, research gradually shifted 
towards generative tasks and comprehensive 
understanding of clinical data. Goodfellow et al. (2014) 
introduced Generative Adversarial Networks (GANs) 
to generate synthetic data akin to real data, which 
benefited solving the medical data scarcity problem 
[17]. However, modeling global relationships and 
integrating long-range contextual interactions and 
spatial dependencies in long sequences remain 
challenging for CNNs owing to their local receptive 
fields. For that, Vaswani et al. proposed a Transformer 
structure, which employed a pure self-attention 
mechanism for global contextual modeling, 
demonstrating superior performance in tasks, such as 
electronic health record analysis, protein structure 
prediction, and transcriptomic data interpretation [18-
21]. Subsequently, Vision Transformer (ViT) emerged 
based on Transformer to feed image patches as a 

sequence into the Transformer encoder, thereby 
efficiently capturing global spatial correlations and 
showing exceptional performance in medical image 
classification and lesion segmentation compared to 
CNNs (such as ResNet50, VGG16, and U-Net) [22]. 
However, DL models usually occupy large memory 
and need powerful computational capabilities. To 
facilitate the practical application, researchers further 
investigated lightweight and highly efficient 
architectures. For example, the MobileNet network, a 
mobile real-time lightweight network, was proposed 
for image classification with lower computational 
complexity and faster inference speed [23]. Mamba 
was developed for addressing Transformer’s 
computational inefficiency on long sequences (such as 
genomics, proteomics, and video data) with fast 
inference and linear scaling in sequence length [24]. It 
supported about 5 times higher throughput than 
Transformer [24]. For instance, the Protein-Mamba 
model provided the best performance in predicting 
protein G fitness, thermostability, fluorescence, and β-
lactamase activity compared to ResNet, Transformer, 
and ProtBERT models [25]. Overall, research had 
progressed from local feature extraction to global 
dependency modeling, from high computational 
overhead to lightweight efficient inference, 
significantly extending application scenarios. Figure 1 
presented the key studies that contributed to major 
breakthroughs in the field. 

 
 

 
Figure 1. Timeline of deep learning development in medical research. Key studies contributing to major breakthroughs in the field are highlighted. 
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Evolution of deep learning training paradigms 
With the continuous development of DL, its 

training paradigm has also evolved. Originally, 
training a neural network in a supervised way using 
labeled data was widely applied and was considered 
the most accurate approach. However, collecting large 
amounts of high-quality labeled medical data was 
exceptionally labor-intensive and costly. This greatly 
limited its further development and application. Later, 
the supervised transfer learning method, which first 
pretrained on the base dataset and then fine-tuned the 
pretrained network on the target dataset, was 
proposed to effectively speed up network convergence 
without compromising model performance. It is 
undeniable that obvious domain gap exists between 
natural images and medical images. Then a few 
interesting recent studies attempted to liberate from 
the traditional supervised paradigms and looked for 
weakly supervised learning (e.g., multiple instance 
learning, category activation mapping, and constraint-
based regularization), semi-supervised learning (e.g., 
pseudo-labelling-based, consistency-based, graph-
based), and self-supervised learning (e.g., contrastive 
learning, pretext-based learning, generative learning) 
[26]. The weakly supervised learning only needed 
class labels or sparse region annotations to achieve 
pixel-level lesion localization and tissue classification, 
but the model tended to converge to a suboptimal 
solution due to insufficient label granularity. The 
semi-supervised learning required a small fraction of 
fine-grained labeled data to effectively leverage a large 
number of unlabeled medical images for mining lesion 
morphological and histological features, yet model 
performance was prone to degradation due to noisy 
data and domain variation. In contrast, self-supervised 
learning was very suitable for learning effective 
feature representations from a lot of unlabeled data, 
and could still achieve high-performance models 
under conditions of scarce labeled data. Notably, 
contrastive learning was one of the most significant 
paradigms within self-supervised learning, which 
utilized data augmentation to generate different views 
of the same sample and learned transformation-
invariant robust features by maximizing the 
consistency between these views. Building on this 
framework, SimCLR, MoCo, BYOL, and SwAV 
gradually appeared to adapt medical domain data 
characteristic, allowing high-quality representations 
to be learned from unlabeled medical data at scale [27-
29]. For instance, the RapidLymphoma based on BYOL 
achieved an accuracy of 97.81% in lymphoma 
diagnosis using hematoxylin and eosin (H&E) images 
[30]. Similarly, the HistoMoCo based on MoCo 
achieved an AUROC of 99.4% in oral squamous cell 

carcinoma (OSCC) detection using histopathological 
images [31]. 

Collectively, the evolution of deep learning 
architectures and training paradigms has gradually 
shifted from task-specific feature engineering to large-
scale representation learning and multimodal 
foundation models. These technological advances 
have enabled DL models to move beyond isolated 
image classification tasks toward integrated clinical 
decision support, laying the foundation for their 
applications in cancer diagnosis, precision therapy, 
disease monitoring, and prognosis. 

Clinical translation of deep learning in 
cancer diagnosis 

In this section, we examine the clinical translation 
of deep learning across major diagnostic modalities, 
including pathology, medical imaging, laboratory-
based diagnostics (blood cell morphology, 
chromosome analysis, flow cytometry [FCM], next-
generation sequencing [NGS], and fluorescence in situ 
hybridization [FISH]), and multimodal diagnosis 
(Figure 2). 

Deep learning applications in pathologic 
diagnosis 

To date, the pathologic diagnosis remains the 
gold standard for cancer diagnosis and grading. 
However, it is labor-intensive, time-consuming, and 
subject to inter- and intra-observer variability. DL 
enables automated and reproducible analysis of 
whole-slide images (WSIs), thereby reducing 
interobserver variability, enhancing diagnostic 
consistency and accuracy, and altering the medical 
image analysis landscape. In this section, we 
summarized recent advancements in DL application in 
pathologic diagnosis, including tumor grading, tumor 
subtype classification, and tumor metastasis detection. 
We also evaluated and compared the performance of 
these models (Table 1). Our review highlights the 
potential of DL to enhance routine pathological 
diagnosis and support clinical decision-making. 

Tumor grading 

Tumor grading is an important component of 
pathological evaluation and plays a critical role in 
treatment selection and prognostic assessment. 
Conventional tumor grading relies on manual 
interpretation by pathologists and is therefore 
susceptible to inter- and intra-observer variability, 
particularly in complex or borderline cases. Recent 
advances in DL have enabled automated analysis of 
whole-slide images (WSIs), providing a promising 
approach to improve the consistency and efficiency of 
pathological grading. 
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Figure 2. Deep learning applications in cancer diagnosis. The applications of DL in cancer diagnosis, including pathologic diagnosis, imaging examinations, blood cell 
morphology analysis, chromosome examinations, FCM analysis, NGS, FISH and multi-modal tumor diagnosis. 

 
DL-based tumor grading has been investigated 

across multiple cancer types, including breast, 
prostate, gastric, esophageal, glioma, and uterine 
tumors (Table 1). In breast cancer, convolutional 
neural network (CNN)-based models have 
demonstrated reliable discrimination of Nottingham 
histological grades using biopsy and surgical 
specimens, whereas CNN models based on third 
harmonic generation images have also shown the 
feasibility of automated grade classification [32, 33]. In 
prostate cancer, which is one of the most extensively 
studied applications, several DL systems have 
achieved high agreement with expert pathologists in 
Gleason grading while reducing interobserver 
variability [34-36]. Notably, Nagpal et al. developed a 
DL system trained using region-level annotations that 
demonstrated higher agreement with subspecialty 
pathologists than general pathologists in both internal 
and external validation cohorts [34]. Subsequent 
studies further confirmed that semi-automatic 
annotation strategies and multi-scale CNN 
architectures could achieve comparable grading 
performance while reducing annotation burden [35, 
36]. Similar applications have also been reported in 
gastric cancer, esophageal cancer, glioma, and uterine 
leiomyosarcoma, supporting the feasibility of DL-
assisted grading across different pathological settings 
[37-40]. Detailed characteristics and performance of 
representative studies are summarized in Table 1. 

Collectively, current studies demonstrate several 
common trends. First, DL models can improve the 
reproducibility of pathological grading by reducing 
observer-dependent variability, particularly for 
tumors with established grading systems such as 
breast and prostate cancer. Second, recent 
architectures, including Vision Transformer-based 
models, have shown improved performance in some 
grading tasks by capturing broader tissue context 
compared with conventional CNN-based approaches 
[38]. In addition, weakly supervised and semi-
automatic annotation strategies have reduced the 
dependence on labor-intensive pixel-level 
annotations, facilitating the development of large-
scale pathological grading models [35]. 

Tumor subtype classification 

Distinguishing tumor subtypes is essential for 
accurate diagnosis, molecular stratification, and 
treatment selection in precision oncology. However, 
conventional subtype classification often relies on 
morphological assessment combined with 
immunohistochemical or molecular testing, which can 
be time-consuming, expensive, and affected by 
interobserver variability. By automatically extracting 
complex morphological features from 
histopathological images, DL approaches have 
provided new opportunities for scalable and 
reproducible tumor subtype classification. 
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Table 1. Deep learning applications in pathologic diagnosis. 

Year Cancer type Method Cohort Size  Objective Performance Ref. 
2024 Breast cancer DeepGrade based on 

convolutional neural 
network 

1169 WSIs from 896 
patients 

To grade breast cancer NHG1 vs. NHG3 in biopsy specimens: AUROC = 
0.962; Sensitivity = 91.7%; Specificity = 89.1%. 
NHG1 vs. NHG3 in resected specimens: AUROC = 
0.908; Sensitivity = 78.8%; Specificity = 86.8%. 

[32] 

2022 Breast cancer Convolutional neural 
network 

2100 images from 15 
patients 

To grade breast cancer Overall accuracy = 79.4%. Grade 0: Precision = 0.84; 
Recall = 0.92; F1-score = 0.88. Grade Ⅰ: Precision = 
0.78; Recall = 0.85; F1-score = 0.81. Grade Ⅱ: Precision 
= 0.78; Recall = 0.77; F1-score = 0.77. Grade Ⅲ: 
Precision = 0.81; Recall = 0.68; F1-score = 0.74. 

[33] 

2020 Prostate cancer DLS model based on 
convolutional neural 
network and support 
vector machine 

Development set: 524 
biopsies (biopsy-level) and 
1681287 patches (region-
level) 
Internal validation set: 430 
biopsies 
External validation set: 322 
biopsies 

To grade prostate biopsies DLS: Agreement rate with subspecialists = 71.7% 
(internal set) and 71.4% (external set); General 
pathologists: Agreement rate with subspecialists = 
58.0% (internal set) and 61.2% (external set). 

[34] 

2020 Prostate cancer U-Net Training set: 4712 biopsies 
Tuning set: 497 biopsies 
Internal test set: 535 
biopsies 
Observer set: 100 biopsies 
External test set: 245 
biopsies 

To grade prostate biopsies Quadratic kappa: Internal test set = 0.918; Observer 
set = 0.854; External test set, pathologist 1 or 2 as 
reference = 0.723 or 0.707. AUROC of benign vs. 
malignant: Internal test set = 0.990; Observer set = 
0.984; External test set, pathologist 1 or 2 as reference 
= 0.980 or 0.988. AUROC of benign and grade group 1 
vs. grade group 2-5: Internal test set = 0.978; Observer 
set = 0.904; External test set, pathologist 1 or 2 as 
reference = 0.878 or 0.869. AUROC of benign and 
grade group 1-2 vs. grade group 3-5: Internal test set 
= 0.974; Observer set = 0.899; External test set, 
pathologist 1 or 2 as reference = 0.892 or 0.855. 

[35] 

2024 Prostate cancer ResNet Training set: 36000 images 
Testing set: 7200 images 

To grade prostate biopsies Accuracy of ResNet18: 40× magnification = 0.9977; 
20×magnification = 0.9992; 10×magnification = 0.9964; 
5×magnification = 0.9921. Accuracy of ResNet34: 40× 
magnification = 0.9999; 20×magnification = 0.9999; 
10×magnification = 1.000; 5×magnification = 0.9993. 
Accuracy of ResNet50: 40× magnification = 0.9957; 
20×magnification = 0.9915; 10×magnification = 0.9952; 
5×magnification = 0.9981. 

[36] 

2022 Gastric cancer ResNet-18 Training set: 348 WSIs 
Testing set: 88 WSIs 

To recognize tumor 
differentiation grades 

Recall: PDA = 0.8275; WDA = 0.8930; Other = 0.9903. 
Precision: PDA = 0.8984; WDA = 0.9024; Other = 
0.9584. F1-score: PDA = 0.8615; WDA = 0.8977; Other 
= 0.9741. 

[37] 

2025 Esophageal cancer Wave-ViT (modified 
Transformer with 
wavelet module) 

Training set: 602 patients 
Test set: 79 patients 
Validation set: 76 patients 

To classify and stage 
esophageal cancer 

Accuracy: Wave-ViT model = 88.97%; Transformer = 
87.65%; ResNet = 85.44%; MLP = 81.17%. 

[38] 

2025 Glioma IGGC based on 
ConvNeXt 

Training set: 1603 WSIs 
Internal validation set: 120 
WSIs 
TCGA validation set: 508 
WSIs 
Testing set: 213 WSIs 

To grade intraoperative 
glioma 

HGG vs. LGG in internal validation set: Accuracy = 
0.98; AUROC = 1.00; Sensitivity = 1.00; Specificity = 
0.96. HGG vs. LGG in testing set: Accuracy = 0.98; 
AUROC = 0.99; Sensitivity = 0.98; Specificity = 0.99. 
Grade 4 vs. non-Grade 4 in internal validation set: 
Accuracy = 0.95; AUROC = 0.98; Sensitivity = 0.88; 
Specificity = 0.98. Grade 4 vs. non-Grade 4 in TCGA 
validation set: Accuracy = 0.88; AUROC = 0.94; 
Sensitivity = 0.88; Specificity = 0.88. Grade 4 vs. non-
Grade 4 in testing set: Accuracy = 0.90; AUROC = 
0.96; Sensitivity = 0.90; Specificity = 0.90. 

[39] 

2022  Uterine 
leiomyosarcoma 

YOLOv4 Training set: 100 images 
Testing set: 50 images 

To recognize the 
mitotically active regions 

Precision = 0.7462; Recall = 0.8981; F1-score = 0.8151; 
Accuracy = 0.6879. 

[40] 

2018 Non-small cell lung 
cancer 

Inception v3 Internal set: 1634 WSIs 
External test set: 340 WSIs 

To identify tumor 
subtypes 

Internal cohort (Frozen sections, average predicted 
probability aggregation): Micro-average AUROC = 
0.970 (3 classes, 20×) or 0.980 (3 classes, 5×); Macro-
average AUROC = 0.976 (3 classes, 20×) or 0.981 (3 
classes, 5×). External cohort: AUROC (Frozen 
sections) = 0.919 (LUAD, 5×) or 0.977 (LUSC, 5×) or 
0.913 (LUAD, 20×) or 0.941 (LUSC, 20×); AUROC 
(FFPE sections) = 0.861 (LUAD, 5×) or 0.975 (LUSC, 
5×) or 0.833 (LUAD, 20×) or 0.932 (LUSC, 20×); 
AUROC (Biopsies) = 0.871 (LUAD, 5×) or 0.928 
(LUSC, 5×) or 0.834 (LUAD, 20×) or 0.861 (LUSC, 
20×). 

[41] 

2024 Breast cancer ResNet50-based 
integration model 

277524 images (augmented 
to 397476 images by affine 
transformations) 

To recognize invasive 
ductal carcinoma 

Accuracy = 99.04%; Specificity = 97.98%; Sensitivity = 
100.00%; Precision = 97.03%; MCC = 78.82%; F1-score 
= 98.67%; AUROC = 97.89%. 

[42] 
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Year Cancer type Method Cohort Size  Objective Performance Ref. 
2021 Colorectal cancer  Inception V3 FOCUS cohort: 666 slides 

TCGA cohort: 468 slides 
GRAMPIAN cohort: 406 
slides 

To predict consensus 
molecular subtypes 

FOCUS cohort: Macro-average AUROC (3×) = 0.88; 
Macro-average AUROC (12×) = 0.87, Macro-average 
AUROC (trained by domain adversarial training) = 
0.90. 
TCGA cohort: Macro-average AUROC (3×) = 0.81; 
Macro-average AUROC (12×) = 0.80; Macro-average 
AUROC (trained by domain adversarial training) = 
0.84. 
GRAMPIAN cohort: Macro-average AUROC (3×) = 
0.82; Macro-average AUROC (12×) = 0.83; Macro-
average AUROC (trained by domain adversarial 
training) = 0.85. 

[43] 

2022 Hepatocellular 
nodular lesions 

HnAIM based on 
ResNet, Inception V3, 
Xception 

Internal set: 649 slides 
External set 1: 30 slides 
External set 2: 439 slides 

To identify hepatocellular 
nodular lesions subtypes 

Internal test: AUROC (ResNet50) = 0.9984; AUROC 
(InceptionV3) = 0.9986; AUROC (Xception) = 0.9991; 
AUROC (Ensemble model) = 0.9991. External test 1: 
patch-based agreement with subspecialists = 84.2%; 
WSI-based agreement with subspecialists = 100%. 
External test 2: AUROC (FSFPH) = 0.946; AUROC 
(SYSHFH) = 0.938; AUROC (GZFPH) = 0.927; 
AUROC (entire external dataset) = 0.935. 

[44] 

2021 Renal cell carcinoma ResNet-50, VGG-16, 
and InceptionV3 

TCGA set: 2363 slides 
CPTAC set: 782 slides 
Independent set: 131 
patients 

To diagnose histologic 
subtypes 

Test set: AUROC (VGG-16) = 0.926; AUROC 
(Inception-v3) = 0.897; AUROC (ResNet) = 0.953. 
Independent set: AUROC (VGG-16) = 0.897; AUROC 
(Inception-v3) = 0.782; AUROC (ResNet) = 0.993. 

[45] 

2023 Central nervous 
system tumors  

ResNet152  Training set: 228 patients 
Internal testing set: 76 
patients 
Internal validation set: 76 
patients 
External validation set: 163 
patients 

To recognize intracranial 
germinoma (IG), 
oligodendroglioma, and 
low-grade astrocytoma 

Internal validation set: Accuracy (IFS model) = 93.9%; 
Accuracy (HE model) = 95.3%. 
External validation set: Accuracy (IFS model) = 82.0%; 
Accuracy (HE model) = 76.9%. 

[46] 

2024 Glioblastoma  Xception Internal cohort: 276 
patients 
External cohort: 178 
patients 

To predict tumor 
transcriptional subtypes 

Internal cohort: Overall accuracy = 66.7%; AUROC 
(classical) = 0.84; AUROC (mesenchymal) = 0.81; 
AUROC (proneural) = 0.71. External cohort: Overall 
accuracy = 56.2%; AUROC (classical) = 0.704; AUROC 
(mesenchymal) = 0.746; AUROC (proneural) = 0.697. 

[47] 

2025 Central nervous 
system diffuse large 
B-cell lymphoma and 
high-grade glioma 

Convolutional neural 
network and support 
vector machine 

100 patients To distinguish between 
central nervous system 
diffuse large B-cell 
lymphoma and high-grade 
glioma 

Accuracy = 97.41%; Sensitivity = 97.87%; Specificity = 
98.32%; F1-Score = 97.82%. 

[48] 

2023 Lung 
adenocarcinoma 

Convolutional neural 
network based on 
EfficientNet-B3 
architecture 

Training set: 91 WSIs 
Internal validation set: 239 
WSIs 
External test set: 243 WSIs 

To distinguish lung 
adenocarcinoma subtypes 

Cross-validation: AUROC (AI-1): No carcinoma = 
0.996; Lepidic = 0.993; Acinar = 0.983; Papillary = 
0.991; Micropapillary = 0.968; Solid = 0.997; IMA = 
0.993; Other carcinoma = 0.920.  
AUROC (AI-2): No carcinoma = 0.995; Lepidic = 
0.978; Acinar = 0.982; Papillary = 0.972; 
Micropapillary = 0.965; Solid = 0.998; IMA = 0.976; 
Other carcinoma = 0.960. 

[49] 

2025 Neuroendocrine 
tumors (NETs) and 
neuroendocrine 
carcinomas (NECs) 

NEToC based on 
convolutional neural 
network with U-Net 
architecture 

95 patients To distinguish between 
NETs and NECs 

64×64 pixels: Precision = 0.79; Accuracy = 0.74. 128 × 
128 pixels: Precision = 1; Accuracy = 0.98. 
256 × 256 pixels: Precision = 1; Accuracy = 0.98. 512 × 
512 pixels: Precision = 1; Accuracy = 1.  

[50] 

2023 Thyroid nodules Convolutional neural 
network with VGG11 
architecture 

Training set: 964 biopsies 
Retrospective test set: 288 
biopsies 
Consecutive test set: 313 
biopsies 

To distinguish between 
benign thyroid nodules, 
indeterminate thyroid 
nodules, and malignant 
thyroid nodules 

AUROC (Single-slide retrospective test set) = 91.2%; 
AUROC (Multislide retrospective test set) = 90.4%; 
AUROC (Consecutive test set) = 90.1%. 

[51] 

2021 Soft tissue sarcoma Densely connected 
convolutional network 
(DenseNet121) 

Internal cohort: 240 
patients 
External cohort: 51 patients 

To classify tumor subtypes Internal cohort: AUROC (micro-averaging) = 0.95; 
AUROC (macro-averaging) = 0.97. 
External cohort: AUROC (micro-averaging) = 0.93; 
AUROC (macro-averaging) = 0.94. 

[52] 

2023 Non-melanoma skin 
cancer 

MuSClD based on 
CycleGAN and 
ResNext50_32 × 4D 

Training set: 85 patients 
Testing set: 352 patients 

To classify tumor subtypes AUROC (BCC) = 0.92; AUROC (SCC-In situ) = 0.87; 
AUROC (SCC-Invasive) = 0.92. 

[53] 

2023 Skin tumor Chain memory 
convolution neural 
network and attention 
graph gate network 

Training set: 203 slides 
Validation set: 24 slides 
Testing set: 277 slides 

To distinguish between 
Bowen disease (BD), 
neurofibroma (NF), 
seborrheic keratosis (SK), 
and healthy tissues 

Accuracy (BD) = 92.64%; Accuracy (NF) = 96.88%; 
Accuracy (SK) = 99.21%; Accuracy (Healthy tissues) = 
86.00%. 

[54] 

2023 Gastric cancer U-Net 186 images from 70 
patients 

To distinguish between 
differentiation 
components and 
undifferentiated 
components 

Precision = 0.9266; Recall = 0.9847; F1-score = 0.9548; 
AUROC = 0.91. 

[55] 
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Year Cancer type Method Cohort Size  Objective Performance Ref. 
2025  Endometrial cancer 

(EC) and colorectal 
cancer (CRC) 

ETMIL-SSLViT, based 
on vision transformer 
and Transformer-
based multiple 
instance learning 

TCGA-EC cohort: 918 WSIs 
from 529 patients 
TCGA-CRC cohort: 1495 
WSIs from 594 patients 

To predict pathological 
subtypes and tumor 
mutational burden 

EC subtype classification (aggressive vs. non-
aggressive): Accuracy = 0.91. 
CRC subtype classification (mucinous vs. non-
mucinous): Accuracy = 0.87. 
TMB status prediction in the aggressive subtype in 
EC: Accuracy = 0.77. 
TMB status prediction in the non-aggressive subtype 
in EC: Accuracy = 0.66. 
TMB status prediction in the non-mucinous subtype 
in CRC: Accuracy = 0.85. 
TMB status prediction in the mucinous subtype in 
CRC: Accuracy = 0.76. 
Validation on independent datasets (EC subtype 
classification): Accuracy = 0.87. 

[56] 

2024 Brain tumor ResNet50-v2 (model 
1), Google Inception-
ResNet-v2 (model 2), 
ResNet50 (model 3) 

121 images from 84 
patients 

To diagnose brain tumor 
subclassification 

Patient level: Accuracy = 73.9%; Precision = 0.89; 
Recall = 0.74; F1-score = 0.79; Specificity = 0.96. 
Image level: Accuracy = 70.7%; Precision = 0.87; 
Recall = 0.71; F1-score = 0.76; Specificity = 0.94. 

[57] 

2017 Breast cancer ———— Training set: 249 WSIs 
Test set: 150 WSIs 

To predict breast cancer 
lymph node metastases 

The model performance in top 3 teams: 
1st: GoogLeNet (from HMS and MIT II team), Task1: 
FROC score = 0.807; Task2: AUROC = 0.994. 
2nd: ResNet (from HMS and MGH III team), Task1: 
FROC score = 0.760; Task2: AUROC = 0.976. 
3rd: GoogLeNet (from HMS and MGH I team), Task1: 
FROC score = 0.596; Task2: AUROC = 0.964. 

[58] 

2021 Gastric cancer Faster RCNN, 
DeepLab, Xception, 
DenseNet-121 

Training set: 594 WSIs from 
128 patients 
Test set: 327 WSIs from 94 
patients 

To quantify lymph node 
and identify gastric 
metastatic cancer 

Quantify lymph node: Accuracy = 97.13%. 
Identify metastatic cancer: PPV = 93.53%; NPV = 
97.99%. 

[59] 

2023 Liver 
adenocarcinoma 

HEPNET based on 
EfficientNet B3 

Training set: 456 patients 
Internal test set: 115 
patients 
External test set: 159 
patients 

To distinguish between 
intrahepatic 
cholangiocarcinoma and 
colorectal liver metastasis 

Internal test set (Patient level): AUROC = 0.994; 
Accuracy = 96.52%; Sensitivity = 96.43%; Specificity = 
96.61%; F1-score = 0.965. 
External validation set (Patient level): AUROC = 
0.997; Accuracy = 98.11%; Sensitivity = 98.57%; 
Specificity = 97.75%; F1-score = 0.981. 

[62] 

2023 Liver metastatic 
malignancies 

EfficientNetV2 and 
ResNetRS 

Training set: 116728 
patches 
Validation set: 44372 
patches 
Test set: 43059 patches 

To recognize colorectal 
adenocarcinoma liver 
metastasis, pancreatic 
adenocarcinoma liver 
metastasis, and benign 
lesions 

Tile-level accuracy = 89%; Case-level accuracy = 94%. [63] 

2023 Melanoma U-Net Training set: 542 WSIs 
Test set 1: 60 WSIs 
Test set 2: 91 WSIs 

To detect melanoma 
metastases in lymph nodes 

Section level: AUROC = 0.9630 (Center 0) or 0.9856 
(Center 2); Sensitivity = 91.67% (Center 0) or 95.62% 
(Center 2); Specificity = 90.82% (Center 0) or 93.81% 
(Center 2); 
Block level: Sensitivity (> 1mm) = 100.00% (Center 0) 
or 97.37% (Center 2); Sensitivity (0.1mm-1mm) = 
87.50% (Center 0) or 95.24% (Center 2); Sensitivity (< 
0.1mm) = 0.00% (Center 0) or 0.00% (Center 2); 
Specificity (> 1mm) = 99.15% (Center 0) or 100.00% 
(Center 2); Specificity (0.1mm-1mm) = 89.66% (Center 
0) or 86.64% (Center 2); Specificity (< 0.1mm) = 
100.00% (Center 0) or 100.00% (Center 2). 

[60] 

2025 Primary central 
nervous system 
lymphoma and 
common central 
nervous system 
tumors 

RapidLymphoma 
based on BYOL self-
supervised learning 
and ResNet-50 

Training set: 54000 patch 
images. Prospective test 
set: 213 slides from 160 
patients. External test set 1: 
1772 slides from 420 
patients. External test set 2: 
152 slides from 59 patients 

To distinguish between 
primary central nervous 
system lymphoma and 
other central nervous 
system entities  

Prospective test set (PCNSL vs non-PCNSL): 
Accuracy = 97.81%. 
External test set 1 (PCNSL vs. IDH-wildtype gliomas): 
Accuracy = 95.44%. 
External test set 2 (PCNSL vs. brain metastasis): 
Accuracy = 95.57%. 

[30] 

2023 Pan-cancer PC-LNM based on 
Swin Transformer 

TCGA set: 3848 WSIs 
CPTAC set: 552 WSIs 

To predict lymph node 
metastasis 

Internal validation: AUROC = 0.732; Sensitivity = 
0.734; Specificity = 0.612. 
External validation: AUROC=0.699; Sensitivity = 
0.912; Specificity=0.388. 

[61] 

2023 Gastric cancer attention-based 
multiple instance 
learning based on 
RetCCL network 

KIEL cohort: 366 patients 
AUGSBURG cohort: 474 
patients 
TCGA cohort: 306 patients 

 To predict lymph node 
metastasis 

AUROC (KIEL cohort) = 0.7145; AUROC 
(AUGSBURG cohort) = 0.6924; AUROC (TCGA 
cohort) = 0.657. 

[64] 

2024 Laryngeal squamous 
cell carcinoma 

ResNet50 and 3D 
ResNet50 

Training set: 300 patients 
Internal test set: 89 patients 
External test set 1: 120 
patients 
External test set 2: 44 
patients 

To predict occult lymph 
node metastasis 

Internal test set: AUROC (DLRad_DB) = 0.89; 
AUROC (DLRad_FB) = 0.84; AUROC (3D DL) = 0.89; 
AUROC (2D DL) = 0.83. External test set 1: AUROC 
(DLRad_DB) = 0.89; AUROC (DLRad_FB) = 0.82; 
AUROC (3D DL) = 0.89; AUROC (2D DL) = 0.85. 
External test set 2: AUROC (DLRad_DB) = 0.89; 
AUROC (DLRad_FB) = 0.83; AUROC (3D DL) = 0.86; 
AUROC (2D DL) = 0.86. 

[65] 
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Year Cancer type Method Cohort Size  Objective Performance Ref. 
2023 Papillary thyroid 

carcinoma 
Ensemble deep 
learning model based 
on ResNet-50 

Training set: 754 patients 
Internal validation set: 94 
patients 
Internal test set: 94 patients 
External test set: 89 
patients 

To predict cervical lymph 
node metastasis 

Internal test set: AUROC = 0.86; Accuracy = 0.79; 
Sensitivity = 0.83; Specificity = 0.74; PPV = 0.78; NPV 
= 0.82; Kappa = 0.57; F1-score = 0.79. 
External test set: AUROC = 0.77; Accuracy = 0.72; 
Sensitivity = 0.75; Specificity = 0.69; PPV = 0.70; NPV 
= 0.74; Kappa = 0.44; F1-score = 0.72. 

[66] 

2023 Gastric 
adenocarcinoma 

ResNet152 Internal set: 38 patients 
External set: 12 patients 

To detect lymph node 
metastasis 

AUROC (Internal set) = 0.9994; AUROC (External set) 
= 0.9914. 

[67] 

2025 Lung squamous cell 
carcinoma 

LN_ISLUSCH based 
on ResNet-18 

Outdo-LUSC set: 499 
patients 
TCGA-LUSC set: 512 
patients 

To predict lymph node 
metastasis 

Training set: AUROC = 0.941; Test set: AUROC = 
0.788. 

[68] 

 
 
DL-based subtype classification has been 

investigated across multiple cancer types, including 
lung, breast, colorectal, liver, kidney, and brain tumors 
(Table 1). In lung cancer, Coudray et al. developed an 
Inception v3-based CNN model that accurately 
distinguished lung adenocarcinoma, squamous cell 
carcinoma, and normal lung tissues using H&E-
stained whole-slide images (WSIs) [41]. In breast 
cancer, Haq et al. integrated transfer learning and data 
augmentation strategies into CNN-based models for 
invasive ductal carcinoma classification, with the 
ResNet50-based model achieving the highest 
classification accuracy among evaluated architectures 
[42]. 

Beyond morphological classification, recent 
studies have explored whether DL models can infer 
molecularly defined tumor subtypes directly from 
routine pathological images. For example, 
Sirinukunwattana et al. developed a DL system 
capable of predicting colorectal cancer consensus 
molecular subtypes (CMS) from H&E slides, 
demonstrating the potential of DL-based image 
analysis for molecular stratification and reducing the 
proportion of unclassified cases [43]. Similarly, Cheng 
et al. developed a DL model (HnAIM) for classifying 
hepatocellular nodular lesions, including 
hepatocellular carcinoma (HCC) and benign lesions, 
achieving high diagnostic performance across surgical 
and biopsy specimens [44]. 

DL approaches have also been applied to 
complex tumor subtype classification in renal and 
neurological cancers. Marostica et al. evaluated 
multiple CNN architectures, including VGG16, 
Inception v3, and ResNet50, for renal cell carcinoma 
detection and histological subtype classification [45]. 
In neuropathology, Shi et al. developed a DL model for 
differentiating low-grade astrocytoma, oligoden-
droglioma, and intracranial germinoma using frozen-
section and H&E-stained images, with consistent 
performance in external validation cohorts [46]. 
Furthermore, DL models have been explored for 
molecular subtype prediction in glioblastoma and 
differential diagnosis of central nervous system 
tumors. Roetzer-Pejrimovsky et al. demonstrated that 

an Xception-based model could predict glioblastoma 
molecular subtypes, whereas Tian et al. developed a 
ResNet50-based model to distinguish central nervous 
system lymphoma from high-grade glioma [47, 48]. 
Additional studies are summarized in Table 1 [49-57]. 

Collectively, current studies indicate that DL can 
facilitate tumor subtype classification by integrating 
subtle morphological patterns that may not be readily 
recognized through conventional assessment. 
Importantly, DL-based approaches are increasingly 
moving beyond morphological classification toward 
prediction of molecular characteristics from routine 
pathological images, providing a potential strategy for 
reducing reliance on additional molecular testing in 
selected clinical scenarios. 

Tumor metastasis detection 

Early detection of tumor metastasis is essential 
for accurate cancer staging, treatment selection, and 
prognostic assessment. However, metastatic lesions 
are often difficult to identify because of their subtle 
histopathological features and heterogeneous 
morphological characteristics. DL has emerged as an 
effective approach for automated pathological image 
analysis, facilitating the detection, characterization, 
and differential diagnosis of metastatic lesions. 

To date, lymph node metastasis detection has 
been one of the most extensively investigated 
applications of DL in pathology (Table 1). Bejnordi et 
al. systematically evaluated multiple DL algorithms 
for detecting breast cancer lymph node metastases and 
demonstrated that the best-performing model 
achieved diagnostic performance comparable to 
experienced pathologists while improving detection 
efficiency in whole-slide image analysis [58]. Hu et al. 
further integrated Faster RCNN, DeepLab, Xception, 
and DenseNet-121 to automate the detection and 
quantification of lymph node metastases using H&E 
whole-slide images [59]. Similarly, Jansen et al. 
developed a DL algorithm capable of detecting 
melanoma sentinel lymph node metastases and 
accurately classifying metastatic deposits without 
requiring additional immunohistochemical staining 
[60]. More recently, Chen et al. proposed an attention-
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based weakly supervised neural network that 
predicted lymph node metastatic status directly from 
primary tumor histology across multiple cancer types, 
suggesting that primary tumor morphology may 
provide valuable information for metastatic risk 
assessment [61]. 

Beyond lymph node metastasis detection, DL has 
also been applied to differentiating metastatic tumors 
from primary malignancies. Albrecht et al. developed 
the HEPNET model to distinguish intrahepatic 
cholangiocarcinoma from colorectal liver metastases 
using H&E whole-slide images, with consistent 
performance in both internal and external validation 
cohorts [62]. Likewise, Kriegsmann et al. employed 
EfficientNetV2- and ResNetRS-based architectures to 
identify the primary origin of liver metastases from 
colorectal and pancreatic adenocarcinomas, 
supporting the feasibility of DL-assisted pathological 
diagnosis of metastatic disease [63]. In addition, 
Reinecke et al. proposed the self-supervised DL 
pipeline RapidLymphoma, which utilized virtual 
H&E-like images generated from label-free Raman 
microscopy to rapidly identify primary central 
nervous system lymphoma (PCNSL) and distinguish 
it from other central nervous system tumors, including 
diffuse gliomas and brain metastases, demonstrating 
the potential of DL for differential diagnosis in 
clinically challenging cases [30]. Additional 
representative studies are summarized in Table 1 [64-
68]. 

Collectively, current evidence indicates that DL 
has expanded the scope of metastasis-related 
pathology from detecting metastatic lesions to 
differentiating metastatic tumors from primary 
malignancies and predicting metastatic status directly 
from primary tumor histology. These advances may 
improve diagnostic efficiency and support clinical 
decision-making in metastatic disease. 

Deep learning applications in oncologic 
imaging  

Medical imaging plays a crucial role in clinical 
diagnosis, which is the most widely used non-invasive 
method for tumor detection and localization tasks, and 
can provide critical information about tumor size, 
morphology, metabolic activity, and malignancy 
degree. Medical imaging techniques mainly include 
MRI, CT, USG, and X-ray. In recent years, there has 
been a lot of research using DL to assist cancer 
diagnosis relying on these medical images. Herein, we 
summarized the recent research progress of DL-aided 
medical imaging analysis, aiming to promote and 
facilitate further research (Table 2). 

Magnetic resonance imaging 

MRI is an essential imaging modality in oncology 
due to its superior soft tissue contrast and ability to 
provide detailed information regarding tumor 
morphology, anatomical location, and biological 
characteristics. However, conventional MRI 
interpretation often relies on expert experience and 
may be affected by inter-observer variability. The 
integration of DL into MRI analysis has provided new 
opportunities for automated image interpretation, 
improving tumor detection, segmentation, 
classification, and clinical decision-making. 

Brain tumors represent one of the most 
extensively investigated applications of deep learning 
in MRI. Accurate tumor segmentation is essential for 
diagnosis, surgical planning, and treatment 
monitoring. To address the limitations of manual 
segmentation, numerous deep learning approaches 
have been developed. Kazemi et al. proposed a 
parallel AlexNet and VGGNet architecture that 
distinguished glioma, meningioma, and pituitary 
tumors on T1 weighted MRI with classification 
accuracies exceeding 98%, outperforming 
conventional machine learning methods [69]. Dénes-
Fazakas et al. further introduced L-Net, which 
integrated U-Net with convolutional neural networks 
to perform tumor segmentation and classification 
simultaneously, reducing the misclassification rate by 
approximately 80% [70]. Rasool et al. developed CNN 
TumorNet for differentiating glioma from non tumor 
tissue and incorporated explainable learning 
strategies, achieving an accuracy of 99% while 
improving model interpretability [71]. 

In addition to tumor detection, deep learning has 
expanded the capability of MRI for tumor grading and 
non-invasive characterization. Naser et al. combined 
U-Net with VGG16 for lower grade glioma 
segmentation and grading, achieving a mean Dice 
score of 0.84 together with high diagnostic accuracy at 
both the image and patient levels [72]. Garcia Ruiz et 
al. developed DISCERN, which generated voxel level 
signatures for tumor classification and differentiated 
glioblastoma, brain metastasis, and primary central 
nervous system lymphoma without invasive biopsy. 
The method outperformed conventional MRI 
parameters, including cerebral blood volume and 
percentage of signal recovery, in both internal and 
external validation cohorts [73]. Similarly, Li et al. 
developed a convolutional neural network for 
detecting and segmenting brain metastases that 
achieved higher sensitivity and Dice scores than 
several existing approaches, particularly improving 
the detection of lesions smaller than 5 mm [74]. Deep 
learning has also improved the diagnosis of specific 
intracranial tumors and supported clinical decision 
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making. Kim et al. applied deep learning 
reconstruction to high resolution pituitary MRI and 
significantly improved the detection of postoperative 
residual tumors and cavernous sinus invasion [75]. Li 
et al. developed iGNet to distinguish pediatric 
intracranial germ cell tumor subtypes using T2 

weighted MRI, demonstrating robust performance 
across multiple centres [76]. Furthermore, Shin et al. 
established an explainable deep learning framework 
that accurately differentiated intra axial mass like 
lesions and provided effective support for patient 
triage [77]. 

 

Table 2. Deep learning application in oncologic imaging. 

Year Cancer type Method Cohort Size  Objective Performance Ref. 
2022 Brain tumors AlexNet and 

VGGNet 
FIGSHARE set: 3064 
images from 233 patients 
TCIA set: 8798 images 
from 20 patients 

To differentiate 
between glioma, 
meningioma and 
pituitary tumor 

Binary classification: (1) FIGSHARE set: Accuracy = 99.14%; Precision 
= 99.20%; AUROC = 0.9996 (2) TCIA set: Accuracy = 99.00%, 
Precision = 99.08%; AUROC = 0.9996.  
Multi-class classification: (1) FIGSHARE set: Accuracy = 98.78%; 
Precision = 98.56%; AUROC = 0.9944 (2) TCIA set: Accuracy = 
99.05%; Precision = 98.97%; AUROC = 0.9931. 

[69] 

2024 Brain tumors L-Net based on U-
net and CNN 

3064 images from 233 
patients 

To differentiate 
between glioma, 
meningioma and 
pituitary tumor 

Image size of 16×16: Precision = 0.9867; Recall = 0.9866; F1-score = 
0.9866; Accuracy = 0.9866; AUROC (Meningioma) = 0.9966; AUROC 
(Glioma) = 0.9975; AUROC (Pituitary) = 1.0000. 

[70] 

2025 Brain tumors CNN-TumorNet 
based on deep 
convolutional neural 
network 

7023 images To diagnose brain 
tumors 

Accuracy = 99%. [71] 

2020 Glioma U-Net, VGG16 3121 images from 110 
patients 

To segment and 
grade glioma 

Segmentation: Mean DSC = 0.84. Grading at MRI images' level: 
Accuracy = 0.89; Sensitivity = 0.87; Specificity = 0.92. Grading at 
patients' level: Accuracy = 0.95; Sensitivity = 0.93; Specificity = 0.98. 

[72] 

2024 Brain tumors DISCERN based on 
1D convolutional 
neural network 

Training set: 40 patients 
Internal test set: 400 
patients 
External test set: 128 
patients 

To differentiate 
between 
glioblastoma 
multiforme, 
metastasis tumor, 
and primary CNS 
lymphoma 

Accuracy (Internal test set) = 0.78; Accuracy (External validation set) 
= 0.71; Accuracy (3T scanner validation subset) = 0.72; Accuracy 
(IvyGAP dataset) = 0.78. 

[73] 

2023 Brain 
metastases 

3D U-Net, and a 
multi-level CNN 

Training set: 295 patients 
Validation set: 99 patients 
Testing set: 255 patients 

To detect and 
segment brain 
metastases 

Total: Sensitivity = 90%; Precision = 56%; F1-score = 69%; Dice = 81%; 
RVD = 20%. Metastases size < 5mm: Sensitivity = 66%; Precision = 
22%. 5mm ≤ Metastases size < 10mm: Sensitivity = 88%; Precision = 
55%. 10mm ≤ Metastases size < 20mm: Sensitivity = 97%; Precision = 
71%. Metastases size ≥ 20mm: Sensitivity = 99%; Precision = 91%. 

[74] 

2021 Pituitary 
adenoma 

Deep learning-based 
reconstruction based 
on deep 
convolutional 
network 

65 patients To reconstruct 
MRI images for 
residual tumor 
identification and 
cavernous sinus 
invasion 
identification 

Identify residual tumor: AUROC (1-mm MRI, Reader 1) = 0.82; 
AUROC (1-mm MRI+DLR, Reader 1) = 0.92; AUROC (1-mm MRI, 
Reader 2) = 0.77; AUROC (1-mm MRI+DLR, Reader2) = 0.89. Identify 
CS invasion: AUROC (1-mm MRI, Reader 1) = 0.83; AUROC (1-mm 
MRI+DLR, Reader 1) = 0.95; AUROC (1-mm MRI, Reader 2) = 0.82; 
AUROC (1-mm MRI+DLR, Reader2) = 0.98. 

[75] 

2024 Primary 
intracranial 
germ cell 
tumors 

iGNet based on 
nnUNet 

Training set: 200 patients. 
Retrospective internal test 
set: 80 patients. 
Prospective internal test 
set: 22 patients. External 
test set 1: 22 patients. 
External test set 2: 20 
patients 

To classify 
germinomas and 
non-
germinomatous 
germ cell tumors 

Retrospective internal test set: AUROC = 0.950; Accuracy = 90.91%; 
Specificity = 78.40%; Sensitivity = 98.39%. Prospective internal test 
set: AUROC = 0.921; Accuracy = 87.10%; Specificity = 84.64%; 
Sensitivity = 76.47%. External test set 1: AUROC = 0.869; Accuracy = 
80.00%; Specificity = 88.24%; Sensitivity = 78.33%. External test set 2: 
AUROC = 0.905; Accuracy = 89.56%; Specificity = 76.47%; Sensitivity 
= 89.79%. 

[76] 

2023 Intra-axial 
mass-like 
lesions 

U-Net and CNN Training set: 747 patients 
Test set: 130 patients 

To give referral 
suggestions and 
diagnose tumors 

Referral accuracy = 72.3%. Tumor distinguish results: AUROC = 0.90; 
Accuracy = 87.7%; Sensitivity = 90.2%; Specificity = 81.6%. 

[77] 

2022 Breast cancer 3D-ResNet18 Training set: 14198 MRI 
examinations. Internal 
validation set: 3403 MRI 
examinations. Internal 
test set: 3936 MRI 
examinations. External 
test set 1: 397 MRI 
examinations. External 
test set 2: 922 MRI 
examinations. 
External test set 3: 131 
MRI examinations 

To diagnose breast 
cancer 

Internal set: AUROC = 0.924; AUPRC = 0.720. 
External set 1: AUROC = 0.788; AUPRC = 0.591. 
External set 2: AUROC = 0.969; AUPRC = 0.977. 
External set 3: AUROC = 0.966; AUPRC = 0.973. 

[78] 

2021 Prostate cancer Inception-V1 Internal set: 228 patients 
TCIA set: 172 patients 

To diagnose 
prostate cancer 

AUROC = 0.89; NPV = 81.6%; PPV = 81.9%; Specificity = 82%; 
Sensitivity = 81.5%; Accuracy = 81.8%. 

[79] 
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Year Cancer type Method Cohort Size  Objective Performance Ref. 
2022 Prostate cancer CorrSigNIA based 

on correlational 
neural network and 
modified holistically 
nested edge 
detection (HED) 

C1 cohort: 129 patients 
C2 cohort: 275 patients 
C3 cohort: 39 patients 

To differentiate 
between normal 
tissues, indolent 
cancer, and 
aggressive cancer 

Detect cancer (lesion level): AUROC (C1-test cohort) = 0.81; AUROC 
(C2 cohort) = 0.81. Detect clinically significant cancer (lesion level): 
AUROC (C1-test cohort) = 0.82; AUROC (C2 cohort) = 0.86. Patient 
level evaluation in C1-test and C3 cohort: Sensitivity = 0.78; 
Specificity = 0.87; Precision = 0.96; NPV = 0.52; F1-score = 0.86; 
Accuracy = 0.80. 

[80] 

2022 Prostate cancer PSP-Net and VGG16 Training set: 50 patients 
Test set: 20 patients 

To segment and 
diagnose prostate 
tumor  

Segmentation: Dice = 91.3%. Classification: Accuracy = 87.95%; 
Precision = 87.33%; Recall = 89.73%; AUROC = 0.87. 

[81] 

2024 Oral and 
oropharyngeal 
squamous cell 
carcinoma 

ResNet50 Cohort A: 121 patients 
(70% in training set and 
30% in test set) 
Cohort B: 198 patients (68 
in external validation set 
1 and 130 in external 
validation set 2) 

To predict occult 
cervical lymph 
node metastasis 

Test set: AUROC = 0.878; Accuracy = 0.868; Specificity = 1.000; 
Sensitivity = 0.808; PPV = 1.000; NPV = 0.706. External validation set 
1: AUROC = 0.796; Accuracy = 0.761; Specificity = 0.950; Sensitivity = 
0.615; PPV = 0.941; NPV = 0.655. External validation set 2: AUROC = 
0.834; Accuracy = 0.784; Specificity = 0.600; Sensitivity = 0.962; PPV = 
0.714; NPV = 0.938. 

[82] 

2021 Bone lesions EfficientNet-B0 Training set: 678 lesions 
Internal validation set: 
192 lesions 
Internal testing set: 93 
lesions 
External testing set: 97 
lesions 

To differentiate 
benign and 
malignant bone 
lesions 

Internal test set: Accuracy (Ensemble model) = 0.76; Accuracy (Expert 
committee) = 0.73; F1-score (Ensemble model) = 0.75; F1-score 
(Expert committee) = 0.73. 
External test set: F1-score (Ensemble model) = 0.70; Accuracy 
(Ensemble model) = 0.73. 

[83] 

2024 Musculoskeletal 
tumors 

MSAPN based on 
cascade encoder-
decoder 

Training set: 124 patients 
Internal testing set: 26 
patients 
External validation set: 20 
patients 

To segment and 
classify tumors 

Segmentation results: DSC (test set) = 0.871; DSC (validation set) = 
0.815. 
Classification results: Accuracy = 0.890, Sensitivity = 0.825; Specificity 
= 0.936; AUROC = 0.963. 

[84] 

2024 Soft-tissue 
tumors 

 nnU-net and 
InteractiveNet 

Training set: 116 patients. 
External validation set 
(USA): 150 patients. 
External validation set 
(UK): 208 patients. 
Prospective validation 
set: 86 patients 

To differentiate 
between lipoma 
and atypical 
lipomatous tumor 

AUROC (training and internal validation) = 0.84; AUROC (USA 
cohort) = 0.77; AUROC (UK cohort) = 0.87; AUROC (Prospective 
cohort) = 0.92. 

[85] 

2021 Lung cancer ResNet-18 359 patients To diagnose lung 
cancer 

AUROC (conventional CT model) = 0.817; AUROC (conventional CT 
with SUVmax) = 0.823; AUROC (conventional CT with lesion size) = 
0.861; AUROC (conventional CT with SUVmax and lesion size) = 
0.877. AUROC (PET/CT model) = 0.762; AUROC (PET/CT with 
SUVmax) = 0.784; AUROC (PET/CT with lesion size) = 0.821; 
AUROC (PET/CT with SUVmax and lesion size) = 0.837. 

[86] 

2022 Colorectal 
cancer 

3D CNN Training set: 107 
colorectal polyps from 63 
patients 
External test set: 77 
colorectal polyps from 59 
patients 

To differentiate 
between 
premalignant 
polyps and benign 
polyps 

SEG model: AUROC = 0.83; Sensitivity = 80%; Specificity = 69%; 
AUROC (6~9 mm) = 0.74; AUROC (≥10 mm) = 0.72. 
noSEG model: AUROC = 0.75; Sensitivity = 80%; Specificity = 44%; 
AUROC (6~9 mm) = 0.72; AUROC (≥10 mm) = 0.74. 

[87] 

2024 Focal liver 
lesions 

LiLNet based on 
YOLOv8 and 
ResNet50 

Training set: 1580 
patients 
Internal test set: 1308 
patients 
HN validation set: 636 
patients 
CD validation set: 94 
patients 
GZ validation set: 205 
patients 
LS validation set: 216 
patients 

To diagnose and 
classify liver 
lesions 

Test set: AUROC (LiLNet_BM) = 97.2%; Accuracy (LiLNet_BM) = 
94.7%; AUROC (LiLNet_M) = 95.6%; Accuracy (LiLNet_M) = 88.7%; 
AUROC (LiLNet_B) = 95.9%; Accuracy (LiLNet_B) = 88.6%. HN set: 
AUROC (benign vs. malignant) = 94.9%; AUROC (malignant 
diagnosis) = 87.9%; AUROC (benign diagnosis) = 89.9%. CD set: 
AUROC (HCC diagnosis) = 94.2%. LS set: AUROC (HCC diagnosis) 
= 87.6%; AUROC (ICC) = 79.2%. GZ cohort: AUROC (HCC 
diagnosis) = 88.7%; AUROC (ICC) = 77.6%. 

[88] 

2021 Liver tumors STIC based on CNN 
and RNN 

Training set: 499 patients 
Internal test set: 113 
patients 
External test set: 111 
patients 

To diagnose and 
classify liver 
tumors 

Internal test set: Accuracy (HCC vs. ICC) = 86.2%; Accuracy (HCC vs. 
ICC vs. metastasis) = 72.6%. 
External test set: Accuracy = 82.9%. 

[89] 

2025 Liver tumors SALSA based on 3D 
U-Net 

Development set: 726 CT 
scans 
Internal test set: 159 CT 
scans 
External validation set: 
713 CT scans 

To detect and 
segment liver 
tumors 

Tumor detection results in internal test set: Recall (patient-wise) = 
99.08%; F1-score (patient-wise) = 88.88%; Recall (tumor-wise) = 
70.39%; F1-score (tumor-wise) = 63.64%. Tumor detection results in 
external validation set: Recall (patient-wise) = 94.17%; F1-score 
(patient-wise) = 96.83%; Recall (tumor-wise) = 57.92%; F1-score 
(tumor-wise) = 67.79%. Tumor delineation results in internal test set: 
DSC (patient-wise) = 0.738; DSC (tumor-wise) = 0.761. Tumor 
delineation results in external validation set: DSC (patient-wise) = 
0.737; DSC (tumor-wise) = 0.760. 

[90] 

2023 Pancreatic 
cancer 

Convolutional 
neural network 

Development set: 1023 
patients 
Internal test set: 256 
patients 
External test set: 1473 
patients 

To diagnose 
pancreatic cancer 

Internal test set: Sensitivity = 89.9%; Specificity = 95.9%; Accuracy = 
93.4%; AUROC = 0.96. 
External test set: Sensitivity = 89.7%; Specificity = 92.8%; Accuracy = 
91.4%; AUROC = 0.95. 

[91] 
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Year Cancer type Method Cohort Size  Objective Performance Ref. 
2023 Papillary 

thyroid cancer 
3D ResNet Training set: 874 lymph 

nodes. Internal validation 
dataset: 376 lymph nodes. 
External dataset A: 85 
lymph nodes. External 
dataset B: 101 lymph 
nodes. Real-world 
dataset: 113 lymph nodes 

To diagnose 
suspicious lateral 
lymph nodes 

Internal validation set: AUROC = 0.862; Sensitivity = 0.762; 
Specificity = 0.823; Accuracy = 0.785. External dataset A: AUROC = 
0.889; Sensitivity = 0.855; Specificity = 0.625; Accuracy = 0.812. 
External dataset B: AUROC = 0.955; Sensitivity = 0.943; Specificity = 
0.710; Accuracy = 0.857. Real-world dataset: AUROC = 0.829; 
Sensitivity = 0.839; Specificity = 0.769; Accuracy = 0.823. 

[92] 

2023 Oral cancer Mask R-CNN based 
on ResNet101 and 
pyramid network 

Stage Ⅰ: 5412 images 
Stage Ⅱ: 5601 images 

To identify, locate 
and distinguish 
metastasized 
lymph node 

Stage I: average precision (IoU threshold = 0.50) = 72.49%. 
Stages II: Clinical accuracy = 85.09%. 

[93] 

2023 Parotid tumor MobileNet V3 Training set: 269 patients 
Internal test set: 116 
patients 
External test set: 188 
patients 

To diagnose 
malignant parotid 
tumors 

Internal test set: AUROC = 0.883; Accuracy = 0.828; Sensitivity = 
0.861; Specificity = 0.813; PPV = 0.674; NPV = 0.929. External test set: 
AUROC = 0.890; Accuracy = 0.846; Sensitivity = 0.828; Specificity = 
0.860; PPV = 0.716; NPV = 0.917. 

[94] 

2021 Breast cancer 3D CNN 221 CEU videos 
(augmentation to 270 
CEU videos) 

To diagnose breast 
cancer 

Sensitivity = 97.2%; Specificity = 72.5%; Accuracy = 86.3% [95] 

2022 Breast tumors DeepLab3+ based on 
Xception for 
semantic 
segmentation, and 
CAM-DLS for tumor 
recognition 

Training set: 2142 images 
Validation set: 300 images 
Test set: 620 images 

To segment images 
and diagnose 
breast tumors 

Sensitivity = 95.8%; Precision = 92.4%; Specificity = 93.9%; Accuracy 
= 94.8%; F1-score = 0.941; DSC = 77.3%; IoU = 66.0% 

[96] 

2020 Breast cancer ResNet50 Training cohort: 350 
patients 
Validation cohort: 116 
patients 
Independent cohort: 118 
patients 

To predict axillary 
lymph node status 

Predict ALN status between N0 and N+ (≥1): AUROC (validation 
cohort) = 0.904; Accuracy (validation cohort) = 81.4%; AUROC 
(independent test cohort) = 0.902; Accuracy (independent test cohort) 
= 81.0%. Predict ALN status between N+ (1-2) and N+ (≥3): AUROC 
(validation cohort) = 0.925; Accuracy (validation cohort) = 88.0%; 
AUROC (independent test cohort) = 0.905; Accuracy (independent 
test cohort) = 80.0%. Predict ALN status among N0, N+ (1-2) and N+ 
(≥3): AUROC = 0.905. 

[97] 

2024 Breast cancer DeepLabV3+ for 
segmentation and 
CNN for 
classification 

Training set: 212 patients 
Validation set: 27 patients 
Test set: 27 patients 

To predict lymph 
node metastasis 

AUROC = 0.799; Accuracy = 88.89%; Sensitivity = 57.14%; Specificity 
= 100%; PPV = 100%; NPV = 86.96% 

[98] 

2022 Pancreatic 
cancer 

YOLOv5m 1213 images from 157 
patients 

To diagnose 
pancreatic cancer 

AUROC = 0.85; Sensitivity = 95%; Specificity = 75% [99] 

2022 Ovarian cancer DenseNet-121 Training set: 575930 
images 
Internal validation set: 
8416 images 
External validation set 1: 
1419 images 
External validation set 2: 
6510 images 

To diagnose 
ovarian cancer 

Internal validation set: AUROC = 0.911; Accuracy = 88.8%; Sensitivity 
= 78.9%; Specificity = 93.2%; PPV = 83.7%; NPV = 90.9%; Kappa = 
0.733; F1-score = 0.812. 
External validation set 1: AUROC = 0.870; Accuracy = 86.9%; 
Sensitivity = 40.3%; Specificity = 98.5%; PPV = 87.1%; NPV = 86.8%; 
Kappa = 0.486; F1-score = 0.551. 
External validation set 2: AUROC = 0.831, Accuracy = 85.3%; 
Sensitivity = 57.8%; Specificity = 91.6%; PPV = 61.1%; NPV = 90.4%; 
Kappa = 0.504; F1-score = 0.594. 

[100] 

2023 Superficial soft-
tissue masses 

ConvNeXt Training set: 618 patients 
Internal validation 
cohort: 154 patients 
External test cohort A: 
156 patients 
External test cohort B: 123 
patients 

To diagnose 
malignant masses 

Internal validation cohort: AUROC = 0.992; Accuracy = 98.7%; 
Sensitivity = 100.0%; Specificity = 98.6%; F1-score = 0.889. External 
test cohort A: AUROC = 0.979; Accuracy = 97.4%; Sensitivity = 40.0%; 
Specificity = 99.3%; F1-score = 0.500. External test cohort B: AUROC 
= 0.898; Accuracy = 91.0%; Sensitivity = 20.0%; Specificity = 97.3%; 
F1-score = 0.267. 

[101] 

2022 Lung cancer Convolutional 
neural network 

19488 patients To predict incident 
lung cancer 

Predict within the entire follow-up period: AUROC (study sample) = 
0.68; AUROC (USPSTF-eligible sample) = 0.75. 
Predict within 3 years: AUROC (study sample) = 0.76; AUROC 
(USPSTF-eligible sample) = 0.78. 
Predict within 5 years: AUROC (study sample) = 0.74; AUROC 
(USPSTF-eligible sample) = 0.78. 

[102] 

2021 Lung cancer DenseNet121, 
ResNet50 

ChestX-ray14 cohort: 
8302 images 
LIDC-IDRI cohort: 96 
images 
JSRT cohort: 154 images 

To diagnose lung 
cancer 

LIDC-IDRI images: Accuracy (Test A) = 0.850; Accuracy (Test B) = 
0.850; Accuracy (Test C) = 0.750; F1-score (Test A) = 0.897; F1-score 
(Test B) = 0.903; F1-score (Test C) = 0.815. JSRT images: Accuracy 
(Test A) = 0.677; Accuracy (Test B) = 0.677; Accuracy (Test C) = 0.710; 
F1-score (Test A) = 0.750; F1-score (Test B) = 0.737; F1-score (Test C) = 
0.781. LIDC-IDRI and JSRT images: Accuracy (Test A) = 0.820; 
Accuracy (Test B) = 0.760; Accuracy (Test C) = 0.820; F1-score (Test A) 
= 0.886; F1-score (Test B) = 0.824; F1-score (Test C) = 0.870. 

[103] 
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Year Cancer type Method Cohort Size  Objective Performance Ref. 
2020 Breast cancer YOLO and 3 

classification models 
(feedforward CNN, 
ResNet50, 
InceptionResNet-V2) 

DDSM set: 600 images 
Inbreast set: 107 images 

To localize and 
diagnose breast 
cancer 

DDSM set: (1) Diagnosis of breast lesions: Accuracy = 99.17%; MCC = 
98.36%; Dice = 99.28%. (2) Classification of breast lesions: Specificity 
(CNN) = 93.66%; Specificity (ResNet-50) = 95.33%; Specificity 
(InceptionResNet-V2) = 98.33%; Sensitivity (CNN) = 95.33%; 
Sensitivity (ResNet-50) = 96.33%; Sensitivity (InceptionResNet-V2) = 
97.67%. 
INbreast set: (1) Diagnosis of breast lesions: Accuracy = 97.27%; MCC 
= 93.93%; Dice = 98.02%. (2) Classification of breast lesions: 
Specificity (CNN) = 84.76%; Specificity (ResNet-50) = 91.43%; 
Specificity (InceptionResNet-V2) = 89.99%; Sensitivity (CNN) = 
90.57%; Sensitivity (ResNet-50) = 93.24%; Sensitivity 
(InceptionResNet-V2) = 95.99%. 

[104] 

2022 Bone tumors GAN and 3D CNN 119 patients with bone 
tumor X-ray images and 
130 bone contour images 

To estimate the 
bone tumor 
necrosis rate 

Threshold = 80%: Accuracy = 0.916; Recall = 0.948; Precision = 0.796; 
F1 score = 0.865. 
Threshold = 90%: Accuracy = 0.877; Recall = 0.868; Precision = 0.782; 
F1 score = 0.823. 

[105] 

 
The clinical utility of deep learning has also been 

demonstrated in several other malignancies. In breast 
cancer, a three-dimensional ResNet18 model showed 
diagnostic performance comparable with experienced 
breast radiologists when interpreting dynamic 
contrast enhanced MRI and could potentially reduce 
unnecessary biopsies in patients with BI-RADS 
category 4 lesions [78]. In prostate cancer, deep 
learning has improved lesion detection, localization, 
and segmentation. AI-biopsy achieved an area under 
the receiver operating characteristic curve (AUROC) 
of 0.89 for distinguishing malignant from benign tissue 
[79], CorrSigNIA improved the localization of both 
indolent and aggressive tumors across multiple 
cohorts [80], and the combination of PSP-Net with 
VGG16 achieved excellent performance for tumor 
segmentation and classification with a Dice score of 
91.3% [81]. In head and neck cancer, Lan et al. 
developed a ResNet50 model that predicted occult 
cervical lymph node metastasis from MRI radiomics 
with consistently high performance in both internal 
and external validation cohorts [82]. Deep learning has 
also shown considerable value in musculoskeletal 
oncology. EfficientNet B0 demonstrated diagnostic 
performance comparable with experienced clinicians 
in differentiating benign from malignant bone lesions 
[83], while the MSAPN network achieved accurate 
tumor segmentation and malignancy classification by 
integrating multi scale attention with radiomics 
analysis [84]. In addition, an automated radiomics 
model validated by Spaanderman et al. accurately 
distinguished benign lipomas from atypical 
lipomatous tumors across independent cohorts, with 
diagnostic performance comparable to that of 
radiologists [85].  

Overall, current evidence indicates that deep 
learning has substantially improved MRI interpre-
tation across a wide range of tumor types by 
enhancing tumor detection, segmentation, classifica-
tion, grading, and non-invasive characterization. 
Although most available studies remain retrospective 
and require prospective multi-center validation, these 

advances highlight the potential of deep learning to 
support precision oncology and facilitate clinical 
decision making. 

Computed tomography 

Computed tomography (CT) is routinely used 
throughout the cancer care pathway for screening, 
diagnosis, staging, treatment planning, and response 
evaluation because of its high spatial resolution and 
rapid image acquisition. In recent years, deep learning 
has markedly improved automated CT interpretation 
by enhancing lesion detection, tumor characterization, 
and metastatic risk assessment, thereby supporting 
more accurate and efficient clinical decision making. 

Park et al. demonstrated that a deep learning 
model developed from CT images achieved better 
diagnostic performance than a PET/CT model, and 
that incorporating SUVmax together with lesion size 
further improved diagnostic accuracy [86]. Deep 
learning has also shown considerable promise in 
abdominal malignancies. For colorectal cancer, Wesp 
et al. developed three dimensional CNN models that 
successfully distinguished premalignant from benign 
colorectal polyps, supporting CT as a potential tool for 
risk stratification before intervention [87]. In liver 
cancer, LiLNet accurately classified six types of focal 
liver lesions using multiphase CT images [88], while 
STIC improved the differential diagnosis of HCC, 
intrahepatic cholangiocarcinoma, and liver 
metastases, achieving performance comparable with 
or exceeding expert interpretation [89]. In addition, the 
SALSA framework enabled highly accurate 
automated liver tumor detection and demonstrated 
excellent generalizability in external validation 
cohorts [90]. Similar advances have been reported for 
pancreatic cancer, where a convolutional neural 
network integrating automated segmentation and 
classification achieved high sensitivity and specificity 
for lesion detection in a large real world external 
cohort [91].  

In head and neck malignancies, deep learning has 
further improved the diagnostic value of CT by 
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facilitating tumor characterization and metastatic 
assessment. Zheng et al. integrated CT images with 
clinical risk factors to predict lateral lymph node 
metastasis in papillary thyroid cancer, achieving 
robust performance across multiple independent 
cohorts that was comparable with fine needle 
aspiration and expert radiologists [92]. 

Xu et al. developed a Mask R CNN framework 
for identifying cervical lymph node metastases in oral 
cancer, achieving diagnostic accuracy comparable 
with radiologists while outperforming surgeons and 
medical students [93]. Similarly, MobileNet V3 
accurately differentiated benign from malignant 
salivary gland tumors and substantially improved the 
diagnostic performance of junior radiologists during 
external validation [94]. Overall, deep learning has 
substantially enhanced the clinical utility of CT by 
improving tumor detection, classification, and 
metastatic risk prediction across multiple cancer types. 

Ultrasonography 

USG is one of the most sensitive tools for cancer 
screening in physical examination, especially for 
breast cancer, prostate cancer, and cervical cancer. 
Currently, DL has significantly changed the traditional 
diagnostic ways which are dependent on the skills of 
USG experts, with advantages of fast operation, high 
accuracy, and strong objectivity. In breast cancer, Chen 
et al. developed a novel diagnosis model based on 
contrast-enhanced ultrasound (CEUS), which 
incorporated a 3D CNN as backbone with a channel 
attention module and a domain-knowledge-guided 
temporal attention module, achieving a sensitivity of 
97.2% and an accuracy of 86.3% [95]. Li et al. proposed 
a 2-step DL framework for ultrasound image 
segmentation to further identify breast cancer, and this 
model achieved excellent performance (Sensitivity: 
95.8%, Precision: 92.4%, Specificity: 93.9%, Accuracy: 
94.8%, F1-score: 0.941) [96]. Zheng et al. applied the 
deep learning radiomics for predicting axillary lymph 
node (ALN) status in breast cancer using conventional 
ultrasound and shear wave elastography. ResNet50 
model exhibited the best diagnostic performance 
when combined with clinical parameters in validation 
cohort and independent test cohort [97]. Wang et al. 
utilized DeepLabV3+ and ResNet-101 as the backbone 
network to segment ultrasound images and then 
predict ALN metastasis, providing high accuracy for 
clinical diagnosis with AUROC of 0.799 and accuracy 
of 0.889 [98]. While in pancreatic diagnosis, Tian et al. 
applied the YOLOv5m model to differentiate 
pancreatic cancer from non-pancreatic cancer lesions 
based on endoscopic USG images, achieving an 
AUROC of 0.85, a sensitivity of 95%, and a specificity 
of 75% [99]. Moreover, Gao et al. applied a DenseNet-

121 deep convolutional neural network (DCNN) 
model to discriminate ovarian cancer from benign 
adnexal lesions with high diagnostic accuracies in both 
internal dataset (AUROC = 0.911, Accuracy =88.8%) 
and external validation datasets (Set 1: AUROC 0.870, 
Accuracy 86.9%; Set 2: AUROC 0.831, Accuracy 85.3%) 
[100]. DCNN-assisted diagnosis was superior to 
radiologists alone [100]. In the diagnosis of malignant 
superficial soft-tissue masses, Long et al. constructed a 
DL model based on ConvNeXt, achieving an AUROC 
of 0.992, an accuracy of 98.7%, and an F1-score of 0.889 
in the validation cohort [101]. 

Collectively, these studies demonstrate the 
potential of DL to support various ultrasound-based 
cancer diagnostic tasks, including lesion classification, 
image segmentation, and lymph node metastasis 
prediction. The application of DL across different 
ultrasound modalities and cancer types suggests its 
potential to improve the efficiency and consistency of 
ultrasound-based cancer assessment. 

X-ray imaging 

X-ray imaging is an important screening and 
diagnostic tool for several cancer types. However, 
interpretation of X-ray images can be affected by 
reader experience, fatigue, and interruptions, 
potentially leading to diagnostic errors. The 
integration of DL into X-ray-based cancer assessment 
may help improve diagnostic consistency and support 
clinical decision making. 

Lee et al. developed a CNN-based DL model that 
integrated chest X-rays and clinical data to stratify 
lung cancer risk in a large-scale retrospective cohort 
[102]. When combined with USPSTF criteria, it 
significantly reduced the number of CT screening 
candidates by 20% while maintaining the same cancer 
detection rate and positive predictive value [102]. 
Moreover, Horry et al. introduced a novel hybrid DL 
and decision tree-based computer vision model for 
interpretable lung cancer malignancy stratification, 
achieving an accuracy of 0.820 when combining LIDC-
IDRI and JSRT images [103]. Al-Antari et al. developed 
an integrated computer-aided diagnosis (CAD) 
system which contained YOLO detector and distinct 
classifier (feedforward CNN, ResNet-50, 
InceptionResNet-V2) to detect and classify breast 
lesions in entire digital X-ray mammograms with high 
accuracy and speed [104]. Xu et al. proposed a new 
bone tumor necrosis rate detection method based on 
time series X-ray images instead of biopsy, which 
contained 3 modules (i.e., GAN for image 
enhancement, Conv-LSTM-GAN for time dimension 
characteristics utilization, 3D-CNN for lesion features 
extraction and classification) [105]. This model 
exhibited excellent performance (accuracy was 0.877 at 
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the threshold of 90% and accuracy was 0.916 at the 
threshold of 80%) and was close to the result of biopsy 
[105]. 

Collectively, these studies indicate that DL can 
extend the application of X-ray imaging from image-
based lesion detection to risk stratification and 
quantitative assessment of treatment related tumor 
characteristics. The integration of imaging findings 
with clinical information may further enhance the 
clinical utility of X-ray-based cancer assessment. 

Deep learning applications in laboratory 
diagnostics  

Blood cell morphology analysis 

Morphological assessment of blood cells 
(including peripheral and bone marrow cells) is 
widely recognized as the gold diagnostic standard for 
hematologic malignancies [106]. Conventional manual 
microscopy evaluation is time-consuming, labor-
intensive, and susceptible to inter- and intra-observer 
variability. In contrast, DL can automatically extract 
features from cytological images and enhance 
diagnostic accuracy and operational efficiency. For 
example, Matek et al. applied ResNeXt-50 to analyze 
the largest expert-annotated bone marrow (BM) 
cytology image data set (including 171374 BM smear 
images from 945 patients who were diagnosed with a 
variety of hematologic diseases) and this model 
achieved high precision and recall in identifying 
diagnostically relevant leukocytes [107]. Sun et al. 
proposed DeepHeme, a snapshot-ensemble DL 
classifier, which was trained on over 30,000 BM smear 
images [108]. Its cell classification performance was 
equivalent to senior pathologists or even surpassed 
human performance [108]. Zhang et al. developed 
multiple DL models with distinct architectures and 
trained on over 10000 single plasma cell images from 
BM smears to distinguish multiple myeloma from 
systemic light chain amyloidosis [109]. Surprisingly, 
the ResNet101 achieved 100% accuracy [109]. Eckardt 
et al. applied a multi-step DL approach to 
automatically segment BM cells from smear images 
and distinguish acute myeloid leukemia (AML) 
samples from healthy controls with an AUROC of 
0.9699 [110]. Rastogi et al. utilized the LeuFeatx, a 
VGG16-adapted feature-extractor model, to diagnose 
acute leukemia based on peripheral blood (PB) smear 
images, achieving over 90% accuracy in different 
datasets [111]. Sun et al. developed the MDA-
LeukoLens system, which combined 2 CNN models 
with a diagnostic feature–based rule algorithm to 
identify acute promyelocytic leukemia (APL) cells in 
peripheral blood smear images, with 99.1% accuracy 
in internal cohort and 98.1% accuracy in external 

cohort [112]. Kimura et al. combined CNN with 
eXtreme gradient boosting (XGBoost) to automatically 
classify myelodysplastic syndromes (MDS) from 
aplastic anemia based on PB smear images, achieving 
96.2% sensitivity, 100% specificity, and 0.990 AUROC 
[113]. Explainable AI can provide clear interpretable 
and transparent reasoning for its decisions. To further 
enhance the model interpretability, Hehr et al. 
proposed SCEMILA, an inherently explainable single-
cell-based multiple instance learning algorithm, which 
discriminated 4 WHO-defined genetic AML subtypes 
and highlighted diagnostically relevant cells without 
requiring single-cell annotations [114]. Sidhom et al. 
built an explainable DL model for PB smear images 
analysis that rapidly and accurately distinguished 
t(15;17)-positive APL from non-APL AML with an 
AUROC of 0.861, and used integrated gradients to 
reveal novel APL-specific chromatin condensation 
morphologies [115]. Detailed information was shown 
in Table 3. 

Collectively, these studies demonstrate that DL 
can support hematologic diagnosis through 
automated cell classification, disease discrimination, 
and identification of diagnostically relevant 
morphological features. The incorporation of 
explainability further provides opportunities to link 
model predictions with recognizable cellular 
characteristics, which may facilitate the use of DL as a 
decision support tool in hematologic diagnostics. 

Chromosome analysis 

Chromosome analysis is an established technique 
in cytogenetics but traditionally relies heavily on 
manual examination, which is time consuming and 
labor intensive and may result in limited throughput 
and variability in analysis. DL has therefore been 
explored to automate chromosome segmentation, 
classification, and detection of cytogenetic 
abnormalities. Chen et al. developed KaryoXpert, a 
framework that integrated morphological algorithms 
with DL models for chromosome segmentation and 
classification. The system eliminated the need for 
manual mask annotation and achieved high accuracy 
and robustness in karyotyping analysis [116].  

The Ph chromosome, characterized by the 
t(9;22)(q34;q11) translocation, is one of the most 
common and extensively studied cytogenetic 
abnormalities in hematologic malignancies. The 
breakpoint cluster region-Abelson (BCR-ABL) 
oncogene is the result of Ph chromosome, and is 
responsible for chronic myeloid leukemia (CML) and 
a part of ALL. Pravalphruekul et al. developed a CNN-
based DL framework for Ph detection with a 
sensitivity of 0.99, a specificity of 0.59, and an accuracy 
of 79%, reducing the workload of medical technicians 
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and the detection time, while decreasing the 
diagnostic costs [117]. Similarly, Yan et al. developed 
a customized ResNet50 model to detect t(9;22) 
chromosome translocation in CML, and achieved an 
average accuracy of 97.5% [118]. Moreover, Wang et al. 
developed an end-to-end DL system for R-banded 
karyotype analysis from BM, which integrated 
denoising, segmentation, classification, and polarity-
recognition modules [119]. This system achieved 
93.33% and 99.06% accuracy in an automatic and a 
semiautomatic workflow respectively, demonstrating 

strong clinical potential for hematologic malignancy 
diagnosis [119]. Xia et al. developed ChromTR, a 
Deformable DETR-based framework that unified 
semantic feature and class-distribution learning to 
detect and classify 24 classes of chromosomes in raw 
metaphase images [120]. This model showed 95.00% 
precision on chromosome detection and over 98% 
precision on chromosome enumeration when 
combining semantic feature learning network (SFLN), 
semantic-aware Transformer (SAT) and category 
distribution reasoning module (CDRM) [120]. 

 
 

Table 3. Deep learning application in blood cell morphology. 

Year Cancer type Method Cohort Size  Objective Performance Ref. 

2021 Multiple 
hematological 
diseases 

ResNeXt-50 171374 images from 945 
patients 

To classify bone 
marrow cell 
morphologies 

Tolerant evaluation: Highest precision = 0.95; Highest 
recall = 0.91. 
Strict evaluation: Highest precision = 0.92; Highest recall 
= 0.91. 

[107] 

2025 Multiple 
hematological 
diseases 

DeepHeme based on 
CNN 

Training set: 30394 images 
from 40 patients 
Internal test set: 8507 
images from 10 patients 
External validation set 
(MSK-normal): 2694 images 
from 10 patients 
(morphologically normal) 
External validation set 
(MSK-mixed): 11076 images 
from 655 patients (with 
normal or diseased marrow) 

To classify bone 
marrow cell 
morphologies 

Internal test (UCSF set): Mean F1-score = 0.92. 
External validation (MSK-normal set): F1-score = 0.89. 
External validation (MSK-mixed set): F1-score = 0.84. 

[108] 

2024 Multiple myeloma 
and systemic light 
chain amyloidosis 

ShuffleNet, ResNet50, 
ResNet101, 
SqueezeNet, 
Inceptionv3, 
MobileNetv2 

—— To differentiate 
between multiple 
myeloma and systemic 
light chain 
amyloidosis 

ShuffleNet: Accuracy = 0.99; AUROC = 0.9949. ResNet50: 
Accuracy = 0.99; AUROC = 0.9936. 
ResNet101: Accuracy = 1.00; AUROC = 0.9962. 
SqueezeNet: Accuracy = 0.99; AUROC = 0.9949. 
Inceptionv3: Accuracy = 0.97; AUROC = 0.9720. 
MobileNetv2: Accuracy = 0.99; AUROC = 0.99. 

[109] 

2022 Acute myeloid 
leukemia 

Xception and 
ResNet50 

Training set: 8505 images 
Test set: 2127 images 

To distinguish 
between AML and 
healthy controls 

AUROC = 0.9699; AUPRC = 0.9691; Micro-average 
accuracy = 0.91. 

[110] 

2022 Acute myeloid 
leukemia 

LeuFeatx based on 
VGG16 

AML Morphological 
dataset: 18365 images 
PBS-HCB dataset: 17092 
images 
ALL_IDB2: 260 images 

To classify leukocyte 
subtypes 

AML Morphological dataset: (1) LeuFeatx+XGB: 
Precision = 0.577; Recall = 0.643; F1-score = 0.605; (2) 
LeuFeatx+RF: Precision = 0.572; Recall = 0.604; F1-score = 
0.585; (3) LeuFeatx+ETC: Precision = 0.580; Recall = 
0.582; F1-score = 0.575; (4) LeuFeatx+SVM: Precision = 
0.601; Recall = 0.591; F1-score = 0.592. 
PBS-HCB dataset: Accuracy (LeuFeatx+ETC) = 90.5%; 
Accuracy (LeuFeatx+RF) = 90.1%; Accuracy 
(LeuFeatx+XGB) = 92%; Accuracy (LeuFeatx+SVM) = 
91.62%. 
ALL_IDB2 dataset: Accuracy (LeuFeatx+ETC) = 96.15%; 
Accuracy (LeuFeatx+RF) = 95.76%; Accuracy 
(LeuFeatx+XGB) = 92.67%; Accuracy (LeuFeatx+SVM) = 
92.3%. 

[111] 

2025 Acute promyelocytic 
leukemia 

MDA-LeukoLens 
based on 
convolutional neural 
network 

Internal cohort: 22359 cells 
from 216 patients 
External cohort: 14375 cells 
from 101 patients 

To classify acute 
promyelocytic 
leukemia cells 

Internal cohort: Accuracy = 0.991; Sensitivity = 0.965. 
External cohort: Accuracy = 0.981; Sensitivity = 0.965. 

[112] 

2019 Myelodysplastic 
syndrome 

Convolutional neural 
network and 
XGBoost 

695030 images from 3261 
peripheral blood smears 

To distinguish MDS 
from aplastic anemia 

Sensitivity = 96.2%; Specificity = 100%; AUROC = 0.990. [113] 

2023 Acute myeloid 
leukemia 

SCEMILA based on 
ResNet34 

81214 single cell images 
from 189 patients 

To classify distinct 
genetic subtypes of 
AML 

F1-score (PML::RARA) = 0.86; F1-score (NPM1) = 0.75; 
F1-score (CBFB::MYH11) = 0.69; F1-score 
(RUNX1::RUNX1T1) = 0.75; F1-score (Control) = 1.0. 

[114] 

2021 Acute promyelocytic 
leukemia 

Convolutional neural 
network and 
multiple-instance 
learning 

106 patients To identify t(15;17) 
positive APL 

AUROC (Discovery cohort) = 0.890; AUROC (Validation 
cohort) = 0.743. 

[115] 
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The structural chromosome abnormalities 
(SCAs) contain deletions, duplications, inversions, and 
translocations, which are critical biomarkers used in 
the diagnosis, prognostic assessment, and 
identification of therapeutic targets for multiple cancer 
types. Bechar et al. developed multiple Siamese CNN-
based methods to automatically detect SCAs [121]. 
Among them, the Xception model achieved top 
performance without data augmentation and 
InceptionResNetV2 excelled with undersampling data 
augmentation and oversampling data augmentation 
in detecting del(5q), respectively [121]. Interestingly, 
these methods were also especially suitable for 
detection of inv(3) abnormality, which was also a 
prevalent chromosomal variation [121]. In 
hematopathology, recurrent structural cytogenetic 
abnormalities provide important prognostic indicators 
for risk stratification, but they are laborious to identify 
for expert cytogeneticists. However, Cox et al. 
leveraged a ResNet50-based CNN classifier to 

accurately identify these recurrent abnormalities in 
hematologic malignancies, achieving a mean weighted 
F1-score of 96.86 % on the validation set and 94.03% on 
the test set [122]. Furthermore, another study 
employed conditional GAN to generate realistic 
single-chromosome images with user-defined 
banding patterns, addressing the challenge of limited 
training datasets in cytogenetics owing to high 
annotation costs and the rarity of certain genetic 
disorders [123]. Taken together, DL models provided 
new intelligent methods for chromosome analysis. 
More detailed information was shown in Table 4. 

Collectively, these studies demonstrate that DL 
can automate multiple steps of chromosome analysis, 
ranging from chromosome segmentation and 
karyotyping to the detection of specific translocations 
and structural abnormalities. The ability to integrate 
image processing, chromosome classification, and 
abnormality detection may help improve the 
efficiency and standardization of cytogenetic analysis. 

 

Table 4. Deep learning application in chromosome analysis. 

Year Cancer Type Method Cohort Size  Objective Performance Ref. 
2024 —— KaryoXpert based on 

ResNet50 and Yolov7 
Ikaros dataset: 1500 
images 
Tseng dataset: 5000 
images 

To segment and classify 
chromosome 

Chromosome segmentation: 
 (1) Ikaros dataset: BBox AP@0.5 = 0.982; BBox mAP = 0.799; 
BBox mAR = 0.853; Seg AP@0.5 = 0.962; Seg mAP = 0.719; 
Seg mAR = 0.818. 
 (2) Tseng dataset: BBox AP@0.5 = 0.863; BBox mAP = 0.602; 
BBox mAR = 0.715 
Chromosome classification: Accuracy@1 = 0.9706; 
Accuracy@5 = 0.9963. 

[116] 

2020 Chronic myeloid 
leukemia 

Convolutional neural 
network 

2600 images To detect Ph chromosome Sensitivity = 0.99; Specificity = 0.59; Accuracy = 0.79. [117] 

2019 Chronic myeloid 
leukemia 

ResNet50 200 patients To detect t(9;22) 
chromosome translocation 

Average accuracy = 97.5%. [118] 

2024 Hematologic 
malignancies 

Convolutional neural 
network 

4442 images from 
1435 patients 

To analyze R-banded 
karyotypes of bone 
marrow metaphases 

Accuracy (automatic strategy) = 93.33%. 
Accuracy (semiautomatic strategy) = 99.06%. 

[119] 

2024 Hematologic 
malignancies 

ChromTR based on 
Deformable DETR 

R-band cohort: 1404 
images 
AutoKary2022: 595 
images 

To detect and classify 24 
types of chromosomes 

Chromosome detection: 
Precision = 95.00%; Recall = 87.39%; F1-score = 91.04%; AP50 
= 92.56%; mAP = 76.99%. 
Chromosome enumeration: 
(1) Collected R-band metaphase images: Precision = 98.53%; 
Recall = 90.16%; F1-score = 94.16%; AP50 = 95.63%; mAP = 
79.31%. 
(2) AutoKary2022 dataset: Precision = 98.14%; Recall = 
81.43%; F1-score = 89.01%; AP50 = 91.46%; mAP = 69.31%. 

[120] 

2023 Hematologic 
malignancies 

Convolutional neural 
network with Siamese 
architecture 

930 pairs of 
chromosomes 

To detect structural 
chromosomal 
abnormalities 

Xception (m=5) was the best model without data 
augmentation: Accuracy = 98.88%; Sensitivity = 98.56%; 
Specificity = 99.00%; F1-score = 97.50%. 
InceptionResNetV2 (m=1) was the best model with 
undersampling data augmentation: Accuracy = 97.88%; 
Sensitivity = 96.78%; Specificity = 98.16%; F1-score = 95.06%. 
InceptionResNetV2 (m=10) was the best model with 
oversampling data augmentation: Accuracy = 98.66%; 
Sensitivity = 97.58%; Specificity = 99.00%; F1-score = 97.01%. 

[121] 

2022 Hematologic 
malignancies 

ResNet50 276 patients To classify cytogenetic 
abnormalities 

Validation set: Mean weighted F1-score = 96.86%. 
Test set: Mean weighted F1-score = 94.03%. 

[122] 

2022 Leukemia Conditional GAN PKi-3 dataset: 612 
karyotypes 
Self-collected 
dataset: 445 
karyotypes 

To synthesize chromosome 
images 

Test (real): DICE = 0.815; MAENB = 0.109. 
Test (perlin): DICE = 0.710; MAENB = 0.162. 

[123] 
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Flow cytometric analysis 

FCM analysis can rapidly identify and 
characterize cancer cells based on their phenotypic 
markers, supporting cancer diagnosis, prognostic 
assessment, and monitoring of treatment response. 
The integration of DL with FCM has enabled 
automated cell classification and analysis of high 
dimensional cytometric data. Blampey et al. 
developed Scyan, a biology driven tool based on a 
deep generative model that uses expert prior 
knowledge of the antibody panel to automatically 
annotate cell types in cytometry data. Scyan achieved 
higher balanced accuracy and F1 scores than other 
evaluated models, with improvements of 
approximately 20 percentage points [124]. Researchers 
also developed a Transformer based neural network 
that directly identified blast cells and estimated 
minimal residual disease (MRD) from multiparameter 
FCM data, achieving a median F1 score of 
approximately 0.94 [125]. In addition, a DL model 
integrating ResNet 50 and EverFlow was trained on 
EuroFlow ALOT FCM data from 241 patients with 
leukemia and achieved accuracies of 94.6% for acute 
myeloid leukemia (AML) and 98.2% for B cell acute 
lymphoblastic leukemia (B-ALL) [126]. Zhao et al. 
converted multiparameter FCM data into multicolor 
two-dimensional images using self-organizing maps 
and subsequently classified healthy samples and 
seven mature B cell neoplasm subtypes using a CNN 
model. The model achieved a weighted F1 score of 0.94 
on 2,348 test samples, demonstrating the feasibility of 
image-based DL for the classification of B cell 
malignancies [127]. Vora et al. developed a DL based 
confocal backscatter and fluorescence flow cytometry 
(BSFC) model for detecting rare circulating tumor cell 
clusters (CTCCs). Using rat whole blood spiked with 
human breast cancer cells, the model achieved a purity 
of 72% for CTCC detection with a low false alarm rate 
[128]. Wei et al. developed BloodPatrol, a cloud 
computing and Internet of Things enabled dynamic 
monitoring system for blood cancer diagnosis. The 
model incorporated an intelligent feature weight 
fusion mechanism to integrate information from cell 
samples and features and achieved AUROCs of 0.980 
for B-ALL and 0.957 for chronic lymphocytic leukemia 
(CLL) [129]. 

With the increasing dimensionality and 
throughput of cytometric data, imaging flow 
cytometry (IFC) and digital holographic FCM have 
provided additional opportunities to capture cellular 
morphology and quantitative information. These 
imaging-based approaches also require computational 
methods, including ML and DL, to process large scale 
cell images and extract clinically relevant features. For 

example, Otesteanu et al. developed iCellCnn, a 
weakly supervised CNN for label free IFC based blood 
analysis, which diagnosed Sézary syndrome using 
bright field IFC images of T cells from human 
peripheral blood mononuclear cell samples, achieving 
100% accuracy across nine samples [130]. Hybel et al. 
developed a VGG16 based DL model to distinguish 
leukemic stem cells (LSCs) from healthy 
hematopoietic stem cells (HSCs) using bright field, 
side scatter, and DNA images, establishing an IFC 
based AI platform for label free LSC monitoring in 
AML. Combining bright field and DNA images 
achieved higher accuracy than bright field images 
alone (93.42% vs. 86.96%), whereas side scatter images 
provided limited additional discriminatory 
information [131]. In addition, digital holographic 
FCM combined with ML and DL classifiers has been 
used to distinguish cancerous from normal urine cells 
using high throughput, label free quantitative phase 
images. Among the evaluated models, MobileNetV2 
achieved a sensitivity of 94.1% and a specificity of 
92.3% [132]. In summary, DL models revolutionized 
traditional FCM analysis. More detailed information 
was shown in Table 5. 

Collectively, these studies demonstrate that DL 
can extend FCM analysis from automated cell 
annotation and classification to MRD assessment, 
disease subtype identification, and high dimensional 
cellular imaging analysis. The combination of 
conventional FCM with imaging-based technologies 
may further expand the range of cellular features 
available for computational diagnosis. 

Next-generation sequencing 

NGS technology, characterized by high 
throughput and precision, is widely used in genomics, 
epigenomics, as well as transcriptomics, providing 
new understandings into the molecular pathogenesis 
of cancer initiation and development [133]. DL models 
can rapidly extract key points from complex and 
redundant NGS data, thereby expediting decision 
making.  

Kaczmarek et al. developed a deep learning-
based cancer classifier to distinguish neoplastic from 
non-neoplastic tissues using miRNA expression 
profiles, achieving accuracies of 98.8% in breast cancer 
and 84.8% in skin cancer [134]. Borah et al. proposed a 
comprehensive approach that combined a hybrid 
feature selection (HFS) technique with a hybrid deep 
recurrent neural network model (DOMSCNet) to 
detect optimal features from multi-layer omics 
datasets and classify stomach cancer effectively [135]. 
In addition, this model was generalizable and could be 
applied to deal with multiple types of data without 
any major structural changes, demonstrating high 
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performance across all 4 multi-layer omics datasets 
(exon, mRNA, miRNA, and DNA methylation) [135]. 
Li et al. constructed the DISMIR model based on 
modified DanQ architectures to achieve non-invasive 
classification of HCC with high AUROC value using 
plasma cell-free DNA sequence and methylation 
signatures [136].  

Beyond cancer classification, DL has also been 
applied to improve the detection of low frequency 
variants in sequencing data. Conventional NGS 
analysis may fail to distinguish low frequency variants 
from background sequencing errors, particularly 
when the variant allele frequency is low. To address 
this limitation, Christensen et al. developed DREAMS 
(deep read level modeling of sequencing errors), a DL 
framework designed to estimate position specific 

sequencing error rates at the individual read level 
[137]. Based on this framework, DREAMS vc and 
DREAMS cc were further developed for sensitive 
circulating tumor DNA (ctDNA) variant calling and 
cancer status detection, respectively [137]. The frame-
work improved liquid biopsy sensitivity by modeling 
position specific sequencing errors and enabled the 
detection of ctDNA signals in preoperative plasma 
samples from 73% of stage II and 34% of stage I 
colorectal cancer (CRC) patients [137]. These findings 
highlight the potential of DL enhanced NGS analysis 
for detecting molecular signals at low abundance and 
supporting earlier non-invasive cancer detection. 
More representative studies and detailed performance 
data are summarized in Table 6 [138-148]. 

 

Table 5. Deep learning application in flow cytometric analysis. 

Year Cancer type Method Cohort Size  Objective Performance Ref. 
2023 —— Scyan based on 

normalizing flow with 
invertible transformation 
network 

AML cohort: 104184 
cells 
BMMC cohort: 61725 
cells 
POISED cohort: 4178320 
cells 

To annotate cell 
types 

The balanced accuracy and F1-score of Scyan were 20 
percentage points higher compared to other models. 

[124] 

2022 Acute 
lymphoblastic 
leukemia 

Transformer Vienna cohort: 519 
samples 
Berlin cohort: 72 
samples 
Buenos Aires cohort: 65 
samples 

To identify leukemia 
blast cells and 
calculate MRD value 

Median F1-score of about 0.94. [125] 

2024  Acute leukemia ResNet-50 and EverFlow 241 patients To screen acute 
leukemia and 
classify between 
physiological and 
pathological cells 

Normal: F1-score = 60.0%; Accuracy = 78.6%; Sensitivity 
= 69.2%; Specificity = 81.4%. AML: F1-score = 85.7%; 
Accuracy = 94.6%; Sensitivity = 90.0%; Specificity = 
95.7%. B-ALL: F1-score = 95.2%; Accuracy = 98.2%; 
Sensitivity = 90.9%; Specificity = 100.0%. Complex: F1-
score = 41.7%; Accuracy = 75.0%; Sensitivity = 35.7%; 
Specificity = 88.1%. Other disease: F1-score = 75.0%; 
Accuracy = 92.9%; Sensitivity = 75.0%; Specificity = 
95.8%. 

[126] 

2020 Mature B-cell 
neoplasm 

Self-organizing map and 
convolutional neural 
network 

Training set: 18274 
samples 
Test set: 2348 samples 

To classify B-cell 
neoplasm subtypes 

Weighted F1-score = 0.94; Average F1-score = 0.78. [127] 

2023 Metastatic cancer DeepPeak based on 
convolutional neural 
network 

—— To detect rare 
circulating tumor 
cell clusters 

Purity = 72%; Sensitivity = 35.3%; Specificity = 99.97%; 
F1-score = 0.474. 

[128] 

2024 Chronic 
lymphocytic 
leukemia and B-
cell acute 
lymphoblastic 
leukemia 

BloodPatrol based on 
Transformer 

B-ALL cohort: 178 
patients 
CLL cohort: 288 patients  

To diagnose CLL 
and B-ALL 

B-ALL: AUROC = 0.980; AUPRC = 0.963; Accuracy = 
0.942; Precision = 0.932; Recall = 0.866; F1-score = 0.891. 
CLL: AUROC = 0.957; AUPRC = 0.984; Accuracy = 0.885; 
Precision = 1.000; Recall = 0.837; F1-score = 0.911. 

[129] 

2021 Sézary syndrome iCellCnn based on 
convolutional autoencoder 
and random forest 

Over 100000 images 
from 9 individuals (5 SS 
patients and 4 healthy 
donors) 

To diagnose sézary 
syndrome 

Accuracy = 100%. [130] 

2024 Acute myeloid 
leukemia 

VGG-16 5 AML patients and 10 
healthy donors 

To differentiate 
between 
hematopoietic and 
leukemic stem cells 

BF: Accuracy = 86.96%; Precision = 88.39%; Recall = 
86.96%; F1-score = 86.54%. SSC: Accuracy = 61.96%; 
Precision = 62.00%; Recall = 61.96%; F1-score = 61.93%. 
DNA: Accuracy = 74.66%; Precision = 74.74%; Recall = 
74.66%; F1-score = 74.64%. SSC+DNA: Accuracy = 
79.37%; Precision = 79.37%; Recall = 79.37%; F1-score = 
79.36%. BF+SSC: Accuracy = 86.56%; Precision = 87.50%; 
Recall = 86.56%; F1-score = 86.48%. BF+DNA: Accuracy = 
93.42%; Precision = 93.50%; Recall = 93.42%; F1-score = 
93.42%. BF+SSC+DNA: Accuracy = 93.25%; Precision = 
93.26%; Recall = 93.25%; F1-score = 93.25%. 

[131] 

2024 Urothelial 
carcinoma 

Transfer learning with 
multiple architectures 

4823 cells in simulative 
dataset and 5349 cells in 
real dataset 

To identify cancer 
cells in urine 
samples 

The best model MobileNetv2 achieved sensitivity of 
94.1% and specificity of 92.3%. 

[132] 
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Table 6. Deep learning application in next-generation sequencing. 

Year Cancer type Method Cohort Size  Objective Performance Ref. 
2022 Breast cancer 

and skin cancer 
Deep cancer classifier 
(DCC) based on 
ensemble deep neural 
network 

Neoplastic tissue: 750 samples 
Non-neoplastic tissue: 281 samples 

To recognize 
neoplastic tissues 

Breast cancer: Accuracy = 98.8%; Sensitivity = 100%; 
Specificity = 94.8%; AUROC = 99.9%; PPV = 98.5%. 
Skin cancer: Accuracy = 84.8%; Sensitivity = 86.8%; 
Specificity = 83.4%; AUROC = 93.4%; PPV = 79.2%. 

[134] 

2025 Stomach cancer DOMSCNet based on 
hybrid deep recurrent 
neural network 

TCGA-STAD dataset: 450 exon 
expression samples, 388 mRNA 
expression samples, 477 miRNA 
expression samples, 138 DNA 
methylation samples 
External cohorts: 8 external 
datasets from NCBI GEO and 
TCGA-LIHC 

To classify stomach 
cancer 

TCGA-STAD dataset: AUROC (exon) = 0.988; AUROC 
(mRNA) = 0.986; AUROC (miRNA) = 0.990; AUROC 
(DNA methylation) = 0.971. 
TCGA-LIHC: AUROC (exon) = 0.994; AUROC 
(mRNA) = 0.987; AUROC (miRNA) = 0.988; AUROC 
(DNA methylation) = 0.993. 
NCBI-GEO: AUROC (gene) = 0.929; AUROC (miRNA) 
= 0.871; AUROC (CpG) = 0.914; AUROC (CpG-cervix) 
= 0.978. 

[135] 

2021 Hepatocellular 
carcinoma 

DISMIR based on 
modified DanQ 
architecture 

Cancer tissue data from 13 
individuals, and cfDNA data from 
64 individuals 

To predict the 
source of cfDNA 
and diagnose cancer 

AUROC (standard sequencing depth) = 0.9969; 
AUROC (low sequencing depth) = 0.9112. 

[136] 

2023 Colorectal 
cancer 

DREAMS based on 
multilayer perceptron 

85 patients To detect cancer 
mutations and 
determine cancer 
status 

This model can detect ctDNA signals in pre-operative 
plasma samples from stage II (73%) and stage I (34%) 
CRC patients. 

[137] 

2025 Pan-cancer MiMSI based on 
ResNet 

Training set: 741 samples 
Internal test set: 317 samples 
Prospective cohort: 5037 samples 
MSK-IMPACT cohort: 45112 
samples 

To detect 
microsatellite 
instability 

Internal test: Accuracy = 0.942; Sensitivity = 0.895; 
Specificity = 0.988; AUROC = 0.971. 
Prospective cohort: Overall sensitivity = 91.6%. 
Global MSK-IMPACT cohort: Overall concordance = 
96%. 

[138] 

2024 Breast cancer Deep neural network 66 paired samples To detect breast 
cancer 

This model achieved a mean classification accuracy of 
99.0%. 

[139] 

2024 Pan-cancer GENESO based on 
long short-term 
memory and 
symmetrical occlusion 
algorithm 

3524 samples To classify pan-
cancer 

Baseline model: Accuracy = 96.59%. 
SO-optimized model: Accuracy = 98.30%. 
Metastasized cancer classification: Accuracy = 88.89%. 

[140] 

2024 Colorectal 
cancer 

scPanel based on 
graph attention 
network, LR, SVM, RF 
and kNN 

63 patients (38 with iCMS2 subtype 
and 25 with iCMS3 subtype) 

To classify colorectal 
cancer subtypes 
with different 
prognosis 

Accuracy = 0.92; F1-score = 0.92; Sensitivity = 0.92; 
Specificity = 1.00; Precision = 0.93. 

[141] 

2024 Pan-cancer Graph convolutional 
network and graph 
attention network 

Pan-cancer dataset: 9027 samples 
BRCA dataset: 981 samples 

To classify cancer 
molecular subtypes 

GAT in pan-cancer dataset: Accuracy = 83.9%; F1-score 
= 0.84. 
GCN in pan-cancer dataset: Accuracy = 81.2%; F1-score 
= 0.81. 
GAT in BRCA dataset: Accuracy = 86.4%; F1-score = 
0.87. 
GCN in BRCA dataset: Accuracy = 83.8%; F1-score = 
0.84. 

[142] 

2024 Pan-cancer TabDEG based on 
TabNet architecture 

11000 samples of 10 tumor types To identify DEGs 
and predict 
upregulation or 
downregulation 

Average performance in 10 types of cancer: Accuracy = 
93.60%; Precision = 93.60%; Recall = 93.60%; F1-score = 
93.60%. 

[143] 

2023 Pan-cancer GENIUS based on 
convolutional neural 
network 

TCGA cohort: 2307 samples 
Independent cohort 1: 535 samples 
Independent cohort 2: 348 samples 

To predict 
metastatic cancer 

AUROC (square image data transformation) = 0.87. [144] 

2022 Pan-cancer scDEAL based on 
domain-adaptive 
neural network 

Data of 1280 cell lines, 1557 drugs 
and 15962 gene expression profiles 

To predict cancer 
drug responses 

F1-score = 0.892; AUROC = 0.898; AP = 0.944; Precision 
= 0.926; Recall = 0.899; AMI = 0.528; ARI = 0.608. 

[145] 

2022 Pan-cancer Bulk2Space based on 
β-VAE 

Large scale of public data from 
literature, GEO and TCGA 

To deconvolve bulk 
RNA-seq into 
spatially resolved 
single-cell 
transcriptomes 

Bulk2Space outperformed previous methods (RCTD, 
SpatialDWLS) in spatial deconvolution benchmarks. Its 
Pearson correlation coefficients were greater than 0.9 in 
spatial gene prediction, which was superior to 
generative models (GAN, cGAN).  

[146] 

2022 Gastric cancer DeepDTI based on 
deep neural network 

301 gastric cancer samples and 142 
healthy donor samples 

To predict the 
interaction between 
drugs and target 
proteins 

Validation set: Accuracy = 93.061%; AUROC = 0.983. 
Test set: Accuracy = 93.351%; AUROC = 0.982. 

[147] 

2021 Pan-cancer PathDeep based on 
deep neural network 

19131 samples (10964 cancer 
samples and 8167 normal samples) 

To distinguish 
between cancer 
tissues and normal 
tissues 

Accuracy = 0.994. [148] 

 
Collectively, DL has expanded the application of 

NGS from conventional molecular profiling to cancer 
classification, multi omics integration, and low 
frequency variant detection. These approaches may 
enhance the ability of NGS to identify clinically 

relevant molecular signals that are difficult to detect 
using conventional analytical methods. 

Fluorescence in situ hybridization 

FISH technology is widely used in cancer 
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diagnosis and molecular characterization, particularly 
for detecting gene amplification and chromosomal 
abnormalities [149]. However, FISH images can 
present challenges for automated analysis, including 
low contrast, indistinct cell boundaries, overlapping or 
clustered cells, and substantial variation in cell 
morphology and signal intensity. These factors can 
complicate cell identification, image segmentation, 
and signal detection. 

To address these challenges, Wang et al. 
developed a soft sampling cascade DL model based on 
ResNeXt50 together with a signal detection model to 
assist the assessment of human epidermal growth 
factor receptor 2 (HER2) amplification status using 
FISH and dual in situ hybridization (DISH) images. 
The model achieved high accuracy, recall, and F1 score 
and also showed good performance in gastric cancer 
samples [150]. Zakrzewski et al. developed a DL 
pipeline based on RetinaNet, ResNet50, and a feature 
pyramid network to detect HER2 gene amplification 
in FISH images from breast and gastric cancer tissues 
[151]. The two-stage approach localized and classified 
interphase nuclei and subsequently detected and 
quantified HER2 and CEN17 FISH signals, achieving 
an image-wide classification accuracy of 96.5% [151]. 
Höfener et al. developed a density-based DL method 
for automated FISH signal counting in HER2 
assessment, achieving a Pearson correlation coefficient 
of 0.907 and a balanced concordance of 0.971 [152]. 
Piscis is a fully automated DL algorithm for spot 
detection in single molecule RNA FISH images. The 
model incorporated a SmoothF1 loss function and 
achieved a mean F1 score of 0.895 without requiring 
manual parameter tuning [153]. Frankenstein et al. 
developed SHIMARIS PAFQ, an automated three-
dimensional FISH scoring algorithm for analyzing z 
stack images obtained using a confocal whole slide 
imaging scanner. The algorithm enabled automated 
detection, counting, and scoring of gene signals within 
cell nuclei and showed higher precision than manual 
analysis [154]. Detailed information could be found in 
Table 7. 

Collectively, these studies demonstrate that DL 
can automate key steps in FISH analysis, including 
nuclear detection, signal localization, signal counting, 
and assessment of gene amplification status. These 
approaches may improve the efficiency and 
consistency of FISH based molecular diagnostics while 
reducing the burden of manual signal evaluation. 

Deep learning application in multi-modal 
diagnosis 

Multimodal DL frameworks can integrate 
complementary information from different data 
modalities and may improve diagnostic performance 

compared with single modality approaches. Xu et al. 
developed a multimodal spectral information fusion 
(MSIF) network for distinguishing lung 
adenocarcinoma cells from normal tissues. The 
framework combined ResNet, Transformer, 1D CNN, 
and a cross-modal interaction fusion (CMIF) module 
for feature extraction and multimodal integration 
[155]. The model achieved accuracies above 95% 
across three test sets and showed consistent 
performance in comparative and ablation analyses 
[155]. For breast cancer diagnosis, Huang et al. 
developed a multimodal framework, AW3M, for 
analyzing four types of ultrasound images. The model 
used a modified ResNet 18 for feature extraction, 
incorporated self-supervised consistency signals to 
improve cross modality representation, and 
introduced a recovery block to address incomplete 
modalities [156]. In the internal validation cohort, 
AW3M achieved an accuracy of 92.63%, sensitivity of 
91.88%, specificity of 88.88%, precision of 90.11%, and 
F1 score of 90.97%. In the external validation cohort, 
the corresponding values were 79.26%, 62.59%, 
87.52%, 72.28%, and 66.52%, respectively [156].  

The integration of radiological, pathological, 
genomic, and clinical information provides 
opportunities to capture complementary biological 
and imaging features for more comprehensive cancer 
diagnosis. In liver cancer, Khan et al. developed a 
multimodal dilated CNN with residual connections to 
integrate CT and histopathological data, achieving an 
overall accuracy of 96.06% and an AUROC of 0.832 for 
distinguishing HCC and metastatic colorectal cancer 
[157]. To address incomplete modalities in liver tumor 
diagnosis, Guo et al. applied GAN-based approaches, 
including U-GAT-IT and MSA-GAN, to reconstruct 
missing B mode ultrasound or color Doppler flow 
imaging (CDFI) images [158]. After incorporating the 
reconstructed images into Model_D, which integrated 
flattened CDFI and B mode features with clinical data, 
the multimodal model maintained diagnostic 
performance despite the absence of certain imaging 
modalities [158]. In esophageal squamous cell 
carcinoma (ESCC), Wu et al. developed MMFusion, a 
conditional diffusion model that integrated CT, 
radiomics, and clinical data through graph attention 
networks. The model achieved an accuracy of 89.14% 
and a precision of 93.37% for lymph node metastasis 
diagnosis [159]. Wu et al. also developed a multimodal 
concept based interpretable model to distinguish 
uveal melanoma from hemangioma and metastatic 
carcinoma, achieving an F1 score of 91% and 
improving the diagnostic accuracy of less experienced 
clinicians by 42% [160]. Xing et al. proposed a two-
stage framework that combined low-rank multimodal 
fusion (M3LR) with knowledge distillation 
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(DSCD/GKM), achieving an accuracy of 78.43% and 
an AUROC of 93.28% for glioma grading and an 
accuracy of 76.56% and an AUROC of 90.31% for skin 
lesion classification [161]. Yang et al. developed 
GBCseeker, which integrated circulating cell free DNA 
signatures, radiomic features, and clinical information 
to noninvasively distinguish gallbladder cancer from 
benign gallbladder lesions. The model achieved 
accuracies of 93.33% and 87.76% in the internal and 
external cohorts, respectively [162]. Detailed 
information is provided in Table 8. 

Collectively, multimodal DL enables the 
integration of complementary imaging, molecular, 
pathological, and clinical information and may 
provide a more comprehensive representation of 
tumor biology than single modality models. The 
availability of external validation in several studies 
also provides preliminary evidence that multimodal 
approaches may retain diagnostic performance 
beyond the development cohorts. 

Clinical translation of deep learning in 
precision cancer therapy 

DL has increasingly been applied to precision 
cancer therapy by integrating multimodal clinical, 
molecular, and imaging data to support treatment 
selection and therapeutic decision-making. In this 
context, DL approaches have been explored across 
several stages of cancer treatment, including the 
identification of potential drug combinations, 
optimization of radiotherapy planning, prediction of 
treatment response, and discovery of novel 
therapeutic targets (Figure 3). These applications 
extend the role of DL beyond cancer diagnosis to 

treatment selection, response assessment, and 
optimization of therapeutic decision-making. 

Deep learning applications in selecting 
optimal drug combinations 

DL has been increasingly applied to predict 
synergistic drug combinations by integrating diverse 
molecular and pharmacological data (Table 9). 
Commonly used data modalities include genomic 
profiles, transcriptomic data, drug chemical 
structures, and pharmacological response scores. 
Chen et al. developed a deep belief network-based 
approach that integrated gene expression data, 
pathway information, and ontology fingerprints to 
predict drug synergy. The model achieved a precision 
of 71.5%, recall of 60.2%, and F1 score of 65.4%, 
showing better performance than the compared 
models [163]. Preuer et al. developed DeepSynergy, 
which integrated chemical information from drugs 
with genomic information from cancer cells to predict 
anticancer drug combination synergy. The model 
achieved an AUROC of 0.90, an AUPRC of 0.59, and 
an accuracy of 0.92, outperforming the evaluated 
machine learning based methods [164]. Wang et al. 
developed DeepDDS, which used graph convolutional 
networks (GCNs) and graph attention networks 
(GATs) to integrate drug molecular graphs with gene 
expression profiles across 12,415 drug cell line pairs 
[165]. DeepDDS showed high performance across 
multiple evaluation metrics in five-fold cross 
validation and retained predictive performance in 
leave one out and independent AstraZeneca tests 
[165]. 

 

Table 7. Deep learning application in fluorescence in situ hybridization. 

Year Cancer type Method Cohort Size Objective Performance Ref. 
2025 Breast cancer and 

stomach cancer 
Soft-sampling cascade 
deep learning based 
on ResNeXt50 

FISH breast cancer 
cohort: 200 images 
DISH breast cancer 
cohort: 210 images 
DISH stomach cancer 
cohort: 45 images 

To assess HER2 
amplification 

FISH breast cancer dataset: Accuracy = 98.74%; 
Precision = 99.50%; Recall = 95.32%; F1-score = 97.31%. 
DISH breast cancer dataset: Accuracy = 95.03%; 
Precision = 97.42%; Recall = 82.62%; F1-score = 88.98%. 
DISH stomach cancer dataset: Accuracy = 97.67%; 
Precision = 96.15%; Recall = 77.83%; F1-score = 85.82%. 

[150] 

2019 Breast cancer and 
gastric cancer 

RetinaNet based on 
ResNet50 and feature 
pyramid network 

Training set: 299 FISH 
images and 301 nuclei 
images 
Validation set: 57 FISH 
images 

To assess HER2 
amplification 

Agreement with pathologists: κ (nucleus detector) = 
0.648; κ = 0.675 (signal detector). 
Accuracy (image-wide classification) = 96.5%. 

[151] 

2019 Breast cancer  Density-based fully 
convolutional network 

36 samples To assess HER2 
amplification 

MNAE (CEN17) = 0.247; MNAE (ERBB2) = 0.184; 
MNAE (total) = 0.215; Cut-off concordance = 0.965; 
Pearson's r = 0.907; Balanced concordance = 0.971. 

[152] 

2025 Melanoma and lung 
adenocarcinoma 

Piscis based on feature 
pyramid network with 
an EfficientNetV2 
backbone 

Training set: 418 images 
Validation set: 89 images 
Testing set: 91 images 

To detect spots Mean F1 score = 0.895. [153] 

2021 Lymphoma and solid 
tumors 

SHIMARIS PAFQ 
based on template 
matching and 3D 
spatial analysis 

10 patients To automatically 
segment nuclei, detect 
and quantify gene 
signals, and score FISH 
signal patterns in 3D 

Positive/negative diagnoses agreed with manual 
scoring in all 10 cases; automated analysis time = 3.4 
min for the entire tumor area. 

[154] 
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Table 8. Deep learning application in multi-modal diagnosis. 

Year Cancer type Method Cohort Size  Objective Performance Ref. 
2025 Lung cancer ResNet and Transformer 

network for image feature 
extraction, 1D CNN for text 
feature extraction, and another 
CMIF module 

—— To diagnose 
lung cancer 

FTIR spectra: Precision = 95.83%; Recall = 95.83%; F1-score = 95.83%; 
Accuracy = 95.83%; AP = 98.38%; AUROC = 98.26%. 
UV-vis spectra: Precision = 98.00%; Recall = 97.92%; F1-score = 
97.96%; Accuracy = 97.92%; AP = 97.35%; AUROC = 97.40%. 
Fluorescence spectra: Precision = 100%; Recall = 100%; F1-score = 
100%; Accuracy = 100%; AP = 100%; AUROC = 100%. 

[155] 

2021 Breast 
cancer 

AW3M based on ResNet-18 
and GC blocks 

Dataset A: 835 patients 
Dataset B: 163 patients 

To diagnose 
breast cancer 

Dataset A: Accuracy = 92.63%, Sensitivity = 91.88%, Specificity = 
88.88%, Precision = 90.11%, F1-score = 90.97%. 
Dataset B: Accuracy = 79.26%, Sensitivity = 62.59%, Specificity = 
87.52%, Precision = 72.28%, F1 score = 66.52%. 

[156] 

2023 Liver cancer Multi-modal deep neural 
network based on modified 
AlexNet 

RUH cohort: 68 
patients 
Binary cohort: 180 
patients 

To diagnose 
liver cancer 

Overall performance: Accuracy = 96.06%; AUROC = 0.832. 
HCC Multiple: Precision = 0.9523; Sensitivity = 0.9424; Specificity = 
0.9856; F1-score = 0.9473. 
HCC Single: Precision = 0.9647; Sensitivity = 0.9678; Specificity = 
0.9783; F1 score = 0.9662. 
mCRC: Precision = 0.9623; Sensitivity = 0.9654; Specificity = 0.9761; 
F1 score = 0.9638. 

[157] 

2025 Liver cancer Feature extractor based on 
EfficientNetV2 and DenseNet, 
generative adversarial network 
based on U-GAT-IT and MSA-
GAN 

359 patients (115 
benign cases and 244 
malignant cases)  

To diagnose 
liver cancer 

Accuracy = 88.57%; Precision = 87.97%; Recall = 86.32%; F1 score = 
0.87; AUROC = 0.95. 
Modality supplement: Accuracy (CDFI) = 87.10%; AUROC (CDFI) = 
0.92; Accuracy (B-mode ultrasound) = 86.43%; AUROC (B-mode 
ultrasound) = 0.95. 

[158] 

2024 Esophageal 
squamous 
cell 
carcinoma 

MMFusion based on multi-
tissue masked relational, 
heterogeneous graph 
aggregation and conditional 
feature-guided diffusion 

1354 patients To predict 
lymph node 
metastasis 

Accuracy = 89.14%; Precision = 93.37%; Recall = 65.97%; F1-score = 
71.10%. 

[159] 

2025 Choroid 
neoplasia 

Multi-modal concept 
bottleneck model utilizing pre-
trained encoders and concept 
activation vectors 

CTI dataset: 750 
patients 
Internal independent 
set: 83 patients 
External test set: 43 
patients 

To 
distinguish 
between 
melanoma, 
hemangioma, 
and 
metastatic 
carcinoma 

F1-score (MM test set) = 91.0%; F1-score (internal independent set) = 
90.3%; F1-score (external test set) = 87.9%. 

[160] 

2023 Glioma and 
skin lesions 

Gradient-modulated 
contrastive distillation 
framework with low-rank 
multi-modal learning 

GBMLGG dataset: 736 
patients 
Skin lesion dataset: 
1011 patients 

To grade 
glioma and 
classify skin 
lesions 

Glioma: Accuracy = 78.43%; AP = 87.40%; AUROC = 93.28%; F1-
GradeIV = 94.6% 
Skin lesions: Accuracy = 76.56%; Sensitivity = 59.54%; Specificity = 
92.05%; AUROC = 90.31%. 

[161] 

2025 Gallbladder 
cancer 

nnU-Net segmentation and 
machine learning classification 

Training set: 142 
patients 
Internal test set: 61 
patients 
External validation set: 
98 patients 

To diagnose 
gallbladder 
cancer 

Internal test set: Accuracy = 93.33%; AUROC = 0.97; Sensitivity = 
92.68%; Specificity = 94.74%; PPV = 97.44%; NPV = 85.71%; F1-score 
= 0.95. 
External validation set: Accuracy = 87.76%; AUROC = 0.93; 
Sensitivity = 93.55%; Specificity = 77.78%; PPV = 87.88%; NPV = 
87.50%; F1-score = 0.91. 

[162] 

 
 
Other DL approaches have also been developed 

for pan cancer drug synergy prediction, including 
AuDNNsynergy, which integrates gene expression, 
gene mutation, and copy number alteration data from 
the Cancer Cell Line Encyclopedia (CCLE), Catalogue 
of Somatic Mutations in Cancer (COSMIC), and The 
Cancer Genome Atlas (TCGA); DTF, which 
incorporates Loewe synergy scores from previous 
studies; and HypergraphSynergy, which integrates 
molecular structures and genomic profiles from 
PubChem and COSMIC [166-168]. Collectively, these 
studies demonstrate that DL can integrate 
heterogeneous drug and molecular features to 
improve the prediction of potential synergistic drug 

combinations. 
Despite these advances, most current DL based 

drug synergy models are trained and evaluated using 
cell lines or previously generated drug response 
datasets, which may not fully reflect tumor 
heterogeneity or the pharmacological environment in 
patients. In addition, high predictive performance in 
computational benchmarks does not necessarily 
translate into clinically effective drug combinations. 
Prospective validation in patient derived models and 
clinical studies will therefore be important to 
determine whether DL predicted synergies can 
reliably inform treatment selection. 
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Figure 3. Deep learning applications in precision cancer therapy. The applications of DL in selecting optimal therapeutic agents and identifying new therapeutic targets. 

 

Table 9. Deep learning application in precision cancer therapy. 

Year Cancer type Method Cohort Size  Objective Performance Ref. 
2018 Pan-cancer Stacked restricted 

Boltzmann machine based 
on deep belief network 

4999 drug pairs tested on 
83 cell lines 

To predict drug 
synergy of drug 
combinations 

Precision = 71.5%; Recall = 60.2%; F1-score = 65.4%. [163] 

2018 Pan-cancer DeepSynergy based on 
feed forward neural 
network 

583 drug pairs tested on 
39 cell lines 

To predict drug 
synergy of drug 
combinations 

AUROC = 0.90; AUPRC = 0.59; Accuracy = 0.92; Balanced 
accuracy = 0.76; Precision = 0.56; Sensitivity = 0.57; 
Specificity = 0.95; Kappa = 0.51. 

[164] 

2022 Pan-cancer DeepDDS based on GNN 
and attention mechanism 

Benchmark set: 12415 
drug pair-cell line 
combinations 
Independent test set: 668 
drug pair-cell line 
combinations 

To predict drug 
synergy of drug 
combinations 

DeepDDS-GAT on 5-fold cross-validation: AUROC = 0.93; 
AUPRC = 0.93; Accuracy = 0.85; Balanced accuracy = 0.85; 
Precision = 0.85; Sensitivity = 0.85; Kappa = 0.71. 
DeepDDS-GCN on 5-fold cross-validation: AUROC = 0.93; 
AUPRC = 0.92; Accuracy = 0.85; Balanced accuracy = 0.85; 
Precision = 0.85; Sensitivity = 0.84; Kappa = 0.70. 
DeepDDS-GAT in independent test: AUROC = 0.66; 
AUPRC = 0.82; Accuracy = 0.64; Balanced accuracy = 0.62; 
Precision = 0.80; Sensitivity = 0.67; Kappa = 0.21. 
DeepDDS-GCN in independent test: AUROC = 0.67; 
AUPRC = 0.83; Accuracy = 0.60; Balanced accuracy = 0.63; 
Precision = 0.83; Sensitivity = 0.56; Kappa = 0.21. 

[165] 

2021 Pan-cancer AuDNNsynergy based on 
deep neural network 

583 drug pairs tested on 
39 cell lines 

To predict drug 
synergy of drug 
combinations 

AUROC = 0.91; AUPRC = 0.63; Accuracy = 0.93; Precision = 
0.72; Kappa = 0.51. 

[166] 

2020 Pan-cancer DTF based on fully 
connected deep neural 
network 

23062 drug pairs tested 
on 39 cell lines 

To predict drug 
synergy of drug 
combinations 

AUROC = 0.89; AUPRC = 0.58; Accuracy = 0.93; Balanced 
accuracy = 0.69; Precision = 0.69; Sensitivity = 0.40; Kappa = 
0.47. 

[167] 

2022 Pan-cancer HypergraphSynergy 
based on hypergraph 
neural network 

NCI-ALMANAC dataset: 
74139 samples 
O'Neil dataset: 18950 
samples 

To predict drug 
synergy of drug 
combinations 

AUROC (Random CV) = 0.8530; AUROC (Random CV for 
cell lines) = 0.7886; AUROC (Random CV for drug 
combinations) = 0.7798; AUROC (Independent test) = 
0.8642. 

[168] 

2019 Lung cancer Deep profiler based on 
3D-CNN encoder 

Internal study set: 849 
patients 
External validation set: 
95 patients 

To predict local failure 
risk following 
radiotherapy, and 
calculate personalized 
radiation dose 

C-index (Deep Profiler) = 0.711; C-index (Deep Profiler + 
Clinical variables) = 0.72; C-index (Deep Profiler in external 
validation set) = 0.77. 
Deep Profiler personalized radiotherapy doses (21.15-277.1 
Gy) to reduce local failure risk below 5%. 

[169] 
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Year Cancer type Method Cohort Size  Objective Performance Ref. 
2022 Cervical cancer Dueling double-deep Q 

network 
20 patients To optimize dwell 

times in high-dose-rate 
cervical brachytherapy 
treatment planning 

Maintain target coverage: D90 (Gy): from 7.96 Gy to 7.72 Gy; 
D100 (Gy): from 5.82 Gy to 5.62 Gy; V100% = from 93.91% to 
95.28%. 
Improve dose distribution: V150% = from 56.46% to 54.86%; 
V200% = from 33.05% to 30.16%; HI: from 0.398 to 0.421; CI: 
from 0.665 to 0.687. 
Reduce OAR doses: D2cc (Bladder): from 5.16 Gy to 4.92 Gy; 
D2cc (Rectum): from 3.46 Gy to 3.23 Gy; D2cc (Sigmoid): from 
3.93 Gy to 3.79 Gy. 

[170] 

2022 Cervical cancer 2-stage CNN based on 
ResNet 

90 patients To generate intensity-
modulated radiation 
therapy plans 

Average MAE (validation set) = 8.1%; Average MAE (test 
set) = 10.5%. 
Mean gamma passing rate (3%/3 mm criteria) = 99.5%; 
Mean gamma passing rate (2%/2 mm criteria) = 97.3%. 

[171] 

2025 Pelvic cancer Multiple instance learning 
with feature-level fusion 
and attention 

313 patients (Anal cancer: 
94 patients; Rectal cancer: 
74 patients; Endometrial 
cancer: 48 patients; 
Cervical cancer: 97 
patients) 

To predict late bowel 
toxicity after pelvic 
radiotherapy 

AUROC (Bowel urgency) = 0.88; AUROC (Fecal 
incontinence) = 0.78; AUROC (Diarrhea) = 0.68. 

[172] 

2025 Head and neck 
cancer 

3D Residual Network Training (UMCG): 941 
patients 
Independent test 
(UMCG): 171 patients 
External test (MDACC): 
338 patients 

To predict radiation-
associated dysphagia 

Independent test: AUROC (ResNet3D) = 0.80; AUROC 
(ResNet3D+1D(LR)) = 0.83; AUROC (ResNet3D+1D) = 0.84; 
AUROC (Reference) = 0.76. 
External test: AUROC (ResNet3D) = 0.73; AUROC 
(ResNet3D+1D(LR)) = 0.74; AUROC (ResNet3D+1D) = 0.73; 
AUROC (Reference) = 0.63. 

[173] 

2023 Hepatocellular 
cancer 

Conditional Wasserstein 
generative adversarial 
network 

146 patients, including 24 
patients receiving 
dynamic gadoxetic acid-
enhanced MRI (DGAE-
MRI) 

To predict liver 
functional changes and 
support NTCP 
modeling 

mean SSIM = 0.53, RMSE = 13.32, gamma pass rate = 0.867. [174] 

2024 NSCLC 3D U-Net with Monte 
Carlo Dropout 

422 patients  To generate 
uncertainty maps and 
propose 2 uncertainty 
indicators 

ECE = 8.54; UCE = 8.40 
MU: AUROC (Intermediate as low) = 0.876, AUROC 
(Intermediate as high) = 0.849 
RUV: AUROC (Intermediate as low) = 0.804, AUROC 
(Intermediate as high) = 0.719 
 

[177] 

2022 Prostate cancer 3D U-Net Training set: 37 patients 
Test set: 10 patients 
Validation set: 5 patients 

To predict robust 
proton therapy doses 

CTV, D98%: Mean (Non-robust) = 6488 cGy, Mean (Robust) = 
7386 cGy. 
CTV, D2%: Mean (Non-robust) = 8117 cGy, Mean (Robust) = 
7894 cGy. 
Bladder, D10%: Mean (Non-robust) = 3885 cGy, Mean 
(Robust) = 5481 cGy. 
Rectum, D10%: Mean (Non-robust) = 3338 cGy, Mean 
(Robust) = 5362 cGy. 
Ring 0-1 cm, Dmean: Mean (Non-robust) = 5742 cGy, Mean 
(Robust) = 6867 cGy. 
Ring 1-2 cm, Dmean: Mean (Non-robust) = 2297 cGy, Mean 
(Robust) = 3755 cGy. 

[178] 

2024 Head and neck 
cancer 

3D U-Net 5 patients (1 planning CT 
and 4-7 repeated CTs for 
every patient) 

To predict DIR 
uncertainty for robust 
ART optimization. 

CTV, V95%: Δnom = -0.45, ΔNWC = -0.8. 
Parotids D30%: Δnom = -6.12, ΔNWC = -7.84. 
Thyroid D30%: Δnom = -0.62, ΔNWC = -0.91. 
Brainstem Dmax: Δnom = -3.58, ΔNWC = -4.7. 
Optic nerves Dmax: Δnom = -1.93, ΔNWC = -2.35. 
Integral dose: Δnom = 0.79 GyL 

[179] 

2021 Low-grade 
glioma, kidney 
cancer, and 
breast invasive 
carcinoma 

MOGONET based on 
graph convolutional 
network and view 
correlation discovery 
network 

ROSMAP dataset: 351 
samples 
LGG dataset: 510 samples 
KIPAN dataset: 658 
samples 
BRCA dataset: 875 
samples 

To classify cancer 
subtypes and identify 
related biomarkers 

Classification results on ROSMAP dataset: Accuracy = 
0.815; F1-score = 0.821; AUROC = 0.874. 
Classification results on LGG dataset: Accuracy = 0.816; F1-
score = 0.814; AUROC = 0.840. 
Classification results on BRCA dataset: Accuracy = 0.829; 
F1_weighted = 0.825; F1_macro = 0.774. 
Classification results on KIPAN dataset: Accuracy = 0.999; 
F1_weighted = 0.999; F1_macro = 0.999. 
MOGONET identified multiple important biomarkers 
related to cancers (detailed in the original article). 

[184] 

2020 Breast cancer Multilayer perceptron 
method 

140 positive proteins and 
233 negative proteins 

To discover cancer-
related proteins 

AUROC = 0.980; Accuracy = 0.936. 
This model identified multiple breast cancer-related 
proteins, including RPS27, SUPT4H1, S100A9, DDA1, TXN, 
RPS27L and others. 

[185] 

2022 Breast cancer A custom sequential deep 
neural network based on 
TensorFlow 

1188 samples To diagnose breast 
cancer and predict 
cancer-related 
biomarkers 

Prediction using 450K methylation markers: Accuracy = 
98.75%. 
This workflow identified 7 biomarkers including RTN4IP1, 
MYO18B, ANP32A, BRF1, SETBP1, NTRK1 and IGF2R. 

[186] 

2021 Pan-cancer DeepCues based on CNN 4174 samples To classify cancer 
types and recognize 
related genes 

CNN trained by 985 transcripts: Accuracy (germline raw 
sequence) = 73.9%; Accuracy (cancer raw sequence) = 77.6%. 
CNN trained by 1970 transcripts: Accuracy (germline raw 
sequence) = 82.7%; Accuracy (cancer raw sequence) = 80.0%. 
DeepCues identified multiple important breast cancer-
related genes, 40% of which were consistent with previous 
reports and the other 60% were unreported. 

[187] 
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Deep learning applications in guiding 
radiotherapy planning 

Radiotherapy is a cornerstone of modern 
oncology, using high energy ionizing radiation to 
control or eradicate malignant cells. The integration of 
DL into radiotherapy workflows has enabled 
automated and data driven approaches to target 
delineation, treatment planning, dose optimization, 
and normal tissue complication probability (NTCP) 
prediction. For example, Lou et al. developed Deep 
Profiler, a multitask deep neural network with a 3D 
CNN encoder, to analyze pretreatment lung CT 
images and identify radiation sensitive tumor 
subpopulations [169]. Patients with higher Deep 
Profiler scores had a higher rate of radiation treatment 
failure, and the score independently predicted local 
failure (HR = 1.65, 95% CI = 1.02–2.66, p = 0.04) [169]. 
Pu et al. developed an intelligent treatment planner 
network (ITPN) based on a dueling double deep Q 
network (DDQN) to optimize dwell times in high dose 
rate cervical brachytherapy [170]. Compared with 
inverse planning simulated annealing (IPSA), the 
model reduced doses to organs at risk, including 
bladder D2cc from 5.16 to 4.92 Gy, rectum D2cc from 
3.46 to 3.23 Gy, and sigmoid D2cc from 3.93 to 3.79 Gy, 
while also improving V150, V200, homogeneity, and 
conformity indices [170]. Yuan et al. developed a two 
stage CNN based approach that directly generated 
deliverable intensity modulated radiation therapy 
(IMRT) plans from patient CT anatomy [171]. The 
model predicted beam specific fluence maps from 
target and organ contours, thereby bypassing the 
conventional inverse optimization process. Patient 
specific IMRT quality assurance showed gamma 
passing rates of 99.5% under the 3%/3 mm criterion 
and 97.3% under the 2%/2 mm criterion [171]. 

DL has also been investigated for predicting 
radiation induced toxicity and NTCP to support risk 
adapted radiotherapy. Unlike conventional models 
based mainly on dose volume parameters, DL can 
integrate dose distributions with imaging and clinical 
features. Elhaminia et al. developed a multiple 
instance learning model with feature level fusion and 
attention to predict bowel urgency, fecal incontinence, 
and diarrhea after pelvic radiotherapy using CT 
images, dose distributions, and clinical data. The 
model achieved AUROCs of 0.88, 0.78, and 0.68, 
respectively [172]. Vette et al. developed a DL based 
NTCP model integrating 3D dose distributions, CT 
images, and organ at risk segmentations to predict late 
dysphagia after head and neck radiotherapy. The 
model outperformed a conventional NTCP model in 
both the independent test set (AUROC 0.80-0.84 vs. 
0.76) and the external validation cohort (0.73-0.74 vs. 

0.63) [173]. Wei et al. developed a conditional 
Wasserstein generative adversarial network (cWGAN) 
to predict post stereotactic body radiation therapy 
(SBRT) liver function changes and toxicity in HCC 
using pretreatment functional MRI maps and 
radiation dose distributions [174]. The model 
generated post treatment functional maps with a mean 
SSIM of 0.53, RMSE of 13.32, and gamma pass rate of 
0.867 [174]. These studies suggest that DL based 
toxicity modeling may help incorporate patient 
specific risk information into radiotherapy planning. 

Another important challenge in radiotherapy is 
uncertainty. DL based treatment planning and 
segmentation can be affected by both aleatoric 
uncertainty, arising from inherent variability or noise 
in the data, and epistemic uncertainty, arising from 
limitations in the model or insufficient representation 
of the training data [175, 176]. Unrecognized 
uncertainty may affect target delineation, treatment 
planning, and subsequent dose delivery. Maruccio et 
al. developed a probabilistic 3D DL system using 
Monte Carlo dropout to generate uncertainty maps for 
lung cancer gross tumor volume (GTV) segmentation 
on CT images [177]. The model identified regions 
requiring further review and introduced mean 
uncertainty (MU) and relative uncertainty volume 
(RUV) as quantitative metrics. Both metrics showed 
moderate agreement with expert radiation oncologist 
assessments (MU: r = 0.68, AUROC = 0.849-0.876; 
RUV: r = 0.49, AUROC = 0.719-0.804) [177]. Such 
uncertainty maps may help prioritize manual review 
of regions with ambiguous tumor boundaries or 
imaging artifacts. Beyond uncertainty estimation, 
robust planning strategies have also been developed to 
reduce the influence of uncertainty. Eriksson et al. 
combined scenario specific dose prediction with DVH 
constrained robust optimization to improve resistance 
to aleatoric uncertainty in prostate proton therapy 
planning, increasing CTV D98% coverage from 6488 to 
7386 cGy while maintaining normal tissue constraints 
[178]. Smolders et al. incorporated a DL based 
deformable image registration uncertainty model to 
generate multiple contour samples and voxel wise 
marginal probability maps, improving target coverage 
and normal tissue sparing compared with 
conventional margin-based approaches [179]. 
Collectively, DL has been applied across multiple 
stages of radiotherapy, from tumor characterization 
and treatment plan generation to toxicity prediction 
and uncertainty management. These approaches may 
improve treatment personalization and reduce the 
computational and manual burden associated with 
conventional planning workflows. 

However, the clinical evidence remains less 
mature than the technical development. Most studies 
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are retrospective, and improvements in dosimetric or 
predictive metrics do not necessarily translate into 
better patient outcomes. Importantly, prospective 
studies have begun to demonstrate the feasibility of 
DL assisted radiotherapy workflows. Mikalsen et al. 
reported that a DL based segmentation model 
generated clinically acceptable organ at risk contours 
for thoracic and breast radiotherapy, with 
approximately 93% of contours requiring no 
correction, although most clinical target volumes still 
required manual adjustment [180]. Similar prospective 
studies in prostate radiotherapy have reported 
reductions in contouring time and workload [181, 182]. 
Thus, current clinical evidence primarily supports 
workflow efficiency and contouring assistance, 
whereas effects on treatment response, recurrence, 
survival, and other long term clinical outcomes remain 
insufficiently established. 

Deep learning applications in identifying new 
therapeutic targets 

The identification of actionable therapeutic 
targets remains a major challenge in drug 
development, as only a limited proportion of 
molecular targets have been successfully translated 
into effective therapies. According to the 2024 update 
of the Therapeutic Target Database (TTD), 426 
therapeutic targets were classified as successful 
targets, while 1,014 were associated with clinical trials 
and 212 were categorized as preclinical or patented 
targets [183]. As the volume and complexity of cancer 
genomic and molecular data continue to increase, DL 
provides an opportunity to systematically identify 
candidate therapeutic targets by integrating 
heterogeneous molecular features (Table 9). Most DL 
approaches in this field leverage multi-omics profiles, 
including genomics, epigenomics, transcriptomics, 
and proteomics, to identify cancer associated genes, 
proteins, and molecular signatures. 

Wang et al. developed MOGONET, a multimodal 
framework that used graph convolutional networks 
(GCNs) to capture omics specific sample relationships 
and a view correlation discovery network (VCDN) to 
model cross omics correlations in the label space [184]. 
MOGONET enabled joint analysis of multiple omics 
layers and identified molecular signatures associated 
with breast cancer, including genes such as SOX11, 
FABP7, and SLC6A15, DNA methylation markers 
such as GPR37L1, MIR563, and OR1J4, and miRNAs 
including hsa-miR-205, hsa-miR-187, and hsa-miR-452 
[184]. López Cortés et al. developed a multilayer 
perceptron model using protein sequence descriptors 
to predict breast cancer associated proteins. The model 
achieved an AUROC of 0.980 ± 0.0037 and an accuracy 
of 0.936 ± 0.0056 in three-fold cross validation and 

identified candidate proteins associated with 
immunotherapy, metastasis, and RNA binding [185]. 
Gomes et al. combined a sequential deep neural 
network with ANOVA and random forest-based 
feature selection to identify breast cancer related 
biomarkers from TCGA BRCA 450K DNA 
methylation data. The model achieved an accuracy of 
98.75% and identified several methylation sites 
associated with poor prognosis [186]. Zeng et al. 
developed DeepCues, a CNN based framework that 
directly extracted features from raw tumor DNA 
sequencing data to classify cancer types and identify 
cancer relevant genes [187]. The model classified seven 
major cancer types with an overall accuracy of 77.6% 
and identified both known cancer driver genes and 
previously uncharacterized genes potentially relevant 
to breast cancer [187]. 

Collectively, these studies demonstrate that DL 
can integrate high dimensional multi-omics and 
sequencing data to prioritize cancer associated 
molecular features and candidate therapeutic targets. 
By linking different molecular layers, DL may provide 
a more systematic strategy for target discovery than 
approaches based on individual omics datasets. 

However, computational identification of 
candidate targets represents an early stage of 
therapeutic development and does not establish target 
validity or therapeutic efficacy. Many reported 
candidates remain supported primarily by 
computational associations or retrospective molecular 
data, and their biological functions and druggability 
require experimental validation. Future studies 
should therefore integrate DL based target 
prioritization with functional experiments, patient 
derived models, and ultimately prospective clinical 
studies to determine whether computationally 
identified targets can be translated into effective 
therapeutic interventions. 

Clinical translation of deep learning in 
cancer prognosis and disease 
management 

DL models have been increasingly applied to 
cancer prognosis and disease management by 
integrating clinical, imaging, and molecular 
information. These approaches have been investigated 
across several clinically relevant tasks, including 
monitoring disease progression, predicting treatment 
response and survival, and identifying genetic 
alterations and oncogenic molecular features (Figure 
4). Together, these applications aim to provide 
individualized risk assessment and support clinical 
decision making throughout the cancer care pathway. 
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Deep learning applications in monitoring 
cancer progression 

Monitoring cancer progression is critical for 
timely modifying treatment protocols. Currently, DL-
assisted methods have been widely used in this field 
(Table 10). For example, vessels encapsulating tumor 
cluster (VETC) is a distinct vascular pattern, which 
significantly correlates with early metastasis in HCC. 
DL approaches leveraging ultrasound, radiological, 
and pathological images have been developed for 
VETC identification in recent studies [188, 189]. Xu et 
al. developed a ResNet18 model to predict VETC 
status in HCC using contrast enhanced ultrasound 
(CEUS), achieving AUROCs of 0.92 and 0.90 in the 
training and test cohorts, respectively [188]. The 
predicted VETC signature was independently 
associated with postoperative early recurrence (HR = 
1.99, p = 0.002), and the integration of the DL signature 
with clinical features increased the C index from 0.70 
to 0.73 [188]. Yu et al. compared four DL architectures, 
including ResNet50, DenseNet121, Vision 
Transformer, and Swin Transformer, for VETC 
prediction using contrast enhanced MRI and 
pathological images [189]. The Swin Transformer 
achieved AUROCs of 0.77-0.79 based on radiomics 
and 0.79 based on pathomics in the external test set. 
They further developed a radiopathomics nomogram 
for predicting early recurrence and progression free 
survival (PFS) [189]. In invasive breast cancer, Liu et 
al. evaluated DL and radiomics approaches for 
preoperative prediction of lymphovascular invasion 
(LVI) [190]. A DL model based on gross tumor volume 
plus peritumoral volume (GPTV) outperformed the 
corresponding gross tumor volume (GTV) based 

model (AUROC 0.771 vs. 0.720), while GPTV based 
radiomics also showed better performance than GTV 
based radiomics (AUROC 0.685 vs. 0.636). A hybrid 
model integrating the optimal GPTV based DL model, 
radiomics, and imaging features achieved an AUROC 
of 0.872 for preoperative LVI assessment [190]. 

Beyond anatomical imaging features, DL has also 
been used to infer molecular characteristics that are 
relevant to tumor progression, treatment response, 
and risk stratification from routine histopathological 
images. Bergstrom et al. developed DeepHRD, a 
ResNet18 based model for predicting homologous 
recombination deficiency (HRD) directly from 
digitized H&E slides. In breast cancer, the model 
achieved an AUROC of 0.81 in both flash frozen and 
formalin fixed paraffin embedded samples, whereas 
performance was lower in ovarian cancer (AUROC = 
0.54) [191]. Importantly, HRD predicted status was 
also associated with complete response and survival 
outcomes following platinum-based therapy [191]. 
Gamble et al. developed an Inception based model to 
predict estrogen receptor (ER), progesterone receptor 
(PR), and HER2 status from H&E images of breast 
cancer. At the patch level, the model achieved 
AUROCs of 0.939, 0.938, and 0.808, respectively, 
whereas slide level AUROCs were 0.86, 0.75, and 0.60 
[192]. In gastric cancer, Epstein Barr virus (EBV) 
infection is associated with distinct molecular and 
immune characteristics and may have prognostic 
implications [193]. Zhang et al. developed a ResNet18 
based model to predict EBV infection from routine 
H&E slides by learning spatial immune architecture 
features. The model achieved AUROCs above 0.80 and 
may provide a rapid complementary approach to 
conventional molecular testing [193]. 

 

 
Figure 4. Deep learning applications in cancer risk prediction. The applications of DL in cancer early identification, treatment response prediction, survival prediction, 
gene mutation or oncogene expression prediction. 
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Table 10. Deep learning applications in monitoring cancer progression. 

Year Cancer type Method Cohort Size  Objective Performance Ref. 
2025 Hepatocellular 

carcinoma 
ResNet-18 242 patients To predict vessels 

encapsulating 
tumor clusters and 
postoperative early 
recurrence risks 

Predict VETCs: (1) Training set: AUROC = 0.92; Accuracy = 0.85; 
Sensitivity = 0.75; Specificity = 0.92; PPV = 0.87; NPV = 0.84; (2) Test 
set: AUROC = 0.90; Accuracy = 0.81; Sensitivity = 0.81; Specificity = 
0.81; PPV = 0.68; NPV = 0.89. 
Predict early recurrence: (1) DL signature: C-index = 0.70; HR 
(Multivariate Cox regression) = 1.99; (2) DL signature + Clinical data: 
C-index = 0.73. 

[188] 

2025 Hepatocellular 
carcinoma 

CNN and 
Transformer 

578 patients To predict vessels 
encapsulating 
tumor clusters and 
prognosis 

Swin Transformer exhibited the best performance: 
Radiomics model (Swin Transformer): (1) Internal test: AUROC (AP) 
= 0.82; AUROC (PP) = 0.81; AUROC(HBP) = 0.77; AUROC (CP) = 
0.80; (2) External test: AUROC (AP) = 0.78; AUROC (PP) = 0.77; 
AUROC (HBP) = 0.79; AUROC (CP) = 0.79. 
Pathomics model (Swin Transformer): (1) Internal test: AUROC = 
0.760; Accuracy = 68.4%; Sensitivity = 64.1%; Specificity = 72.8%; (2) 
External test: AUROC = 0.790; Accuracy = 71.9%; Sensitivity = 70.9%; 
Specificity = 72.9%. 
Radiopathomics nomogram model for survival: (1) Early recurrence: 
C-index (internal) = 0.60; C-index (external) = 0.67; (2) PFS: C-index 
(internal) = 0.63; C-index (external) = 0.65. 

[189] 

2024 Breast cancer ResMM-Net Training set: 183 patients 
Validation set: 79 patients 

To predict 
lymphovascular 
invasion 

AUROC (GTV_Radiomics) = 0.636; AUROC (GPTV_Radiomics) = 
0.685; AUROC (GTV_DL) = 0.720; AUROC (GPTV_DL) = 0.771; 
AUROC (Hybrid model) = 0.872. 

[190] 

2024 Breast cancer 
and ovarian 
cancer 

DeepHRD 
based on 
ResNet18 

Training set: 649 FFPE 
samples, 594 FF samples 
Held-out test set: 406 FFPE 
samples, 414 FF samples 
CPTAC set: 116 FF samples 
METABRIC set: 156 FF 
samples 
Metastatic breast cancer set: 
77 FFPE samples 
Held-out ovarian cancer set: 
117 samples 

To predict 
homologous 
recombination 
deficiency 

FFPE slides: AUROC (Held-out TCGA breast cancer) = 0.81; AUROC 
(MBC Platinum CR cohort) = 0.76; AUROC (MBC Taxane CR cohort) 
= 0.39. 
FF slides: AUROC (Held-out TCGA breast cancer) = 0.81; AUROC 
(CPTAC cohort) = 0.75; AUROC (METABRIC cohort) = 0.76; AUROC 
(Held-out TCGA ovarian cancer) = 0.54. 

[191] 

2021 Breast cancer DLS based on 
Inception-V3 

Hospital cohort: 4156 slides 
Laboratory cohort: 291 
slides 
TCGA cohort: 961 slides 

To predict ER, PR 
and HER2 status 

Patch-level evaluation: AUROC (ER) = 0.939; AUROC (PR) = 0.938, 
AUROC (HER2) = 0.808. 
Slide-level evaluation: AUROC (ER) = 0.86; AUROC (PR) = 0.75, 
AUROC (HER2) = 0.60. 
Slide-level subanalysis (Hospital cohort): AUROC (ER) = 0.87; 
AUROC (PR) = 0.76; AUROC (HER2) = 0.59. 
Slide-level subanalysis (TCGA): AUROC (ER) = 0.83; AUROC (PR) = 
0.72; AUROC (HER2) = 0.58. 

[192] 

2021 Gastric cancer  ResNet18 400 slides from 375 patients To predict EBV 
infection 

AUROC (tEBV scores) = 0.85; AUROC (nEBV scores) = 0.81. [193] 

 
 
 
Collectively, these studies demonstrate that DL 

can extract progression related imaging and 
pathological features and infer clinically relevant 
molecular phenotypes from routinely acquired data. 
Such approaches may facilitate risk stratification and 
treatment planning without requiring additional 
invasive sampling. 

However, most current approaches infer 
progression related biomarkers or recurrence risk 
rather than directly monitoring longitudinal changes 
in individual patients. In addition, performance can 
vary substantially across cancer types and external 
cohorts, as illustrated by the difference in DeepHRD 
performance between breast and ovarian cancer. 
Future studies should therefore incorporate 
longitudinal imaging and molecular data and evaluate 

whether DL based monitoring can improve treatment 
adaptation and patient outcomes in prospective 
clinical settings. 

Deep learning applications in predicting 
treatment response 

Given the substantial heterogeneity of tumors 
and therapeutic responses, accurate prediction of 
treatment response is an important component of 
individualized cancer care. DL has been increasingly 
applied to predict responses to neoadjuvant 
chemotherapy (NAC), platinum-based therapy, and 
immunotherapy by integrating imaging, pathological, 
molecular, and clinical data (Table 11). 
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Table 11. Deep learning application in predicting treatment response. 

Year Cancer type Method Cohort Size  Objective Performance Ref. 
2019 Breast cancer CNN based on 

VGG-16 
141 patients To predict responses 

following neoadjuvant 
chemotherapy (NAC) 

Overall accuracy = 88%. 
Complete response: Specificity = 95.1%; Sensitivity = 73.9%; 
Accuracy = 87.7%. 
Partial response: Specificity = 91.6%; Sensitivity = 82.4%; 
Accuracy = 87.7%. 
No response or progression: Specificity = 93.4%; Sensitivity = 
76.8%; Accuracy = 87.8%. 

[194] 

2020 Breast cancer Multipath deep 
convolutional 
neural network 

302 patients To predict pathological 
complete response 
following neoadjuvant 
chemotherapy 

AUROC (Pre-NAC) = 0.553; AUROC (Post-NAC) = 0.968; 
AUROC (Combined) = 0.970. 

[195] 

2024 Breast cancer FAIS-DL based 
on U-Net and 
ResNet50 

Training and validation set: 
506 patients 
Internal test set: 127 
patients 
External test set: 414 
patients 
Prospective test set: 98 
patients 

To predict axillary 
pathological complete 
response following 
NAC 

AUROC (Internal test set) = 0.95; AUROC (External test set) = 
0.93; AUROC (Prospective test set) = 0.94. 

[196] 

2024 High-grade 
serous ovarian 
cancer 

PathoRiCH based 
on UNet++ and 
ResNet 

SEV cohort: 394 patients 
TCGA cohort: 284 patients 
SMC cohort: 136 patients 

To predict responses to 
platinum-based 
treatment and 
prognosis 

Treatment response prediction results: AUROC (SEV cohort) = 
0.596; AUROC (TCGA cohort) = 0.602; AUROC (SMC cohort) 
= 0.593. 
Prognosis prediction results: p (PFI, SEV cohort) < 0.001; p 
(PFI, TCGA cohort) = 0.032; p (PFI, SMC cohort) = 0.030; p(OS, 
SEV cohort) < 0.001; p (OS, TCGA cohort) < 0.001; p (OS, SMC 
cohort) = 0.54. 
Cox regression results: HR (Univariate analysis in TCGA 
cohort) = 2.447; HR (Multivariate analysis in TCGA cohort) = 
2.050; HR (Univariate analysis in SMC cohort) = 1.885; HR 
(Multivariate analysis in SMC cohort) = 1.823. 

[197] 

2023 Gastric cancer BgDL based on 
ResNet18 

2799 patients from 5 centers To classify tumor 
microenvironment and 
predict anti-PD-1 
immunotherapy 
responses 

TME classification: Accuracy (training cohort) = 0.810; 
Accuracy (validation cohort 1) = 0.832; Accuracy (validation 
cohort 2) = 0.840. 
Anti-PD-1 immunotherapy response prediction: AUROC 
(CPS) = 0.646; AUROC (TME) = 0.753; AUROC (TME+CPS) = 
0.806. 

[199] 

2023 Colorectal 
cancer 

MSDLM based 
on ResNet18 

Prognostic cohort 
(Training/Cross 
validation): 652 patients 
Prognostic cohort (External 
test): 339 patients 
Neoadjuvant cohort 
(Training/Cross 
validation): 117 patients 

To predict responses 
following NAC and 
relapse risks 

MSDLM predicts RFS status in cross validation: Accuracy = 
79.6%; AUPRC = 0.902; AUROC = 0.896; F1-score = 0.819. 
MSDLM predicts RFS status in external test: Kaplan-Meier p 
(AISlow vs. AISim vs. AIShigh) ≤ 0.0001; HR (AISlow vs. AIShigh) = 
6.24; HR (AIS in univariate Cox regression) = 0.36; HR (AIS in 
multivariate Cox regression) = 0.50. 
MSDLM predicts treatment responses: Accuracy = 73.5%; True 
predictive value (Non-response) = 78.1%; True predictive 
value (Response) = 67.9%. 

[200] 

2020  Lung 
adenocarcinoma 

3D convolutional 
neural network 

Training set: 93 patients 
External validation set 
(SNUH): 43 patients 
External validation set 
(TCGA): 16 patients 
ICB cohort: 29 patients 

To evaluate cytolytic 
activity scores for 
predicting 
immunotherapy 
responses 

The patients with higher CytAct values presented greater 
tumor shrinkage (Spearman rho = -0.54, p < 0.001) and lower 
risk of progression (PFS: Hazard ratio 0.25, p = 0.001; OS: 
Hazard ratio 0.18, p = 0.004). 

[201] 

2023 Gastric cancer HR-Rad-Net 
based on HR-Net 
architecture 
incorporating 
squeeze-and-
excitation 
module 

Training cohort: 398 
patients 
Internal validation cohort 1: 
196 patients 
Internal validation cohort 2: 
602 patients 
External validation cohort 
1: 101 patients 
External validation cohort 
2: 1068 patients 
Immunotherapy cohort: 321 
patients 

To predict tumor 
microenvironment 
status and predict 
chemotherapy benefits 
and immunotherapy 
responses 

Predict TME status: AUROC (training set) = 0.937; AUROC 
(internal validation set 1) = 0.912; AUROC (external validation 
set 1) = 0.909. 
Predict adjuvant chemotherapy benefits: Adjuvant 
chemotherapy was associated with improved prognosis in 
stage II and III patients of high-DLRS group; Adjuvant 
chemotherapy was not associated with improved prognosis in 
stage II and III patients of low-DLRS group. 
Predict immunotherapy responses: AUROC (DLRS) = 0.722; 
AUROC (DLRS+CPS) = 0.783. 

[202] 

2024 Pan-cancer ENLIGHT-
DeepPT based on 
ResNet50 

TCGA cohort: 6269 FFPE 
slides 
TransNEO-breast cohort: 
160 FF slides 
NCI-brain cohort: 226 FFPE 
slides 

To predict treatment 
responses 

AUROC (PARPi) = 0.55; Accuracy (PARPi) = 0.69; AUROC 
(ALKi) = 0.67; Accuracy (ALKi) = 0.64; AUROC (Bintrafusp 
alfa) = 0.69; Accuracy (Bintrafusp alfa) = 0.65; AUROC 
(Trastuzumab 1) = 0.64; Accuracy (Trastuzumab 1) = 0.70; 
AUROC (Trastuzumab 2) = 0.50; Accuracy (Trastuzumab 2) = 
0.59. 

[203] 

2024 Non-small cell 
lung cancer 

FM-LCT model 
based on masked 
autoencoder 

Training and validation set: 
113 patients 
Multi-centric test set: 112 
patients 

To predict pathological 
complete response 
following neoadjuvant 
immunochemotherapy 

Test set: AUROC (LUNAI-uCT) = 0.762; AUROC (LUNAI-
eCT) = 0.797; AUROC (LUNAI-fCT) = 0.866. 
Validation set: AUROC (LUNAI-uCT) = 0.825; AUROC 
(LUNAI-eCT) = 0.839; AUROC (LUNAI-fCT) = 0.884. 

[204] 

2022 Non-small cell 
lung cancer 

3D-
ShuffleNetV2×0.5 

Training set: 142 patients 
Internal validation set: 61 
patients 
External validation set: 71 
patients 

To predict major 
pathological responses 
following neoadjuvant 
chemoimmunotherapy 

DL model: AUROC (Training set) = 0.77; AUROC (Internal 
validation set) = 0.73; AUROC (External validation set) = 0.72. 
Combined model: AUROC (Training set) = 0.80; AUROC 
(Internal validation set) = 0.77; AUROC (External validation 
set) = 0.75. 

[205] 
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Neoadjuvant chemotherapy is commonly used 
before surgery or radiotherapy to reduce tumor 
burden and improve subsequent treatment outcomes. 
In breast cancer, Ha et al. developed a CNN based 
model to predict response to NAC from pretreatment 
MRI, achieving an overall accuracy of 88% for three 
class prediction [194]. Qu et al. developed a 
multichannel CNN using pre-NAC MRI, post NAC 
MRI, or both, with AUROCs of 0.553, 0.968, and 0.970, 
respectively [195]. These results suggest that treatment 
related imaging changes may provide substantially 
more predictive information than pretreatment 
imaging alone. Li et al. developed a fully automated 
integrated DL system (FAIS-DL) to predict axillary 
pathological complete response after NAC using 
multiregional dynamic contrast enhanced MRI. The 
model achieved AUROCs of 0.95, 0.93, and 0.94 in the 
internal, pooled external, and prospective test sets, 
respectively [196]. Importantly, application of FAIS-
DL reduced the estimated rate of unnecessary axillary 
lymph node dissection from 47.9% to 6.8% and 
increased the benefit rate from 52.2% to 86.5%, 
providing preliminary evidence that DL based 
response prediction may influence treatment decisions 
[196]. 

DL has also been investigated for predicting 
response to platinum-based therapy in high grade 
serous ovarian carcinoma and immunotherapy across 
different cancer types. Ahn et al. developed 
PathoRiCH, a histopathology-based classifier for 
predicting response to platinum-based treatment in 
high grade serous ovarian carcinoma. Although its 
predictive performance was modest across the SEV, 
TCGA, and SMC cohorts (AUROC 0.596, 0.602, and 
0.593, respectively), combining PathoRiCH with 
BRCA and HRD status enabled more refined risk 
stratification [197]. With advances in immune 
recognition and immune regulation, tumor immune 
microenvironment and immune checkpoints become 
research hotspots in immunotherapy [198]. In gastric 
cancer, Jiang et al. developed a biology guided DL 
model (bgDL) to classify tumor microenvironment 
(TME) status from CT images. The model achieved 
accuracies of 0.810, 0.832, and 0.840 in the training and 
two validation cohorts, respectively, and predicted 
response to anti-PD-1 therapy with AUROCs of 0.753 
based on TME class, 0.646 based on combined positive 
score (CPS), and 0.806 using both features [199]. 
Patients classified into TME classes 1 and 2 showed 
higher objective response rates than those in classes 3 
and 4 [199]. Foersch et al. developed a multistain DL 
model using immune cell information from CD4+, 
CD8+, CD68+, and CD20+ cells to derive an AI based 
immune-score. The model achieved an AUROC of 
0.896 for relapse related prediction and was also 

associated with treatment response to NAC in rectal 
cancer [200]. 

Multimodal approaches may further improve 
treatment response prediction by integrating 
complementary imaging and molecular information. 
Park et al. combined FDG PET imaging with RNA 
sequencing data to predict cytolytic activity in lung 
adenocarcinoma, with higher predicted cytolytic 
activity associated with greater tumor shrinkage and a 
lower risk of progression during immune checkpoint 
blockade therapy [201]. Jiang et al. integrated 
radiomics and DL to predict TME status and potential 
benefit from adjuvant chemotherapy and checkpoint 
blockade immunotherapy in gastric cancer, providing 
a noninvasive approach for treatment stratification 
[202]. Hoang et al. developed ENLIGHT DeepPT, a 
two-step framework that first predicted genome wide 
tumor mRNA expression from histopathological 
slides and then used the inferred expression profiles to 
predict response to targeted and immune therapies. 
The framework successfully identified responders 
across five independent patient cohorts, with an 
overall odds ratio of 2.28 [203]. In non-small cell lung 
cancer (NSCLC), Ye et al. developed DL models based 
on non-contrast enhanced and contrast enhanced CT 
for predicting pathological complete response to 
neoadjuvant immunochemotherapy. The fused model 
achieved an AUROC of 0.866, outperforming the 
individual models [204]. Similarly, She et al. 
developed a 3D ShuffleNetV2 based model to predict 
major pathological response to neoadjuvant 
chemoimmunotherapy, achieving AUROCs of 0.73 
and 0.72 in the internal and external validation 
cohorts, respectively. Incorporation of clinical 
variables increased the AUROCs to 0.77 and 0.75 [205]. 

Collectively, these studies indicate that DL can 
integrate imaging, pathological, molecular, and 
clinical information to estimate treatment sensitivity 
and identify patients who may benefit from specific 
therapeutic strategies. Multimodal models and 
prospective validation appear particularly valuable 
for moving response prediction toward clinical 
decision support. 

Deep learning applications in predicting 
cancer survival 

Accurate survival prediction is essential for 
individualized treatment planning and follow-up 
management. Common clinical endpoints include 
overall survival (OS), progression-free survival (PFS), 
disease-free survival (DFS), and relapse-free survival 
(RFS) [206]. DL models have increasingly been 
developed to predict these outcomes by integrating 
radiomics, pathomics, genomics, and clinical features 
(Table 12). 
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Table 12. Deep learning application in predicting cancer survival. 

Year Cancer type Method Cohort Size  Objective Performance Ref. 
2021 Pan-cancer DeepProg, an ensemble 

framework integrating 
autoencoders and 
machine learning 

Large scale of public data To predict patient 
survival subtypes 

Pan-cancer analysis: log-rank p < 0.05; C-index ranges 
from 0.6 to 1.0 in all 32 cancer types. 
External HCC and BRCA validation set: DeepProg is 
highly predictive, exemplified by 2 liver cancer (C-index 
0.73-0.80) and 4 breast cancer datasets (C-index 0.68-0.73). 

[207] 

2022 Colorectal 
cancer lung 
metastasis 

Weakly supervised, 
patch-level 
convolutional neural 
network (WSISA 
framework) 

103 patients To predict OS and 
DFS 

AUROC (OS) = 0.860; AUROC (DFS) = 0.875. [208] 

2022 Hepatocellular 
carcinoma 

DeepAttnMISL based 
on VGG19 

Training set: 231 patients 
Test set: 115 patients 

To predict overall 
survival 

C-index = 0.746; AUROC (1-year OS) = 0.816; AUROC (3-
year OS) = 0.810; Log-rank p = 0.001. 

[209] 

2021 Non-small cell 
lung cancer 

DenseNet, NFNet, 
EfficientNet, and 
ResNet 

2685 patients To predict prognosis DenseNet+CoxPH: C-index = 0.71; Accuracy (2-year 
survival) = 0.71; Accuracy (5-year survival) = 0.95. 

[210] 

2024 Muscle invasive 
bladder cancer 

ResNet-50 with 
convolutional block 
attention module 

Training set: 221 patients 
Internal validation set: 96 
patients 
External validation set: 88 
patients 

To predict overall 
survival 

DL-Score performance: 
Internal validation: C-index = 0.690; AUROC (1-year 
survival) = 0.740; AUROC (3-year survival) = 0.693; 
AUROC (5-year survival) = 0.778. 
External validation: C-index = 0.658; AUROC (1-year 
survival) = 0.663; AUROC (3-year survival) = 0.713; 
AUROC (5-year survival) = 0.812. 
Combined model performance: 
Internal validation: C-index = 0.713; AUROC (1-year 
survival) = 0.792; AUROC (3-year survival) = 0.716; 
AUROC (5-year survival) = 0.815. 
External validation: C-index = 0.685; AUROC (1-year 
survival) = 0.843; AUROC (3-year survival) = 0.756; 
AUROC (5-year survival) = 0.754. 

[211] 

2024  Prostate cancer  TriPath based on CNN 
or vision Transformer 
(ViT) 

OTLS development cohort: 50 
patients 
OTLS held-out cohort: 24 
patients 
MicroCT cohort: 45 patients 

To predict clinical 
outcomes 

Development dataset of OTLS cohort: AUROC (3D whole 
volume) = 0.860. 
Held-out dataset of OTLS cohort: AUROC (3D whole 
volume) = 0.804. 
MicroCT cohort: AUROC (3D whole volume) = 0.749. 

[212] 

2021 Hepatocellular 
carcinoma 

ResNet-18, ResNet-50 Zhongshan cohort: 2451 WSIs 
from 1125 patients 
TCGA cohort: 320 WSIs from 
320 patients 

To classify tissues 
and predict 
prognosis 

Tumor classification: (1) Internal validation set: Accuracy 
= 0.982; (2) External validation set: Accuracy = 0.921. 
Prognosis prediction: (1) Internal validation set: TRS-high 
patients showed worse OS (HR = 4.47), worse CSS (HR = 
4.98) and higher recurrence (HR = 2.55). Multivariable 
analysis revealed TRS as independent prognostic indicator 
for OS (HR = 3.32) and RFS (HR = 2.05); (2) External 
validation set: TRS-high patients showed worse survival 
(HR = 3.49). Multivariable analysis revealed TRS as 
independent prognostic indicator (HR = 2.64). 

[213] 

2022 Hepatocellular 
carcinoma 

2-layer feedforward 
neural network 

Training set: 130 patients 
Validation set: 63 patients 

To predict 
postoperative long-
term OS for patients 
with microvascular 
invasion after R0 
liver resection 

Training set: AUROC (1-year OS) = 0.8065; AUROC (3-
year OS) = 0.7404; AUROC (5-year OS) = 0.7944. 
Validation set: AUROC (1-year OS) = 0.8366; AUROC (3-
year OS) = 0.8604; AUROC (5-year OS) = 0.9194. 

[214] 

2025 Pediatric low-
grade gliomas 

3D nnU-Net for feature 
extraction and fully 
connected neural 
network for survival 
prediction 

DF/BCH cohort: 200 patients 
CBTN cohort: 196 patients 

To predict 
postoperative 
recurrence 

C-index (total) = 0.85; C-index (DF/BCH set) = 0.85; C-
index (CBTN set) = 0.87; AUROC (3-year EFS, total) = 0.88; 
AUROC (3-year EFS, DF/BCH set) = 0.85; AUROC (3-year 
EFS, CBTN set) = 0.89. 
Predicted low-risk patients showed higher EFS rates than 
high-risk patients (log-rank p<0.0001). 

[215] 

2025 Pan-cancer PCLSurv, prototypical 
contrastive learning 
based on autoencoder 
and bilinear fusion 

160 AML samples, 619 breast 
cancer samples, 219 colon cancer 
samples, 273 GBM samples, 182 
kidney cancer samples, 365 liver 
cancer samples, 329 lung cancer 
samples, 428 melanoma 
samples, 285 ovarian cancer 
samples, 255 sarcoma samples, 
and 2557 integrated samples 

To predict cancer 
survival 

C-index (AML) = 0.751; C-index (breast) = 0.777; C-index 
(colon) = 0.780; C-index (GBM) = 0.654; C-index (kidney) = 
0.800; C-index (liver) = 0.670; C-index (lung) = 0.683; C-
index (melanoma) = 0.651; C-index (ovarian) = 0.680; C-
index (sarcoma) = 0.755; C-index (integrated) = 0.715; 
AUROC (AML) = 0.841; AUROC (breast) = 0.815; AUROC 
(colon) = 0.753; AUROC (GBM) = 0.707; AUROC (kidney) 
= 0.833; AUROC (liver) = 0.689; AUROC (lung) = 0.726; 
AUROC (melanoma) = 0.697; AUROC (ovarian) = 0.729; 
AUROC (sarcoma) = 0.813; AUROC (integrated) = 0.761. 

[216] 

2024 Clear cell renal 
cell carcinoma 

MMPS model, utilizes 
CNN for WSI feature 
extraction and machine 
learning methods for 
analysis of pathomics 
and radiomics 

General cohort: 238 patients 
TCGA cohort: 137 patients 
CPTAC cohort: 39 patients 

To predict DFS and 
classify high- and 
low-risk patients 

Predict DFS: AUROC (general cohort) = 0.742; AUROC 
(TCGA cohort) = 0.917; AUROC (CPTAC cohort) = 0.900; 
Log-rank p < 0.0001 in all 3 cohorts. 
In the whole patient cohort: Patients with higher MMPS 
risk showed worse DFS (HR = 13.380, p<0.0001). 
Multivariable Cox regression showed MMPS was the 
independent prognostic factor for DFS prediction (HR = 
1.0493, p<0.0001). 

[217] 

2024 Localized clear 
cell renal cell 
carcinoma 

3D CNN based on 
ResNet-50 backbone 

Training set: 364 patients 
Internal testing set: 156 patients 
External testing set: 187 patients 

To predict DFS Internal testing set: C-index = 0.781; AUROC (3-year) = 
0.787; AUROC (5-year) = 0.852; AUROC (7-year) = 0.913. 
External testing set: C-index = 0.754; AUROC (3-year) = 
0.836; AUROC (5-year) = 0.797; AUROC (7-year) = 0.806. 

[218] 
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Year Cancer type Method Cohort Size  Objective Performance Ref. 
2024 Non-small cell 

lung cancer 
3D CNN Training set: 798 patients 

Internal validation set: 470 
patients 
External validation set: 279 
patients 

To predict bone 
metastasis-free 
survival (BMFS) 

Internal validation: (1) DL signature: C-index = 0.799; 
AUROC (1-year) = 0.766; AUROC (2-year) = 0.768; 
AUROC (3-year) = 0.825; (2) DLCS: C-index = 0.806; 
AUROC (1-year) = 0.826; AUROC (2-year) = 0.820; 
AUROC (3-year) = 0.865. 
External validation: (1) DL signature: C-index = 0.818; 
AUROC (1-year) = 0.856; AUROC (2-year) = 0.819; 
AUROC (3-year) = 0.848; (2) DLCS: C-index = 0.834; 
AUROC (1-year) = 0.860; AUROC (2-year) = 0.864; 
AUROC (3-year) = 0.884. 

[219] 

2019 Non-small cell 
lung cancer 

Convolutional neural 
network and recurrent 
network 

Dataset A: 179 patients 
Dataset B: 89 patients 

To predict prognosis 
(Dataset-A) and 
pathological 
response (Dataset-B) 

Predict 2-year OS: AUROC (baseline model) = 0.58; 
AUROC (1 month scan) = 0.64; AUROC (3 months scan) = 
0.69; AUROC (6 months scan) = 0.74. 
Predict pathologic responses: AUROC (CNN) = 0.65; 
AUROC (CNN+volume change) = 0.67. 

[220] 

2022 High-grade 
serous ovarian 
cancer 

Vision transformer, 
RNN 

Training set: 550 patients 
Validation set: 184 patients 

To predict overall 
survival 

Training set: AUROC = 0.822; Sensitivity = 85.2%; 
Specificity = 72.4%. 
Validation set: AUROC = 0.823; Sensitivity = 83.7%; 
Specificity = 69.5%. 

[221] 

2023 Non-small cell 
lung cancer 

3D CNN UMCG training set: 189 patients 
UMCG test set: 81 patients 
Maastro test set: 228 patients 

To predict 2-year OS UMCG test set: AUROC (DL model) = 0.62; Sensitivity 
(DL model) = 0.33; Specificity (DL model) = 0.92; AUROC 
(Hybrid model) = 0.76; Sensitivity (Hybrid model) = 0.62; 
Specificity (Hybrid model) = 0.80. 
Maastro test set: AUROC (DL model) = 0.58; Sensitivity 
(DL model) = 0.65; Specificity (DL model) = 0.55; AUROC 
(Hybrid model) = 0.64; Sensitivity (Hybrid model) = 0.76; 
Specificity (Hybrid model) = 0.52. 

[222] 

 
For example, Poirion et al. developed the 

DeepProg, an ensemble framework that combined 
autoencoders and ML, to predict patient survival 
subtypes through multi-omics data, exhibiting 
superior accuracy across 32 cancer types [207]. Wang 
et al. developed a multimodal nomogram that 
integrated DL-derived pathomics features from a 
weakly supervised convolutional neural network, 
radiomics signatures, immunoscores, and clinical 
factors to predict postoperative OS and DFS in 
colorectal cancer patients with surgically resected lung 
metastases, achieving AUROCs of 0.860 and 0.875, 
respectively [208]. Moreover, Hou et al. developed a 
multi-modal prognostic model integrating 
histopathology, genomic data, and clinical features to 
predict OS in HCC and achieved high performance 
with a C-index of 0.746, AUROCs of 0.816 (1-year OS) 
and 0.810 (3-year OS) on the test set [209]. The study’s 
innovation lay in its multimodal approach, which 
adopted VGG19 to extract features from WSIs and 
integrated the resulting image features with WGCNA-
based gene co-expression analysis to improve 
prognostic performance [209]. Oh et al. developed an 
innovative DL framework that utilized PET maximum 
intensity projection images to predict the survival of 
NSCLC patients through integrating survival 
estimation models (CoxPH and CoxCC) with multiple 
CNN models (DenseNet, NFNet, EfficientNet, and 
ResNet) [210]. Among them, the combination of 
DenseNet and CoxPH model achieved superior 
performance with a C-index of 0.71, an accuracy of 
71% in predicting 2-year survival and an accuracy of 
95% in predicting 5-year survival [210]. Wei et al. 
developed a CBAM-enhanced DL model to predict OS 
in muscle-invasive bladder cancer from preoperative 

CT images. The DL model outperformed radiomics 
and clinical models in external validation, while a 
fusion model incorporating clinicopathological 
factors, radiomics, and DL features further increased 
the C-index to 0.685 [211]. In prostate cancer, Song et 
al. developed TriPath, a weakly supervised AI 
approach for analyzing three-dimensional pathology 
images, which achieved an AUROC of 0.860 for 
biochemical recurrence risk stratification and 
outperformed conventional two-dimensional 
pathological approaches and clinical baselines [212]. 
Other related reports and more detailed information 
were summarized in Table 12 [213-222]. 

Despite promising predictive performance, the 
generalizability of DL-based survival models remains 
a major barrier to clinical translation. Differences in 
treatment regimens, patient characteristics, 
pathological features, imaging protocols, and 
institutional practices can introduce substantial 
distribution shifts between cohorts. For example, Qiu 
et al. developed a multitask DL model using 
longitudinal CT images to predict OS in locally 
advanced gastric cancer after NAC. Its C-index 
decreased from 0.674 in the internal cohort to 0.661 in 
the external cohort, which may have been partly 
related to differences in NAC regimens and treatment 
cycles between centers [223]. Similarly, Xu et al. 
reported lower survival prediction performance in an 
external real-world cohort than in the internal SEER 
cohort for triple-negative breast cancer (C-index 0.758 
vs. 0.816), potentially reflecting differences in 
population characteristics, geographic region, and 
sample size [224]. These findings highlight that high 
internal performance does not necessarily indicate 
robust clinical generalizability. 
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Multimodal integration may provide a potential 
strategy to improve the robustness and clinical utility 
of survival prediction. Wang et al. developed 
CerviPro, a multimodal deep survival model that 
incorporated pretreatment and post-treatment CT 
features, handcrafted radiomics, clinical 
characteristics, laboratory parameters, and treatment 
information to predict DFS in cervical cancer after 
definitive radiotherapy [225]. CerviPro achieved a C-
index of 0.806, outperforming DeepSurv (0.717) and 
the conventional Cox model (0.663). Moreover, the 
multimodal model performed better than models 
based on individual feature modalities, supporting the 
value of integrating complementary clinical, imaging, 
and treatment information [225]. 

Collectively, DL has demonstrated the ability to 
extract complementary prognostic information from 
heterogeneous data sources and may improve 
individualized risk stratification. 

Deep learning applications in predicting gene 
mutation and oncogene expression 

The accurate prediction of gene mutations and 
key oncogene expression is crucial for understanding 
cancer etiology, prognosis, and targeted therapy. 
However, they are difficult to observe by naked eye 
and largely rely on NGS technologies, which have 
high price and long detection period. How to rapidly 
identify genetic alterations from pathology or 
radiomic images remains a challenge. DL models can 
help in detecting gene mutations and expression 
(Table 13). 

Pathology-based DL models have been 
extensively investigated for predicting genetic 
alterations from H&E-stained images. Coudray et al. 
developed an InceptionV3 based model to predict 
several gene mutations, including STK11, EGFR, 
FAT1, SETBP1, KRAS, and TP53, from lung 
adenocarcinoma (LUAD) images, with AUROCs 
ranging from 0.733 to 0.856 in a held-out cohort [41]. 
Huang et al. developed DeepIMLH, a DL method that 
utilized deep convolution Gaussian mixture model 
(DCGMM) for color normalization and leveraged 
CNN and ResNet for mutated gene identification from 
histopathological stained images in lung cancer, 
reaching high accuracy for 5 frequently mutated genes 
identification (i.e., AKT1, FGFR1, FGFR2, HRAS, MET) 
[226]. In NSCLC, Amidi et al. utilized the 2-step vision 
Transformer approach for predicting ROS1 and ALK 
fusions from H&E slides, achieving AUROC values of 
0.85 for ROS1 and 0.84 for ALK on a holdout dataset 
[227]. In colon cancer, Bian et al. developed a DL 

framework called ImmunoAIzer, which could detect 
APC, TP53, and KRAS gene mutations from H&E 
images, providing an effective and lower-cost tool for 
the guidance of therapy [228]. Gustav et al. utilized the 
Transformer-based DL algorithm for biomarker 
detection from histopathology slides, which achieved 
an AUROC of 0.78 for BRAF mutation, 0.86 for RNF43 
mutation, 0.88 for hypermutation, and 0.93 for 
microsatellite instability (MSI) [229]. Similarly, in 
pancreatic ductal adenocarcinoma (PDAC), Berloco et 
al. established 2 multimodal frameworks (a voting 
model and a machine learning fusion model) based on 
histopathological WSIs and transcriptomic profiles, to 
predict genetic mutations in KRAS, TP53, SMAD4, and 
CDKN2A, achieving high AUROC values [230]. In 
AML, Wei et al. proposed a DL model based on 
multiple instance learning and ensemble techniques 
without requiring patch- or cell-level annotations to 
predict NPM1 (AUROC: 0.90) and FLT3-ITD 
mutations (AUROC: 0.80) from 572 WSIs, indicating a 
great potential for clinical application [231]. 

DL has also been applied to infer genetic 
alterations from radiological images. Wang et al. 
developed a 3D CNN model to predict EGFR mutation 
and PD-L1 expression from CT images, achieving an 
accuracy of 0.75 and an AUROC of 0.73 in the test 
cohort [232]. Song et al. developed a multi-task dual-
stream attention network for predicting KRAS 
mutations in CRC based on T2 MRI images, achieving 
an average accuracy of 89.95%, an average sensitivity 
of 89.29%, an average specificity of 90.53%, and an 
average AUROC of 95.73% [233]. This approach 
introduced the interlayer loss function to alleviate the 
overfitting problem caused by small dataset to some 
extent, suggesting its great potential for clinical 
application [233]. To address the issues of limited 
annotated dataset, large intra-class variances, and a 
high degree of inter-class similarities, Ma et al. 
developed a spatial-frequency dual-branch attention 
model to assess KRAS gene mutation in T2-weighted 
MRI images from CRC patients, which achieved 
satisfactory performance (Accuracy: 88.03%, AUROC: 
94.27%) [234]. An improved model incorporating 
Transformer blocks, segmentation-guided multitask 
learning, and aggregate attention further increased the 
accuracy and AUROC to 89.87% and 0.960, 
respectively [235]. Chen et al. developed a spiral 
transformation and model-driven DL scheme based on 
multi-modal MRI 3D images to automatically predict 
TP53 mutation in pancreatic cancer (Accuracy: 73.6%, 
AUROC: 0.740), providing a novel paradigm to deal 
with small sample sizes [236]. 
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Table 13. Deep learning application in predicting gene mutations and oncogene expression. 

Year Cancer type Method Cohort Size  Objective Performance Ref. 
2018 Lung 

adenocarcinoma 
Inception v3 Internal set: 1634 

WSIs 
External test set: 
340 WSIs 

Predict tumor-
related gene 
mutations 

Per-tile AUROC: AUROC (STK11) = 0.845; AUROC (EGFR) = 0.754; 
AUROC (SETBP1) = 0.785; AUROC (TP53) = 0.674; AUROC (FAT1) = 
0.739; AUROC (KRAS) = 0.814. 
Per-slide AUROC after aggregation by average predicted probability: 
AUROC (STK11) = 0.856; AUROC (EGFR) = 0.826; AUROC (SETBP1) = 
0.775; AUROC (TP53) = 0.760; AUROC (FAT1) = 0.750; AUROC (KRAS) 
= 0.733. 
Per-slide AUROC after aggregation by percentage of positively 
classified tiles: AUROC (STK11) = 0.842; AUROC (EGFR) = 0.782; 
AUROC (SETBP1) = 0.752; AUROC (TP53) = 0.754; AUROC (FAT1) = 
0.750; AUROC (KRAS) = 0.716. 

[41] 

2021 Lung cancer DeepIMLH based on 
CNN and ResNet 

180 images from 
180 patients 

To predict gene 
mutation status 

Accuracy (AKT1) = 72%; Accuracy (FGFR1) = 83%; Accuracy (FGFR2) = 
82%; Accuracy (HRAS) = 79%; Accuracy (MET) = 86%. 

[226] 

2025 Non-small cell 
lung cancer 

MoCo-V3 based on vision 
Transformer 

Cross-validation 
set: 28052 patients 
Hold-out set: 4962 
patients 

To predict ROS1 
and ALK fusions 

ROS1 fusion: (1) Test set: AUROC = 0.85; Accuracy = 0.92; PPA = 0.50; 
PPV = 0.06; F1-score = 0.10; NPA = 0.92; (2) Hold-out set: AUROC = 
0.85; Accuracy = 0.92; PPA = 0.48; PPV = 0.06; F1-score = 0.10; NPA = 
0.93. 
ALK fusion: (1) Test set: AUROC = 0.85; Accuracy = 0.90; PPA = 0.59; 
PPV = 0.12; F1-score = 0.20; NPA = 0.91; (2) Hold-out set: AUROC = 
0.84; Accuracy = 0.90; PPA = 0.54; PPV = 0.11; F1-score = 0.19; NPA = 
0.91. 

[227] 

2021 Colon cancer TGMDN based on 
ShuffleNet V2 

44534 image 
patches 

To predict gene 
mutation status 

AUROC (APC) = 0.76; AUROC (TP53) = 0.79; AUROC (KRAS) = 0.77. [228] 

2025 Colorectal cancer Transformer GECCO cohort(s): 
1376 patients 
TCGA/CPTAC 
cohorts: 536 
patients 

To predict gene 
mutation status 
and 
microsatellite 
instability (MSI) 

Multi-target transformer in external validation: AUROC (BRAF) = 0.78; 
AUROC (Hypermutation) = 0.88; AUROC (MSI) = 0.93; AUROC 
(RNF43) = 0.86. 

[229] 

2025 Pancreatic 
cancer 

Clustering-constrained 
attention multiple 
instance learning 

TCGA-PAAD 
cohort: 162 WSIs 
and 162 RNA-Seq 
samples 
CPTAC-PDA 
cohort: 167 WSIs 
and 192 RNA-Seq 
samples 

To predict KRAS, 
TP53, SMAD4, 
and CDKN2A 
mutations 

Voting model: (1) KRAS: AUROC = 0.90; AUPRC = 0.98; (2) SMAD4: 
AUROC = 0.71; AUPRC = 0.38; (3) TP53: AUROC = 0.75; AUPRC = 0.85; 
(4) CDKN2A: AUROC = 0.63; AUPRC = 0.30. 
ML model: (1) KRAS: AUROC = 0.92; AUPRC = 0.98; (2) SMAD4: 
AUROC = 0.70; AUPRC = 0.39; (3) TP53: AUROC = 0.71; AUPRC = 0.80; 
(4) CDKN2A: AUROC = 0.64; AUPRC = 0.37. 

[230] 

2025 Acute myeloid 
leukemia 

DenseNet121 and 
YOLOv4 

Training set: 400 
WSIs 
Validation set: 56 
WSIs 
Test set: 116 WSIs 

To predict gene 
mutations 

AUROC (NPM1) = 0.90; AUROC (FLT3-ITD) = 0.80. [231] 

2021 Non-small cell 
lung cancer 

3D CNN Training set: 882 
patients 
Validation set: 125 
patients 
Test set: 255 
patients 

To predict EGFR 
mutation and 
PD-L1 
expression 

Training set: Accuracy = 0.90; AUROC = 0.96; Sensitivity = 0.74; 
Specificity = 0.93. 
Validation set: Accuracy = 0.78; AUROC = 0.80; Sensitivity = 0.48; 
Specificity = 0.84. 
Test set: Accuracy = 0.75; AUROC = 0.73; Sensitivity = 0.43; Specificity = 
0.82. 

[232] 

2022 Colorectal cancer Multitask dual-stream 
attention network 

Hospital cohort: 
306 patients 
MSD public 
cohort: 126 
patients 

To predict KRAS 
mutation 

Accuracy = 89.95%; Sensitivity = 89.29%; Specificity = 90.53%; AUROC = 
95.73%. 

[233] 

2021 Colorectal cancer Spatial-Frequency Dual-
Branch Attention Model 

306 patients To predict KRAS 
mutation 

Accuracy = 88.03%; AUROC = 94.27%; Specificity = 90.75%. [234] 

2024 Colorectal cancer SG-Transunet based on 
CNN and Transformer 

306 patients To predict KRAS 
mutation 

Accuracy = 89.87%; Sensitivity = 86.56%; Specificity = 92.36%; AUROC = 
96.03%; Precision = 89.52%; F1-score = 88.00%. 

[235] 

2021 Pancreatic 
Cancer 

Multi-Modal Bilinear 
CNN based on ResNet-18 

64 patients To predict TP53 
mutation  

Accuracy = 0.736; AUROC = 0.740; Sensitivity = 0.775; Specificity = 
0.680; Precision = 0.810; F1-score = 0.783. 

[236] 
 

 
 
Collectively, these studies demonstrate that DL 

can infer clinically relevant molecular alterations from 
routine pathology and radiological images, potentially 
providing a noninvasive and cost-effective 
complement to conventional molecular testing. This 
capability may be particularly valuable when tissue 
samples are limited or repeated molecular testing is 
difficult. 

Clinical maturity of deep learning 
models: From proof-of-concept to clinical 
implementation 

Although DL models have demonstrated 
excellent predictive performance across cancer 
diagnosis, treatment decision-making, and risk 
prediction, high AUROC, accuracy, or F1-score alone 
does not necessarily indicate clinical readiness. The 
clinical maturity of a DL model depends on multiple 
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factors, including study design, sample size and class 
balance, data source, internal and external validation, 
prospective evaluation, comparison with clinicians, 
availability of open code or data, and actual 
implementation in clinical practice. Therefore, we 

further evaluated representative studies according to 
these dimensions and classified DL models according 
to their progression from proof-of-concept to clinical 
implementation. The detailed assessment is 
summarized in Table 14. 

 

Table 14. Clinical translation and maturity assessment of deep learning models in cancer research. 

Study Task Data 
source 

Sample size / class 
balance 

Prospective 
study 

Internal 
validation 

External 
validation 

Clinician 
comparison 

Open 
code 

Implementation 
status 

Maturity 
stage 

Nagpal et al., 
2020 [34] 

Automated tumor 
detection, Gleason-pattern 
quantification, and 
Gleason grade-group 
classification of prostate 
needle-core biopsy 
specimens 

Multi-
center 

Development set: 
524 biopsies 
(biopsy-level) and 
1681287 patches 
(region-level) 
Internal validation 
set: 430 biopsies 
External validation 
set: 322 biopsies 

No Yes Yes Yes No Research only M2: 
External 
clinical 
validation 

Bulten et al., 
2020 [35] 

Automated prostate cancer 
detection, gland-level 
Gleason pattern 
segmentation, and biopsy-
level Gleason score/grade-
group classification 

Single-
center 
and 
public 
data 

Training set: 4712 
biopsies 
Tuning set: 497 
biopsies 
Internal test set: 535 
biopsies 
Observer set: 100 
biopsies 
External test set: 245 
biopsies 

No Yes Yes Yes No Research only M2: 
External 
clinical 
validation 

Coudray et 
al., 2018 [41] 

Classification of normal 
lung, LUAD, and LUSC; 
prediction of common 
LUAD mutations, 
including STK11, EGFR, 
FAT1, SETBP1, KRAS, and 
TP53 

Single-
center 
and 
public 
data 

Internal set: 1634 
WSIs 
External test set: 340 
WSIs 

No Yes Yes Yes Yes Research only M2: 
External 
clinical 
validation 

Sirinukunwa
ttana et al., 
2021 [43] 

Prediction of CRC 
consensus molecular 
subtypes (CMS1–4) from 
H&E-stained resection and 
preoperative biopsy slides 

Multi-
center 
and 
public 
data 

FOCUS cohort: 666 
slides 
TCGA cohort: 468 
slides 
GRAMPIAN cohort: 
406 slides 

No Yes Yes No No Research only M2: 
External 
clinical 
validation 

Cheng et al., 
2022 [44] 

Seven-class classification of 
hepatocellular nodular 
lesions and background 
liver tissues from H&E 
WSIs: WD-HCC, HGDN, 
LGDN, FNH, HCA, 
nodular cirrhosis, and 
nearly normal liver 

Multi-
center 

Internal set: 649 
slides 
External set 1: 30 
slides 
External set 2: 439 
slides 

No Yes Yes Yes Yes Research only M2: 
External 
clinical 
validation 

Marostica et 
al., 2021 [45] 

RCC tumor-region 
detection; three-class RCC 
subtype classification 
(ccRCC/pRCC/chRCC) 

Single-
center 
and 
public 
data 

TCGA set: 2363 
slides 
CPTAC set: 782 
slides 
Independent set: 131 
patients 

No Yes Yes No Yes Research only M2: 
External 
clinical 
validation 

Li et al., 2024 
[76] 

iGCT subtype classification 
and survival prediction 
from MRI 

Multi-
center 

Training set: 200 
patients. 
Retrospective 
internal test set: 80 
patients. Prospective 
internal test set: 22 
patients. External 
test set 1: 22 
patients. External 
test set 2: 20 patients 

Yes Yes Yes Yes Yes Research only M3: 
Prospecti
ve clinical 
evaluatio
n 
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Study Task Data 
source 

Sample size / class 
balance 

Prospective 
study 

Internal 
validation 

External 
validation 

Clinician 
comparison 

Open 
code 

Implementation 
status 

Maturity 
stage 

Witowski et 
al., 2022 [78] 

Breast cancer diagnosis 
from MRI 

Multi-
center 

Training set: 14198 
MRI examinations. 
Internal validation 
set: 3403 MRI 
examinations. 
Internal test set: 
3936 MRI 
examinations. 
External test set 1: 
397 MRI 
examinations. 
External test set 2: 
922 MRI 
examinations. 

No Yes Yes Yes Yes Research only M2: 
External 
clinical 
validation 

Spaanderma
n et al., 2024 
[85] 

Differentiation of atypical 
lipomatous tumors from 
lipomas using MRI 

Multi-
center 

Training set: 116 
patients. External 
validation set 
(USA): 150 patients. 
External validation 
set (UK): 208 
patients. Prospective 
validation set: 86 
patients 

Yes Yes Yes Yes Yes Research only M3: 
Prospecti
ve clinical 
evaluatio
n 

Wei et al., 
2024 [88] 

Focal liver lesion 
detection/classification 
using multiphase CT 

Multi-
center 

Training set: 1580 
patients 
Internal test set: 
1308 patients 
HN validation set: 
636 patients 
CD validation set: 
94 patients 
GZ validation set: 
205 patients 
LS validation set: 
216 patients 

No Yes Yes Yes Yes Research only M2: 
External 
clinical 
validation 

Chen et al., 
2023 [91] 

Pancreatic cancer detection 
on CT 

Nationw
ide/mul
ti-center 

Development set: 
1023 patients 
Internal test set: 256 
patients 
External test set: 
1473 patients 

No Yes Yes Yes No Research only M2: 
External 
clinical 
validation 

Zheng et al., 
2023 [92] 

Lateral lymph-node 
metastasis in papillary 
thyroid cancer 

Multi-
center 

Training set: 874 
lymph nodes. 
Internal validation 
dataset: 376 lymph 
nodes. External 
dataset A: 85 lymph 
nodes. External 
dataset B: 101 lymph 
nodes. Real-world 
dataset: 113 lymph 
nodes 

Yes Yes Yes Yes No Research only M3: 
Prospecti
ve clinical 
evaluatio
n 

Gao et al., 
2022 [100] 

Ovarian cancer diagnosis 
using pelvic ultrasound 

Multi-
center 

Training set: 575930 
images 
Internal validation 
set: 8416 images 
External validation 
set 1: 1419 images 
External validation 
set 2: 6510 images 

No Yes Yes Yes Yes Research only M2: 
External 
clinical 
validation 

Long et al., 
2023 [101] 

Differential diagnosis of 
superficial soft-tissue 
masses using US 

Multi-
center 

Training set: 618 
patients 
Internal validation 
cohort: 154 patients 
External test cohort 
A: 156 patients 
External test cohort 
B: 123 patients 

No Yes Yes Yes No Research only M2: 
External 
clinical 
validation 

Matek et al., 
2021 [107] 

Bone marrow cell 
morphology classification 

Single-
center 

171374 images from 
945 patients 

No Yes No No No Research only M1: 
Internal 
proof of 
concept 
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Study Task Data 
source 

Sample size / class 
balance 

Prospective 
study 

Internal 
validation 

External 
validation 

Clinician 
comparison 

Open 
code 

Implementation 
status 

Maturity 
stage 

Sun et al., 
2025 [108] 

Bone marrow cell 
classification and 
hematologic diagnosis 

Multi-
center 

Training set: 30394 
images from 40 
patients 
Internal test set: 
8507 images from 10 
patients 
External validation 
set (MSK-normal): 
2694 images from 10 
patients 
(morphologically 
normal) 
External validation 
set (MSK-mixed): 
11076 images from 
655 patients (with 
normal or diseased 
marrow) 

No Yes Yes Yes Yes Research/clinical 
research 

M2: 
External 
clinical 
validation 

Eckardt et 
al., 2022 [110] 

AML detection and NPM1 
mutation prediction from 
bone marrow smears 

Single-
center 

Training set: 8505 
images 
Test set: 2127 
images 

No Yes No No Yes Research only M1: 
Internal 
proof of 
concept 

Zhao et al., 
2020 [127] 

Mature B-cell neoplasm 
classification using flow 
cytometry 

Single-
center 

Training set: 18274 
samples 
Test set: 2348 
samples 

No Yes No No Yes Research only M1: 
Internal 
proof of 
concept 

Christensen 
et al., 2023 
[137] 

Low-frequency ctDNA 
variant calling and cancer 
detection 

Single-
center / 
study-
specific 
cohort 

85 patients No Yes No No No Research only M1: 
Internal 
proof of 
concept 

Zakrzewski 
et al., 2019 
[151] 

HER2 amplification 
detection from FISH 
images 

Single-
center 

Training set: 299 
FISH images and 
301 nuclei images 
Validation set: 57 
FISH images 

No Yes No Yes No Research only M1: 
Internal 
proof of 
concept 

Huang et al., 
2021 [156] 

Multimodal ultrasound 
breast cancer diagnosis 

Single-
center + 
indepen
dent 
dataset 

Dataset A: 835 
patients 
Dataset B: 163 
patients 

No Yes Yes No No Research only M2: 
External 
clinical 
validation 

Yang et al., 
2025 [162] 

Non-invasive gallbladder 
cancer diagnosis using 
cfDNA, radiomics and 
clinical data 

Multi-
center 

Training set: 142 
patients 
Internal test set: 61 
patients 
External validation 
set: 98 patients 

Yes Yes Yes Yes Yes Prospective 
multicenter 
evaluation 

M3: 
Prospecti
ve clinical 
evaluatio
n 

Preuer et al., 
2018 [164] 

Prediction of anticancer 
drug combination synergy 
using DeepSynergy 

Public 
dataset 
(Merck 
oncolog
y 
screen) 

583 drug pairs 
tested on 39 cell 
lines 

No Yes No No Yes Research only M1: 
Internal 
proof of 
concept 

Wang et al., 
2022 [165] 

Drug synergy prediction 
using DeepDDS based on 
graph neural networks and 
gene expression profiles 

Public 
drug/ce
ll-line 
datasets 

Benchmark set: 
12415 drug pair-cell 
line combinations 
Independent test 
set: 668 drug pair-
cell line 
combinations 

No Yes No No Yes Research only M1: 
Internal 
proof of 
concept 

Liu et al., 
2022 [168] 

Anticancer drug synergy 
prediction using 
HypergraphSynergy 

Public 
O’Neil 
and 
NCI-
ALMA
NAC 
datasets 

NCI-ALMANAC 
dataset: 74139 
samples 
O'Neil dataset: 
18950 samples 

No Yes No No Yes Research only M1: 
Internal 
proof of 
concept 

Lou et al., 
2019 [169] 

Individualized 
radiotherapy dose 
prediction based on 
pretreatment lung CT 

Clinical 
imaging 
cohort 

Internal study set: 
849 patients 
External validation 
set: 95 patients 

No Yes Yes No No Research only M2: 
External 
clinical 
validation 

Pu et al., 
2022 [170] 

Deep reinforcement 
learning for HDR cervical 
brachytherapy treatment 
planning 

Clinical 
radiothe
rapy 
plannin
g data 

20 patients No Yes No No No Research only M1: 
Internal 
proof of 
concept 
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Study Task Data 
source 

Sample size / class 
balance 

Prospective 
study 

Internal 
validation 

External 
validation 

Clinician 
comparison 

Open 
code 

Implementation 
status 

Maturity 
stage 

Yuan et al., 
2022 [171] 

Automatic generation of 
machine-deliverable IMRT 
plans for cervical cancer 

Single-
center 
clinical 
cohort 

90 cervical cancer 
IMRT plans; 66 
training, 11 
validation, 13 test 

No Yes No No No Research only M1: 
Internal 
proof of 
concept 

de Vette et 
al., 2025 [173] 

Deep learning NTCP 
prediction for late 
dysphagia after head and 
neck radiotherapy 

Multi-
center 
clinical 
cohorts 
(UMCG 
and 
MDACC
) 

Training (UMCG): 
941 patients 
Independent test 
(UMCG): 171 
patients 
External test 
(MDACC): 338 
patients 

No Yes Yes No Yes Research only / 
external 
validation 

M2: 
External 
clinical 
validation 

Maruccio et 
al., 2024 [177] 

Uncertainty estimation for 
lung cancer GTV 
segmentation 

Clinical 
CT 
imaging 
cohort 

422 patients No Yes No Yes No Research only / 
clinical 
assessment 

M1: 
Internal 
proof of 
concept 

Mikalsen et 
al., 2023 [180] 

Clinical evaluation of DL 
auto-segmentation for 
thorax and breast 
radiotherapy 

Prospect
ive 
clinical 
cohort 

30 patients Yes Yes No Yes No Clinical workflow 
evaluation 

M3: 
Prospecti
ve clinical 
evaluatio
n 

Cha et al., 
2021 [181] 

Clinical implementation of 
DL contour auto-
segmentation for prostate 
radiotherapy 

Single-
center 
prospect
ive 
clinical 
cohort 

173 patients; 
physician 
evaluation available 
for 43/55 patients 

Yes Yes No Yes No Workflow-
integrated clinical 
implementation 

M4: 
Implemen
ted with 
demonstr
ated 
impact 

Zhu et al., 
2025 [182] 

Retrospective evaluation of 
a performance-monitoring 
framework for clinically 
deployed prostate 
radiotherapy auto-
segmentation 

Real-
world 
clinical 
workflo
w 

464 patients No Yes No Yes Yes Auto-
segmentation 
clinically 
deployed; 
monitoring 
framework 
evaluated 
retrospectively 

M1: 
Internal 
proof of 
concept 

Xu et al., 
2025 [188] 

Prediction of vessels 
encapsulating tumor 
clusters in HCC using 
contrast-enhanced 
ultrasound 

Single-
center 

Training cohort: 195 
patients 
test cohort: 47 
patients 

No Yes No No No Research only M1: 
Internal 
proof of 
concept 

Bergstrom et 
al., 2024 [191] 

Prediction of homologous 
recombination deficiency 
and platinum response 
from histologic slides 

Multi-
cohort / 
public 
and 
indepen
dent 
clinical 
cohorts 

Multiple 
independent breast 
and ovarian cancer 
cohorts 

No Yes Yes No No Research only M2: 
External 
clinical 
validation 

Li et al., 2024 
[196] 

Prediction of pathological 
complete response of 
axillary lymph nodes after 
neoadjuvant chemotherapy 
in breast cancer 

Multi-
center 

Training and 
validation set: 506 
patients 
Internal test set: 127 
patients 
External test set: 414 
patients 
Prospective test set: 
98 patients 

Yes Yes Yes No Yes Research only M3: 
Prospecti
ve clinical 
evaluatio
n 

Ahn et al., 
2024 [197] 

Prediction of platinum-
based treatment response 
in high-grade serous 
ovarian cancer 

Multi-
cohort 

SEV cohort: 394 
patients 
TCGA cohort: 284 
patients 
SMC cohort: 136 
patients 

No Yes Yes Yes Yes Research only M2: 
External 
clinical 
validation 

Foersch et al., 
2023 [200] 

Prediction of prognosis 
and therapy response in 
colorectal cancer using 
multistain pathology 

Multi-
cohort / 
public 
and 
clinical 
cohorts 

Prognostic cohort 
(Training/Cross 
validation): 652 
patients 
Prognostic cohort 
(External test): 339 
patients 
Neoadjuvant cohort 
(Training/Cross 
validation): 117 
patients 

No Yes Yes No Yes Research only M2: 
External 
clinical 
validation 
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Study Task Data 
source 

Sample size / class 
balance 

Prospective 
study 

Internal 
validation 

External 
validation 

Clinician 
comparison 

Open 
code 

Implementation 
status 

Maturity 
stage 

Jiang et al., 
2023 [202] 

Non-invasive tumor 
microenvironment 
evaluation and treatment-
response prediction in 
gastric cancer 

Multi-
instituti
onal 

Training cohort: 398 
patients 
Internal validation 
cohort 1: 196 
patients 
Internal validation 
cohort 2: 602 
patients 
External validation 
cohort 1: 101 
patients 
External validation 
cohort 2: 1068 
patients 
Immunotherapy 
cohort: 321 patients 

No Yes Yes No Yes Research only M2: 
External 
clinical 
validation 

Hoang et al., 
2024 [203] 

Prediction of cancer 
treatment response from 
histopathology through 
imputed transcriptomics 

Multi-
cohort 

TCGA cohort: 6269 
FFPE slides 
TransNEO-breast 
cohort: 160 FF slides 
NCI-brain cohort: 
226 FFPE slides 

No Yes Yes No Yes Research only M2: 
External 
clinical 
validation 

Ye et al., 2024 
[204] 

Prediction of pathological 
complete response to 
neoadjuvant 
immunochemotherapy in 
NSCLC 

Multi-
center 

Training and 
validation set: 113 
patients 
Multi-centric test 
set: 112 patients 

No Yes Yes No Yes Research only M2: 
External 
clinical 
validation 

She et al., 
2022 [205] 

Prediction of major 
pathological response to 
neoadjuvant 
chemoimmunotherapy in 
NSCLC 

Multi-
center 

Training set: 142 
patients 
Internal validation 
set: 61 patients 
External validation 
set: 71 patients 

No Yes Yes No Yes Research only M2: 
External 
clinical 
validation 

Xv et al., 
2024 [218] 

Preoperative disease-free 
survival prediction in 
localized clear cell renal 
cell carcinoma 

Multi-
center 

Training set: 364 
patients 
Internal testing set: 
156 patients 
External testing set: 
187 patients 

No Yes Yes No Yes Research only M2: 
External 
clinical 
validation 

Xu et al., 
2025 [224] 

Survival prediction in 
triple-negative breast 
cancer using real-world 
cohorts 

Public + 
real-
world 
clinical 
cohort 

37,818 SEER patients 
plus independent 
real-world cohort 

No Yes Yes No Yes Research only M2: 
External 
clinical 
validation 

Wang et al., 
2025 [225] 

Multimodal prognostic 
prediction in cervical 
cancer receiving definitive 
radiotherapy 

Multi-
center 

Training set: 691 
patients 
Validation set: 173 
patients 
External Validation 
set: 154 patients 

No Yes Yes Yes Yes Research only M2: 
External 
clinical 
validation 

Amidi et al., 
2025 [227] 

Prediction of ROS1 and 
ALK fusions in NSCLC 
from H&E slides 

Multi-
cohort 

Cross-validation set: 
28052 patients 
Hold-out set: 4962 
patients 

No Yes Yes No Yes Research only M2: 
External 
clinical 
validation 

Gustav et al., 
2025 [229] 

Assessment of genotype–
phenotype correlations in 
colorectal cancer 

Multi-
center 
patholo
gy 
cohorts 

GECCO cohort(s): 
1376 patients 
TCGA/CPTAC 
cohorts: 536 patients 

No Yes Yes No Yes Research only M2: 
External 
clinical 
validation 

Wei et al., 
2025 [231] 

Annotation-free prediction 
of gene mutations from 
whole-slide images of 
AML 

Single-
center 
clinical 
cohort 

Training set: 400 
WSIs 
Validation set: 56 
WSIs 
Test set: 116 WSIs 

No Yes No No Yes Research only M1: 
Internal 
proof of 
concept 

 
Table 14 summarized the major indicators of 

clinical maturity, including sample size and class 
balance, data source, prospective study design, 
internal and external validation, comparison with 
clinicians, availability of open code, and 
implementation status. Overall, most currently 
reported models remain at the proof-of-concept or 
early validation stage. Although many studies have 
demonstrated excellent predictive performance, they 

are predominantly retrospective and based on single-
center cohorts or publicly available datasets, with 
limited external and prospective validation. Therefore, 
high performance reported under controlled research 
settings may not necessarily translate into comparable 
effectiveness in routine clinical practice. 

Compared with proof-of-concept studies, 
clinically mature models generally require robust 
external validation across multiple centers and diverse 
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patient populations, preferably followed by 
prospective evaluation in real-world clinical settings. 
In addition, comparison with clinicians, integration 
with existing clinical workflows, and assessment of 
clinical utility are important indicators of translational 
maturity. As shown in Table 14, only a limited 
proportion of studies have simultaneously satisfied 
multiple criteria, particularly prospective evaluation, 
clinician comparison, and real-world implementation. 
This gap indicates that the field has largely progressed 
from demonstrating algorithmic feasibility toward 
clinical validation, whereas relatively few models have 
reached routine clinical implementation. 

Notably, the level of clinical maturity varies 
across different cancer-related applications. Some 
models for image segmentation, pathology analysis, 
and radiotherapy planning have progressed toward 
clinical validation, particularly when they have 
demonstrated workflow efficiency or acceptable 
performance in prospective studies. In contrast, 
models for treatment response prediction, survival 
prediction, drug combination selection, and 
therapeutic target discovery remain largely at the 
proof-of-concept or retrospective validation stage. 
These differences indicate that algorithmic 
performance alone is insufficient to determine clinical 
readiness, and that successful clinical translation 
depends on robust external validation, prospective 
evaluation, clinically meaningful endpoints, 
comparison with existing clinical practice, and 
effective integration into real-world clinical 
workflows. 

Discussion 
Currently, DL has been increasingly applied to 

cancer diagnosis, treatment, and risk prediction. The 
studies reviewed in this work demonstrate that DL can 
improve diagnostic efficiency, facilitate treatment 
planning, and provide additional information for 
individualized risk stratification. However, promising 
model performance does not necessarily indicate 
clinical readiness. Many reported models were 
developed retrospectively using single-center datasets 
or relatively small cohorts, with limited external or 
prospective validation. This is particularly relevant in 
oncology, where substantial inter-tumoral and intra-
tumoral heterogeneity, differences in patient 
populations, disease stages, imaging protocols, 
pathological assessment, and treatment strategies may 
substantially affect model generalizability. Therefore, 
model performance should be interpreted together 
with cohort characteristics, validation strategies, and 
clinical context rather than relying solely on metrics 
such as AUROC or accuracy. 

During model development, several sources of 

bias and noise may compromise the reliability and 
generalizability of DL models, including data leakage, 
selection/spectrum bias, label noise, and center- or 
device-related bias. Data leakage may occur through 
feature selection, the use of illegitimate information, 
subject-level overlap, or temporal leakage. These 
problems may result from inadequate separation 
between training and test datasets, inappropriate use 
of information that should not be available for 
prediction, or test populations that do not adequately 
represent the population of scientific interest, thereby 
limiting the validity and generalizability of model 
evaluation [237]. Young et al. reported substantially 
higher predictive accuracy in datasets with a high risk 
of data leakage than in datasets with lower leakage 
risk, highlighting the potential impact of leakage on 
model evaluation [238]. Additionally, the subjectivity 
is inevitable during data screening process or only 
patients with typical symptoms were included in 
model during the inclusion/exclusion tasks, which 
builds a narrow, idealized, and non-representative 
training environment for model and makes it less 
universally applicable [239-241]. Moreover, the 
labelling work is highly labor-intensive, time-
consuming, professional, and subjective. These 
differences can affect the accuracy of manual labeling, 
which introduces noise. The label noise directly 
interferes with the true association between image 
features and disease outcomes. Even if the proportion 
of erroneous labels in the training set is as low as 10%, 
the model’s generalization ability may be poor. [242]. 
Center/device bias also often exists due to different 
model devices, imaging protocol, and image quality. 
This introduces a between-batch systematic error, 
which results in an inaccurate model and needs to be 
properly addressed [243-245]. These findings 
highlight the importance of representative patient 
selection, standardized data acquisition and 
annotation, and multicenter datasets for developing 
robust and generalizable DL models. 

Beyond methodological considerations, the 
translation of DL into routine cancer care also involves 
practical and ethical challenges. Many models remain 
difficult to integrate into existing hospital information 
systems and clinical workflows, limiting their 
sustained use in real-world settings. More 
importantly, the increasing use of patient data for 
model development raises concerns regarding privacy 
protection, data sharing, informed consent, 
accountability for AI-assisted decisions, and patients’ 
autonomy in accepting or refusing AI-supported care. 
These issues are particularly important when DL 
models are used for high-stakes decisions such as 
cancer diagnosis, treatment selection, or prognosis 
estimation. In addition, limited interpretability may 
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reduce clinicians’ confidence in model predictions, 
especially when models provide highly accurate 
results without clinically understandable 
explanations. Therefore, clinical adoption requires not 
only technical performance but also transparency, 
appropriate human oversight, and clearly defined 
responsibilities. 

Overall, the current evidence suggests that the 
major challenge for DL in oncology is shifting from 
improving algorithmic performance to demonstrating 
reliability, generalizability, interpretability, and 
clinical utility. Standardized datasets, transparent 
reporting, multicenter external validation, and 
prospective clinical evaluation are important for 
establishing robust evidence. At the same time, 
effective integration with existing clinical workflows, 
appropriate regulatory and ethical frameworks, and 
human–AI collaboration will be necessary for 
responsible clinical adoption. Ultimately, the value of 
DL in cancer care should be evaluated not only by 
whether it achieves higher predictive performance, 
but also by whether it can provide reproducible and 
clinically meaningful benefits to patients. 
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