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Abstract
As Bthe second eyes^ of radiologists, computer-aided diagnosis systems play a significant role in nodule detection and diagnosis for
lung cancer. In this paper, we aim to provide a systematic survey of state-of-the-art techniques (both traditional techniques and deep
learning techniques) for nodule diagnosis from computed tomography images. This review first introduces the current progress and
the popular structure used for nodule diagnosis. In particular, we provide a detailed overview of the fivemajor stages in the computer-
aided diagnosis systems: data acquisition, nodule segmentation, feature extraction, feature selection and nodule classification.
Second, we provide a detailed report of the selected works and make a comprehensive comparison between selected works. The
selected papers are from the IEEE Xplore, Science Direct, PubMed, andWeb of Science databases up to December 2018. Third, we
discuss and summarize the better techniques used in nodule diagnosis and indicate the existing future challenges in this field, such as
improving the area under the receiver operating characteristic curve and accuracy, developing new deep learning-based diagnosis
techniques, building efficient feature sets (fusing traditional features and deep features), developing high-quality labeled databases
with malignant and benign nodules and promoting the cooperation between medical organizations and academic institutions.
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Introduction

Cancer is a leading public health problem across the world,
and a report provided by the American Cancer Society (ACS)
estimates that approximately 1,735,350 cancer cases will oc-
cur in 2018 in the United States [1]. Lung cancer is the leading
cause of cancer deaths in both males and females, with an
estimated death rate of 26% and 25%, respectively, and a 5-
year relative survival rate of 18% [1, 2]. One major reason for
the low survival rate is that approximately 70% of patients
miss timely and effective treatment at the early stage [3].
Fortunately, the early diagnosis of lung cancer will greatly
increase this rate to 52% [4].

To data, several imagingmodalities (as shown in Fig. 1), such
as computed tomography (CT), magnetic resonance imaging
(MRI) and positron emission tomography (PET), have been used
by radiologists for lung cancer diagnosis. Among them, themost
sensitive diagnostic modality to diagnose lung cancer at the early
stage is low-dose CT because of its high spatial resolution, cost-
effectiveness, wide availability and noninvasiveness [5, 6]. With
the advancement of the CT technique, the mortality of lung
cancer has significantly decreased [7].

Pulmonary nodules are rounded-opacity and circumscribed
parenchymal lesions measuring less than 3 to 4 cm in diameter
[8]. However, not all pulmonary nodules are malignant (as
shown in Fig. 2). In clinical practice, the diagnosis of pulmo-
nary nodules is still performed by radiologists based on the
nodules’ information (texture, intensity and shape, etc.). They
need to analyze a large number of CT images and differentiate
malignant nodules from benign ones efficiently and precisely.
However, this is extremely subjective and challenging. Due to
destabilizing factors, such as misinterpretation, experience
and distraction, as well as perceptual error, it is difficult for
radiologists to precisely classify benign and malignant pulmo-
nary nodules in CT images. Currently, invasive biopsy shows
the potential to determine the status of pulmonary nodules.
This is a highly invasive procedure because biopsies need to
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be taken from the nodules. Additionally, only extracting a
small portion of the nodule may not accurately characterize
the nodule due to its spatial heterogeneity. Therefore, ad-
vanced pulmonary nodule detection and diagnosis systems
are needed to help radiologists overcome these challenges,
interpret diagnostic data and make decisions. Such systems
are known as computer-aided diagnosis (CAD) systems.

The systematic investigation of CAD schemes was begun
in the 1980s to detect, segment and diagnose pulmonary nod-
ules with CT images [9–11]. CAD systems can also be re-
ferred to as two more specific computational systems:
computer-aided detection (CADe) systems and computer-
aided diagnosis (CADx) systems. CADe systems detect po-
tential lesions through medical images and find special abnor-
malities. The CADx systems mainly aim to characterize and
distinguish the lesions. There are many reviews about CADe
systems [12–20] in recent years, but few about CADx sys-
tems. The existence of pulmonary nodules is not definitely
equivalent to lung cancer, and the features of nodules have a
complicated relationship with cancer. Therefore, the diagnosis
of lung cancer requires an investigation of each suspicious
nodule carefully and the integration of all information on all
nodules. As Bthe second eyes^ of radiologists, CADx systems
can provide a second objective opinion to improve the perfor-
mance of diagnosis by decreasing interobserver variation.
Specifically, the CADx systems have already shown potential
assistants in clinical practice. Hence, this work only takes into
account the CADx systems. To enhance the confidence of
radiologists in the CADx system as a useful tool, some rigid

goals must be met, such as high area under the receiver oper-
ating characteristic curve (AUC), higher accuracy (ACC),
high sensitivity and specificity, computational efficiency,
low cost and software security assurance [21].

Several reviews have reported many techniques employed
in the diagnosis of pulmonary nodules with CT images. Those
papers introduced the databases and techniques that had been
adopted at the time and compared experimental results be-
tween the proposed method and other referenced methods;
see Yang et al. [22], Hu et al. [23] and Paulraj et al. [24]. Hu
et al. [23] reviewed studies through July 2017, Yang et al. [22]
reviewed studies through November 2018, and Paulraj et al.
[24] reviewed studies throughMay 2016. The studies reviewed
in both Yang et al. [22] and Hu et al. [23] were only based on
deep learning techniques; Paulraj et al. [24] only described the
various techniques used in the CADx system and did not com-
pare different CADx systems. The main contribution of our
work is to provide a comprehensive review to introduce the
state-of-the-art techniques (both traditional techniques and
deep learning techniques) used for pulmonary nodules diag-
nosing in CADx systems with CT images. The listed papers are
selected from the IEEE Xplore, Science Direct, PubMed, and
Web of Science databases up to December 2018.

This paper provides an appraisal of nodule diagnosis for
lung cancer in CT images. We mainly focus on the proposed
methods, the databases adopted and the experimental results
in each selected work. Most selected papers are reported in
detail. To better explore the current trends in this field, a quan-
titative comparison is made based on many assessment

Fig. 2 Exhibition of pulmonary nodules in CT images

Fig. 1 Different imaging
modalities of pulmonary nodules.
a CT, b MRI, c PET
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metrics (AUC, ACC, sensitivity, etc.). Moreover, we summa-
rize the most popular database and feature set and the best
traditional method and deep learning method for nodule clas-
sification. Further research and challenges are also reported in
the Discussion. Therefore, this review will be useful for re-
searchers to learn about the latest and most advanced tech-
niques of pulmonary nodule diagnosis.

This review is organized as follows: Section 2 introduces the
most popular structure of CADx systems, especially the five
basic stages of the systems. Section 3 provides a detailed report
of the selected works and makes a comprehensive comparison
between selected works based on six assessment metrics.
Section 4 mainly discusses and summarizes the better tech-
niques used in nodule diagnosis and indicates the existing future
challenges in this field. Finally, Section 5 concludes this paper.

Structure of the CADx system

Evidence suggests that CADx can improve the performance of
radiologists in medical image interpretation and diagnosis [25]
by providing quantitative support and decreasing the misinter-
pretation of the available data [26–28]. As potential assistants,
CADx systems are usually composed of five basic stages: data
acquisition, nodule segmentation, feature extraction, feature se-
lection and nodule classification. The basic stages for a popular
CADx system are shown in Fig. 3. The systems start with data
acquisition. Subsequently, the nodules can be localized or seg-
mented according to the annotations from the database. Then,
pattern features are extracted and selected from the segmented
nodules. From the selected features, the nodules are classified
as benign or malignant. We organize this review based on the
five basic stages to help readers learn about the principle and
structure of the CADx systems.

Data acquisition

Among medical imaging modalities, low-dose CT is the most
popular in pulmonary nodule diagnosis. A well-characterized
public repository of thoracic CT scans can facilitate and stim-
ulate the development of CADx systems. Data obtained from
private databases or location hospitals are not recommended
because the comparison between experimental results from
different CADx systems is less persuasive. For better devel-
opment, training and comparison of different CADx systems,
some public databases have been built. Some public databases
have achieved good performance, such as Lung Image
Database Consortium (LIDC) [29, 30], Lung Image
Database Consortium and Image Database Resource
Initiative (LIDC–IDRI) [31, 32], LUng Nodule Analysis
2016 (LUNA16) [33] and Early Lung Cancer Action
Program (ELCAP) [34, 35].

In April 2000, the National Cancer Institute (NCI) issued a
request for applications (RFAs) entitled BLung Image
Database Resource for Imaging Research^ to convene five
institutions to form the LIDC. Guided by the premise that
Bpublic-private partnerships are essential to accelerating sci-
entific discovery for human health^ and their successes in this
realm [36], the Image Database Resource Initiative (IDRI)
was created by the Foundation for the National Institutes of
Health (FNIH) to further develop the LIDC. Through the
IDRI, eight medical imaging companies provided additional
resources to expand the LIDC database, and the database that
combined those CT scans was referred to as the LIDC-IDRI
database [37]. The LIDC-IDRI database further advanced by
the FNIH with active participation from the Food and Drug
Administration (FDA) and became the largest open-source
pulmonary nodule image database in the world [38]. The
LIDC-IDRI database contains 1018 CTscans with slice thick-
nesses varying from 1.25 to 3 mm and reconstruction intervals
between 0.625 and 3 mm. For each scan, an XML file is
included, containing the marking results of a two-phase image
annotation process. The XML files were made by four profes-
sional radiologists and include certain characteristics (round-
ness, texture, malignancy, etc.), the location and the contour of
each nodule. Additionally, all nodules were marked by each
radiologist independently and are divided into three catego-
ries: Bnodule < 3 mm,^ Bnodule > or = 3 mm,^ and Bnon-
nodule > or = 3 mm^ initially. Each nodule is indicated with
one of 5 malignancy levels: Level 1: highly unlikely for can-
cer; Level 2: moderately unlikely for cancer; Level 3: inter-
mediate likelihood; Level 4: moderately suspicious for cancer;
Level 5: highly suspicious for cancer. The LUNA16 database
was extracted from the LIDC-IDRI database, which contains
888 CTscans with relevant annotations. The ELCAP database
was built in 2003 to evaluate the performance of different
CAD systems with 50 CT scans and related annotations.

Nodule segmentation

The accurate segmentation of pulmonary nodules is an essen-
tial step for the subsequent feature extraction step. Nodule
segmentation mainly aims to remove irrelevant information
(trachea, bronchi, pulmonary vessels, etc.) and recover signif-
icant information during data acquisition. To segment the nod-
ules, many works used the annotation supplied by the four
different radiologists to extract nodule contours. It is interest-
ing to note the different degrees of variation in the annotations
provided by different radiologists, as shown in Fig. 4. Filho
et al. [39] and Costa et al. [40] chose the largest area to repre-
sent the instance of the nodules. Kumar et al. [41] used anno-
tations of all radiologists to represent one nodule for better
classification accuracy. Different techniques have been pro-
posed to segment pulmonary nodules in this review: optimal
threshold [42–44], Otsu algorithm [45, 46], pixel-based
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segmentation method [47], Watershed transform [48], Hough
transform [49], improved random walk algorithm [50], 3D
region-growing algorithm and multiscale 3D dot-filtering

algorithm [51], and thresholding and connected component
analysis [52]. In particular, the segmentation of pulmonary
nodules is not needed for pulmonary nodule diagnosis in most

Fig. 3 The basic stages of a popular CADx system

Fig. 4 Examples of annotations provided by four different radiologists for the same nodule in a single slice of CT from the LIDC-IDRI database [41]
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deep learning techniques. Small 3D or 2D patches containing
nodules will be extracted from the raw lung scans and input to
the network individually to learn deep features, so only the
center of the pulmonary nodule is necessary.

Feature extraction and selection

After segmentation, the pulmonary nodules are subjected to
the feature extraction stage. Feature extraction is an important
step in representing pulmonary nodules. Generally, a large
number of both 2D and 3D image features are computed for
all images, and a subset of the features with the best diagnostic
performance is selected for the final classification. The obtain-
ed features are mainly divided into two types: deep features
and traditional features [53]. Deep features are extracted by
deep neural networks, and traditional features (such as shape,
texture, intensity, size, margin andmorphology, etc.) are main-
ly calculated by feature descriptors. Feature selection is also
essential to obtain the most representative features to improve
the classification accuracy. The main purposes of feature ex-
traction and selection are as follows: (1) reducing the dimen-
sionality of the input data and removing irrelevant informa-
tion, the probability of which increases with the dimension of
the feature space; (2) reducing the chances of overfitting, the
probability of which increases with the dimension of the fea-
ture space [54].

A useful and efficient feature set plays a significant role in
nodule diagnosis. With the advancement of image processing
techniques, a number of image features have been explored to
characterize pulmonary nodules. As shown in Fig. 5, the fea-
tures used most often include deep features [53, 55–79],
texture-based features [39–42, 45, 47, 49–53, 69, 71, 73,
80–84], shape (geometry)-based features [39, 42, 43, 47, 48,
50, 51, 53, 64, 69, 71, 82, 84,], intensity-based features
[42–44, 50, 51, 80, 82, 83, 85, 86], size-based features [66,

67, 71, 80, 84], margin-based features [48, 52, 86] and
morphology-based features [73, 80, 86].

Of all features, deep features are the most important be-
cause deep neural networks can learn richer features in more
detail. Apart from deep features, texture-based features are the
most widely used to represent pulmonary nodules because
texture-based features can reflect the inner structure of nod-
ules efficiently and offer much information to describe the
nodules in a CT scan. Gray-level cooccurrence matrix
(GLCM) features [42, 50–53, 62, 71], local binary pattern
(LBP) features [50, 69, 82], Haralick features [52, 71, 73,
81], run-length features [62] and wavelet features [49, 62]
are useful texture-based features for lung cancer analysis.
Histograms of oriented gradients (HOGs) [69] and Fourier
shape descriptors [53] have been found to be powerful fea-
tures for shape (geometry)-based classification. Intensity-
based features are often used as the primary source of image
information, such as the mean gradient of the region boundary,
average intensity, and density uniformity. Size-based features
(aspect ratio and area of bounding box, etc.) and margin-based
features (margin sharpness and margin gradient, etc.) are the
most fundamental and intuitive features. The circularity and
ratio of the semiaxis are typical morphological features.
Moreover, several works [53, 64, 71] utilized hybrid-feature
descriptors for pulmonary nodule classification. Xie et al. [53]
fused texture, shape and deep model-learned information to
build a learning model. Yuan et al. [64] fused the statistical
features frommulti-viewmulti-scale convolutional neural net-
works (CNNs) and geometrical features from Fisher vector
(FV) encodings to classify pulmonary nodule types. Kaya
et al. [71] combined a group of handcrafted features (morphol-
ogy, color and texture) and deep features from CNN for nod-
ule classification.

Additionally, several works [39, 46, 73] used a genetic
algorithm (GA) for feature selection to obtain the best learning
model and reduce training time. The features used in those

Fig. 5 Features used in the works
for feature extraction and
selection
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works are based on texture, morphology or shape without
deep feature because GA is less efficient on high-
dimensional features [87].

Nodule classification

Once the pulmonary nodules are detected and segmented from
the CT images, the next task is to determine whether the de-
tected nodules are malignant or benign. This step mainly fo-
cuses on differentiating malignant nodules from benign ones
efficiently and precisely. Before training the learning model,
the malignant and benign samples in the training database
should be classified accurately. However, the classification
criteria for malignant and benign nodules are not very rigor-
ous. As we mentioned above, each nodule was indicated with
5 malignancy levels in the LIDC-IDRI database. Most of the
selected works carried out a binary classification by calculat-
ing the average level from four radiologists for each nodule
and defined that if the average level was higher than 3, this
nodule was considered to be malignant; if the average level
was lower than 3, it was considered to be benign; and if the
average level was equal to 3, it is considered to be an uncertain
nodule and discarded. Two works [70, 72] denoted nodules
with levels 1 to 2.5 as benign and levels 3.5 to 5 as malignant
and eliminated level 3 nodules. Wang et al. [73] studied un-
certain data intensively in the classification. Moreover, Liu
et al. [75] and Nishio et al. [79] developed a ternary classifi-
cation (benign, primary malignant, and metastatic malignant)
to develop better CADx systems.

All features extracted from malignant and benign nodules
will be fed to the classifier for training. To better organize the
presentation of the related works, we divided the classifiers
into two categories: traditional classifiers and deep learning
classifiers. The main traditional classifiers and deep learning
classifiers used for nodule classification are listed in Tables 1
and 2, respectively. It is obvious that support vector machine
(SVM) is the most popular traditional classifier and most deep
learning classifiers are based on CNN. Moreover, we find that
a deep learning classifier is more frequently used than a tradi-
tional classifier. However, it is worth noting that there are also
some limitations in adopting deep learning for pulmonary
nodule classification: (1) A large amount of training data is
necessary for nodule diagnosis using supervised learning
schemes because a small amount of training data may lead
to overfitting and convergence issues. (2) The ratio of positive
to negative cases in some public databases is highly imbal-
anced. (3) It is quite time consuming to train a deep and accu-
rate model, even with the support of powerful GPU hardware.
Therefore, researchers should pay more attention to the
existing limitations and adopt corresponding solutions, such
as data augmentation, balancing positive and negative sam-
ples, and cropping the desired size of target objects.

Detailed report of selected works

This paper provides an appraisal of nodule diagnosis for lung
cancer in CT images. To present a comprehensive appraisal,
the selected papers are taken from the IEEE Xplore, Science
Direct, PubMed, and Web of Science databases up to
December 2018. We applied the following inclusion criteria
to optimize the survey: pulmonary nodule detection works
were removed, nodule diagnosis methods with CT images
were selected, repeated works were removed, and innovative
works were chosen. Additionally, some effective keywords
were selected for further survey, such as lung cancer,
computer-aided diagnosis system, nodule diagnosis, CT im-
ages, medical image processing, deep learning technique and
nodule classification. Finally, 58 articles were selected from
the last four years. Most of them are reported in detail in the
following paragraphs. We compared the performances of dif-
ferent nodule diagnosis techniques with six assessment met-
rics: (1) nodule size, (2) number of nodules used, (3) AUC, (4)
ACC, (5) sensitivity and (6) specificity. Equations (1), (2) and
(3) calculate the ACC, sensitivity and specificity, respectively.
Where the TP is true positive, TN is true negative, FP is false
positive and FN is false negative. These assessment metrics
are mentioned in most of the selected papers. The comparison
of the selected works is reported in Table 3.

ACC ¼ TP þ TN
TP þ FN þ FP þ FN

ð1Þ

Sensitivity ¼ TP
TP þ FN

ð2Þ

Specificity ¼ TN
TN þ FP

ð3Þ

In 2018, Costa et al. [40] proposed a method for the clas-
sification of malignant and benign lung nodules. They
adopted the mean phylogenetic distance (MPD) and taxonom-
ic diversity index as texture descriptors. As in [39], GA in
conjunction with the SVMwas applied to select the best train-
ing model. Experiments on the LIDC-IDRI database with
1405 (1011 benign and 394malignant) nodules showed prom-
ising results, with the best sensitivity of 93.42%, specificity of
91.21%, ACC of 91.81%, and AUC of 0.94.

Filho et al. [45] developed a method for pulmonary nodule
diagnosis based on CT images. Two types of techniques were
used in the proposed method: image processing and pattern
recognition techniques. First, each pulmonary nodulewas seg-
mented into three internal subregions using the Otsu algo-
rithm. Next, the indexes’ basic taxic weights and standardized
taxic weights based on topology were used as texture descrip-
tors for the extraction of nodule characteristics. Finally, a
CNN was employed to perform the classification task. The
proposed method was validated on a set of 1405 pulmonary
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Table 2 Deep learning classifiers
used for nodule classification Authors Deep learning classifier(s)

Filho et al. [45], Tu et al. [61],
Wang et al. [69], Nishio et al. [79]

CNN

Liu et al. [72] Deep learning architecture named dense convolutional
binary-tree network (DenseBTNet)

Wang et al. [73] Semi-supervised extreme learning machine (SS-ELM)

Zhang et al. [76] Spatial pyramid dilated network

Zhu et al. [67] Dual path networks (DPN) and gradient boosting machines (GBM)

Xie et al. [53] AdaBoosted back propagation neural network (BPNN)

Shen et al. [55] Multi-crop convolutional neural networks (MC-CNN)

Silva et al. [57] CNN and GA

Sun et al. [62] LeCun’s model-based CNN, deep belief networks (DBN)
and stacked denoising autoencoder (SDAE)

Chen et al. [63] Convolutional autoencoder neural network (CANN)

Ciompi et al. [65] Multi-stream multi-scale convolutional networks (ConvNets)

Liao et al. [68] Deep neural network and leaky noisy-or gate

Zhao et al. [70] Hybrid CNN based on LeNet and AlexNet

Nibali et al. [74] Deep residual networks (ResNet)

Yan et al. [77] Dual-modal supervised deep autoencoder (DSDAE) framework

Liu et al. [80], Jung et al. [78] CNN and ensemble models

Tajbakhsh et al. [56] Massive-training artificial neural networks (MTANNs) and CNN

Sun et al. [58] CNN, DBNs and SDAE

Cheng et al. [59] SDAE

Hua et al. [60] DBN, CNN, scale invariant feature transform (SIFT) and fractal analysis

Liu et al. [75] Multi-view convolutional neural networks (MV-CNN)

Hancock et al. [90] Statistical learning methods

Farag et al. [82] K-nearest neighbor (KNN)

Mao et al. [91] Single-center classifier and multicenter Classifier

Table 1 Traditional classifiers
used for nodule classification Authors Traditional classifier(s)

Akram et al. [43], Akram et al. [44],
Orozco et al. [49], Dhara et al. [52],
Farag et al. [82], Chen et al. [85]

SVM

Li et al. [50], Ferreira et al. [88] Random forest (RF) algorithm

Costa et al. [40] GA and SVM

Gong et al. [51] SVM, naïve Bayes classifier and linear discriminant analysis

Kaya et al. [71] Cascaded classifiers and stacking methods

Wei et al. [81] Local kernel regression models (LKRM)/(Linear regression
regularization term) LR, LKRM/Global kernel regression
regularization term (KR)

Nishio et al. [89] Gradient tree boosting (XGBoost)

Filho et al. [39], Filho et al. [46] GA and SVM

Sweetlin et al. [47] Ant colony optimization (ACO)-Rough dependency
measure (RDM) and SVM

Wu et al. [42] Relevance vector machine (RVM)

Firmino et al. [48] Rule-based classifier and SVM

Kumar et al. [41] Autoencoder and binary decision tree

Kaya et al. [84] Rule based method
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Table 3 Comparison of the selected works

Authors Year Database Size
(mm)

No of nodules AUC ACC (%) Sensitivity (%) Specificity
(%)

Costa et al. [40] 2018 LIDC-IDRI 3–30 1405 0.94 91.81 93.42 91.21

Li et al. [50] 2018 LIDC and private NI 1300 0.95 90 92 83

Gong et al. [51] 2018 Private and NSCLC NI 234 0.94, 0.90, 0.99 NI NI NI

Kaya et al. [71] 2018 LIDC NI 439 NI 84.70 67.37 95.46

Wei et al. [81] 2018 LIDC-IDRI NI 746 NI 85.0 ± 3.4,
85.4 ± 3.4

NI NI

Chen et al. [85] 2018 Private NI 75 NI 84 92.85 72.73

Nishio et al. [89] 2018 TCIA NI 99 0.896 82.0 NI NI

Filho et al. [45] 2018 LIDC-IDRI 3–30 1405 NI 93.47 92.63 90.7

Liu et al. [72] 2018 LIDC-IDRI 3–30 2001 samples 0.9360 89.50 NI NI

Wang et al. [73] 2018 LIDC-IDRI NI 1439 0.961 95.91 95.56 95.03

Zhang et al. [76] 2018 LIDC NI 353 0.883 88.6 86.3 90.3

Zhu et al. [67] 2018 LIDC-IDRI 3–30 1004 NI 90.44 NI NI

Filho et al. [39] 2017 LIDC-IDRI 3–30 1405 0.9252 NI 93.1 92.26

Sweetlin et al. [47] 2017 NI NI 390 NI 94.36 96.69 92.35

Ferreira et al. [88] 2017 LIDC 3–30 1171 0.858 80.0 70.2 85.6

Xie et al. [53] 2017 LIDC-IDRI ≥3 2669 0.9665 ± 0.0001 89.53 ± 0.09 84.19 ± 0.09 92.02 ± 0.01

Shen et al. [55] 2017 LIDC-IDRI 3–30 2618 0.93 87.14 NI NI

Silva et al. [57] 2017 LIDC-IDRI 3–30 3243 0.949 94.78 94.66 95.14

Sun et al. [62] 2017 LIDC-IDRI ≥3 134,668
samples

0.899 ± 0.018,
0.884 ± 0.022,
0.852 ± 0.025

NI NI NI

Chen et al. [63] 2017 Private NI 4500 scans 0.98 95.00 NI NI

Ciompi et al. [65] 2017 MILD and DLCST NI 1991 NI 78.9 NI NI

Liao et al. [68] 2017 LUNA and DSB ≥6 832 0.87 NI NI NI

Wang et al. [69] 2017 LIDC-IDRI 3–30 2910 samples 0.9702 91.75 NI NI

Zhao et al. [70] 2017 LIDC-IDRI ≥3 743 0.877 82.23 NI NI

Nibali et al. [74] 2017 LIDC-IDRI 3–42 831 0.9459 89.90 91.07 88.64

Yan et al. [77] 2017 Private NI 2810 0.94 92.81 ± 0.57 91.75 ± 1.53 NI

Liu et al. [80] 2017 NLST and ELCAP 5–14 326 0.732, 0.780 NI NI NI

Wu et al. [42] 2016 LIDC ≻3 273 NI 79.4 72.7 NI

Akram et al. [43] 2016 LIDC 3–30 836 0.9975 ± 0.0020 99.95 ± 0.03 100 ± 0 99.90 ± 0.07

Filho et al. [46] 2016 LIDC-IDRI ≻3 1405 NI 93.19 92.75 93.33

Firmino et al. [48] 2016 LIDC-IDRI 3–30 1109 0.91, 0.80, 0.72,
0.67, 0.83

NI NI NI

Dhara et al. [52] 2016 LIDC-IDRI 3–30 891 0.9505, 0.8822,
0.8488,

NI 89.73, 82.89, 76.14 86.36, 80.73,
74.91

Tajbakhsh et al. [56] 2016 Private 3–29 489 0.8806, 0.7755 NI NI NI

Sun et al. [58] 2016 LIDC-IDRI 3–30 174,412
samples

NI 79.76, 81.19, 79.29 NI NI

Cheng et al. [59] 2016 LIDC 3–30 1400 0.984 ± 0.015 94.4 ± 3.2 90.8 ± 5.3 98.1 ± 2.2

Liu et al. [75] 2016 LIDC-IDRI NI 4294 lesions 0.981 NI 90.49 99.91

Hancock et al. [90] 2016 LIDC ≥3 2817 samples 0.949 ± 0.007 88.08 ± 1.11 NI NI

Kumar et al. [41] 2015 LIDC ≥3 4323 NI 75.01 83.35 NI

Akram et al. [44] 2015 LIDC 3–30 84 Scans 0.9967 96.54 96.31 96.77

Orozco et al. [49] 2015 ELCAP and LIDC 2–30 106 scans NI 82 90.90 73.91

NI Not informed
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nodules with diameters between 3 and 30mm from the LIDC-
IDRI database, including 1011 benign 394 malignant nodules,
and it achieved a sensitivity of 92.63%, a specificity of 90.7%
and an ACC of 93.47%.

Li et al. [50] proposed an improved Random Forest (RF)
algorithm to classify benign and malignant pulmonary nod-
ules in CT images. Intensity-based, texture-based and
geometry-based features were extracted from the segmented
nodules to characterize nodules. Finally, the extracted features
were combined to generate an effective feature vector and fed
into an improved RF classifier for classification. A total of
1000 nodules were randomly selected from the LIDC database
to train the classifier, and 300 nodules from the General
Hospital of Guangzhou Military Command (GHGMC)
dataset were used to evaluate the classifier. The experiments
on the LIDC dataset and the GHGMC dataset demonstrated
that the proposed method achieved promising results, with a
sensitivity of 0.92, a specificity of 0.83, an ACC of 0.90 and
an AUC of 0.95.

Gong et al. [51] mainly aimed to develop a CADx system
for pulmonary nodule classification and explored the effects
of different image training datasets on CADx scheme perfor-
mance. A total of 243 nodules from the private database and
the NSCLC database were involved in this study, and all nod-
ules were divided into three datasets: all nodules, benign and
stage I malignant nodules, and benign and stage III malignant
nodules. A set of 66 3D heterogeneity-based, shape-based and
texture-based features were extracted, and 10 features were
selected by the Relief-F feature selection method [92]. Three
machine learning models, SVM, naïve Bayes classifier and
linear discriminant analysis, were applied to train and test
using a leave-one-case-out (LOCO) cross-validation method
[93]. The experimental results showed that three classifiers
achieved an average AUC of 0.94, 0.90 and 0.99 using three
different datasets, respectively.

Zhu et al. [67] designed two 3D DPNs for fully automatic
pulmonary nodule detection and classification in CT images.
For nodule detection, a U-net-like encoder-decoder structure
was used to learn nodule features, and a 3D Faster R-CNN
was designed for nodule detection. For nodule classification,
GBM with 3D DPN features was proposed. Dual path con-
nection integrated the advantages of residual learning [94] (the
ability of feature reuse) and dense connection [95] (the ability
to exploit new features) into a unified structure that obtained
success on the ImageNet dataset. For nodule classification, a
GBM with 3D constructed features (deep dual path features,
nodule size and raw nodule CT pixels) was proposed. The
proposed classification subnetwork was validated on a set of
1004 nodules from the LIDC-IDRI database with 10-fold pa-
tient-level cross validation. The results showed that DPN
achieved an ACC of 90.44%. Additionally, the classification
subnetwork achieved a nodule-level diagnosis ACC of
92.74% and a patient-level diagnosis ACC of 82.31%.

Kaya et al. [71] proposed cascaded classifiers and three
stacking approaches for pulmonary nodule classification. In
their study, deep features and hand-crafted features were used
to define the nodules. The deep features were obtained from
two different areas: the first area was the region of the nodule
itself, and the secondwas the bounding box area of the nodule.
The deep features were extracted using Alexnet [96], and the
hand-crafted features were extracted based on nodule size,
shape, and texture defined by Kaya and Can [84]. Both deep
features and hand-crafted features were fed into a CNN for
training. In the first step of classification, several base classi-
fiers (SVM, KNN, Adaboost, and RF) were used to classify
nodule characteristics. In the second step, the results obtained
from the first step were combined for malignancy classifica-
tion. For better classification, stacking methods were
employed. The experimental results showed that the cascaded
classifier achieved the best classification ACC of 84.70%,
sensitivity of 67.37%, and specificity of 95.46%.

Liu et al. [72] presented a novel end-to-end deep learning
architecture named DenseBTNet for pulmonary nodule diag-
nosis in CT images. Not only did the study introduce center-
crop operation into the DenseNet, but the DenseBTNet could
split isolated transition layers of the DenseNet andmerge them
with dense blocks, then adjust the feature-map transition mode
to compact the model. The proposed method was tested on the
LIDC-IDRI database with 2001 (1361 benign and 640 malig-
nant) samples using five-fold cross validation. The experi-
mental results showed that DenseBTNet-C (the DenseBTNet
with compression factor less than 1) achieved the best perfor-
mance, with an ACC of 89.50%, and DenseBTNet-BC (both
bottleneck and compression transition layers were used in
DenseBTNet) achieved the highest AUC of 0.9360.

Wang et al. [73] proposed a CADx system for pulmonary
nodule classification based on SS-ELM. The authors pointed
out that treating uncertain class data as benign or malignant
class was unreasonable. To verify this idea, the feature model
was established based on 14Haralick features and 20morpho-
logical features. In addition, GA was employed for feature
selection to obtain promising experimental results and reduce
training time. After that, the feature model was put into four
classifiers: ELM, SVM, probabilistic neural network (PNN)
[97] and multilayer perceptron (MLP) [98] for better compar-
ison. The experiments were based on 1439 nodules from the
LIDC-IDRI database using 5-fold cross validation.
Additionally, compared with ELM, the pulmonary nodule
CAD system based on SS-ELM achieved the best perfor-
mance with an ACC of 95.91%, a sensitivity of 95.56%, a
specificity of 95.03% and an AUC of 0.961.

Zhang et al. [76] proposed a novel 3D spatial pyramid
dilated convolution network for the classification of malignant
and benign pulmonary nodules. The advantage of the pro-
posed network was that using dilated convolution alleviated
the loss of small bits of information and feature map
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resolution. The proposed method was validated on the LIDC
database with 353 nodules using 5-fold cross validation, and it
achieved the best ACC of 88.6%, sensitivity of 86.3%, spec-
ificity of 90.3% and AUC of 0.883.

Wei et al. [81] proposed a novel spectral clustering (SC)
algorithm [99, 100] LKRM with out-of-sample extension to
differentiate unlabeled benign and malignant lung nodules. In
the algorithm, a linear regression regularization term (LR) or a
global kernel regression regularization term (KR) was inte-
grated into the Laplacian matrix to tackle the out-of-sample
problem. The Haralick texture features were calculated to rep-
resent each nodule. The proposed method was evaluated on a
set of 746 (371 benign and 375 malignant) nodules from the
LIDC-IDRI database. From the testing clustering perfor-
mance, LKRM/LR achieved an average ACC of 0.850 ±
0.034, and LKRM/KR achieved an average ACC of 0.854 ±
0.034.

Nishio et al. [89] mainly aimed to evaluate a conventional
CADx system for pulmonary nodule classification. In this
study, SVM and XGBoost were used to compare the classifi-
cation performance. Additionally, the Tree Parzen Estimator
(TPE) was used for Bayesian optimization for parameters of
SVM and XGBoost. The experiment was performed on the
Cancer Imaging Archive (TCIA) with 99 (62 malignant and
37 benign) nodules. The results showed that the XGBoost
classifier achieved better performance with an ACC of 0.82
and an AUC of 0.896.

In 2017, Filho et al. [39] proposed a method to differentiate
between the patterns of malignant and benign pulmonary nod-
ules in CT images. For better feature extraction, phylogenetic
diversity was used by means of particular indexes: intensive
quadratic entropy, extensive quadratic entropy, average taxo-
nomic distinctness, total taxonomic distinctness, and pure di-
versity indexes. Finally, the GA proposed by [101] was
employed to select the most significant features, and the
SVM was used for classification of pulmonary nodules into
malignant and benign. In the test stage, a set of 1405 (394
malignant and 1011 benign) nodules from the LIDC database
with diameters between 3 and 30 mm were applied. The pro-
posed method achieved an ACC of 92.52%, a sensitivity of
93.1%, and a specificity of 92.26%.

Sweetlin et al. [47] designed a CADx system to diagnose
pulmonary nodules. After nodule segmentation, texture-
based, shape-based and run length-based features were ex-
tracted from the nodules. Subsequently, the cosine similarity
measure (CSM) and RDM with ACO were used to select two
subsets of features. Then, the selected features were fed to two
classifiers, namely, SVM and NB, to train the learning model
using 10-fold cross validation. Finally, 390 nodules were used
for the experiment. From the results, it was obvious that the
SVM classifier with the feature subsets chosen by ACO-RDM
achieved the best ACC of 94.36%, sensitivity of 96.69% and
specificity of 92.35%.

Shen et al. [55] proposed an end-to-end MC-CNN for pul-
monary nodule malignancy suspiciousness classification
using CT images. A multi-crop pooling operation was pro-
posed to produce multi-scale features. The nodule semantic
attributes (subtlety and margin) and nodule diameter were also
characterized to potentially assist researchers in modeling
nodule malignancy. A total of 2618 nodules with diameters
between 3 and 30 mm from the LIDC-IDRI database were
used to evaluate the MC-CNN performance. The proposed
method achieved promising results in both classification
ACC (87.14%) and AUC score (0.93).

Silva et al. [57] proposed a deep learning technique jointly
with a GA to classify pulmonary nodules as malignant or
benign without computing the traditional features. The first
step was to divide each nodule into two subregions with max-
imum inter-class variance using the Otsu algorithm [102]
based on particle swarm optimization (PSO) [103]. The fol-
lowing steps were performed using each two-dimensional CT
slice as an individual sample and resizing all nodules’ and
subregions’ slices to 28 × 28. Finally, the diagnosis was com-
pleted using the evolutionary CNN. The proposed method
was validated on a set of 21,631 nodules (sizes between 3
and 30 mm) from the LIDC-IDRI database, and it achieved
the best sensitivity of 94.66%, specificity of 95.14%, ACC of
94.78% and AUC of 0.949.

Tu et al. [61] presented a CADx system to automatically
categorize solid, part-solid and non-solid pulmonary nodules
in CT images using a CNN. The implementation of the CNN
model was based on 2D regions of interest (ROIs) due to the
high variation of slice thickness (1.25-3 mm) in the LIDC
database. A total of 570 nodules with diameters greater than
3 mm from the LIDC database were used, and a 10-times 10-
fold cross validation was performed in the experiment. In both
classification and regression tasks, the proposed models
achieved promising results with the all-slice selection strategy.

Sun et al. [62] mainly aimed to compare the performance of
three multichannel ROI-based deep learning algorithms
(LeCun’s model-based CNN [104, 105], DBN and SDAE)
for automatic lung cancer diagnosis in CT images. For better
comparison purposes, a traditional CADx system was also
used based on hand-crafted features, including density fea-
tures, texture features and morphological features. All the al-
gorithms were tested on 134,668 samples from the LIDC-
IDRI database, and a 10-fold cross-validation method based
on cases was also applied to completely separate the training
data and testing data. The results showed that CNN achieved
the great AUC (0.899 ± 0.018), which was significantly
higher than DBN (0.884 ± 0.022), SDAE (0.852 ± 0.025)
and traditional CADx (0.848 ± 0.026).

Chen et al. [63] proposed a CANN [106] to learn unsuper-
vised image features for pulmonary nodule classification. The
main contribution was that the proposed learning model could
be trained with a large amount of unlabeled data and a small
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amount of labeled data. The method was tested on 4500 CT
images, and it achieved a promising ACC of 95.00% and an
AUC of 0.98. The proposed method achieved a classification
rate of 93.1% (911 out of 979) and 93.9% (647 out of 689) in
the LIDC-IDRI and ELCAP databases, respectively.

Ciompi et al. [65] proposed a deep learning system based
on multi-stream multi-scale ConvNets for the automatic clas-
sification of six pulmonary nodule types (solid, non-solid,
part-solid, calcifed, perifssural and spiculated). The proposed
system consisted of nine streams of ConvNets, and all streams
were grouped into three sets of three streams, one for each
considered scale (namely, 10 mm, 20 mm and 40 mm for
patch size). The proposed learning model was trained on
943 patients with 1352 nodules from the Multicentric Italian
Lung Detection (MILD) trial and validated on 468 patients
with 639 nodules from the Danish Lung Cancer Screening
Trial (DLCST). For better comparison, SVM was trained
based on the raw intensity features and features learned from
raw data via an unsupervised learning approach [107]. The
results showed that ConvNets achieved better performance
than SVM, with an average ACC of 78.9%.

Liao et al. [68] designed a 3D deep neural network to au-
tomatically detect all suspicious pulmonary nodules and eval-
uate the whole pulmonary malignancy with CT images. In the
detection stage, a 3D region proposal network (RPN) using a
modified U-net [108] was employed as the backbone model.
The block used in this network was a 3D residual block, and
each block was composed of three residual units. For nodule
classification, the system selected the top five nodules based
on detection confidence and evaluated their malignancywith a
leaky noisy-or gate [109]. A total of 832 nodules from the
LUNA16 and Data Science Bowl 2017 (DSB) were used to
train and validate the proposed model. The AUCs of the pre-
dicted cancer probability achieved on the training and test sets
were 0.90 and 0.87.

Wang et al. [69] mainly proposed a hybrid learning model
by integrating the traditional features and deep CNN-based
features to improve the risk differentiation of benign and ma-
lignant pulmonary nodules in CT images. HOG [110] features
were used to build a shape descriptor and LBP [111] features
were used to enhance the statistical characteristics of nodules.
Finally, all the features were fed into a CNN to build a hybrid
CNN network model. To evaluate the performance of the pro-
posed model, 2910 samples expanded by image inversion
from the LIDC-IDRI database were used. Experimental re-
sults showed that the proposed hybrid fusion CNN model
achieved the highest AUC of 0.9702 and ACC of 91.75%.

Zhao et al. [70] proposed a new Agile CNN framework to
distinguish benign from malignant pulmonary nodules using
CT images. The proposed framework was composed of the
layer settings of LeNet [105] and the parameter settings of
AlexNet [112]. The CNN was evaluated on a set of 743 nod-
ules with diameters greater than 3 mm from the LIDC-IDRI

database using tenfold cross-validation. The experimental re-
sults showed that the Agile CNN achieved an ACC of 82.23%
and anAUC of 0.877 when the kernel size was set to 7 × 7, the
learning rate was 0.005, the batch size was 32, and dropout
and Gaussian initialization were used.

Nibali et al. [74] proposed a modified ResNet [94] with
curriculum learning [113] and transfer learning for pulmonary
nodule malignancy classification. The modified ResNet ac-
cepted three 2D planar view inputs instead of the full 3D
volume, and it was modified to be Bfully convolutional^ with-
out any fully connected layers. The modified ResNet was
validated on a set of 831 pulmonary nodules (diameters be-
tween 3 and 42 mm) from the LIDC-IDRI database, and it
achieved 89.90% ACC, 0.9459 AUC, 91.07% sensitivity and
88.64% specificity.

Xie et al. [53] proposed a method for pulmonary nodule
classification based on texture, shape and deep model-learned
information (Fuse-TSD). A deep convolutional neural net-
work (DCNN) was employed to extract deep features, a
GLCM was used to extract texture features, and a Fourier
descriptor of the nodule boundary was used to characterize
the heterogeneity of the nodule shape. Finally, the
AdaBoosted BPNN algorithmwas adopted to build an ensem-
ble classifier. The proposed algorithm was evaluated on the
three LIDC-IDRI datasets with 2669 nodules using 10-fold
cross validation, and it achieved the best AUC of (96.65 ±
0.01)%, ACC of (89.53 ± 0.09)%, sensitivity of (84.19 ±
0.09)% and specificity of (92.02 ± 0.01)%.

Liu et al. [80] proposed a 3D CNN to classify pulmonary
nodule malignancy in low-dose chest CT scans. In their study,
two 3DCNN architectures, CNN1 and CNN2, were designed.
Meanwhile, several ensembles of the 3D CNN and traditional
models were designed to find the potential performance using
hybrid features. For the validation of the proposed method, a
total of 326 pulmonary nodules (sizes between 5 and 14 mm)
from the National Lung Cancer Screening Trial (NLST) and
ELCAP were used. Two CNN models were trained and eval-
uated using 5-fold cross validation. The results showed that
both the 3D CNN model and the ensemble models achieved
better performance than only traditional models, with an AUC
of 0.732 and 0.780, respectively.

Ferreira et al. [88] mainly aimed to classify malignant and
benign pulmonary nodules based on texture andmargin sharp-
ness features in CT images. In this study, texture features were
extracted using a cooccurrence matrix obtained from the nod-
ule volume, and margin sharpness was extracted from perpen-
dicular lines drawn over the borders on all nodule slices. Three
different algorithms (statistical significance analysis,
correlation-based filtering method, and a wrapper) were used
for feature extraction, and seven traditional machine learning
algorithms (KNN, SVM and NB, etc.) were used for classifi-
cation. Classification was performed on the LIDC database
with 1171 nodules with the diameters between 3 and 30 mm
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using a stratified tenfold cross-validation. The experimental
results showed that all extracted features combined with the
RF classifier and an unbalanced dataset achieved the best per-
formance, with 0.858 AUC, 80.0% ACC, 70.2% sensitivity
and 85.6% specificity.

Yan et al. [77] developed a DSDAE framework based on
extreme learning for nodule diagnosis in PET/CT images. In
the framework, the extreme learning machine (ELM) was
used as weight shaping method to optimize autoencoder
framework. Highly discriminative features were learnt auto-
matically from raw data, all features were fused using decision
level fusion (DLF) and feature level fusion (FLF). In the ex-
periment, 1600 pulmonary nodules from the private database
were used with a 5-fold cross validation and the proposed
method achieved an ACC of (92.81 ± 0.57) %, an AUC of
0.94, and a sensitivity of (91.75 ± 1.53) %.

In 2016, Firmino et al. [48] developed a new system for
nodule detection and classification in CT images. To reduce
false positives, a HOG was used to extract nodule features,
and SVM was performed for classification. The likelihood of
malignancy was divided into five degrees: highly unlikely,
moderately unlikely, indeterminate, moderately suspicious
and highly suspicious [114]. The system was evaluated on
420 patients from the LIDC-IDRI database with 1109 nodules.
Compared to the FLD and Gaussian Naive Bayes (NB), the
SVM showed competitive performance with an AUC of 0.91.

Dhara et al. [52]. developed a scheme for nodule classifi-
cation by combining shape, margin and texture features based
on CT images. First, pulmonary nodules were segmented
using the method proposed in [115]. Then, a total of 57 fea-
tures were extracted and 49 features were selected in the clas-
sification scheme. Finally, the proposed classification scheme
was validated on a set of 891 nodules (diameters between 3
and 30 mm) from the LIDC-IDRI database and it achieved an
AUC of 0.9505, 0.8822, and 0.8488 in configuration 1, con-
figuration 2 and configuration 3, respectively.

Tajbakhsh et al. [56] compared the performance of
MTANNs and CNNs in nodule detection and classification. A
total of 489 (76 malignant and 413 benign) nodules with diam-
eters between 3 and 29 mm were used. For nodule classifica-
tion, the MTANNs yielded an AUC of 0.8806, which was
significantly higher than the CNNs with an AUC of 0.7755.

Sun et al. [58] firstly reported the purely data driven ap-
proach to classify pulmonary nodules in CT images. They
implemented and compared the performance of three different
deep learning algorithms (CNN, DBNs and SDAE) with the
traditional image features-based CADx system. The experi-
ment was performed on 174,412 samples from the LIDC-
IDRI database. The results showed that DBNs achieved the
best ACC of 81.19%.

Cheng et al. [59] employed SDAE [116] for the classifica-
tion of benign and malignant pulmonary nodules in CT im-
ages. A total of 1400 nodules were extracted from the LIDC

database and 10 times of 10-fold cross validations were con-
ducted to illustrate the performance of the SDAE-based
CADx system. The experimental results showed that the pro-
posed system achieved an ACC of (94.4 ± 3.2)%, an AUC of
(98.4 ± 1.5)%, a sensitivity of (90.8 ± 5.3)%, and a specificity
of (98.1 ± 2.2)%.

Liu et al. [75] developed a MV-CNN to classify pulmonary
nodules in CT images. A total of 764 benign lesions and 3530
malignant lesions from the LIDC-IDRI database were used for
binary classification experiment. The proposed network achieved
90.49% sensitivity, 99.91% specificity and 0.981 AUC.

Filho et al. [46] proposed a method for nodule diagnosis in
CT images. After the segmentation of nodules, a descriptor
based on shape features was employed. GAwas used to select
the best learning model. Finally, all the features were fed into
SVM for classification. The proposed method was tested on a
set of 1405 (394malignant and 1011 benign) nodules from the
LIDC–IDRI database and it achieved 93.19% ACC, 92.75%
sensitivity and 93.33% specificity.

In 2015, Kumar et al. [41] proposed a CADx system to
classify pulmonary nodules as either malignant or benign.
After nodule extraction, a stacked autoencoder was used to
learn deep features. All the deep features were fed into a binary
decision tree for nodule classification. The proposed system
was evaluated on a set of 4323 nodules from the LIDC database
and it achieved an ACC of 75.01% and a sensitivity of 83.35%.

Orozco et al. [49] proposed a CADx system for pulmonary
nodule classification. The GLCM [117, 118] was used to ex-
tract the texture information of the lung nodules and finally, 11
features were selected and fed into SVM for nodule classifi-
cation. In the experiment, a total of 106 CT scans from the
ELCAP and LIDC database were used. Among them, 61 CT
scans (36 with malignant nodules and 25 without nodules)
were used for the training and 45 CTscans (23 with malignant
nodules and 22 without nodules) were used for testing. The
proposed CADx system achieved 82% ACC, 90.90% sensi-
tivity and 73.91% specificity.

Hua et al. [60] utilized a deep learning framework based on
two techniques (CNN and DBN) for nodule classification in
CT images. Additionally, SIFT [119, 120] and fractal analysis
[121] were implemented for comparison. Classification of
pulmonary nodules was tested on the LIDC database contain-
ing 2545 nodules. The results showed that the DBN achieved
the best sensitivity of 73.4% and specificity of 82.2%.

Discussion and future work

This review aims to report the recent techniques used in pul-
monary nodule diagnosis with CT images since early diagno-
sis can improve the effectiveness of treatment and increase the
patient survival rate. From Table 3, we find that the AUC of all
the selected works ranges from 0.67 to 0.9975, the ACC
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ranges from 75.01% to 99.95%, the sensitivity ranges from
67.37% to 100% and the specificity ranges from 72.73% to
99.9%. Some selected works achieved an AUC of more than
0.95, such as Li et al. [50] (0.96), Gong et al. [51] (0.99),
Wang et al. [73] (0.961), Xie et al. [53] (0.9665), Chen et al.
[63] (0.98), Wang et al. [69] (0.9702), Akram et al. [43]
(0.9975), Dhara et al. [52] (0.9505), Cheng et al. [59]
(0.984), Liu et al. [75] (0.981) and Akram et al. [44]
(0.9967), and several others [43, 44, 51] achieved an promis-
ing AUC ofmore than 99%. Several works [41, 42, 45–47, 49,
58, 65, 67, 71, 81, 85] did not mention an AUC. Costa et al.
[40] (91.81%), Filho et al. [45] (93.47%), Wang et al. [73]
(95.91%), Zhu et al. [67] (90.44%), Sweetlin et al. [47]
(94.36%), Silva et al. [57] (94.78%), Chen et al. [63]
(95.00%), Wang et al. [69] (91.75%), Yan et al. [77]
(92.81%), Akram et al. [43] (99.95%), Filho et al. [46]
(93.19%), Cheng et al. [59] (94.4%) and Akram et al. [44]
(96.54%) achieved a good ACC of higher than 90%.
Additionally, the sensitivity of [39, 40, 43–47, 49, 50, 57,
59, 73, 75, 77, 85] was greater than 90%, and the specificity
of [39, 40, 43–47, 53, 57, 59, 71, 73, 75, 76] was greater than
90%. [44, 85, 89] were validated with less pulmonary nodules.

Based on the literature research, a comparison of AUC, ACC,
sensitivity and specificity was made from 2016 to 2018, as
shown in Fig. 6. The number of samples in 2015 was too small,
so we removed them. The data obtained from private databases
were also eliminated because the authors mentioned that using
private databases was less persuasive and may even prevent the
replication of the results. From Fig. 6, we note that a significant
improvement was presented in AUC, and an increasing trend
was shown in ACC. One of the main reasons is the development
of deep learning techniques.

The major advantage of deep learning is the ability to learn
highly discriminative features from various sources of verified
data. Initially, 2D CNN, DBN and MTANN were applied for
lung nodule classification. These networks were relatively

shallow, and the classification accuracies achieved were not
promising. With the development of deep learning techniques,
an increasing number of networks have been optimized based
on CNNs, such as 2D MV-CNN [75] and 3D MC-CNN [55].
The multi-view strategy used in MV-CNN can help the model
learn discriminative features to different degrees. The MC-
CNN introduced the multi-crop pooling strategy to capture
nodule salient information. In addition, the input data were
transformed from 2D to 3D, which brought a much greater
computational cost. However, compared with the 2D networks,
3D networks can encode richer spatial information from CT
images to learn more distinguishable features, so they are more
appropriate for the lung nodule classification task. For better
classification performance, the network trend is to go deeper
since deeper CNNs are thought to have increased representa-
tional power. To address this issue, some competitive networks,
such as ResNet and DenseNet, were created for the nodule
classification task. The skip connection adopted in 2D
ResNet (depth = 18) in [74] encourages feature reuse, but it is
not efficient in exploring new features. The 3D DenseBTNet
(depth = 50) proposed in [72] inherited the properties of
DenseNet and improved the classification performance with
the center-crop operation, but it might suffer from feature re-
dundancy due to its densely connected mechanism. To inte-
grate the advantages of DenseNet for exploring new features
and ResNet for feature reuse, 3D DPN (depth = 92) was de-
signed to classify lung nodules in [67]. It should be noted that
the classification accuracy achieved by DPN (90.44%) is
higher than both ResNet (89.90%) and DenseBTNet
(89.50%). In summary, we find that the developing trends of
deep learning techniques used for nodule classification use 3D
input data to encode richer spatial information of nodules and
develop deeper or wider networks to characterize nodules.

The success of deep learning techniques in natural scene
image classification stimulates the study of adopting them in
medical image processing, such as ResNet and DenseNet. The

Fig. 6 The comparison of AUC,
ACC, sensitivity and specificity
from 2016 to 2018
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squeeze-and-excitation network (SENet) [123], which encour-
ages feature recalibration by explicitly modeling interdepen-
dencies between channels, was created for image classifica-
tion in the ImageNet Large Scale Visual Recognition
Competition (ILSVRC) and won first place. By combining
the aggregated residual transformations (ResNeXt) with the
advantage of feature reuse, it can improve the classification
performance considerably. To the best of our knowledge, the
effectiveness of SENet on lung nodule classification has not
been extensively explored.

Nine selected works showed potential in the diagnosis of
pulmonary nodules with promising performance. Three works
[40, 43, 44] adopted traditional features and traditional classi-
fiers for pulmonary nodule diagnosis. Wector et al. [40] ap-
plied texture-based features for nodule classification and ob-
tained a promising AUC of 0.94 and an ACC of 91.81%. An
important factor that led to good results was using different
phylogenetic tree architectures for feature extraction. Akram
et al. [43] combined shape (geometry)-based and intensity-
based features to build a CADx system and achieved 0.9975
AUC and 99.95% ACC. Akram et al. [44] used intensity-
based features for nodule classification and showed great per-
formance, with a high AUC (0.9967) and ACC (96.54%). The
classifiers used in those three works were SVM. Four works
[57, 59, 63, 77] adopted deep features and deep learning clas-
sifiers to differentiate malignant nodules from benign ones.
Silva et al. [57] developed an evolutionary CNN for feature
extraction and nodule classification. Yan et al. [77] extracted
the high-level discriminative features of nodules from the
DSDAE framework and acquired good results (0.94 AUC
and 92.81% ACC). Cheng et al. [59] achieved a great AUC
of 0.984 and an ACC of 94.4%. The satisfactory results main-
ly benefited from using SDAE for nodule classification. Chen
et al. [63] used deep features to characterize pulmonary nod-
ules and achieved a high AUC of 0.98 and anACC of 95.00%.
However, private databases are not allowed to be used to
compare different approaches. Two works [69, 73] used hy-
brid features and deep learning classifiers to classify malig-
nant and benign nodules. Wang et al. [69] achieved promising
results with a high AUC of 0.9702 and an ACC of 91.75%.
The satisfactory results benefited from fusing deep features
extracted from the CNN and texture-based and shape (geom-
etry)-based features to characterize malignant and benign nod-
ules. Wang et al. [73] achieved an AUC of 0.961 and an ACC
of 95.91%. One reason for the very high AUC and ACC is the
fact that the nodules were represented by deep features and
texture-based and morphology-based features, and SS-ELM
was employed for classification.

Although some traditional CADx systems showed
satisfyingperformance, extracting and choosing a useful fea-
ture set is still time-consuming and complex. In addition, the
traditional feature extraction depends greatly on lung segmen-
tation, which leads to a low level of automation. The

segmentation accuracy might also affect the classification per-
formance. Even if the finalized feature set is able to achieve
good classification accuracy, the performance is still uncertain
when using other testing databases because the traditional
systems are sensitive to small variations of nodule types and
extracted feature types. Deep learning techniques are a biolog-
ically inspired trainable architecture that can learn multi-level
hierarchies of features, which might have the potential to
maintain reliable performance on different databases. From
all the selected works, we found that the average AUC
achieved by the deep learning-based method is 0.904, which
is higher than the AUC achieved by the traditional method,
with an average of 0.889. The deep learning method also has
higher ACC than the traditional method (average of 88.31%
vs. 87.58%). Deep learning-based methods have emerged as
promising approaches for pulmonary nodule diagnosis, and
we believe that deep learning techniques will achieve a break-
through based on its advantages in lung cancer diagnosis.

In our study, a total of 20 papers employed the LIDC-IDRI
as their database for training and testing with the maximum
usage rate. In feature extraction, deep features showed satis-
factory performance in nodule characterization. Texture-
based, shape (geometry)-based and intensity-based features
also achieved good results in nodule representation. For nod-
ule classification, SVM was the most popular traditional clas-
sifier. SDAE achieved the best AUC (0.984) among deep
learning classifiers. Several CNN-based methods (MC-CNN,
ResNet andMV-CNN, etc.) also showed high AUC and ACC.

Designing an efficient CADx system for lung cancer has
great significance because patients can receive timely and ef-
fective treatment at the early stage, thereby increasing the
survival rate. In this review, some of the selected works
achieved promising performance in the diagnosis of pulmo-
nary nodules. However, many limitations still exist such as
low AUC, low ACC, low sensitivity and specificity, high cost,
less image data and low calculation efficiency. To further de-
velop CADx systems’ contribution to lung cancer treatment,
the systems should be improved as follows:

(i) Develop new deep learning techniques to diagnose nod-
ules for lung cancer, such as by building deeper and wider
networks based on SENet to extract more rich deep fea-
tures, adaptively recalibrating channel-wise feature re-
sponses by explicitly modeling interdependencies be-
tween channels, enhancing useful features and selectively
suppressing less useful features.

(ii) Optimize existing techniques to enhance the ability of
nodule diagnosis, such as by enhancing the ability to
segment different types of nodules and building efficient
feature sets (fusing traditional features and deep features)
for better nodule classification.

(iii) Design an efficient CADe system to detect pulmonary
nodules accurately, improve the ability to detect
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different types of nodules such as small nodules (sizes
less than 5 mm), irregularly shaped nodules, isolated
nodules, and juxta-pleural or juxta-vascular nodules.

(iv) Develop large and high-quality labeled databases with
malignant and benign pulmonary nodules for training
and testing.

(v) Strengthen and promote communication between medi-
cal organizations and academic institutions; combine the
knowledge of professional radiologists and computer
analysis to enhance the accuracy of CADx systems.

Conclusion

In this paper, we aim to provide a systematic survey of nodule
diagnosis for lung cancer with CT images. This review intro-
duces a detailed report of the five major stages in the CADx
systems: data acquisition, nodule segmentation, feature ex-
traction, feature selection and nodule classification. A detailed
report of the selectedworks is organized, and a comprehensive
comparison between selected works is performed. Moreover,
this review summarizes the better techniques used in nodule
diagnosis. Further research and challenges are also reported in
the discussion of future work. Therefore, this review is very
useful for researchers to further learn about the latest and
advanced techniques of pulmonary nodule diagnosis.
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