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Abstract 

Background: This study sought to construct a deep-learning pipeline using an attention 

mechanism and multiple-instance learning (MIL) to predict early treatment response to 

epidermal growth factor receptor-tyrosine kinase inhibitors (EGFR-TKIs) directly from 

routinely available hematoxylin-eosin (H&E) whole-slide images (WSIs) of pretreatment 

tissue in patients with EGFR-mutant lung adenocarcinoma (LUAD). 
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Methods:We retrospectively obtained clinicopathological data from 100 patients with 

EGFR-mutant lung adenocarcinoma. The framework employed ResNet-50 for feature 

representation and integrated a gated-attention pooling mechanism for feature 

aggregation at the patient level. This weakly supervised approach does not require pixel-

level manual annotations and enables direct slide-level prediction of drug resistance. 

Results: The proposed gated-attention framework attained an area under the receiver 

operating characteristic curve (AUC) of 0.891 in 5-fold cross-validation, outperforming 

conventional mean-pooling, max-pooling methods, and Transformer-based architectures 

such as TransMIL. Ablation analyses showed that the explicit identification of 

discriminative histopathological areas is essential for capturing the spatial variability 

within tumor specimens. Using Grad-CAM visualization and HoVer-Net-based nuclear 

morphometric analysis, the model captured a latent morphologic risk phenotype 

associated with drug resistance. The resistant group exhibited higher cellular density, 

greater architectural disorder, greater nuclear areas (78.3 ± 22.1 μm²), higher nuclear-to-

cytoplasmic ratios, and higher chromatin-texture entropy. In addition, this phenotype was 

closely associated with TP53 co-mutation enrichment (62.5% in the resistant group vs. 

38.3% in the sensitive group), indicating underlying genomic instability. 
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Conclusion: This study demonstrates that a lightweight and weakly supervised 

computational-pathology framework can support the early estimation of EGFR-TKI 

treatment response. This pipeline is noninvasive and scalable, provides biologically 

explainable outputs, and may offer a practical clinical decision-support tool for precision 

oncology. 

Keywords: Lung adenocarcinoma; EGFR-TKI resistance; Computational pathology; 

Deep learning; Multiple instance learning 

Introduction 

Lung cancer continues to be the leading cause of cancer-related mortality worldwide, 

with lung adenocarcinoma (LUAD) representing its most common histologic subtype [30]. 

Activating mutations in the epidermal growth factor receptor (EGFR), mainly exon 19 

deletions and L858R point mutations, define a clinically actionable molecular subset of 

LUAD [31, 34]. EGFR tyrosine kinase inhibitors (EGFR-TKIs) have substantially improved 

outcomes in this population, producing notable gains in progression-free survival and 

overall survival [1, 2, 17]. However, nearly all cases eventually experience disease 

progression due to intrinsic or acquired resistance, thereby constraining long-term 

therapeutic benefit. 

Mechanisms of EGFR-TKI resistance are heterogeneous, and include secondary 

EGFR mutations (e.g., T790M, C797S), activation of bypass pathways (e.g., MET or 

HER2 amplification), epithelial–mesenchymal transition, and remodeling of the tumor 

microenvironment [3, 5]. Current clinical practice largely relies on tissue- or liquid-biopsy-

based molecular testing assays including next-generation sequencing and PCR to detect 

resistance-associated mechanisms [6–8]. While clinically useful, these approaches remain 
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constrained by invasiveness, cost, sampling bias, and limited ability to capture 

spatiotemporal tumor variability [9]. 

Although radiologic imaging and radiomics have been explored for EGFR mutation 

prediction, they remain inadequate for resolving cellular and tissue-level histopathologic 

variability that underlies treatment response [12, 34]. Therefore, there is an unmet clinical 

need for a scalable, noninvasive, and cost-effective approach capable of predicting 

EGFR-TKI treatment response directly from routinely available hematoxylin-eosin 

(H&E)-stained WSIs [9, 10]. 

Recent advances in computational pathology and deep learning have enabled 

extraction of clinically relevant molecular and prognostic signals from H&E images [10, 13, 

33]. Specifically, weakly supervised multiple-instance learning (MIL) frameworks have 

become a leading paradigm for WSI analysis because they do not require pixel-level 

annotations [13–15, 10]. However, most previous studies have focused on mutation-status 

estimation rather than clinically actionable outcomes such as treatment response or 

resistance phenotype [10, 33]. In addition, the biological interpretability of deep-learning-

derived histology remains incompletely understood.  

Here, we developed an attention-based MIL pipeline for predicting EGFR-TKI 

resistance directly from pretreatment H&E WSIs of EGFR-mutant LUAD with ResNet-

50-based feature representation and gated-attention pooling [19, 13], enabling slide-level 

estimation without pixel-level annotations. We further employed Grad-CAM 

visualization and HoVer-Net-based nuclear morphometric profiling to characterize 

histologic features underlying framework predictions [25, 27]. Overall, we aimed to develop 
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an explainable computational pathology model for early stratification of EGFR-TKI 

response and link histomorphologic patterns to tumor biology. 

Methods 

Patient cohort and tissue specimens 

We retrospectively obtained H&E-stained histopathologic specimens from 100 patients 

with EGFR-mutant lung adenocarcinoma at two centers: Shijiazhuang People0 

patienerlying Hengshui Peoplei Peoplent lung adenocarcinoma at two centers: ShAll 

included patients had undergone surgical resection or biopsy, and EGFR mutation status 

was verified by PCR-based assays or NGS. Treatment response was evaluated according 

to RECIST version 1.1 criteria at 12 weeks after EGFR-TKI initiation. Demographic 

characteristics, smoking history, specimen type, clinical stage, predominant histologic 

pattern, molecular testing method, EGFR mutation subtype, first-line EGFR-TKI regimen, 

TP53 co-mutation status, and Ki-67 labeling index were derived from electronic medical 

records and the pathology information system. 

The cohort was categorized into two groups: (1) EGFR-TKI resistant (𝑛 = 40), 

defined as cases with EGFR-sensitizing mutations who showed progressive disease or 

stable disease with a best response of less than 10% reduction during the first 12 weeks of 

TKI therapy; and (2) EGFR-TKI sensitive (𝑛 = 60), defined as patients with verified 

EGFR-sensitizing mutations (exon 19 deletion or L858R) who achieved a partial or 

complete response. For each patient, formalin-fixed paraffin-embedded (FFPE) tissue 

blocks were sectioned and stained using a standard H&E protocol. 



6 

 

Digital pathology and image preprocessing 

Stained tissue sections were scanned with an Aperio AT2 whole-slide scanner at 40×× 

magnification (0.25 ߤμm/pixel) [9, 28]. Quality control was conducted by a board-certified 

pathologist (X.C.) who excluded slides showing substantial artifacts, tissue folding, or 

defocused areas. 

Tissue areas were separated from background with Otsuue areas were 

separatedapplied to the saturation channel in HSV color space. Nonoverlapping patches 

of 512 × 512 pixels were derived from segmented tissue regions at 20×× equivalent 

magnification (0.5 ߤμm/pixel) [29, 9]. Patches with less than 70% tissue content were 

excluded. Color normalization was performed using the Macenko method to minimize 

interslide staining variability, with a reference image chosen from slides with median 

staining intensity. 

For each patient, we derived a mean of 345 ± 128 H&E patches. During training, 

100 patches were randomly sampled for each patient in each epoch; all accessible patches 

were used for inference. 

Model architecture 

The proposed architecture (Fig. 1) uses a patient-level, single-stream H&E workflow. 

Tissue areas are first segmented from the WSI, extracted as H&E patches, augmented, 

normalized with the Macenko method, and processed with a ResNet-50 feature encoder. 

Patch-level embeddings are then aggregated by gated-attention MIL into a slide-level 

representation, which is subsequently passed through a two-layer MLP, dropout 

regularization, and a linear classifier to generate a sigmoid resistance probability. The 
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trained attention scores are preserved as an attention heatmap for framework 

interpretability. 

Feature extraction 

The framework uses a ResNet-50 backbone pretrained on ImageNet [28, 16], with the final 

fully connected layer removed. For each patient, let {ݔ௜}௜=1ே  denote the set of H&E 

patches. Each patch is processed independently by the encoder to generate a 2048-

dimensional feature representation: 

ℎ௜ = ;௜ݔ)݂ (ߠ ∈ ℝ2048 (1) 

Gated attention pooling 

Patch-level features are aggregated to form a slide-level representation with gated-

attention pooling: 

ܽ௜ = exp{்ܟ(tanh(܄ℎ௜) ⊙ sigm(܃ℎ௜))}∑ expே௞=1 (ℎ௞܄)tanh)்ܟ} ⊙ sigm(܃ℎ௞))} (2) 

ݖ =∑ܽ௜ே
௜=1 ℎ௜ ∈ ℝ2048 

(3) 

where ܄ ∈ ℝ256×2048, ܃ ∈ ℝ256×2048, and ܟ ∈ ℝ256 are trainable parameters. The 

gating mechanism (sigmoid) modulates the attention signal (tanh), allowing the 

framework to down-weight uninformative patches. 
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Classification head 

The slide-level representation ݖ  is processed using a two-layer MLP with a hidden 

dimension of 256 and ReLU activation: 

௢௨௧ݖ = 2ܹ ⋅ ReLU( ݖ1ܹ + ܾ1) + ܾ2 (4) 

where 1ܹ ∈ ℝ256×2048  and 2ܹ ∈ ℝ256×256 . A dropout layer (݌ = 0.5) regularizes 

the MLP output before a linear classifier generates a single scalar logit, which is 

converted by a sigmoid function into the EGFR-TKI resistance probability: 

ݕ̂ = ௖்ݓ ௢௨௧ݖ + ܾ௖ (5) 

The framework is trained with binary cross-entropy loss with class-balanced 

weighting to account for class imbalance: 

ℒ = ோݓ]− ⋅ ((ݕ̂)ߪ)logݕ + ௌݓ ⋅ (1 − log(1(ݕ −  (6) [((ݕ̂)ߪ

where ߪ is the sigmoid function, ݓோ = ௧ܰ௢௧௔௟/(2 ⋅ ோܰ), and ݓௌ = ௧ܰ௢௧௔௟/(2 ⋅ ௌܰ). 

 

Fig. 1 Overview of the proposed single-stream H&E attention MIL architecture. Patient-

level H&E WSIs are segmented into tissue patches, augmented, and Macenko-normalized 
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before being passed into a ResNet-50 encoder. The encoder generates patch embeddings 

with shape [ܤ, ܰ, 2048], which are subsequently aggregated by gated-attention MIL into 

a slide-level vector ݖ with shape [ܤ, 2048]. The slide-level vector is passed through a 

two-layer MLP (a hidden dimension of 256), dropout regularization (݌ = 0.5), and a 

linear classifier to produce a sigmoid EGFR-TKI resistance probability. The output is 

interpreted as a resistant or sensitive response, while the learned attention scores provide 

attention maps for visualizing informative H&E regions. 

Training protocol 

We used 5-fold stratified cross-validation, preserving the class proportions within each 

fold. Data augmentation comprised random horizontal and vertical flips, random rotations 

(0∘, 90∘, 180∘, 270∘), color jitter (brightness ±0.1, contrast ±0.1, saturation ±0.05), and 

random erasing at a probability of 0.1. 

The framework was optimized with AdamW with an initial learning rate of 1 × 10−4, 

weight decay of 1 × 10−4, and a cosine-annealing schedule with warm restarts over 80 

epochs [16, 20]. Batch size was set to 16 cases per iteration. Early stopping with a patience 

period of 15 epochs was applied according to validation AUC [14]. All experiments were 

performed on a single NVIDIA A100 GPU (40 GB) with PyTorch 2.0 and the timm 

library. 

Baseline models 

To assess the importance of the gated-attention pooling mechanism, we compared it with 

the following MIL aggregation methods, all using the same ResNet-50 backbone: 
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(a) Mean pooling: global average pooling of patch features as the slide-level 

representation. 

(b) Max pooling: element-wise maximum across all patch features. 

(c) ABMIL: standard attention-based MIL without gating [13]. 

(d) CLAM: clustering-constrained attention MIL with instance-level clustering loss 

[14]. 

(e) TransMIL: Transformer-based MIL using self-attention across patch tokens with 

positional encoding [15, 20]. 

We also assessed alternative backbone architectures, including DenseNet-121, 

EfficientNet-B3, and a Vision Transformer (ViT-B/16) pretrained on ImageNet-21k [16, 20]. 

Evaluation metrics 

Model performance was assessed with the following measures calculated on held-out test 

folds: AUC, balanced accuracy, F1 score, sensitivity, specificity, positive predictive 

value (PPV), and negative predictive value (NPV). Ninety-five percent confidence 

intervals were estimated with 1,000 bootstrap resamples of the test-set predictions. 

Pairwise statistical comparisons between models were performed using DeLong test for 

differences in AUC [24]. 

Model interpretation 

We used gradient-weighted class activation mapping (Grad-CAM) [25] to produce spatial 

activation heatmaps identifying H&E patch regions that contributed to classification. The 
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heatmaps and gated-attention scores were projected onto WSI coordinates to display 

discriminative tissue areas, with attention scores providing a quantitative estimate of each 

patch's contribution to the slide-level prediction. 

To characterize class-associated morphologic features, we applied t-distributed 

stochastic neighbor embedding (t-SNE) to the trained slide-level representations (ݖ) from 

all cases in the test folds. Nuclear segmentation was conducted on high-attention H&E 

patches with HoVer-Net [27] to extract quantitative nuclear morphometric features 

(nuclear size, eccentricity, chromatin texture, and nuclear-to-cytoplasmic ratio) for 

correlation with model-based estimations. 

Results 

Patient characteristics 

The clinical, pathologic, molecular, and slide-level characteristics of the patient cohort 

are presented in Table 1. The median age was 62 years, and 57 of 100 cases (57.0%) were 

male. The resistant and sensitive groups were broadly similar in age, sex, smoking history, 

specimen type, clinical stage, predominant histologic pattern, and number of derived 

H&E patches (all p > 0.05).݌ > 0.05 Of the 100 EGFR-mutant patients, 58 (58.0%) had 

exon 19 deletions and 42 (42.0%) had the L858R point mutation, with a comparable 

profile between the two groups. The resistant group demonstrated a higher proportion of 

TP53 co-mutation than the sensitive group (62.5% vs. 38.3%, p = 0.014) and a higher Ki-

67 labeling index (45.2% ± 18.6% vs. 28.7% ± 15.3%, p = 0.001).݌ = 0.014 ± ݌± <0.001 
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Table 1 Baseline clinical, pathologic, molecular, and slide-level characteristics of the 

patient cohort 

Classification performance 

Table 2 presents the predictive performance of the proposed model and baseline MIL 

aggregation methods. The gated-attention model achieved the highest AUC of 0.891 (95% 

CI: 0.838–0.936), balanced accuracy of 0.821, and F1 score of 0.808. 

Table 2 Classification-performance comparison across MIL aggregation methods (5-fold 

cross-validation) 

Model AUC 

Bal. 

Acc. F1 Sens. Spec. PPV NPV ΔAUC ݌ 

Mean pooling 0.837 0.762 0.748 0.725 0.800 0.725 0.800 −0.054 <0.01 

Max pooling 0.821 0.745 0.731 0.700 0.790 0.709 0.783 −0.070 <0.01 

ABMIL 0.869 0.796 0.783 0.775 0.817 0.756 0.831 −0.022 0.048 

CLAM 0.874 0.801 0.789 0.780 0.822 0.762 0.836 −0.017 0.062 

TransMIL 0.863 0.789 0.776 0.765 0.813 0.749 0.825 −0.028 0.035 

Gated 

attention 

(ours) 

0.891 0.821 0.808 0.800 0.842 0.790 0.849 – – 

Sens., sensitivity; Spec., specificity; PPV, positive predictive value; NPV, negative 

predictive value. Values represent 5-fold cross-validation averages; the confusion matrix 

in Fig. 4 reports pooled case numbers and corresponding row-normalized proportions. 
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ΔAUC is calculated relative to the proposed gated-attention model. Pairwise ݌ values 

were obtained from DeLong test. 

The comparative pattern across baseline models is presented graphically in Fig. 2, 

where the proposed framework demonstrates the highest AUC and F1 among the 

assessed aggregation methods. 

 

Fig. 2 Visual comparison of predictive performance. (a) AUC and F1 scores across MIL 

aggregation methods, with the proposed gated-attention model achieving the highest 

values. (b) Backbone-architecture comparison showing AUC together with training time. 

DeLong test verified that the proposed framework significantly outperformed mean 

pooling and max pooling (݌ < 0.01) and ABMIL (݌ = 0.048). The comparison with 

CLAM was not statistically significant ( ݌ = 0.062 ). Class-specific performance is 

reported in Table 3,including ROC curves, precision-recall profiles, sample-level 

predicted probability distribution and model calibration results (Fig. 3). 
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Table 3 Class-specific diagnostic performance of the proposed framework 

Class 𝑛 AUC (95% CI) Sensitivity Specificity PPV NPV F1 

Resistant 40 0.891 (0.838–0.936) 0.800 0.850 0.780 0.864 0.790 

Sensitive 60 0.891 (0.838–0.936) 0.850 0.800 0.864 0.780 0.857 

        

 

Fig. 3 Patient-level prediction performance of the proposed gated-attention model. (a) 

Receiver-operating-characteristic curve for resistant-versus-sensitive classification, with 

the shaded region showing the 95% bootstrap confidence interval. (b) Precision-recall 

profile, with the dashed line indicating the prevalence of resistance. (c) Distribution of 
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predicted resistance probabilities by true class. (d) Calibration plot comparing mean 

estimated probability with the observed resistance fraction across probability bins. 

Confusion-matrix analysis 

The confusion matrix (Fig. 4) indicated that 32 of 40 resistant cases (80.0%) and 51 of 60 

sensitive cases (85.0%) were correctly classified. Eight resistant cases were incorrectly 

classified as sensitive, and nine sensitive cases were incorrectly classified as resistant. 

 

Fig. 4 Diagnostic classification summary. (a) Confusion matrix showing case numbers 

and row-normalized proportions for resistant and sensitive patients. (b) Per-class 

diagnostic metrics, including sensitivity, specificity, positive predictive value, negative 

predictive value, and F1 score. 

Backbone-architecture comparison 

Table 4 summarizes the effect of backbone architecture on predictive performance. 

ResNet-50 achieved the most favorable balance between performance and computational 

cost. DenseNet-121 yielded a comparable AUC (0.882) but required a longer training 
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time due to memory-intensive dense connections. EfficientNet-B3 performed slightly 

worse (AUC 0.876) despite its parameter efficiency. ViT-B/16 achieved an AUC of 

0.868, which may be attributable to the relatively small sample size limiting the ability of 

Transformer-based architectures to learn discriminative patch-level representations 

without large-scale pathology-specific pretraining. 

Table 4 Effect of backbone architecture on predictive performance 

Backbone Parameters (M) AUC Balanced Acc. F1 Training time (h) 

ResNet-50 23.5 0.891 0.821 0.808 2.8 

DenseNet-121 7.0 0.882 0.809 0.796 3.4 

EfficientNet-B3 10.7 0.876 0.798 0.784 2.6 

ViT-B/16 85.8 0.868 0.786 0.771 4.2 

Ablation analysis 

To evaluate the importance of individual components, we performed ablation 

experiments (Table 5). Replacing gated-attention pooling with mean pooling caused the 

largest performance decrease (AUC − 0.054), confirming that detecting the most 

discriminative patches is essential because of the heterogeneous nature of histopathologic 

specimens. Removing class-weight balancing resulted in a 2.2-point AUC decrease, 

mainly affecting the underrepresented resistant class. Color normalization and data 

augmentation each provided incremental improvements. Using all accessible patches 

instead of random sampling during training slightly reduced performance (AUC −0.008), 

indicating that random patch sampling serves as a regularizer. 
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Table 5 Ablation analysis results 

Configuration AUC Balanced Acc. Δ AUC 

Full model (proposed) 0.891 0.821 – − Gated attention (use mean pooling) 0.837 0.762 −0.054 − Class-weight balancing 0.869 0.793 −0.022 − Color normalization 0.876 0.801 −0.015 − Data augmentation 0.879 0.805 −0.012 − Random patch sampling (use all) 0.883 0.811 −0.008 

Fig 5 provides a concise view of the performance decrease associated with each 

omitted component. 

 

Fig. 5. Ablation analysis of the proposed model. (a) AUC after removing or modifying 

individual components; values in parentheses denote the AUC decrease relative to the full 
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model. (b) Component-wise AUC reduction, highlighting the largest contribution from 

gated-attention pooling. 

Visualization and interpretation 

Model-derived attention heatmaps (Fig. 6) identified distinct high-attention H&E areas 

between the two classes. In resistant cases, high-attention areas visually corresponded 

with areas with increased tumor-cell density and more irregular nuclear morphology, 

whereas sensitive cases demonstrated distinct attention patterns within the representative 

H&E patches. These visualizations were used as interpretability aids rather than 

comprehensive manual pathologic annotations. 

 

Fig. 6 Representative model-interpretability examples for EGFR-TKI resistance 

prediction. Rows indicate resistant and sensitive cases, respectively. Columns show the 

H&E patch, attention heatmap, heatmap overlay, and conservatively annotated high-

attention areas. These examples demonstrate that the model assigns distinct attention 

patterns across resistant and sensitive cases without suggesting exhaustive manual 

histopathologic annotation of the selected regions. 
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The t-SNE projection of trained slide-level representations (Fig. 7) demonstrated 

partial separation between resistant and sensitive clusters, with overlap localized in cases 

with borderline treatment responses. This finding is consistent with the clinical reality of 

a continuum between sensitivity and resistance. 

 

Fig.7  t-SNE projection of slide-level feature representations (ݖ) from all patients across 

test folds, with marginal density distributions along each embedding dimension. Each 

circular point denotes one patient, colored according to the true class label; the 

highlighted diamond indicates a representative borderline case in the overlap region. The 

two groups demonstrate partial separation, indicating that the learned representation 
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captures resistance-associated morphology while retaining overlap compatible with 

clinically borderline responses. 

Nuclear morphometric analysis 

To characterize morphologic features associated with model-based estimations, we 

compared nuclear morphometric features from high-attention H&E patches between 

resistant and sensitive cases with HoVer-Net segmentation (Table 6; Fig. 8). Resistant 

cases exhibited greater nuclear sizes (78.3 ± 22.1 μm² vs. 62.7 ± 18.4 μm², p = 

2ߤ±(0.003 ± ݌2ߤ = 0.003, higher nuclear-to-cytoplasmic (N/C) ratios (0.71 ± 0.14 vs. 

0.58 ± 0.12, p = 0.001)±± ݌ < 0.001 , more irregular nuclear outlines reflected by 

eccentricity (0.82 ± 0.09 vs. 0.74 ± 0.11, p = 0.008)±± ݌ = 0.008 , and higher 

chromatin-texture entropy (5.84 ± 0.71 vs. 5.21 ± 0.65, p = 0.001)±± ݌ < 0.001 . 

Chromatin-texture entropy demonstrated a moderate positive association with the model-

predicted resistance probability (r = 0.58, p < 0.001)ݎ = ݌0.58 < 0.001, indicating that 

nuclear texture features contribute to the trained decision boundary. 

Table 6 Nuclear morphometric features in high-attention H&E areas 

Feature Resistant Sensitive Difference ݌P-value 

Nuclear area (μm²)0.003 15.6+ 18.4± ± 62.7 22.1± ± 78.3 2ߤ 

Nuclear-to-cytoplasmic ratio 0.71 ± 0.14± 0.58 ± 0.12± +0.13 <0.001 

Nuclear eccentricity 0.82 ± 0.09± 0.74 ± 0.11± +0.08 0.008 

Chromatin texture entropy 5.84 ± 0.71± 5.21 ± 0.65± +0.63 <0.001 
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Values are mean ± SD± from high-attention H&E patches segmented with HoVer-

Net. Comparisons were made between resistant and sensitive cases using the Mann-

Whitney U ܷ test. 

 

Fig. 8. Nuclear morphometric analysis of high-attention H&E patches. (a) Nuclear area 

in resistant and sensitive cases (p = 0.003).݌ = 0.003 (b) Nuclear-to-cytoplasmic ratio (p 

݌.(0.001 = < 0.001 (c) Nuclear eccentricity (p = 0.008).݌ = 0.008 (d) Chromatin texture 

entropy versus model-predicted resistance probability, showing a positive association (r = 

0.58, p < 0.001).ݎ = ݌0.58 < 0.001 

Subgroup analysis by EGFR mutation type 

We evaluated whether predictive performance differed between cases with exon 19 

deletions and L858R mutations (Table 7). The framework yielded an AUC of 0.903 (95% 

CI: 0.847–0.949) among exon 19 deletion carriers and 0.871 (95% CI: 0.798–0.932) 

among L858R carriers. The modestly lower performance in the L858R subgroup may 

indicate greater phenotypic variability in this mutation subgroup, as L858R-mutant 

tumors exhibit more variable histologic patterns[4]. 



22 

 

Table 7 Subgroup analysis by EGFR mutation type 

Subgroup 𝑛 (R/S) AUC (95% CI) Sensitivity Specificity 

Exon 19 deletion 58 (22/36) 0.903 (0.847–0.949) 0.818 0.889 

L858R 42 (18/24) 0.871 (0.798–0.932) 0.778 0.833 

All 100 (40/60) 0.891 (0.838–0.936) 0.800 0.850 

Discussion 

Key findings 

The present study proposes a weakly supervised multiple-instance learning (MIL) 

pipeline capable of predicting early treatment responses directly from routinely available 

H&E images without requiring pixel-level annotations [13, 14]. This strategy was designed 

for patients with EGFR-mutant lung adenocarcinoma receiving EGFR-TKI therapy [1, 2]. 

In a retrospective cohort of 100 patients, the framework achieved an AUC of 0.891, 

indicating that routine H&E WSIs contain consistent morphologic signals that can be 

effectively detected by deep-learning models [10, 33, 34, 9]. 

Notably, these signals may not correspond to readily discernible histopathologic 

features [10, 33], but they are consistent with a latent morphologic risk phenotype, which is 

encoded by spatial tumor architecture. Disease progression or poor response within 12 

weeks represents a clinical endpoint that is more closely aligned with the concept of 

primary resistance or early treatment failure than with classical acquired resistance [3]. 

Consequently, the framework primarily reflects baseline intrinsic differences in drug 

sensitivity, rather than later clonal evolution, and may support pretreatment or early-

treatment risk stratification. 
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Methodologically, gated-attention MIL outperformed mean pooling, max pooling, 

and Transformer-based models (TransMIL) [13, 15]. This suggests that in medium-sized 

WSI cohorts predictive performance depends more on the inductive bias introduced by 

explicit informative-instance selection than on global self-attention modeling [15]. The 

ablation experiments also demonstrated that using all patches unexpectedly reduced 

performance, likely because of increased noise, reduced signal specificity, and attention 

dilution as bag size increased. Such findings reinforce the MIL principle that predictions 

are driven by a constrained number of discriminative tissue instances [13]. 

Mechanistic interpretation 

From biological and computational perspectives, interpretability analyses demonstrated 

substantial concordance between Grad-CAM heatmaps and HoVer-Net-based cellular 

segmentation, where the framework focused primarily on regions with nuclear atypia, 

increased cellular density, and architectural disorganization [25, 27]. The quantitative 

morphometric analysis further indicated that resistant/poor-response tumors exhibited a 

greater nuclear size, higher nuclear-to-cytoplasmic ratio, and more irregular nuclear 

contours [27], indicating greater spatial variability and tissue-level remodeling. 

At the genomic level, TP53 co-mutation was also markedly enriched in the 

resistant/poor-response group (62.5% vs. 38.3%, p = 0.014), which is consistent with the 

previous evidence linking TP53 co-mutation, genomic instability, and poor outcomes in 

lung adenocarcinoma [32, 33, 9]. Mechanistically, inactivation of TP53 may impair DNA 

repair and promote chromosomal instability, which may result in remodeling of nuclear 

architecture and enhanced spatial variability. These downstream morphologic alterations 
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are captured by the MIL framework as a latent morphologic risk phenotype, which is 

associated with lower EGFR-TKI sensitivity. This finding suggests that deep-learning 

models do not directly detect molecular alterations, but rather infer genomic instability 

from histopathologic phenotypes [10, 33]. It may be considered as phenotype-mediated 

learning in which tissue-level spatial organization serves as an intermediate 

representation of latent molecular states. The results of subgroup analysis also showed 

superior performance in EGFR exon 19 deletion (19del) than in L858R mutations (AUC 

= 0.903 and 0.871) [34], which may indicate differences in tumor-microenvironment 

complexity and spatial heterogeneity among EGFR subtypes . 

Clinical and methodological implications 

Although the predictive performance and mechanistic interpretability were encouraging, 

the present study had some limitations [9, 10]. There was no independent external 

validation cohort, which may limit generalizability; therefore, it is essential to conduct 

multicenter validation and evaluation using publicly accessible datasets, such as TCGA-

LUAD [30]. Nevertheless, recent pathology foundation models, including Virchow, UNI, 

and CONCH, which are pretrained on large-scale histopathology datasets through self-

supervised learning, provide strong cross-domain generalization [21–23]. 

This supports a more scalable design framework, where a frozen foundation-model 

backbone extracts features, and is combined with a lightweight gated-attention MIL 

classification head to improve robustness across institutions and datasets [21, 22]. In 

addition, the lack of stratification by EGFR-TKI generation may represent an important 
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confounder because different TKI generations have distinct pharmacologic effects and 

resistance landscapes that should be addressed in future multivariable models [2, 3]. 

Because longitudinal histologic and paired molecular data were unavailable, we 

could not directly establish causal links between morphologic patterns and specific 

resistance mechanisms (such as EGFR T790M or MET amplification) [3, 5]. Therefore, the 

current framework should be interpreted as a therapy-related morphologic risk model 

rather than a mechanistic model of molecular resistance pathways. 

Overall, this study demonstrates the feasibility of lightweight MIL-based 

computational pathology models and provides preliminary evidence that multiscale 

modeling can link genomic instability, tumor spatial heterogeneity, and treatment 

response [33]. 

Conclusion 

In summary, we developed a weakly supervised MIL-based computational-pathology 

model capable of predicting early treatment response in EGFR-mutant lung 

adenocarcinoma with standard H&E-stained WSIs alone. The model identifies latent 

morphologic patterns associated with tumor spatial variability and shows robust 

predictive performance without pixel-level annotations. Biologically, these phenotypes 

may indicate underlying genomic instability, particularly TP53-associated chromosomal 

dysregulation, which is manifested as nuclear architectural remodeling and spatial 

heterogeneity. Clinically, this framework may enable early risk stratification before or at 

initiation of EGFR-TKI therapy and underscores the potential for integrating weakly 
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supervised learning with foundation models to build scalable and explainable digital-

pathology systems. 

Detailed model hyperparameters 

Table 8 lists the hyperparameters used in the final model configuration. 

Table 8 Model hyperparameters 
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Table 1 Baseline clinical, pathologic, molecular, and slide-level characteristics of the 

patient cohort 

Characteristic 

Resistant (n = 

40)𝑛 = 40 

Sensitive (n = 

60)𝑛 = 60 

݌ P-

value 

Age, median (range), years (38–77) (41–79)  

Male, 𝑛 (%) (60.0) (55.0)  

Ever-smoking history, 𝑛 (%) (45.0) (36.7)  

Specimen type    

Surgical resection (77.5) (78.3)  

Biopsy (22.5) (21.7)  

Tumor stage    

I (15.0) (20.0)  

II (20.0) (23.3)  

III (35.0) (33.3)  

IV (30.0) (23.3)  

Predominant histological pattern    

Acinar (42.5) (45.0)  

Papillary (20.0) (23.3)  

Lepidic (7.5) (8.3)  

Solid (22.5) (16.7)  
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Characteristic 

Resistant (n = 

40)𝑛 = 40 

Sensitive (n = 

60)𝑛 = 60 

݌ P-

value 

Micropapillary/other (7.5) (6.7)  

EGFR testing method    

PCR-based assay (65.0) (65.0)  

NGS (35.0) (35.0)  

EGFR mutation type    

Exon 19 deletion (55.0) (60.0)  

L858R (45.0) (40.0)  

First-line EGFR-TKI    

Gefitinib (27.5) (31.7)  

Erlotinib (20.0) (20.0)  

Icotinib (22.5) (23.3)  

Osimertinib (30.0) (25.0)  

TP53 co-mutation, n (%)𝑛 (62.5) (38.3) 0.014 

Ki-67 labeling index, mean ± SD 

(%)± 

±45.2 ± 18.6 ±28.7 ± 15.3 <0.001 

H&E patches per patient, mean ± SD 

± 132 ± 125  
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Abbreviations: H&E, hematoxylin and eosin; NGS, next-generation sequencing; 

PCR, polymerase chain reaction; SD, standard deviation; TKI, tyrosine kinase inhibitor. 

Unless otherwise indicated, values are shown as 𝑛 (%). Comparisons used the Mann-

Whitney U ܷ test for continuous variables and the chi-square or Fisher’s exact test for 

categorical variables. 
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Table 8 Model hyperparameters 

Hyperparameter Value 

Input patch size 512 × 512 pixels 

Magnification level 20× (0.5 ߤμm/pixel) 

Backbone architecture ResNet-50 (ImageNet-pretrained) 

Feature dimension (backbone output) 2048 

Attention hidden dimension 256 

MLP hidden dimension 256 

Classifier output 2 (binary) 

Dropout rate 0.5 

Optimizer AdamW 

Initial learning rate 1 × 10−4 

Weight decay 1 × 10−4 

Learning rate schedule Cosine annealing with warm restarts 

Batch size 16 

Maximum epochs 80 

Early stopping patience 15 epochs 

Patches sampled per patient (training) 100 
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