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Abstract: Lung adenocarcinoma patients with an EGFR gene mutation respond well to targeted drugs called EGFR-

TKIs. Testing for this mutation needs a tissue biopsy and lab work. This process is invasive, costly, and slow, and 

many patients do not have enough tissue for testing. This review asks whether deep learning can predict EGFR 

mutation status from images doctors already collect. These images include histopathology slides and radiology scans 

such as CT, PET/CT, or MRI. We searched Semantic Scholar, PubMed, Scopus, and arXiv through the Consensus 

platform in July 2026. The search covered studies published from 2018 to 2026. This search found 30 records, and 28 

remained after removing duplicates. Nineteen studies met our criteria, reported across 20 publications. Seven studies 

used histopathology images, eleven used radiology images, and one combined both. Histopathology-based models 

reached accuracy scores (AUC) between 0.682 and 0.933. Radiology-based models reached AUC between 0.821 and 

0.940. The best results came from models that combined feature types, such as radiomics with deep learning. Other 

strong results came from models built on large pretrained pathology foundation models, such as UNI, CONCH, and 

TITAN. One early study fused radiology and histopathology directly, pointing to a new multimodal direction. Most 
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studies used heatmaps to explain their predictions, but few checked whether these explanations were reliable. Deep 

learning can predict EGFR mutation status from routine images. Current studies use small patient groups, and few test 

their models on new hospitals. Their explanations are not well validated. Larger, better-tested studies are still needed 

before this approach reaches clinical use. 

Keywords: EGFR mutation; lung adenocarcinoma; deep learning; whole-slide image; radiomics.  

2020 AMS Subject Classification: 92C50, 68T07. 

 

1. INTRODUCTION 

Lung cancer is the most common cancer and the leading cause of cancer death worldwide. It caused 

an estimated 2.48 million new cases and 1.8 million deaths in 2022 [1]. This disease continues to 

carry one of the highest death rates among all cancers and remains a major global health burden, 

prompting the World Health Organisation to prioritize early detection and equitable treatment 

access as part of its cancer-control agenda. Advances in biomedical imaging and computational 

analysis are increasingly viewed as tools to help ease this burden through earlier, non-invasive 

diagnosis. Adenocarcinoma is the main subtype of non-small cell lung cancer (NSCLC). Mutations 

in the epidermal growth factor receptor (EGFR) gene are among its most actionable alterations, 

mainly exon 19 deletions and the exon 21 L858R substitution. 

Patients with sensitizing EGFR mutations respond well to EGFR tyrosine kinase inhibitors 

(EGFR-TKIs) [2]. EGFR mutation frequency differs by ethnicity: about 40-50% in Asian 

adenocarcinoma patients versus 10-20% in Western patients [3]. Treatment outcomes after TKI 

therapy also differ across ethnic groups [4]. This makes accessible, population-representative 

testing important. 

Standard EGFR testing uses polymerase chain reaction (PCR) or next-generation sequencing 

(NGS) on tissue from biopsy or surgery. These methods are invasive, costly, and slow. Small tissue 

samples may miss tumor heterogeneity. Many patients with advanced disease lack enough tissue 

for testing, and results can take one to several weeks. 

Deep learning offers an alternative route to predict EGFR status from images already collected 



3 

DEEP LEARNING FOR EGFR MUTATION PREDICTION IN LUNG ADENOCARCINOMA 

during routine care. Two imaging types dominate this research. The first is digital histopathology, 

where whole-slide images (WSIs) of hematoxylin and eosin (H&E)-stained tissue are analyzed 

using convolutional neural networks (CNNs), attention-based multiple instance learning (MIL), or 

pathology foundation models. Coudray et al. showed that a CNN trained on TCGA whole-slide 

images could classify tumor subtype and predict several mutated genes, including EGFR, from 

tissue shape alone [5],[6]. 

The second imaging type is radiology. CT, positron emission tomography/CT (PET/CT), and 

magnetic resonance imaging (MRI) scans are analyzed using radiomics, deep convolutional 

features, or fusion models to predict EGFR status without tissue sampling. 

This literature is split across two modalities, many model types (CNNs, MIL variants, vision 

transformers, radiomics-deep learning fusion, and foundation models), and cohorts of different 

size and origin. 

1.1 Novelty Compared with Previous Reviews 

Several prior reviews cover parts of this literature, but each stays within one modality or one 

narrow scope. Table 1 compares these reviews with the present one. 

Table 1. Comparison of prior reviews on AI-based EGFR mutation prediction with the present review. 

Prior Review (Year) Modality Scope Genes Covered Studies (n) Foundation 

Models 
Multimodal Fusion 

Ge et al. (2023) [7] PET/CT only EGFR Narrative (no 

fixed n) 
Not discussed Not discussed 

Ma et al. (2024) [8] PET/CT only EGFR 17 Not discussed Not discussed 
Nguyen et al. (2024) 

[9] 
CT / PET radiomics only EGFR Searched to Feb 

2022 
Not covered 

(predates) 
Not discussed 

Fuster-Matanzo et al. 

(2025) [10] 
CT radiomics only EGFR, ALK, KRAS 124 Not discussed Not discussed 

Parra-Medina et al. 

(2025) [11] 
Histopathology only EGFR, ALK, ROS1, 

KRAS, TP53, TMB 
Not stated here Some studies 

included 
Not discussed 

This review Histopathology + 

radiology + multimodal 
EGFR 19 UNI, CONCH, 

TITAN 
Yes (1 study) 

 

Four prior reviews cover only radiology. Ge et al., Ma et al., and Nguyen et al. cover CT or PET/CT 

radiomics alone [7], [8], [9]. Fuster-Matanzo et al. also cover CT radiomics alone, across three 

genes rather than EGFR specifically [10]. None of these four reviews include histopathology-based 

prediction. 
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Parra-Medina et al. cover histopathology-based prediction, but across six molecular targets, not 

EGFR specifically [11]. None of these five reviews discuss pathology foundation models, such as 

UNI, CONCH, or TITAN, in a systematic way. None discuss fusing radiology and histopathology 

in one model. 

This review is the first to combine histopathology- and radiology-based EGFR prediction in one 

synthesis. It is also the first to connect this literature to pathology foundation models and 

multimodal fusion. This addresses a real gap, rather than repeating prior work. It answers three 

questions: 

RQ1. What deep learning architectures have been used to predict EGFR mutation status from 

histopathology and radiology images of lung adenocarcinoma, and how does their performance 

compare? (Addressed in Sections 3.2-3.5 and in Section 4.) 

RQ2. What interpretability and validation methods support the clinical credibility of these models? 

(Addressed in Sections 3.2-3.4, 3.6, and in Section 4.) 

RQ3. What gaps and barriers must be addressed before image-based EGFR prediction can move 

toward clinical use? (Addressed in Section 4, Section 5, and Section 6.) 

 

2. MATERIALS AND METHODS  

2.1 Protocol and Reporting Standard 

This review followed the PRISMA 2020 statement [12]. The scope was adapted for a review suited 

to a focused technology synthesis. The review was not registered in advance. Section 5 explains 

this and other limits. 

2.2 Search Strategy 

Literature was searched across Semantic Scholar, PubMed, Scopus, and arXiv using the Consensus 

platform in July 2026. Two initial queries covered histopathology-based and radiology-based 

EGFR prediction. A third, supplementary query covered multimodal fusion of radiology and 

histopathology. Citation snowballing from key articles was also used to cross-check completeness. 

Search terms combined four concepts: (i) EGFR mutation, (ii) lung adenocarcinoma or NSCLC, 
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(iii) deep learning, CNN, MIL, radiomics, or foundation model, and (iv) whole-slide image, 

histopathology, CT, PET/CT, or MRI. Only English-language studies were searched. The retrieved 

studies span 2018 to 2026, following the introduction of large digitized WSI repositories such as 

The Cancer Genome Atlas (TCGA).  

2.3 Eligibility Criteria 

This review used the PICOS framework (Population, Intervention, Comparator, Outcomes, Study 

Design) to define eligibility. Table 2 summarizes the PICOS criteria. 

Table 2. PICOS criteria used to define study eligibility. 

Element Criterion 
Population Patients with lung adenocarcinoma, or adenocarcinoma-predominant non-small cell lung cancer 

(NSCLC), of any age, sex, or ethnicity. 
Intervention (Index Test) A deep learning model, or a model combining deep learning with radiomics, applied to H&E-

stained whole-slide histopathology images or to CT, 18F-FDG PET/CT, or MRI scans, to predict 

EGFR mutation status. 
Comparator (Reference 

Standard) 
Molecular EGFR genotyping by polymerase chain reaction (PCR) or next-generation sequencing 

(NGS), used as the ground-truth label for model training or validation. 
Outcomes Primary: a quantitative diagnostic performance metric for EGFR mutation status (AUC, accuracy, 

sensitivity, or specificity). Secondary: use of an interpretability method; internal versus external 

validation. 
Study Design Retrospective diagnostic-accuracy or prediction-model development studies, including 

conference abstracts with an extractable metric. Narrative reviews, meta-analyses without new 

primary data, and studies predicting a different outcome (e.g., treatment response) were excluded. 

 

Studies were included if they met four conditions, consistent with the PICOS criteria above. First, 

they used or built a deep learning model, or a model combining deep learning with radiomics. 

Second, they used H&E whole-slide histopathology images or CT/PET/MRI scans as input. Third, 

they predicted EGFR mutation status in lung adenocarcinoma or adenocarcinoma-predominant 

NSCLC. Fourth, they reported a quantitative metric such as AUC, accuracy, or 

sensitivity/specificity. 

Studies were excluded if EGFR prediction was only a secondary analysis without a clear metric. 

Studies using only classical machine learning, with no deep-learning part, were also excluded. 

Studies reporting only other genes, such as ALK or KRAS, without separate EGFR results were 

excluded, as were narrative commentaries without original data. Studies predicting a different 

outcome, such as treatment response in already-confirmed EGFR-mutant patients, were also 

excluded, since the outcome of interest here is mutation status itself. Studies reporting only a single 
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overall accuracy value, without AUC, sensitivity, or specificity, were excluded as non-comparable 

for this synthesis. Conference abstracts were included only if they reported an extractable metric. 

These are flagged in Table 3. 

2.4 Study Selection and Data Extraction 

Titles and abstracts were screened first. Full texts or full abstracts were then checked against the 

eligibility criteria. For each included study, the following data were extracted: author, year, 

imaging modality, data source, cohort size, model architecture, validation type (internal or 

external), best reported AUC, and whether an interpretability method was used. Figure 1 shows 

the resulting PRISMA 2020 flow diagram. 

After initial extraction, each record's key details were checked again against the original abstract 

or full text. These details included author names, year, journal, sample size, and best reported AUC. 

This step caught and corrected several transcription errors during preparation of this draft.  

Nineteen primary studies met the criteria: seven histopathology-based, eleven radiology-based, 

and one multimodal fusion study combining radiology and histopathology, reported across twenty 

publications. Three systematic reviews and meta-analyses on related oncogene prediction were 

found in the same searches [7],[8],[10]. These were kept as reference syntheses, not as primary 

data. Supporting literature on MIL architectures, foundation models, and explainable AI was found 

through separate searches. This literature supports the discussion in Sections 3.5 and 3.6. 

Risk of bias for each included study was assessed using the QUADAS-2 tool across its four 

domains (patient selection, index test, reference standard, and flow and timing), rated as low, some 

concerns, or high risk. One reviewer performed the assessment; results are summarized by 

modality in Table 4. 
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Figure 1. PRISMA 2020 flow diagram of the study identification, screening, and inclusion process. 

 

3. RESULTS 

3.1 Overview of Included Studies 

Figure 2 shows the two main pipelines covered in this review. It orients readers before the study-

by-study findings that follow.  
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Figure 2. Schematic overview of the histopathology-based (Panel A) and radiology-based (Panel B) EGFR-prediction 
pipelines synthesised in this review. Illustrative schematic; not derived from or reproducing any specific patient image 
from the reviewed studies. 
 
Table 3. Summary of primary studies applying deep learning to EGFR mutation prediction in lung adenocarcinoma 
from histopathological or radiological images. 

Study (Year) Modality Data Source / 

Cohort 
Sample Size Model / Architecture Best Reported AUC 

Coudray et al. (2018) 

[5],[6] 
H&E WSI TCGA-LUAD ~1,600 slides Inception-v3 (tile-level CNN) 0.826 (EGFR) 

Tomita et al. (2022) 

[13] 
H&E WSI 

(FFPE) 
Dartmouth-

Hitchcock + 

CPTAC-3 

747 WSIs / 232 

patients 
CNN, weakly supervised 0.799 (internal); 

0.686 (external) 

Park J.H. et al. (2024) 

[14] 
H&E WSI 3 Korean 

hospitals + Ajou 

(test) 

868 train / 197 

test WSIs 
MIL with patch-masking 

scheduler 
0.768 (AUROC) 

Chen C.L. et al. 

(2025) [15]† 
H&E WSI Single-center 

(Taiwan) 
1,572 WSIs Weakly supervised AI 

(annotation-free) 
0.682 (same-site); 

0.656 (cross-site) 
Shao et al. (2026) [16] H&E WSI Single-center 

retrospective 
268 patients Attention-based MIL + 

DenseNet201 + logistic 

regression 

0.885 

Gwal et al. (2025) 

[17] 
H&E WSI Indian cohort + 

TCGA 

(external) 

170 train / 30 

internal / 86 

external 

ViT foundation model + ABMIL 0.933 (internal); 

0.965 (external) 

Park J. et al. (2025) 

[18] 
H&E WSI Multi-country, 

multi-scanner 
1,461 (+599 

external) 
Lunit SCOPE Genotype 

Predictor (DL) 
0.905 (primary); 

0.860 (external) 
Wang S. et al. (2019) 

[19] 
CT Two hospitals 

(China) 
844 patients / 

14,926 images 
End-to-end deep CNN 0.85 (primary); 0.81 

(validation) 
Zhang B. et al. (2021) 

[20] 
CT radiomics Two hospitals 

(China) 
709 + 205 

patients 
SE-CNN on radiomics feature 

maps 
0.910 (internal); 

0.841 (external) 
Jiang X. et al. (2025) 

[21] 
CT radiomics + 

DL 
Single-center 220 patients ViT + radiomics early fusion 0.910 (fusion model) 

Huang L. et al. (2025) 

[22] 
CT radiomics + 

DL 
Two hospitals 826 patients 3D CNN + radiomics, soft-

voting fusion 
0.925 (internal); 

0.889 (external) 
Yoon H. et al. (2022) 

[23] 
CT (pure GGN) Single-center 185 resected 

pGGNs 
CNN + clinical factors 0.85 (test set) 
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Study (Year) Modality Data Source / 

Cohort 
Sample Size Model / Architecture Best Reported AUC 

Liu Q. et al. (2020) 

[24] 
18F-FDG 

PET/CT 
Two hospitals 148 patients Radiomics + XGBoost 0.87 (overall) 

Wang Y. et al. (2025) 

[25] 
18F-FDG 

PET/CT 
Single-center 218 patients ConvNeXt DL + radiomics + 

clinical fusion 
0.821 (CRD model) 

Cao P. et al. (2025) 

[26] 
MRI (brain 

metastasis) 
Single-center 288 patients ResNet34 features + LASSO 

radiomics 
0.936 (validation) 

Wu J. et al. (2024) 

[27] 
CT radiomics + 

DL 
Four centers 438 patients Habitat radiomics + DL 

nomogram 
0.917 (training); 

0.809 (external) 
Yao X. et al. (2024) 

[28] 
18F-FDG 

PET/CT 
Single-center 202 patients ResNet deep features + 

PyRadiomics + SVM 
0.94 (PET/CT fusion) 

Shao X. et al. (2024) 

[29] 
18F-FDG 

PET/CT + 

clinical 

Two centers 516 patients 3D CNN (transfer learning) + 

clinical fusion 
0.883 (training); 

0.730 (test) 

Xu J. et al. (2025) 

[30] 
CT + WSI 

(multimodal) 
Two institutions 396 patients Deep learning multimodal 

feature-interaction fusion 
0.856 (internal); 

0.817 (external) 

† Conference abstract with an extractable metric, included per the eligibility criteria in Section 2.3; no accompanying full-length 

peer-reviewed report was identified for this study. 

 

Reported AUC also varied by modality. Histopathology-based models reached a median AUC of 

0.826 (mean 0.828; range 0.682-0.933) across seven studies. Radiology-based models reached a 

median AUC of 0.910 (mean 0.892; range 0.821-0.940) across eleven studies. Across all nineteen 

studies with a comparable AUC, the median was 0.883 (mean 0.867; range 0.682-0.940). 

Radiology-based models reached a somewhat higher median AUC than histopathology-based 

models, though the two distributions overlap substantially, as Figure 3 shows. 

Figure 3 compares the reported AUC point estimates across all nineteen studies, grouped by 

modality. Confidence intervals are not shown, because most studies did not report per-study 

variance. A formal pooled meta-analysis, with 95% confidence intervals and I² heterogeneity, was 

not performed for this reason. Two related meta-analyses already cover parts of this literature. Ma 

et al. pooled seventeen 18F-FDG PET/CT radiomics studies and reported a sensitivity of 0.76, 

specificity of 0.78, and AUC of 0.84 for EGFR prediction [8]. Fuster-Matanzo et al. pooled fifty-

one CT radiomics studies across EGFR, ALK, and KRAS, and reported an EGFR sensitivity of 

0.754 for radiomics-only models, rising to 0.806 once clinical data were added [10]. 
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Figure 3. Reported AUC point estimates for the nineteen included studies, grouped by modality. Filled circles show 
the primary or internal AUC; hollow circles show external or independent validation AUC, where reported. This is a 
descriptive comparison, not a pooled meta-analytic estimate. 
 

3.2 Histopathology-Based EGFR Prediction 

Coudray et al. trained an Inception-v3 CNN on TCGA whole-slide images. The model classified 

tumor subtype and predicted the ten most commonly mutated genes in LUAD. For EGFR, it 

reached an AUC of 0.826-0.856 on held-out test data [5],[6]. 

Later studies used attention-based multiple instance learning (MIL). MIL aggregates thousands of 

image patches per slide into one slide-level prediction, and also assigns attention weights to 

informative regions. Tomita et al. reached an AUC of 0.799 on an internal cohort, but only 0.686 

on external CPTAC-3 validation [13]. This gap between internal and external performance repeats 

across the literature. 

Park et al. built an EGFR mutation prevalence (EMP) score from patch-level MIL predictions. 
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High EMP scores matched papillary and acinar histology patterns. Low scores matched solid 

growth patterns [14]. This gave a biologically plausible basis for the model's predictions. 

Recent studies use stronger backbones, such as DenseNet201 or Vision Transformer-based 

foundation model encoders, on larger or multi-center training sets. Shao et al. reached an AUC of 

0.885 using attention-based MIL with DenseNet201 encoding and logistic-regression aggregation 

[16]. Gwal et al. used a pathology foundation-model encoder with attention-based MIL on a small 

Indian cohort of 170 slides. The model reached an AUC of 0.933 internally and 0.965 on an 

independent TCGA external test set [17]. Park (Lunit SCOPE Genotype Predictor) trained on more 

than 12,000 WSIs and validated across 1,461 and 599 patients from eleven countries. The model 

reached AUCs of 0.905 and 0.860, with 90.4% scanner concordance [18]. 

In contrast, weakly supervised pipelines without annotation reached lower AUCs of 0.66-0.68 for 

EGFR prediction on smaller single-center cohorts. The same pipelines reached an AUC above 0.95 

for the easier task of subtyping adenocarcinoma versus squamous cell carcinoma [15]. This shows 

that EGFR prediction is harder than subtyping. 

Ho et al. used deep segmentation of growth patterns. Acinar patterns were enriched for EGFR 

mutations. Solid patterns were depleted of EGFR mutations and enriched for TP53 mutations 

instead [31]. This gives a pattern-level explanation for why EGFR status is learnable from tissue 

shape. 

3.3 Radiology-Based EGFR Prediction 

Wang et al. trained an end-to-end CNN on 14,926 CT images from 844 patients. The model 

reached AUCs of 0.85 and 0.81 in primary and independent validation cohorts [19]. The deep-

learning score differed between EGFR-mutant and wild-type tumors. 

Radiomics-only models extract hand-crafted features, such as texture and shape, from segmented 

tumors. These models generally perform worse than deep-learning or fusion models. Zhang et al. 

found that a CNN using a radiomics feature map (AUC 0.910 internal, 0.841 external) 

outperformed a plain CNN and classical machine-learning baselines [20]. 

Fusion of radiomics and deep-learning features gives consistently better results than either alone. 
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Jiang et al. found that a Vision Transformer fused with radiomics reached an AUC of 0.910, higher 

than radiomics alone (0.792) or the Vision Transformer alone (0.870) [21]. Huang et al. tested 

intratumoral and peritumoral regions across five margin widths. A soft-voting ensemble of 3D 

deep-learning and radiomics models reached AUCs of 0.925 internal and 0.889 external [22]. 

PET/CT studies show the same pattern. Wang et al. found that adding a deep ConvNeXt-derived 

score to a clinical-radiomics model raised the AUC from 0.739 to 0.821 [25]. A meta-analysis of 

seventeen 18F-FDG PET/CT radiomics studies (3,763 patients) reported a pooled sensitivity of 

0.76, specificity of 0.78, and AUC of 0.84 for EGFR prediction [8]. Deep-learning-based feature 

extraction was a major source of heterogeneity across these studies. 

Some studies focused on CT phenotypes linked to EGFR status. For pure ground-glass opacity 

nodules, deep learning combined with clinical variables reached an AUC of 0.85. This is higher 

than radiomics alone (0.64) or clinical variables alone (0.50) [23]. For brain metastasis from lung 

adenocarcinoma, a deep-learning-augmented MRI radiomics signature reached a validation AUC 

of 0.936 [26]. 

A broader systematic review and meta-analysis covered 124 studies (51 meta-analyzed) predicting 

EGFR, ALK, and KRAS status from CT radiomics in NSCLC. For EGFR, the pooled sensitivity 

was 0.754 for radiomics-only models, rising to 0.806 when clinical data were added [10]. Meta-

regression found no significant benefit from adding clinical variables. This differs somewhat from 

the fusion-model gains seen in the individual studies above, but supports the same general direction: 

models that combine feature types outperform single-feature models. 

Three further studies extend this fusion pattern. Wu et al. combined habitat radiomics, deep 

learning, and clinical variables in a four-center study of 438 patients. Their nomogram reached 

AUCs of 0.917, 0.837, and 0.809 in training, validation, and external test sets [27]. Yao et al. fused 

shallow radiomics features with deep ResNet features from 18F-FDG PET/CT in 202 patients. The 

combined model reached an AUC of 0.94, well above shallow features alone (0.68) [28]. Shao et 

al. built a three-stream model fusing PET, CT, and clinical data with transfer learning in 516 

patients, reaching an AUC of 0.883 in training but only 0.730 on an independent test set [29]. This 
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test-set drop again illustrates the internal-to-external generalization gap seen throughout this 

literature. 

3.4 Multimodal (Radiology + Histopathology) Fusion 

One study in this review combined radiology and histopathology directly, rather than treating them 

as separate modalities. Xu et al. built a deep learning multimodal feature-interaction fusion (DL-

MFIF) model. It integrates macroscopic CT features with microscopic whole-slide histopathology 

features, in 396 patients with advanced-stage lung adenocarcinoma from two institutions [30]. The 

fused model reached an AUC of 0.856 internally and 0.817 on external validation. This 

outperformed single-modality baselines built from the same data. 

This is an early proof of concept, not an established approach. The cohort was restricted to 

advanced-stage disease, which raises concern about spectrum bias. Only one study in this review 

attempted this kind of fusion. Combining radiology and histopathology in one model remains a 

promising but largely untested direction for EGFR prediction. 

3.5 Model Architectures and Methodological Trends 

The histopathology literature shows three model generations. The first used patch-level CNNs, 

such as Inception-v3, with simple average pooling to slide level. The second used attention-based 

MIL frameworks. Clustering-constrained-attention MIL (CLAM) is the most influential example. 

CLAM uses attention to classify slides and locate relevant regions, using only slide-level labels 

[32]. Later work refined instance discrimination, attribute-aware attention, and prototype-based 

interpretability [33], [34]. 

One large benchmarking study compared MIL and classical weakly supervised pipelines across 

six mutation-prediction tasks. For mutation prediction specifically, classical pipelines 

outperformed several MIL methods, despite MIL's theoretical advantages [35]. This shows that 

empirical benchmarking matters more than architectural complexity alone. 

The third generation uses large self-supervised pathology foundation models as feature extractors. 

Examples include UNI, pretrained on over 100 million images from 100,000 WSIs [36]; CONCH, 

a vision-language model pretrained on 1.17 million image-caption pairs [37]; CHIEF, pretrained 
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on 60,530 WSIs across nineteen anatomical sites [38]; and TITAN, a multimodal model that adds 

pathology reports and synthetic captions [39]. The two studies in this review that used strong 

pretrained encoders, Gwal et al. and Shao W. et al., rank among the strongest histopathology results 

rather than training a CNN from scratch [17], [16]. This matches independent benchmarking 

showing that foundation-model feature extractors outperform end-to-end training in low-data 

clinical tasks [40], [41]. 

3.6 Interpretability and Model Transparency 

Most included studies addressed interpretability through attention heatmaps or Grad-CAM 

saliency maps. Attention heatmaps were used to check that high-attention regions matched known 

histology patterns, such as papillary or acinar architecture in EGFR-mutant tumors [14], [31]. Shao 

W. et al. also reported calibration curves and decision curve analysis to assess clinical benefit 

beyond AUC alone [16]. 

The wider explainable-AI literature raises some caution. Comparative studies found that Grad-

CAM saliency maps often lack the detail needed for confident clinical interpretation, compared 

with pixel-level methods [42]. Grad-CAM's explanatory value in medical imaging remains 

contested [43]. A meta-analysis of 67 studies across radiology, pathology, and ophthalmology 

found that common post-hoc methods (SHAP, LIME, Grad-CAM) vary in fidelity and stability 

under noise. Inherently interpretable models typically lose 5-7% AUC compared to black-box 

models [44]. None of the EGFR-specific studies in this review tested the fidelity or stability of 

their explanations. This is a clear gap between the wider XAI literature and current practice in this 

application. 

 

4. DISCUSSION   

This review addressed three questions, stated in Section 1. For RQ1, histopathology-based models 

used CNNs, attention-based MIL, and pathology foundation models, with AUCs from 0.682 to 

0.933. Radiology-based models used radiomics, deep features, and their fusion, with AUCs from 

0.821 to 0.940. Fusion approaches and foundation-model encoders gave the strongest and most 
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externally stable results. For RQ2, most studies used attention heatmaps or Grad-CAM for 

interpretability. Few tested whether these explanations were reliable, and few applied a formal 

risk-of-bias tool. For RQ3, the main barriers are small, single-institution cohorts, limited external 

validation, and untested interpretability methods. The rest of this section discusses these findings 

in more depth. 

Table 4 synthesizes the key differences across the three modalities covered in this review. 

Table 4. Cross-modality synthesis of histopathology-, radiology-, and multimodal-based EGFR prediction. 

Dimension Histopathology Radiology Multimodal 
Studies (n) 7 11 1 

Median AUC (mean; 

range) 
0.826 (0.828; 0.682-0.933) 0.910 (0.892; 0.821-0.940) 0.856 (single study) 

Risk of bias 

(QUADAS-2) 
1 low, 6 some concerns 9 some concerns, 2 high 1 high 

Dominant 

architecture trend 
CNN, then attention-based MIL, 

then pathology foundation-

model encoders 

Hand-crafted radiomics, then 

radiomics fused with deep-learning 

features 

Feature-interaction fusion 

combining CT and whole-slide 

histopathology 
Foundation-model 

use 
2 of 7 studies (Gwal et al.; Shao 

W. et al.) 
None reported None reported 

Key insight Foundation-model encoders 

gave the strongest and most 

externally stable results, despite 

small training sets. 

Fusing radiomics with deep-learning 

features consistently outperformed 

either feature type alone. 

An early proof of concept; only 

one restricted, advanced-stage 

cohort has been tested. 

 

This review combined nineteen studies on deep learning for EGFR prediction from lung 

adenocarcinoma images. Three patterns stand out. First, performance is consistently above chance 

and often clinically useful (AUC 0.682-0.940). Performance depends strongly on cohort size, 

imaging modality, and whether external, multi-institution validation was done. Studies validated 

only on internal splits from one institution reported AUCs 5-15 points higher than the same or 

similar models tested on external cohorts [13,20,27,29]. This gap likely reflects institution-specific 

staining, scanner hardware, and patient population, rather than a true difference in how learnable 

EGFR-linked morphology is. 

Second, fusion consistently outperforms single-modality approaches. This holds for radiomics 

fused with deep features in radiology [21], [22], [25], [27], [28], and for strong pretrained encoders 

fused with attention-based aggregation in histopathology [16], [17]. One study went a step further 

and fused radiology with histopathology directly, reaching an AUC of 0.86 [30]. This is only one 
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study, on a restricted advanced-stage cohort, so it should be read as an early signal rather than a 

proven approach. Hand-crafted and learned features appear to carry complementary information 

across modalities. Future work should extend this cross-modality fusion to larger, more 

representative cohorts. 

Third, the field is moving from bespoke CNN training toward transfer learning from large 

pathology foundation models. This shift matters for EGFR prediction, a domain-specific, rare-

outcome task. Most single institutions have only a few hundred mutation-labeled slides, too few 

to train a large network from scratch without overfitting. Foundation-model-based approaches in 

this review reached among the strongest and most stable results, despite small task-specific 

training sets [17]. This matches broader benchmarking evidence that pretraining data diversity, not 

task-specific data volume, drives downstream performance in computational pathology [40]. 

Population representativeness is a separate concern for EGFR prediction. EGFR mutation 

prevalence differs between Asian and non-Asian populations [3,4]. A model trained mostly on one 

population's tissue and imaging features may not transfer to a population with different mutation 

prevalence and tumor biology. Only one study in this review tested cross-population generalization, 

using an Indian cohort validated against the mostly Western TCGA dataset [17]. This remains an 

underexplored area, especially for research groups in Southeast Asia and other under-represented 

settings. 

Interpretability practice in this literature lags behind the wider explainable-AI field. Attention 

heatmaps and Grad-CAM visualizations are common, but no EGFR-prediction study tested their 

fidelity or stability. The wider medical-imaging XAI literature shows that such explanations can 

be unstable or only weakly informative about model reasoning [42], [43], [44]. Clinical trust and 

regulatory approval will likely depend on faithful explanations, not just visually plausible ones. 

This is a clear and fixable gap for future EGFR studies. 

 

5. LIMITATIONS  

This review used one search platform: Consensus, which combines Semantic Scholar, PubMed, 
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Scopus, and arXiv. It did not run separate, reproducible searches in each database with exact, date-

stamped queries. This fits the scope of a rapid review, but it limits reproducibility. A full systematic 

review should redo the search per database. It should document the exact search strings, dates, and 

hit counts, with a full PRISMA flow diagram. 

Figure 3 shows AUC point estimates only. Most included studies did not report a confidence 

interval or standard error for their AUC. Without this variance data, a formal pooled meta-analysis 

with 95% confidence intervals and I² heterogeneity could not be computed. A future update should 

contact study authors or extract raw confusion-matrix data where possible. This would allow 

proper pooling. 

The QUADAS-2 risk-of-bias assessment (Table 4) was performed by a single reviewer rather than 

independently by two reviewers with adjudication of disagreements, which is the recommended 

practice for systematic reviews. This may introduce assessor-specific bias into the risk-of-bias 

ratings reported here. 

 

6. CONCLUSION 

This review analyzed nineteen studies on deep learning for EGFR mutation prediction from 

histopathology and radiology images in lung adenocarcinoma. Attention-based multiple instance 

learning, pathology foundation models, and radiomics-deep learning fusion produced the strongest 

and most externally valid results, with AUCs up to 0.933-0.940 in the best-validated studies. A 

single early study also showed that fusing radiology with histopathology directly is feasible, 

reaching an AUC of 0.86. Small cohorts, limited external validation, spectrum bias in some 

subgroup-restricted studies, and untested interpretability methods remain the main barriers to 

clinical use. 

Future work should prioritize four directions. First, multi-institution cohorts with pre-registered 

external validation. Second, systematic benchmarking of pathology and radiology foundation 

models specifically for EGFR prediction. Third, larger-scale radiology-histopathology fusion 

studies, built on more representative, non-restricted cohorts. Fourth, quantitative testing of 
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attention- and Grad-CAM-based explanations, rather than visual inspection alone. Addressing 

these gaps would move image-based EGFR prediction from a promising research direction toward 

a validated adjunct to molecular testing. 
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