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Abstract

Despite promising results in using deep learning to infer genetic features from histological
whole-slide images (WSIs), no prior studies have specifically applied these methods to lung
adenocarcinomas from subjects who have never smoked tobacco (NS-LUAD) — a molecularly
and histologically distinct subset of lung cancer. Existing models have focused on LUAD from
predominantly smoker populations, with limited molecular scope and variable performance. Here,
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we propose a customized deep convolutional neural network based on ResNet50 architecture,
optimized for multilabel classification for NS-LUAD, enabling simultaneous prediction of 16
molecular alterations from a single H&E-stained WSI. Key architectural modifications included

a simplified two-layer residual block without bottleneck layers, selective shortcut connections,

and a sigmoid-based classification head for independent prediction of each alteration, designed

to reduce computational complexity while maintaining predictive accuracy. The model was
trained and evaluated on 495 WSiIs from the Sherlock-Lung study (70% training with 10%
internal test set for 10-fold cross-validation, and 30% held-out validation set for final evaluation).
For the held-out validation data, our model achieved high areas under the receiver operating
characteristic curve [AUROC] values =0.84-0.93 for detecting 11 features: EGFR, KRAS,

TP53, RBM10mutations, MDMZ2 amplification, kataegis, COKNZA deletion, ALK fusion, whole-
genome doubling, and EGFR hotspot mutations (p.L858R and p.E746_A750del). Performance
was low to moderate for tumor mutational burden (AUROC=0.67), APOBEC mutational signature
(AUROC=0.57), and KRAS hotspot mutations (p.G12C: AUROC=0.74, p.G12V: AUROC=0.55,
p.G12D: AUROC=0.43). Compared to results from established architectures such as Inception-v3
on the same WSiIs, our model demonstrated significantly improved performance for most features.
With further optimization, our model could support triaging for molecular testing and inform
precision treatment strategies for NS-LUAD patients.
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Lung cancer; lung adenocarcinoma; never smokers; driver genes; mutational signatures; whole
slide images; deep learning; artificial intelligence; convolutional neural networks

Introduction

Lung cancer in never-smokers (LCINS), defined as individuals who have never smoked

or smoked less than 100 cigarettes in their lifetime, accounts for 10-25% of lung cancer
cases [1]. Considered separately, LCINS represents the fifth leading cause of cancer-related
mortality globally [2]. LCINS is predominantly classified as adenocarcinoma (here, never-
smoker lung adenocarcinoma, NS-LUAD) and presents distinct clinical, histological, and
molecular characteristics [1, 2]. LCINS is characterized by a high prevalence of targetable
driver mutations, such as in EGFR (identified in 34-55% of cases vs. 7-18% in smoking
related cases), and ALK (rearrangements,4-9% vs. 2—-3%) [2-4].

Molecular testing—especially through next-generation sequencing (NGS)—has become
standard in lung cancer care, primarily to identify targetable driver mutations for which
effective targeted therapies are available. NGS also enables simultaneous profiling of
co-occurring genomic alterations—both actionable and non-actionable—offering a more
comprehensive view of tumor biology. This expanded molecular landscape is critical for
developing combination strategies aimed at improving clinical outcomes and overcoming
therapeutic resistance [5, 6]. However, despite its clinical value, the broad implementation of
NGS remains limited by practical constraints, including diagnostic turnaround time, tissue
availability, and cost, especially in resource-limited settings.
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In this context, machine learning (ML) and deep learning (DL) models offer a scalable,
tissue-sparing, and cost-efficient alternative for predicting molecular alterations directly
from hematoxylin and eosin (H&E)-stained whole-slide images (WSIs), a resource that

is readily available in routine pathology workflows [7]. Proof-of-concept studies—mostly
trained on highly curated public datasets such as The Cancer Genome Atlas or single-
institution datasets—have employed convolutional neural networks (CNNs), including
different variants of ResNet [8] and Inception [9] networks, to predict molecular alterations
from WSIs [10-17]. However, most existing models have focused on a limited subset

of molecular features (e.g., EGFR, KRAS, and ALK mutations), while other clinically
relevant alterations, including hotspot gene variants, copy number alterations, and global
genomic characteristics remain largely unexplored, limiting the potential of DL models as
comprehensive alternatives for broad-panel NGS. Previously reported performances varied
considerably, with area under the curve (AUROC) values ranging from 0.45 to 0.92, and
cross-institutional generalization remains a significant challenge, reflecting the limitations of
single-institution designs and the limited diversity in patient demographics, tissue quality,
and imaging protocols [11-15, 18]. Moreover, previous models were trained with a poor
representation of never-smokers, raising concerns about generalizability to LCINS.

In this study, we proposed a customized deep convolutional neural network—referred to as
the customized multilabel CNN—built upon the ResNet50 [8] architecture. The model was
trained and evaluated using NS-LUAD cases from the Sherlock-Lung study, a large, diverse,
international, multi-institutional cohort [19]. In our held-out validation set, the model

can simultaneously predict accurately 11 genomic alterations from H&E-stained WSIs,
including nonsynonymous mutations, hotspot driver mutations including different genotypes
within the same gene, gene fusions, copy number alterations, mutational signatures, and
global molecular features. This approach provides a robust, scalable framework for image-
based and genotype-specific molecular characterization of NS-LUAD that could be deployed
in clinical settings.

Materials and methods

Sherlock-Lung whole-slide image dataset

The ongoing Sherlock-Lung study, initiated in 2019, recruited confirmed treatment-naive,
NS-LUAD patients from multiple institutions in Asia, Africa, North America, South
America, Europe, and Australia [19]. The study obtained comprehensive clinical data from
medical records, tumor specimens, and H&E-stained WSIs. Tumor samples underwent
whole-genome sequencing (WGS) as previously described [4, 19, 20], and WGS analysis
confirmed the lack of tobacco-associated mutational signatures (i.e., COSMIC Signature
4) in all tumors, verifying the never-smoking status of the cohort [19]. WSIs from 467
individuals were digitized using image scanners from various manufacturers, including
Hamamatsu and Leica.

For this study, we obtained clinical data from medical records provided by participating
centers, including age at tumor diagnosis, sex, tumor stage (American Joint Committee on
Cancer 8th edition), and histologic grade (2020 International Association for the Study of
Lung Cancer system) [21]. We assigned genetic ancestry using WGS data based on genetic
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similarity to 1000 Genomes Project (LKGP) “super population” European, African, East
Asian and Ad Mixed American reference samples via VerifyBamID2 [20].

Of the 552 WSiIs from 467 individual cases, 57 were excluded from the analysis because
they lacked all profiled molecular alterations (other than tumor mutational burden [TMB]),
providing no signal for learning discriminative features. Including these tumors could

have biased the model toward broadly predicting negative results rather than recognizing
morphological features associated with altered phenotypes. The clinical and molecular
characteristics of the excluded lung adenocarcinoma cohort are presented in Supplementary
Table 1. After exclusions, the final dataset included 495 WSIs from 410 cases, including
424 (85.7%) formalin-fixed and 71 (14.3%) frozen samples. Diagnosis and morphological
features were confirmed by at least two lung cancer pathologists for each case.

Image preprocessing pipeline

The WSI dataset was randomly divided into training (7= 346) and held-out validation
(n=149) sets, with each patient contributing WSIs exclusively to one set. Within the
training set, 10% of the slides (n = 35) were reserved for stratified ten-fold cross-validation.
The training set was used for model training, the internal test set (from stratified ten-fold
cross-validation) was used for hyperparameter tuning, and the held-out validation set

was reserved exclusively for final model evaluation. To evaluate differences in baseline
clinical characteristics and molecular feature distributions between the two cohorts, we
used Student’s t-test for continuous variables, and the 2 test for categorical variables. For
categorical variables with fewer than five WSIs in any category, we used Fisher’s exact test.

Non-overlapping 256 x 256-pixel tiles were extracted at 20x magnification using the
OpenSlide Python library, yielding a total of 5,316,629 tiles—3,935,357 from the training
set (including internal test tiles used in ten-fold cross-validation) and 1,381,272 from

the held-out validation set reserved for final evaluation. We did not perform region-level
annotations (e.g., tumor vs. adjacent normal tissue); however, most WSIs predominantly
contained tumor regions. To minimize noise during model training, tiles containing less
than 50% tissue were excluded from the training set. Labels for molecular alterations
were assigned at the patient level, without spatial annotation. Image preprocessing involved
rescaling pixel values to the [0,1] range, along with extensive data augmentation during
training. Augmentation strategies included random rotations, width and height shifts, and
horizontal and vertical flips, aiming to increase data diversity and mitigate overfitting.

The molecular features examined in this study were chosen to capture biological and

clinical relevance for lung adenocarcinoma as previously shown [4, 20, 22]. Specifically,

we considered a variant to be a driver mutation if any of the following criteria were met [22]:
(i) a truncating alteration in a tumor suppressor gene; (ii) a recurrent missense substitution
detected in =3 independent tumors; (iii) a boostDM score >0.5; (iv) annotation as oncogenic
or likely oncogenic in OncoKB; (v) designation as a driver in the TCGA MC3 analysis; or
(vi) prediction as likely pathogenic by AlphaMissense for a missense substitution occurring
in a tumor suppressor gene. The inclusion of molecular features also considered their
prevalence within our dataset. Alterations with very limited representation (<4%) were
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generally excluded from model development; however, selected EGFR and KRAS hotspot
substitutions were retained and analyzed separately.

The resulting molecular feature set captured multiple classes of genomic alterations,
including driver mutations, fusions, and copy number alterations in known lung cancer
driver genes (i.e., TP53, KRAS, EGFR, CDKN2A, MDM2, ALK, RBM10); APOBEC
mutational signature; kataegis; whole-genome doubling (WGD); and TMB. For EGFR and
KRAS, we also considered hotspot events, defined as the most frequently recurrent driver
mutations in our dataset: p.G12C, p.G12V, and p.G12D for KRAS, and p.L858R and
p.E746_A750del for EGFR. Any other EGFR or KRAS driver mutation that was not one
of these predefined hotspot substitutions was classified as a non-hotspot driver mutation.
In total, sixteen molecular features were assigned to each WSI (Table 1). All features were
dichotomized: mutations as wild-type or mutant, and all other features as absent or present,
except for TMB, which was dichotomized at the median value (median: 1.83; range: 0.28—
22.33).

Molecular and Genomic Characterization with Customized Deep Learning Architectures:
Multilabel and Binary Convolutional Neural Networks

We developed a customized ResNet50 [8] architecture designed to reduce computational
complexity while maintaining the core principles of residual learning. The network begins
with a 7x7 convolutional layer with 64 filters, followed by batch normalization, ReLU
activation, and a max pooling layer. The body of the architecture is composed of custom
residual blocks that preserve the foundational ideas of ResNet, including skip connections
and identity mappings. However, unlike the original ResNet50 which employs three-layer
bottleneck blocks (1x1, 3x3, 1x1), our custom design simplifies each residual block to two
convolutional layers, both using a consistent 3x3 kernel size. This design choice maintains
representational power while reducing parameter count and computational overhead. Each
residual block includes two sequential convolutional layers with batch normalization and
ReLU activation, followed by an additive skip connection. When the input and output
dimensions differ due to stride variations, a 1x1 convolution is applied to the shortcut

path to ensure dimensional consistency. This conditional shortcut mechanism ensures that
residual learning is preserved across all stages of the network. Following the residual
blocks, the feature maps undergo global average pooling, which reduces spatial dimensions
and preserves salient features. This is followed by a fully connected layer with 100 ReLU-
activated units, a dropout layer (rate = 0.5) to prevent overfitting, and a final output layer
with sigmoid activation.

In the multilabel classification setting, the output layer comprises 16 sigmoid-activated units,
each representing the probability of a distinct molecular alteration. The model was trained
using the binary cross-entropy loss function applied independently to each output node. This
architecture provides a balance between model capacity and efficiency, making it well-suited
for biomedical datasets where data volume is typically limited. A schematic overview of the
proposed workflow architecture is provided in Fig. 1. The code is publicly available (see
Code Availability).
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For comparison, we developed a binary classification CNN, using the same architecture

but reconfiguring it with a single sigmoid-activated output node to predict the wild-type or
mutant status, or the presence or absence of a specific molecular or genomic characteristic.
Of note, we employed the same training, internal test (cross-validation), and held-out
validation sets for both the multilabel and binary approaches. Although this binary approach
eliminates inter-label competition and allows for focused training on individual labels,

it required training 16 separate models to cover all target alterations, resulting in a
significantly higher computational cost compared to the single multilabel model.

Training, Internal testing (cross-validation) and Validation Procedure

The training, internal testing (cross-validation), and validation procedures for the multilabel
and binary classification models were designed to be consistent and comparable, differing
only in output structure, batch sampling and evaluation metrics. Both models used binary
cross-entropy loss, appropriate for both multilabel (independent binary outputs) and binary
classification tasks. The training, internal testing (cross-validation), and validation datasets
were constructed to be mutually exclusive. Both the training and internal testing (cross-
validation) phases utilized image data in combination with gene and other genomic
variables, while the validation phase relied solely on image data. Training was conducted
using the Adam optimizer with a learning rate of 0.0001 and a batch size of 64. Momentum
was not applied explicitly, consistent with the Adam optimizer’s design. Contrary to an
earlier grid search plan, hyperparameters such as learning rate, batch size, and optimizer
choice were standardized across models to isolate the effect of output structure rather than
optimization configuration. Additionally, early stopping was implemented with a patience
of 15 epochs, and model checkpointing was used to preserve the best model based on
validation binary accuracy. Stratified ten-fold cross-validation was applied to evaluate model
performance reliably across both binary and multilabel classification settings, using AUC as
the performance metric. Given the varying prevalence of molecular features in our dataset—
from common (e.g., EGFR mutations, 44%; APOBEC mutational signature presence, 37%;
TP53 mutations, 29%) to rare (e.g., KRAS p.G12C hotspot mutation, 5%; ALK fusion,
10%)—stratification was essential to preserve label distribution across folds. For multilabel
classification, batch sampling was adapted to balance classes more evenly, improving
learning on rare labels. During inference, optimal classification thresholds were computed
per label using Youden’s index, maximizing the sum of sensitivity and specificity. This per-
label threshold tuning helped mitigate bias from imbalanced label distributions by tailoring
decision boundaries to each class. In contrast, the binary classification model used a single
global threshold, also derived through Youden’s index, simplifying the decision rule for

the single output. In the binary setting, stratification maintained balanced representation of
positive and negative classes for each molecular feature, while for multilabel classification,
a multilabel-stratified approach ensured that the co-occurrence and frequency of multiple
labels per sample were proportionally represented in each fold. This approach mitigated
sampling bias, ensured representative learning subsets, and supported robust model training
and fair comparison across all folds.

Mod Pathol. Author manuscript; available in PMC 2026 March 11.
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Evaluation metrices

To assess the performance of our customized multilabel CNN model, we assessed its ability
to simultaneously predict genomic alterations per sample using a held-out validation dataset.
We computed receiver operating characteristic (ROC) curves, and corresponding AUROC
values. We estimated 95% confidence intervals for AUROC values using 1000 bootstrap
resampling iterations [23, 24]. We also calculated sensitivity, specificity, and Youden’s
index [25]. Youden’s index, defined as sensitivity + specificity — 1, summarizes diagnostic
accuracy, with values ranging from 0 (no discrimination) to 1 (perfect performance). The
optimal classification threshold was determined by maximizing Youden’s index.

We compared our customized multilabel CNN model with established deep learning
architectures—Inception-V3 [15] and standard ResNet50 [13, 26] on the held-out validation
set. Differences in predictive performance, as assessed by ROC curves, were evaluated
using the DeLong method [27]. Multiple comparisons were adjusted using the Benjamini—
Hochberg correction method [28]. All tests were two-sided, with p-value < 0.05 considered
statistically significant. Statistical analyses were conducted using the scipy.stats module in
Python.

Generation of activation scores and heatmaps

Results

We applied the Gradient-weighted Class Activation Mapping (Grad-CAM) technique [29,
30] to produce activation scores over the WSIs, highlighting class-discriminative spatial
regions. Activation scores were derived by multiplying each pixel of the input images with
the corresponding weights from the final convolutional layer of the customized Multilabel
CNN, ranging from 0 (no activation) to 1 (strong activation). These activation scores
represent the model’s confidence that a given tissue region contributes to the prediction

of a specific molecular feature. The resulting scores were visualized using the different
colormaps (e.g., Jet) from Python libraries to depict the spatial localization of predictive
signals.

The heatmaps were generated without pixel- or region-level annotations, using only
slide-level molecular labels. This weakly supervised learning paradigm allows the model

to infer spatial coordinates associated with specific molecular features without explicit
distinction between tumor and normal tissue. The resulting maps highlight predictive
regions irrespective of cellular identity. Supplementary Fig. 1 shows a screenshot of our
interactive web-based tool that displays activation heatmaps for a representative case of

lung adenocarcinoma with a 7P53 mutation in an individual who has never smoked.

The heatmaps were visualized using the OpenSeadragon viewer [31] integrated with the
ImageBox3tiling mechanism [32], enabling interactive exploration of high-resolution WSiIs.

Cohort’s Clinical and Molecular Characteristics

Subjects’ demographic and clinical characteristics as well as prevalence of tumor molecular
features are described in Table 1. Briefly, the median age at diagnosis was 65 years
(range: 26-90), and 77 % (n7=379) of cases were female. Based on WGS-derived genetic

Mod Pathol. Author manuscript; available in PMC 2026 March 11.
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ancestry, this cohort includes 332 (67%) patients of European ancestry from the United
States, Canada, and Europe; 143 (29%) of East Asian ancestry from Hong Kong, Taiwan,
the United States, and Canada; 18 (4%) of admixed American ancestry from Europe

and Canada, and 2 (0.4%) of African ancestry from the United States and Canada. The
prevalence of genomic alterations ranged from ~5% for the KRAS p.G12D hotspot mutation
to ~44% for EGFR mutations consistent with prior observations. We observed no significant
differences in clinical and molecular characteristics between the training/ Internal testing
(cross-validation) and held-out validation sets.

Evaluation of the customized multilabel CNN on the held-out validation set

We evaluated the performance of the customized multilabel model on the Sherlock-Lung
held-out validation set, generating ROC curves for both driver mutations (Fig. 2a) and other
molecular features (Fig. 2b). Corresponding AUROC scores with 95% confidence intervals
are summarized in Table 2. The multilabel CNN model demonstrated high predictive
accuracy (AUROC = 0.8) for EGFR (AUROC = 0.93), KRAS (AUROC =0.92), 7TP53
(AUROC =0.91), RBM10(AUROC = 0.90), EGFRp.L858R (AUROC = 0.92) and EGFR
p.476_A750del (AUROC = 0.86) mutations. Performance was lower across KRAS hotspot
mutations, with AUROC values of 0.74 for p.G12C, 0.55 for p.G12V, and 0.43 for p.G12D,
likely because of their small sample size. For other molecular features, the model achieved
strong performance for MDMZ2 amplification (AUROC = 0.93), Kataegis (AUROC = 0.91),
CDKNZA deletion (AUROC = 0.89), ALK fusion (AUROC = 0.86), and WGD (AUROC

= 0.84), while showing lower performance for TMB (AUROC = 0.67) and APOBEC
mutational signature (AUROC = 0.57).

Sensitivity, specificity, and Youden’s Index for molecular alterations with AUROC = 0.80
are shown in Table 3. Sensitivity was 20.80 for EGFR, EGFR p.L858R, and 7P53
mutations, CDKNZA deletion, MDM?2 amplification, WGD, and kataegis; and reached
0.78 and 0.71 for KRASand EGFR p.E746_A750del mutations respectively. Specificity
was 20.80 for EGFR, EGFRp.L858R, EGFR p.EAT6_AT750del, TP53 RBM10, KRAS
mutations, CDKNZA deletion, MDMZ2 amplification, and ALK fusion and was lower for
kataegis (0.76) and WGD status (0.74).

Comparison with binary and benchmark CNNs on the held-out validation set

Compared with independently trained binary CNNs, which are more computationally
intensive, the customized multilabel model showed near-identical performance across

all features (Table 2, Figure 3), with no evidence of systematic bias, despite reduced
computational complexity. Moreover, the customized multilabel CNN consistently
outperformed Inception-V3 and standard ResNet50 in predicting molecular alterations, with
statistically significant improvements for EGFR (Inception-V3: AUROC = 0.84), KRAS
(Inception-V3: AUROC =0.82, ), TP53(Inception V3: AUROC = 0.86), RBM10 (Inception
V3: AUROC =0.72, ResNet50: AUROC = 0.84), EGFR p.L858R (Inception-V3: AUROC =
0.75, ResNet50: AUROC = 0.87), EGFR p.E476_AT750del (Inception-V3: AUROC = 0.70,
ResNet50: AUROC = 0.76), KRASp.G12C (Inception-V3: AUROC = 0.63), CDKNZA
deletion (Inception-V3: AUROC = 0.82, ResNet50: AUROC = 0.86), MDM~2amplification
(Inception-V3: AUROC = 0.770, ALK fusion (Inception-V3: AUROC = 0.69). For other

Mod Pathol. Author manuscript; available in PMC 2026 March 11.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Saha et al.

Page 9

molecular alterations, the customized multilabel CNN performed comparably or marginally
better than Inception-V3 and ResNet50, although the differences were not statistically
significant (Table 2).

Reconstruction of predicted molecular features from customized multilabel CNN model

To interpret model predictions, we generated Grad-CAM heatmaps overlaid on WSIs of
tumors with representative molecular profiles. Figures 4a and 4b illustrate two examples,
each demonstrating that our customized multilabel CNN accurately predicts multiple
molecular alterations with spatially resolved activation patterns.

Fig. 4a presents a WSI of a tumor harboring an EGFR mutation—specifically the

hotspot p.L858R variant—alongside 7P53and RBM10mutations, confirmed by WGS.

The corresponding heatmaps display strong activation in tumor regions associated with

these alterations predicted by the customized multilabel CNN, with minimal activation
across the remaining molecular features. Similarly, Fig. 4b shows a tumor with confirmed
MDM?2 amplification, ALK fusion, and WGD, each showing high activation, while other
features have low activation scores across the WSI. These examples demonstrate the model’s
specificity in capturing molecularly informative regions within histologically diverse tissue.

To further illustrate fine-grained spatial patterns, Fig. 5 displays high-resolution Grad-CAM
maps for four selected features: 7P53 mutation, EGFR p.L858R, WGD, and KRAS wild-
type status. For 7P53, EGFR p.L858R, and WGD (Figs. 5a, 5b, and 5c), high activation

is consistently observed in tumor cells, while low activation score is observed in adjacent
non-tumor cells. In contrast, Fig. 5d shows a tumor with mucinous histology and KRAS
wild-type status, where low activation is observed throughout the WSI, consistent with the
absence of clear morphologic correlates for this molecular profile. A wild-type KRAS in
mucinous adenocarcinoma is infrequent. This tumor harbored a CDKN2A deletion and ALK
fusion, as well as additional genomic changes.

Together, these visualizations indicate that the model is capable of accurately detect
spatially distinct histopathological signatures associated with specific molecular alterations,
while minimizing false-positive signals in benign or non-informative regions. Example
WSiIs and corresponding heatmaps are publicly accessible via a public interactive web
viewer developed in-house (WSI Image Viewer; Supplementary Fig. 1; available at https://
episphere.github.io/sherlockWSI/#gcsBaseFolder=301f394c-ea68-4a26-829b-88208fffb5c6,
see Code Availability for more details).

Discussion

Current standard-of-care molecular testing methods typically performed through NGS, while
highly informative, remain expensive, time-consuming, and require access to specialized
laboratory and bioinformatics infrastructure. These constraints can delay clinical decision-
making and limit the widespread implementation of precision oncology, particularly in
low-resource settings. In this study, we demonstrate that deep learning models, when applied
to routine H&E-stained WSiIs, can accurately discriminate a broad spectrum of genomic
alterations in NS-LUAD. Using a weakly supervised, annotation-free, customized multilabel
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CNN, we achieved high predictive performance (AUROC = 0.80) for 11 molecular
alterations. These include not only typically tested EGFR, KRAS, and ALK overall
alterations, but also genotype-specific mutations (e.g., EGFR p.L858R, p.E746_A750del),
structural changes (e.g., MDM_Z2 amplification, CDKNZ2A deletion), and genome-wide
features, such as WGD and kataegis. Although some of these genomic alterations are

not currently targetable, they are strongly associated with tumor progression, therapeutic
resistance, or poor prognosis [33-37] and could potentially inform clinical risk stratification
and management. Moreover, our approach can identify molecular alterations in heterogenous
tumors carrying multiple types of genomic alterations at the same time.

To our knowledge, this is the first deep learning model specifically developed for

lung adenocarcinomas in subjects who have never smoked, an increasingly recognized
lung cancer subtype with unique molecular and histologic characteristics. Our models
outperformed the prior commonly used Inception-V3 [15] architecture across multiple key
targets (i.e., EGFR, KRAS, RBM10, EGFRp.L858R, EGFR p.EA76_AT750del, MDM?2
amplification, and ALK fusion), and outperformed or showed similar detection capability
to the standard ResNet50 model previously used to detect a limited number of genomic
alterations [13, 26], which was the basis for our approach. These results highlight

the importance and advantages of tailored model design for histology-based molecular
prediction in NS-LUAD.

Importantly, we trained our model on the large, diverse, multi-institutional Sherlock-

Lung cohort, capturing broad variability in tissue preparation, scanner types, and

patient demographics. This design addresses longstanding concerns about the limited
generalizability of models trained on homogeneous datasets, where performance differences
may arise from batch effects, population differences, or both. By incorporating real-world
heterogeneity, our study design improves model robustness and supports broader clinical
translation. Moreover, our annotation-free framework—which includes both tumor and non-
tumor regions—facilitates scalable integration into routine pathology workflows, where
tumor purity is often variable and manual annotation is labor-intensive and subjective.

By uncovering fine-grained histologic—genomic relationships, our study also underscores
the potential of morphology-based deep learning to bridge pathology and genomics,
suggesting that spatially distinct histologic features reflect the aggregate phenotypic impact
of underlying genetic alterations. To increase interpretability for the morpho-genomic
relationship and address the “black box” nature of deep learning, we developed an
interactive web-based platform that allows for a visual comparison of the model’s attention
heatmaps against the original WSIs (Supplementary Fig. 1) [32], enabling pathologists to
review regions contributing to model predictions. This freely available web tool (see Code
Availability for the URL) was built to facilitate the identification and validation of spatial
patterns that the model associates with specific genomic alterations. Such interpretability

is essential for clinical adoption, enabling collaborative human—Al decision-making, and
bridging the gap between automated inference and expert interpretation and supporting trust
among clinicians and patients [38].
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Despite these strengths, our study has limitations. Rare alterations in NS-LUAD, such

as KRASPp.G12C, KRASp.G12D, KRAS p.G12V, RBM10 mutations, and ALK fusions
were underrepresented (prevalence <10%) in our dataset, potentially limiting predictive
performance. Although we employed data augmentation strategies to address the low
prevalences, future work should incorporate larger datasets as well as explore transfer
learning and transformer-based approaches to improve accuracy for low-prevalence
mutations. This further optimization is needed before clinical integration, particularly for
triage applications, where high sensitivity is critical to minimize false negatives and avoid
missing therapeutic opportunities [39].

Our customized multilabel CNN achieved AUROC values of 0.84-0.93, with sensitivities
up to 0.90 and specificities up to 0.92, for 11 diverse molecular alterations in an
international, multi-institutional cohort, demonstrating that such signals are present and
can be recovered at scale. Given the biological constraints on morphologic visibility

for certain alterations and the use of bulk WGS as the reference standard, expecting
near-perfect sensitivity and specificity for every individual alteration is not a realistic
benchmark for an H&E-only model. However, these results (i) place our model at the
upper end of performance reported in prior studies based on LUAD from smokers—where
corresponding genomic derangements are more likely to be “imprinted” on H&E slides—
and that evaluated a smaller number of molecular features [13, 15, 26]; (ii) are derived
from a large, international, multi-institutional cohort with substantial heterogeneity in tissue
preparation and imaging, reflecting real-world conditions; and (iii) are achieved using a
single multilabel model that simultaneously outputs predictions for 16 alterations. Taken
together, these findings demonstrate that a substantial fraction of the NS-LUAD genomic
landscape is encoded in routine histology and can be recovered at scale. While future
work will further improve detection capability, the tool could already be used to augment
molecular diagnostics—for example, by prioritizing cases for rapid confirmatory testing,
flagging discordant histologic—genomic patterns, and enabling systematic investigation of
morpho-genomic relationships.

Additionally, some alterations, such as the APOBEC signature remained challenging to
predict using both our customized multilabel CNN and other established architectures,
suggesting that not all mutations manifest morphologically in a consistent or detectable
manner [40-42]. Integrating histologic models with orthogonal modalities such as
spatial transcriptomics [43, 44] or multiplex immunofluorescence [45] could provide
deeper molecular context for Al-derived predictions. These multilabel approaches

hold promise for refining histology-based models and improving their biological
interpretability by elucidating how genetic alterations shape tissue architecture and the
tumor microenvironment [46].

In conclusion, we developed a generalizable, annotation-free deep learning model that
accurately predicts a broad range of genomic alterations from routine histology in NS-
LUAD. Our approach offers a cost-effective, scalable solution to augment molecular
diagnostics. This is particularly relevant in resource-constrained settings, where it may
accelerate tissue triaging, enhance clinical decision-making, reduce diagnostic delays, and
expand access to precision oncology.
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Fig. 1. Overview of the workflow for image-based molecular prediction in NS-L UAD.
The diagram illustrates the end-to-end pipeline for histopathology (a) image preprocessing,

(b) deep learning model training, and (c) molecular prediction. (a) Tissue slides were
digitized into WSIs, which were split into training and internal test (cross-validation) set
(n = 346), and a held-out validation set (n = 149). Within the training set (n = 346),

10% of the slides (n = 35) were reserved as an internal test set for stratified ten-fold
cross-validation. Image tiles were extracted from each set, with accompanying bar charts
showing tile distribution. (b) A customized convolutional neural network was trained using
paired image and genomic data (i.e., nonsynonymous mutations, gene fusions, and copy
number alterations in key driver genes (TP53, KRAS, EGFR, CDKN2A, MDM2, ALK,
RBM10), APOBEC mutational signature, and other molecular features [kataegis, whole-
genome doubling, tumor mutational burden], and hotspot mutations in EGFR [p.L858R,
p.E746_A750del] and KRAS [p.G12C, p.G12V, p.G12D]). (c) Model performance was
assessed on the held-out validation set. The training, internal test (cross-validation), and
held-out validation datasets were constructed to be mutually exclusive. Heatmaps were
generated using Gradient-weighted Class Activation Mapping, with representative heatmaps
shown for predictions of EGFR and TP53 mutations.
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Fig. 2. Receiver operating characteristic curvesand corresponding area under the ROC curve
(AUROC) values for the customized multilabel convolutional neural network evaluated on the
held-out validation set (n = 149) of hematoxylin and eosin (H& E)-stained whole-slide images
from the Sherlock-Lung cohort.

(a) driver gene mutations and hotspot variants (EGFR, KRAS, TP53, and RBM10, EGFR
p.L858R, EGFR p.E476_AT750del, KRASp.G12C, KRASp.G12D, KRASp.G12V) and for
(b) other molecular features, including copy number alterations (CDKNZA deletion, MDM?Z2
amplification), gene fusions (ALK), and global genomic characteristics (whole-genome
doubling, APOBEC mutational signature, tumor mutational burden). All predictions were
generated using a single trained multilabel model. The order of alterations presented in the
figure reflects descending AUROC values, from highest to lowest. TMB: Tumor mutational
burden, WGD: Whole-genome doubling.
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Fig. 3. Comparison of predictive performance between multilabel and binary CNNs across
molecular features.

AUROC scores with 95% confidence intervals (Cls) for the multilabel (blue) and

binary (red) CNN models. Each point represents the AUROC for a given feature, with

error bars indicating 95% bootstrap confidence intervals. (a) Driver gene mutations

and hotspot variants (EGFR, KRAS, TP53, and RBM10, EGFR p.L858R, EGFR
p.E476_A750del, KRAS p.G12C, KRAS p.G12D, KRAS p.G12V). (b) other molecular
features, including copy number alterations (CDKNZA deletion, MDMZ2 amplification),
gene fusions (ALK), and global genomic characteristics (whole-genome doubling, APOBEC
mutational signature, tumor mutational burden). The multilabel model achieves comparable
performance to the binary models across all features, despite reduced computational
complexity.
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Fig. 4. Representative activation heatmaps for predicted driver genes and molecular featuresin
NS-LUAD, generated by our proposed multilabel convolutional neural network.

Two held-out validation cases, randomly selected from the n=149 held-out validation set,
are illustrated in panels (a) and (b). Each panel shows the original H&E-stained whole-slide
image alongside the corresponding activation heatmaps for 16 molecular alterations. These
heatmaps highlight either positive or negative predictions of key driver mutations and
molecular features made by our multilabel CNN. In panel (a), the tumor harbors EGFR,
EGFRp.L858R, TP53 and RBMI10mutations. The model correctly predicts the presence
of all four (indicated by red boxes), while the remaining 12 features—including KRAS
variants, CDKNZ2A deletion, MDMZ2 amplification, ALK fusion, whole-genome doubling,
Kataegis, APOBEC, and tumor mutational burden —are predicted absent (blue boxes). In
panel (b), the tumor exhibits MDMZ2 amplification, ALK fusion, and WGD, all of which
are accurately predicted, and the remaining molecular alterations are negative. Activation
heatmaps are color-coded by confidence scores (red = high, blue = low), reflecting the
model’s certainty for each prediction. Notably, these heatmaps were generated without
pixel-level annotations, demonstrating the effectiveness of a weakly supervised training
strategy. Red-highlighted regions indicate the areas the CNN deemed most informative for
classifying each molecular feature. An interactive web-based platform was also developed to
enable real-time visualization of these heatmaps as "digital stains" to assist pathologists in
interpretation (see Code Availability). For details on the heatmap generation methodology,
refer to Methods, section (vii).

Mod Pathol. Author manuscript; available in PMC 2026 March 11.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Saha et al. Page 21

Non-tumor cells

oy
c
3
o
(=)
o
o
»

(d) KRAS-WT

0.0 0.2 0.4 0.6 0.8 1.0

(c) WGD

Fig. 5. Zoomed-in activation maps highlighting spatial correlates of predicted molecular features.
Representative Grad-CAM heatmaps for tumors predicted to harbor () 7P53 mutation,

(b) EGFR p.L858R mutation, (c) whole-genome doubling, and (d) KRAS wild-type status,
overlaid on H&E-stained whole slide images. Insets show magnified regions of interest
with corresponding histologic features. The color bar indicates the intensity score. Higher
intensity indicates a greater probability of being a region enriched with mutations (7P53,
EGFR, KRAS) or additional molecular features (whole-genome doubling). MT: Mutant,
WGD: Whole-genome doubling, WT: Wild-type
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Table 1:
Clinical and molecular characteristics of never-smokers lung adenocarcinomas
Total Training + Internal testing Held-out p-value
(n=495 WSls) (cross-validation) set validation set
N (%) (n=346 WSl s) (n=149 WSls)
N (%) N (%)

Age at Diagnosis (years): Mean (Median, 65 (66, 26 - 90) 65 (66, 26 - 90) 65 (67, 39 - 90) 0.98

Range)

Sex
Male 116 (23) 81 (23) 35 (23) 1.00
Female 379 (77) 265 (77) 114 (77)

WGS-based ancestry
European 332 (67) 236 (68) 96 (64) 0.71
African 2 (0) 1(0) 1(1)
East Asian 143 (29) 98 (28) 45 (30)
Admixed American 18 (4) 11 (3) 7(5)

AJCC 8" edition stage
1 266 (54) 185 (53) 81 (54) 0.88
1l 74 (15) 52 (15) 22 (15)
1l 97 (20) 67 (19) 30 (20)
\% 28 (6) 22 (6) 6 (4)
Unknown 30 (6) 20 (6) 10 (7)

IASL C classification
Grade 1 30 (6) 19 (5) 11 (7) 0.88
Grade 2 94 (19) 66 (19) 28 (19)
Grade 3 213 (43) 150 (43) 63 (42)
Unclassified 158 (32) 111 (32) 47 (32)

Driver Mutations £
EGFR 218 (44) 149 (43) 69 (46) 0.63
EGFR p.L858R 99 (20) 72 (21) 27 (18) 0.53
EGFR p.E746_A750del 71 (14) 45 (13) 26 (17) 0.27
KRAS 92 (19) 62 (18) 30 (20) 0.69
KRAS p.G12C 24 (5) 19 (5) 5(3) 0.42
KRAS p.G12D 27 (5) 18 (5) 9 (6) 0.89
KRAS p.G12V 31 (6) 17 (5) 14 (9) 0.10
TP53 143 (29) 101 (29) 42 (28) 0.85
RBM10 40 (8) 28 (8) 12 (8) 1.00

Other molecular features <
APOBEC 181 (37) 126 (36) 55 (37) 0.95
CDKN2A deletion 86 (17) 61 (18) 25 (17) 0.78
MDM?2 amplification 71 (14) 56 (16) 15 (10) 0.06
ALK fusion 49 (10) 31(9) 18 (12) 0.27
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Total Training + Internal testing Held-out p-value
(n=495 WSls) (cross-validation) set validation set
N (%) (n=346 WSls) (n=149 WSls)
N (%) N (%)
WGD 131 (26) 97 (28) 34 (23) 0.19
Kataegis 127 (26) 93 (27) 34 (23) 0.36
TMB: Mean (Median, Range) 2.45(1.83,0.28 — 22.33) 2.49(1.81,0.28-22.33) 2.34(1.88,0.31-12.11) 0.57

The percentage of slides with a specific molecular alteration. AJCC: American Joint Committee on Cancer, IASLC: International Association for
the Study of Lung Cancer, TMB: Tumor mutational burden, WGD: Whole-genome doubling, WSI: Whole slide image
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Table 2:
Comparing the performance of customized multilabel CNN with established deep learning architectures,

Inception-V3 [15] and ResNet50 [13, 26], using AUROC and 95% confidence intervals [CI] on the held-out
validation dataset (n=149). P-values are from DelLong’s [27] test between the customized multilabel CNN and
other models.

Molecular alterations Customized Inception-V3 p-value ResNet50 p-value
Multilabel CNN | AUROC, 95% ClI AUROC, 95% CI
AUROC, 95% CI

Driver Mutation EGFR 0.93 0.84 <0.01 0.91 0.38
[0.90, 0.96] [0.79, 0.88] [0.88, 0.94]

KRAS 0.92 0.82 <0.01 0.89 0.24
[0.89, 0.95] [0.77,0.89] [0.85, 0.93]

TP53 0.91 0.86 0.02 0.90 0.80
[0.87,0.94] [0.82, 0.90] [0.86, 0.94]

RBM10 0.90 0.72 <0.01 0.84 0.03
[0.86, 0.93] [0.66, 0.78] [0.79, 0.88]

EGFR p.L858R 0.92 0.75 <0.01 0.87 0.04
[0.89, 0.95] [0.69, 0.80] [0.83, 0.91]

EGFR p.E476_A750del 0.86 0.70 <0.01 0.76 <0.01
[0.82, 0.90] [0.64, 0.76] [0.71, 0.81]

KRAS p.G12C 0.74 0.63 <0.01 0.69 0.24
[0.68, 0.80] [0.57, 0.69] [0.63, 0.75]

KRAS p.G12Vv 0.55 0.5 0.18 0.51 0.43
[0.48,0.61] [0.43,0.57] [0.44, 0.58]

KRAS p.G12D 0.43 0.5 0.12 0.45 0.77
[0.37,0.49] [0.40, 0.58] [0.38,0.51]

Molecular Features | CDKN2A deletion 0.89 0.82 <0.01 0.86 0.43
[0.85, 0.93] [77,0.87] [0.80, 0.92]

MDM2 amplification 0.93 0.77 <0.01 0.87 0.09
[0.90, 0.96] [0.71, 0.82] [0.81, 0.93]

ALK fusion 0.86 0.69 <0.01 0.80 0.17
[0.82, 0.90] [0.63, 0.75] [0.73,0.87]

WGD status 0.84 0.81 0.39 0.84 1.00
[0.79, 0.88] [0.74, 0.89] [0.78, 0.90]

Kataegis 0.91 0.87 0.18 0.90 0.80
[0.88, 0.94] [0.81, 0.93] [0.85, 0.95]

APOBEC 0.57 0.55 0.59 0.57 1.00
[0.51, 0.63] [0.47,0.63] [0.49, 0.65]

TMB 0.67 0.63 0.33 0.66 0.90
[0.60, 0.73] [0.55, 0.71] [0.58, 0.74]
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Sensitivity, specificity, and Youden’s Index for molecular features with AUROC values of =0.8 using the

Table 3:

customized multilabel CNN model on H&E-stained WSIs.

Molecular alterations  Sensitivity

Specificity ~ Youden's Index

Driver Mutations ~ EGFR 0.82 0.87 0.70
EGFR p.L858R 0.83 0.86 0.69
EGFR p.E476_A750del 0.71 0.82 0.52
TP53 0.80 0.86 0.65
RBM10 0.78 0.92 0.69
KRAS 0.78 0.91 0.69
Molecular features CDKN2A deletion 0.80 0.83 0.63
MDM2 amplification 0.90 0.81 0.72
ALK fusion 0.78 0.80 0.58
WGD status 0.83 0.74 0.57
Kataegis 0.90 0.76 0.65

CNN: Convolutional neural network, WGD: Whole-genome doubling
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