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In the USA, there were about 1 806 590 new
cancer cases in 2020, and 606 520 cancer deaths are
expected to have occurred in 2021. Lung cancer has
become the leading cause of death from cancer in both
men and women (Siegel et al., 2020). Clinical studies
show that the five-year survival rate of lung cancer
patients after early diagnosis and treatment intervention
can reach 80%, compared with that of patients having
advanced lung cancer. Thus, the early diagnosis of
lung cancer is a key factor to reduce mortality.

In general, the early stage of lung cancer mani‐
fests as pulmonary nodules (Gould et al., 2013; Cao
et al., 2017). These blob-like structures with a diameter
ranging from 3 to 30 mm can be categorized as juxta-
vascular, well-circumscribed, pleural tail, or juxta-
pleural (Zhang et al., 2013). However, not all pul-
monary nodules are necessarily malignant. In clinical
treatment, the radiologist makes a diagnosis accord‐
ing to the characteristics of the nodules in a computed
tomography (CT) image, such as their shape, intensity,
and texture. Additionally, as the number of patients
increases, the radiologist has to analyze many CT
images with the naked eye. This task is time-consuming,

laborious, and intensive. Furthermore, the diagnostic
result is significantly correlated with the clinical experi‐
ence of the radiologists; the ability of different radi‐
ologists to diagnose nodules relates to their qualifica‐
tions. Thus, a computer-aided diagnosis (CAD) system
could be used as a tool for a “second opinion” to
assist radiologists in clinical diagnosis.

Existing benign-malignant pulmonary nodule
CAD classification methods can be sorted into two
main categories. Those in the first category use trad-
itional handcrafted features and usually include the
following steps: nodule segmentation, feature extrac‐
tion and optimization, and classification identifica‐
tion. Those in the second category use deep learning,
which uses various deep neural networks to realize an
end-to-end automatic classification of benign and
malignant pulmonary nodules. Over the years, many
studies have attempted to improve the performance of
classification models. Dhara et al. (2016) proposed a
malignant-benign classification model that combines
shape and texture features based on CT images. Semi-
automated technology was used to segment the pul‐
monary nodules, and multiple handcrafted features
were calculated to represent them. The Lung Image
Database Consortium (LIDC) dataset was divided
into three different sample configurations, and the
features were input into a support vector machine
(SVM). The areas under the curve (AUCs) of the
three configurations were 0.9505, 0.8822, and 0.8488,
respectively. Gong et al. (2018) extracted 66 three-
dimensional (3D) handcrafted features of 243 pul-
monary nodules and trained multiple machine learning
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classifiers under three sample configurations. The
average AUCs of the SVM, naive Bayes, and linear
discriminant analysis (LDA) classifiers were 0.94,
0.90, and 0.99, respectively. Shen W et al. (2017)
proposed a multi-scale convolutional neural network
(CNN) to classify benign and malignant pulmonary
nodules. Three scale blocks were intercepted from
nodules with a dimensionality of 32×32×32, 64×64×
64, and 96×96×96, respectively. CNN models were
then trained to produce multi-scale features, and
random forest (RF) and SVM were used to complete
the classification task. A promising accuracy (83.21%)
and AUC score (0.89) were achieved on the LIDC-
Image Database Resource Initiative (IDRI) database
after applying the SVM. Zhu et al. (2018) designed
two deep 3D dual path networks (DPNs) for the detec‐
tion and classification of pulmonary nodules. CNN
features were extracted based on the 3D DPN, and a
gradient boosting machine (GBM) was used to classify
benign and malignant pulmonary nodules. The average
AUC reached 0.9044 when using the LIDC-IDRI
database. Causey et al. (2018) proposed a classifica‐
tion and identification system for benign and malig‐
nant pulmonary nodules (NoduleX), which combined
200 deep CNN features and 103 handcrafted features,
and identified them using an RF classifier. The AUC
and accuracy of NoduleX were 0.9710 and 0.9320,
respectively.

In recent years, many malignant-benign classifi‐
cation methods have been proposed, and classification
accuracy has improved. Nevertheless, the following
problems still remain: (1) the traditional handcrafted
feature methods are cumbersome, and features with
strong generalization ability rely on the joint extrac‐
tion of experienced radiologists and engineering tech‐
nicians; (2) most of the classification methods that are
based on deep learning focus on the optimization and
modification of the existing network model structure,
while few studies have refined the classification scheme
to improve accuracy. Previous classification methods
(either traditional or deep learning) simply divided
pulmonary nodules into benign or malignant. However,
they did not consider that there may be several types
of benign and malignant nodules; therefore, the classi‐
fication accuracy was not satisfactory. Thus, the classi‐
fication scheme plays a significant role in the overall
performance of a model.

Benign nodules are usually located at the edge of
the chest cavity and have a smooth surface. Malignant

nodules are typically accompanied by lobules, burrs,
vascular fusion, and cystic air spaces (Snoeckx et al.,
2018). Moreover, irregular boundaries and a high
growth rate are the main characteristics of malignant
nodules (Albert and Russell, 2009). Fig. S1a presents
two-dimensional (2D)-slice patches of different types
of pulmonary nodules with the same malignancy score
from the LIDC dataset. The top row in Fig. S1a shows
four nodules (labelled (1) to (4)) that are malignant
but have different morphological manifestations. We
speculate that there are many potential types of malig‐
nant nodules. Furthermore, benign and uncertain
nodules may also have several potential types. Owing
to the complex internal structure of pulmonary nodules,
the difference between samples can be very large.
Their complex distribution poses a great challenge in
the malignant-benign classification of pulmonary
nodules, which severely affects classification perform-
ance. To resolve this issue, a novel classification
model is proposed herein, which identifies benign and
malignant pulmonary nodules based on 3D DPN with
K-means clustering. The findings of this study indicate
that this approach represents a great improvement in
classification performance.

First, the pulmonary nodule block was extracted
from CT images according to the annotation drawn
by four radiologists, and the pre-3D DPN model was
trained to extract CNN features. Then, feature selec‐
tion was implemented using the RF model. Next, the
K-means clustering algorithm was used to generate
new subclass labels for benign and malignant classes,
which were named cluster labels. Finally, the 3D DPN
multi-classification model was retrained using data with
cluster labels, and the final prediction results were
obtained according to the mapping relationship be‐
tween subclasses and real classes. For test data, the
preliminary prediction class was determined based on
the 3D DPN; afterwards, the class weight value was
calculated according to the distance relationship be‐
tween the test sample and the multiple cluster centers.
The preliminary class was multiplied by the weight
value, and the final prediction class was obtained
through the mapping table.

We collected lung CT images of the study
subjects from two sources. First, we downloaded the
LIDC-IDRI dataset (Armato et al., 2011) to evaluate
the proposed method. This dataset has 1010 cases,
each including images from a clinical thoracic CT
scan and an associated Extensible Markup Language
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(XML) file that records the annotations from four
radiologists. We discarded CT scans with a slice thick‐
ness greater than 3 mm, inconsistent slice spacing or a
missing slice, and we considered the following types
of nodules: (1) those equal to or larger than 3 mm in
size; (2) those marked by most of the radiologists (at
least three out of four radiologists). The annotations
from more than one radiologist for the same nodule
were merged if the spatial distance was less than a
certain threshold. We averaged the positions, malig‐
nancy, and other attributes for each candidate. After
merging the annotations, each patch was centered on
the nodule center according to the annotation. To
capture most of the nodule morphology and surround‐
ings, we set the nodule patch size to 64×64×64. In
total, 966 nodules were considered, namely, 427
benign nodules (average score≤2.5), 253 malignant
nodules (average score≥3.5), and 286 ambiguous
nodules (2.5<average score<3.5), to develop a new
classification scheme. The malignancy label of nodules
used in our work was the result of the joint labelling
of four radiologists, not biopsy results. We also per‐
formed a consistency analysis using the annotation
results. Fig. S1b shows the results of the consistency
test of four experts in pairs. We excluded labels that
were marked by experts as ambiguous (malignancy
score=3), so there were some missing cases in the
analysis results. Usually, Cohen’s kappa score is used
to evaluate the consistency of diagnosis of multiple
experts (McHugh, 2012). When the kappa score is in
the range of 0.4 to 0.6, it indicates that the judgments
of two experts show moderately strong agreement,
and when in the range of 0.6 to 0.8, the judgments
have strong agreement. Fig. S1b shows that, except
for radiologist 4, other radiologists showed strong con‐
sistency in their identification of benign and malig‐
nant nodules. We integrated the annotation results of
the four experts, minimized the judgment bias caused
by the individual differences of the radiologists, and
replaced the biopsy results of pulmonary nodules with
the integrated annotation as much as possible.

Second, we collected CT images and histopatho‐
logical test data of 36 patients who underwent lung
cancer diagnosis at Shanghai Chest Hospital (SCH) in
Shanghai, China. Among the 67 nodules, 32 were
benign and 35 were malignant. They were used only as
test data to evaluate the performance of the proposed
model. An institutional review board approved this

study, and patient agreement was obtained under the
condition that all data were anonymized. Fig. S1c pro‐
vides a detailed description of the experimental data.

Here, we propose a novel classification method
that identifies benign and malignant pulmonary nod‐
ules based on 3D DPN combined clustering analysis.
First, a volume of interest (VOI) with a dimensionality
of 64×64×64 that was centered on a pulmonary nodule
was extracted from CT images according to the anno‐
tation drawn by radiologists. The pre-3D DPN model
was then trained using nodule samples to extract CNN
features. Next, feature selection was implemented
based on the RF model, and a K-means clustering
algorithm was used to generate malignant-benign cluster
labels. Finally, the 3D DPN was retrained to identify
malignant-benign pulmonary nodules using the data
with new labels. Fig. 1a presents a flowchart of the
proposed classification method, which consists of two
main stages: training and recognition. Each step is
described in the following sections.

With the continuously increasing amount of train‐
ing data and rapid development of computer hardware
performance, deep learning is considered one of the best
solutions for medical image processing and medical
diagnostics (Shen DG et al., 2017). It can effectively
realize the end-to-end automatic classification and
identification of pulmonary nodules. Generally, the
depth of the network has a great influence on classifi‐
cation performance, i.e., a network with deep layers
has more abstract and advanced learned features. How‐
ever, a deep network causes gradient vanishing and
gradient exploding. Thus, the classification model was
inadequately trained. The shortcut connection that is
used in residual network (ResNet) is conducive to
gradient backpropagation, which can realize the train‐
ing and learning of the deeper network. Furthermore,
the output of each residual module is based on the
offset of the previous residual module, which can
effectively retain the previous features and reduce
feature redundancy. The dense connection structure that
is used in a dense convolutional network (DenseNet)
enhances feature propagation through cascading the
feature maps of all previous layers as the input of the
next layer. The structures of ResNet and DenseNet
are shown in Figs. 1b and 1c.

DPN shows superior performance in ImagNet-1k,
Places365 classification tasks, and Pattern Analysis,
Statical Modeling and Computational Learning-Visual
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(f) DPN module in the DPN network
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Fig. 1 Schematic diagram and network architecture of the proposed method. (a) Schematic diagram of the proposed
method; (b) Structure of a residual block; (c) Structure of a dense block; (d) Structure of the DPN block (proposed
method); (e) 3D DPN architecture of our proposed method; (f) A detailed description of the DPN module in the DPN
network. LIDC: Lung Image Database Consortium; DPN: dual path network; CNN: convolutional neural network;
SCH: Shanghai Chest Hospital; Conv: convolution; S: number of CT images; d: number of group.
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Object Classes (PASCAL-VOC) detection tasks (Chen
et al., 2017). It integrates the advantages of an aggre‐
gated residual network (ResNeXt) for feature multi‐
plexing and DenseNet for feature cascading, which
can effectively resolve the aforementioned problems.
The DPN structure in our work is shown in Fig. 1d.
The module includes a cascading branch, a superpos-
ition branch, and a micro-convolution structure. First,
the input data are divided into A and B using the split
operation. Then, the integral data are inputted into
a micro-convolution structure consisting of 1×1×1,
3×3×3, and 1×1×1 consecutive convolutional layers.
Next, the output is divided into two parts, S1 and S2.
S2 is automatically added to the residual path to form
New B, and S1 is cascaded to the densely connected
path to form New A. Finally, New A and New B are
combined to yield the input of the next DPN block.

The 3D DPN classification model for identifying
benign and malignant pulmonary nodules (Fig. 1e)
includes five DPN modules. The network inputs are
64×64×64 image patches that are centered on nodules.
After data augmentation and clipping, samples are fed
into the 3D DPN model. Finally, the classification
result is obtained from the output layer. Fig. 1f shows
a diagram of the DPN block structure used in our
work. Note that the 3×3×3 convolution layer adopts
the idea of group convolution in ResNeXt, the number
of groups is d, and the convolution results of each
group are added together.

Based on the annotation of nodules marked by
radiologists in both the LIDC-IDRI and SCH databases,
64×64×64 blocks were intercepted from the 512×512×
S×1 CT images, where S is the number of CT images
(usually S>64). Then, the training nodule samples
were augmented in three dimensions (x-axis, y-axis,
and z-axis), mainly including rotation and flipping.
Disproportionate data augmentation was adopted to
balance the number of samples in each cluster. Next,
the nodule blocks were cropped to 48×48×48 to elimin-
ate the difference caused by the change in the bound‐
ary pixel value. Finally, our pre-3D DPN architecture
was trained using pre-processed nodule blocks with a
malignancy label.

Generally, the output of a binary CNN classifica‐
tion model is a 2D vector (y0, y1). The function
Softmax(yi) represents the probability distribution of
two classes, defined as follows:

Softmax ( yi ) =
exp ( )yi

exp ( )y0 + exp ( )y1

, i = 0, 1. (1)

The cross-entropy loss function is used to
measure the degree of difference between the actual
one-hot classification label and the predicted class
probability of the model. To train the network through
minimizing the loss function, we used the binary cross-
entropy loss function Loss, defined as follows:

Loss =− 1
N∑( )q lg y1 + ( )1 − q lg y0 , (2)

where q indicates the benign or malignant label of
each sample (q=0, 1), and N is the batch size, which
was set to 16 in our work.

We used the Adam optimization algorithm (Kingma
and Ba, 2015), which is based on a first-order gradient,
to optimize the objective Eq. (2). The initial learning
rate was set to 0.003. When the verification loss did
not decay within 5 epochs, it was multiplied by 1/3, and
a total of 120 epochs were implemented. In addition,
we used early stopping and regularization strategies.
We extracted 304 features from the dense layer of the
3D DPN model. Fig. S2 illustrates the feature set.

Accurate and effective features can improve the
classification accuracy of pulmonary nodules. However,
when the feature redundancy reaches a certain level,
the computational complexity of the entire model and
the accuracy of malignant-benign classification de‐
crease. Therefore, we used the RF model to exclude
CNN features that were not significantly related to
malignancy (Díaz-Uriarte and de Andrés, 2006). We
selected features with a weight value higher than 0.01
to form a feature subset. Finally, those features that were
moderately or strongly correlated with the malignant-
benign classification were retained for the subsequent
clustering analysis.

As an unsupervised machine learning technique,
a clustering algorithm is used in data analysis to effect-
ively improve classification performance (Lu and
Weng, 2007). A clustering algorithm divides all data
samples into several clusters according to the similarity
of features and attributes. It satisfies the condition that
the similarity of samples within the clusters should be
higher, while the similarity of samples between clus‐
ters should be lower. The K-means clustering algorithm
uses mainly feature distance to measure the similarity
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of different samples. The samples are assigned to one
class according to the distance. This has the advantage
of high efficiency and simplicity.

After feature selection, we performed K-means
clustering analysis of the training data to form new
cluster labels. Eq. (3) presents the mapping relation‐
ship of the sample label, where Ytr represents the cor‐
responding label of the training set, Y *

tr represents the
cluster label of the training set, 0 is the benign nodule,
1 is the malignant nodule, and c and d indicate the
number of clusters of benign and malignant pul‐
monary nodules, respectively. Specifically, y0i and y1i

represent the samples with the original label of 0 and 1,
respectively, and i is the current label (0<i≤c) obtained
via clustering. Since the potential subtypes are un‐
known, we will discuss the number of optimal clusters
(c and d) in the next section.
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The 3D DPN multi-classification model follows
the setting of the pre-3D DPN, which was retrained
using data with cluster labels. For multi-classification,
the output of the CNN is a multi-dimensional vector
(y0, y1, … , yc, … , yc+d) for each sample with label q,
where q=0, 1,…, c,…, c+d, and c and d are the num‐
bers of clusters within a malignant or benign class,
respectively. The function Softmax(yi) is defined as:

Softmax ( yi ) =
exp ( )yi

∑
j = 1

c + d

exp ( yj )
, i = 1, 2, ..., c+d. (4)

The categorical cross-entropy Loss function is
selected for model optimization, and is defined by the
cross-entropy of batch size N:

Loss =− 1
N∑i = 1

c + d

qi lg yi, i = 1, 2, ..., c+d. (5)

In the recognition phase, given a test sample, the
trained 3D DPN classification model outputs the
initial predicted class distribution vector. To further
improve classification accuracy, we weighted the
initial vector to obtain the final predicted result.

The weight value (wi) calculation is shown in
Eq. (6), where wi is determined by calculating the
reciprocal of the distance between the test sample
xte and each cluster center (Centeri). xte represents the
feature vector of an input test sample, and dist repre‐
sents the distance between the test sample and multiple
cluster centers. The smaller the distance from a certain
cluster center, the higher the probability that the test
sample belongs to one sub-class. Additionally, c+d
represents the number of all sub-classes that are
decomposed in the clustering process.

wi =
1 dist ( )x te, Center i

∑
j = 1

c + d

1 dist ( )x te, Center i

, i = 1, 2, ..., c+d. (6)

The weighted predicted class is calculated accord‐
ing to Eq. (7) through multiplying each cluster center
weight value wi by the initial multi-class probability
distribution Softmax(yi) and selecting the class weights
based on the maximum weighted subclasses distribu‐
tion value. We named this post-processing process
“weight adjustment.” The final predicted class is
determined based on the established cluster mapping
table. Generally, the accuracy of the traditional binary
classification model is obtained by summing the
diagonal elements in the confusion matrix and dividing
them by the total number of samples. The proposed
method sums the diagonal elements as well as the
elements in the same class. Thus, our proposed clas‐
sification method can greatly improve the fault toler‐
ance rate.

Classweighted = arg max
i ∈ { }1, 2, ..., c + d

(wi×Softmax )( )yi . (7)

Our model was implemented in Python using a
custom version of the TensorFlow framework, which
was enabled to perform volumetric convolution. All
experiments were performed on a standard workstation
equipped with an Intel Xeon E5-2673 central process‐
ing unit (CPU) working at 2.4 GHz and a NVIDIA
Ge Force GT extreme (GTX) 1080 graphics card.

962



J Zhejiang Univ-Sci B (Biomed & Biotechnol) 2022 23(11):957-967 |

To validate the effectiveness of the proposed
scheme, we used 966 pulmonary nodules from the
LIDC database and 67 from the SCH database in the
experiment. The training dataset was divided randomly,
accounting for 85% of the LIDC database; the remain‐
ing 15% and the SCH database were considered as
the test dataset. As shown in Fig. 2a, we carried out
the following two sets of experiments under three
different sample configurations: (1) exploring the
influence of cluster number on the accuracy of benign-
malignant classification; and (2) exploring the influ‐
ence of different architectures on the accuracy of
benign-malignant classification. Three sample config-
uration schemes regard the nodules marked by radi-
ologists with a malignancy score of 3 in the LIDC data‐
base as discarded, benign, or malignant. In configur-
ations 2 and 3, unknown data are placed in the benign
and malignant groups. These uncertain nodules are
used to validate the performance of the classification
scheme in dealing with fault data. Generally, the evalu‐
ation criteria of a classification model include accur-
acy, sensitivity, specificity, and AUC. A detailed expla‐
nation of each evaluation indicator is given below and
in Eqs. (8)‒(10).

Accuracy (ACC) is the proportion of all samples
correctly classified by the model. Sensitivity (SEN) is
the proportion of malignant nodules correctly classi‐
fied by the model. The higher the sensitivity, the lower
the missed diagnosis rate. Specificity (SPE) is the pro‐
portion of benign nodules correctly classified by the
model. The higher the specificity, the lower the mis-
diagnosis rate. True positive (TP) and true negative (TN)
represent the numbers of samples of malignant nodules
and benign nodules correctly classified by the model,
respectively. On the contrary, false positive (FP) and
false negative (FN) represent the numbers of samples
of malignant and benign nodules, respectively, that
are predicted incorrectly by the model.

ACC=(TP+TN)/(TP+TN+FP+FN), (8)
SEN=TP/(TP+FN), (9)
SPE=TN/(TN+FP). (10)

Furthermore, the area under the receiver operat‐
ing characteristic (ROC) curve is a graphical method
that shows the trade-off between the TP rate (sensitivity)
and FP rate of the classification model (van Erkel and
Pattynama, 1998).

If the number of clusters in a certain class is
extremely large, there would be very few training
samples of each subclass in the class. The classifica‐
tion model would be inadequately trained, despite im‐
plementing an unbalanced data augmentation method.
Thus, we set the maximum cluster number to 4. As
shown in Figs. 2b‒2d, the bestValue represents the
best cluster numbers of benign and malignant classes
in the nodule dataset, which was obtained for the
three configurations through multiple iterations using
a grid search strategy (Bergstra and Bengio, 2012).

For configuration 1, compared with the binary
classification, the best classification accuracy was
obtained when the number of benign clusters was 1 and
the number of malignant clusters was 3 (bestValue=
[1, 3]). We also verified the effectiveness of our method
applied to 67 clinical datasets from SCH. The accuracy
was 86.57%. The reason for the poor experimental
performance is that, unlike the data in the LIDC
database, the data were obtained from clinics. Further‐
more, each radiologist may make a different judgment
for the same nodule sample. For configurations 2 and
3, there were more potential types of benign and ma‐
lignant pulmonary nodules. When the bestValue was
[3, 2] in configuration 2 and [3, 3] in configuration 3,
the classification accuracy was 86.23% and 84.06%,
respectively. The experimental results revealed mul-
tiple potential subtypes of both benign and malignant
pulmonary nodules. The binary CNN classification
model makes it difficult to extract effective features to
distinguish between benign and malignant nodules.
The clustering algorithm effectively achieves class
decomposition. More benign and malignant subcat-
egories are decomposed, which is beneficial for the
training of the network. In addition, weight adjustment
increases the connection between the test sample and
multiple cluster centers in the training dataset. This
plays an important role in the classification of benign
and malignant pulmonary nodules.

To further demonstrate the effectiveness of our
classification scheme, we applied our method to 3D-
Alex, 3D-DenseNet, and 3D-ResNet using the same
dataset. The first 3D CNN architecture was modified
from AlexNet. Compared with other non-deep learn‐
ing methods, AlexNet achieved a significant improve‐
ment on ImageNet large-scale visual recognition tasks
in 2012 (Krizhevsky et al., 2017). The second 3D
CNN architecture was modified from DenseNet (Huang
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(a) Pulmonary nodules in three configurations

Configuration

1

2

3

Description

LIDC: 1, 2 as benign; 4, 5 as malignant
SCH: 1 as benign; 5 as malignant

LIDC: 1, 2 as benign; 3, 4, 5 as malignant

LIDC: 1, 2, 3 as benign; 4, 5 as malignant

Benign

427
32

427

713

Malignant

253
35

539

253

(b) Classification performance in three configurations

Configuration

1

1 (SCH)

2

3

bestValue

[1, 3]

[3, 2]

[3, 3]

3D-DPN aided by K-means clustering analysis

ACC (%)

92.86

86.57

86.23

84.06

SEN (%)

94.44

91.43

92.94

61.29

SPE (%)

91.94

81.25

75.47

90.65

AUC (%)

96.43

90.03

87.96

Binary classification ACC (%)

89.80

79.10

78.26

78.99

(c)

(d)

(e) Different predictive models

Architecture

3D-AlexNet
3D-AlexNet with clustering

3D-DenseNet
3D-DenseNet with clustering

3D-ResNet
3D-ResNet with clustering

3D-DPN
3D-DPN with clustering

Number of parameters

2.83×104

5.00×105

1.26×106

1.85×105

ACC (%)

86.73
91.83

87.76
89.79

84.69
91.84

89.80
92.86

SEN (%)

83.78
86.49

86.84
78.95

75.00
87.50

88.10
94.44

SPE (%)

88.52
95.08

88.33
96.67

89.39
93.94

91.07
91.94

AUC (%)

89.55
94.88

91.74
92.87

87.51
95.30

93.32
96.43

(f) Comparison of different methods

Work

Wu et al. (2019)

Zhu et al. (2018)

Lyu et al. (2020)

Dey et al. (2018)

Mastouri et al. (2021)

Our method

Method

Handcrafted features+RF
with clustering

Deep 3D DPN+GBM

ML-xResNet

MoDenseNet

[VGG16, VGG19]+SVM

3D DPN with clustering

Number of nodules

952

1004

865

686

3186 (2D)

966

Configuration

1
2
3

1

1

1

1

1
2
3

ACC (%)

92.37
85.62
82.05

90.44

92.19

90.40

91.99

92.86
86.23
84.06

SEN (%)

94.28
87.23
93.56

92.10

90.47

91.85

94.44
92.94
61.29

SPE (%)

90.27
82.54
56.59

91.50

90.33

92.27

91.94
75.47
90.65

AUC (%)

97.02
91.90
86.62

97.05

95.48

95.90

96.43
90.03
87.96

Fig. 2 Experimental configurations and experimental results. (a) Description of pulmonary nodules in three configurations;
(b) Comparison of classification performance in three experimental configurations; (c) Heat maps between bestValue and
classification accuracy (%) under configurations 1, 2, and 3; (d) ROC curves for configurations 1, 2, and 3; (e) Performance
of different predictive models based on 3D CNNs aided by clustering analysis; (f) Comparison of our method with the
results of related studies. LIDC: Lung Image Database Consortium; SCH: Shanghai Chest Hospital; ACC: accuracy;
SEN: sensitivity; SPE: specificity; AUC: area under the curve; DPN: dual path network; RF: random forest; GBM: gradient
boosting machine; VGG: visual geometry group network; SVM: support vector machine.
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et al., 2017), which achieved a significant improve‐
ment on four highly competitive object recognition
benchmark tasks (Canadian Institute for Advanced
Research (CIFAR)-10, CIFAR-100, Street View House
Number (SVHN), and ImageNet). The third 3D CNN
architecture was based on ResNet (He et al., 2016),
which won first place in ImageNet detection and posi‐
tioning, Common Object in Context (COCO) detec‐
tion and segmentation, and ImageNet Large Scale
Visual Recognition Challenge (ILSVRC) classifica‐
tion tasks. Some adjustments based on the original
architectures were implemented to better adapt to the
LIDC dataset. The results of each experiment with the
settings described above are presented in Fig. 2e.

Note that our work did not compare and verify
the hyperparameters of the network model used. Our
aim was to explain that, under a better training condi‐
tion, the clustering algorithm can improve classifica‐
tion accuracy effectively compared to the binary
classification model. Fig. 2e shows that the accuracy
of the different predictive models combined with a
clustering algorithm was improved. This indicates that
the class decomposition and weight adjustment were
effective.

We compared our proposed classification model
with two published methods (Fig. 2f). Overall, it is
difficult to make comparisons with other studies on
pulmonary nodule classification, since most studies
did not employ the whole LIDC dataset. Wu et al.
(2019) proposed a scheme for nodule classification
based on RF with clustering analysis, using the same
experimental configurations as in our study. Zhu et al.
(2018) designed two deep 3D DPNs for the detection
and classification of pulmonary nodules. CNN features
were extracted for the task of malignant-benign classi‐
fication, and the GBM was used to identify benign
and malignant pulmonary nodules. The average ACC
was 0.9044 on the LIDC-IDRI database.

Evidently, the overall classification performance
of our proposed scheme in each configuration was
better than that in the study of Wu et al. (2019). Wu
et al. (2019) extracted handcrafted features and used
clustering algorithms and the RF classifier for classifi‐
cation, whereas we used deep CNNs to extract CNN
features. Compared with handcrafted features, CNN
features can better reflect nodule information when
the amount of data is sufficient. Comparison of our
results with those of Zhu et al. (2018) revealed that

the 3D DPN greatly improved classification perform-
ance after using the clustering algorithm.

The experimental results revealed that the overall
classification performance of configuration 1 was
better than those of configurations 2 and 3. This indi‐
cated that the classification improved after the uncer‐
tain nodules were removed. The overall classification
performance of configuration 2 was better than that of
configuration 3, indicating that nodules with a rank of
malignancy 3 were much more likely to be categor-
ized as benign.

We propose a novel classification method to
differentiate between malignant and benign pulmonary
nodules, based on 3D DPN combined with K-means
clustering. In this study, 966 pulmonary nodules from
the LIDC database and 67 from the SCH database
were used for experimental verification. We also com‐
pared the method with classic deep learning architec‐
ture and state-of-the-art classification models.

In recent years, many traditional deep learning
methods for the malignant-benign classification of
pulmonary nodules have been proposed to optimize
model structure. Considering that the internal struc‐
ture of pulmonary nodules is complex, the difference
between samples is large. Additionally, there are
several types of benign and malignant nodules, and the
overlap of multiple sub-classes may make it difficult
to differentiate between benign and malignant nodules.
Compared with existing deep learning research, the
advantage of our proposed method is the incorpor-
ation of clustering analysis into the classification pro‐
cess. Moreover, the fault tolerance and accuracy of
the network model are improved through class decom‐
position and weight adjustment. Experiments were
performed with three different pulmonary nodule con‐
figurations. The three configurations regard the data in
the LIDC as discarded, benign, and malignant, respect-
ively. The experimental results revealed that, com‐
pared with the binary classification CNN model, the
clustering classification method yields a certain improve‐
ment in accuracy, and can handle faulty data well.

Furthermore, we verified the advantages of three
classic CNN architectures (3D-Alex, 3D-ResNet, and
3D-DenseNet) combined with clustering algorithms
for the classification of malignant-benign pulmonary
nodules. This comparison demonstrated the effective‐
ness of our proposed scheme. Compared with pub‐
lished methods, this scheme is comparable in terms of
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the classification of malignant-benign pulmonary
nodules and can extract more advanced CNN features
to represent the inherent potential spatial distribution
of the sample. The accuracy, sensitivity, specificity, and
AUC of our proposed method were 92.86%, 94.44%,
91.94%, and 96.43%, respectively.

Lastly, our proposed method has certain limita‐
tions. First, we used only CNN features for clustering
from the LIDC database and did not consider other
clinical information. Second, we verified the four CNN
architectures under the premise of ensuring that the
model was fully learned, but did not consider the
impact of hyperparameter changes on the classifica‐
tion results. Finally, we used only a total of 1033
nodule samples from the LIDC and SCH databases.
In deep learning, a better classification performance is
often obtained when the amount of data used for train‐
ing increases. Therefore, the use of a larger training
dataset may be a possible research direction in the
future to improve the accuracy of the classification of
pulmonary nodules.
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