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Classification of benign-malignant lung nodules on chest CT is the most critical step in the early detec-
tion of lung cancer and prolongation of patient survival. Despite their success in image classification, deep
convolutional neural networks (DCNNs) always require a large number of labeled training data, which are
not available for most medical image analysis applications due to the work required in image acquisition
and particularly image annotation. In this paper, we propose a semi-supervised adversarial classification
(SSAC) model that can be trained by using both labeled and unlabeled data for benign-malignant lung
nodule classification. This model consists of an adversarial autoencoder-based unsupervised reconstruc-
tion network R, a supervised classification network C, and learnable transition layers that enable the
adaption of the image representation ability learned by R to C. The SSAC model has been extended to the
multi-view knowledge-based collaborative learning, aiming to employ three SSACs to characterize each
nodule’s overall appearance, heterogeneity in shape and texture, respectively, and to perform such char-
acterization on nine planar views. The MK-SSAC model has been evaluated on the benchmark LIDC-IDRI
dataset and achieves an accuracy of 92.53% and an AUC of 95.81%, which are superior to the performance
of other lung nodule classification and semi-supervised learning approaches.

© 2019 Elsevier B.V. All rights reserved.

1. Introduction

Lung cancer is the leading cause of cancer death (Torre et al.,
2016). The 5-year survival rate for patients with advanced stage
IV lung cancer is less than 5%, but it is at least 60% if the di-
agnosis is made early when the primary tumor is small and
asymptomatic (Wu and Raz, 2016). Early lung cancer detec-
tion and effective treatment therefore offers the best chance for
cure (Wang et al., 2017). The National Lung Screening Trial shows
that screening with computed tomography (CT) results in a 20%
reduction in lung cancer deaths through the identification of early
disease (Wu and Raz, 2016; Bach et al,, 2012). A spot on the lung
on a chest CT is defined as a lung nodule, and it can be benign or
malignant (Slatore et al., 2016). Most lung cancers arise from small
malignant nodules. Radiologists typically read chest CT scans for
malignant nodules on a slice-by-slice basis, and such an approach
is time-consuming, expensive and can be prone to operator bias.
Computer-aided diagnosis (CAD) systems avoid many of these is-
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sues and have been employed to assist radiologists in reading chest
CT scans.

Most current CAD systems focus on extracting hand-
crafted (Han et al.,, 2015; Dhara et al, 2016; Alilou et al., 2017),
learned (Shen et al., 2015), or combined nodule features (Xie
et al., 2018b; 2017b; Buty et al., 2016), and then training a feature
classifier such as the support vector machine (SVM) (Cortes and
Vapnik, 1995), back propagation neural network (BPNN) (Rojas,
1996; Hecht-Nielsen, 1992; Zhang et al., 2018) and random for-
est (Buty et al., 2016; Breiman, 2001). Recently, deep convolutional
neural networks (DCNNs) have achieved great success in many
image classification tasks (Litjens et al., 2017), since they offer a
unified end-to-end solution for feature extraction and classifier
construction and free users from the troublesome handcrafted
feature extraction (Xie et al., 2017a; Shen et al., 2017; Hussein
et al, 2017a; Sakamoto et al., 2018; Dey et al., 2018). Although
being more accurate than handcrafted features-based methods,
DCNNs have not achieved the same performance on routine lung
nodule classification as they have done in the ImageNet challenge.
The suboptimal performance is attributed mainly to the fact that
a DCNN may over-fit the lung nodule data, which is far from
adequate to train a deep learning model.
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In fact, an essential challenge in most deep learning-based
medical image analysis tasks is the issue of small data, that re-
lates to the work required in acquiring the image data and then
in image annotation. Many research efforts have been devoted to
address issue, including data augmentation, deep ensemble learn-
ing (Jia et al., 2018), combining traditional shallow models with
deep ones (Zhang et al., 2018; Xie et al., 2018b), incorporating do-
main knowledge into the deep model (Xie et al., 2017a), and ex-
tracting patches on multiple planar views (Xie et al., 2018a; Se-
tio et al., 2016). Although achieved improved performance, these
methods still rely on the number of training data.

Since medical image annotation requires a high degree of skill
and concentration and is not always available, semi-supervised
learning (SSL) has been adopted to enable us to use both la-
beled and unlabeled data for model training. The deep learning
community has explored a large variety of SSL techniques (Cheng
et al,, 2016; Hinton and Salakhutdinov, 2006; Ranzato and Szum-
mer, 2008; Springenberg, 2015; Radford et al., 2015; Makhzani
et al,, 2015; Rasmus et al., 2015; Zhang et al., 2017; Baur et al.,
2017; Haeusser et al.,, 2017). As a typical example, a deep auto-
encoder (DAE) trained with unlabeled data can be altered into a
classifier via replacing the decoder part with fully connected lay-
ers and fine-tuning with labeled data. However, DAE is a generative
model, which learns the image representation that is suitable for
reconstruction, but may not be suitable for discrimination. Shar-
ing the parameters between the encoder part of DAE and the fea-
ture extraction part of a classification network may lead to limited
discriminatory power (Rasmus et al., 2015). Therefore, we suggest
jointly using a generative model trained with both labeled and un-
labeled data and a discriminative model trained with only labeled
data for semi-supervised medical image classification.

In this paper, we propose the semi-supervised adversarial clas-
sification (SSAC) model which can be trained by jointly using un-
labeled and labeled data in a non-parameter-sharing manner. This
model is composed of an adversarial autoencoder-based unsuper-
vised reconstruction network R, a supervised classification network
C, and learnable transition layers (T layers), which enable the adap-
tion of the image representation ability learned by R to C. The SSAC
model has been further extended to the multi-view knowledge-
based collaborative (MV-KBC) learning (Xie et al., 2018a), denoted
by MK-SSAC model, for benign-malignant lung nodule classifica-
tion using chest CT. The proposed MK-SSAC model consists of 27
SSAC submodels, each characterizing a nodule’s overall appearance
(OA), heterogeneity in voxel values (HVV) and heterogeneity in
shapes (HS) from each of sagittal, coronal, axial, and six diagonal
planar views, respectively.

1.1. Related work

DCNN-based nodule classification. The success of DC-
NNs on several popular image classification benchmarks such
as the ImageNet database has prompted many investigators
to apply DCNNs to benign-malignant lung nodule Cclassifica-

tion. Hua et al. (2015) applied a DCNN and deep belief network
(DBN) to separate benign lung nodules from malignant ones and
reported that deep learning achieved better discrimination than
traditional methods. Shen et al. (2017) proposed a multi-crop CNN
to extract nodule salient information by cropping different regions
from convolutional feature maps and then applying max-pooling
multiple times. Hussein et al. (2017a) combined a 3D DCNN
with graph regularized sparse multi-task learning to stratify the
malignancy of lung nodules.

Small data problem in medical image classification. There are
many attempts to address the issue of small data in medical im-
age classification. First, although it is straightforward to design 3D
DCNN (Hussein et al., 2017a; Dou et al., 2017b; 2017c; Li et al.,
2018; Dou et al., 2017a; Yan et al., 2017), extending the use of 2D
DCNN to the analysis of volumetric medical images on a slice-by-
slice basis, together with data augmentation (Shen et al., 2017; Se-
tio et al., 2016; Hussein et al., 2017b; Vigneault et al., 2018), en-
ables us to have more training samples. Second, the prior domain
knowledge, such as there is a high correspondence between a nod-
ule’s malignancy and its heterogeneity (see Fig. 1) (Xie et al., 20173,
2018a; Metz et al,, 2015), can be used to regularize deep models.
In our previous work (Xie et al., 2018a), we proposed the MV-KBC
learning model to separate malignant nodules from benign ones
using limited chest CT data. We decomposed a 3D nodule into nine
fixed views and constructed, for each view, a knowledge-based
collaborative (KBC) submodel, which consists of three pre-trained
ResNet-50 networks. We designed three types of image patches to
fine-tune those three ResNet-50 in each KBC submodel, enabling
them to characterize the nodule’s OA, HVV, and HS, respectively.
We jointly used nine KBC submodels to classify lung nodules with
an adaptive weighting scheme learned during the error back prop-
agation, which enables us to train the MV-KBC model in an end-
to-end manner.

Semi-supervised deep learning. SSL methods, which leverage
unsupervised learning with unlabeled data to support the learning
of supervised model, enable us to train deep models using both
labeled and unlabeled data, and hence reduce the work related
to image annotation (Chapelle et al, 2009; Zhu, 2006). There
are different choices for unsupervised learning models. Ranzato
and Szummer (2008) used an unsupervised autoencoder to re-
construct the input, and shared parameters between the encoder
and a classification network. Goodfellow et al. (2014) introduced
an unsupervised generative adversarial network (GAN) which
consists of two adversarial models: a generative model G that
captures the data distribution and a discriminative model D
that estimates the probability that a sample comes from the
training data rather than G. Considering GAN as unsupervised
learning model, researchers have developed a series of SSL
methods. Makhzani et al. (2015) turned an autoencoder into
the adversarial autoencoder (AAE) and exploited the encoder to
predict the discrete class label. Springenberg (2015) modified the
objective function of the discriminator, and thus proposed the
categorical GAN (CatGAN), which takes into account the mutual
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Fig. 1. Transaxial 2D patches and the corresponding 3D visualization of benign and malignant lung nodules in chest CT scans. It shows that there is a high correspondence
between a nodules malignancy and its heterogeneity in voxel values and heterogeneity in shapes.
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Table 1

Distribution of the 2557 lung nodules over other eight attributes and annotations. “C” and “N” are the category and the number of

nodules, respectively.

Attributes Scoring
1 2 3 4 5 6
Subtlety C Extremely Subtle Moderately Subtle Fairly Subtle = Moderately Obvious  Obvious -
N 140 297 333 849 938 0
Sphericity C Linear - Ovoid - Round -
N 5 249 395 1128 780 0
Calcification C Popcorn Laminated Solid Non-central Central Absent
N 0 0 189 82 101 2185
Texture C Non-solid - Part Solid - Solid -
N 190 85 107 261 1914 0
Internal structure  C Soft Tissue Fluid Fat Air - -
N 2531 14 9 2 1 0
Margin C Poorly Defined - - - Sharp -
N 133 280 200 726 1218 0
Lobulation C Marked - - - None -
N 1792 490 119 120 36 0
Spiculation C Marked - - - None -
N 1965 345 85 113 49 0
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1.2. Contributions
Fig. 2. SSAC model. “UL": unlabeled data; “L”: labeled data; “R”: adversarial

The main contributions of this work include: (a) the proposed
SSAC model uses learnable T layers to transfer the representation
ability learned by the reconstruction network R to the classification
network C, abandoning the parameter sharing and feature adaption
strategy, (b) the adversarial training is used in R to minimize the
discrepancy between the distributions of input lung nodules and
reconstructed one, and (c) the extended MK-SSAC model has been
evaluated on the LIDC-IDRI dataset and achieved the state-of-the-
art performance in benign-malignant lung nodule classification.

2. Experimental dataset

The LIDC-IDRI dataset (Armato et al., 2011; Armato III et al.,
2015b; Clark et al, 2013) in the Cancer Imaging Archive (TCIA)
contains 1018 clinical chest CT scans with lung nodules obtained
from seven institutions. Each CT scan was evaluated for annota-
tion by up to four radiologists and has an associated XML file
that details the nodules locations and nine sematic attributes of
subtlety, sphericity, calcification, texture, internal structure, mar-
gin, lobulation, spiculation and malignancy (Qin et al,, 2019). We
sampled the nodules, whose diameters range from 3 mm to
30 mm, for this study, since nodules < 3 mm are not considered
to be clinically relevant by current screening protocols (Han et al.,
2015; Dhara et al., 2016; Xie et al., 2018b; 2017a). The malignancy
of each nodule was evaluated over five levels, from benign to
malignant, by up to four experienced thoracic radiologists.
Following the settings in Han et al. (2015); Dhara et al. (2016) and
Xie et al. (2018b, 2017a), we treated the nodules with a median
malignancy level < 3 as benign, the nodules with a median malig-
nancy level > 3 as malignant and the nodules with a median ma-
lignancy level = 3 as unlabeled data. Thus, we have 1301 benign,

autoencoder-based reconstruction network; “C”: classification network; and “G”:
generator which contains an encoder and decoder. “T": learnable T layer.

644 malignant, and 612 unlabeled lung nodules in this dataset. We
also summarized the detail distribution of nodules over other at-
tributes and annotations in Table 1.

The Tianchi Lung Nodule Detection' dataset was obtained from
16 of the leading cancer hospitals in China which supplied low-
dose lung CT scans from some 3000 patients with lung nodules,
including supporting clinical data as well. However, only 1000
patient data in the preliminary round are allowed to download.
The location centroids and diameters of nodules are marked by
three radiologists on the 512 x 512 slice. The diameters range from
5 mm to 30 mm which are the similar with those in the LIDC-IDRI
dataset. For our study, we extracted 1227 unlabeled nodules from
1000 patients.

Combining both datasets, we have 1301 benign, 644 malignant,
and 1839 unlabeled lung nodules.

3. Methodology

The proposed SSAC model consists of three major modules:
an adversarial autoencoder-based unsupervised reconstruction net-
work R, a supervised classification network C, and learnable T lay-
ers (see Fig. 2). This model has been extended to the MK-SSAC
model (see Fig. 4(b)) for benign-malignant lung nodule classifi-
cation, which contains 27 SSAC submodels, each characterizing a

1 https://tianchi.aliyun.com/competition/introduction.htm?spm=5176.100066.333.
6.RWZZWO&raceld=231601.
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nodule’s OA, HVV, and HS from each of three orthographic and six
diagonal views, respectively.

3.1. SSAC model

The SSAC model includes a reconstruction network R, a clas-
sification network C, and learnable T layers between them. The
reconstruction network R consists of a generator G, which recon-
structs each input image I, and a discriminator D, which distin-
guishes the input image I from the reconstructed image. The gen-
erator G contains an encoder and a decoder (see Fig. 3(a)). The
encoder that comprises a conv-bn-relu block, three conv blocks,
and three identity blocks is a ResNet-like network (He et al., 2016)
and takes 64 x 64 patches as input. The decoder that includes four
upsample-conv-bn-relu blocks and a conv-tanh block generates a
reconstructed patch of the same size. The discriminator D is a typ-
ical DCNN architecture (see Fig. 3(b)), containing four convolutional
layers with 3 x 3 kernels, a fully connected (FC) layer with 512
neurons, and a FC layer with two neurons followed by the softmax
activation function.

The classification network C consists of two parts, which are
separated by a global average pooling (GAP) layer (see Fig. 2). Be-
fore the GAP layer, it has the same architecture as the encoder of
R; and after the GAP layer, it has a fully connected layer with two
neurons followed by the softmax function.

Instead of sharing parameters between R and C, we designed t
(t = 7) learnable T layers to bridge R and C by transferring the fea-
ture maps obtained by the conv-bn-relu block, three conv blocks,
and three identity blocks of R to the corresponding blocks of C.
Each T layer is a 1 x 1 convolutional layer with a stride of 1 fol-
lowed by batch normalization (BN) and the rectified linear unit
(ReLU) activation.

The SSAC model can be trained in three steps. Step 1, we used
the parameters converged on the ImageNet dataset (Deng et al.,
2009) to initialize C, aiming to transfer the image representation
ability learned on large-scale image datasets to the characteriza-
tion of our nodule data. Step 2, we pre-trained R by using both
labeled and unlabeled data. Given the nth labeled or unlabeled in-
put data X;,n=1,2,...,N, we defined the loss function of R as
follow

LR(Xn) = lmse(G(Xn)v Xn) - A”bc(D(G(xn), 0) + lbc(D(Xn)s 1)]

(1)
where I, is the cross-entropy adversarial loss for D, which mea-
sures the discrepancy between the distributions of an input im-

age and the reconstructed one, and lys is the mean square recon-
struction loss for G. We adopted the Adam algorithm (Kingma and

Input 64x64
Conv 64.7.2 Conv 1, 1, 1, tanh
BN+ReLU BN+ReLU
Max Pooling, 2 Conv 64,3,2
_ Convblock#1 64.256,3,1 Upsampling, 2 ,,
St
m
S | Identityblock#1 64.256,3,1 = BNFReLU
151 S Conv 128,3,2
5 Convblock#2 128,512,322 -
Upsampling, 2
Identity block#2 128,512,3,1 BN+ReL.U
Convblock#3 256,1024,3,2 Conv 256, 3,2

Identity block#3 256,1024,3,1 Upsampling, 2

(a) Generator
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Ba, 2014) to optimize this loss function and set batch size to 32.
Since the adversarial training part may be less useful before G can
produce reasonably good image reconstruction, we set A = 0.1 ini-
tially, and set A = 1 after 200 epochs.

Step 3, we further used the labeled samples to fine-tune the
SSAC model. Given the mth labeled input data X;; and correspond-
ing label Y, m=1,2,..., M, we defined the loss function of SSAC
model as

Lssac(Xm)
= A {lnse (GXm), Xm) — [lpc(D(GCXm)), 0) + lp:(DXm), 1]}
+lpe (C(Xm). Ym) (2)

where the first term is the reconstruction loss for G, the second
term is the adversarial loss for D, the third term is the super-
vised classification loss, and the weighting parameter A; that bal-
ances the contributions of the generative model and discriminative
model was empirically set to 0.01. Similarly, we adopted the Adam
algorithm (Kingma and Ba, 2014) to optimize this loss function and
set batch size to 32.

Moreover, when pre-training R and fine-tuning the SSAC model,
we randomly chose 10% of the training patches to form a valida-
tion set and terminated the training process if the error on the
other 90% of training patches continues to decline but the error on
the validation set starts to rise, even before reaching the maximum
epoch number 500.

3.2. MK-SSAC model

The SSAC model can be extended to MV-KBC learning (Xie et al.,
2018a) for benign-malignant lung nodule classification in three
steps: (1) extracting multi-view OA, HVV and HS patches from
each lung nodule, (2) constructing nine knowledge-based collab-
orative SSAC (KBC-SSAC) models and training each of them using
the patches extracted on each of nine planar views, and (3) con-
structing and training the MK-SSAC model for nodule classification.

3.2.1. Extracting multi-view OA, HVV and HS patches

We resampled all chest CT scans to a unified voxel size of
1.0 x 1.0 x 1.0 mm3 using the spline interpolation. Let the loca-
tion of a nodule be the middle of the nodule’s centers given by
radiologists. For each lung nodule, we first cropped a 64 x 64 x 64
cube that is centered on its location such that the nodule is always
contained completely in the cube, and then extracted 2D slices on
the transverse, sagittal, coronal and six diagonal planes, respec-
tively (Setio et al., 2016). Thus, we obtained nine views of slices
for each nodule.

Conv block#N f1, £2, s1, s2 Input4x64
) — - Conv 64, 3,2
e LeakyReLU
=N~ N e 4
> 2 = %z & Conv 64,3,2
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o |
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@] []
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(b) Discriminator

Fig. 3. Detailed architecture of reconstruction network R: (a) Generator, and (b) Discriminator. Green “Conv”: convolutional layers with parameters indicated as the number
of filters, kernel size and stride; Blue: 2 x 2 maxpooling or upsampling layers; Violet “BN+ReLU": batch normalization (BN) and ReLU activation; Gray “FC1” or “FC2": fully
connected layers. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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Fig. 4. (a) KBC-SSAC model. (b) MK-SSAC model. “U” is the assemble of weights
between the output of SSAC and the output of the KBC-SSAC model. “W” is the
assemble of weights between the output of KBC-SSAC and the output of the MK-
SSAC model. “B” and “M” mean benign and malignant nodules, respectively.

On each slice, a square region of interest (ROI) that encapsulates
a nodule was identified as an OA patch to represent the nodule’s
overall appearance. To characterize the nodule’s HVV, non-nodule
voxels inside the OA patch were set to 0 and, if the OA patch is
larger than 16 x 16, a 16 x 16 patch that contains the maximum
nodule voxels was extracted as an HVV patch. To generate the nod-
ule’s HS patch, nodule voxels inside the OA patch were set to O.
We also generated four augmented data for each training patch us-
ing rotation, horizontal or vertical flip like (Xie et al., 2018a). The
translation step was in the range of [—6, 6] voxels, and the rota-
tion angle was randomly selected from {90°, 180°, 270°}. Then, all
OA, HVV and HS patches were resized to 64 x 64.

In the training stage, the region of a nodule was defined as
the intersection of the areas marked by radiologists. In the testing
stage, nodule segmentation was performed on a slice-by-slice basis
by using the U-Net (Xie et al., 2018a) trained on the training data
with the mini-batch stochastic gradient descent (mini-batch SGD)
algorithm, a batch size of 32, maximum epoch number of 100, and
learning rate of 0.001. We also used the trained U-Net to segment
the Tianchi data, which have no segmentation annotation.

3.2.2. KBC-SSAC model

The OA, HVV and HS patches extracted and augmented on
each planar view were used to train a KBC-SSAC model, which
contains three SSAC submodels that characterize the nodule’s OA,
HVV, and HS, respectively (see Fig. 4(a)). Each SSAC submodel has
been pre-trained following the steps described in Section 3.1. For
the kth KBC-SSAC model, given the mth labeled input patch triplet
(x(OM xfﬂ{"‘”,xgﬁf)} and label Yr, we denoted the output of C

mk
in each SSAC as Of:;) €R%2, #c{0A,HVV,HS},m=1,2,.... M k=
1,2,...,9. Hence, the output of the kth KBC-SSAC model can be
calculated as

2
My = f(Z > Ulf;)oi(qm') (3)

# i=1

where {U,if;) eR% k=1,2,...,9,ie{1,2},je{1,2}} is the assem-

ble of weights between the output of each SSAC O)Sf,?i and the out-
put of the kth KBC-SSAC M, the subscript i€ {1, 2} indicates the
ith neuron in the output layer of each SSAC, the subscript je{1, 2}
indicates the jth neuron in the output layer of each KBC-SSAC, and
f(+) is a softmax activation.

3.2.3. MK-SSAC model

The MK-SSAC model includes nine KBC-SSAC submodels, whose
predictions are combined by two output neurons. The two-neuron
output layer of each KBC-SSAC model is connected to the same
two-neuron classification layer followed by the softmax function
(see Fig. 4(b)). The output of this classification layer Py, e R? is the

prediction made by the MK-SSAC model, which can be formulated
as

9 2
m = f(z ZM/Iqukj) 4)

k=1 j=1

where {ij €eR?k=1,2,...,9,je{1, 2}} are the assemble of
weights between the output of the kth KBC-SSAC Mp; and the
output of MK-SSAC Py, the subscript j < {1, 2} represents for the jth
neuron in the output layer of each KBC-SSAC, and f{-) is the soft-
max function. In summary, the total loss of our MK-SSAC model
is

M 9
Luk-ssacX3) = D 33" A {lmse (GXIH). X))
#

m=1 k=1

M
~[loe(DGXIE)). 0) + Ibe DXED. DI} + Y b (P, Ym)  (5)
m=1
The setting of A; and training strategies are the same to those for
Eq. (2).

4. Experiments and evaluation
4.1. Experimental design

We applied the proposed MK-SSAC model to the LIDC-IDRI
dataset five times independently, with the 10-fold cross validation.
The Tianchi dataset that includes 1839 unlabeled nodules was used
to train each MK-SSAC model. It took about 24 h to train the MK-
SSAC model and less than 0.5 s to use it to classify each nodule
(Intel Xeon E5- 2640 V4 CPU, 4 NVIDIA Titan X GPU, 512GB RAM,
Keras and Tensorflow). The training process is time consuming, but
can be performed offline. The very fast testing suggests that our
model could be used in a routine clinical workflow.

Comparison to other SSL methods. Our MK-SSAC model has
been compared to three SSL models - AAE (Makhzani et al,
2015), CatGAN (Springenberg, 2015), and the ladder net-
work (Rasmus et al., 2015), in which parameters are shared
between the unsupervised and supervised components. Specif-
ically, both AAE and ladder network share parameters between
their encoder and classification network, and CatGAN shares pa-
rameters between the discriminator and classification network. For
a fair comparison, we used the same MV-KBC model but replaced
our SSAC with AAE, CatGAN, and ladder network, respectively, in
this experiment. Besides, we used the same encoder, decoder and
inputs, the same discriminator in AAE and CatGAN, and the same
training settings, including the optimizer, learning rate, weighting
coefficient, and batch size.

Comparison to hand-crafted feature-based methods. Our MK-
SSAC model has been compared to two state-of-the-art hand-
crafted feature-based methods, which were abbreviated as Method
I and II. Method I uses 3D gray-level co-occurrence matrix (GLCM)-
based texture features to describe nodule appearance (Han et al.,
2015), and Method II performs massive mining of multiply vi-
sual features (MVF), including the shape, margin sharpness, and
GLCM-based texture features, for better representation of nod-
ules (Dhara et al., 2016). Both methods were tested on our dataset
five times independently using the 10-fold cross validation.

Comparison to DCNN-based methods. Our MK-SSAC model
was also compared to two state-of-the-art deep learning meth-
ods, which were abbreviated as Method A (Xie et al., 2018b) and
B (Xie et al,, 2018a). Method A fuses the texture, shape and deep
model-learned information (Fuse-TSD) at the decision level, and
Method B provides an ensemble of 27 pre-trained and fine-tuned
ResNet-50 models, each of which characterizes the OA, HVV and
HS of nodules from one of nine planar views, respectively. It should
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Table 2

Performance of our MK-SSAC model and three SSL models on the LIDC-IDRI dataset. “L” and “UL” are the

number of labeled and unlabeled nodules.

Methods Nodules Results (%) (mean-+standard deviation)

L/UL Accuracy Sensitivity Specificity AUC
MK-CatGAN 1945/1839  90.89+0.15 81.61+£0.12 9548+0.10 93.76+0.25
MK-AAE 1945/1839  91.13+0.15 82924020 95.194+0.12 94.004+0.21
MK-Ladder Network  1945/1839  92.11+0.27 83.07+0.19 96.59+0.10 95.36+0.20
MK-SSAC 1945/1839  92.53 + 0.05 84.94+0.17 96.28+0.08 95.81+0.19

Table 3

Performance of our MK-SSAC model and two state-of-the-art hand-crafted feature-based methods on the same number of

labeled lung nodules.

Methods Nodules Results (%) (mean standard deviation)
L/UL Accuracy Sensitivity Specificity AUC
1 3D GLCM+SVM (Han et al., 2015) 1945/0 85.38+0.10 70.20+0.15 92.80+0.20 88.19+0.16
Il MVF+SVM (Dhara et al., 2016) 1945/0 87.90+0.17 84.50+0.19 89.09+0.25 93.77+0.15
MK-SSAC 1945/1839 92.53 +£0.05 84.94+0.17 96.28 +£0.08 95.81+0.19
be noted that the performance reported in Method A was obtained 5. Results

on the same LIDC-IDRI dataset, but the model was trained with
a different group of nodules. For a fair comparison, we ran the
source code of Method A on our dataset five times independently
using the 10-fold cross validation. As for Method B, since it was
evaluated on the same LIDC-IDRI dataset with the same data se-
lection scheme, we adopted its performance reported in (Xie et al.,
2018a).

4.2. Evaluation criteria

The performance of benign-malignant lung nodule classifica-
tion was assessed by the mean and standard deviation of obtained
accuracy, sensitivity, specificity, and area under the receiver opera-
tor curve (AUC). Accuracy and AUC measure the overall classifica-
tion performance, sensitivity and specificity give the proportion of
malignant and benign nodules that are correctly identified, respec-
tively, and AUC is sensitive to the imbalance between two classes.
These metrics can be calculated as follows

Accuracy = TP+ TN (6)
Y= TP{TN+FN  FP

e TP

Sensitivity = TP+ EN (7)
e TN

Specificity = TN+ FP (8)

1
AUC = /0 tpr (For)dfor = P(Xp > Xa) (9)

where TP, TN, FN and FP represent the number of true positive, true
negative, false negative and false positive, respectively. The true
positive rate tp; is a function of the false positive rate f,r along the
receiver operator curve, and X, and X, are the confidence scores
for a positive and negative instance, respectively.

5.1. Comparison to other SSL methods

The performance of the proposed MK-SSAC model and three SSL
models was compared in Table 2, which shows that the MK-SSAC
model achieved the highest accuracy, sensitivity, and AUC and the
second highest specificity. Especially, the significant improvement
in sensitivity (minimum 1.87%) is substantial. Since a higher sensi-
tivity indicates a lower false negative rate, our model is more suit-
able for lung nodule screening and potentially more useful in clini-
cal practice than other three SSL models. The results of this exper-
iment suggest that using learnable T layers to transfer the image
representation ability learned by the reconstruction network to the
classification network outperforms the parameter sharing strategy,
in which the image representation ability learned by a generative
model is directly used in a discriminative model.

5.2. Comparison to hand-crafted feature-based methods

Table 3 presents the performance of our MK-SSAC model and
two hand-crafted feature-based methods. Method I only uses a
single feature, and hence achieved the lowest accuracy of 85.38%.
Method II fuses three types of features and achieved a higher accu-
racy of 87.90%. Our model obtained the highest accuracy of 92.53%
and substantially improved sensitivity, specificity, and AUC over
other two methods. The results of this experiment show that the
proposed deep learning method has distinct advantages over single
and combined hand-crafted feature-based methods in lung nodule
classification.

5.3. Comparison to DCNN-based methods

The performance of the proposed MK-SSAC model and two
DCNN-based methods was compared in Table 4, which shows that

Table 4
Performance of our MK-SSAC model and two state-of-the-art DCNN-based methods on the same number of labeled
lung nodules.
Methods Nodules Results (%) (mean standard deviation)
L/UL Accuracy Sensitivity Specificity AUC
A Fuse-TSD (Xie et al., 2018b)  1945/0 88.73+0.15 84.40+020 90.88+0.13  94.02+0.20
B MV-KBC (Xie et al., 2018a)  1945/0 91.60+£0.15 86.52+0.25 94.00+£0.30 9570+0.24
MK-SSAC 1945/1839  92.53+0.05 84.94+0.17 96.28+0.08 95.81+0.19
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Table 5
Results of paired t-test of seven different methods’ accuracy and AUC. “R/A” represents rejecting or accepting the hypothesis Hy.
Methods AAccumcy AAUC
Ha oa t RIA pa oa t R/
1 MK-SSAC vs 3D GLCM+SVM (Han et al., 2015) 715 010 15988 R 763 030 5687 R
2 MK-SSAC vs MVF+SVM (Dhara et al., 2016) 464 020 51.88 R 205 024 191 R
3 MK-SSAC vs Fuse-TSD (Xie et al., 2018b) 3.81 0.18 47.33 R 1.79 0.28 14.29 R
4 MK-SSAC vs MV-KBC (Xie et al., 2018a) 093 019 10.94 R 0.12 0.06 447 R
5  MK-SSAC vs MK-CatGAN (Springenberg, 2015) 164 017 2157 R 206 031 1486 R
6  MK-SSAC vs MK-AAE (Makhzani et al., 2015) 141 017 1855 R 181 038 1065 R
7  MK-SSAC vs MK-ladder network (Rasmus et al, 2015) 042  0.23  4.08 R 046 025 4.11 R
Table 6

our model achieved the highest accuracy, specificity and AUC and
second highest sensitivity. It reveals that our previously proposed
MV-KBC model achieved a relatively good performance, and replac-
ing the ResNet-50 used in MV-KBC with the proposed SSAC model,
which can be trained by using both labeled and unlabeled data in
a semi-supervised way, yields further improved classification ac-
curacy, specificity and AUC. Furthermore, it suggests that the end-
to-end deep models (i.e., Method B and MK-SSAC) outperform the
two-stage methods (i.e., Method A).

5.4. Statistical analysis

In this part, the paired t-test with a significant level « of 0.01
was adopted to determine whether the accuracy /| AUC gain by the
proposed MK-SSAC model over any one of the seven compared
methods is statistically significant. We assumed that the image
classification accuracies /| AUC values of our MK-SSAC model and
each compared method are random variables X; and X, respec-
tively, each following a Gaussian distribution, i.e. X; ~ N(u1, 012),
Xy ~N(u2,022). The difference between X; and X, is defined as
A = X1 — X5. Thus, the hypotheses to be tested are Hy: ua <0 ver-
sus Hy: ua>0. Given a = 0.01, t,(n—1) =ty (5—-1) =3.747 and

the rejection domain is W =t > 3.747, where t = % and n is

the number of independent trials.

Table 5 gives the results of paired t-test. It shows that all t val-
ues belong to the rejection domain W. Thus we rejected the hy-
pothesis Hy and accepted H; when compared with each method. It
suggests that our MK-SSAC model achieved more accurate classifi-
cation than each of seven compared methods, and the performance
improvement is statistically significant. The results also prove that
our MK-SSAC model outperforms significantly the fully supervised
model (i.e. MV-KBC) and three SSL models (i.e. Method 5-7).

6. Discussion
6.1. Ablation studies

The contribution of the T layers that bridge the reconstruction
network and classification network has been illustrated in the first
experiment. Besides T layers, the reconstruction network itself and
the adversarial learning used in it play a pivotal role in the pro-
posed MK-SSAC model. To demonstrate the contributions of these
two modules, we conducted ablation studies via constructing the
MK-C model and MK-SSGC model. In MK-C, each of 27 submod-
els contains only the classification network (i.e. the reconstruction
network was removed). In MK-SSGC model, the reconstruction net-
work in each of 27 submodels is merely an autoencoder (i.e. the
discriminator was removed).

The performance of our MK-SSAC model and these two variants
was compared in Table 6. It shows that our model achieved higher
accuracy, sensitivity, specificity, and AUC than MK-C and MK-SSGC.
This result indicates that both the reconstruction network itself
and the adversarial learning used in it contribute to the improve-
ment of performance. Specifically, the performance gain obtain

Performance of the MK-SSAC model with different configurations.

Methods Nodules Results (%)

L/UL Accuracy  Sensitivity ~ Specificity =~ AUC
MK-C 1945/0 91.62 83.29 95.76 95.28
MK-SSGC 1945/1839  92.22 84.64 95.97 95.55
Our MK-SSAC ~ 1945/1839  92.53 84.94 96.28 95.81

from the semi-supervised generator (MK-C vs MK-SSGC), adversar-
ial training (MK-SSGC vs MK-SSAC) are 0.60% and 0.31% in accu-
racy, 1.35% and 0.30% in sensitivity, 0.31% and 0.21% in specificity,
and 0.27% and 0.26% in AUC, respectively. Particularly, the semi-
supervised generator can achieve a 1.35% improvement in sensitiv-
ity, which suggests that using unlabeled data to facilitate the train-
ing of deep models is not only effective, but also critical to make
our model more suitable for lung nodule screening.

We also qualitatively compared our MK-SSAC model to the
MK-C and MK-SSGC models via visualizing the 54-dimensional
features produced by the penultimate FC layer of each model.
Fig. 5 shows the proximity and between boundary points com-
puted using the t-distributed stochastic neighborhood embedding
(t-SNE) (van der Maaten and Hinton, 2008). It reveals that jointly
using the semi-supervised generator and adversarial training dis-
tinctively improves the separability between benign and malignant
lung nodules.

6.2. Deep analysis for adversarial training

In this section, we further analyzed the reason why adversar-
ial training can improve the classification performance. The adver-
sarial training was used in the reconstruction network to jointly
evaluate the discrepancy between the distributions of input images
and reconstructed ones, aiming to avoid focusing only on minimiz-
ing the mean squared error (MSE), which is a pixel-wise measure-
ment and sensitive to geometrical distortions. The reconstruction
performance was assessed by measuring the MSE and peak-signal-
to-noise-ratio (PSNR) of the images generated by 27 reconstruc-
tion networks. The results show that incorporating the adversar-
ial training into the reconstruction process reduced the MSE from
0.09 to 0.08 and increased the PSNR from 15.06 to 17.61.

Meanwhile, we also randomly selected 10 patches from single
view ROIs of lung nodules and visualized the corresponding re-
constructed patches, which were generated by the MK-SSAC model
with/without adversarial training. The comparison given in Fig. 6
shows that using adversarial training can generally improve the
quality of reconstructed ROIs, and hence makes the reconstruction
network have a stronger ability to characterize lung nodules. In
this case, transferring the learned image representation ability of
the reconstruction network to the classification network leads to
a better classification performance than the model without using
adversarial training.
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Fig. 5. T-SNE visualization of the 54-dimensional features obtained by the penultimate FC layer of (a) MK-C model, (b) MK-SSGC model, and (c) Our MK-SSAC model.
Improved separability between the features from benign (red) and malignant (blue) nodules can be observed in (c). (For interpretation of the references to color in this
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Fig. 6. 10 patches from single view ROIs of lung nodules (1st and 4th column) and the corresponding reconstructed patches generated by the MK-SSAC model without

adversarial training (WOA) or with adversarial training (WA).

6.3. Trade-off between labeled and unlabeled data

We suggested that jointly using labeled and unlabeled data in a
semi-supervised way can alleviate the over-fitting of deep models
trained with only the small labeled dataset, and thus improves the
classification performance. To evaluate if this strategy still works

on classification problems with an even smaller labeled dataset,
we kept the testing dataset unchanged and randomly selected 80%,
60%, 40%, and 20% training nodules, respectively, from each fold
of the labeled training data to train the proposed MK-SSAC model
and the supervised MK-C model. The results in Fig. 7 show that
the classification accuracy and AUC of both models improve with
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Fig. 7. Classification accuracy and AUC of the MK-C model and our MK-SSAC model when using different percentages of labeled training data.

the increasing percentage of labeled training data. Furthermore,
with the unlabeled data, our semi-supervised model outperforms
the fully-supervised one steadily no matter how many percentages
of labeled training images are used. We also find that reducing
the number of labeled training data to 20% leads the supervised
MK-C model to more severe over-fitting, which results in the sub-
stantial drop of classification accuracy (from 91.62% to 84.12%) and
AUC (from 95.28% to 90.05%). However, with the help of unlabeled
data, our MK-SSAC model is relatively robust to the variation of the
number of labeled training data, as its accuracy only drops mod-
erately from 92.53% to 90.58% and its AUC drops from 95.81% to
92.82%. Meanwhile, it is interesting that the accuracy and AUC gain
achieved by our MK-SSAC model increases from 0.91% to 6.46%
and from 0.53% to 2.77%, respectively, when the number of labeled
training data decreases from 100% to 20%. It suggests that the less
labeled training data we have, the greater role the unlabeled data
plays, and the more significant the improvement of our method
is. These results demonstrate that using unlabeled data can largely
compensate the loss of image representation power caused by the
small-data issue.

6.4. Analysis of the MV-KBC architecture

In our MK-SSAC model, we decomposed each 3D lung nod-
ule into nine fixed planar views to learn the 3D characteris-
tics of nodules, following the decomposition scheme proposed
in Xie et al. (2018a) and Setio et al. (2016). We also employed three
SSAC models to characterize each nodule’s OA, HVV and HS (Xie
et al,, 2018a, 2017a) on each planar view, respectively, based on
the prior knowledge that there is a high correspondence between a
nodule’s malignancy and its heterogeneity in shape and voxel val-
ues.

To demonstrate that extending the SSAC model to the MV-SSAC
model is effective, three baseline models were implemented for
comparison. The first baseline is the single-view SSAC without us-
ing the prior knowledge (SWO-SSAC) model, which characterizes
only a nodule’s OA in the transaxial plane. The second baseline
is the single-view knowledge-based collaborative SSAC (SK-SSAC)
model, which characterizes a nodule’s OA, HVV and HS in the
transaxial plane. The third baseline is the multi-view SSAC with-
out knowledge (MWO-SSAC) model, which characterizes a nodule’s
OA from nine planar views. Table 7 gives the performance of three
baseline models and the proposed MK-SSAC model. It shows that
embedding SSAC model into the MV-KBC architecture can exploit
more information of the nodule and achieve the best classification
performance when compared to the single-view or without-prior-
knowledge architecture.

Table 7
Performance of the MK-SSAC model and three baselines.

Methods Nodules Results (%)

L/UL Accuracy  Sensitivity  Specificity =~ AUC
SWO-SSAC 1945/1839  90.42 81.98 94.60 94.49
SK-SSAC 1945/1839  91.33 84.55 94.69 95.15
MWO-SSAC  1945/1839  91.45 84.04 95.12 95.36
MK-SSAC 1945/1839  92.53 84.94 96.28 95.81

6.5. Robustness to LUNGx challenge dataset

The LUNGx challenge dataset (Armato III et al, 2015a) in the
Cancer Imaging Archive (TCIA) contains 83 lung nodules, includ-
ing 10 nodules (5 benign and 5 malignant nodules) for training
and 73 nodules (37 benign and 36 malignant nodules) for test-
ing. We performed two experiments on this dataset: (1) directly
testing the trained MK-SSAC model on the 73 test nodules with-
out fine-tuning, and (2) fine-tuning the trained MK-SSAC model
using the 10 training nodules and then testing it on 73 nodules.
Both experiments were performed 5 times independently. The ob-
tained mean and standard deviation of the accuracy, sensitivity,
specificity and AUC were given in Table 8. It shows that, compar-
ing to the MV-KBC method, the trained MK-SSAC model improves
the average accuracy by 0.54% (from 75.62% to 76.16%) and aver-
age AUC by 0.74% (from 76.85% to 77.59%). It not only suggests
that our model trained by both labeled and unlabeled data is su-
perior over the fully supervised method, but also proves that our
model has a strong generalization ability. By further fine-tuning
the trained model with the LUNGx training dataset, our method
achieves the highest average accuracy of 77.26% and average AUC
of 78.83%, substantially higher than the average AUC of 12 best-
performed methods.

6.6. Robustness to ISIC-2017 challenge dataset

The dataset of 2017 International Skin Imaging Collaboration
(ISIC) skin lesion classification challenge (Codella et al., 2018) con-
sists of 2000 training, 150 validation, and 600 test dermoscopy im-
ages. Each image is paired with the gold standard (definitive) le-
sion diagnosis, including the melanoma, nevus, and seborrheic ker-
atosis. We also collected 1320 additional dermoscopy images from
the ISIC Archive? as our unlabeled dataset.

To adapt our SSAC model to the skin lesion classification
task, we redesigned the classification network C and the recon-
struction network R. Following the advanced skin lesion classi-

2 https://isic-archive.com/.
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Performance of our MK-SSAC model and 12 best-performed methods on the LUNGX challenge testing dataset. The results of Methods 1 to

11 were adopted from Armato III et al. (2015a).

No. Nodule segmentation Classifier AUC (%)

1 Voxel-intensity-based segmentation SVM 50+6.8

2 Region growing WEKA 50+5.6

3 None required Rules based on histogram-equalized pixel frequencies = 54 +6.7

4 Bidirectional region growing Uses tumor perfusion surrogate 54 +6.6

5 Region growing WEKA 55+6.7

6 Graph-cut-based surface detection Random forest 56+5.4

7 Gray-level thresholding + morphological operations SVM 59+6.6

8 None required Convolutional neural network 59+53

9 GrowCut region growing SVM 61+5.4

10 Radiologist-provided Discriminant function 66+6.3

11 Semi-automated thresholding Support vector regressor 68 +£6.2

12 MV-KBC (Xie et al., 2018a)  Accuracy (%) Sensitivity (%)  Specificity (%) AUC (%)
75.62+1.15 87.22+7.24 64.32+7.00 76.85+0.17

- MK-SSAC 76.16 +£0.75 86.11+7.61 66.49 + 8.46 77.59+0.39

- Fine-tuned MK-SSAC 77.26 £0.75 87.22+7.25 67.57 £6.34 78.83+£0.75

Table 9

Performance of our SSAC model and other methods on the ISIC-2017 testing dataset. “M” and “SK” represent melanoma and

seborrheic keratosis, respectively.

Methods Nodules M Classification SK Classification Average
L/UL Acc Sen Spe AUC  Acc Sen Spe AUC  AUC (%)
Ours 2000/1320 835 556 903 873 912 889 916 959 916
Baseline (He et al., 2016) 2000/0 830 538 90.1 827 888 822 900 943 885
ARL-CNN (Zhang et al,, 2019)  2000/0 837 590 896 8.9 908 778 931 951 905
#5 (Yang et al., 2017) 2000/0 830 436 925 830 917 700 995 942 886
ARL-CNN (Zhang et al,, 2019)  3320/0 850 658 896 875 868 878 867 958 917
#1 (Matsunaga et al., 2017) 3444/0 82.8 73.5 85.1 86.8 80.3 97.8 77.3 95.3 91.1
#2 (Diaz, 2017) 2900/0 823 103 998 856 875 178 998 965 91.0
#3 (Menegola et al., 2017) 9544/0 872 547 950 874 895 356 99.0 943 90.8
#4 (Bi et al., 2017) 3600/0 858 427 963 870 918 589 976 921 89.6

fication method (Zhang et al., 2019), we employed the ResNet-
50 network (He et al, 2016) pre-trained on the ImageNet
dataset (Deng et al., 2009) as the backbone of C for a better ini-
tialization. To adapt ResNet-50 to our classification task, we kept
only three output neurons in the last FC layer, and the weights of
the modified FC layer were randomly initialized. The reconstruc-
tion network R consists of a generator G (i.e. an encoder + a de-
coder) and a discriminator D. The encoder has the same architec-
ture as the feature learning part (i.e. before the GAP layer) of C.
The decoder (see Fig. 8) consists of four upsampling layers, eight
conv-bn-relu blocks and a conv-sigmoid block. The backbone of
discriminator D is the pre-trained ResNet-50, but has only two out-
put neurons in the last FC layer. We designed 17 learnable T layers
to bridge R and C by transferring the feature maps obtained by the
conv-bn-relu block, four conv blocks, and 12 identity blocks of R to
the corresponding blocks of C.

We used the same settings, including the optimizer, learn-
ing rate, weighting coefficient, and batch size as described in
Section 3.1 to train the SSAC model. To alleviate the overfitting of
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Fig. 8. Detailed architecture of the decoder.

deep models, we employed the same data argumentation method
as Zhang et al. (2019) to enlarge the training dataset. We utilized
the ISIC-2017 validation set to monitor the performance of SSAC
model and terminated the training process when the network falls
into overfitting. Four performance metrics (i.e. accuracy, sensitivity,
specificity, and AUC) were used to assess the results separately for
melanoma classification task (i.e. melanoma vs. others) and sebor-
rheic keratosis classification task (i.e. seborrheic keratosis vs. oth-
ers). Note that the ISIC-2017 challenge ranks the performance of
each method on the testing dataset according to the average AUC
across both categories.

We compared our SSAC model to the baseline ResNet50
model (He et al., 2016), the advanced ARL-CNN model (Zhang et al.,
2019) and five top-ranking methods in the ISIC-2017 skin lesion
classification challenge leader board (Matsunaga et al., 2017; Diaz,
2017; Menegola et al., 2017; Bi et al., 2017; Yang et al., 2017). The
obtained performance metrics were compared in Table 9. It shows
that our SSAC model that jointly uses 2000 labeled and 1320 un-
labeled data attained an average AUC of 91.6%, noticeably higher
than the AUC of the baseline, ARL-CNN and #5 method, which
were trained with the same labeled dataset. Meanwhile, compared
to the methods using external labeled data, our model achieved
the second highest average AUC, only 0.1% less than average AUC
obtained by the ARL-CNN model, which was trained with 3320 la-
beled data.

7. Conclusion

We presented the MK-SSAC model to differentiate malignant
lung nodules from benign ones on chest CT by proposing a novel
semi-supervised strategy to effectively use the unlabeled nodules
and taking into account the nodule’s heterogeneity in shape and
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voxel values on nine planar views. Experimental results on the
LIDC-IDRI dataset demonstrate the effectiveness of our MK-SSAC
model for improving the state-of-the-art nodule classification sys-
tems. Although our model is built upon the specific application
of lung nodule classification, our semi-supervised strategy itself is
generic and can be applied to other deep learning-based medi-
cal image classification tasks to reduce the requirement of a large
number of annotated medical images or to further improve the
classification performance. In our future work, we will focus on
applying the reinforcement learning to optimize automatically the
architecture of the reconstruction network and classification net-
work and the settings of hyper-parameters, such as the weighting
factor A, batch size, and learning rate, aiming to make the pro-
posed MK-SSAC model more accurate and more efficient. Moreover,
it would be necessary to study the incorporation of other informa-
tion about the subjects (e.g. pathological data, biomarker, and di-
agnostic reports) into the deep learning model for more accurate
benign-malignant lung nodule classification.
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