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ABSTRACT

PURPOSE

METHODS

RESULTS

CONCLUSION

Accurately identifying gene mutations in lung cancer is crucial for treatment,
while molecular diagnostic methods are time-consuming and complex. This
study aims to develop an advanced deep learning model to address this issue.

In this study, the ResNeXt101 model framework was established to predict the
gene mutation status in lung adenocarcinoma. The model was trained and
validated using data from two cohorts: cohort 1, comprising 144 patients from
the First Affiliated Hospital of China Medical University, and cohort 2, which
includes 69 patients from the The Cancer Genome Atlas-Lung Adenocarcinoma
public database. The model was trained and validated on the two data sets,
respectively, and they served as external test sets for each other to further verify
the performance of the model. Additionally, we tested the trained model on a
metastatic cancer data set, which included metastases to organs outside the
lungs. The performance of the model was evaluated using the AUC, accuracy,
precision, recall, and F1 score.

In cohort 1, the model achieved an AUC ranging from 0.93 to 1. In the external
test on cohort 2, it performed well in predicting five of the six genes (AUC =
0.85-1). When tested on the metastatic cancer data set, it successfully predicted
mutations of three of the six genes (AUC = 0.72-0.80).

The artificial intelligence model developed in this study has a high accuracy in
predicting gene mutations in lung adenocarcinoma, which is conducive to
improving the management of patients with lung adenocarcinoma and pro-
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INTRODUCTION

Lung cancer is the most prevalent cancer globally and re-
mains the leading cause of cancer-related mortality, with a
dismal 5-year survival rate of only 15%. This disease is
characterized by significant heterogeneity and is broadly
classified into two major types based on tumor histology:
small cell lung cancer, which accounts for approximately
15% of cases, and non—small cell lung cancer (NSCLC).!
Among the subtypes of NSCLC, lung adenocarcinoma
(LUAD) is the most common.?

Treatment options for LUAD include surgery, radiotherapy,
chemotherapy, targeted therapy, immunotherapy, or a
combination of these approaches.? Targeted therapies, such
as those targeting EGFR, ALK, RET, and ROS1, have shown
significant success.*® The 2022 National Comprehensive
Cancer Network (NCCN) guidelines emphasize the impor-
tance of identifying genomic alterations including mutations
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in EGFR, ALK, HER2, c-MET, ROS1, KRAS, and RET for per-
sonalized treatment.””® However, gene testing is costly and
time-consuming, and biopsy tissue is often insufficient for
subsequent molecular testing.

Hematoxylin and eosin (H&E)—stained histology sections
reflect rich tumor morphology. Specific driver mutations
may endow characteristic histopathologic features (eg,
nuclear pleomorphism, growth patterns), which may be
undetectable by human eyes. Deep convolutional networks
trained on H&E images can learn complex genotype—phe-
notype associations to predict molecular alterations from
routine pathology slides. Artificial intelligence (AI) can ex-
tract microscopic features from these images to predict gene
mutations.” Deep learning—based AI models have been
widely applied in tumor pathology."'* Some artificial in-
telligence models have been developed and used for the
histologic subtype classification and prognosis prediction of
lung cancer.>¢ Neural networks have also demonstrated
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CONTEXT

Key Objective

To develop a deep learning model using hematoxylin and eosin (H&E)—stained slides to predict six rare gene mutations in

patients with lung adenocarcinoma.

Knowledge Generated

The ResNeXt101-based model achieved high accuracy (AUC = 0.93-1 in cohort 1) and could predict mutations in met-

astatic cancer, outperforming previous models.

Relevance (P.-M. Putora)

The presented Atrtificial Intelligence-based model can predict mutations of treatment-relevant genes in lung adenocar-
cinoma using H&E-stained slides. Such an approach may be the basis to reduce costs and improve workflows.*

*Relevance section written by JCO Clinical Cancer Informatics Associate Editor Paul-Martin Putora, MD, PhD, MA.

potential in predicting gene mutations in LUAD. For in-
stance, a study by Coudray et al,’” demonstrated that deep
learning could predict mutations in six genes associated with
LUAD, achieving an AUC of 0.73 to 0.85. In 2022, Terada
et al® developed a model capable of predicting ALK muta-
tions in NSCLC, with an AUC of 0.73. Beyond these studies,
other investigations have explored AI-based biomarker
detection in oncology, including colorectal cancer and
breast cancer.> Incorporating a broader spectrum of Al
applications in pathology strengthens the foundation for
deploying deep learning in mutation prediction and high-
lights areas for further research, such as domain adaptation
and cross-tissue generalizability. Building on these ad-
vances, we explored the use of neural networks for gene
mutation prediction and developed a convolutional neural
network—based model capable of predicting six relatively
rare gene mutations relevant to patient treatment as out-
lined in the NCCN guidelines. Our model outperforms pre-
viously published works in terms of accuracy. Notably, it
maintained high performance when tested on an indepen-
dent external data set, demonstrating exceptional general-
ization ability and the potential to benefit a broader patient
population through targeted therapies. Additionally, we
established a test set consisting of patients with metastatic
LUAD. To the best of our knowledge, this is the first time a
gene mutation prediction model trained on pathological
images from primary LUAD has been applied to predict gene
mutations in metastatic cancer, representing a novel ex-
ploration in this field.

METHODS

Data Preprocessing

In this study, eligible lung adenocarcinoma patient slides
from the First Affiliated Hospital of China Medical University

and TCGA database were collected to build a database. This
study was conducted in accordance with the Declaration of
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Helsinki and received ethical approval from the Ethics
Committee of the First Hospital of China Medical University
(Approval No. AF-SOP-07-1.2-01; institutional review board
No. [2024]-1077).

Regions of interest (ROIs) for invasive carcinoma were
annotated, excluding necrotic areas, benign stroma, and
epithelium. ASAP software marked tumor boundaries, and
annotations were exported as XML with X and Y coordi-
nates. These were used to extract ROIs from slide im-
ages, ensuring training and testing on annotated tumor
regions only.

Slides from both cohort 1 and cohort 2 were stratified by
mutation type and then randomly split at the patient level.
Specifically, for cohort 1 (n = 144 patients), 70% of patients
were allocated to the training set, 10% to the validation set,
and 20% to the internal test set; the cohort 2 test set was
reserved as an external test set for cohort 1. Conversely, for
cohort 2 (n = 69 patients), patients were similarly divided
into 70% training, 10% validation, and 20% internal test
sets, whereas the cohort 1 test set served as its external test
set. At 400X magnification, the slide images were divided
into nonoverlapping tiles of 224 X 224 pixels. Regions
containing excessive background, no tissue, or nontumor
areas were excluded. Data augmentation was applied to the
training tiles by rotating them at 90°, 180°, and 270°, as well
as flipping them horizontally and vertically. Additionally,
normalization was performed using the image mean and
standard deviation, following the same settings as
ImageNet.

ResNeXt101 Model Framework

Our framework is designed to predict the mutation status of
six genes (ALK, HER2, KRAS, RET, MET, and ROS1) from
whole-slide images (WSIs) of patients with LUAD using
neural networks. We employed the ResNeXt101 model for
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this task. This model uses an end-to-end learning method,
eliminating the need for manual extraction of heuristic
features. Compared with traditional machine learning
methods, it simplifies the classification and recognition
tasks, making it more efficient and accurate.

The model training was conducted using two strategies:
transfer learning and full training. For transfer learning,
the model parameters were initialized with the optimal
values from the ImageNet Competition. Full-parameter
fine-tuning was performed by adjusting the parameters
of the last network layer using backpropagation on the
training samples. To evaluate the impact of ROIs on
training, we implemented three distinct training schemes
to predict gene mutation status: a. Unannotated Binary
Classifier: Tiles were assigned labels based on the overall
WHSI label (positive or negative) without considering ROIs
during training. b. Annotated Binary Classifier: Only tiles
within the ROIs were used for training. External regions,
such as stromal cells, necrotic areas, or mixed regions of
tumor and normal cells, were excluded from the training
process. WSI labels were applied solely to the tiles within
the ROIs. c. Annotated Three-Branch Classifier: Both ROI
and non-ROI regions were used to train a multibranch
classifier. Tiles within the ROIs were labeled as positive or
negative based on the WSI label, whereas tiles outside the
ROIs were labeled as “others,” independent of the WSI
label. A similar strategy was adopted to train a binary
classifier for mutation prediction. The model used cross-
entropy as the loss function, and mutation probabilities
were calculated for each tile. The training was conducted
using stochastic gradient descent optimization with a
learning rate of 0.0001 and a weight decay of 0.05. Addi-
tionally, the dropout probability for the linear layer was set
to 0.5. The training process for each model required ap-
proximately 1.2 hours using an NVIDIA RTX A5000 graphics
processing unit.

Visual Interpretation of the Diagnosis

To assess the morphological patterns used by the annotated
model, we used the Class Activation Mapping (CAM) tech-
nique. Areas of the image that the model focused on are
visualized in red, indicating high attention, whereas regions
of lesser importance are displayed in blue. This approach
provides a visual representation of the model’s decision-
making process, offering insights into the features influ-
encing its predictions.

Statistical Methods

To comprehensively evaluate the model’s accuracy in pre-
dicting LUAD pathology, particularly its ability to predict
gene mutation status, we employed the receiver operating
characteristic (ROC) curve as a primary evaluation tool.
Several key metrics were calculated, including the AUC,
accuracy, precision, recall, and F1 score.
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RESULTS
Data Preprocessing and Cohort Partitioning

To predict rare gene mutations in the H&E WSIs of LUAD, we
compiled a data set consisting of 213 H&E slides from pa-
tients with LUAD from patients with LUAD with known
mutation statuses for ALK, HER2, KRAS, RET, MET, and ROS1
genes. The data set was sourced from the First Affiliated
Hospital of China Medical University and the TCGA database,
forming two distinct cohorts.

Cohort 1 consisted of 144 patients selected from a total of
4,064 individuals who underwent gene testing between
August 2018 and August 2022 at the First Affiliated Hospital
of China Medical University. The patients’ age ranged from
23 to 81 years, with a median age of 60 years. The male-to-
female ratio was 59:85, and 25 patients had a history of
smoking. There were 70 surgical specimens and 74 biopsy
specimens. The specific specimen distribution is shown in
Appendix Table A1.

Cohort 2 was derived from The Cancer Genome Atlas-Lung
Adenocarcinoma database. After a pathologist review, 69
patients were selected for inclusion in this cohort. The pa-
tients’ age ranged from 41 to 85 years, with a median age of
65 years. The male-to-female ratio was 34:35, and 50 pa-
tients were smokers. All specimens are surgical specimens.

The gene distribution in each cohort is summarized as
follows (Fig 1):

Cohort 1, 39 cases of ALK mutation, 20 cases of HER2 mu-
tation, five cases of KRAS mutation, 19 cases of RET muta-
tion, 20 cases of MET mutation, 20 cases of ROS1 mutation,
and 21 cases with no mutation in any of the above genes.
Gene detection was performed using polymerase chain
reaction.

Cohort 2, 13 cases of ALK mutation, six cases of HER2 mu-
tation, nine cases of KRAS mutation, nine cases of RET
mutation, 13 cases of MET mutation, nine cases of ROS1
mutation, and 10 cases with no mutation in any of the genes.
Gene detection was carried out using next-generation se-
quencing (NGS).

Experienced pathologists annotated, segmented, and
denoised the tumor regions in the H&E-stained slides. The
annotated tumor regions were then cropped into 224 X 224-
pixel image tiles, which were randomly divided into training,
validation, and test sets (Table 1).

To assess model generalizability to metastatic disease,
we assembled an independent metastatic test set comprising
26 WSIs from 26 patients. Slides were drawn from metastatic
lung adenocarcinoma sites and stratified by driver mutation.
At the slide level, the cohort includes ALK-mutant: nine
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FIG 1. Data distribution: (A) Proportion of cases in each gene mutation group in cohort 1; (B) proportion of cases in each gene
mutation group in cohort 2; (C) size distribution of the image widths (black) and heights (gray); (D) distribution of the number of tiles

per slide.

cases; HER2-mutant: one case; KRAS-mutant: two cases;
RET-mutant: three cases; MET-mutant: two cases; ROS1-
mutant: six cases; mutation-negative: three cases. For
patch-level evaluation, annotated tumor regions were tiled
into 224 x 224 px patches, yielding ALK: 14,696 patches;
HER2: 8,101 patches; KRAS: 3,637 patches; RET: 4,297
patches; MET: 3,477 patches; ROS1: 18,902 patches; no
mutation: 3,348 patches. This metastatic cohort enables

TABLE 1. Patch Distribution in the Model

rigorous testing of the primary LUAD-trained model on
distant disease sites.

Model Architecture and Training Performance
The goal of this study was to develop a deep learning model

that uses H&E-stained slides as the sole input to predict rare
gene mutations in NSCLC. We trained the model using 144

Dataset and Cohort ALK HER2 RET MET ROS1 KRAS @)
Cohort 1
Training set, No. 238,571 148,980 228,877 214,237 166,802 69,600 124,299
Validation set, No. 40,750 26,715 10,332 56,886 97,089 26,494 33,463
Testing set, No. 133,991 95,278 93,224 143,457 128,698 70,590 21,953
Cohort 2
Training set, No. 204,810 31,403 161,088 153,307 256,629 80,851 102,396
Validation set, No. 11,481 50,569 7,372 32,237 124,109 3,167 967
Testing set, No. 29,051 477 32,586 56,858 47,816 63,507 40,598

4 | © 2025 by American Society of Clinical Oncology



Al Model Predicts Rare Gene Mutations in Lung Adenocarcinoma

WSIs from our institution and 69 WSIs from the TCGA da-
tabase to train the model. Because the size of a WSI is too
large (Fig 1C) to be directly used as input for the neural
network, we divided each WSI into 224 x 224 pixel tiles at
400x magnification for training, validation, and testing.
Depending on the original slide size, this results in dozens to
thousands of tiles per slide (Fig 1D).

Using the calculation strategy depicted in Figure 2, we de-
veloped a deep learning algorithm to classify gene mutations
in ALK, HER2, KRAS, RET, MET, and ROS1. The model was
trained separately on the two cohorts. In cohort 1, the AUC
values for predicting each gene mutation ranged from 0.93 to
1 (Fig 3A). In cohort 2, the AUC values ranged from 0.54 to
0.98 (Fig 3B).

To further assess the generalization ability of our model,
we used the two cohorts as independent external test sets
for one another. When the model was trained with cohort 1
and tested with cohort 2, it constituted cohort 3. When
trained with cohort 2 and tested with cohort 1, it formed
cohort 4. Before testing, we observed noticeable differ-
ences in the color characteristics of the pathologic images
between the two cohorts, particularly among the negative
cases. To address this, we preprocessed the color char-
acteristics of the test set images (a comparison of the

images before and after processing is shown in Appendix
Fig A1).

When the model trained in cohort 1 was tested in cohort 2,
the model exhibited strong predictive capability for five of
the six genes (AUC = 0.85-1; Fig 3C). However, its perfor-
mance in predicting HER2 mutations is poor (AUC = 0.44),
which indicates that there may be challenges in extracting
features related to this specific genetic alteration from H&E-
stained sections. This may stem from low HER2 prevalence in
the data set and subtle morphologic features. Future studies
could explore higher-resolution imaging, additional stain-
ing methods, or multimodal models integrating genetic and
histopathologic data.

However, when the model trained in cohort 2 was tested in
cohort 1, its performance was poorer, with AUC values
ranging from 0.26 to 0.82 (Fig 3D). This discrepancy may be
attributed to the smaller size of cohort 2, which limited the
number of features learned by the model, thus affecting its
generalizability.

Interpretability of the Model

To enhance the understanding of the model’s predictions
and build trust, we used CAM to conduct a visual analysis of

2. Cropped into patches,remove patchs <50%
area of surface with tissue

Training set
(70%)
ResNeXt 101 }
Validation set
(10%)

59
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e ="'l

CNN

Results ‘}

[ Wild type ]OR[ Mutation ]

Testing set
(20%)

=
7 %

External set

FIG 2. Calculation strategy: First, the patient’'s WSI was cut into tile-like patches, and patches with <50% of the tissue volume were removed in the
preprocessing stage. Then, the cases were divided into a 70% training set, 10% validation set, and 20% test set. Finally, the output of the model is
wild type or mutant. To verify the generalization of the model, we test the two queues as external test sets for each other. WSI, whole-slide image.

JCO Clinical Cancer Informatics

ascopubs.org/journal/cci | 5


http://ascopubs.org/journal/cci

Yu et al

A Cross Data Set Evaluation C Cross Data Set Evaluation
1.0 - P ———— ==, 101 jm=oz== e ———
." /”::”'— ll ’, ,/”—— r”‘ 4”
] /:»’— h II L ,’/ "’
D 089 ! P g L 0.8 T P e
© 4 © 3.4 ¥ 4 %
oc 14 oc H) 4 r"
i T -
L 069 u S 061 4 s
=] Iy = ) / ‘,’
‘» H ‘» E / —"'
& 0471 & 04 ¥ e
& 1 —— KRAS (area = 0.99) & i " —— KRAS (area = 1.00)
> 1 — = ALK (area = 0.93) > - g ad == ALK (area = 0.93)
= 024 1 — — HER-2 (area = 1.00) = 029 w -’ — — HER-2 (area = 0.44)
‘ —— MET (area = 0.95) v P —— MET (area = 0.85)
— = RET (area = 0.99) Y i — = RET (area = 0.98)
0.0 1 ROS-1 (area = 0.94) 004 “7 ROS-1 (area = 0.99)
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
False-Positive Rate False-Positive Rate
B Cross Data Set Evaluation D Cross Data Set Evaluation
1.0 1 /,«—‘::PT;""" """""""" g ':’j 1.0 1
7 7 I ,—*’;’/
- el
@ o0s8{ I ! il @ 081
] y 7 ! L g ©
1 4 - s
oc 4 I P oc
L 061 1) [T o7 2 06
= P a H 525 = /
7 i 1, H P n 1J
=] I s I o o 1!
o 041 1! § T a 047 ] ¢ -

& u s —— KRAS (area = 0.54) ® T _ === KRAS (area = 0.26)
> M 7 —— ALK (area = 0.93) > il _-=" —= ALK (area =0.82)
— 021 & P ! —— HER-2 (area = 0.73) = 021 wu ¢ - —— HER-2 (area = 0.70)

Y B — = MET (area = 0.73) vy - —— MET (area = 0.75)
|’/’ P —— RET (area = 0.98) y,' _,a" — = RET (area = 0.77)
001 BE=-——e=-- # ROS-1 (area = 0.89) 004 e=———" ROS-1 (area = 0.54)
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
False-Positive Rate False-Positive Rate

FIG 3. Model performance: (A) The ROC curve of each gene mutation predicted by the internal test of the cohort 1 training model; (B) the ROC
curve of each gene mutation predicted by the internal test of the cohort 2 training model; (C) the ROC curve in cohort 3(when the model was
trained with cohort 1 and tested with cohort 2); (D)the ROC curve in cohort 4 (cohort 2 training model cohort 1 makes an external test set).

ROC, receiver operating characteristic.

the image tiles that were correctly classified with high
confidence.

As shown in Figure 4, by observing the CAM images of
different genes, we found that the model mainly focuses on
changes in the cellular regions, while paying less attention to
the stromal regions. This observation indicates that alter-
ations in the cellular regions are associated with gene ex-
pression. After a detailed analysis of the CAM maps of each
gene, we discovered the following associations between
morphologic abnormalities and gene mutations: in regions
with ALK mutations, uniform tumor cells with round-to-
ovoid nuclei, moderate nuclear size, indistinct cell borders,
and a solid growth pattern features consistent with ALK-
rearranged adenocarcinoma.> HER2-mutated cases exhibit
large pleomorphic nuclei, abundant eosinophilic cytoplasm,
multilayered clusters with loss of polarity, and occasional
nuclear vacuoles indicating high proliferation.>> KRAS mu-
tation shows obvious nuclear irregularity, pleomorphism,
and thickened chromatin, which may reflect the activation of
MAPK/ERK and PI3K/AKT pathways.?*> Regions with MET
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abnormalities exhibit high-grade nuclear features, as de-
scribed in previous literature.?* Regions with RET mutations
are characterized by angulated nuclei and the presence of
mucin in the cytoplasm. ROS1-related tumors show eccentric
pale nuclei with loose cell-cell contacts, areas prioritized by
the model because of ROS1’s impact on cytoskeletal and
junctional proteins.>* Although our current analysis has not
clearly identified the specific features used by the network to
recognize mutations, the high AUC values of the model in
predicting gene mutations indicate an underlying correlation
between genotypes and phenotypes. This correlation can be
detected by deep learning methods.

Prediction of Gene Mutation Status in Metastatic Cancer

Lung cancer is often diagnosed at the metastatic stage, and
molecular testing of metastatic cancer is crucial but chal-
lenging because of limited tissue samples.?> We explored the
application of our deep learning model for predicting gene
mutations in metastatic LUAD. Our results showed that the
model could successfully predict gene mutations for three
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FIG 4. Visualization of gene mutation prediction results. Grad-CAM is used to display the activation of the last convolution layer of the block-
level prediction model. It shows the activation of the last convolutional layer using Grad-CAM for gene mutation prediction evaluation. CAM,
Class Activation Mapping.

genes (HER2, KRAS, and RET) with AUC values exceeding 0.7
(Table 2). Although the data set used for this analysis was
small, these findings suggest that Al can be an effective tool
for predicting gene mutations in metastatic cancer, poten-
tially offering a noninvasive alternative to traditional mo-
lecular testing in clinical settings.

DISCUSSION

Targeted therapy is a promising treatment approach for lung
cancer. Techniques such as immunohistochemistry, fluo-
rescence in situ hybridization, and NGS are used to identify
gene mutations. Although these detection methods have
their respective advantages, they have limitations in clinical

TABLE 2. Test Results in Metastatic Cancer

Gene ACC SPE PRE Recall F1 Score AUC
ALK 37.74 61.11 47.81 46.76 36.29 47.35
HER2 40.71 94.03 60.33 56.35 39.48 7814
KRAS 59.51 91.43 66.94 60.78 56.03 80.25
RET 57.14 93.73 67.99 61.18 54.29 71.90
MET 32.78 54.90 29.14 33.19 29.65 15.62
ROS-1 56.48 24.70 46.34 43.41 42.70 49.62

|
Abbreviations: ACC, accuracy; PRE, precision; SPE, specificity.
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practice, such as high cost and time-consuming nature,
which restrict the application of targeted therapy.>¢2?

Our model is capable of evaluating the status of key bio-
markers through WSIs, significantly shortening the time
interval from diagnosis to the initiation of targeted therapy.
It can assist pathologists by highlighting samples that may
harbor potential mutations, allowing for prioritized exam-
ination. Once routine molecular testing is completed,
samples with discrepancies between the results of the
routine test and the AI model can undergo additional con-
firmation tests before final reporting to the patient. Thus, Al
not only enhances the accuracy of biomarker detection but
also aids in adjusting the priority of patient testing, ulti-
mately improving the efficiency and precision of clinical
decision making. In addition, our model can also be applied
in clinical trials to screen patients with rare molecular
subtypes. This provides a more precise group of patients for
targeted drug development, accelerating the research and
development process of new targeted drugs. We also applied
the model to pathologic images of metastatic cancer, which
had not been included in the training process, an approach
not explored in previous studies. Among the six rare mutant
genes tested, HER2, KRAS, and RET exhibited good perfor-
mance in the metastatic cancer test set, with AUC values
ranging from 0.72 to 0.80. This suggests that our model can
identify similarities in the pathologic images between

ascopubs.org/journal/cci | 7
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metastatic and primary LUAD for these three gene mutation
states. This effort demonstrates that Al has a broader po-
tential for predicting gene mutations in patients with LUAD,
extending beyond primary lung specimens to include me-
tastasized tissue from other parts of the body.

We chose ResNeXt101 for gene mutation prediction because
of its efficient grouped convolutions, which improve feature
extraction and reduce computational complexity. Alternative
models like EfficientNet and Vision Transformers were
considered but rejected due to higher computational costs or
limited validation in pathology-based mutation prediction.
Future work may compare architectures to validate the
optimal approach.

In conclusion, the LUAD pathologic image recognition model
we developed, on the basis of ResNeXt101 architecture,
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APPENDIX

TABLE A1. The Specimen Types of Each Gene Mutation in Cohort 1

Specimen Type ALK HER2 RET MET ROS1 KRAS No-Mutation
SS 12 15 1M 15 9 4 4

BS 27 5 8 5 Ik 1 17
|

Abbreviations: BS, biopsy specimens; SS, surgical specimens.
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FIG A1. Color preprocessing of H&E-dyed images. (A) The original image; (B) The processed image. H&E, hematoxylin and eosin.
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