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ABSTRACT

Molecular subtyping of pulmonary large-cell neuroendocrine carcinoma (LCNEC) based on reti-
noblastoma protein (pRb) expression may influence systemic treatment decisions. Current histo-
morphologic assessments of hematoxylin and eosin—stained tissue samples cannot reliably
differentiate LCNEC molecular subtypes. This study explores the potential of deep learning (DL) to
identify histologic patterns that distinguish these subtypes, by developing a custom convolutional
neural network to predict the binary expression of pRb in small LCNEC tissue samples. Our model
was trained, cross-validated, and tested on tissue microarray cores from 143 resection specimens
and biopsies from 21 additional patients, with corresponding immunohistochemical pRb status.
The best-performing DL model achieved a patient-wise balanced accuracy value of 0.75 and an
area under the receiver operating characteristic curve value of 0.77 when tested on biopsies,
significantly outperforming the hematoxylin and eosin—based subtype classification by lung pa-
thologists. Explainable artificial intelligence techniques further highlighted coarse chromatin
patterns and distinct nucleoli as distinguishing features for pRb retained status. Meanwhile, pRb
lost cases were characterized by limited cytoplasm and morphologic similarities with small cell
lung cancer. These findings suggest that DL analysis of small histopathology samples could ulti-
mately replace immunohistochemical pRb testing. Such a development may assist in guiding
chemotherapy decisions, particularly in metastatic cases.
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Large-cell neuroendocrine carcinoma (LCNEC) is a high-grade
tumor in the spectrum of lung neuroendocrine neoplasms
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(NENs). In comparison with the indolent typical carcinoid or
atypical carcinoid, LCNEC metastasizes frequently, and the diag-
nosis is often made in an advanced stage.! According to the latest
World Health Organization (WHO) classification, the diagnosis of
LCNEC can be made in the presence of >10 mitoses/2 mm?, sub-
stantial necrosis, neuroendocrine morphology, and at least 1
positive neuroendocrine immunohistochemical (IHC) marker
(CD56, chromogranin A, or synaptophysin).>> However, the WHO
stresses that a diagnosis of LCNEC should be reserved for resection
specimens and not be made on a biopsy owing to the potential
lack of morphologic detail.* However, other studies have sug-
gested additional tools to facilitate diagnosing LCNEC on a biopsy
specimen.”®

Mutation analysis has identified the following 2 subtypes in
LCNEC: non—small cell-like (“NSCLC-like”) and small cell-like
(“SCLC-like™).”® SCLC-like LCNEC is characterized by comutations
of tumor protein p53 (TP53) and loss of retinoblastoma 1 (RB1),
which is a hallmark of SCLC.° However, NSCLC-like LCNEC lacks
RB1 and TP53 coalteration but is characterized by typical NSCLC-
associated mutations such as serine/threonine kinase 11 (STK11)
mutations, Kirsten rat sarcoma viral oncogene homolog (KRAS)
mutations, and kelch-like ECH-associated protein 1 (KEAP1) mu-
tations.'? Retention or loss of RB1 is of great importance for pa-
tients with LCNEC. When carrying a wild-type RB1 gene or
preserved expression of its gene product retinoblastoma protein
(pRb), significantly longer overall survival was seen when treated
with platinum-gemcitabine or taxane chemotherapy (NSCLC
regimen) vs platinum-etoposide chemotherapy (SCLC regimen)'';
however, this was not seen in all studies.'

Based on histomorphology alone, that is, using hematoxylin
and eosin (H&E)—stained tissue samples, it is not yet possible to
faithfully differentiate these molecular subclasses of LCNEC,
except that SCLC-like LCNEC tends to exhibit higher proliferation
rates than NSCLC-like LCNEC.” A potential method to identify
cytomorphologic features, which may distinguish between SCLC-
and NSCLC-like LCNEC, is the use of deep convolutional neural
networks (CNNs). With the emergence of digital pathology, deep
learning (DL) has reached state-of-the-art results in classifying
and prognosticating certain types of cancer using histopatholog-
ical images."® Several studies have proposed successful models to
classify and prognosticate different lung cancers.'*'® Neverthe-
less, the applicability of artificial intelligence (Al) strategies,
particularly DL algorithms, in LCNEC digital pathology, is currently
limited, and often restricted to limited cohorts, thus necessitating
further developments. For example, Yang et al'® proposed a DL
model to subclassify lung carcinoma into lung adenocarcinoma,
squamous cell carcinoma, LCNEC, SCLC, and nonneoplastic lung
tissue in biopsy specimens, with an average area under the
receiver operating characteristic curve (ROC-AUC) of 0.90.
Furthermore, Ilié et al’° developed methods to distinguish histo-
logic subtypes of pulmonary NENs, such as SCLC, LCNEC, and
atypical carcinoid from digitized resection specimens, with an
average AUC of 0.93. Concerning cytologic smears, Gonzalez et al*!
designed a DL algorithm for classifying high-grade NENSs,
including SCLC and LCNEGC, in fine needle aspirations. To the best
of our knowledge, no DL model has been reported for the pre-
diction of molecular subtypes in LCNEC.

In this study, we employed DL strategies in a pioneering
analysis of the phenotypical/histopathological differences be-
tween SCLC-like and NSCLC-like LCNEC in small tissue samples
stained with H&E (Fig. 1). The 2 LCNEC molecular subtypes are
defined IHC based on the binary expression of pRb in adjacent
tissue sections. Using limited tissue information, such as biopsies,

our model may ultimately guide the assignment of a suitable
chemotherapeutic strategy in the metastatic setting.

Materials and Methods
Patients and Tissue Cohorts

Patient samples were gathered via 2 independent nationwide
LCNEC cohorts. The first cohort consisted of 128 patients diag-
nosed with stage IA to IIIB (sixth/seventh TNM) LCNEC on a
resection specimen during the period between January 2003 and
December 2012 in the Netherlands. All resection specimens were
independently reviewed by 2 experienced pulmonary patholo-
gists (J.H.v.d.T. and LM.H.) to establish the diagnosis of LCNEC,” in
addition to the initially established diagnosis and neuroendocrine
marker (CD56, chromogranin A, and synaptophysin) evaluation. In
case of any doubt, the samples were excluded from the study
(Supplementary Fig. S1).

The second nationwide cohort comprised 21 biopsy and 15
resection specimens from different patients with LCNEC between
January 2019 and April 2024, collected prospectively and retro-
spectively. For these cases, the diagnosis of LCNEC had been
established by a panel of 5 thoracic pathologists (including L.M.H.
and J.H.v.d.T.), by strictly following the 2021 WHO guidelines for
resection and biopsy classification. Biopsies were included only if
sufficient tissue was available for evaluation of neuroendocrine
morphologies, and if crush artefacts and extensive necrosis did not
limit the differentiation from SCLC. If available, the corresponding
resection specimen was used to confirm the biopsy diagnosis.
Along with the H&E specimen, neuroendocrine markers (CD56,
chromogranin A, and synaptophysin) have been evaluated to clarify
the LCNEC diagnosis using IHC. Consensus was reached when 4 out
of 5 pathologists (including L.M.H. and J.H.v.d.T.) agreed upon the
diagnosis of LCNEC. When consensus was not reached, a case was
discussed in a consensus meeting. The diagnosis of LCNEC was then
established when the majority of participants agreed.In addition,
we included an external cohort of 115 SCLC confirmed patients
provided by the Medical University of Vienna, Austria, and the
National Koranyi Institute of Pulmonology, Hungary.>? In addition
to the original classification, the SCLC diagnosis was independently
confirmed by a study pathologist (J.H.v.d.T.).?>

The study protocol was approved by the medical ethical
committee of the Erasmus Medical Center, Rotterdam, the
Netherlands (MEC-2022-0130).

Whole-Slide Imaging

Representative tumor blocks from the first cohort were chosen
for constructing tissue microarrays (TMAs) by randomly punching
the tumor area of the FFPE blocks to capture tumor heterogeneity
(1-3 cores per case, 1.0 mm in diameter). Consecutive 4-um—thick
paraffin sections were cut and stained with H&E (HE600, catalog
number 06917259001; Ventana) and pRb IHC (clone 13A10,
dilution 1/50, catalog number NCL-LRB 358; DAKO) using stan-
dard protocols. We obtained 5 TMA slides encompassing 128
LCNEC cases for subsequent image preprocessing, representing 96
PRb lost and 32 pRb retained cases. Additional characterization of
p16, p40, cyclin D1, and Napsin A was used to understand the
functionality of pRb.>#?> The TMA arrays stained with H&E were
scanned using the NanoZoomer 2.0-HT scanner from Hamamatsu
(Hamamatsu Photonics KK) at x40 magnification, with a
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resolution of 0.23 pm/pixel. Independent cores comprising suffi-
cient tissue were extracted using the TMA dearrayer functionality
of QuPath v.0.5.0%° and exported as separate JPG files at a reso-
lution of 0.46 um/pixel (x20 magnification). Following quality
control, 8 cores were automatically excluded owing to enhanced
blur or analysis-obstructing artefacts, in a process that did not
affect the total number of patients.

Samples from the second LCNEC cohort were not included in
TMAs but underwent similar staining and imaging procedures as
the first cohort. Following IHC evaluation, we obtained 7 pRb lost
biopsies, 2 pRb lost resections, 14 pRb retained biopsies, and 13
PRb retained resections.

In this study, we further used an external cohort of 115 SCLC
tissue specimens sampled in 8 TMA slides with maximally 2 cores
per case stained and imaged similarly to the rest of the data.

Tumor Tissue Annotation and Image Preprocessing

All tissue WSIs that had passed quality control were manually
annotated in QuPath v.0.5.0%® to thoroughly mark the tumor area
from surrounding tissue and artefacts. Solely for the resection
specimens, 3 random regions with dimensions equating to a TMA
core were selected for the analysis. From all tissue samples,
nonoverlapping 128 x 128-pixel tiles were extracted. Otsu thresh-
olding was applied to effectively separate the white background
from the tissue regions within the tiles, ensuring that only tiles with
tissue coverage surpassing 80% of the total area were retained.”” As
previously highlighted by Ilié et al,?® in resection specimens, tissue
areas located at the edges of the specimen (with possible crush and
sampling artefacts) could bias a model’s performance toward
smaller cellular morphologies. Therefore, we automatically
excluded marginal tiles from our analysis. Furthermore, samples
were discarded if they covered less than 85% tumor area, as marked
by the manual annotations. This is under the assumption that an
ideal model considers all tumor cells in its decision, when dis-
tinguishing between the pRb-based subtypes of LCNEC. Last,
patches with a high level of blur were automatically filtered out. We
generated a total of 38,777 tiles from the LCNEC TMA set and 8878
tiles from the LCNEC biopsy set through this image-preprocessing
process. Similarly, we obtained 7988 tiles from the SCLC TMA set.

Training Process

Following preprocessing, the data set consisted of resection
tiles from 143 patients (45 pRb retained and 98 pRb lost), and
biopsy tiles from 21 other patients (14 pRb retained and 7 pRb
lost). All H&E-stained tissue tiles that passed quality control were
grouped patient wise to prevent data leakage among the training,
validation, and test sets. The proposed CNN was trained and
validated using stratified k-fold cross-validation (kappa = 4) on a
randomly selected set of 27,494 resection tiles from 100 patients
(44 pRb retained and 56 pRb lost). Subsequently, testing was done
on the remaining data of TMAs and biopsies (Fig. 2A). To focus on
the behavior of the model on the biopsy data, we separately
computed the performance on the biopsy subset of the test set.

All experiments were conducted using Nvidia 3090 RTX (Nvi-
dia) GPU hardware.

Model Design

A custom-made CNN architecture, encompassing 2 convolu-
tional blocks, was constructed to extract hierarchical information

from the input tiles.”® Each convolutional block consisted of 2
convolutional layers for feature extraction with L1 regularization,
batch normalization to stabilize the learning process, and a max-
pooling layer for spatial reduction (Fig. 2B). Then, the retrieved
features were flattened to reduce spatial dimensions and com-
bined by a fully connected layer with L1 regularization. The last
dense layer, using sigmoid activation, enabled the final binary
classification. The learning process was optimized using the Adam
optimizer with learning rate decay, and the learning error was
iteratively computed using the weight-balanced binary cross-
entropy loss function, with class weights inversely proportional
to the number of tiles per class. This CNN architecture had suffi-
cient parameters for the processing of our limited data set of small
tiles of 128 x 128 pixels and effectively captured key dis-
tinguishing features from the tiles without an early offset of
overfitting to noise. Furthermore, the combination of 5 x 5- and
3 x 3-pixel kernels allowed our network to capture both local and
slightly broader contextual information from the images. Larger
kernels (such as 5 x 5) captured more context per filter such as
variations in cell shapes and arrangements, and smaller kernels
(like 3 x 3) helped refine the features learned by the previous
layers.

Performance Evaluation

As we expected homogeneous pRb nuclear immunoreactivity
throughout the tumor in retained cases, patient-level predictions
were obtained using majority voting from the predictions of all
corresponding tiles (Fig. 1H, J). At both tile and patient levels, the
classification performance was evaluated using confusion
matrices, ROC-AUC, accuracy, balanced accuracy, precision, recall,
and F1/Dice coefficient.

Feature Visualization and Exploration

Gradient-weighted class activation mapping (Grad-CAM) is an
explainable Al technique providing insights into the decision-
making process of CNNs by determining which series of neurons
are activated in the forward pass during inference.”’ Grad-CAM
uses the gradients of each target class that flow into the last
convolutional layer to produce a coarse localization map high-
lighting the relevant features of an input image for predicting the
respective class (Fig. 1]).

Results
Extensive Immunohistochemical Evaluation

In addition to pRb evaluation, the expression of p16, p40, cyclin
D1, and Napsin A was IHC evaluated on the TMA set. The results
addressing the functionality of pRb are presented in
Supplementary Tables S1 to S6. The expression of p16 is strongly
linked to pRb loss, consistent with compensatory feedback regu-
lation (Supplementary Table S1).>4 Furthermore, cyclin D1 over-
expression occurs in both pRb retained and pRb lost tumors,
suggesting it may contribute to tumor progression in some cases
(Supplementary Table S2). The predominant expression pattern is
PRb loss with p16 expression and without cyclin D1 expression
(53 cases), aligning with the findings of Papaxoinis et al®®
(Supplementary Table S3). This is consistent with classical RB
pathway disruption, namely loss of pRb, leading to compensatory
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Figure 1.

An overview of the workflow enabling the classification of retinoblastoma protein (pRb)—based large-cell neuroendocrine carcinoma subtypes using deep learning. “pRb+"
refers to the pRb retained class, whereas “pRb-" refers to the pRb lost class, as assessed using immunohistochemistry. CNN, convolutional neural network; GRAD-CAM, gradient-
weighted class activation mapping; H-DAB, hematoxylin-3, 3’-diaminobenzidine; H&E, hematoxylin and eosin; IHC, immunohistochemistry; WSI, whole-slide image.

p16 upregulation, but cell cycle progression may occur through
other mechanisms than cyclin D1 overexpression. No significant
correlation was identified between pRb and Napsin A expression
(Supplementary Table S4). Combined pRb/p16/cyclin D1/Napsin A
subtypes of LCNEC can be found in Supplementary Table S5.
Furthermore, p40 evaluation showed that 6 cases may represent
LCNEC with focal squamous differentiation or a combined LCNEC-
squamous cell carcinoma (Supplementary Table S6).

Performance Evaluation on Validation and Test Sets

Across all cross-validation folds, the model achieved an
average patient-wise validation ROC-AUC value of 0.76 +
0.08 (Supplementary Fig. S2) and an average patient-wise
test ROC-AUC value of 0.67 + 0.11 (Supplementary Fig. S3).
Based solely on biopsies, the patient-wise ROC-AUC value
was 0.62 + 0.11 (Supplementary Fig. S4). The variable per-
formance within the folds was probably caused by the
limited training data and heterogeneity within the data set,

which limited the random split folds 1 and 4 to generalize to
the test sets (Supplementary Table S7). However, the best-
performing fold (fold 3), identified by the lowest validation
loss, was evaluated for its performance at both the tile level
and patient level (Fig. 3A-D). On the validation set, the
model achieved a balanced accuracy value of 0.76 at both
levels. It also demonstrated good generalizability to the test
set, with a balanced accuracy value of 0.70 at the tile level
and 0.76 at the patient level. Specifically, for biopsies, the
model recorded a tile-level balanced accuracy value of 0.71
and a patient-level balanced accuracy value of 0.75.

Comparative Performance Analysis With Pathologists’
Histopathological Examination

To evaluate the model’s performance relative to that of pathol-
ogists, 2 experts (J.H.v.d.T. and L.M.H.) independently classified the
H&E-stained biopsy specimens as either “SCLC” or “NSCLC-like
LCNEC,” that is, as pRb lost or pRb retained, without knowledge of
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Data set structure and convolutional neural network architecture. (A) An overview of data set organization. (B) The architecture of the convolutional neural network, in which
Conv2D (C2D) denotes 2-dimensional convolutional layers with either 5 x 5—pixel or 3 x 3—pixel kernels, and MaxPool2D (MP2D) indicates a layer with 2-dimensional max-
pooling kernels. pRb, retinoblastoma protein; px, pixels; ReLu, rectified linear unit activation function; RGB, Red Green Blue; TMA, tissue microarray.

their pRb status from routine IHC (see Tables 1 and 2). This classi-
fication was made based on general cytonuclear and architectural
features that are more reminiscent of SCLC (eg, paucity of cyto-
plasm, mild nuclear pleomorphism, and inconspicuous nucleoli) or
NSCLC (eg, abundant cytoplasm, variable nuclear pleomorphism,
and prominent nucleoli), respectively. When comparing the per-
formance metrics, the model performed significantly better than
both specialists, particularly at identifying pRb lost cases. Details on

A

Validation Test

Tile-Wise Performance Evaluation

the performance of specialist analysis can be found in

Supplementary Figures S5 and S6.

Comparative Analysis of Histomorphologic Features in Small
Cell-Like Large-Cell Neuroendocrine Carcinoma and SCLC

To investigate whether the extracted histomorphologic fea-
tures associated with loss of pRb status, indicative of “SCLC-like
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Figure 3.

Evaluation of retinoblastoma protein (pRb)—based subtyping in large-cell neuroendocrine carcinoma. (A) Confusion matrices depicting tile-level performance across the vali-
dation set, test set, and the biopsy subgroup within the test set. (B) Corresponding ROC-AUC curves for tile-level classification. (C) Confusion matrices summarizing patient-level
predictions, aggregated from tile-level classifications. (D) Corresponding ROC-AUC curves for patient-level analysis. “pRb-+" and “pRb-* stand for “retained” and “lost,” whereas
“pred” refers to “predictions.” ROC-AUC, area under the receiver operating characteristic curve.
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Table 1

Comparison of the deep learning model’s patient-level predictions on the biopsy data set with evaluations made by pathologists

Evaluator Patient/WSI- Patient/WSI-level performance evaluation Pathologist 1 vs DL model Pathologist 2 vs DL model

level predictions

TP FP TN FN Accuracy Precision Recall F1 score Specificity AUC?
Pathologist 1 1 5 2 3 062 0.69 079 073 0.29 054 P=.043

(Wilcoxon signed-rank test)
DL model 1 2 5 3 076 0.85 0.79 0.81 0.71 0.75 P=.031
(Wilcoxon signed-rank test)

Pathologist 2 10 5 2 4 057 0.67 071  0.69 0.29 0.51

Agreement Pathologist 1 vs
(Cohen kappa score) pathologist 2
0.631

DL model vs pathologist 1

0.021 —0.061

DL model vs pathologist 2

TP, FP, TN, and FN describe various outcomes of classification predictions.

DP, deep learning; FN, false negative; FP, false positive; ROC-AUC, area under the receiver operating characteristic curve; TN, true negative; TP, true positive; WSI, whole-

slide image.

4 ROC-AUC was computed based on the binary outcomes of the patient-level classifications.

LCNEC,” resemble those of SCLC cases characterized by RB1 inac-
tivation, we applied our classification model to the external cohort
of SCLC specimens. Consistent with expectations, the best-
performing model identified 89.57% of the SCLCs as having pRb
lost histomorphologic features (Table 3). Furthermore, the model
assigned the pRb lost class with higher certainty to the SCLC cases
than the retained class. Further details on the performance of all
folds can be found in Supplementary Table S8. By evaluating the
example SCLC tiles in Figure 4, we can conclude that predicted pRb
lost tiles have a more compact arrangement and smaller nuclei
than the tiles classified as pRb retained.

Qualitative Evaluation of the Proposed Model’s Prediction

For the qualitative assessment of cytomorphologic features
using Grad-CAM, samples from both the validation and the test set

were analyzed. Figure 5 presents a selection of resection TMA
cores, whereas Figure 6 highlights selected regions of interest
from biopsy specimens. Alongside the Grad-CAM activation maps,
we also indicate the predicted class for each tile, with color in-
tensity reflecting the model’s confidence in its prediction. At
higher magnifications, predicted pRb lost cases were found to be
characterized by condensed, sometimes elongated, nuclei, with
absent or inconspicuous nucleoli and scant cytoplasm (Figs. 5A
and 6A). The model primarily focused on the lack of cytoplasm and
nuclear shape rather than on intranuclear features. In contrast,
predicted pRb retained cases exhibited an open chromatin pattern
with prominent nucleoli and more voluminous, eosinophilic
cytoplasm, with the model concentrating on nuclear morphology
(Figs. 5B and 6B).

Interestingly, in Figure 6C, which shows a pRb retained case
correctly predicted by the DL model but not by the pathologists,

Table 2
Overview of the pRb-based classification of LCNEC in H&E-stained biopsy specimens by the proposed deep learning model and 2 pathology specialists
Sample Label Tile wise Patient wise
DL model evaluation Pathologist evaluation
Total no. Predicted 1 Predicted O Probability 1 Probability 0 DL model Pathologist 1 Pathologist 2

LCNEC1 0 1439 524 915 036 0.64 0 1 1
LCNEC2 0 2983 509 2474 0.17 0.83 0 0 0
LCNEC3 0 727 608 119 0.84 0.16 1 1 1
LCNEC4 0 1064 62 1002 0.06 0.94 0 1 1
LCNEC5 0 91 45 46 0.49 0.51 0 0 0
LCNEC6 0 68 16 52 0.24 0.76 0 1 1
LCNEC7 0 61 34 27 0.56 0.44 1 1 1
LCNEC8 1 105 54 51 0.51 0.49 1 1 1
LCNEC9 1 65 54 11 0.83 0.17 1 0 1
LCNEC10 1 221 215 6 0.97 0.03 1 0 0
LCNEC11 1 94 63 31 0.67 0.33 1 0 0
LCNEC12 1 600 600 0 1.00 0.00 1 1 1
LCNEC13 1 251 220 31 0.88 0.12 1 1 1
LCNEC14 1 526 10 516 0.02 0.98 0 1 1
LCNEC15 1 18 15 3 0.83 0.17 1 1 0
LCNEC16 1 254 253 1 1.00 0.00 1 1 1
LCNEC17 1 31 2 29 0.06 0.94 0 1 1
LCNEC18 1 44 23 21 0.52 0.48 1 1 1
LCNEC19 1 127 127 0 1.00 0.00 1 1 0
LCNEC20 1 102 44 58 043 0.57 0 1 1
LCNEC21 1 7 7 0 1.00 0.00 1 1 1

0 represents pRb lost/SCLC-like LCNEC and 1 represents pRb retained/NSCLC-like LCNEC.
DL, deep learning; H&E, hematoxylin and eosin; LCNEC, large-cell neuroendocrine carcinoma; NSCLC, non-small cell lung carcinoma; pRb, retinoblastoma protein; SCLC,

small cell lung carcinoma.
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Table 3

Quantitative evaluation of the pRb classification of SCLC cases by the deep learning model

SCLC data set Tiles (n = 7988)

Patients (n = 115)

PRb lost PRb retained pRb lost pRb retained
No. 6980 (87.38%) 1008 (12.62%) 103 (89.57%) 12 (10.43%)
Mean certainty 0.91 + 0.19 0.69 + 0.32 0.87 +0.23 0.52 + 0.35
Median certainty 1.00 0.84 0.99 0.51

PRb, retinoblastoma protein; SCLC, small cell lung carcinoma.

the exact features that led the model to assign a retained or lost
class are unclear. However, we hypothesize that nuclear size and
variability in nuclear shapes and textures played a role in the
model’s decision. This aligns with our broader observations that
SCLC-like LCNEC exhibits more compact cellular arrangements,
whereas NSCLC-like LCNEC tends to contain pleomorphic cells.
This reasoning may also explain the misclassification of the pRb
lost case in Figure 5C, in which a variety of cellular shapes are
evident.

Discussion

The molecular subtyping of LCNEC through loss or retention of
PRb expression, distinguished as SCLC-like and NSCLC-like LCNEC,
can guide appropriate therapeutic choices. In medical practice,
pRb expression is typically assessed through IHC. However, the
diagnosis of patients with LCNEC with inoperable disease often
relies on small tumor biopsies, which may not always provide
conclusive histologic and molecular subtyping, sometimes
necessitating larger or repeated biopsies.>*>! This work repre-
sents a pioneering effort to explore alternative methods for sub-
classifying LCNEC in small specimens using DL. In validation
experiments using resection TMA cores, the proposed model
reached a patient-wise balanced accuracy value of 0.76 and an
ROC-AUC value of 0.85. Moreover, applied solely on biopsies, our

SCLC17
w_

SCLC60

)

Predicted
pRb lost

Predicted
pRb retained

SCLC3

Figure 4.

model achieved a patient-wise balanced accuracy value of 0.75
and an ROC-AUC value of 0.77. It is important to note that, in this
study, the model significantly outperformed both pathologists in
subclassifying LCNEC cases based solely on H&E histomorphology
(P value < .05). The pathologists achieved ROC-AUC values of 0.54
and 0.51. This suggests that the DL model may have identified
discriminative features that are not easily detectable by the hu-
man eye, particularly when distinguishing pRb lost cases.

In addition, our study aims to provide explainable Al insights
to pathologists to assist them during biomarker identification. By
predicting the 2 major molecular subtypes of LCNEC and
analyzing their relevant features, we sought to understand the
morphologic differences that define these therapeutically sig-
nificant subtypes, potentially gaining deeper biological insights.
This approach could eventually enable morphology-based sub-
typing, reducing the reliance on IHC or molecular diagnostics,
thus decreasing the turnaround time and costs in routine di-
agnostics. Based on features highlighted using Grad-CAM, SCLC-
like LCNEC appears to be typified by compact cells with
condensed nuclei and scant cytoplasm, whereas NSCLC-like
LCNEC may feature pleomorphic cells with open chromatin,
prominent nucleoli, and more cytoplasm. However, it is possible
that the DL model detects specific features that are imperceptible
to the human eye, which may not directly correspond to recog-
nizable morphologic traits. This assumption is supported by
Figure 6C, in which the correct class prediction for the sample

SCLC90

SCLC94

retinoblastoma protein (pRb) classification of small cell lung carcinoma (SCLC) cases using the deep learning model. Qualitative view on tiles assigned to the pRb lost and the pRb

retained classes.
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Qualitative evaluation of the deep learning predictions in 3 representative large-cell neuroendocrine carcinoma (LCNEC) specimens from resection tissue microarrays. (A) IHC-
defined lost LCNEC correctly classified as pRb lost. (B) IHC-defined pRb retained LCNEC correctly classified as pRb retained. (C) IHC-defined pRb lost LCNEC incorrectly classified
as pRb retained. The highlighted regions on the gradient-weighted class activation mapping heatmap indicate the image features that the model associated with the predicted
class and contributed to the decision. Red represents “focus” areas, whereas blue represents noncritical features. IHC, immunohistochemistry; pRb, retinoblastoma protein.

lacks clear, attributable features, suggesting that the model may
rely on subtler or less apparent characteristics.

To strengthen the conclusions of Grad-CAM evaluation, our
framework was applied to a cohort of resections from 115 patients
with SCLC. The goal of this analysis was to determine if the fea-
tures identified as “SCLC-like” LCNEC, marked by lost pRb
expression, are more closely associated with SCLC histology than
“NSCLC-like” LCNEC. If this assumption were valid, applying the
model to SCLC data would result in the majority of cases being
classified as pRb lost. Our hypothesis was confirmed, with 89.57%
of the SCLC tiles associated with the pRb lost class. This aligns not
only with the confirmation by pRb provided by the data but also
with the 6% to 10% RB1 positivity in SCLC.>>>? Furthermore, the
model assigned the pRb lost class to the SCLC cases with higher
certainty than the pRb retained class, indicating that the pRb lost
features are more representative of the SCLC cohort (Fig. 4).
Feature wise, the model consistently focused on the variability in
nuclear detail, and the amount and color of the cytoplasm, which
clearly differed between the 2 classes. Regarding the morphology
of these pRb lost LCNEC cases, we could speculate that these cases
represent a separate subclass with an intermediate morphology
between LCNEC and SCLC, as observed in genomic evaluation of

LCNEC.® These cases could potentially represent neuroendocrine
carcinoma of intermediate-sized cells, a term used in the past.*>
Regarding the training process, the variability of the model
performances across all folds highlights the intraclass heteroge-
neity and interclass similarities of the data set, which are exac-
erbated in a small data set such as ours (Supplementary
Figs. S2-S4 and Supplementary Table S7). These limitations,
which affect the robustness of the model, have led to an overall
test ROC-AUC value of 0.67 + 0.11 and an ROC-AUC value of
0.62 + 0.11 on biopsy samples. Especially in the random split from
the first fold, the train set did not identify sufficient features to
enable the generalization to the test set. Furthermore, although
the settings from the second, third, and fourth folds performed
well on tissues derived from resections, their performance
decreased when generalized to biopsy tissues. This is likely due to
structural changes caused by needle-based tissue extraction. As
the model was trained solely on resection data, it should be
further trained on additional biopsy data to improve its general-
izability and account for features specific to biopsies. Furthermore,
increasing the training data and adapting the CNN architecture to
the size and complexity of the extended cohort are expected to
improve the predictive performance of the classification,
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Figure 6.

Qualitative evaluation of the deep learning (DL) predictions in 3 representative regions of interest from large-cell neuroendocrine carcinoma (LCNEC) biopsy specimens. The
highlighted regions on the gradient-weighted class activation mapping (Grad-CAM) heatmap indicate the image features that the model associated with the predicted class and
contributed to the decision. (A) ROI of IHC-defined lost LCNEC correctly classified as pRb lost. (B) ROI of IHC-defined pRb retained LCNEC correctly classified as pRb retained. (C)
ROI of IHC-defined pRb retained LCNEC correctly classified as pRb retained. Red represents "focus” areas, whereas blue represents noncritical features. H&E, hematoxylin and
eosin; IHC, immunohistochemistry; pRb, retinoblastoma protein; ROI, region of interest.
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promoting its clinical applicability as an alternative to the IHC pRb
evaluation. Such tools could eventually contribute to updates in
diagnostic frameworks involving biopsies, such as the WHO
classification system, and provide accessible, cost-effective, and
significantly faster solutions for clinics, by eliminating the need for
antibodies and staining. This approach could prevent tissue scar-
city and be particularly advantageous for resource-limited settings
in which advanced IHC capabilities are unavailable.

Grad-CAM feature evaluations and the variability of each fold’s
performance highlight the data heterogeneity, aligning with clinical
studies that emphasize the complexity of distinguishing between
SCLC and LCNEC.>** Interobserver variability among pathologists
is reported as only fair (kappa = 0.40). In the study by den Bakker
et al,>* which examined a mix of SCLC, LCNEC, and neuroendocrine
lung carcinoma cases, unanimous diagnoses were reached in only
20 out of 170 cases, and a majority diagnosis was achieved in 115
cases, whereas no consensus was reached in 35 cases.

Future research should focus on improving the classifier’s
robustness by integrating data from international cohorts, which
would help overcome current limitations related to the rarity of
LCNEC and tissue heterogeneity. Expanding the training data set
and thereby increasing the complexity of the captured morpho-
logic features will likely allow for the development of deeper and
more sophisticated CNN architectures, including semisupervised
approaches. This, in turn, would enhance the model’s ability to
capture finer, localized histomorphologic features that are crucial
for accurate subtyping, possibly pinpointing to more precise re-
gions. These features may eventually inform updates to the WHO
classification system using biopsies, enhancing its diagnostic and
prognostic use for inoperable cases.
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