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Abstract
Identifying the lung carcinoma subtype in small biopsy specimens is an important part of determining a
suitable treatment plan but is often challenging without the help of special and/or immunohistochemical
stains. Pathology image analysis that tackles this issue would be helpful for diagnoses and subtyping of
lung carcinoma. In this study, we developed AI models to classify multinomial patterns of lung carcinoma
(adenocarcinoma, squamous cell carcinoma, small cell carcinoma, large cell neuroendocrine carcinoma)
and non-neoplastic lung tissue based on convolutional neural networks (CNN or ConvNet). Four CNNs
that were pre-trained using transfer learning and one CNN built from scratch were used to classify patch
images from pathology whole-slide images (WSIs). We evaluated the diagnostic performance of each
model in the test sets. The Xception model achieved the highest performance among pre-trained CNNs
with an accuracy of 0.86 and an area under the curve (AUC) of 0.97. The built from scratch CNN model
obtained an accuracy of 0.92 and an AUC ranging from 0.99 to 1.00 for subtyping lung carcinoma tasks.
These results demonstrate how promising CNN models are for developing improved diagnostic work�ow
systems for diagnosis and subtyping of lung carcinoma. Of particular note is the fact that the built from
scratch CNN described in this paper achieves prompt and consistent results so has the potential to be
applied in working hospitals for pathological diagnoses.

Introduction
Lung cancer is most common cause of cancer death (18.0%) while it was the second most commonly
diagnosed cancer (2,206,771; 11.4%) worldwide in 2020 behind female breast cancer (2,261,419; 11.7%).1

The operability of lung cancer is determined by the cancer stage. At the time of diagnosis, approximately
70% of lung cancer patients have advanced stage and are inoperable. In many cases, a �nal histological
diagnosis is made from a small biopsy tissue. After a small biopsy, lung carcinomas are classi�ed as
adenocarcinoma (ADC), squamous cell carcinoma (SCC), small cell carcinoma, large cell neuroendocrine
carcinoma (LCNEC), or “non-small cell carcinoma (NSCC), not otherwise speci�ed (NOS)”, etc. by
additional special and/or immunohistochemical stains, if necessary. The classi�cation “NSCC, NOS” is
the diagnostic term used when a lung carcinoma cannot be classi�ed into a speci�c type from a small
biopsy specimen despite the use of the additional stains or when no stains are available.2 Subtyping for
lung carcinoma in small biopsy specimens is often challenging without these special and/or
immunohistochemical stains.

Histological subtyping of lung carcinoma is a vital part of determining a suitable treatment plan. In cases
of small cell carcinoma, chemotherapy is usually used alone without any surgical treatment because of
the advanced cancer stage at the time of diagnosis; it is hard to meet surgical specimens of small cell
carcinoma in practice. In the patients with NSCC, surgery is determined by the cancer stage, and the
chemotherapy regimen depends on the histological subtype.3–4

With the emergence of digital pathology, there have been studies that attempt to analyze digital slide
images of lung cancers using deep learning.5–9 Deep learning-based pathology image analysis that can
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accurately diagnose and subtype lung carcinoma would be extremely useful in daily practice as an
auxiliary means to help quickly arrive at the most suitable treatment plan. However, there have been no
studies that propose technology that is capable of distinguishing non-neoplastic lung tissue and lung
carcinoma subtype including adenocarcinoma, squamous cell carcinoma, small cell carcinoma, and
LCNEC, which are frequently seen in lung biopsy. In this study, we aimed to develop deep learning-based
AI models for multinomial classi�cation of patterns in lung cancer biopsy slides.

Results
Overview of AI models for multi-class classi�cation 

We developed and evaluated AI models with a convolutional neural network structure for multi-
classi�cation of lung cancer subtypes (Table 2, Figure 1c-1) either built from scratch on the Keras
Sequential API (https://keras.io/) or based on four well-known, pre-trained CNNs using transfer learning
(Figure 1c-2). Pathology slides from 190 patients of lung or bronchus biopsies were collected at the
Gyeongsang National University Hospital. Cancer regions on the WSIs were annotated by pathologists,
and the tumor areas in these images were extracted and used to generate nonoverlapping patches
256×256 pixels in size at a magni�cation of 20× using DeepPATH7, as shown in Figure 1a. Figure 1b
shows the dataset containing a total of 5 classes with 18 ADC, 12 LCNEC, 19 SCC, 18 small cell
carcinoma whole slide images (WSIs), and 123 non-tumor WSIs. 10235 sample images were generated
from 190 WSIs to represent the four lung cancer subtypes as well as the negative case. Out of the total of
10235 patches, 7366 patches were used to construct a training set (72%), 816 patches were selected for a
validation set(8%) and 2053 patches were assigned to the test set (20%), as shown in Table 1. The
architecture of the built from scratch CNN is described in Table 2. Four pre-trained convolution neural
networks, Xception10, ResNet15211, VGG1912, and NASNETLarge13, were also used in this study. To
compile the model for each CNN, Nadam and categorial cross entropy were chosen as the respective
optimizer and loss function. We generated three independent datasets containing training, validation, and
test sets from the original dataset using the split-folders python library (https://pypi.org/project/split-
folders/). Each AI model diagnosed the images and output either one of the four types of lung cancer or
the negative case using the three test sets, as shown in Figure 1d.

Predictive analysis of multi-classi�cation results using AI models 

To evaluate the performance of each multi-classi�cation AI model, confusion matrices and normalized
confusion matrices were generated. Each row of one of the matrices represents the number of patches in
each predicted class according to the AI models, while each column represents the actual number of
instances in each class according to the pathologists. The test set consisted of 2053 patches with 353 of
ADC, 214 of LCNEC, 263 of SCC, 344 of small cell carcinoma, and 344 of non-tumors. Figure 2 shows the
confusion matrix and normalized confusion matrix for each AI model. Table 3 shows the accuracy and
loss of each AI model for the three different test sets used. The prediction rate range of the VGG19 model
for test set A was 0.54-0.86, as shown in Figure 2a. Figure 2b shows the accuracy of VGG19 was 0.7053
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and its loss was 0.8191. Figure 2c shows the prediction rate range of the Xception model was 0.68-0.90,
Figure 2d shows its accuracy and loss were 0.8378 and 0.9609, respectively. For the NASNetLarge model,
the prediction rate for each class ranged from 0.59 to 0.86 as shown in Figure 2e, while Figure 2f shows
its accuracy and loss were 0.7781 and 0.6035, respectively. Figure 2g shows the built from scratch CNN
had prediction rates from 0.90 to 0.94 over the various classes, while Figure 2h shows its accuracy and
loss were 0.9196 and 0.3056, respectively. The ResNet152 model had the lowest performance across the
board so its results are excluded. Table 4 displays the classi�cation results, i.e. the precision, recall, f1
score, and accuracy, of the built from scratch CNN model for each class. 

High AUC performance of AI models for discriminating patterns 

We evaluated the diagnostic performance of the AI models for multinomial classi�cation of lung cancer
subtypes in the test set. The area under the curve (AUC) of the receiver operation characteristic curve
(ROC) were evaluated for each model over the three different test sets. VGG19 scored 0.92 for the AUC of
the micro-average ROC curve and 0.89 for the AUC of the macro-average ROC curve as shown in Fig 3 a
and b. The AUC range of VGG19 for discriminating each lung cancer subtype was 0.86-0.95. The
pretrained Xception model achieved AUC of 0.97 for the micro-average ROC curve and the macro-average
ROC curve, its AUCs for classifying subtypes of lung cancer ranged from 0.96 to 0.98, as shown in Fig 3
c,d. Fig 3 e,f showed results for the NASNetLarge model with AUCs of 0.95 and 0.94 for the micro-average
ROC curve and the macro-average ROC curve, respectively. The AUC range of NASNetLarge for
discriminating each subtype of lung cancer was 0.93-0.97. The built from scratch CNN model provided
achieved an AUC of 0.99 for both the micro-average ROC curve and the macro-average ROC curve, its
AUCs for classifying subtypes of lung cancer ranged from 0.99 to 1.00, as shown in Fig 3 g,h. 

Discussion
In this work, we generated various deep learning-based AI models for multinomial classi�cation of
patterns in lung cancer biopsy slides. The AI models for the classi�cation of subtype lung carcinoma
proceeded with the �ow of digital WSI data preparation, convolutional neural networks, loss functions,
and diagnostic performance evaluation. Previous research involving lung cancer image analysis with
deep learning has focused on differentiating between non-cancer tissue and lung cancer,5,6 to distinguish
adenocarcinoma and squamous cell carcinoma,7 or looked to identify small cell carcinoma in addition to
the cancers previously mentioned.8 Gonzalez et al. attempted to distinguish LCNEC from small cell
carcinoma using deep learning, but this is based on cytology images as the input information,9 we could
not �nd any studies that have attempted to classify the major carcinoma subtypes, including LCNEC,
using lung biopsy images as the input. To the best of our knowledge, our study is the �rst to identify
LCNEC in lung biopsies.

In this study, we took two approaches to developing AI models that distinguish multinomial patterns of
lung carcinoma: transfer learning with pre-trained CNNs and a built from scratch CNN. First, we used
transfer learning with pre-trained convolutional neural networks based on Xception,10 ResNet152,11
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VGG19,12 and NASNETLarge.13 Among those models, Xception achieved the highest performance (0.86
accuracy, 0.97 AUC), however, it was di�cult for any of these four models to exceed an accuracy of 0.86
with the three test sets used in our experiments, as shown in Table 3. These results demonstrate that
transfer learning with pre-trained CNNs on ImageNet is relatively easy to access and ensures obtaining a
certain level of veri�ed accuracy. However, these results also imply, even among the pre-trained CNN
models, the performances of each model may vary in pathology image analysis, as shown in Table 3. In
other words, it may be crucial to choose an appropriate model for the speci�c task, such as analyzing
pathological images.

The second approach was to customize a new convolutional neural network model. The built from
scratch CNN model produced outstanding results (0.92 accuracy and AUC ranging from 0.99 to 1.00); this
means that the AI model could discriminate which subtype of cancer was present in the test images with
great reliability. This level of diagnostic performance has not been reported for the pathological diagnosis
of lung cancer subtypes, including the LCNEC subtype. In addition, these results imply that the built from
scratch CNN model �tted to the speci�c task at hand, such as pathological diagnosis of lung cancer
subtypes, can be expected to produce better performances than that of transfer learning using pre-trained
CNNs on a large benchmark dataset.

There are some limitations to our study. The �rst limitation of our study is the small number of samples
in our dataset. Due to the relatively small number of LCNEC biopsy cases, we decided not to add a great
number of samples of the other types of carcinomas to ensure we had a balanced dataset. As such, the
total number of carcinomas in our dataset was intentionally kept relatively small to prevent bias.
Secondly, our models were built using an intra-hospital dataset. In other studies, public data such as the
TCGA dataset was used to classify lung cancer versus normal tissue or the multinomial classi�cation of
the various cancer subtypes,4,5 however, at the time of writing, there are no public databases that include
LCNEC and small cell carcinoma slides available. To compensate for these limitations, we generated
three independent test sets randomly from within our original dataset. We were then able to obtain
consistent cross-validation results, as shown in Table 3.

In conclusion, we generated two types of deep learning-AI models for multinomial classi�cation of
patterns in lung cancer biopsy slides. The �rst type of model was a CNN pre-trained using transfer
learning, and our experiments showed that this model was able to consistently classify the various
classes of lung cancer a certain level of veri�ed accuracy using actual pathological data as the input. The
performance achieved in the experiments conducted demonstrates that a CNN model has the potential to
be the basis for developing diagnostic work�ow systems for the diagnosis and subtyping of lung
cancers. However, the pre-trained CNNs on ImageNet are generally complicated and required a time-
consuming process to run, thus expensive equipment is required for experiments. This seems to be
challenging for AI models to apply and practical use to all hospitals immediately. The information
gathered in this study suggests that another approach to pathology image analysis is to use a relatively
simple and built from scratch model �tted to the speci�c task, like the model demonstrated in this paper.
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Especially, the prompt and consistent results of the built from scratch CNN mean that it could be applied
in working hospitals for pathological diagnoses.

Material & Methods
Patients

We collected hepatoxylin-eosine stained pathology slides from the pathology reports of 178 patients that
underwent lung or bronchus biopsies at Gyeongsang National University Hospital, Jinju, Korea, in 2012
and the pathology slides of 12 patients diagnosed with large cell neuroendocrine carcinoma in their
biopsy at Gyeongsang National University Hospital from 2012 to 2018. Out of the patients the pathology
slides were taken from, 18, 19, and 18 patients were respectively diagnosed with adenocarcinoma,
squamous cell carcinoma, and small cell carcinoma while the others slides (n=123) all came from non-
tumor cases. Each diagnosis was histopathologically con�rmed by two experienced pathologists. This
study was approved by the Institutional Review Board of Gyeongsang National University Hospital with a
waiver for informed consent (2021-04-016), and all methods were performed in accordance with the
relevant guidelines and regulations.

Whole slide image (WSI) dataset

 A total of 190 WSIs were acquired from 190 pathology slides with an Aperio AT2 slide scanner (Leica
Biosystems Division of Leica Microsystems Inc., IL, USA) and 400x. Two experienced pathologists
annotated the cancer regions on the WSIs with Aperio ImageScope v12.4.3 (Leica Biosystems Division of
Leica Microsystems Inc., IL, USA). Tumor areas were extracted from the annotated whole slide images
(WSIs), the extracted areas were used to generate nonoverlapping patches 256 256 pixels in size at a
magni�cation of 20  using DeepPATH based on the OpenSlide library in Python (Fig. 1a).7 In this process,
10235 patches were generated from the original 190 WSIs containing either one of the four lung cancer
subtypes or a negative case, as shown in Table 1.

Patch Dataset 

The dataset consisted of slides from patients in one of 5 classes with 18 ADC, 12 LCNEC, 19 SCC, and 18
small cell carcinoma whole slide images (WSIs) of lung cancer subtypes as well as 123 non-tumor WSIs.
The whole slide images were used to generate 1759 ADC patches, 1061 LCNEC patches, 1314 SCC
patches, 1711 small cell carcinoma patches, and 4390 patches of non-tumor whole slide images, as
shown in Fig 1b and in Table 1. The patches were removed if the percentage of background in the patch
was above 25% according to the DeepPATH program.7 The input data were randomly divided into a
training set, a validation set, and a testing set using the split-folders library in the Python programming
language version 3.8.3 (https://pypi.org/project/split-folders/), we then generated three different
datasets, A, B, and C, using the split-folders library from the original dataset. Out of 10235 patches, 7366
patches were used to construct the training sets (72%), 816 patches were used for the validation sets
(8%) and 2053 patches were used in the test sets (20%). 

https://pypi.org/project/split-folders/
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Convolutional Neural Networks

A deep neural network (DNN) is a supervised classi�er that contains multiple layers between input and
output layers. 16 A convolutional neural network (CNN, or ConvNet) is a specialized kind of a DNN, CNNs
are known to perform particularly when analyzing images.17 We constructed a convolutional neural
network model for the multinomial classi�cation of lung cancer biopsies with the possible outputs being
the four lung cancer types or the negative case. Our CNN was built on the Keras Sequential API
(https://keras.io/), written in Python and running on TensorFlow (https://www.tensor�ow.org/).18 CNN
models take tensors of a certain shape as input, for image analysis CNNs the shape of these tensors are
dictated by the height of input images, width, and color channels. Our model takes inputs with
dimensions of 244 x 244 x 3 and consists of four convolution blocks with a max pool layer in each. The
1st and 2nd hidden layers of the model have 16 and 32 �lters, respectively, with a kernel size of (2, 2) and
use a recti�ed linear unit (ReLU) as their activation functions. The 3rd and 4th hidden layers have 64 �lters
with a kernel size of (2, 2) and use a recti�ed linear unit (ReLU) as their activation functions, as shown in
Table 2. The fully connected dense layer of the model has 5 units and uses a softmax activation
function. Batch size of 200 and 100 epochs were determined as the optimum values for the model when
considering both time and computational costs. When compiling the model, Nadam was chosen as the
optimizer and categorial cross entropy was selected for the loss function.

Transfer Learning with Pre-Trained ConvNets

We evaluated four AI models that used transfer learning to implement state-of-the-art pre-trained
convolutional neural networks. Transfer learning is a sub�eld of machine learning and arti�cial
intelligence which uses the learned weights of an already trained model to solve a different problem
instead of starting the training process of a model over from scratch, this approach saves time and
computational costs.19 Transfer learning for computer vision problems is normally executed by applying
pre-trained ConvNet architectures (e.g. VGG, ResNet, Xception etc) that were trained on large benchmark
datasets (e.g. ImageNet14) to solve a particular problem. The pre-trained convolutional neural networks
(ConvNets) allow us to build AI models for image classi�cation with relatively high accuracy and
diagnostic performance even if the target dataset is small or if the people tackling the problem do not
have the required expertise to train a CNN from scratch. Pre-trained image classi�cation networks are
trained on a subset of the ImageNet database used in the ImageNet Large-Scale Visual Recognition
Challenge (ILSVRC).20 Four pre-trained convolution neural networks; Xception,10 ResNet152,11 VGG19,12

and NASNETLarge13 were used in this study. Xception which was build and trained by Google, is a novel
deep convolutional neural network inspired by Inception.10 It slightly outperformed
InceptionV3(GoogLeNet)21 on the ImageNet database. ResNet152 is a newer version of ResNet (Residual
Network), which is a convolutional neural network built and trained by Microsoft.11 VGG19, which has a
depth of 19 layers, was established by the University of Oxford in 2014.12 Lastly, NASNETLarge is a state-
of-art neural image classi�cation model built and trained by Google in 2018.13 The pre-trained models are
freely accessible through the Keras Application (https://keras.io/api/applications/), which is a deep

https://www.tensorflow.org/
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learning library. After the pre-trained models were chosen, we repurposed the knowledge that had already
being learned; the layers, features, weights, and biases by �ne-tuning to generate the correct outputs for
our problem. Batch sizes of 20 and 10 epochs were determined as the optimum values for the pre-trained
CNNs in consideration of time and computational costs. When compiling each model, Nadam was
chosen as the optimizer and categorial cross entropy was selected for the loss function.

Statistical analysis

To evaluate the classi�cation performance of the AI models, area under the curve (AUC) of the receiver
operating characteristic curve (ROC), precision, recall with accuracy, and f1-score were utilized. 

True positive (TP): the number of cases where the class was correctly identi�ed versus the rest of classes

False positive (FP): the number of cases where the class was incorrectly identi�ed versus the rest of
classes

True negative (FP): the number of cases correctly identi�ed as healthy or other cancer type

False negative (FN): the number of cases incorrectly identi�ed as healthy or other cancer type

 

All statistical analyses were performed using the scikit-learn library (https://scikit-learn.org/) from Python
version 3.8.3 (https://www.python.org/).
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The dataset used in this study might be shared upon reasonable request to Jung Wook Yang, MD, PhD. 
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Table 1
Summary of number of whole slide images (WSIs) and patches in the dataset: training, validation, and

test set among four lung cancer subtypes and a negative case.
Subtypes Total(n) Training Set Validation Set Test Set

72% 8% 20%

WSIs Patches Patches Patches Patches

Tumor ADC 18 1759 1266 140 353

LCNEC 12 1061 763 84 214

SCC 19 1314 946 105 263

Small cell carcinoma 18 1711 1231 136 344

Non-tumor 123 4390 3160 351 879

Total 190 10235 7366 816 2053

ADC, adenocarcinoma; LCNEC, large cell neuroendocrine carcinoma; SCC, squamous cell carcinoma;

 
Table 2

Summary of 2D CNN model architecture
Layer

(options)

Output

Shape

Number of
Parameters

Input (None, 224, 224, 3) -

Conv2D(�lters = 16, kernel_size=(2,2),
activation='relu')

(None, 223, 223,
16)

208

MaxPooling2D (None, 111, 111,
16)

0

Conv2D(�lters = 32, kernel_size=(2,2),
activation='relu')

(None, 110, 110,
32)

2080

MaxPooling2D (None, 55, 55, 32) 0

Conv2D(�lters = 64, kernel_size=(2,2),
activation='relu')

(None, 54, 54, 64) 8256

MaxPooling2D (None, 27, 27, 64) 0

Conv2D(�lters = 64, kernel_size=(2,2),
activation='relu')

(None, 26, 26, 64) 16448

MaxPooling2D (None, 13, 13, 64) 0

Global Average Pooling2D (None, 64) 0

Dense(unit = 5, activation='softmax') (None, 5) 325
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Table 3

Accuracy and Loss of AI models with Test sets

  VGG19 Xception NASNetLarge New CNN

Loss Accuracy Loss Accuracy Loss Accuracy Loss Accuracy

Test set
A

0.8191 0.7053 0.9609 0.8378 0.6035 0.7781 0.3056 0.9196

Test set
B

0.8419 0.6912 0.5027 0.8266 0.6065 0.7810 0.3028 0.9264

Test set
C

0.8448 0.6961 0.5656 0.8563 0.6185 0.7622 0.3637 0.9070

 
Table 4

Classi�cation Report for a new CNN model

  Precision Recall f1-score Support

ADC 0.8840 0.9065 0.8951 353

LCNEC 0.9571 0.9393 0.9481 214

SCC 0.8655 0.9049 0.8848 263

Small cell carcinoma 0.9456 0.9099 0.9274 344

non-tumor 0.9326 0.9283 0.9304 879

accuracy     0.9196 2053

micro average 0.9127 0.9178 0.9172 2053

weighted average 0.9204 0.9204 0.9198 2053

ADC, adenocarcinoma; LCNEC, large cell neuroendocrine carcinoma; SCC, squamous cell carcinoma;
Precision, the fraction of relevant instances among the retrieved instances; Recall, the fraction of
relevant instances that were retrieved; f1-score, a measure of test set’s accuracy and the harmonic
mean of the precision and recall; Support, number of test set for each label and total; weighted
average, averaging the support-weighted mean per label, micro average, averaging the total true
positives, false negatives and false positives.

Figures
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Figure 1

Work�ow of AI model for multinomial pattern classi�cation in lung cancer biopsies. a. Digital slide data
and preprocessing. Cancer regions on the whole slide images (WSIs) were annotated by pathologists,
then the tumor areas were extracted and used to generate nonoverlapping patches 256×256 pixels in size
at a magni�cation of 20×. b. Dataset. The dataset contains a total of 5 classes with 18 ADC, 12 LCNEC,
19 SCC, and 18 small cell carcinoma WSIs, as well as 123 non-tumor WSIs. 10235 patches were
generated from the original 190 WSIs containing the four lung cancer subtypes and negative cases. Out
of 10235 patches, 7366 patches were used to construct the training sets (72%), 816 patches were in the
validation sets (8%) and 2053patches were in the test sets (20%). c-1. Convolutional Neural Network. Our
model takes a tensor with dimensions of (244, 244, 3) as input, the CNN consists of four convolution
blocks with a max pool layer in each. The 1st and 2nd hidden layer have 16 and 32 �lters, respectively,
with a kernel size of (2, 2) and use a recti�ed linear unit (ReLU) as their activation functions. The 3rd and
4th hidden layer have 64 �lters with a kernel size of (2, 2) and also use recti�ed linear units (ReLU). The
CNN also contains a fully connected dense layer with 5 units that uses softmax as its activation function.
When compiling the model, Nadam and categorial cross entropy were chosen as the optimizer and loss
function, respectively. c-2. Transfer Learning with pre-trained CNNs. Four pre-trained convolution neural
networks based on Xception[Chollet 2016], VGG19[Simonyan 2015], and NasNetLarge[Zoph 2018] were
evaluated in this study. After the pre-trained models were chosen, we repurposed their already learned
knowledge and carried out �ne-tuning for our task. d. Diagnosis. The AI models diagnosed the input
images from the test sets as either one of four types of lung cancer or as a negative case.
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Figure 2

Confusion matrices of the multi-classi�cation outputs from the AI models To evaluate the performance of
each multi-classi�cation model, a confusion matrix and a normalized confusion matrix were generated
for each model [VGG19 (a, b), Xception (c, d), NASNetLarge (e, f), new CNN (g, h)]. Each row of each
matrix represents the number of patches in a predicted class by the corresponding AI model, while each
column represents the actual instances in each class according to pathologists. The test sets consisted
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of 2053 patches; 353 of adenocarcinoma (ADC), 214 of large cell neuroendocrine carcinoma (LCNEC),
263 of squamous cell carcinoma (SCC), 344 of small cell carcinoma, and 344 from non-tumor cases.

Figure 3

Areas under the curve (AUC) for the receiver operation characteristic curve (ROC) achieved by the AI
models. The diagnostic performance of each AI model in multinomial classi�cation of lung cancer
subtypes was evaluated using three test sets. The area under the curve (AUC) of receiver operation
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characteristic curve (ROC) and extended AUROCs results achieved by each model are shown here [VGG19
(a, b), Xception (c, d), NASNetLarge (e, f), new CNN (g, h)]. Class 0: ADC, adenocarcinoma; class 1: LCNEC,
large cell neuroendocrine carcinoma; class 2: SCC, squamous cell carcinoma; class 3: small cell
carcinoma; class 4: non-tumor.


